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Abstract: On 6 February 2023, two major earthquakes struck Tiirkiye, with their epicenters in the
Pazarcik (M7.7; focal depth: 8.6 km) and Elbistan (M7.6; focal depth: 7 km) districts of Kahraman-
maras city. Most of the dams in the earthquake region remained structurally safe and stable. However,
17 dams in Tiirkiye and 1 dam in Syria were damaged during the 2023 Kahramanmaras earthquakes.
The main objective of this study was to better understand the real seismic behaviors of the dams
during the two mainshocks and significant aftershocks. An earthfill dam, a concrete-faced rockfill
dam (CFRD), and a roller-compacted concrete (RCC) dam constructed in the disaster area were
selected to identify the real seismic behaviors of different types of dams during strong earthquakes.
Acceleration records measured at the crest, right and left abutments, and foundations of the selected
dams during the 2023 Kahramanmarag earthquakes were taken into account to determine the real
seismic behavior of the dams before, during, and after the earthquakes. The results of this investiga-
tion provide valuable insights into the real seismic behaviors of different types of dams in the vicinity
of fault lines during strong earthquakes.

Keywords: earthfill dam; concrete-faced rockfill dam; roller-compacted concrete dam; monitored
seismic behavior; seismic monitoring; 2023 Kahramanmaras earthquakes

1. Introduction

Dams are typically designed, constructed, operated, maintained, and monitored
by skilled engineers, making them generally resistant to earthquake effects. However,
strong earthquakes can still cause damage to dams [1-16]. The extent of damage to dams
during earthquakes is influenced by several factors, including their typology, geometry,
construction materials, foundation stratigraphy, and unique design features, as well as
the presence of a reservoir and the dam’s past loading history. Additionally, earthquake
characteristics—such as magnitude, epicentral distance, depth, and proximity to fault
lines—can significantly affect the level of damage [12-14,17,18].

Despite advancements in seismic analysis of dams, accurately predicting their behavior
during strong ground shaking remains challenging. This is primarily due to the difficulties
in modeling the inelastic response of dams, limited information on the spatial variability
of ground motion, and other contributing factors. However, seismic instrumentation
and monitoring systems allow for real-time observation of dam behavior and structural
safety before, during, and after earthquakes. These systems help identify critical dynamic
properties of dams, such as internal damping, amplification of ground motion from the
foundation or abutments to the crest, wave propagation within the structure, differential
movement between abutments, and natural frequencies along with mode shapes.

Several studies have been conducted on the behavior of dams during earthquakes. Seed
et al. [10], Tani [11-13], and Tani and Nakashima [14] investigated the behavior of large fill
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dams during seismic events. Pells and Fell [19] reported on the damages and cracking ob-
served in embankment dams due to earthquakes. Matsumoto [20] and Matsumoto et al. [21]
assessed the impact of seismic activity on dam safety in Japan. Zhang [22] evaluated the behav-
ior of dams and hydropower structures during the Wenchuan earthquake, which occurred on
12 May 2008, with a magnitude of 8.0 and a focal depth of 15 km in the Wenchuan-Beichuan
Longmenshan Fault belt in Sichuan Province. Researchers also analyzed the seismic dam-
age and behavior of earth and concrete-faced rockfill dams during this earthquake [3,23].
Additionally, USCOLD [15] prepared a report on the observed behavior of dams during
earthquakes, and Gordan et al. [6] reviewed the dynamic behavior of earth dams and
embankments during seismic events.

On 6 February 2023, two powerful earthquakes struck Tiirkiye, with epicenters in
the Pazarcik (M7.7, focal depth: 8.6 km) and Elbistan (M7.6, focal depth: 7 km) districts
of Kahramanmaras, occurring at 04:17 and 13:24 local time, respectively [24]. Later, on
20 February 2023, another earthquake with a magnitude of M6.4 hit Yayladag, Hatay,
at 20:04 local time. These seismic events caused extensive damage to buildings across
11 provinces and severely impacted engineering structures, including dams, bridges, tun-
nels, and more [2,24-31].

This paper aims to assess the actual seismic behavior of dams located in the earthquake-
affected region during the two main shocks and significant aftershocks of the 6 February
2023 Kahramanmaras earthquakes in Tiirkiye. The study begins with an overview of the
region’s major active faults, seismic activity in Tiirkiye, and the specific characteristics of
the 6 February 2023 earthquakes. It also provides details on the damaged dams, which
include zoned earthfill dams, earth core rockfill dams, earth core sand gravel dams, earthfill
dams, and concrete-faced rockfill dams. Subsequently, the seismic behavior of an earthfill
dam, a concrete-faced rockfill dam (CFRD), and a roller-compacted concrete (RCC) dam
in the earthquake region is evaluated separately, examining their behavior before, during,
and after the 2023 Kahramanmaras earthquakes.

2. 6 February 2023 Kahramanmaras, Tiirkiye, Earthquakes

Ttirkiye is located in one of the most seismically active regions in the world. The
major active faults and the earthquake hazard map of Tiirkiye published in 2018 are shown
in Figure 1. It can be seen from Figure 1 that Tiirkiye lies on the Anatolian plate and is
surrounded by the Arabian, the African, and the Eurasian plates. The tectonic deformation
of Tiirkiye is largely accommodated by two major active faults, including the East Anatolian
Fault (EAF) and the North Anatolian Fault (NAF). The fault mechanism of the EAF zone,
which is about 450 km long, is the NE-trending left-lateral strike-slip fault system that lies
between Karliova and Hatay [32,33]. The EAF zone extends to the left-lateral strike-slip
Dead Sea Fault Zone in the south [34].

On 6 February 2023, at 04:17 a.m. local time (01:17 GMT), with a moment magnitude
of M7.7 (Mercalli intensity scale: XI), the Pazarcik (Kahramanmaras) earthquake occurred
on the EAF zone. The epicenter of the Pazarcik (Kahramanmaras) earthquake was located
at 37.288° N, 37.043° E and approximately 40 km north-west of Gaziantep, and 33 km south-
east of Kahramanmaras, with a focal depth of 8.6 km [24]. Approximately 10 min after
the mainshock on 6 February 2023, at 04:28 a.m. local time (01:28 GMT), with a moment
magnitude of M6.6, a strong aftershock at Nurdagi (Gaziantep) occurred on the EAF zone.
The epicenter of the aftershock was located at 37.304° N, 36.92° E and approximately 82 km
south-west of Gaziantep city, and 51 km south-west of Kahramanmaras city, with a focal
depth of 6.2 km. Following the first two events, approximately 9 h later, at 13:24 p.m. local
time (10:24 GMT), an M7.6 earthquake at Elbistan (Kahramanmaras) shook the region again.
The epicenter of the second mainshock was located at 38.089°N, 37.239° E, approximately
98 km north-west of Adiyaman city, and 62 km north-east of Kahramanmaras city, with a
focal depth of 7.0 km. The Elbistan (Kahramanmaras) earthquake (M7.6; Mercalli intensity
scale: X) occurred along the Cardak-Siirgiti fault segment, which is a part of the EAF
zone [24]. In addition, on 20 February 2023 at 20:04 local time (17:04 GMT), a large M6.4
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earthquake struck Yayladag, Hatay, within the East Anatolian Fault (EAF) zone, with
coordinates N36.037°, E36.021° and a focal depth of 21.73 km [24].
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Figure 1. The earthquake hazard map (a), and main active faults of Tiirkiye and the East Anatolian
Fault (EAF) system (b) [31,35,36].

Figure 2 displays the locations of the epicenters of the mainshocks and aftershocks,
and the fault lines and the affected area. A total number of 38,000 aftershocks were recorded
in the region between February 6 and 6 May 2023 within a 200 km epicenter distance. In
total, 579 of these aftershocks had magnitudes exceeding M4.0 [1]. These earthquakes, all
of which are unprecedented in recent history in terms of magnitude and coverage, caused
major devastation in a total of 11 provinces. The total population of the 11 provinces
affected by the earthquake was registered as 14,013,196 persons in 2022 and the total
number of buildings in the region was close to 2.6 million [30].
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Figure 2. The epicenters of the mainshocks and aftershocks of the February 2023 Kahramanmaras
and Hatay earthquakes (a), and the affected region (b) [24].

The strong ground motion data of the 6 February 2023 Kahramanmaras earthquakes
were recorded by the Turkish Accelerometric Database and Analysis System (TADAS)
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(https:/ /tadas.afad.gov.tr, accessed on 1 August 2024), which is operated by AFAD (Disas-
ter and Emergency Management Presidency) by using more than 800 strong motion stations
in Tiirkiye and Cyprus [35]. The peak ground acceleration (PGA) distributions, indicated
by the triangles, recorded at the stations for M7.7 and M7.6 are shown in Figure 3. The
peak ground acceleration (PGA), peak ground velocity (PGV) and peak ground displace-
ment (PGD) of the first mainshock (M7.7) were reported as 1372.07 cm/s? (E-W) (TK3135,
Repi = 142.15 km), 186.78 cm/s (N-S) (TK3123, Repi = 143.00 km) and 661.90 cm (U-D)
(TKO0720, Repi = 428.19 km). The PGA, PGV and PGD of the second mainshock (M7.6)
were reported as 635.45 cm/s? (N-S) (TK4612, Repi= 66.68 km), 170.79 cm/s (N-S) (TK4612
Repi = 66.68 km) and 614.52 cm (U-D) (TK0720, Repi = 472.58 km) [35].
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Figure 3. The peak ground accelerations (units in cm/ s2) of 6 February 2023 Kahramanmaras,
Tiirkiye, earthquakes: M7.7 (a) and M7.6 (b) [35].

3. Seismic Behaviors of Dams During the 2023 Kahramanmaras Earthquakes

Ttirkiye presents a challenging tectonic and geological environment for the construc-
tion of safe dams. Many dams in Tiirkiye are located in close proximity to active faults, and
some have been built directly across them. There are 140 dams used for irrigation, drinking
water, flood control, and electricity generation in the region near the epicenter and fault
ruptures of the 2023 Kahramanmarag earthquakes. This region contains 19% of the total
number of dams and 39% of Tiirkiye’s installed hydraulic capacity [30].

Despite such a high acceleration, most of the dams remained in a structurally safe and
stable condition in the earthquake-affected region. Seventeen dams in Tiirkiye and one
dam in Syria were damaged during the 6 February 2023 Kahramanmaras earthquakes [30].
The estimated damage cost for the seventeen dams was USD 141.8 million [30]. The
characteristics, locations and damage levels of the damaged dams are presented in Table 1.
The types of damaged dams include zoned earthfill, earth core rockfill, earth core sand
gravel, earthfill and concrete-faced rockfill dams. Although the dams in the earthquake-
affected region were exposed to two major earthquakes and many aftershocks, the dams
experienced minor to major cracks. Nevertheless, they did not fail to retain water and
resulted in no uncontrolled release of water from the reservoir.

The horizontal acceleration values at the crest levels of the damaged dams were ap-
proximately calculated to be four times greater than at the dam foundation [2]. Longitudinal
cracks were observed at the crests and upstream faces of the dams, with their length and
depth increasing significantly through the dam crest. The width of the longitudinal cracks
at the dam crest was also considerably large. In addition to dam damages in Ttirkiye, the
Medanki dam in Afrin (Syria) was damaged due to the 2023 Kahramanmaras earthquakes.
It is an earthfill dam, and its high and crest length are 75 m and 980 m, respectively. It
is located near the south-east border of Tiirkiye. Cracks occurred along the dam crest;
however, there was no water leakage after the earthquakes [2].
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Table 1. Main characteristics of the damaged dams during the 6 February 2023 Kahramanmaras
earthquakes [2,26,30].

Crest Length Height from

Name Location Type * Constr. Year Damage Level

(m) Foundation (m)

Aslantag Osmaniye ZED 1984 566.0 95.0 Minor cracks along the crest
Kalecik Osmaniye ECRD 1985 194.6 80.0 Moderate cracks along the crest
Yarseli Hatay ECSGD 1989 960.0 43.5 Moderate cracks along the crest

Bahge Ariklikas Osmaniye ED 2000 355.0 25.0 Major cracks along the crest
Samandag Karamanl Hatay ED 2005 406.0 26.0 Minor cracks along the crest
Hassa Demrek Hatay ED 2006 503.0 26.0 Minor cracks along the crest
Biiyiik Karacay Hatay CFRD 2017 415.1 105.0 Minor cracks along the crest
Kirikhan Kutlusoguksu Hatay ECRD 2017 419.1 40.0 Major cracks along the crest

Reyhanli Hatay ED 2020 9271.0 28.2 Major cracks along the crest

Stirgii Malatya ECRD 1969 736.0 57.0 Moderate cracks along the crest
Sultansuyu Malatya ECSGD 1992 721.3 60.0 Major cracks along the crest
Cetintepe Adiyaman ECRD 2022 780.0 116.0 Moderate cracks along the crest
Kartalkaya Kahramanmaras ZED 1972 205.0 57.0 Major cracks along the crest
Kilavuzlu Kahramanmaras =~ ECSGD 2014 556.0 61.0 Moderate cracks along the crest
Islahiye Bayraktepe Gaziantep ECSGD 2017 233.5 41.0 Minor cracks along the crest
Nurdag: Hamidiye Gaziantep ECRD 2018 182.0 29.0 Moderate cracks along the crest
Yukar1 Afrin Kilis ECSGD 2015 720.2 60.0 Minor cracks along the crest

* ZED: zoned earthfill dam, ECRD: earth core rockfill dam, ECSGD: earth core sand gravel dam, ED: earthfill dam,
CFRD: concrete-faced rockfill dam.

The monitoring data for the damaged dams shown in Table 1 were not recorded by
AFAD [35] during the February 2023 Kahramanmarag earthquakes. However, monitoring
data were obtained from the undamaged dams in the earthquake-affected region during
the February 2023 Kahramanmaras earthquakes. An earthfill dam, a concrete-faced rockfill
dam (CFRD), and a roller-compacted concrete (RCC) dam constructed in the earthquake-
prone region were selected to assess the real seismic behavior of different types of dams
during strong earthquakes in this study. The real seismic behaviors of these three selected
dams, which are the Tahtakoprii Dam, Kavsak Bendi Dam and Feke II Dam, are indi-
vidually evaluated and discussed in detail below. SARA ACEBOX accelerometers were
installed at the aforementioned dams to record the necessary data after the completion of
construction [35]. The collected data, sampled at 100 Hz, underwent filtering and base-
line correction procedures. A Butterworth filter was applied with low and high cut-off
frequencies set at 0.025 Hz and 40.0 Hz, respectively.

3.1. Behavior of Earthfill Dams

The Tahtakoprii Dam was selected to evaluate the monitored seismic behavior of
earthfill dams during the 6 February 2023 Kahramanmaras earthquakes. The dam is
located approximately 15 km northeast of Hassa District in Hatay Province, near the Syrian
border. It was constructed on the Karasu Stream between 1967 and 1975 for irrigation
purposes for the type of an earthfill dam. Elevation works were conducted on the dam
body between 2017 and 2019, resulting in an increase in the crest level from 407.50 m
to 416.50 m [36]. The Tahtakoprii Dam has a height of 55.5 m from the foundation, a
crest length of 401.03 m, and a crest width of 10 m. According to the Tiirkiye Earthquake
Hazard Map published in 2018 [35], the maximum ground motion acceleration (PGA)
values at Tahtakoprii Dam location for the 475- and 2475-year return periods are 0.465 g
and 0.858 g, respectively. According to ICOLD, the 475-year return period corresponds to
the Safety Evaluation Earthquake (SEE), while the 2475-year return period corresponds to
the Maximum Credible Earthquake (MEC). The dam was designed to withstand 0.25 g [37].

Some views from the crest, upstream and downstream faces, and spillway of the
Tahtakoprii dam after the 2023 Kahramanmaras earthquakes are shown in Figure 4. The
strong ground motion accelerometer stations with three components were installed at the
dam crest (TK2716), right abutment (TK2715) and left abutment (TK2717) of the dam on
4 April 2021. Figure 5 displays the epicenters of the 2023 Kahramanmaras earthquakes and
the accelerometer station locations. The left (TK2715) and right (TK2717) abutment stations
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were located on the bedrock. Elevations of TK2715, TK2716 and TK2717 stations were 431.0
m, 415.0 m and 419.0 m, respectively [35].

:Tahlakbpr

TK2716>ghtakoprd

Figure 5. The locations of the main (M7.7) and aftershock (M6.6) epicenters and the Tahtakoprii Dam
accelerometer stations.

The acceleration data recorded on the Tahtakoprii dam crest and its abutments were
obtained for the M4.4, M7.7, and M6.6 earthquakes. On 27 January 2023, at 16:12, an earth-
quake with a magnitude of M4.4 occurred, which preceded the M7.7 and M6.6 earthquakes
on 6 February 2023. The earthquake (M4.4) had a depth of 18.35 km and an epicenter
distance of 135.08 km from the dam. During the M4.4 earthquake, acceleration graphs
recorded in the E-W, N-5, and U (vertical) directions at the crest station (TK2716) are plotted
in Figure 6. For this earthquake, the maximum accelerations measured in the crest in the
E-W, N-S, and U (vertical) directions are 0.68 cm/s?, 0.91 cm/s?, and 0.57 cm/s?, respec-
tively. When evaluating the acceleration records of the M4.4 earthquake in Figure 6, the
dominant periods of the dam before the February 2023 Kahramanmaras earthquakes were
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calculated as 0.59 s, 0.62 s, and 0.37 s for the E-W (in the dam axis or cross-valley), N-S (in
the stream or upstream/downstream direction), and U (vertical) components, respectively.

The dominant period corresponds to the largest amplitude value in the Fourier transform
of the crest acceleration data.
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Figure 6. Acceleration time histories at the dam crest station (TK2716) during the M4.4 earthquake.

Acceleration measurements during the 6 February 2023 Kahramanmaras earthquakes
were taken at three locations, the dam crest (TK2716), the right abutment (TK2715), and
the left abutment (TK2717), for both the mainshock (M7.7) and the aftershock (M6.6) earth-
quakes. The M6.6 aftershock occurred approximately 10 min after the M7.7 mainshock. The
distances of stations TK2715, TK2716, and TK2717 from the epicenter of the M7.7 mainshock
earthquake are 57.62 km, 57.38 km, and 57.34 km, respectively, while the distances from the
epicenter of the M6.6 aftershock earthquake are 54.05 km, 53.84 km, and 53.85 km [35]. The
epicenters of both earthquakes are very close to each other. Figure 7 shows the locations
of the dam and the active faults, named as the East Anatolian Fault (EAF) and the Dead
Sea Fault (DSF). The EAF and DSF faults are located within approximately 13 km and 1

km from the dam site, respectively. The 6 February 2023 Kahramanmaras earthquakes
occurred along the East Anatolian Fault (EAF).

Figure 7. The location of Tahtakoprii Dam as well as the EAF and DSF faults [33].

Figure 8 displays the time histories and spectra of the accelerations and displacements
in the dam axis (E-W), stream (N-S), and vertical (U) directions during the mainshock
(M7.7) at the crest station (TK2716). The duration of the records is approximately 80 s. It

60
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can be seen from Figure 8 that the seismometer at the crest station (TK2716) recorded peak
accelerations of 228.72 cm/s? in the dam axis (E-W), 253.85 cm/s? in the stream (N-S), and
165.84 cm/s? in the vertical (U) directions. The largest crest acceleration occurred in the
stream (N-S) direction. Furthermore, Figure 8 demonstrates that the acceleration response
spectra values at the crest station (TK2716), with a 5% damping ratio, peak in the period
range of 0.5 s to 1.5 s. Two significant pulses of the M7.7 strong earthquake motion can also
be observed in all the acceleration time histories recorded at the crest (Figure 8). After the
M?7.7 mainshock, the dominant periods of the dam in the dam axis (E-W), stream (N-S) and
vertical (U) directions were calculated as 0.61 s, 0.83 s and 0.49 s, respectively. The damping
ratios for the chosen dams were determined using the Logarithmic Decrement Method,
taking into account the maximum acceleration components measured at the dam crest. For
the Tahtakoprii earthfill dam, the damping ratios were calculated as 6.70% for the M7.7
earthquake’s N-S component and 10.69% for the M6.6 aftershock’s E-W component, based

on PGA data.
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Figure 8. Acceleration (a) and displacement (b) time histories and spectra at the crest station (TK2716)
during the M7.7 earthquake.

The peak displacements at the dam crest in the dam axis (E-W), stream (N-S) and
vertical (U) directions are 71.68 cm, 57.72 cm and 6.43 c¢cm, respectively, for the M7.7
earthquake. Although significant horizontal crest displacements were obtained from
the accelerations recorded at the crest during the main earthquake (M7.7), during the
observational inspections, no permanent deformations or cracks were found in the dam
crest, body or foundation, and no water leakage was observed downstream (see Figure 4).
It can be stated that the absence of permanent deformations in embankment dams, despite
large horizontal displacements during the earthquake, can be attributed to the elastic
behavior of materials, effective damping mechanisms, temporary nature of seismic forces,
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compaction and redistribution of materials, and the dam’s geometric configuration. The
effects of these factors can be explained as follows. (1) Elastic behavior of materials: The
materials used in embankment dams, such as compacted soil and rock fill, exhibit significant
elastic behavior under dynamic loading. During an earthquake, the dam materials can
deform elastically, absorbing and then releasing the seismic energy without undergoing
permanent deformation. This elastic response is typically reversible, meaning that once the
seismic forces subside, the materials return to their original state. (2) Damping mechanisms:
Embankment dams have inherent damping mechanisms that dissipate the seismic energy.
These mechanisms include internal friction within the dam materials, energy absorption
by the foundation, and interaction with the surrounding environment. Effective damping
reduces the impact of transient seismic forces, helping to prevent permanent displacements.
(3) Temporary deformations: The recorded horizontal displacements during an earthquake
are often temporary and can be largely attributed to the inertial forces acting on the dam.
These forces cause the dam to move back and forth, resulting in significant but temporary
displacements. Once the earthquake ends, the inertial forces cease, allowing the dam to
settle back to its original position. (4) Compaction and redistribution of materials: During
seismic shaking, the granular materials in the dam body can undergo compaction and
slight rearrangement. This process can improve the overall stability and density of the dam,
reducing the likelihood of permanent deformations. The materials may become more tightly
packed, increasing their resistance to future seismic events. (5) Geometric configuration:
The design and geometric configuration of embankment dams play a crucial role in their
seismic behavior. Properly designed slopes, adequate freeboard, and well-compacted
materials enhance the dam’s ability to withstand large displacements without experiencing
permanent damage. These factors collectively ensure that the dam can absorb and dissipate
seismic energy without sustaining long-term damage, maintaining its structural integrity
and safety.

After the main shock earthquake (M7.7), an aftershock earthquake with a magnitude
of M6.6 and almost the same epicenter distance occurred approximately 10 min later. The
acceleration and displacement time histories and spectra at the crest station (TK2716) during
the aftershock (M6.6) earthquake in the dam axis (E-W), stream (N-S), and vertical (U)
directions are presented in Figure 9. The total duration of the records is approximately 40 s.
It can be seen from Figure 9 that the seismometer at the crest station (TK2716) recorded peak
accelerations of 178.82 cm/s? in the dam axis direction (E-W), 82.25 cm/s? in the stream
direction (N-S), and 72.19 cm/s? in the vertical direction (U). The largest crest acceleration
occurred in the dam axis (E-W) direction. The values of horizontal acceleration response
spectra calculated for a 5% damping ratio at the crest station have effective values in the
period range of 0.5 s to 1.0 s. The obtained peak displacements at the crest point in the E-W,
N-S and U directions are 5.30 cm, 4.94 cm and 2.92 c¢m, respectively. Following the M6.6
aftershock earthquake, the dominant periods of the dam were calculated as 0.73 s in the dam
axis (E-W), 0.76 s in the stream (N-S), and 0.41 s in the vertical (U) directions, respectively.

Figure 10 displays the variations in the dominant periods of the dam in the dam axis
(E-W), stream (N-S), and vertical (U) directions for the M4.4, M7.7, and M6.6 earthquakes.
It can be seen from Figure 10 that the dominant periods of the dam in the dam axis (E-W),
stream (N-S) and vertical (U) directions show a noticeable change before, during, and after
the mainshock (M7.7). The dominant periods of the dam following the mainshock (M7.7)
and aftershock (M6.6) were found to be longer compared to the initial earthquake (M4.4)
that occurred before the February 2023 earthquakes. The recorded dominant periods of
the Tahtakoprii earthfill dam, with a crest length-to-height ratio of 7.23, during the M4.4,
M?7.7, and M6.6 earthquakes in the dam axis (E-W), stream (N-S), and vertical (U) directions
range from 0.59 s to 0.61 s, 0.62 s to 0.83 s, and 0.37 s to 0.41 s, respectively. The increases in
the dam-dominant period in the stream direction (N-S) for the M7.7 and M6.6 earthquakes
are 25.30% and 18.42%, respectively. The dominant periods in the dam axis (E-W) direction
increased by 3.28% and 19.18% for the main (M7.7) and aftershock (M6.6), respectively,
while those in the vertical (U) direction increased by 24.49% and 9.76%, respectively. The
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dam exhibited changes in its dominant periods when subjected to the pre-shock, main
shock, and aftershock, but no damage was observed. This situation can be attributed to the
elastic behavior of the materials, the effective damping mechanisms, the temporary nature
of the seismic forces, changes in the frequency content of the of the input ground motions,
the compaction and redistribution of the materials, and the geometric configuration of
the dam.
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Figure 9. Acceleration (a) and displacement (b) times histories and spectra at the crest station
(TK2716) during the M6.6 earthquake.
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Figure 10. The changes in dominant periods of Tahtakoprii Dam during the M4.4, M7.7, and
M6.6 earthquakes.

The acceleration records measured during the M7.7 mainshock earthquake on the right
(TK2715) and left (TK2717) abutments of the dam are depicted in Figure 11. The maximum
accelerations in the dam axis (E-W), stream (N-S), and vertical (U) directions recorded at the
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crest (TK2716), the left (TK2717) and right (TK2715) abutments, the magnification ratios of
the acceleration components relative to each other, and the acceleration magnifications at the
crest relative to the right and left abutments are summarized in Table 2. A peak horizontal
acceleration of 373.87 cm/s? was recorded in the stream (N-S) direction on bedrock at the right
abutment (TK2715) that is 16.0 m above the dam crest, while a peak horizontal acceleration
of 157.01 cm/s? was measured in the stream (N-S) direction on bedrock at the left abutment
(TK2717) that is 4.0 m above the dam crest. The maximum acceleration ratios between the N-S
and E-W components (N-5/E-W) recorded at the crest, left and right abutments were calculated
as 1.11, 1.16, and 1.25, respectively. The maximum N-S/E-W increase ratio obtained at the right
abutment was 1.25. The maximum U/E-W and U/N-S acceleration ratios occurred at the left
abutment, with values of 0.84 and 0.73, respectively.
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Figure 11. Acceleration time histories recorded at the right abutment station (TK2715) (a), the left
abutment station (TK2717) (b), and at the TK3143 station during the mainshock (M7.7).
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Table 2. Comparison of the peak ground accelerations and the ratios recorded at dam crest, left and
right abutments for the M7.7 mainshock.

Peak Ground Acceleration (cm/s?)

Location Ratio
E-W N-S U
N-S/E-W U/E-W U/N-S Crest/LA Crest/RA LA/RA
Crest 228.72 253.85 165.84 1.11 0.73 0.65 E-W 1.68 0.77 0.46
Left Abut. (LA) 135.89 157.01 114.20 1.16 0.84 0.73 N-S 1.62 0.68 0.42
Right Abut. (RA) 298.11 373.87 166.51 1.25 0.56 0.45 U 1.45 0.99 0.69

The maximum increase ratios (Crest/LA) from the left abutment (LA) to the crest
are 1.62, 1.68 and 1.45 in the stream direction (N-S), dam axis (E-W) and vertical (U)
directions, respectively. The ratios (Crest/RA) from the right abutment (RA) to the crest
in the same direction are 0.68, 0.77 and 0.99, respectively. The crest acceleration ratios
at the left abutment are larger than the right abutment. The maximum amplification at
the dam crest occurred in the dam axis (E-W) direction, with a value of 1.68. For the
M?7.7 earthquake, an increase in crest accelerations can be observed in comparison to
the accelerations on the left abutment, while a decrease in crest accelerations can be
observed in comparison to the accelerations on the right abutment. The ratios between
left (LA) and right (RA) abutment accelerations (LA/RA) in the stream (N-S), dam axis
(E-W), and vertical (U) directions are 0.42, 0.46, and 0.69, respectively. For the M7.7
earthquake, the accelerations recorded at the right abutment of the dam are greater than
those recorded at the left abutment.

The acceleration data recorded at the TK3143 station, located 11.9 km west of the
Tahtakoprii dam, during the first M7.7 mainshock are shown in Figure 11c. This station,
with an epicentral distance of 65.13 km, is located on moderately stiff ground with a
shear wave velocity (Vs30) of 444 m/s [35]. The epicenter distances of the right and
left abutments of the dam are 57.62 km and 57.32 km, respectively. From Figure 11c,
it can be observed that the maximum accelerations recorded at the TK3143 station
during the M7.7 earthquake in the E-W, N-S and vertical directions are 351.38 cm/s?,
381.04 cm/s? and 412.11 cm/s?, respectively. The acceleration values recorded at the
left and right abutments of the dam during the same earthquake were 135.89 cm/s?,
157.01 cm/s?, 114.20 cm/s?; 298.11 em/s?, 373.87 cm/s?, and 166.51 cm/s? for the E-W,
N-S, and vertical components, respectively. The acceleration values at TK3143 are higher
compared to those at the dam abutments. Furthermore, the frequency content of the
acceleration records at the dam abutments differs from that of the TK3143 station data.
This indicates that local ground conditions play a significant role in the intensity and
frequency components of seismic waves.

The acceleration records at the right (TK2715) and left (TK 2717) abutments of the dam
during the M6.6 aftershock earthquake are plotted in Figure 12. Table 3 summarizes the
maximum acceleration ratios measured in the dam axis (E-W), stream (N-S), and vertical
(U) directions at the crest (TK2716), left (TK2717), and right (TK2715) abutments for the
MB6.6 aftershock. During the M6.6 aftershock earthquake, peak accelerations in the E-W,
N-S, and vertical (U) directions were recorded at the crest (TK2716) as 178.82 cm/s?, 82.25
cm/s?, and 72.19 cm/s?, respectively. The maximum acceleration ratios between the
horizontal components (N-S/E-W) measured at the crest, the left and right abutments are
0.46, 0.66, and 0.76, respectively. The maximum acceleration ratio between the U and E-W
components (U/E-W) was 0.54 at the right abutment while the maximum acceleration ratio
between the U and N-S components (U/N-S) was calculated as 0.88 at the crest.
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Figure 12. Acceleration time histories recorded at the right (TK2715) (a) and the left (TK2717)
(b) abutment stations during the aftershock (M6.6).
Table 3. Comparison of peak ground accelerations and the ratios recorded at dam crest, left and right
abutments for the M6.6 aftershock.
Peak Ground Acceleration (cm/s?)
Location Ratio
E-W N-S U
N-S/E-W  U/E-W  U/N-S Crest/LA Crest/RA LA/RA
Crest 178.82 82.25 72.19 0.46 0.40 0.88 E-W 3.32 2.50 0.75
Left Abut. (LA) 53.83 35.30 23.24 0.66 0.43 0.66 N-S 2.33 1.52 0.65
Right Abut. (RA) 71.41 54.11 38.79 0.76 0.54 0.72 U 3.11 1.86 0.60

The crest acceleration amplification ratios (Crest/LA) relative to those recorded at
the left abutment in the E-W, N-S, and U (vertical) directions are 3.32, 2.33, and 3.11,
respectively. However, the crest acceleration amplification ratios (Crest/RA) relative to
those recorded at the right abutment in the dam axis (E-W), stream (N-S), and vertical (U)
directions are 2.50, 1.52, and 1.86, respectively. Significant increases in crest accelerations
compared to the left and right abutment accelerations were observed during the M6.6
aftershock earthquake. The maximum crest acceleration amplification ratio during the
M6.6 aftershock was calculated as 3.32 in the cross-canyon direction (E-W). The acceleration
ratios (LA /RA) between the left abutment and the right abutment in the stream (N-S), dam
axis (E-W) and vertical (U) directions were recorded as 0.65, 0.75 and 0.60, respectively.
The accelerations recorded at the right abutment of the dam during the M6.6 aftershock
also exceed those recorded at the left abutment. It is thought that the reason why the
accelerations at the right abutment station, which is 12 m above the left abutment station
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point, are greater than those at the left abutment station is due to the difference in elevation
and soil properties as well as the topographic amplification in the canyon.

Upon comparing Tables 2 and 3, it becomes evident that the PGAs recorded at the
right abutment during the M7.7 mainshock have the highest values, while the PGAs at the
crest during the M6.6 aftershock exhibit the largest values. An analysis of Figure 11a reveals
spikes in both the E-W and N-S directions at the right abutment during the M7.7 earthquake.
If the spikes in the E-W and N-S acceleration records shown in Figure 11a are excluded,
the PGA values measured at the right abutment for the E-W and N-S components during
the M7.7 earthquake are 218.42 cm/s? and 189.72 cm/s?, respectively. Not considering
the spikes in the acceleration records at the right abutment during the M7.7 earthquake
reveals higher horizontal PGA values recorded at the dam crest when compared to the
right abutment, similar to the situation during the M6.6 earthquake.

3.2. Behavior of Concrete-Faced Rockfill Dams (CFRDs)

The Kavsak Bendi Dam was chosen to assess the real seismic behavior of concrete-faced
rockfill dams during the 6 February 2023 earthquakes. This dam is a concrete-faced rockfill
dam (CFRD) constructed for the purpose of energy production between the years 2009-2014
on Seyhan River in the Kozan District of Adana Province, Tiirkiye. The current dam has a
height of 88 m from the foundation, 73 m from the thalweg, a crest length of 186 m, a crest
width of 8 m, and a crest elevation of 323 m. According to the Tiirkiye Earthquake Hazard
Map published in 2018 [35], the PGA values for the 475 and 2475-year return periods at
the location of Kavsak Bendi Dam are calculated as 0.239 g and 0.493 g, respectively. The
strong ground motion accelerometers with three components were installed at the dam
crest (TK0140) and the right abutment bedrock (TK0141) of the dam on 29 December 2022.
Figure 13 shows a view of the dam, the locations of the dam accelerometers, and the
epicenters of the first (M7.7) and the second (M7.6) mainshocks of the 6 February 2023
Kahramanmaras earthquakes. Elevations of the TK0140 and TKO0141 stations are 322.0 m
and 312.0 m, respectively [35].

Figure 13. The locations of the first (M7.7) and the second main shock (M7.6) epicenters and the
Kavsak Bendi dam accelerometer stations.

Prior to the Kahramanmaras earthquakes on 6 February 2023, no earthquake was
recorded by the sensors at the Kavsak Bendi Dam (AFAD, 2023b). Therefore, the dominant
period of the dam could not be determined before the 6 February 2023 Kahramanmaras
earthquakes. However, accelerations were recorded at the dam crest (TK0140) and right
abutment (TK0141) stations for the first (M7.7) and the second (M7.6) mainshocks of the
6 February 2023 Kahramanmaras earthquakes. TK0140 and TK0141 stations were located at
distances of 137.11 km and 137.23 km, respectively, from the epicenter of the first mainshock
(M7.7) earthquake, and at distances of 161.17 km and 161.28 km, respectively, from the
epicenter of the second mainshock (M7.6) earthquake [35].

The acceleration and the displacement time histories and spectra at the dam crest
station (TK0140) in the E-W (along dam axis), N-S (along the stream) and U (vertical)

14



Sensors 2024, 24, 6856

directions of the mainshock (M7.7) are shown in Figure 14. The duration of the acceleration
records is approximately 100 s. It can be seen from Figure 14 that the seismometer at the
dam crest station (TK0140) recorded peak accelerations of 25.92 cm/ s? in the dam axis
(E-W), 34.22 cm/s? in the stream (N-S), and 18.61 cm/s? in the vertical (U) directions. The
largest crest acceleration occurred in the stream (N-S) direction. Additionally, Figure 14
shows that the values of acceleration response spectra calculated for a 5% damping ratio
at the dam crest station have high values between the period range of 0.1 s to 0.5 s. The
peak displacements at the crest point in the dam axis (E-W), stream (N-S) and vertical (U)
directions are 4.15 cm, 8.03 cm and 8.01 cm for the M7.7 earthquake, respectively. Following
the first mainshock (M7.7), the dominant periods of the dam in the dam axis (E-W), stream
(N-S) and vertical (U) directions were calculated as 0.25 s, 0.27 s, and 0.17 s, respectively.
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Figure 14. Acceleration (a) and displacement (b) time histories and spectra at the dam crest station
(TK0140) during the M7.7 earthquake.

The acceleration and displacement time histories and spectra at the dam crest station
(TK0140) in the E-W, N-S and vertical (U) directions of the second mainshock (M7.6) are
shown in Figure 15. The duration of the records is 50 s. The seismometer at the dam
crest station (TK0140) measured peak accelerations of 86.75 cm/s? in the dam axis (E-W),
60.48 cm/s? in the stream (N-S), and 53.29 cm/s? in the vertical (U) directions. The largest
crest acceleration of 86.75 cm/s? was recorded in the dam axis (E-W) direction. For the N-S
component of the M7.7 earthquake and the E-W component of the M7.6 earthquake, the
calculated damping ratios at the dam crest of the Kavsak Bendi cocrete-faced rockfill dam
are 4.26% and 7.98%, respectively, based on PGA data.
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Figure 15. Acceleration (a) and displacement (b) time histories and spectra at the dam crest station
(TK0140) during the M7.6 earthquake.

The horizontal acceleration response spectra calculated for a 5% damping ratio show
large values between the period range of 0.1 s to 0.5 s. The obtained peak displacements
for the crest point in the dam axis (E-W), stream (N-S) and vertical (U) directions are
18.51 cm, 13.90 cm and 14.27 cm, respectively. After the second mainshock earthquake with
a magnitude of M7.6, which occurred 9 h after the first mainshock (M7.7), the dominant
periods of the dam were calculated as 0.27 s in the dam axis (E-W), 0.30 s in the stream
(N-S), and 0.20 s in the vertical (U) directions.

The changes in the dominant periods of the dam, calculated from the analysis of accel-
erations measured at the crest station (TK0140) following the M7.7 and M7.6 mainshocks,
are illustrated in Figure 16 for the dam axis (E-W), stream (N-S), and vertical (U) directions.
The recorded dominant periods of the Kavsak Bendi concrete-faced rockfill dam, with a
crest length-to-height ratio of 3.67, during the M7.7 and M7.6 earthquakes in the dam axis
(E-W), stream (N-S), and vertical (U) directions range from 0.25 s to 0.27 s, 0.27 s to 0.30 s,
and 0.17 s to 0.20 s, respectively. The dominant periods of the dam in the stream (N-S), dam
axis (E-W) and vertical (U) directions show a slight change during the two mainshocks. The
dominant periods of the dam due to the second mainshock (M7.6) lengthened according to
the earthquake (M7.7). The increase ratios of the dominant periods in the dam axis (E-W),
stream (N-S) and vertical (U) directions during the second mainshock (M7.6) are 7.41%,
10.0% and 15.0%, respectively. The accelerations of the M7.6 earthquake recorded on the
dam crest are larger than the accelerations of the M7.7 earthquake. It was observed that the
periods of the dam increase with increasing the earthquake acceleration values. The M7.7
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and M7.6 earthquakes did not result in any visible seismic damage, crack, or deformation
to the Kavsak Bendi dam body or the site (Figure 13).
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Figure 16. The changes in dominant periods of Kavsak Bendi Dam during the M7.7 and
M?7.6 earthquakes.

The acceleration records measured at the right abutment (TK0141) of the dam during
the M7.7 and M7.6 mainshocks are plotted in Figure 17. Table 4 summarizes the maximum
accelerations recorded at both the dam crest (TK0140) and the right abutment (TK0141)
stations, and the crest amplification ratios relative to the right abutment in the E-W, N-S,
and vertical (U) directions. The right abutment station (TK0141) is located 10.0 m below the
dam crest station (TK0140). For the M7.7 earthquake, the acceleration amplification ratios at
the dam crest relative to the right abutment are calculated as 1.56, 2.64 and 1.29 for the dam
axis (E-W), stream (N-S), and vertical (U) directions. However, during the M7.6 earthquake,
the acceleration amplification ratios at the dam crest relative to the right abutment for the
E-W, N-S, and U components are 0.45, 0.78, and 0.71, respectively. The maximum crest
acceleration amplification ratios for the M7.7 and M7.6 earthquakes in the N-S direction are
2.64 and 0.78, respectively. During the M7.7 earthquake, there are significant increases in
crest accelerations relative to the right abutment for all acceleration components, whereas
the M7.6 earthquake results in significant decreases in crest accelerations relative to the
right abutment. This is thought to be due to spikes in the acceleration records of the
M?7.6 earthquake.

Table 4. Comparison of the peak ground accelerations recorded at dam crest (TK0140) and right
abutment (TK0141) stations for the M7.7 and M7.6 earthquakes.

Peak Ground Acceleration (cm/s2)

Location E-W N-S U
M7.7 M?7.6 M7.7 M7.6 M7.7 M?7.6
Crest 25.92 86.75 34.22 60.48 18.61 53.29
Right Abut. (RA) 16.61 191.35 12.97 77.99 14.45 74.93
Ratio of Crest/RA 1.56 0.45 2.64 0.78 1.29 0.71

The acceleration data recorded at the TK0122 station, located 29.33 km south-east
of the Kavsak Bendi dam, during the M7.7 mainshock are illustrated in Figure 17b. This
station, situated on moderately stiff ground with a shear wave velocity (Vs30) of 501 m/s,
is at an epicentral distance of 109.28 km. The right abutment of the dam is 137.23 km
from the M7.7 earthquake epicenter. As shown in Figure 17b, the maximum accelerations
recorded at the TK0122 station during the M7.7 earthquake in the E-W, N-S, and vertical
directions are 52.33 cm/s?, 57.34 cm/s?, and 33.21 cm/s?, respectively. In contrast, the
recorded acceleration values at the right abutment of the dam during the same event are
16.61 cm/s?, 12.97 cm/s?, and 14.45 cm/s? for the E-W, N-S, and vertical (U) components,
respectively. Although the acceleration values at TK0122 are higher than those at the dam
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abutment, the frequency content of the acceleration records at the dam abutments is similar
to that of the TK0122 station data.
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Figure 17. Acceleration time histories at the right abutment station (TK0141) (a) and TK0122 station
(b) during the first (M7.7), and the second (M7.6) (c) mainshocks.

3.3. Behavior of Roller-Compacted Concrete Dams (RCCs)

Feke II Dam, located on Goksu River in the Feke District of Adana Province, Tiirkiye,
was constructed between 2009 and 2011 years for the purpose of energy production, using
the roller-compacted concrete construction method. The dam’s height from the foundation
is 71.0 m, and its crest length is 256.50 m. According to the Tiirkiye Earthquake Hazard
Map published in 2018 [35], the peak ground acceleration (PGA) values of the Feke Il Dam
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Acceleration (cm/s2)
)

location are calculated as 0.254 g and 0.516 g for the 475 and 2475-year return periods,
respectively. The strong ground motion accelerometers with the three components were
installed at the dam crest (TK0133) and foundation (TK0134) of Feke II Dam on 25 October
2021. Figure 18 provides a view of the dam and the locations of the epicenters of the M7.7
and M7.6 earthquakes, as well as the accelerometer positions. The TK0134 station was
situated on the bedrock. The elevation of the dam’s thalweg is 485 m, while the elevations
of TK0133 and TK0134 stations are 546 m and 494.0 m, respectively [35].
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Figure 18. The locations of the first (M7.7) and the second main shock (M7.6) epicenters and the Feke
II dam accelerometer stations.

Prior to the 2023 Kahramanmaras earthquakes, an earthquake was recorded at the
dam on 20 October 2022, at 11:34 am, with a magnitude of M4.5, a depth of 7.64 km, and
an epicenter distance of 123.02 km. Acceleration time histories measured in the E-W (dam
axis), N-S (stream), and vertical (U) directions at the crest station (TK0133) during the M4.5
earthquake are depicted in Figure 19. The maximum accelerations measured at the dam
crest during the M4.5 earthquake are 0.59 cm/s?, 0.45 cm/s?, and 0.34 cm/s? for the E-W,
N-S, and U directions, respectively. When evaluating the acceleration records in Figure 19,
the dominant periods of the dam before the Kahramanmaras earthquakes on 6 February
2023 are calculated as 0.48 s, 0.33 s, and 0.30 s, respectively, for the E-W (dam axis), N-S
(stream), and vertical (U) directions.
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Figure 19. Acceleration time histories at the dam crest station (TK0133) during the M4.5 earthquake.

The accelerations of the 6 February 2023 Kahramanmaras earthquakes were recorded
at the dam crest (TK0133) and foundation (TK0134) stations for the first (M7.7) and the
second (M7.6) mainshocks. The TK0133 and TK0134 stations are located at distances of
115.76 km and 115.66 km from the epicenter of the first mainshock (M7.7), and at distances
of 126.52 km and 126.52 km, respectively, from the epicenter of the second mainshock
(M7.6) [35]. The acceleration and displacement time histories and spectra at the crest station
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(TK0133) in the E-W (dam axis), N-S (stream), and vertical (U) directions are displayed in
Figure 20 for the first mainshock (M7.7). The duration of the record is approximately 100 s. It
can be seen from Figure 20 that the seismometer at the dam crest station (TK0133) measured

peak accelerations of 74.04 cm/ s? in the dam axis (E-W), 77.18 cm/s? in the stream (N-S),

and 39.55 cm/s? in the vertical (U) directions. The largest crest acceleration occurred in
the stream (N-S) direction. Additionally, Figure 20 shows that the values of acceleration
response spectra calculated for a 5% damping ratio at the dam crest station (TK0133) have
high values between the period range of 0.1 s to 0.75 s. The peak displacements at the crest
point in the dam axis (E-W), stream (N-S) and vertical (U) directions are 5.70 cm, 7.51 cm

and 9.95 cm for the M7.7 earthquake. Following the first mainshock earthquake of M7.7,

the dominant periods of the dam were calculated as 0.41 s in the dam axis (E-W), 0.50 s in
the stream (N-S), and 0.38 s in the vertical (U) directions.
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Figure 20. Acceleration (a) and displacement (b) time histories and spectra at the dam crest station
(TK0133) during the M7.7 earthquake.

The acceleration and displacement time histories recorded at the dam crest station
(TKO0133) in the E-W (along the dam axis), N-S (along the stream) and vertical (U) directions
are shown in Figure 21 for the second mainshock earthquake (M7.6). The duration of
the records is approximately 70 s. The peak accelerations of 79.31 cm/s? in the dam
axis direction (E-W), 44.67 cm/s? in the stream (N-S), and 36.32 cm/s? in the vertical (U)
directions were measured at the dam crest station (TK0133). The largest crest acceleration
occurred in the dam axis (E-W) direction. The damping ratios calculated for the M7.7
earthquake’s N-S component and the M7.6 earthquake’s E-W component, taking into
account the maximum acceleration components recorded at the crest of the Feke II RCC
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dam, are 3.47% and 7.06%, respectively. The values of horizontal acceleration response
spectra calculated for a 5% damping ratio at the dam crest station (TK0133) have effective
values between the period range of 0.1 s to 0.75 s. The obtained peak displacements for
the crest point in the E-W (dam axis), N-S (stream) and vertical (U) directions are 20.62 cm,
23.05 cm and 18.54 cm, respectively. After the second mainshock (M7.6), which occurred
9 h after the first mainshock (M7.7), the dominant periods of the dam in the dam axis (E-W),
stream (N-S), and vertical (U) directions are calculated as 0.40 s, 0.40 s, 0.33 s, respectively.
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Figure 21. Acceleration (a) and displacement (b) time histories and spectra at the dam crest station
(TK0133) during the M7.6 earthquake.

The changes in the dam dominant periods in the dam axis (E-W), stream (N-S), and
vertical (U) directions, calculated from the evaluation of acceleration records measured at
the dam crest station (TK0133) for the M4.5, M7.7 and M7.6 earthquakes, are illustrated in
Figure 22. The recorded dominant periods of the Feke II roller-compacted concrete dam,
with a crest length-to-height ratio of 3.61, during the M4.5, M7.7 and M7.6 earthquakes in
the dam axis (E-W), stream (N-S), and vertical (U) directions range from 0.48 s to 0.41 s,
0.33 s to 0.40 s, and 0.30 s to 0.33 s, respectively. It can be seen from Figure 22 that the
dominant periods of the dam in the dam axis (E-W), stream (N-S), and vertical (U) directions
show a noticeable change before, during, and after the mainshocks. During the first (M7.7)
and second (M7.6) mainshocks, the dominant periods in the stream (N-S) and vertical (U)
directions lengthened according to the earthquake (M4.5). The increases in the dominant
periods in the stream direction (N-S) for the M7.7 and M7.6 earthquakes are 34% and
17.5%, respectively. While the dominant periods in the dam axis (E-W) decrease by 17.07%
and 20.0%, those in the vertical (U) direction increase by 21.05% and 9.09% after the first
(M7.7) and second (M7.6) mainshocks. The first (M7.7) and the second (M7.6) mainshock
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earthquakes did not cause any visible seismic damage, cracks or deformation to the dam
body or the site (Figure 18).

0.6
2M4.5 ©M7.7 sSM7.6

0.45 [

Period (s)
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w

0.15 | X
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Figure 22. The changes in dominant periods of Feke Il Dam during the M4.5, M7.7 and M7.6 earthquakes.

The acceleration time histories measured at the foundation of the dam (TK0134)
during the M7.7 and M7.6 mainshock earthquakes are depicted in Figure 23. Maximum
accelerations measured at the dam crest (TK0133) and the foundation (TK0134) stations,
and crest amplification ratios relative to the foundation in the E-W, N-S, and vertical
(U) directions are summarized in Table 5. The station at the foundation (TK0134) was
located 52.0 m below the dam crest station (TK0133). For the M7.7 earthquake, the crest
acceleration amplification ratios relative to the foundation in the E-W (dam axis), N-S
(stream), and U (vertical) directions were calculated as 1.64, 1.13, and 1.03, respectively. The
corresponding acceleration amplification ratios in the E-W, N-S, and vertical directions were
1.71, 0.85, and 1.02 for the M7.6 earthquake. During the M7.7 earthquake, an increase in
crest accelerations relative to the foundation was observed for all acceleration components.
For the M7.6 earthquake, an increase in crest accelerations relative to the foundation was
observed in the E-W (dam axis) and vertical (U) directions, while a decrease was observed
in the N-S (stream) direction. The maximum crest acceleration amplification ratios for the
M?7.7 and M7.6 earthquakes were calculated in the N-S (stream) direction as 1.13 and 0.85,
respectively.

Table 5. Comparison of peak ground accelerations recorded at the dam crest (TK0133) and foundation
(TKO0134) stations for the M7.7 and M7.6 earthquakes.

Peak Ground Acceleration (cm/s2)
Location E-W N-S U
M7.7 M?7.6 M7.7 M?7.6 M7.7 M7.6
Crest 74.04 79.31 77.18 44.67 39.55 36.32
Foundation 45.20 46.50 68.26 52.74 38.22 35.52
Ratio of Crest/Foundation 1.64 1.71 1.13 0.85 1.03 1.02

The acceleration data recorded at the TK0127 station, located 9.44 km northeast of the
Feke II dam during the M7.7 mainshock, is shown in Figure 23b. This station, situated
on moderately stiff ground with a shear wave velocity (Vs30) of 583 m/s, is 115.07 km
from the earthquake epicenter. The right foundation of the dam is located 115.66 km from
the M7.7 epicenter. As seen in Figure 23b, the maximum accelerations recorded at the
TKO0127 station during the M7.7 earthquake in the E-W, N-5, and vertical directions are
50.81 cm/s?, 54.99 cm/s?, and 35.52 cm/s?, respectively. In comparison, the acceleration
values recorded at the right abutment of the dam during the same event are 45.20 cm/s?,
68.26 cm/s?, and 38.22 cm/s? for the E-W, N-S, and vertical (U) components, respectively.
The acceleration values at TK0127 are comparable to those at the dam foundation. Addi-
tionally, the frequency content of the acceleration records at the dam foundation is similar
to that of the TK0127 station data.
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Figure 23. Acceleration time histories at the foundation station (TK0134) (a) and TK0127 station (b) during
the first (M7.7) and the second (M7.6) (c) mainshocks.

4. Conclusions

The seismic behavior of undamaged earthfill, concrete-faced rockfill (CFRD), and
roller-compacted concrete (RCC) dams subjected to the 6 February 2023 Kahramanmaras
earthquakes in Tiirkiye was evaluated and discussed in this paper. This evaluation consid-
ers the acceleration data recorded at the dam crests, abutments and foundations during the
pre-shock (M4.4), main shocks (M7.7 and M7.6), and aftershock (M6.6). The findings are

outlined as follows:
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e  The M7.7 and M7.6 mainshocks, along with the M6.6 aftershock, did not cause any
visible seismic damage, cracks, or permanent deformations to the Tahtakoprii earthfill,
Kavsak Bendi concrete-faced rockfill or Feke II roller-compacted concrete dam dams.

e  The dominant periods of the Tahtakoprii earthfill, Kavsak Bendi concrete-faced rockfill,
and Feke II roller-compacted concrete dams in the stream, dam axis, and vertical
directions generally increased by different ratios following the two main shocks (M7.7
and M7.6) and the aftershock (M6.6).

e  The maximum damping ratios for the Tahtakoprii earthfill, Kavsak Bendi concrete-
faced rockfill, and Feke II RCC dams during the earthquakes were 10.69%, 7.98% and
7.06%, respectively.

e  The Tahtakoprii earthfill dam experienced significant horizontal crest displacements
during the first main shock (M7.7). However, no permanent deformation was observed
at the dam crest or the body. This can be attributed to the elastic behavior of materials,
effective damping mechanisms, temporary nature of seismic forces, compaction and
redistribution of materials, and the dam’s geometric configuration.

e  The acceleration amplification ratios at the crest of the Tahtakoprii earthfill, Kavsak
Bendi concrete-faced rockfill and Feke II RCC dams in the stream, dam axis, and
vertical directions generally increased in varying amounts relative to the abutments
and foundation following the two mainshocks (M7.7 and M7.6) and the aftershock
(M6.6).

e  The right and left abutments of the Tahtakoprii earthfill, Kavsak Bendi concrete-faced
rockfill and Feke II RCC dams exhibited significantly different behaviors during the
two mainshocks (M7.7 and M7.6) and the aftershock (M6.6).

e  The acceleration time histories recorded at the crests of the dams exhibit distinct
frequency content compared to those from the abutments and foundation.

e  The 3D numerical models of the Tahtakoprii earthfill, Kavsak Bendi concrete-faced
rockfill and Feke II RCC dams can be calibrated using the data and findings in this
study, and the earthquake safety of the dams can be determined for different earth-
quake scenarios that may occur in the future and necessary repair and strengthening
measures can be taken.
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Abstract: One of the most critical components of reinforced concrete structures are beam-column
joint systems, which greatly affect the overall behavior of a structure during a major seismic event.
According to modern design codes, if the system fails, it should fail due to the flexural yielding of the
beam and not due to the shear failure of the joint. Thus, a reliable tool is required for the prediction of
the failure mode of the joints in a preexisting population of structures. In the present paper, a novel
methodology for the derivation of analytical equations for this task is presented. The formulation is
based on SHapley Additive exPlanations values, which are commonly employed as an explainability
tool in machine learning. Instead, in the present paper, they were also utilized as a transformed
target variable to which the analytical curves were fitted, which approximated the predictions of an
underlying machine learning model. A dataset comprising 478 experimental results was utilized and
the eXtreme Gradient Boosting algorithm was initially fitted. This achieved an overall accuracy of
~84%. The derived analytical equations achieved an accuracy of ~78%. The corresponding metrics
of precision, recall, and the Fl-score ranged from ~76% to ~80% and were close across the two
modes, indicating an unbiased model.

Keywords: reinforced concrete; beam—column joints; failure mode prediction; machine learning;
SHAP; analytical equations

1. Introduction

One of the most critical aspects that affect the overall behavior of a reinforced concrete
(RC) structure during a major seismic event pertains to the mechanical behavior of its
beam—column joints [1]. Joints support adjacent beams and slabs and, thus, their failure
can lead to structural destabilization and part of the structure collapsing, potentially
endangering human lives [2]. This mechanical behavior is largely described by two distinct
and complementary aspects. On the one hand, the total strength of the joint provides a
quantification of the capacity of the system in terms of shear forces. On the other hand,
the qualitative behavior of the joint in terms of its failure mode can be an even more
important factor in terms of the overall safety of the system and the amount of seismic
energy it can absorb.

Qualitatively, there are two primary failure modes that an RC beam—column joint
system can exhibit [3]. In the first one, the longitudinal reinforcement bars in the adjacent
beam are the first to reach their yield capacity. However, the system maintains its stability
and, furthermore, due to a phenomenon known as hardening [4], the beam can absorb
further amounts of seismic energy until either the reinforcement bars or the concrete
fail [2]. In the second case, the joint fails due to shear prior to the beam reaching the
aforementioned yielding point. This failure mode is fundamentally different from the
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previous one. Contrary to the ductile, yielding failure mode caused by bending, the joint
failure due to shear is sudden, brittle, and leads to the destabilization of the system.
In addition, no further amounts of energy can be absorbed.

To this end, modern design codes [5-7] are often grounded in the so-called principle of
ductility, mandating that, if failure is to occur, the first failure mode is to be preferred. Thus,
given the large number of existing RC structures, the prediction of the failure modes of their
joints is crucial. If a structure does not abide by the standards imposed by modern design
codes, preventative steps might be required [8,9]. Thus, significant research efforts have
been dedicated to this task, both from a theoretical and an experimental perspective [10-13].

From a different perspective, the proliferation of machine learning (ML) methodologies
has allowed for the implementation of powerful ML algorithms in many engineering
challenges, producing state-of-the-art results [14,15]. Specifically for the task of RC beam—
column joint failure mode prediction, several researchers have previously examined the
problem from different perspectives.

In particular, Kotsovou et al. [16] utilized artificial neural networks (ANNSs) to estimate
the total strength of exterior joints and predict their failure mode. Similarly, Suwal and
Guner also employed ANN algorithms in their work [17]. However, contrary to [16], they
worked on a more extensive dataset, which included interior joints as well. Mangathalu
and Jeon [18] experimented with various ML algorithms to predict both the strength of a
joint as well as its failure mode. This included the implementation of so-called intrinsically
explainable models [19], such as LASSO logistic regression, which also produced analytical
expressions. However, the results presented therein were unbalanced, as the model was
greatly skewed in favor of one of the failure modes. Marie et al. [20] employed several
algorithms, including support vector machines (SVMs), ordinary least squares (OLS),
and non-parametric kernel regression, to estimate joints” ultimate bearing capacity. Lastly,
Gao and Lin [21] utilized models such as k-nearest neighbors (k-NN), eXtreme Gradient
Boosting (XGBoost), ANNSs, and random forest to predict an RC beam-column joint failure
mode. They also utilized the SHapley Additive exPlanations (SHAP values) explainability
algorithm to quantify the overall significance of each of their considered input features in
the model predictions.

The research presented herein exhibits notable novel elements. A novel methodology
for the derivation of analytical equations for the prediction of the RC joint failure mode
is presented. The methodology is based on a recently developed modeling approach [22],
which utilizes SHAP values as a basis to form simplified analytical expressions that approx-
imate the predictions of the underlying ML model. SHAP is a feature attribution algorithm.
This means that the predictions of the underlying model are decomposed into terms cor-
responding to the contribution of each individual feature. Thus, it is often employed to
quantify the magnitude of the total effect of each feature in an outcome [21]. In the work
presented herein, SHAP values were not only employed to gauge the importance of each
feature, i.e., to identify which features should be utilized in a potential analytical expression.
Rather, SHAP values themselves formed the basis of these analytical expressions.

Therefore, the methodology presented herein offers several distinct advantages in
comparison to the currently established literature, such as the LASSO logistic regression
mentioned above. Firstly, feature selection was carried out in an informed manner, utilizing
SHAP, and components were added to the resulting equations incrementally. Secondly, this
allowed for the tradeoff between model complexity and accuracy to be tuned, depending
on the specific application at hand. Thirdly, the form of the terms corresponding to each
individual feature were adjusted independently. In addition, this was not carried out
blindly, but rather in an informed manner, guided by the form of the respective SHAP
scatter plots, as it is shown in Section 3.2. Finally, so-called precision—recall (P-R) curves
were employed to demonstrate how the resulting equations could be further fine-tuned,
depending on the requirements of the application at hand.
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2. Materials and Methods
2.1. Dataset Overview and Feature Engineering

The dataset that was employed in the present study comprised experimental mea-
surements of reinforced concrete beam—column joints. A total of 486 specimens were
contained in the dataset, which were originally collected by Suwal and Guner [17] from
153 studies previously published in the literature. The experiments pertained to the cyclic
loading of beam—column joint systems until failure occurred, mimicking their behavior
during a significant seismic event. In all cases, the applied load at the moment of failure
was measured using appropriately placed sensors. In addition, the failure mode of each
specimen was also recorded. Thus, each input vector in the original dataset was described
by the following 14 attributes [17]:

1. The joint type: This categorical variable described whether the joint was “interior”,
i.e., beams are attached on two opposing sides, or “exterior”.

2. f.: The compressive strength of the concrete, measured in MPa.

3. pj: The amount of transverse reinforcement, i.e., stirrups, in the joint, expressed as a
percentage of its area.

4. fyjr: The yield strength of the stirrups in the joint, measured in MPa.

5. pp, pc: The amount of longitudinal reinforcement in the beam and column, respec-
tively, expressed as a percentage of the respective cross-sectional areas.

6. fyb, fyc: The yield strength of the longitudinal reinforcement in the beam and column,
respectively, measured in MPa.

7. hy, he, by, be: The height (h) and width (b) of the beam and column, respectively,
measured in mm.

8. ALF: The axial load factor, i.e., the axial load applied to the column normalized to the
respective compressive strength f..

9.  The failure mode: This was the dependent variable in the present study and took two
distinct values. Specifically, the value “Joint Shear” (“]JS”) corresponded to cases where
the joint failed suddenly in a brittle, shear manner and the beam had not yet reached
its yield capacity. Accordingly, the value “Beam Yield-Joint Shear” (“BY-JS”) pertained
to specimens wherein the ductile flexural yielding of the beam reinforcement preceded
the brittle shear failure of the joint [3].

As was stated in the Introduction, the aim of the present study was to obtain simple,
analytical expressions to predict the failure mode of the joints based on the independent
variables/features. Thus, the input features were critical to the proposed formulation
and, to this end, a procedure known as feature engineering [23] was performed on the
original dataset. It should be highlighted that feature engineering is more general and
more involved than preprocessing a dataset. Indeed, preprocessing steps often include the
appropriate scaling of the features [24], removing outliers, or imputing missing values [25].
On the other hand, feature engineering can also include the generation of new features
from existing ones, which can be more appropriate for specific modeling purposes.

To this end, in the present study, each reinforcement percentage p, was multiplied by
the respective yield stress fy. This resulted in three new features, denoted by pfy, where
x = "“yjt”, “yb”, and “yc” for the joint, beam, and column, respectively. Furthermore, the
heights of the beam and column where combined into a single feature by obtaining the ratio
hy/he. Thus, the original set of 13 independent variables was reduced to only 7. Finally,
in 8 out of 486 instances (1.65%) the compressive strength of the concrete was over 100 MPa.
These are considered extreme values for this feature [5] and, thus, this small subsample
was removed from the dataset.

Figure 1 shows the distribution of the attributes that were included in the final dataset
after feature engineering. It can be observed that approximately 53.35% of specimens
belonged to the failure mode “JS” and the remaining 46.65% belonged to “BY-]JS”. A large
gap between the two would indicate the presence of what is known as the class imbalance
problem [26,27]. This can lead to the degradation of the performance of any ML model, and
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specialized techniques exist in the literature to address it [28,29]. However, in the present
study, the distribution of the failure modes was balanced and, thus, the implementation of
such techniques was not necessitated. Finally, Figure 2 presents an indicative RC beam—
column joint, as well as the two considered failure modes, for illustration.
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Figure 1. The distribution of the input features and the failure mode in the final dataset, after
feature engineering.

SImMTm T R S
N N S R
Beam longitudinal KT T T KK < <
'5  reinforcement
SECTION A-A SECTION B-B
A4 bo be N R
| P — —_— = N
L = NI b |
| \ // B f// ~
. ! b ,
o] 2 < I |
| | |
= | \ |
! N .
A< |
Column
7 N
reinforcement < N .
) | Y R | > St _ x B
N
@ (b) (©)

Figure 2. (a) Indicative beam-column joint, (b) JS failure mode, and (c) BY-JS failure mode.

2.2. Machine Learning Modeling

There are a large number of readily available classification algorithms that can be
implemented for the task of the prediction of the failure mode of joints [30,31]. However,
as was previously mentioned, the goal of the present study was not to exhaustively search
the many available algorithms to identify the best possible machine learning model. Rather,
the aim was to utilize the predictions of one such model, in conjunction with the SHAP
values explainability technique, as a basis to produce simplified, analytical equations
for the prediction of the failure mode. As is shown in the following, the SHAP values
approximate the behavior of the underlying ML model. Given that they were fundamental
to the proposed formulation, their reliability had to be ensured and thus, it was important
for the underlying ML model to obtain a sufficiently high accuracy. To this end, there exist
many readily available classification algorithms in the literature.

In the present study, the so-called eXtreme Gradient Boosting (XGBoost) [32] algorithm
was employed, which has been successfully utilized in similar studies [2,21]. The funda-
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mental idea of this algorithm is to combine a group of so-called “weak learners” (usually
decision trees) in a powerful ensemble model via an iterative procedure called boosting [33].
Thus, the final model takes the form of the following Equation (1) [32,33]:

NE
flx) = Z—:l A fn (20 ) 1)

In the above equation, f;; are the base models of the ensemble, 0,, and A, are the
learned model parameters as well as the respective weights, and Nf is the maximum num-
ber of base models in the ensemble and is one of the user-defined hyperparameters. In the
present study, a maximum number of Ng = 10 trees were employed, each with a maximum
depth of 3 and a maximum number of leaves equal to 5. These were selected using a
trial-and-error approach, in order to obtain a sufficiently high accuracy without overfitting.

In addition to XGBoost being a very powerful algorithm, it offers several advantages
in comparison to other popular classification algorithms, such as artificial neural networks
(ANNSs) or support vector machines (SVMs). Firstly, as a tree-based algorithm, XGBoost is
not susceptible to features whose ranges have different orders of magnitude, which is why
no feature scaling was performed as part of the preprocessing presented in the previous
section. Secondly, the tree-based nature of XGBoost offers significant computational gains.
On the one hand, the ML models themselves are faster to train. On the other hand,
the computation of the SHAP values, which generally can be a slow process, can be
efficiently carried out using the dedicated TreeSHAP algorithm [34].

2.3. Shapley Additive Explanations (SHAP Values)

SHapley Additive exPlanations (SHAP values) [35] belong to the class of the so-called
machine learning interpretability methodologies [36], which aim to explain and analyze
how complex ML models arrive at their predictions. In addition, SHAP values belong
to the subclass of the so-called additive feature attribution methods [35]. Fundamentally,
this means that the underlying trained ML model f is locally (at each input vector x)
approximated by a linear function g, which is given by the following Equation (2) [35]:

k
g(x') = o+ ) _ ¢ix] )
i=1

In the above equation, k is the number of input variables, ¢; are the corresponding
SHAP values, ¢y is the average prediction of the model, and x’ € {0, 1}¥ is the so-called
“simplified input” [35] and shows whether the value of each particular feature is missing
or not in the input vector x. The above condition is known as local accuracy [35] and
ensures that the sum of the SHAP values is close to the predictions of the underlying ML
model. Thus, if this model has a sufficiently high accuracy, the sum of the SHAP values
will, in turn, approximate the real target variable in the dataset.

Lundberg and Su-In, who introduced SHAP values in their seminal paper [35], based
the computation of these coefficients, ¢;, on so-called Shapley regression values. These
coefficients were introduced by Lloyd Shapley in the framework of cooperative game
theory [37]. Intuitively, the aim is to divide the “score” from a “game” fairly amongst the
“players”, according to each “player’s” contribution. Formally, and following the original
notation in [35], let F = {1,2, ..., k} denote the set of all the independent variables/features
in the dataset and let S C F be a subset, called a “coalition” [38]. Then, the coefficients ¢;
are given by the following Equation (3) [35]:

SHE |;||!S| - (fSU{f}(xsu{i}) _fS(xS))' ©

¢i =

SCFP\{i}
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Thus, conceptually, SHAP values are obtained as a result of a weighted averaging over
all feature coalitions of the difference between the model predictions with and without the
inclusion of the feature i.

In a binary classification setting utilizing XGBoost, as is the case in the present
study, SHAP values decompose the so-called log-odds, or logits [34]. Specifically, one
of the failure modes is designated as the generic “positive” class, while the other becomes
the “negative” class. The log-odds are then given by the following equation [39]:

|4
1n(1—p> 4)

In the above equation, p denotes the probability that a given input vector belongs
to the “positive” class. In the present study, the failure mode “JS” was designated as the
positive class and “BY-JS” as the “negative” one.

3. Results

In this section, the main results and findings of the present study are presented.
As was previously mentioned, the ultimate goal of the proposed formulation was to derive
simplified, analytical expressions for the prediction of the failure mode. This was carried
out by unraveling the predictions of a fully trained ML classifier via the SHAP values
explainability methodology, which was presented in the previous section. Subsequently,
these SHAP values were used as a basis for the derivation of the final analytical equations.

As was mentioned, the underlying ML classifier needed to exhibit a high enough
accuracy, in order to ensure the reliability of the SHAP values and, ultimately, of the
analytical equations. To this end, the rest of this section is organized as follows. Firstly,
Section 3.1 briefly presents the results of the XGBoost classifier presented in Section 2.2.
Similar results have been analyzed in the literature [2,21]. However, they serve as the basis
for the subsequent derivation of the analytical equations, which is the main novelty of the
present study. This procedure is presented in Section 3.2, along with the corresponding
classification metrics from the derived equations.

3.1. XGBoost Classification Results

To measure the performance of the binary classification model, several well-known
metrics were employed. Specifically, we utilized the so-called precision, recall, F1-score,
and overall accuracy. In a binary classification framework, these are given by the following
equations [40]:

TP
Precision = TP TP -
TP
Recall = m ©
Fi-Score = 2, o Rel o
Aeeuey = 7p ’E:Ii{‘ir FN ®)

In the above equations, TP (true positive) denotes the number of input vectors that
belong to the generic “positive” class (in this case, the failure mode “JS”) and are correctly
assigned to it by the classifier, TN (true negative) denotes the number of input vectors
that belong to the generic “negative” class (in this case, the failure mode “BY-JS”) and
are correctly classified, while FP (false positive) and FN (false negative) denote the input
vectors that the model incorrectly assigns to the respective failure modes. It should be
highlighted that the first three metrics are defined for each failure mode separately, while
accuracy is an overall metric.
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In order to obtain the performance metrics, a so-called k-fold cross-validation scheme
was employed [41]. This procedure started by splitting the dataset into k parts. Subse-
quently, the algorithm iterated over these partitions and, at each iteration, it utilized the
k — 1 parts of the dataset for training, while the remaining part was used to gauge the
performance of the trained model on “unseen” data. The final classification metrics were
obtained as the averages of the respective metrics of each fold.

This procedure greatly reduced the variance of the obtained classification metrics,
which can occur due the randomness of the train/test split. Thus, the reliability and ro-
bustness of the obtained results was increased. In the present study, k = 10 folds were
employed. Furthermore, it should be highlighted that the cross-validation scheme was
stratified [41]. This means that each train/test subset had approximately the same propor-
tion of exterior/interior nodes and failure modes and these proportions were approximately
the same as those in the original dataset.

Following the above, Figure 3 presents the cross-validated classification metrics ob-
tained from the XGBoost classifier described in Section 2.2. As can be readily observed,
the average classification accuracy using the test dataset was high, approximately 84%.
The respective classification metrics of the two failure modes were relatively close to each
other, indicating a model that was not skewed towards one of the two modes. This was
also supported by the fact that the precision, recall, and F1-score were all relatively close to
each other and to the overall accuracy.
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Figure 3. Classification metrics of XGBoost classifier obtained via 10-fold cross-validation. (a) Train
dataset and (b) Test dataset.

3.2. Derivation of Analytical Equations

In this section, the main results and findings of the present study are presented. These
pertain to the derivation of simplified, analytical equations for the rapid and efficient deter-
mination of the failure mode of reinforced concrete beam—column joints. These equations
are based on the SHAP values presented in Section 2.3, and they can be constructed by
sequentially and incrementally adding more terms to achieve the desired tradeoff between
complexity and accuracy [22].
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To this end, the first step in the proposed methodology pertained to the computation
of the SHAP values, ¢;, for each input vector. These were computed separately for the
train and test parts of each fold in the 10-fold cross-validation scheme. This facilitated
the training of the analytical equations in a similar manner to the underlying ML model.
Subsequently, the SHAP values were aggregated and normalized to produce a single
quantifier for the overall effect of each feature on the model’s predictions. Specifically, these
aggregated values were obtained as follows [42]:

b=t
ok e

In the above equation, |¢;;| denotes the SHAP value corresponding to the feature
j computed for the input vector i, n is the total number of such input vectors in the
dataset, and k is the total number of independent variables/features. Due to the above
normalization, the extracted coefficients could be interpreted as the percentage of the
average influence of each feature on the model’s predictions. The coefficients ¢; were
computed for each fold in the 10-fold cross-validation and their average was obtained.
The results are shown in Figure 4.

It can be readily observed that the two most important numerical features were found
to be f., with an average importance of approximately 22.3%, and pf,,, with an average
importance of approximately 22.9%. The ratio of the height of the beam to the height of the
column also had a relatively high importance, while the importance of the axial load factor
was found to be relatively small.
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Figure 4. Cross-validated normalized SHAP values, 43]-, as in Equation (9).

As was previously discussed, the fundamental idea of the proposed methodology was
to fit simplified, analytical equations to the SHAP values of each feature. These values were
additive and, according to the local accuracy condition shown in Equation (2), their sum
approximated the true predictions of the ML model. Thus, as was discussed in Section 2.3
and Equations (3) and (4), they approximated the logit of the probability that a given input
vector belonged to the failure mode “JS”.

Figure 5 presents the scatter plots of the SHAP values for the two most important
features as identified in Figure 4, namely pf,, and fc. The analytical equations that cor-
responded to the contribution of each feature were derived based on these scatter plots.
For example, the SHAP values of pf;, could be approximated by a square root function,
a logarithm, or a parabola. Similarly, the SHAP values of f. could be approximated by a
function of the form 1/x or an exponential.
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Figure 5. Scatter plots of the SHAP values of the two most significant numerical features, namely pf,
and f,.

In the present study, we experimented with a wide array of possible analytical func-
tions for each feature, including polynomials of various degrees, and the aforementioned
roots, logarithms, and inverses. For each feature, the form of the analytical equation that
resulted in the highest accuracy was selected. The final coefficients in each case were
computed by averaging the coefficients that were computed for each fold in the 10-fold
cross-validation process. Figure 6 shows the scatter plots of the SHAP values of the features
that were employed in the final equations, as well as the best-fitted curves that resulted
from the cross-validation process. It also displays the envelope of each fitted curve, i.e.,
the minimums and maximums across the 10 folds. It can be readily observed that the
coefficients of the fitted curves did not exhibit a huge variation across each fold, as the
respective bands of the envelopes are not very large. In any case, as was previously men-
tioned, the 10-fold cross-validation procedure reduced the variance of the coefficients that
were obtained for each particular dataset.
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Figure 6. Scatter plots of the SHAP values of the numerical features that were employed, along with
the best-fitted cross-validated curves. The envelope corresponds to the minimum and maximum
values across the 10 folds.

The curves presented above are in qualitative agreement with the currently established
literature with regards to the behavior of reinforced concrete beam—column joints. For ex-
ample, increasing the compressive strength of the concrete and the amount or strength
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of the stirrups in the joint decreases the log-odds that the given joint/input vector will
exhibit the “JS” failure mode, i.e., that it will belong to the “positive” class. Additionally,
increasing the amount of reinforcement in the beam or its strength results in a beam with
increased strength compared to the joint, thus increasing the likelihood that the “JS” failure
mode will occur. A similar observation holds for increasing the ratio of the height of the
beam, compared to the height of the column. It should be noted that there is a correlation
between the height of each bar in Figure 4 and the range of the respective SHAP values in
the above figure. Furthermore, the variations in these values, as seen, for example, in the
subplot for f;, can be further analyzed using SHAP interaction values [34]. However, due
to the excellent results achieved herein, this added complexity was not deemed justifiable.
Before the final forms of the derived analytical expressions are presented, two additional
points should be highlighted.

In addition, as can be observed from Figure 5, the expression for the contribution of
of jt Was not valid if pf yjt = 0,1, if the joint had no stirrups. For those cases, the SHAP
values of this feature ranged from approximately 0.36 to 0.505. Therefore, its contribution
could be adequately captured using a single value, the mean. In this case, the average across
the 10 folds was approximately equal to 0.429, with a standard deviation of approximately
0.055. Furthermore, as can be seen from Equation (2), in order for the condition of local
accuracy to be valid, the constant ¢y had to be added. This corresponded to the mean
model prediction. In our case, this had an average value of approximately 0.156 across
the 10 folds and a standard deviation of approximately 0.0067. It should be reiterated that
these values correspond to the log-odds, as defined in Equation (4), that a given input
vector/joint belonged to the failure mode “JS”. Thus, if the inverse sigmoid transformation
is employed to solve for the actual probability p, we obtain

1

P = T ~ 05389,

This means that, on average, the model predicted a 53.89% probability for the “JS”
failure mode, which was close to the distribution of the original dataset, as shown in the
last subplot of Figure 1. Following the above, the final derived analytical equations for
the prediction of the failure mode took the following forms. Specifically, for joints with
stirrups, i.e., wherein p f yjt > 0, we have

20.071 h, — 0.566

——— +1.321Iln +0.7311n +1.993— + —10.926, 10
\/]Tc pfyb pfyc he \/FT ( )
yit
while for joints without stirrups, i.e.,, wherein pf, ;, = 0, we have
20.071
(3/.} +1.321Inpf , +0.731Inpf  + 1.993% —-9.931 (11)
(o c

The above equations were utilized to predict the failure mode of a joint as follows.
First, the geometric and mechanical characteristics of the beam, column, and joint were
obtained. These included their dimensions as well as the amount and strength of the
reinforcement bars. Subsequently, Equations (10) and (11) were utilized. If the resulting
quantity was >0, then the corresponding probability was >0.5. Thus, the joint under
consideration was predicted to belong in the “JS” failure mode. Otherwise, it was assigned
to “BY-JS”.

Table 1 shows the respective average classification metrics obtained via the 10-fold
cross-validation procedure. For each fold, the classification metrics derived from the
corresponding analytical equation were computed separately using the respective train-
ing and test subsets. The respective standard deviations are also presented. Finally,
Figure 7 displays the classification metrics of the final model, i.e., wherein the formulas in
Equations (10) and (11) were employed.
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Table 1. Cross-validated classification metrics of fitted analytical curves of each fold.

Training Set Testing Set
BY-JS Js BY-JS JS
Precision 0.7697 £ 0.016 0.7932 £ 0.010 0.7749 £0.071 0.7847 £ 0.056
Recall 0.7613 +0.014 0.8004 4 0.018 0.7447 4 0.080 0.8072 +0.071
F1-Score 0.7653 +0.011 0.7967 £ 0.012 0.7575 £ 0.065 0.7944 + 0.054
Accuracy 0.7822 £ 0.011 0.7781 £+ 0.057

Overall Accuracy: 0.78
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Figure 7. The classification metrics of the entire dataset of the final fitted Equations (10) and (11)
using the cross-validated coefficients.

As can be readily observed from Table 1, the average classification metrics between
the training and test datasets were close to each other. This indicates that the fitted
analytical equations did not overfit. This can be attributed to the fact that relatively simple
terms were selected for the analytical equation of each feature, as shown in Figure 6.
In addition, as was mentioned in Section 2.2, the employed cross-validation scheme was
stratified, which means that each train/test subset had approximately the same proportion
of exterior/interior nodes and failure modes, and these proportions were approximately
the same as those in the original dataset. This meant that the training and test subsets were
balanced, which could also contribute to reducing overfitting.

Similarly, from Figure 7, it can be readily observed that the final simplified equations
achieved high classification metrics in both failure modes. For the failure mode “JS”, the
precision, recall, and F1-score were all very close to each other and approximately equal
to 80%. This demonstrated the very good ability of the analytical equations to detect this
failure mode, which, as was mentioned, was the most severe and potentially damaging one.
Similarly, the precision, recall, and F1-score for the “BY-JS” failure mode were also very
close to each other, ranging from approximately 76-77%. These metrics were approximately
2.3-4.4% lower than the corresponding ones of the “JS” failure mode. If these differences
were large, then the derived model would be considered biased towards the failure mode
with the highest metrics. However, in this case, the respective differences were very
small and the derived model was balanced between the two modes. Finally, it should
be highlighted that the obtained overall accuracy was also high, approximately equal to
78%. All the aforementioned metrics, including the overall accuracy, were relatively close
to the respective metrics obtained by the underlying XGBoost model. Thus, the derived
Formulas (10) and (11) could be employed confidently, without a substantial performance
degradation, compared to the underlying fully trained ML model.

The above results pertained to the “balanced” classifier obtained in Equations (10) and (11).
The classification threshold for the “JS” failure mode was set at p > 0.5 or, equivalently,
ln(%) > 0. However, it is often the case, especially in engineering applications, that
“erring on the side of safety” is preferred. For example, it could be required that a higher re-
call is obtained for the “]JS” failure mode, the most dangerous and potentially damaging one.
This would lead to more “JS” specimens being identified, although the corresponding preci-
sion index would be lower. This is due to the well-known precision-recall tradeoff [43,44].
This tradeoff can be visualized via so-called precision—recall (P-R) curves [45,46]. Similar to
ROC curves [47,48], the area under the curve (AUC) of P-R curves gives a quantification of
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their overall performance. The baseline in this case is the simple “majority classifier”, i.e.,
a model that constantly assigns the input vectors to the class with the most input vectors in
the training dataset.

Following the above, Figure 8 shows the precision—recall curve of the “JS” failure mode,
computed via the analytical Equations (10) and (11). The top-right corner corresponds to the
“perfect classifier”, and the closer the P-R curve is to it, the better its overall performance was.
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Figure 8. Precision-Recall curve for the classifier obtained via the analytical Equations (10) and (11).

Firstly, it can be readily observed that as the threshold for p decreased, more input
vectors were assigned to the “JS” failure mode. Thus, the recall index of this mode increased,
while, conversely, the precision index decreased. The threshold p = 0.5 was a balanced one,
with the precision and recall very close to each other and close to 80%. We also identified
the p threshold for a recall of ~95%, which is a commonly employed engineering standard.
In this case, p ~ 0.37 and the precision was reduced to ~69%, while the overall accuracy of
the classifier was reduced from ~78% to ~75%.

4. Summary and Conclusions

The mechanical behavior of reinforced concrete beam-column joints during a major
seismic event is one of the most critical aspects that affect the overall behavior of a structure.
Qualitatively, modern design codes dictate that, if failure is to occur, the flexural yielding
of the beam, which is a ductile failure mode, should be the first to occur (“BY-]JS” failure
mode) and not the brittle shear failure of the joint (“JS” failure mode). Thus, the rapid and
reliable estimation of the joint failure mode is one of the most crucial engineering problems
faced by modern societies.

In this regard, machine learning classification algorithms have a demonstrated capability
to produce state-of-the-art results in similar engineering challenges. However, they often suffer
from a lack of transparency, as their predictions cannot be easily understood. Furthermore,
ML algorithms are hard to incorporate into adopted engineering practice and design codes,
which necessitate the existence of simplified analytical formulas in order to make predictions.

Thus, in the framework of the present research effort, a methodology for the derivation
of simplified analytical equations for the prediction of the failure mode of reinforced
concrete beam—column joints is presented. The proposed formulation aimed to create a
link between the proven ability of ML algorithms to produce state-of-the-art results and
the aforementioned need for simplified analytical expressions.

To this end, an underlying ML model was employed for the classification task, i.e.,
for the prediction of the probability corresponding to each failure mode. Subsequently,
the SHAP values explainability technique was utilized to decompose these predictions into
components pertaining to each individual feature. As Equation (9) and Figure 4 demon-
strate, this allowed for the quantification of the overall influence of each feature on the
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outcome. Guided by this feature-importance hierarchy, the most important features” SHAP
values were utilized as a basis for the derivation of the simplified analytical expressions.
The proposed methodology offered several distinct advantages.

Firstly, the derived equations were derived in an informed manner, wherein more
terms could be added or removed independently to achieve the desired tradeoff between
complexity and accuracy, guided by the feature-importance hierarchy presented in Figure 4.
This was also facilitated by individually adjusting the form of the analytical equation that
was fitted to each feature’s SHAP values, guided by the form of the corresponding SHAP
scatter plots, as shown in Figure 5.

Secondly, as is shown in Equation (2), the SHAP values approximated the behavior of
the underlying ML model. Thus, the derived equations could achieve comparable levels
of performance, as demonstrated in Figures 3b and 7. Indeed, the XGBoost classification
model achieved an overall accuracy of approximately 84%. It corresponding precision,
recall, and Fl-score for the “JS” failure mode ranged from approximately 83.7 to 87%.
Accordingly, the overall classification accuracy for the derived Equations (10) and (11) was
approximately 78% and the corresponding classification metrics ranged from 79.1 to 80%.

Finally, it should be noted that the obtained classification metrics of the analytical
equations were balanced between the two failure modes. Indeed, as is shown in Figure 7,
the respective differences ranged from approximately 2.3 to 4.4%. However, as is demon-
strated by Figure 8, the derived equations could easily be modified to achieve a different
metric balance, for example, to obtain a higher recall index for the “JS” failure mode.

Overall, the results presented herein are promising, as they demonstrate the potential
for the derivation of analytical expressions with a comparable accuracy to fully trained
ML models. Even though the examined application pertained to the prediction of the RC
joint failure mode, the results presented here encourage the application of the examined
methodology to similar complex and impactful engineering challenges. Finally, even
though the derived equations are based on a dataset consisting of 478 RC joint experimental
results, they can be continuously updated as more data are incorporated, potentially leading
to new insights into the behavior of RC beam—column joints.

Author Contributions: Conceptualization, LK., M.K,, T.R., LI. and A K.; methodology, LK., M.K.,
T.R., LI and A K, software, LK., M K., TR,, LI. and A.K; validation, LK., M.K,, T.R,, LI. and AK,;
formal analysis, I.K. and M.K,; investigation, I.K., M.K., T.R., L.I. and A.K.; resources, M.K., T.R.
and L.I; data curation, LK., M.K,, T.R., L.I. and A.K.; writing—original draft preparation, I.K. and
M.K.; writing—review and editing, T.R., L.I. and A K; visualization, LK. and M.K,; supervision T.R.,
L.I.and A K. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The data that support the findings of this study are available upon
reasonable request.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:

RC Reinforced concrete

ML Machine learning

ANN Artifical neural network

SHAP SHapley Additive exPlanations
k-NN k-nearest neighbors

SVM Support vector machine

OLS Ordinary least squares
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XGBoost  eXtreme Gradient Boosting

P-R Precision-recall
AUC Area under the curve
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Abstract: This paper investigates the use of the BOTDA (Brillouin Optical Time-Domain
Analysis) technology to monitor a large-scale bored pile wall in the field. Distributed
fiber optic sensors (DFOSs) were deployed to measure internal temperature and strain
changes during cement grouting, hardening, and excavation-induced deformation of
a secant pile wall. The study details the geological conditions and DFOS installation
process. During grouting, the temperature increased by approximately 69 °C due to cement
hydration 30 min post-grouting, while the strain decreased by 0.5% on average due to
cement slurry shrinkage. During excavation, the temperature changes were minimal,
but the excavation depth significantly influenced the strain distribution, with continuous
compressive deformation observed in two monitored boreholes. Two analytical methods,
the numerical integration method (NIM) and the finite difference method (FDM), were used
to calculate the lateral pile displacement based on the monitored strain data. The results
were compared with previous monitoring data, showing that the lateral displacement of
the pile was minimal after excavation and was attributed to the high stiffness of the secant
pile wall. This study demonstrates the effectiveness of DFOSs and BOTDA technology for
monitoring complex pile wall behaviors during construction.

Keywords: BOTDA; distributed fiber optic sensors; bored pile wall; excavation

1. Introduction

In geological and geotechnical engineering, the excavation of cutting slopes disturbs
the initial state of equilibrium of the soil mass and may lead to slope failure in the field [1-4].
In recent years, there have been slope failures triggered by a combination of excavation, con-
tinuous rainfall, and complex engineering geological conditions [5-8]. The retaining struc-
tures used to stabilize a soil mass include different types such as geosynthetic-reinforced
soil walls [9], sheet pile retaining walls [10-12], prestressed anchor retaining walls [13],
and bored pile retaining walls [14-17]. Among all these retaining structures, bored pile
retaining walls have been demonstrated to be among the most effective structures for
maintaining the overall integrity of slopes [14]. The excavation process has a significant
influence on the stability of a soil mass, and a study on the mechanical performance of
retaining structures during excavation is essentially required for rational field design and
construction.

A variety of sensors have been developed for monitoring strain/stress distribution.
To realize continuous measurements in space of the strain/stress characteristics of piles in
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large-scale geostructures, distributed fiber optic sensors (DFOSs) based on Brillouin Optical
Time-Domain Analysis (BOTDA) or Brillouin Optical Frequency-Domain Reflectometry
(BOFDR) have been used. For analyzing the end-bearing and skin friction behaviors and
the deformation characteristic of piles utilizing DFOSs, a wide range of studies [18-32] were
performed. However, these studies primarily focused on pile performance under loading
conditions, paying limited attention to the strain and temperature variations during the
cement grouting and hardening stages, as well as to the subsequent excavation process—
factors that are critical for understanding the long-term stability of retaining walls. In
addition, to evaluate the behavior of piles as retaining structures, DFOSs were utilized to
obtain the full-length deformation along the pile depth produced by lateral soil movements,
which was then used to calculate the lateral deflection of the piles based on numerical and
analytical methods [16,17,33,34]. The lateral movement/displacement/deflection of piles
can also be defined by the term “horizontal displacement”, which results from excavation or
loading along one side of a pile wall. Nevertheless, most previous studies primarily focused
on the introduction of new sensing technologies for monitoring the behavior of bored pile
retaining walls [16], the effect of the excavation process on pile performance [16,17], and
the performance of secant piled walls [33,34]. It could be concluded from the literature that,
based on distributed BOTDA sensors, investigations on the assessment of full-length strain
along bored pile retaining walls during the cement grouting and hardening processes are
scarce. Furthermore, the analytical methods for the calculation of lateral pile movement
have not been systematically discussed yet.

The traditional methods of monitoring DFOSs frequently necessitate lengthy periods
of manual data reading in the field, and the effects of construction disturbances on the
construction sites can cause DFOSs to receive high levels of noise, which leads to errors in
the subsequent results and is an inherent challenge when DFOSs are used for construction
monitoring. Recent advances in artificial intelligence provide opportunities to address such
challenges in the field of DFOSs. Various machine learning techniques have been devised
to improve the performance of DFOSs [35]. In addition, convolutional neural network
models or algorithms, including the translation mean method [36], the Savitzky—Golay
method [34,36,37], the percentile-filter method [36], and the Ransac algorithm [28], have
been developed to perform real-time data denoising in BOTDA [38] and to accelerate the
data processing efficiency of BOTDA [39]. A review of these methods will be useful in
denoising the signals of DFOSs in investigations.

This study presents an investigation of the field monitoring of a bored pile wall
subjected to excavation using DFOSs. An introduction of the BOTDA technique is first pre-
sented, and the sensors for field monitoring were calibrated. After geological investigations,
these DFOSs were employed to measure the internal temperature and strain distribution
profile of bored piles in the cement grouting, hardening, and excavation processes. Based on
the measured strain distribution along the pile depth, lateral displacement was calculated
by two analytical methods, and previous studies were also compared with the current study
for a validation analysis. This study is innovative in systematically integrating the DFOS
and BOTDA technologies to monitor the combined effects of cement grouting, hardening,
and excavation-induced deformation, providing high-resolution, real-time strain and tem-
perature profiles. Furthermore, by introducing two analytical methods to compute the
lateral pile displacement, this research offers a robust alternative to traditional techniques,
addressing critical gaps in understanding pile behavior during construction.

2. Brillouin Optical Time-Domain Analysis (BOTDA) Technique

The real-time monitoring of strain and temperature changes throughout the entire
length of an optical fiber can be achieved through various DFOS techniques, including
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Optical Frequency-Domain Reflectometry (OFDR), Brillouin Optical Time-Domain Analysis
(BOTDA), and Brillouin Optical Tim- Domain Reflectometry (BOTDR). Each of these
techniques has unique advantages and limitations, making them suitable for different
applications in monitoring large-scale piles during construction. BOTDA relies on the
Brillouin interaction between a pulsed pump wave and a counter-propagating probe wave,
where a local acoustic wave is formed at the intersection point and detected. However, this
technique can fail if the optical fiber cable is disconnected due to harsh field conditions [40].
In such cases, the BOTDR technique can be used instead. In contrast to BOTDA, just a
pulsed pump is delivered into the tested fiber from one side in BOTDR measurements.
Since the time-resolved probe signal is back-reflected owing to spontaneous Brillouin
scattering as opposed to stimulated Brillouin scattering, the signal strength is much lower
than that obtained with BOTDA. The spatial resolution of BOTDA and BOTDR is often
lower than that of OFDR (which is, e.g., £1 cm in the sensing range of 50-70 m for Luna
OBR 4600), and the OFDR technique can detect smaller changes in pile deformation [41,42].
However, this high resolution may also make OFDR more susceptible to the measurement
noise caused by environmental factors, such as temperature fluctuations or mechanical
vibrations, particularly in dynamic environments like construction sites. Additionally,
the cost of the equipment and the complexity of data interpretation can be higher for
OFDR than for the BOTDA and BOTDR systems, which are often more cost-effective for
long-range and large-scale monitoring applications.

In the present study, BOTDA was used for measurements of both strain and tempera-
ture. The principle of the BOTDA technique is based on the stimulated Brillouin scattering
(SBS) effect, as shown in Figure 1. A pump light pulse and a continuous spectrum are
input into the two ends of a single fiber-optic sensor, and continuous light is amplified
due to the Brillouin effect when the frequency difference between the two different light
signals matches the Brillouin frequency shift. The axial strains and temperatures of fiber
optic sensors can be directly measured on the basis of their linear relationship with the
Brillouin light scattering (BLS) frequency change in the optical fiber. This linear relationship
proposed by Horiguch et al. [43] can be written as:

dvp(e, T) " dvp(e, T)

vp(e, T) = vp(eo, To) + —- (e—e0) + =7

x (T —To) @
where vg(eo, To) and vg(e, T) are the frequency shift of Brillouin scattered light before
and after the test, and ¢p and ¢ are the axial strain at a certain spatial resolution of the
optical fiber sensor before and after the test, respectively. Tp and T are the surrounding
temperature before and after the test. aVBa(:’T) and av%(;’T) are the calibrated strain coefficient
and calibrated temperature coefficient.
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Figure 1. Stimulated Brillouin scattering (SBS) principle.
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The field monitoring test utilized a DiTeSt SN0050 Dual Reading Unit data logger
manufactured by Omnisens (Switzerland) [44], which has a sampling resolution of 0.2 m
and a spatial resolution of 0.5 m. The measurement accuracy of the strain and temperature
measurements was at a level of +5 pe and £0.2 °C, respectively [16]. The frequency step
was set to 2 MHz, and the reading interval was 2 ns during the measurement. In the field, a
single measurement took an average of 87 s, and the signal from each fiber was read twice
to minimize random errors. The BOTDA settings information is summarized in Table 1.

Table 1. Parameter setting of BOTDA data logger.

Equipment Parameter Parameter Setting
Sampling resolution 0.2m
Spatial resolution 0.5m
Reading interval 2ns
Frequency step 2 MHz
Sensor line length 300 m

3. Laboratory Calibrations

In this study, two kinds of easy-bending single-mode fibers (SMFs) were adopted for
the strain and temperature measurements. Figure 2a shows the structure of a bare FOS for
the strain measurement of piles. The external diameter of the strain sensor was 0.9 mm. The
SMEF for strain measurement not only provides improved performances with extremely low
fiber attenuation at wavelengths ranging from 1260 nm to 1625 nm, but also has excellent
bending resistance because it was manufactured by a plasma-activated chemical technique.
To improve the fiber’s longevity, the SMF was coated with two layers of UV-cured acrylic
including a silica clad and a PVC buffer coating. An armored optical cable was used not
only for signal transmission but also for temperature monitoring, as shown in Figure 2b.
This temperature sensor cable mainly includes a 0.9 mm tight-buffer fiber (for temperature
monitoring), a flexible metal tube, an aramid yarn, and an external jacket (3 mm). The
SMEF for the temperature sensor is loosely placed into a hollow steel tube. The inner fiber
is loose and shielded by the metal tube, allowing it to be solely exposed to temperature
changes. As mentioned by Soga and Luo [41], there is a large space for movement between
the metal tube and the fiber because the 0.9 mm tight-buffer fiber is loose inside the metal
tube. Therefore, it can be seen that the strain information is not transmitted through the
metal housing to the internal fibers. In summary, the fiber has a high strain sensitivity and
can withstand extreme environmental conditions.

A series of laboratory calibration experiments were carried out by exerting varied
strains on a specified length of the SME. Figure 2c shows an overall view of the setup of
the calibration test. The SMF cable was mounted on a calibration platform and twisted
into six loops between two high-precision micro-displacement platforms with a diameter
of 40 mm and a spacing of 350 mm, whereas one of the micro-displacement platforms
was coupled with a linear variable differential transformer (LVDT) with measurement
accuracy of 0.01 mm to control the applied strain and to verify the calculated strain. As
shown in Figure 3a, the Brillouin frequency shift had a highly linear relationship with the
applied strain (interval of 500 micro strains), and we could obtain the strain coefficient
of 0.04715 MHz/ e through this relationship. The calibration result for the temperature
is shown in Figure 3b, which also shows a clear linear relationship between Brillouin
frequency shift and temperature. Based on the obtained strain coefficient, the calculated
strain was verified by the measured strain by the LVDT. As shown in Figure 3c, the
calculated strain agreed well with the measured strain. In this study, the structure of
the fiber optic cables used in the calibration tests was the same as that of the inner bare
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fiber optic cable for field monitoring applications, except for one external PVC protection
layer. Based on previous literature reporting that the strain transfer coefficients from the
monitored substrates to fiber optic sensors are mostly between 0.95 and 0.99, it appears
that almost all strains of substrates can be transferred to inner bare fiber optic strain
sensors [45-47]. In addition, the fiber optic was placed in a sonic tube commonly used in
cast-in-place piles and grouted into an integrated section by cement [48]. Similar to the
situation in this study, where a dual-layer-coating fiber embedded in cement withstood a
uniform strain field, 95% of the solid strain could be developed in the fiber beyond 55 mm,
and 99% of the strain could be developed over 84 mm from both ends of the cable [47].
Therefore, the influence of the external protective layer on the strain transfer coefficient
for transfer between the monitored substrate and the fiber optic sensor was limited (less
than 5%).

e .
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Figure 3. Calibration results of the DFOS: (a) calibration results of the DFOS for strain measurement,
(b) calibration results of the DFOS for temperature measurement, and (c) comparison of strain
measured by LVDT and DFOS.

4. Engineering Geological Condition and Field Monitoring
4.1. Engineering Geological Condition

It is necessary to conduct engineering geological investigations, which are fundamental
for the selection of construction sites and the reinforcement design for slopes subject to
excavation investigations. The monitoring project was located at Anderson Road in Sai
Kung District, east coast of Hong Kong. This district is a seaside region known for its
landscape, little settlements, and beautiful seascapes. A traffic road was constructed at the
bottom of the soil slope, and the upslope was a service reservoir facility. A secant pile wall
was constructed to stabilize this soil slope, which was subjected to multi-stage excavations.
This retaining wall includes 33 bored piles, reaching 3.0 m in diameter for each pile. A
capping beam with dimensions of 2.0 m in height and 3.0 m in width was constructed to
connect all bored piles. A schematic view of the secant pile wall is shown in Figure 4a.
Photos of the site in this study before and after slope excavation are shown in Figure 4b,c.

According to the geological survey report, the geological profile around the secant
pile wall is shown in Figure 5a, with a 36.5 m thick layer of completely decomposed granite
(CDG) covering moderately to slightly decomposed granite (M/SDG). Some physical prop-
erties of CDG are summarized in Table 2. The slope surface was inclined at 30° with respect
to the horizontal. It should be noted that the heterogeneity of the CDG layer, including local
fractures and variations in material properties, may influence the performance of DFOSs.
For example, localized discontinuities or weak zones within the soil could lead to irregular
signal fluctuations or noise in the strain measurements. To mitigate these potential impacts,
we optimized the sensor layout and employed advanced data processing techniques. Two
bored piles (BP19 and BP28) with length of 30.24 m and 41.58 m (as shown in Figure 4)
were mounted with DFOSs in this study to investigate the mechanical behavior of piles
subjected to excavation. In each monitoring pile, two prefabricated holes were reserved for
steel tubes for the installation of DFOSs, as illustrated in Figure 5b. A total of four SMF
cables, including two temperature-monitoring cables and two strain-monitoring cables,
were installed in two opposite holes, perpendicularly to the direction of the excavation face
of the secant pile wall, as shown in Figure 5c. The temperature-monitoring fibers were
installed within rigid sleeves, allowing them to slide freely and remain unaffected by strain,
ensuring that their signals only reflected temperature variations. The strain-monitoring
fibers, on the other hand, were bonded to the structure and thus subjected to both strain and
temperature effects. By using the temperature data from the temperature-monitoring fibers
for compensation, the temperature effects on the strain-monitoring fibers were removed,
isolating the strain-induced signal. The distance between the two opposite holes was 2100
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mm. This configuration was carefully designed to capture both tensile and compressive
strains along the pile depth induced by the excavation, as well as to monitor temperature
variations during cement grouting and hardening. The placement of the holes perpen-
dicularly to the excavation face allowed the sensors to effectively measure the bending
behavior of the pile under asymmetric soil pressure and excavation-induced deformation.
Additionally, embedding the cables in opposite holes ensured symmetrical monitoring,
minimizing potential measurement errors caused by construction disturbances or uneven
loading conditions. Furthermore, this layout was determined based on the pile diameter,
as the installation of too many sensors could result in mutual interference, reducing the
measurement accuracy. Temperature sensors and strain sensors were installed in close
proximity to enable temperature compensation for the strain measurements, thereby im-
proving the reliability and precision of the strain data. This balanced approach ensured
sufficient data resolution while avoiding overcrowding of the sensors, addressing both
technical constraints and monitoring objectives.
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Figure 4. Overall view of the field site: (a) schematic view of the locations of the instrumented piles,
(b) photo of the site before excavation, and (c) photo of the site after excavation.
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Table 2. Physical parameters of CDG.

Specific Dr}f Pl.a st.1c L1'qu}d Cohesion Friction
Gravit Density Limit Limit (kPa) Angle
y (g/cm®) (%) (%) ©)
2.6 1.75 22.7 32.8 26 34

4.2. Field Monitoring

Some details of the field installation of the DFOSs in this case are shown in Figure 6.
When designing the spacing of the two fiber optic sensors, in order to sufficiently mea-
sure the strain when the pile is bending, the measurement points must be symmetrically
arranged at a certain distance from the center of the pile. This is because it is difficult to
ensure uniformity of the concrete—soil contact interface when a bored pile is introduced,
and the steel reinforcement placed in the pile may lead to an uneven strain distribution
in the pile. Therefore, the design of the monitoring system was based on the expected
maximum horizontal displacement of 20-60 mm prior to construction and the average
Young’s modulus Eg = 28 x 106 kPa of the bored pile. At a spacing of 2100 mm (as shown in
Figure 5b), the maximum strain was between 0.3 and 0.6%, which falls within the practical
range for fiber optic strain monitoring that has an upper strain limit of approximately
3-5% [49]. Figure 6a shows that the central section of each SMF cable was suspended by a
dead load, which kept the cable vertical and confirmed the bottom location of the cables
when reading the sensing data. Each DFOS cable was connected in a measurement loop
and placed into the reserved tubes, as shown Figure 6b. Imai et al. [50] agreed that it is
feasible and advantageous to install DFOSs inside the structural components, for example,
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by embedding them inside the concrete, which has numerous advantages. Likewise, the
DFOSs were embedded inside the structural components, as shown in Figure 6c.
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Figure 6. Field installation and monitoring of the DFOSs with the BOTDA sensing technology:
(a) central section of each SMF cable suspended by a dead load, (b) location of the reserved tubes,
(c) installations of all cables, (d) protection box for the pile embedded with DFOSs, and (e) field work
of data collection and reading using the BOTDA analyzer.

It is worth noting that the whole monitoring hole was filled with cement grout, which
ensured that all fiber optic sensors successfully reflected the pile wall deformation after
the cement hardened [47,48]. Figure 6d shows two protection boxes for the placement of
DFQOSs. Figure 6e illustrates the setup of data collection from fiber optic sensors using the
BOTDA analyzer. According to Kechavarz, et al. [51], it is also crucial to have some prior
knowledge of the size of the minimum strain that has to be recorded and to make sure that
it is much larger than the measurement performance in order to improve the performance
of the developed system in the field load test. For a secant pile wall, the initial maximum
axial strain can be estimated with prior knowledge of the applied force and pile diameter.

5. Monitoring Results and Analysis
5.1. Data Reading and Processing

Figure 7 illustrates the initial frequency distributions for stain monitoring and tem-
perature monitoring of the pile BP28. The measured data can be separated into two
symmetrical measurement sections from pile head to pile toe, representing a loop of the
sensor cable along the pile depth. The obtained initial frequency distributions showed
substantial fluctuations. Previous research has shown that the data analysis of distributed
strain/temperature measurements obtained in the field has always been complex due to
unavoidable measurement errors produced by the complex strain input as well as the ana-
lyzer’s performance restrictions [52,53]. To make an accurate judgment on the deformation
of a pile, it is necessary to analyze the original data and undertake smoothing analysis
using scientific procedures. Various scientific approaches, at present, have been used to
process the original signal, including the translation mean method [36], the Savitzky-Golay
method [34,36,37], the percentile-filter method [36], and the Ransac algorithm [28]. Rolling
filtering is a technique for eliminating noise from measurement data [52]. As the BOTDA
analyzer evaluates a weighted average of strain across space, the Savitzky—-Golay filter [54]
was considered for noise reduction. This method fits a polynomial to a local subset of
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data points within a defined window, minimizing the least-squares error. The filter pa-
rameters, including the polynomial order and the window size, significantly influence
the results. Larger window sizes result in excessive smoothing and loss of detail, while
higher polynomial orders introduce oscillations that are not representative of the physical
strain distribution. A second-order polynomial with a window size of 15 was selected after
testing different parameter combinations on a subset of the data. This configuration has
been shown in prior research to effectively reduce noise while maintaining the physical
characteristics of distributed strain and temperature profiles [34,36].
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Figure 7. Initial and smoothed frequency distributions along the DFOS for (a) stain monitoring in
pile BP28 and (b) temperature monitoring in pile BP28.

The comparisons between the original frequency distributions and the smoothed
distributions are also presented in Figure 7. It is clear that the fluctuation amplitudes of the
raw distributions are reduced, and all curves become smoother as a result of the filtering
of unnecessary noise and surrounding interferences. In addition to the introduction of
a smoothing analysis, the two symmetrical measurement sections were averaged. The
smoothed and averaged frequency distributions can be used to compute both strain and
temperature distributions using previous calibrated coefficients, as described in Section 3.
Both smoothed and averaged strain distributions (pure strain change) were obtained
considering the measured temperature distribution using the fiber optic sensors. The
temperature difference between the two measurements was calculated and compensated
in relation to the strain value by the temperature compensation factor of 18.793 pe/°C
provided by Omnisens, Switzerland [44].
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5.2. Effect of Grouting and Cement Hardening

In the grouting process, it is inevitable that the flow of cement slurry will affect the
position of the FOS cables, causing errors in the measured data masking the real effects of
the cement slurry. Therefore, first, sensor data were collected immediately once grouting
was completed, and a second data collection was conducted over the complete grouting
of 30 min. The strain and temperature distributions obtained in the two data collections
for BP19 are shown in Figure 8. It can be seen that the temperature increased in a range
from 63 to 73 °C (about 69 °C on average), while the obtained shrinkage strain was within
the range of 0.2-0.6% (around 0.5% on average) 30 min after grouting was completed.
The temperature fluctuated with the pile depth, approximately ranging from —5 °C to
+5 °C. Similar fluctuations occurred in some previous studies [24,55]. It was inferred that
this fluctuation was mainly caused by the following factors: (1) the buried piles were
surrounded by CDG and M/SDG, or the CDG stratum was heterogeneous (as shown in
Figure 5a); (2) there might be unavoidable cracks or defects within the pile after construction.
The crack theory is based on the concept that cracks are essentially structural discontinuities
that may alter the stress and strain distribution inside a material. The existence of fractures
may lead to localized stress concentrations, which in turn might cause fluctuations in the
strain signals [56]; (3) construction disturbances on construction sites can cause DFOSs
to receive amounts of noise that can lead to errors in the subsequent results. During the
grouting process, the heat emitted by the cement hydration reaction rapidly leads to a
temperature rise in the cement slurry, but rapidly dissipates in the following half hour.
Such a high hydration temperature (60-80 °C) was also reported by Fellenius et al. [57].
The strain change mainly resulted from the shrinkage deformation of the cement slurry in
the process of the hydration reaction. The cement slurry at the pile tip started the hydration
reaction earlier, since cement grouting was conducted from the pile tip to the top. As a
result, the shrinkage degree at the bottom was relatively smaller than at other positions. It
may be worth noting that the uncorrelation between temperature and strain in this study
(as shown in the following Figure 8) was proved by a Spearman’s correlation coefficient p
of —0.083, which is larger than —0.4. Kowalczyk et al. [58] assumed that two variables are
correlated only when p is in a range from —1 to —0.4 and from 0.4 to 1, indicating that the
presented temperature sensor is insensitive to strain.
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Figure 8. Changes in strain and temperature in two data collections (once grouting was completed
and over the complete grouting of 30 min) along the length of BP19.
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The temperature distribution profile of BP19 measured after cement hardening (April
14) was used as the baseline, and the temperature change along the pile, measured from
March 10 (after grouting, before the initial setting time of the cement) to May 5, is plotted
in Figure 9. As shown in Figure 9, the average temperature measured on the day of
grouting was higher than that measured one month later, in the range from 27 °C to 54 °C
(38.5 °C in average), which was due to the heat concentration and dissipation caused by
the hydration reaction of the cement grout. After the initial setting time of the cement
grout, the measured temperature profile varied within a limited range (from —5 to 5 °C),
indicating that the hydration reaction was completed after March 29. This observed
temperature variation with the pile depth was mainly attributed to a temperature change
in the surrounding environment.
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Figure 9. Average temperature profile measured from March 10 (after grouting, before initial setting
time of cement) to May 5 along pile BP19.

Before and after cement hardening, the strain and temperature distributions in two
boreholes of BP28 were measured to evaluate the effect of the hardening process on the
pile performance, as shown in Figure 10. It is seen in Figure 10a,b that an obvious strain
reduction before and after hardening was clearly observed. Both strain distributions
measured at deeper positions close to the pile tip were relatively lower than the strain at
lower positions. The strain distributions inside two capping beams were similar, presenting
consistent variation trends as time elapsed. The temperature distribution showed a slight
change after the hardening of the cement grout, as shown in Figure 10b,c. The temperatures
measured at the pile tips were both around 2.5 °C lower than at the pile head.

5.3. Effect of the Excavation Progress

Both initial temperature and strain distributions before the excavation were used
as reference baselines to investigate the influence of different excavation stages on the
deformation characteristics of the pile. Figure 11 depicts the strain distribution profiles in
the two opposite boreholes of BP19 and the corresponding excavation depths at different
excavation stages (From September 22 to December 29). Compressive strain distributions
inside the two boreholes were clearly observed and presented a significant increment in
magnitude as the excavation progressed. The excavation depth had a significant influence
on the strain distribution profiles of pile BP19. The strain distribution inside the borehole
close to the excavation area (within a range from —450 e to 0 pe, as shown in Figure 11b)
was higher than that inside the borehole away from the excavation area (within a range from
—380 pe to 0 pe, as shown in Figure 11a). The magnitude of the compressive (negative)
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strain increased as the excavation depth increased, and the maximum negative strain

moved downward as the excavation progressed from 4 m to 13 m.
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Figure 10. Strain and temperature distributions in two boreholes of BP28 before and after hardening
of cement grout: (a) strain profile of borehole A, (b) strain profile of borehole B, (c) temperature
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Figure 12a—e depict the strain profile distributions inside two opposite boreholes of

BP19 at different excavation dates or excavation levels (excavation depths). The obtained

averaged strain clearly indicates that the bored pile was under substantial compression.

The larger compressive strain at borehole A (close to the excavation area) indicates that the

pile moved toward the excavation face. All curves for the strain inside the two boreholes

intersect at the bottom of the capping beam (2 m underground), revealing that the capping

beam constrained the pile movement during the excavation.
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Figure 12. Comparison among strain distributions in two boreholes of BP 19 and their average strain
distributions at different excavation levels: (a) September 22nd; (b) October 13th; (c) November 16th;
(d) December 8th; (e) December 29th.

6. Analytical Methods for the Calculation of the Lateral Pile Movement

It is essential to investigate the lateral deflection of piles caused by soil excavation

and the location of the maximum lateral deflection. In field monitoring, the conven-

tional point inclinometer was popular and extensively applied to measure lateral displace-
ment [16,33,37,59-61]. Alternatively, based on the strain distribution observed with DFOSs,
two numerical approaches, including the finite difference method (FDM) and the numerical

integration method (NIM), were successfully used to compute lateral displacement against
pile depth [16,62]. The NIM is a popular method to obtain the deflection y(z) of piles
with the assumption that strain distribution along the longitudinal direction of a pile is

linear, as shown in Figure 13. This assumption aligns with the basic beam theory, and the

relationship between curvature and strain is expressed as:
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72 2

where M, E, and [ are bending moment, elastic modulus, and moment of inertia of the

M D:st—ec 3)

cross section of a pile, respectively; k is the curvature coefficient; D is the distance between
two opposite fiber optic sensors; and ¢; and ¢, represent the tensile and the compressive
strain, respectively. Combing Equations (2) and (3) yields:
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Figure 13. Schematics of deflection calculation for beam element.

To calculate the standard deviation of the displacement using the NIM, we need to
integrate the square of the strain differences over the length of a pile. For the 95% confidence
interval, the accuracy of the displacement is approximately calculated as 0.155 mm.

The FDM discretizes the governing equations of the basic beam theory into a finite
difference form, allowing the curvature and displacement to be calculated iteratively over
small segments of the pile. It is assumed that a continuous beam is separated into several
tiny elements, and the interval between adjacent elements is assumed to be h. The first
derivatives of y at the locations z — 4, z, and h are obtained as follows:

[y(z+h) = y(2)] Q)

= -

y'(2) =

yy' (2= 1) = 2 [y(z) — y(z — )] ©

where y'(z) and y'(z — h) are the slopes of the deflection of the pile depth from z to z + h and
from z — h to z, respectively. The second-order derivative can be obtained as shown below:

y'(2) = H{ A+ 1) - y(@)] - by - y(z - 1)}

1 7)
= Lly(z+h) —2y(z) + y(z — h)]

To calculate the overall pile deformation from discrete strain measurements distributed
along the pile length based on the elasticity theory, it is assumed that the pile deflection is
small and the strain distribution along pile section is linear. This assumption was also made
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in previous studies [34,63,64]. According to the basic beam theory, we can use Equations
(2) and (3) combined with Equation (7) to obtain the lateral displacement of the pile:

2
yy(z+2h) = 2y(z+h) +y(z) = %(st — &) (8)

Equation (8) can be solved by the given boundary conditions. In this study, the
monitored pile was inserted into slightly decomposed granite; so, the pile tip could be
considered as a fixed end.

Figure 14 shows the lateral displacement distributions calculated by both NIM and
FDM at five different excavation stages. The two lateral displacement distributions along
the pile depth at different excavation levels calculated by NIM and FDM were consistent,
with a maximum difference of less than 3% being obtained at the pile head. The lateral
displacement increased from the pile tip to the pile head, approaching a maximum level
at the pile head. The maximum lateral displacement increased as the excavation work
proceeded. In addition, within a 95% confidence interval, the true value of displacement
was within £0.155 mm of the calculated result.
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Figure 14. Comparison between the lateral displacements calculated by (a) NIM and (b) FDM.

7. Discussion

To further verify the calculated lateral displacement based on NIM and FDM, some
relevant studies [65-72] were selected for comparison. Figure 15 shows the maximum
lateral displacement against the excavation depth from the present study and some previous
studies. The maximum displacement of the presented secant pile wall obtained by NIM
and FDM increased as the excavation depth rose, which is consistent with the curve trends
observed in previous studies. The ratio of the maximum displacement to the excavation
depth in the present study was around 0.2%, which is relatively low compared to the values
obtained in previous studies. This difference may be attributed to the fact that the maximum
deflection is also influenced by retaining stiffness, soil strength, water level change, and
construction methods. To objectively discuss the relationship between maximum lateral
displacement and excavation depth, Spearman’s correlation coefficient p was also used to
evaluate the strength and direction of the monotonic association between maximum lateral
deflection and excavation depth. In this study, the calculated p between maximum lateral
deflection and excavation depth equaled 0.423, which is larger than 0.4 (as mentioned
in Section 5.2). This fact reconfirmed that the maximum displacement had a positive
correlation with the excavation depth.
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Figure 15. Comparison of maximum lateral deflection versus excavation depth between the current
study and previous studies [65-72].

Figure 16 presents the locations of the maximum wall displacement against the exca-
vation depth from the present study and previous studies [71,73]. The previous studies
were divided into three groups according to the type of the retaining walls (including
compound deep soil mixing walls, diaphragm walls, and contiguous pile walls). In most
previous studies, the maximum deflections were present when the ratio of L, /H was
within the range of 0.5-2.0. The ratio of L, /H in the present study was limited (less than
0.1), indicating that the stiffness of the secant pile wall was high, and the influence of the
excavation work on the pile movement was ignorable.
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Figure 16. Comparison of the locations of maximum wall displacement versus excavation depth
between the current study and previous studies [71,73].

However, the deformation behavior of a pile during excavation is governed by the
soil-structure interactions, which are influenced by the excavation depth, the soil properties,
and the pile characteristics. As the excavation depth increases, the removal of lateral soil
support induces stress release and lateral soil movements, which impose bending moments
and shear forces on the pile. The pile resists these movements through its stiffness and
embedment depth, which results in a coupled soil-pile response. The results presented in
this study, which analyzed the effect of excavation depth on pile deformation, are consistent
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with these soil-structure interaction mechanisms. As the excavation depth increased, the
lateral soil movements became more pronounced, exerting greater forces on the pile and
resulting in larger displacements.

Moreover, compared to traditional monitoring methods (e.g., inclinometers, strain
gauges, extensometers), DFOSs offer distributed measurements with high spatial resolution
(millimeters to centimeters), enabling the detection of localized strain or deformation
patterns that may be missed by discrete sensors. While traditional methods provide higher
point-specific accuracy, their limited spatial coverage can overlook subtle changes along
the structure. In terms of cost and deployment, the DFOS systems require higher initial
expenses due to the need of specialized equipment and fiber installation but become more
economical and efficient for large-scale or long-term monitoring, as one fiber can replace
hundreds of discrete sensors. In contrast, the traditional techniques are more suitable for
small-scale applications but become labor-intensive and costly when dense monitoring
networks are required. These characteristics make DFOSs particularly advantageous for
large-scale geotechnical and structural health monitoring projects.

8. Conclusions

This study presents an investigation of the field monitoring of a bored pile wall using
DFQOSs. Both grouting and excavation phases of the secant pile wall were considered in
this monitoring study. Our conclusions and findings are as follows:

(1) The internal temperature increased by about 69 °C on average due to the cement hy-
dration reaction inside the measurement borehole (30 min after cement grouting was
completed) and a corresponding shrinkage strain of 0.5% on average was measured,
due to the hardening effect of the cement slurry;

(2) The excavation depth had a significant influence on the strain distribution inside two
boreholes in the monitored pile. A compressive strain distribution (inside the two
opposite boreholes) of the monitored secant pile was clearly observed and increased
substantially as the excavation progressed. The capping beam mounted at the pile
heads exerted a substantial restrain on the induced deformation, decreasing the pile
movement towards the excavation area;

(3) The displacement distribution of the pile wall was computed by both NIM and FDM.
The calculated maximum displacement of the presented secant pile wall increased as
the excavation depth rose, which was consistent with the curve trends observed in
previous studies and was also reconfirmed by the fact that the calculated p between
maximum lateral deflection and excavation depth equaled 0.423. A comparative
study indicated that the lateral displacement of the presented pile was limited after
excavation due to the high stiffness of the secant pile wall.

The use of the DFOS technology demonstrated its potential to provide high-resolution,
distributed-strain data, enabling a more precise monitoring of pile behavior during con-
struction. This will enhance the ability to assess structural performance in real time,
contributing to safer and more efficient construction practices, particularly in urban excava-
tion projects where deformation control is critical. The results also reinforce the suitability
of secant pile walls as retaining structures requiring minimal deformation, offering valuable
guidance for future designs. This work opens several avenues for future research. Inves-
tigating the behavior of secant pile walls in different soil types or under varying loading
scenarios could expand the applicability of these findings. The long-term monitoring of pile
walls under operational conditions will provide insights into their performance over time,
including creep effects and cyclic loading behavior. Additionally, integrating DFOS data
in advanced numerical models could improve the accuracy of soil-structure interaction
predictions. Future research should also explore the application of DFOSs in other retaining
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structures and their potential for real-time monitoring and automated decision-making
during construction.
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Abstract: This study investigated the changes in the acoustic emission (AE) activity emitted
in fiber-reinforced concrete (FRC) under flexure at two temperatures (25 °C and —20 °C).
Seven concrete mixtures were developed with different water-binder ratios (w/b) (0.4 and
0.55), different fiber materials (steel fiber (SF) and synthetic polypropylene fiber (Syn-PF)),
different fiber lengths (19 mm and 38 mm), and various Syn-PF contents (0%, 0.2%, and
1%). Prisms with dimensions of 100 x 100 x 400 mm from each mixture underwent a
four-point monotonic flexure load while collecting the emitted acoustic waves via attached
AE sensors. AE parameter-based analyses, including b-value, improved b-value (Ib-value),
intensity, and rise time/average signal amplitude (RA) analyses, were performed using the
raw AE data to highlight the change in the AE activity associated with different stages of
damage (micro- and macro-cracking). The results showed that the number of hits, average
frequency, cumulative signal strength (CSS), and energy were higher for the waves released
at —20 °C compared to those obtained at 25 °C. The onset of the first visible micro- and
macro-cracks was noticed to be associated with a significant spike in CSS, historic index
(H (1)), severity (Sy) curves, a noticeable dip in the b-value curve, and a compression in
bellows/fluctuations of the Ib-value curve for both testing temperatures. In addition, time
and load thresholds of micro- and macro-cracks increased when samples were cooled down
and tested at —20 °C, especially in the mixtures with higher w/b, longer fibers, and lower
fiber content. This improvement in mechanical performance and cracking threshold limits
was associated with higher AE activity in terms of an overall increase in CSS, S;, and H
(t) values and an overall reduction in b-values. In addition, varying the concrete mixture
design parameters, including the w/b ratio as well as fiber type, content, and length,
showed a significant impact on the flexural behavior and the AE activity of the tested
mixtures at both temperatures (25 °C and —20 °C). Intensity and RA analysis parameters
allowed the development of two charts to characterize the detected AE events, whether
associated with micro- and macro-cracks considering the temperature effect.

Keywords: fiber-reinforced concrete; passive acoustic emission analysis; four-point flexural
test; crack classification; cold temperatures

1. Introduction

The properties of materials generally (specifically concrete) change drastically when
the temperature drops from ambient to subnormal temperatures [1,2]. Previous studies
reported an increase in flexure strength, elastic stiffness, and compressive strength at low
temperatures [3,4]. Despite the aforementioned beneficial effects, concrete is shown to be
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more brittle [4,5]. Sloan [6] studied the seismic behavior of reinforced concrete members
at low temperatures and reported that decreasing temperature to —40 °C led to a sudden
failure once they reached the maximum compressive strength indicating a brittle failure.
Various solutions were proposed to improve concrete’s brittle behavior, especially at low
temperatures. One of the most effective approaches is designing concrete with randomly
dispersed discontinuous fibers [7,8].

By including fibers, concrete’s intrinsic flaws, such as poor post-cracking ductility, low
tensile strength, and low deformation capacity can be controlled [9,10]. Hence, cementitious
materials will be damaged by numerous narrow cracks, thereby reducing the risk of
catastrophic failure [11-13]. Ismail and Hassan [14] investigated the effect of including
various lengths and contents of steel fibers on the mechanical properties and impact
resistance of rubberized concrete mixtures. The results revealed that increasing steel fiber
content up to 1% increased the compressive strength, splitting tensile strength, flexure
strength, and impact resistance by 1.07, 1.93, 1.75, and 4 times, respectively, to that of a
control mixture without fiber. The mechanical behavior of fiber-reinforced concrete (FRC)
is dependent on a number of factors, including the water-binder (w/b) ratio and fiber type,
volume fraction, length, strength, and stiffness [15-17].

Among several techniques used to assess the concrete’s performance, an acoustic
emission (AE) analysis is a real-time non-invasive technique that has been used by many
researchers in FRC applications [18-23]. AE refers to sound waves produced when a
material undergoes cracking. The characteristics of the generated AE wave (e.g., counts, the
number of hits, amplitudes, rise time, duration, frequency, signal strength, and energy) are
proportional to the size of crack growth, which can provide valuable information regarding
cracking levels [24-26]. An AE analysis can take the form of parameter-based or waveform-
based AE approaches. A waveform-based AE analysis can offer more information than a
parameter-based analysis regarding source identification and signal characterization [27],
yet a parameter-based analysis, such as b-value, improved b-value (Ib-value), intensity, and
rise time/average signal amplitude (RA) analysis approaches, may provide quantitative
results that can be used to evaluate the extent of damage in concrete structures.

The b-value and intensity analyses performed by Abouhussien and Hassan [18] on the
AE signal amplitudes emitted under flexure in fiber-reinforced self-consolidated concrete
allowed for the early detection of two stages of damage (micro- and macro-cracking) prior
to failure. In addition, analyzing the change in RA values and average frequency (AF)
allowed Aggelis, Soulioti [20] to highlight the effect of chemically treated and untreated
steel fibers on the fracture mechanism of FRC under four-point flexure tests. An RA
analysis allowed Liu, Li [28] to monitor the mechanical performance of crumb rubber basalt
fiber-reinforced concrete under a three-point flexure test.

Concrete mixtures with different microstructures and mechanical properties produce
different types of acoustic activity when they undergo cracking [29]. Consequently, factors
that affect concrete microstructure, such as cold temperatures, are anticipated to change
the behavior of AE waves emitted in concrete mixtures and should be investigated. The
sensitivity of the AE monitoring technique to the changes in the concrete microstructure
was examined in this study. Whilst the behavior of AE waves emitted in FRC under flexure
at ambient room temperature is well documented [18], the literature lacks information
regarding the change in acoustic activity at subfreezing temperatures. The ultimate goal
of this study is to fill this gap and to assess the effect of different w/b and fiber types,
lengths, and contents on AE wave propagation at low temperatures reaching —20 °C.
The selected low temperature value of —20 °C considered in this study was based on the
average operating temperatures during the winter months in North America. Furthermore,
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the study aims to develop criteria to characterize the micro- or macro-cracking stages
considering the temperature effect and the aforementioned mixture design variables.

2. Research Significance

AE waves accompanying the nucleation of concrete cracks can provide valuable
information about the damage if properly collected and analyzed. Any change in transfer
medium microstructure caused by factors such as the concrete type and the exposure to
cold temperature can affect the behavior of AE waves. As a result, this study investigates
the behavior of the AE waves emitted in FRC under flexure at low temperature. In
addition, this paper studied the effect of varying the w/b, fiber materials (steel or synthetic
polypropylene), fiber contents (0%, 0.2%, and 1%) and fiber lengths (19 mm and 38 mm),
and testing temperatures (—20 °C and 25 °C) on the behavior of the AE waves. This
study also developed classification charts based on intensity and RA analysis parameters
that consider temperature effect to evaluate the cracking behavior of FRC. This study
is anticipated to enrich the integration of the AE analysis method as a non-destructive
technique for FRC in cold regions.

3. Experimental Program
3.1. Concrete Mixture Development

The trail mixture stage targeted a class of SCC mixtures having a slump flow diameter
of 700 £ 50 mm, meeting the SCC conformity criteria given by the EFNARC (2005) [30].
Several trial mixtures were performed to determine the minimum w /b, total binder con-
tent, optimum type and content of supplementary cementing materials (fly ash (FA) or
metakaolin (MK)), and the type and content of fibers required to develop mixtures M1, M6,
and M7, meeting the acceptable fresh properties limits of SCC according to the EFNARC
(2005) [30] without overdosing the high-range water-reducing admixtures (HRWRAs).
Meanwhile, mixtures M2-M5 were adopted from a previous study performed by the
authors [23]. The optimum results of the seven concrete mixtures are listed in Table 1.
Since the characteristics of the acoustic waves are related to the mechanical properties and
microstructure of the damage source [29], two non-fibrous SCC mixtures (M1 and M2) were
developed with different w/b (0.55 and 0.4, respectively) to investigate the effect of turning
a high amount of water into ice on the behavior of the acoustic waves when samples are
cooled down and tested at —20 °C. The variation in the w /b ratios is expected to have an
impact on the microstructure of concrete and the overall flexural behavior of concrete at
low temperatures.

Table 1. Concrete mixtures composition.

Water
Mixture No. Mixture Type (Ckegl?ni?)t (klg\lllxl'lie') (ng/?n3) C/F  W/B (k;ié) (k};/ll; 5 ﬁfgl}:i?)t X;f I;Il?g‘;ﬂg?
M1 M500-0.55w /b 500 - - 0.7 0.55 606.15 865.83 275 - 1.43
M2 M500-0.4w /b 500 - - 0.7 0.4 686.57 981.21 200 - 217
M3 M550-control 275 110 165 0.7 0.4 619.67 885.84 220 - 3.51
M4 M550-SynF19 275 110 165 0.7 0.4 619.67 885.84 220 0.2 442
M5 M550-SynF38 275 110 165 0.7 0.4 619.67 885.84 220 0.2 4.69
Mé6 M550-1%SynF38 275 110 165 0.7 0.4 619.67 885.84 220 1 5.76
M7 M550-SE35 275 110 165 0.7 04 619.67 885.84 220 0.2 4.66

Note: 1 kg/m? =0.06243 b /ft>
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Mixture designation was as follows:

e  M500-0.55 w/b means a concrete mixture with a binder content of 500 kg/m? and
0.55 water—binder ratio.

e  M550-SynF38 means a concrete mixture with a binder content of 550 kg/m?® and
reinforced with synthetic fibers 38 mm in length.

In addition, five concrete mixtures (M3-M?7) with 550 kg/m3 binder content were
developed as follows: control non-fibrous SCC mixture (M3); two SCC mixtures with
0.2% Syn-PF but different lengths (19 mm and 38 mm) (M4 and M5, respectively); one SCC
mixture reinforced with 0.2 SF (35 mm) (M6); and one SCC mixture with 1% Syn-PF 38 mm
length (see Figure 1). These mixtures are aimed at evaluating the effect of changing the
mixture design parameters of concrete on the flexural behavior and the corresponding AE
response. The geometrical and mechanical characteristics of these fibers are described in

Table 2. Fibers were selected based on their commercial availability. Two percentages of
fibers (0.2% and 1%) were selected in this investigation to study the effect of the increased
activity of fibers’” pull-out and breakage on the AE activity. In the SCC mixtures, 0.2%
was found to be the maximum possible dosage of fibers that satisfied the requirements of
fresh properties for SCC [30], while the 1% fibers in normal vibrated concrete (M7) was
the maximum percentage of fibers that ensured a homogeneous mixture with no fiber
balling [31].

(b)

Figure 1. Pictures of the fibers used: (a) 38 mm polypropylene synthetic fibers, (b) 35 mm single
hooked-end steel fibers.

Table 2. Typical features of steel and polypropylene fibers.

Fiber Type Material Length (mm) Diameter (mm)  Specific Gravity Tensile Strength (MPa) Fiber’s Shape
3 single
SF-35 Steel 35 0.55 7.85 1150 hooked-end
SynF-19 polypropylene 19 0.66 091 300 straight
SynF-38 polypropylene 38 0.64 0.91 515 straight

Notes: 1 mm = 0.039 in.; 1 MPa = 145 psi.

3.2. Material Properties

General-use Canadian Portland cement (type GU) was used in all mixtures, which was
in compliance with ASTM Type I [32], and had a specific gravity of 3.15. Fly ash (FA) and
metakaolin (MK) were used as supplementary cementing materials to enhance the mixture
suspension. FA and MK had specific gravity of 2.5 and 2.38, respectively. The physical and
chemical properties of all cementitious materials are listed in Tables 3 and 4. Both coarse
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aggregate (C.A.) and fine aggregate (F.A.) used in this investigation had a specific gravity
of 2.6 and water absorption of 1%. The coarse-to-fine aggregate ratio was taken at 0.7 in
all mixtures to achieve acceptable fresh properties of the SCC mixtures. The W /B ratio
was kept constant at 0.4 in all mixtures except for mixture M2, where a W/B of 0.55 was
used to study the effect of higher W/B (that will turn into ice after freezing) on the flexure
performance and the characteristics of the AE waves at —20 °C. To obtain successful SCC
mixtures (in terms of fresh properties), a high-range water-reducing admixture (HRWRA)
was added to all SCC mixtures to achieve the desired slump flow of 700 £ 50 mm, as per
ASTM C C1611 [33]. The HRWRA used was similar to that described in ASTM Type F [34]
and had a specific gravity of 1.2 and a pH level of 9.5.

Table 3. Chemical composition of all cementitious materials used in mass percent (%).

Chemical Properties F% Cement MK Fly Ash

SiO, 19.63 51-53 51
Al O3 5.48 42-44 23
Fe;O3 2.37 <22 12
FeO - - -
TiO, - <3.0 -
C - - -
CI‘203 - - -
MnO - - -
P205 - <0.21 --
SrO -- - -
BaO - - -
504 - <0.5 -
CaO 62.43 <0.2 5
MgO 2.47 <0.1 -
Na,O - <0.05 -
C3S 52.33 - -
(@ 16.82 - -
C3A 10.51 - -
C4AF 7.23 - -
K>,O - <0.40 -
L.OlI 2.04 <0.50 -

Table 4. Physical properties of all cementitious materials used.

Cement MK Fly Ash
Specific Gravity 3.15 2.5 2.38
Blaine Fineness (m?/ kg) 410 19,000 420

3.3. Specimen Details and Preparation

To perform compressive strength according to ASTM C39 [24] and flexure test accord-
ing to ASTM C78 [25], six cylinders (100 mm diameter and 200 mm height) and four prisms
(100 x 100 x 400 mm) were cast from each mixture (see Figure 2). Samples were kept at
ambient room temperature for 24 h before demolding. Then, the samples were de-molded
and kept in a moist curing room at 25 °C for 28 days to reach the target strength. The moist
curing room was used to maintain relative humidity in the range of 80% to 85% throughout
the curing period. After reaching maturity, samples were divided into two groups. Each
group consisted of three cylinders and two prisms. For each mixture, one group was tested
at room temperature (25 °C), and the other group was kept in a freezer for 48 h to reach a
steady-state temperature of —20 °C before testing [26].
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Figure 2. Four-point load flexure setup, AE sensors’ locations and samples” positioning.

3.4. Four-Point Flexure Load Setup

A Tinius Olsen universal hydraulic machine was used to perform the four-point
flexure test, as shown in Figure 2. The machine conducted the test on a deflection control
mode at a constant displacement rate of 0.2 mm/min until failure according to ASTM
C78 [25]. The load resisted by the specimens with time was recorded with the aid of a
data-acquisition system.

3.5. AE Monitoring Setup

All prisms were tested under ongoing AE monitoring throughout the flexure test
via the two attached AE sensors shown in Figure 2. Those piezoelectric sensors had an
integral preamplifier model R6I-AST [27]. This type was suitable for the test due to its
high sensitivity and low resonant frequency (55 kHz), which made it more convenient to
monitor failures in many previous applications, such as metals, fiber-reinforced polymers,
and concrete structures [6,27,28]. The two sensors were attached to the surface of each
prism using a two-part epoxy adhesive. The exact locations of the sensors are shown in
Figure 2. The attached sensors were connected to cables leading to a four-channel AE data
acquisition system and AEwin signal processing software (AEwin for USBTM software,
Version E3.32) provided by the manufacturer (Mistras Group) [29], which was used to
record the signals emitted throughout the tests.

4. AE Data Filtering
4.1. Amplitude-Duration AE Data Filtering
To eliminate noise data and vast wave reflections within the boundaries of samples,

the data acquisition system had built-in analog and digital filters, as shown in Table 5.

Table 5. Settings of the AE acquisition system.

AE Setup Parameters Values
Threshold 40 dBag
Sample rate 1 MSPS
Pre-trigger 256 us
Length 1k points
Preamp gain 40 dB
Preamp voltage 28
Analog filter 1-50 kHz
Digital filter 100-400 kHz
Peak definition 200 us
Hit definition time 800 us
Hit lockout time 1000 us
Maximum duration 1000 us
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4.2. Post-Testing Amplitude-Duration AE Data Filters

Moreover, an amplitude-duration-based filter (Swansong 1I filter) was applied post-
testing on the data collected during the four-point flexure test, as can be seen in Table 6.
This filter is based on the concept that the real high-amplitude AE signals are typically
associated with long values of signal duration and vice versa. The limits of this filter were
identified by means of the visual inspection of the resulting AE signals, as can be seen in
Table 5. This filter was effective in isolating the noise resulting from the contact between
loading heads and specimens, and it was successfully adapted in many previous AE-based
studies [6,31,35].

Table 6. Acceptance limits for AE amplitude-duration filter.

Amplitude Duration (us) Amplitude Duration (us)
Range (dB) Lower Upper Range (dB) Lower Upper
40<A<45 0 400 60 <A<65 300 1000
45 < A <48 0 500 65 <A<70 500 2000
48 <A <52 0 600 70 < A<80 1000 4000
52 < A <56 0 700 80 <A <90 2000 7000
56 <A <60 100 800 90 < A <100 3000 10,000

5. AE Analysis Methods

In the parameter-based approach, any signal is reduced to a few sets of parameters,
and the evolution of these parameters with time or any external parameter (e.g., the applied
load or crack width development) is investigated to establish a specific correlation that
might exist between damage progression and the investigated AE parameters. This paper
adopted a set of parameter-based analyses as follows:

5.1. b-Value Method

The b-value analysis method was first used in seismic waves generated by earthquakes

and has been recognized extensively by seismologists for quantifying seismicity [35,36].

AE waves are similar to seismic waves, and the b-value method can also be applied to the

AE field. The Gutenberg—Richter (GR) law [37] of seismicity can be modified for the AE
analysis as follows:

b= (a—1logNy)/logAsp 1)

where Ny is the number of AE events with amplitudes greater than Ayp precedent to a
specific event, Agp is the peak amplitude of the AE event in decibels, a is the intercept
along the log N-axis, and b is the slope of the regression line, also called the b-value of these
AE events. From Equation (1), a bigger b-value can be obtained when micro-cracks begin to
form. In contrast, a smaller b-value can be obtained when macro-cracks develop.

5.2. Ib-Value Method

Shiotani et al. [38] proposed the improved b-value (Ib-value) method after it had been
applied successfully to geotechnical and concrete materials [39,40]. The Ib-value has been
defined by utilizing statistical values of AE events, and it can be calculated as follows:

_ logN(u— «o) —logN(n+ Yo)

1o (x+Y¥)o

@

Ib-value is usually calculated for a group of events, where p and o are the mean values
and standard deviation of the amplitude distribution of the AE event group, respectively,
and « and Y are user-defined constants, which would represent the coefficients of the
lower and upper limits of the amplitude. It is understood that the Ib-value is a transient
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feature that is updated with each new hit recorded during the fracture process. It should
be sensitive enough to even small fracturing events, so the population N is usually set to
100 recent hits [41].

5.3. AE Signal Intensity Analysis

The damage of concrete structures can be characterized using the intensity analysis of
the AE signals. Intensity analysis involves the plot of historical index (HI) and log severity
(log S;), both of which are based on the AE signal strength [42]. AE signal strength takes
the amplitude and duration into account, so it is the most effective parameter to determine
the trend of the AE data [43].

HI measures changes in the signal strength throughout the loading process. HI at a
specific time (H (t)) is calculated using the following equation [44]:

N Zilikﬂ Soi

H(t)= K zﬁlsoi

®)

where N is the number of hits up to time t, 5,; is the signal strength of the specific event,
and K is an empirical parameter that depends on the number N and can be calculated
as shown in Table 7. HI can be used to highlight the change curve in the cumulative
signal strength versus time. This method can determine the onset of new damages for the
specimen or structure.

Table 7. The K-parameter used to calculate the H (t) for concrete structures.

Number of Hits, N <50 51-200 201-500 >501
K 0 N-30 0.85N N-75
J 0 50 50 50

The severity index (S;) is defined as the average signal strength for the J hits that have
the largest numerical value of signal strength [45]. It can be calculated using Equation (4):

_ ] Soi
Sr=)in T

where 5,; is the signal strength of a specific event and | is an empirical constant related to

(4)

the material for concrete structures, as shown in Table 7. Therefore, S, refers to the average
strength of the 50 signals with the largest peak amplitudes of signal strength.

5.4. Average Frequency (AF) Versus Rise Time/Amplitude (RA) Analysis

According to RILEM [46], the average frequency (AF) is defined as the number of
counts in a hit divided by the duration of the signal, and RA-value is calculated from the
rise time divided by the amplitude. The AF is measured in kHz, while the value of RA is
measured in ps/V. The two parameters can be calculated based on the following equations:

AF = AE ringdown counts/duration time (5)

RA = the rise time/amplitude (6)

Based on the relationship between the AF and RA value established by Ohtsu et al. [47],
the cracks can be classified into tensile cracks and shear cracks (Figure 3). A shear crack has
occurred when the AE signal has high RA and low AF values. Meanwhile, tensile cracks
have occurred when the AE signal has low RA and high AF values [43]. See Table 8.
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Figure 3. Typical crack classification based on the relationship between the AF and RA values [47].

Table 8. Examples of M-values obtained in concrete-based specimens tested under a four-point
flexure test.

A

RA

. Dimensions Loading Max RA Max A-FRQ
Authors Mixture Type (mm) Type (ms/V) (kHz) M (s/V/kHz)
. Steel-fiber-reinforced .
Soulioti, Barkoula [48] concrete (SFRC) 100 x 100 x 100 Monotonic 6 65 0.09
Aggelis [49] Plain concrete 100 x 100 x 400 Monotonic 15 550 0.027
Shahidan, Bunnori [50] Steel-reinforced 150 x 250 x 1900 Cyclic 150 150 1
concrete (RC)
Behnia, Chai [51] RC, SFRC, 200 % 250 x 2500 Cydlic 5% 103 400 125 x 106
polypropylene FRC
Prem and Murthy [52] RC 100 x 200 x 1500 Monotonic 200 200 1

6. Results and Discussion

Table 9 lists the compressive and flexure strength for all mixtures at both temperatures
(25 °C and —20 °C). The onset times and loads of both micro- and macro-cracking stages
that were noticed visually and detected by the AE analysis are listed in Tables 10 and 11.
All the results are discussed in further details in the following sections.

Table 9. A summary of test results of the developed mixtures, tested at 25 °C and —20 °C.

. s Testing Compressive Maximum Flexure Flexure Strength
Mixture No. Mixture Type Temperature Strength (MPa) Load (KN) (MPa)
25°C 61.16 23.64 10.64
M1 M500-0.55w /b
-20°C 76.68 32.75 14.74
25°C 66.79 27.35 12.31
M2 M500-0.4w /b
—20°C 79.18 34.61 15.57
25°C 7412 31.14 14.01
M3 MB550-control
—20°C 89.91 39.85 17.93
25°C 78.63 32.97 14.84
M4 M550-SynF19
—20°C 90.77 43.19 18.54
25°C 76.16 33.76 15.19
M5 M550-SynF38
—20°C 88.28 43.34 19.05
25°C 51.75 30.89 13.90
M6 M550-1%SynF38
—20°C 63.67 37.19 16.74
25°C 78.74 35.64 16.04
M7 M550-SF35
—20°C 89.59 4473 19.68
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Table 10. AE parameters collected at the first visible micro-crack onset at 25 °C and —20 °C.

Signal 4 . i
. Amplitude Number of css (p:/.s) H() Sy x 10 B-Value First First Micro-Crack
Mixture Mixture Testing dB) Hits x 10f (mV.s) Micro- Time (s)
T
No. Type ture Crack ;
CH1 CH2 CH1 CH2 CH1 CH2 CH1 CH2 CH1 CH2 CH1 CH2 Load(KN) AE  Visually
Analysis Noticed
M500. 25°C 81 83 89 76 1.77 1.69 1.77 1.66 4.32 4.22 3.43 3.64 3.76 61 63
M1 .
0.55w/b -20°C 80 81 106 98 1.98 1.83 1.93 1.84 4.53 4.36 2.86 2.97 411 79 80
M500- 25°C 79 81 112 121 2.05 1.99 2.05 1.98 4.59 4.65 3.23 3.08 426 84 86
M2
0.4w/b -20°C 80 82 124 132 2.16 224 2.19 213 4.72 4.76 2.57 2.75 4.89 94 94
M550 25°C 79 80 132 139 2.28 221 2.25 2.32 4.81 4.79 232 2.19 5.33 89 90
M3 o
control —20°C 81 79 146 163 2.49 2.55 2.36 2.77 4.96 4.88 2.04 2.13 5.81 103 105
M550- 25°C 83 81 178 183 2.76 2.83 247 241 5.07 5.13 0.71 0.80 6.92 114 121
M4
SynF19 —20°C 84 82 191 203 299 3.01 257 3.04 525 5.41 046 051 7.21 131 135
M550- 25°C 80 81 155 163 2.48 2.55 2.29 2.39 4.81 491 1.49 1.56 5.89 97 104
M5
SynF38 —20°C 82 79 169 174 2.63 2.51 2.43 2.66 4.96 5.05 1.84 1.71 6.23 112 117
MS550- 25°C 84 83 184 192 2.69 2.73 2.59 2.65 4.97 5.03 1.55 1.63 6.34 109 118
Mé 1%SynF38
oSyn —20°C 81 80 183 201 2.81 2.88 2.77 2.89 5.07 5.18 1.31 1.22 6.69 123 131
M550 25°C 80 81 203 209 3.09 3.16 2.94 3.03 529 5.33 0.53 0.67 7.64 179 187
M7 g
SF35 -20°C 82 80 217 226 3.21 3.24 3.07 3.21 5.41 5.52 0.31 0.44 8.13 207 212
Table 11. AE parameters collected at the onset of the macro-cracking stage at 25 °C and —20 °C.
A Number of Hi css H(t Sr B-Val
M}\)I(lure M]i}tu;e Testing Tem- m&élj“ € umber of Hits (pV.s) x 10% ® (mV.s) -Value Cr;vc[l:cll:ga a ]g:::l‘(]
0. yp p (KN) Time (s)
CH1 CH2 CH1  CH2 CH-1 CH-2 CH-1  CH=2 CH-1 CH-2 CH-1  CH=2
M500 25°C 79 81 1424 1389 3.95 % 107 3.73 % 107 451 4.22 591 x 105 5.85 x 100 3.92 2.17 23.64 206
M1 e
0.55w/b —20°C 81 83 1651 1589 419 x 107 402 x 107 5.03 489 627105 613 x 10° 3.19 3.31 3275 248
M500 25°C 80 79 1756 1813 456 x 107 437 x 107 5.24 5.33 6.68 x 10° 651 x 107 297 3.04 27.35 251
M2 "
0.4w/b -20°C 82 83 1844 1901 478 % 107 4.69 % 107 5.76 5.83 7.29 % 10° 7.18 x 10° 272 2.81 34.61 263
M550 25°C 81 84 1969 2006 4.88 x 107 4.93 x 107 5.91 5.79 7.46 x 10° 7.39 x 10° 246 2.55 31.14 277
M3 590
control —20°C 79 82 2034 2103 5.16 x 107 527 x 107 6.15 6.37 7.67 % 10° 7.55 x 10° 1.94 2.03 39.85 286
M550 25°C 81 83 2307 2341 539 x 107 546 x 107 8.04 8.33 7.88 x 105 7.73 x 105 0.86 0.99 32.97 306
M4 9
SynF19 —20°C 83 81 263 291 s 107 568 x 107 838 912 809x 105  791x105 023 029 4319 327
M550 25°C 79 81 2068 2034 4.96 % 107 4.88 % 107 6.89 7.04 7.13 x 100 7.34 x 100 176 1.86 33.76 281
M5 F38
SynF38 —20°C 82 79 2109 2141 529 x 107 5.41 x 107 7.46 7.66 7.72 x 10° 8.03 x 10° 113 1.08 4234 309
M550 25°C 81 82 2237 2209 516 x 107 5.09 x 107 7.32 7.68 8.65 x 10° 8.86 x 10° 0.89 0.94 30.89 266
M6 o .
1%SynF38 —20°C 80 83 2343 2296 533 x 107 543 x 107 791 8.12 9.23 x 10° 9.41 x 10° 0.66 0.59 37.19 294
25°C 79 81 2591 2678 5.89 x 107 5.77 x 107 9.11 9.73 1121 x 107 1137 x 107 0.37 0.41 35.64 394
M7 MB550-SF35
—20°C 83 81 2719 2788 6.13 x 107 633 x 107 9.87 10.13 12,05 x 100 11.86 x 10° 0.18 0.23 4473 434

6.1. Micro- and Macro-Crack Stages” Onset Indicators in Terms of AE Analysis Parameters

The variation in the AE waves’ parameters collected by the monitoring setup, such
as number of hits, CSS, signal amplitudes, and the results of the various parameter-based
AE analyses, were related to the visually noticed micro- and macro-cracks. Figure 4 shows
the variation of the AE activity parameters emitted during the flexure test by sensor-2 for
sample-1 of mixture M550-SynF19 when tested at —20 °C along with flexure load-time curve
applied during the test. The comparison between the applied load and the corresponding
AE parameters shown in Figure 4 indicated that the studied AE parameters are sensitive
to the cracking behavior of the tested specimen throughout the test till failure. An overall
increase was noticed in the values of the number of hits, CSS, and S, indicating an increased
AE activities due to the initiation of micro-cracks and propagation of macro-cracks. On the
other hand, the values of the H (t), b-value, and [b-value fluctuated throughout the test time
as the AE activities were increased since these parameters are more sensitive to the extent of
damage compared with the number of hits, CSS, and S,. As shown in Figure 4a, the number
of hits curve followed and overall increasing pattern with no noticeable changes along with
the flexure test. Hence, the change in the number of hits cannot be used as a cracking onset
indicator. Meanwhile, there was a noticeable spike in CSS, S, and H (t) curves after 132 s,
and this spike was recorded 3 s before visually noticing the first micro-crack. In addition,
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Figure 4. The change in AE parameters throughout flexure test versus applied load on sensor-
2 sample-1 mixture M550-SynF19 tested at —20 °C: (a) number of hits, (b) CSS, (c) Sy, (d) H (1),

(e) b-value, and (f) Ib-value.

Previous researchers related the sharp variations in the CSS, S;, H (t), b-value, and
Ib-value curves to different damage mechanisms [29,38,41,52]. In particular, a previous
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study mentioned that the formation of the first micro-crack was accompanied by the first
slope change in the S, curve versus time and the first drastic dip in b-value and Ib-value
curves versus time [34]. It should be highlighted that the AE waves’ parameter analysis
allowed for the detection of micro-crack onset earlier than the visual inspection, as shown
in Table 10. On average, at —20 °C, the AE monitoring detected the micro-cracks 2 secs
earlier for mixture M500-0.55w /b, 2 secs earlier for mixture M500-0.4w /b, 1 sec earlier for
mixture M500-control, 7 secs earlier for mixture M550-SynF19, 5 secs earlier for mixture
Mb550-SynF38, 9 secs earlier for mixture M550-1%SynF38, and 8 secs earlier for mixture
M550-SE35. This earlier alarm could be due to the formation of invisible micro-cracks
inside the tested samples; meanwhile, the visual inspection can only detect the micro-
cracks developed on the surface.

Similarly, as shown in Figure 4b—d, a sharp spike in CSS, H (), and S, curves was
noticed after approximately 324 s when the sample reached a load of 43.45 KN before
failure. In addition, a significant dip in the b-value coincided with the formation of a
visually noticeable macro-crack near the midspan of the tested sample after the previously
mentioned time (324 s). In addition, the bellows of the [b-value curve fluctuations became
closer and higher prior to failure (macro-crack onset). It should be mentioned that almost
all other tested samples failed after showing similar AE change patterns before failure.
The higher values of the AE events recorded at this stage can be attributed to the further
propagation of micro-cracks, which eventually led to the creation of micro-cracks. Therefore,
monitoring previously mentioned AE waves’ parameters can be considered as indicators
to the onset of micro- and macro-cracking stages.

6.2. Cold Temperature Effect on AE Activity Parameters

Overall, the mechanical performance of the tested concrete mixtures in terms of
compressive and flexural strength was enhanced and the micro- and macro-crack load and
time threshold increased along with decreasing the samples’ temperature to —20 °C (see
Tables 9-11). The AE monitoring setup detected the onset of micro-cracks when the loads
reached approximately 27-36% and 33-41% of the failure loads when samples were tested
at 25 °C and —20 °C, respectively. The results of the first cracking loads, failure loads, and
the corresponding studied AE parameters at both the times of micro- and macro-cracking
detection for all tested samples are summarized in Tables 10 and 11.

For instance, mixture M4 reached an average compressive strength of 78.63 MPa and
an average flexure strength of 14.84 MPa when samples were tested at 25 °C. Both values
increased by 15.4% and 24.9% when samples were cooled down and tested at —20 °C. The
same mixture witnessed the formation of the first micro-crack at 7.41 KN when tested
under flexure at —20 °C, and this value was 7% higher than that at 25 °C. This enhancement
in mechanical performance and cracking threshold limits reflected on an overall increase
in the associated CSS, S,, and H (t) values and an overall decrease in b-values as listed in
Tables 10 and 11.

For instance, the AE parameters associated with the onset of the first detected micro-
crack for mixture M4 (as shown in Table 10) witnessed an average increase of 21.8% in the
cumulative number of hits, 27.6% in CSS, 38.6% in H (t), and 9.4% in S, and an average
decrease of 36.3% in b-values as a result of cooling down samples from 25 °C to —20 °C.
The same pattern was noticed until the onset of the macro-cracking stage for the same
mixture, as shown in Table 11. For instance, till the onset of the first macro-crack, there
was an average increase of 11.2% in the cumulative number of hits, 8% in CSS, 11.9% in H
(1), and 18.3% in S, and an average decrease of 61% in b-values when testing samples at
—20 °C compared to 25 °C. This pattern in the collected AE parameters is attributed to the
increase in flexure resistance that made the mixtures resist higher loads at —20 °C.
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6.3. Effect of W/C Ratio on the Behavior of AE Waves Emitted at —20 °C

Concrete mixtures with different microstructures generate different acoustic activity
when they undergo cracking. Hence, mixtures M1 and M2 with different w/b (0.55 and
0.4, respectively) were included to evaluate the effect of changing the microstructure due
to turning a huge amount of water into ice at —20 °C. Increasing the w/b was found to
significantly decrease compressive strength, flexure strength, the load and time threshold
of the micro-and macro-cracks’ onset, and the total AE activity recorded till the first micro-
crack and till failure (which means less crack formation) when the samples were tested at
25 °C. Meanwhile, this reduction effect in structural performance and AE activity was not
such noticeable when tests were performed at —20 °C.

For instance, increasing the w/b from 0.4 (M2) to 0.55 (M1) was a companied by a
reduction of 9.2% in compressive strength at 25 °C compared to only 3.3% at —20 °C, and
by 15.7% in flexure strength at 25 °C compared to only 5.6% at —20 °C (see Table 9). In
addition, there was a decrease by 13.3% in micro-crack onset load at 25 °C compared to 9.1%
at —20 °C, and the first micro-crack formation took 23 s less at 25 °C (for M1 compared to
M2) compared to only 15 s less at —20 °C (refer to Table 10). Furthermore, till the detection
of the first micro-crack, increasing the w/b from 0.4 (M2) to 0.55 (M1) resulted in a decrease
of 37.2% and 25.7% in the collected number of hits, 15.1% and 13.8 in the CSS, 15.1% and
13.8 in the H (1), and 15.1% and 13.8 in the S, at 25 °C and —20 °C, respectively. This
reduction in the total collected AE activity and micro-crack onset load and time could be
attributed to the reduction in the structural performance along with increasing w/b, which
did not allow many cracks to appear.

6.4. Effect of Adding Fibers on the Behavior of AE Waves Emitted at —20 °C

To evaluate AE monitoring sensitivity to fiber pullout and breakage inside concrete
mixtures, a non-fibrous control mixture (M3) and another four fibrous mixtures with
different fiber lengths, types, and contents (M4-M?7) were developed and tested. Overall,
there was an enhancement in the flexural performance along with adding different types of
fibers accompanied by an increase in the AE activity regardless of samples’ temperature
during the test. For instance, compared to mixture M3, adding 0.2% of 19 mm synthetic
polypropylene fibers increased the flexure strength by 5.6% when samples were tested at
—20 (see Table 9) and an increase of 24% in the number of hits, 28.1% in CSS, 9.8% in H
(t), and 7.1% in S, for the total AE events recorded till the onset of the first micro-crack (as
shown in Table 10).

This behavior could be attributed to the extra flexural strength added via including
fibers and the mixtures that allowed more time and resistance for crack formation. In
addition, fiber breakage and slippage could have caused extra acoustic activity that was
recorded by the AE sensors. It is worth highlighting that for mixture M7 with 1% synthetic
polypropylene fibers, there was a post macro-cracking load resistance and softening behav-
ior, as shown in Figure 5. During that stage, the monitoring system recorded a high AE
activity that could be caused by fiber pullout and breakage that may have induced extra
acoustic waves. For instance, as shown in Figure 5, sample-2 in mixture M7 tested at 25 °C
reached 16.7 KN till the first macro-crack and there was a slight drop in the resistance till
the fibers started to hold back the load by itself and reached 17.1 KN, then shifted to the
softening phenomenon. After reaching the macro-cracking load (16.7 kN) the total collected
number of hits increased from 1938 to 9815, CSS increased from 4 x 107 to 14.93 mV.s, H
(t) kept fluctuating with an overall increasing pattern, and S, increased from 3 x 10° to
16.93 x 10° mV.s.
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Figure 5. Flexure loading test along with AE parameter data, which were recorded by sensor-2 for
sample-2 mixture M550-1%SynF38 tested at 25 °C.
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6.5. Effect of Fiber Type on the Flexural Performance and Behavior of AE Waves at —20 °C

Two different materials of fibers were included in the study: polypropylene synthetic
in mixture M5 and steel in mixture M7. The steel fibers were supported to be more
beneficial terms of enhancing flexure resistance with much more noticeable AE activity
over polypropylene synthetic fiber mixtures at both temperature conditions. For instance,
mixture M7 witnessed the onset of the first detected micro-crack after 207 s at load 8.13 KN
compared to 112 s at load 6.23 KN for mixture M5 at 25 °C, as shown in Table 10. In addition,
till the onset of the first micro-crack in mixture M7, the total collected AE parameters
were 28.2% more number of hits, 23.9% more CSS, 26.8% more H (t) values, 8.6% more
S, values, and 57% more in b-values in mixture M7 compared to M5 when both were
tested at 25 °C. The increased AE activity could be attributed to the enhancement in the
flexural performance.

It is worth noting that there was not any noticeable pattern in changing the values of
wave signal’s amplitude along with changing fiber materials in both temperatures (25 °C
and —20 °C), which eliminates any potential attenuation effect that could be proposed
specifically in the case of polypropylene fibers considering its acoustic absorption capacity
as a material. For instance, till the onset of first micro-crack, the wave signal amplitude
detected by both channels was 80 and 81 dB in mixture M5 and 80 and 81 in mixture M7
when both were tested at 25 °C, as shown in Table 10.

6.6. Effect of Fiber Content on the Behavior of AE Waves Emitted at —20 °C

Fibers are mainly added to concrete mixtures to make it damaged by many narrow
cracks, hence eliminating the undesired catastrophic failure. Hence, high acoustic activity
is anticipated to be recorded during the flexure test. As a result, mixture M6 was included
with 1% polypropylene synthetic fibers compared to only 0.2% fiber content at mixture M5
to monitor the AE activity, specifically the signal amplitudes values at both temperatures
conditions. As shown in Table 11, although increasing the fiber content should increase the
flexure performance, reaching such a high fiber content of 1% was found to decrease the
flexure performance at both temperatures. For instance, the first macro-crack was detected
at 37.19 KN after 294 s in mixture M6 compared to 42.34 KN after 304 s in mixture M5
when both were tested at —20 °C. Along with the reduction in flexure performance when
increasing fiber dosage, the AE activity increased and mixture M6 experienced total hits of
2296; CSS of 5.43 x 107 pVs;and H (1) of 8.12, S, of 9.41 x 10° mV.s, which were more than
the AE data recorded for mixture M5 that were total hits of 2141, CSS of 5.37 x 107 pVs, H
(t) of 7.66, and S, of 8.03 x 10° mV.s.

These results could be attributed to the fact that increasing the fiber content over a
certain value will not make a homogeneous mixture. Hence, the structural performance
will degrade. In addition, the extra dosage of fibers will yield more acoustic activity due to
the increased breakage and pull-out activity. These results support the conclusion that AE
monitoring could be considered as a crack monitoring tool but not a structural performance
evaluation tool. This conclusion matches the fact that the collected signals are related to the
cracking activity of a certain mixture.

6.7. Effect of Fiber Length on the Behavior of AE Waves Emitted at —20 °C

Fiber length affects the failure mode in FRC mixtures. For instance, shorter fibers
are anticipated to be subjected to pull-out. Meanwhile, longer fibers are anticipated to
be broken. Hence, two FRC mixtures (M4 and M5) with two different Syn-P lengths,
19 mm and 38 mm, respectively, were included to investigate if there was any difference
in the behavior of the acoustic activity developed in both mixtures. As shown in Table 9,
mixture M5 with longer fibers showed a better flexural resistance with a delayed first visible
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micro-crack at both temperatures. Meanwhile, there was a lower AE activity detected in
mixture M5 till failure. For instance, mixture M5 witnessed 19.05 MPa flexural strength and
6.23 MPa micro-crack threshold, which were 3% and 15.6%, respectively, higher than that
of mixture M4 at —20 °C. In addition, mixture M5 witnessed 11.7% less number of hits, 5%
less CSS, 19.1% less H (t) values, 2% less S, values, and 73.1% higher b-values than mixture
M4 till failure at —20 °C (see Tables 9-11). The increased AE activity detected in mixture
M4 could be attributed to the increased fiber pull-out occurrence due to the insufficient
length of fibers. Meanwhile, mixture M5 has fibers with enough development length that
they developed less acoustic activity. This observation confirms the conclusion that the
AE technique is a non-destructive structural health monitoring technique, not a structural
performance evaluation tool.

6.8. Classifying Micro- or Macro-Cracking Levels
6.8.1. AE Intensity Analysis Parameter-Based Chart

Upon the results of the previous sections, intensity analysis parameters (H () and
S;) were found to change along with crack progression. Hence, analyzing the variation of
the values of both parameters was investigated in this study to classify the AE detected
hits, whether associated with micro- or macro-cracks. The average intensity analysis
parameters were taken from the two sensors, plotted on the chart shown in Figure 6,
and correlated to the counterpart cracking level. Surprisingly, the dots plotted in the
chart (Figure 6) clustered in two zones according to the cracking stage that they were
recorded in. The values of H (t) and S, were found to have specific ranges depending
on the crack source type. For instance, the ranges of the values of H (t) and S, were
1.37-2.55 and 2.89-4.61 x 10* (pV.s), respectively, for the AE events that were detected
during the micro-cracking stage (Table 10). Meanwhile, these ranges were 1.83-3.73 and
5.61-8.55 x 10* (mV.s) for H (t) and S;, respectively, at the macro-cracking stage (Table 11).
The chart in Figure 6 can further be used to estimate the cracking stage in a specific flexure
test using the AE monitoring outputs. For instance, if the H () and S, values of a specific
AE event were found to be 3.5 and 7.0 x 10* (pV.s), respectively, then macro-cracks are
anticipated at the time these signals were recorded. This chart has the potential to be a
step on the way to develop cracking level classification criteria based on the AE intensity
analysis parameters.
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Figure 6. Crack level classification chart based on intensity analysis parameters.
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6.8.2. RA Analysis-Based Chart

The RA analysis was mainly used in previous studies to classify the cracks developed
during flexure tests into shear or tensile cracks. Upon identifying the AE events collected
during the flexure tests, whether they were associated with micro- or macro-cracks, a trial
was made to utilize the RA analysis to characterize the AE hits also. Alternatively, Figure 7
shows the values of RA vs. AF for all tested mixtures to find a specific pattern for micro-
and macro-crack-related hits. It can be observed from Figure 7 that micro-crack events
have relatively higher AF values and lower RA values. Meanwhile, macro-crack events
have relatively higher RA values and lower AF values. In both charts, both point clusters
were separated by a straight line (diagonal threshold) with a slope value “M” that was
determined as indicated in Section 5. The M-values were 1.94 x 1073 s/V/kHz. These
results confirmed the effectiveness of the RA vs. AF analysis for classifying the crack level
in all samples regardless of the mixture type or testing temperature. It should be kept in
mind that the obtained M-values are exclusively related to these mixtures, loading type,
and loading configuration.
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Figure 7. Crack level classification chart based on results of RA and AF analysis.

7. Conclusions

This study investigated the properties of the acoustic emission waves accompany-
ing cracking events in FRC mixtures under flexure at different temperatures (25 °C and
—20 °C) along with visual inspection results. Three parameter-based AE analysis were
implemented to develop a criterion regarding the pattern of the AE waves emitted during
flexure test along with crack formation. The following findings were reached based on the
current study:

The four AE parameter-based analyses utilized in this study were intensity, RA, b-
value, and Ib-value analyses, which have the potential to highlight the cracking activity in
the listed FRC mixtures at room and subfreezing temperatures (25 °C and —20 °C).

1. The initiation of micro- and macro-cracking coincided with a significant jump in
the CSS, H (t), and S, curves and an extreme dip in the b-value curve, while the
bellows of the Ib-value curve fluctuation became noticeably concentrated only prior
to macro-crack onset with no specific pattern change prior to micro-crack initiation.
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2. Flexural performance was enhanced, and time and load thresholds of micro- and
macro-cracks increased when the samples were cooled down and tested at —20 °C,
significantly in mixtures with higher W/B, longer fibers, and lower fiber content. This
improvement was also associated with higher AE activity in the form of increased
CSS, S,, and H (t) values and lower b-values.

3. The AE activity monitoring and analysis detected the onset of micro-cracks when the
loads reached approximately 27-36% and 33-41% of the failure loads when samples
were tested at 25 °C and —20 °C, respectively.

4. Changing the concrete mixture design parameters, including the w/b ratio as well as
fiber type, content, and length, resulted in a noticeable effect on the flexural behavior
and the AE activity of the tested mixtures at both temperatures (25 °C and —20 °C).

5. The intensity analysis parameters (H (t), and S;) were found to have specific ranges
according to the associated crack type. Subsequently, a micro- and macro-crack
classification chart was developed and presented to characterize the crack type based
on the values of the H (t) and S, for the accompanying AE event.

6.  Micro-crack events were found to have relatively higher AF values and lower RA
values. Meanwhile, macro-crack events have relatively higher RA values and lower
AF values. Consequently, an RA analysis-based chart was developed and presented to
classify the recorded AE events whether correlated with micro- or macro-crack activity
in the tested specimens. A diagonal line with a slope M = 194.44 x 10 ~3 kHz/s/V
was found to split the AE events based on the values of RA and AF.

7. The micro- and macro-crack classification charts developed can be used to evaluate
the flexural behavior of FRC at low temperatures within the range of the studied pa-
rameters in this study. Future research is needed to refine and assess the effectiveness
of the developed charts in the assessment of actual concrete structures exposed to
cold temperatures and monitored with AE sensors.
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Highlights:

What are the main findings?

e FEM analysis enables us to complete the missing readings from sensors that are not
correctly functioning, leading to conclusion that the CPRF column in the range of small
settlements (a few millimeter level) is characterized by lower “stiffness” than that of
a single column, while with larger settlements (0.06D), the increase in load-bearing
capacity and stiffness of the CPRF column in comparison to a single column is observed.

e In the analyzed CPRF, the CMC columns carry 75% of the total load.

What is the implication of the main finding?

e The need to carry out measurements with ongoing comparison to the results of FEM
analysis—the current calibration of the digital twin system for assessing the work of
the foundation.

e Optimized design of CPRF elements—the possibility to draw in weaker soil beneath
the foundation.

Abstract: Understanding the complex phenomena of interactions between the elements of
a combined piled raft foundation (CPRF) is essential for the proper design of such foun-
dations. To evaluate the effects of mutual influence among the CPRF’s elements, a series
of long-term measurements of selected physical quantities related to the performance of
the foundation were conducted on a building with a frame structure, stiffening walls, and
monolithic technology, consisting of seven aboveground stories and one underground story.
The analysis distinguishes the real deformations resulting from temperature changes and
from stress strains resulting from load changes. The two types of deformations were sub-
jected to further interpretation of only changes in the stress and strain over time. Changes
in stress values in the subsoil, as well as strain measurements in the vertical direction
of concrete columns, were recorded to assess the load distribution between the CPRF’s
components. The numerical analysis results obtained for a fragment of the monitored
foundation were compared with actual measurement results to verify the numerical model
of interaction between the structure and the soil. Field monitoring and FEA methods were
used to compare the long-term deformation analysis, and they helped to minimize the
monitoring time. This comparison also served to supplement and simultaneously expand
the dataset of test results on a real-world scale.

Sensors 2025, 25, 3460 https://doi.org/10.3390/s25113460
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1. Introduction

Gotman N.Z. and Gotman A.L. [1] analyzed the interaction between piles, soil, and
slabs in a combined piled raft foundation in cohesive soils, focusing on changes in axial
forces within the piles. Measurements of axial force changes were taken using strain-
gauge-equipped force meters placed at the base and head of 9.0 m long piles, as well as
at two cross-sections located at depths of 4 m and 7 m below the pile head. The study
considered three configurations: piles working individually, piles in a group, and piles
in a combined piled raft foundation. Their findings showed that in a combined piled raft
foundation, pile—pile interaction causes the mobilization of friction on the pile side only
in the lower portion—between 25% and 33% of the total pile length measured from the
bottom. This contrasts with piles working alone, where friction is mobilized along the
entire pile length from top to bottom.

Oliver Reuil and Mark F. Randolph [2] studied the behavior of the combined piled raft
foundation of the Westend Duo building in Frankfurt, which was founded on Frankfurt clay.
The foundation slab covered an area of 4100 m?, and monitoring included measurements of
axial forces in three piles, stress on the ground beneath the slab using five pressure sensors,
groundwater pore pressure using five sensors, and settlement at 23 points using geodetic
surveying. The authors reported that the maximum settlement of the slab, 4.7 cm, did not
exceed the estimated value of 7.2 cm. Preliminary analyses had indicated that the piles
would absorb approximately 40% of the total load (o«FPP = 40%).

Kharichkin [3] focused on measuring vertical forces in piles to evaluate their role as
“reducers” of settlement in a raft footing under a residential building in Moscow. The
building consisted of two sections, one 70 m tall (22 stories) and the other 90 m tall
(30 stories), with a total foundation area of 3000 m?. Each section was supported by driven
prefabricated piles spaced at 0.9 x 0.9 m and 1.05 x 1.05 m, respectively, with lengths of
approximately 14 m and cross-sectional dimensions of 0.3 x 0.3 m. Six piles were equipped
with SVD-100 force sensors welded to steel plates at the pile heads to measure forces.
Results indicated that corner piles experienced forces of 345 kN, which were 1.9 times
greater than piles along the edge of the slab and 2.3 times greater than piles located within
the slab’s plan. Settlements were measured as 18.6 mm for the lower building and 21.0 mm
for the taller building [4].

Ryuuichi Sonoda [5] analyzed a building in Port Island, Kobe City, founded on
a pile-slab foundation. The seven-story steel-frame building, with dimensions of
35.25 x 55.80 m? in plan, was supported by a 0.4 m thick slab and 2.4 m high founda-
tion beams resting on 93 prestressed high-strength concrete piles (PHC) with a diameter of
0.65 m and a length of 12 m. One pile was equipped with deformation sensors at depths of
4.4m, 84 m, and 11.4 m. The monitoring system also included 12 benchmarks for geodetic
settlement measurements and a point for measuring pore water pressure in the ground.
The forces measured in the piles after construction closely matched numerical predictions.
The safety of different structures is monitored using a field monitoring system and another
monitoring system [6].

In Frankfurt am Main, Katzenbach [7] carried out automatic measurements of piles and
subsoil for high-rise buildings founded on combined piled raft foundations in Frankfurt
clay during the 1990s and subsequent years. These measurements verified the numerically
estimated load distribution between piles and subsoil under foundation slabs. One notable
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example is the Messeturm building, which is 256 m tall and founded on a square plan of
58.8 m x 58.8 m. Its foundation consists of a 6.0 m thick slab in the central area, tapering
to 3.0 m at the edges, supported by 64 bored piles with diameters of 1.3 m and lengths
ranging from 26.9 m to 34.5 m, spaced 3.5 to 6.0 diameters apart. The 256 m high Messeturm
building, on a square plan of 58.8 m x 58.8 m, founded on a 6.0 m thick slab in the central
prt, decreasing to 3.0 m at the edges, and on 64 piles of 1.3 m in diameter and lengths
ranging from 26.9 m to 34.5 m, spaced 3.5 to 6.0 diameters, was described in detail by
Sommer et al. [8], Sommer [9], El-Mossallamy and Franke [10], and Tamaro [11]. Monitoring
included geodetic measurements of settlements and tilts, ground settlement at various
depths using extensometers, ground stresses under the slab using pressure sensors, and
axial force distribution along piles using deformation measurements at six points. These
observations revealed that 55% of the load was carried by the piles, while 45% was borne
by the ground under the foundation slab. Additionally, friction mobilized by the piles
varied with depth, ranging from 25 to 70 kPa at depths up to 15 m below the slab base
and increasing to 110 kPa for inner piles and 160 kPa for outer piles at greater depths.
Katzenbach found that piles in combined piled raft foundations mobilized significantly
greater friction compared to piles working individually.

Similar monitoring was conducted for the Messe Torhaus building in Frankfurt am
Main, which is approximately 130 m tall (30 floors). The building was supported by
two independent slabs, each resting on 42 bored piles with a diameter of 0.9 m and a length
of 20 m, spaced 3-3.5 diameters apart. Measurements showed that 80% of the load was
carried by the piles, while 20% was borne by the subsoil under the slab. The ground’s load
contribution originated primarily from the self-weight of the foundation slab [12,13].

Katzenbach also analyzed the DG-Bank building (Westendstrasse 1 in Frankfurt am
Main), which is 208 m tall with 53 floors. The foundation consisted of a 3.0-4.5 m thick
slab covering an area of 2940 m?, supported by 40 bored piles with diameters of 1.3 m and
lengths of 30 m. Measurements indicated that half of the load was carried by the ground
under the foundation slab. Further studies by Katzenbach examined load distribution
between piles and subsoil for other buildings founded on Frankfurt clay, including the
Taunustor-Japan Centre (40% piles), Forum-Kastor and Pollux (35—40% piles), Congress
Centre Messe Frankfurt (40% piles), Main Tower (85% piles), Eurotheum (30% piles), and
Commerzbank (96% piles).

This work’s original contribution is to assess the long-term measurements of CPRF
deformations using fieldwork measurements (sensors) and finite element methods (ZSoil
version 2011) software.

The main objective of this study is to assess the interaction of elements constituting the
combined piled raft foundation of an eight-story monolithic reinforced concrete building.
A measurement system was designed and implemented for the first time in Poland. The
system includes a method for measuring stress changes in the ground under the foundation
slab and deformation measurements of foundation columns to estimate theoretical force
changes at three depths.

2. Materials and Methods
2.1. Soil and Water Conditions

The analyzed building is located within a deep Carpathian foreland filled with
Miocene sediments. In the ceiling of Miocene clays, which were not drilled directly under
the building, an erosion incision was eroded and filled with silty periglacial formations sev-
eral to a dozen or so meters thick. These formations were formed mainly in silty clays, silt,
and fine and silty sands covered from the ground surface with fluvioglacial sands. Within
the sandy-silt intercalations in Miocene formations, at a depth of 10 to 25 m below ground
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level, a Tertiary aquifer was drilled and taken in the area by drilled wells. Hydrated sand
lenses were found with groundwater under low hydraulic tension within the periglacial
deposits. Groundwater was observed in the near-surface layer of fluvioglacial sands
during drilling.

Based on the research results, two essential geotechnical layers can be distinguished in
the subsoil under the building, as shown in Figure 1. The first one is a layer of Quaternary
Pleistocene silty periglacial formations, developed in the form of silty clays, silt, sandy
silt, and less frequently clays, silty clays, sporadically sandy clays, and clayey sands, in
a plastic and soft-plastic state with a liquidity index of IL = 0.4-0.55. Below are silty and fine
sands, constituting the interbedding of Miocene clays in a compacted state, with a density
index of approximately ID = 0.7-0.8. The red dot indicates the vertical profile of the soil
corresponding to the boherholes.
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Figure 1. Geological engineering cross-section of the ground beneath the analyzed building. The
location of the tested concrete columns (P1 to P6) was marked [14].

The ground conditions in the vicinity of columns P1-P6 (see Figure 1) were detailed by
adding the results from the closest CPT—Figure 2 for P1, from the dilatometric test (Figure 3
for column P3) and Figure 4 (for P1 to P6). The resistance of the CPT recorded at the level
of 2.0-5.0 MPa confirms the state of silty soils that was macroscopically recognized and
presented in the geological engineering cross-section (Figure 1) (by PN-B-04452: IL = 0.21
for gc = 5.0 MPa, IL = 0.51 for qc = 2.0 MPa).
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Figure 2. CPT probing in the vicinity of columns P1 and P2 [15].
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Figure 4. CPT probing in the vicinity of columns P4, P5, and P6 [15].

2.2. Building Structure

The analyzed building has the shape of a cuboid with a rectangular base with dimen-
sions of 26.90 m x 84.20 m.

The building has a height of 32.6 m from the foundation level, consisting of
seven aboveground floors and one underground floor located in the “deeper” section.
The facility was designed using monolithic construction technology as a skeleton structure
with stiffening walls. The building is founded 4.50 m below ground level on a foundation
slab that is 0.80 m thick, with localized thickening to 1.0-1.2 m under the pillars. Table 1
provides the start dates for the individual concreting stages as well as the indicative layout
of the floors in the analyzed building. To limit vertical displacements of the structure, local-
ized deep-ground reinforcement was implemented in the area where pillars and walls meet
the foundation slab. This reinforcement was carried out using CMC concrete displacement
columns (Les Colonnes a Module Contro6lé), which have a diameter of 0.40 m. The columns
were embedded into the load-bearing soil, consisting of silty sands, to a depth of at least
1.0 m. The total length of the CMC columns ranged from 8.4 m to 19.3 m. For further
analysis, the foundation system consisting of the CMC columns and the soil beneath the
slab was modeled and analyzed as a combined piled raft foundation (CRPF).

The monitored building is part of the newly constructed hospital in Krakéw-Prokocim,
which consists of a total of twenty facilities, including nine hospital buildings with a com-
bined total area of 150,000 m? and a volume of 500,000 m?. The construction was completed
within 4.5 years. The analyzed building was monitored for almost 800 days (which cor-
responds to approximately 80% of the total planned load (excluding variable load from
crowds). The shell stage of the building was completed after approximately 200 days,
reaching 50% of the total planned load (see Table 1).
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Table 1. Concreting schedule by the construction journal records and an indicative layout of the
floors in the analyzed building.

Time [Days] . Start qf Time Between % of Total Stage
oncreting Stages Load
18 March 2016 0 0.00 Foundation slab
24 April 2016 39 0.11 -2
0 20 May 2016 24 0.16 Kﬂ;:gl j;;f;‘f‘sﬁc
0 20 May 2016 0 0.16 -1
38 27 June 2016 38 0.21 0
67 26 July 2016 29 0.26 +1
95 23 August 2016 28 0.31 +2
117 14 September 2016 22 0.35 +3
132 29 October 2016 15 0.40 +4
160 27 October 2016 28 0.45 Roof (R)
201 24 November 2016 1 0.50 Contractual completion

of the shell stage

2.3. Measurements of Deformation of CMC Concrete Displacement Columns

The measurements included six CMC concrete displacement columns, where longitudi-
nal deformations were measured at three depths. Each column, located beneath the recesses
of the foundation slab, has a diameter of 0.40 m and extends several meters in length. The
columns were embedded through layers of weak-bearing silt and dust and rested in a layer
of sand, penetrating the sand layer to a depth of at least 1.0 m. The locations of the mea-
sured columns and the adopted nomenclature are illustrated in Figure 5. In the subsequent
sections of the paper, the axial force variation was analyzed for all columns (from P1 to P6).
Additionally, a stress distribution analysis was performed for the slab—subgrade—column
system near column P1 [16], focusing on the distribution of load transfer between the
structure, the soil beneath the foundation slab, and the concrete column(s).

2.3.1. Measuring Sensors

The system was constructed using Geokon model 4800 wire pressure sensors, which
have a measurement range of 170 kPa. These sensors consist of two stainless steel sheets
welded together around their perimeter, with a narrow gap between them filled with
hydraulic fluid [17,18]. External loads applied to the sensor surface result in changes in the
volume of the chamber, causing the fluid to move into or out of the pressure transducer.
This movement alters the length of the string connected to the steel membrane that is in
contact with the fluid, thereby changing the string’s natural frequency [19-21]. Assuming
the hydraulic fluid is incompressible, the difference in the frequency of the string vibrations
can be translated into changes in pressure [22,23]. Integration with a temperature sensor
enables thermal compensation for the sensor readings, ensuring accuracy across varying
temperatures. Using individual calibration cards, calculations are performed to determine
changes in vertical stresses in the ground beneath the foundation slab, expressed directly
in kPa [24,25]. Figure 6 illustrates the construction details of the measuring device, while
its basic technical data are provided in Table 2.
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Figure 5. Location and marking of measured concrete columns (P1-P6).
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Figure 6. Construction of a string pressure transducer.
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Table 2. Technical parameters of the Geokon 4800 pressure sensor.

Transducer Type String

Measurement range 170 kPa

Overload 150% range
Resolution £0.025% of the range
Accuracy £0.1% of the range
Linearity <0.5% of the range
Chamber dimensions 6 mm x 230 mm
Transducer dimensions 150 mm x 25 mm
Material Stainless steel
Temperature range —20 to +80 °C

2.3.2. Installation Method

The pressure transducers were installed in the ground beneath the leveling concrete.
Prior to installation, the mounting locations were carefully prepared: the ground was
excavated to a depth of approximately 0.10 m, and the shape of the recess was adjusted
to match the dimensions of the sensor, as shown in Figure 7. Each transducer was placed
inside a polypropylene woven bag filled with sand. This procedure was designed to
eliminate point interactions and ensure uniform pressure transfer from the foundation slab
to the sensor.

S i s -

? .&- ”~ =
~ - ST
pat e L L

Figure 7. View of the recess prepared for the installation of the pressure transducer.

2.4. Measurements of Stresses in the Ground Under the Foundation Slab

To estimate changes in stress values in the ground at the contact point with the
foundation slab caused by the varying self-weight of the building during construction,
three wire pressure transducers (measured in kPa) were installed in the equalization
chamber [26]. One of the sensors was placed in the depression near the measured concrete
column (S8), while the other two were positioned as follows: one in the middle of the
distance between the edges of adjacent depressions (S7), and the other in the middle of
the distance between the edge of the depression and the nearest concrete column (S9), as
shown in Figure 8.

2.4.1. Method of Measuring Deformations

In each of the measured concrete columns, string sensors were installed at three differ-
ent depths to measure the vertical deformation of the shafts (expressed in microstrain [pe]).
These sensors enabled the observation of changes in force distribution along the column
due to variations (or consistency) in the applied load [27].
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Figure 8. Location and names of stress measurement points in the ground under the foundation slab.

Steel profiles were embedded within the analyzed columns, and Geokon model
4100 (Geokon, Inc., Lebanon, NH, USA), wire strain gauges were heated and attached to
the profiles at three designated locations. Figure 9 provides a visual representation of the
measuring device, while its basic technical data are summarized in Table 3.

Figure 9. Geokon 4100 string strain sensor.

Table 3. Technical parameters of the Geokon 4100 strain sensor.

Sensor type String
Measurement range 9000 pe
Resolution 0.4 pe
Accuracy +0.1% of range
Linearity <0.5% of range
Temperature range 20 to +80 °C
Active sensor length 51 mm

The sensors are enclosed within steel protective housings, as shown in Figure 10, to
prevent damage during installation. These housings are specifically designed to minimize
resistance from the concrete mix during the pressing or vibrating of the steel profiles, as
illustrated in Figures 10-13.
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Figure 13. View of steel profiles with sensors during the insertion into the concrete mix.
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Columns P1 and P2 were equipped with steel pipes measuring approximately 50 mm
in diameter, with a wall thickness of 2.9 mm and a length of 15.2 m. The locations of
the sensors along the length of the profile are shown in Figure 14. After subjecting these
columns to test loads, the upper part of the profile, approximately 1.8 m in length, was cut
off to align with the upper surface of the base concrete [28].

working platform during load tests

target level of lean concrete gl g l
I &
Ei ]
A-A ¢ | . B-B
IPE120 = | a 2"2%9
WA B | BY
?40 R [, es0 |
(N 7Y ’
Pi, i=3,4,5,6 L]
Pi, i=1,2

Figure 14. The method of installing deformation sensors and the adopted numbering.

Columns P3, P4, P5, and P6, on the other hand, were equipped with IPE120 steel
I-beams (TD Slavsant, Kyiv, Ukraine), each 12.0 m long. Figure 14 also illustrates the sensor
placements along the length of these profiles.

2.4.2. Assessment of Compressive Forces in CMC Columns

The determination of compressive forces in columns based on deformation measure-
ments was carried out based on physical laws relating stress to deformation. For the
purposes of this study, it was assumed that the dependency is linear, where Ncol is the
normal force of the column, Acs is cross-sectional area of the column, Ecm is the elastic
modulus of the sandstone aggregate, ¢ is the change in deformation measured by the sensor,
and o is the stress.

0 = Ecme 1)

The value of the modulus of elasticity, E, was adopted based on the PN-EN 1992-1-1:2008
standard Eurocode 2—Design of concrete structures—Part 1-1: General rules and rules for
buildings [29] for concrete class C25/30, reducing it by 30% due to the use of sandstone
aggregate: Ecm = 21.7 GPa.

It was assumed that there is full adhesion between the steel profile and the concrete,
ensuring the compatibility of deformations. The transformed cross-sectional areas Acs were
determined for columns with an IPE120 profile and a tubular profile, taking into account
the ratio of the modulus of elasticity of steel Est = 200 GPa and concrete Ecm = 21.7 GPa.

The value of the force Ncol in the column at various depths was determined using
the formula

Neol = AcsEcme 2)

where ¢ is the change in deformation measured by the sensor, taking into account the
correction related to different thermal expansion coefficients of steel and concrete, which
corresponds to the stresses in the structural element, excluding free thermal deformations
(as further explained in the text).
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It should be noted that the values of the forces were determined under the assumption
of constant stiffness in compression of the column along its length (AcsEcm = const). This
means that the assumption was made that along the length of the column, there are no
disturbances causing a change in the column’s diameter (Acs = const) or a change in the
elastic properties of the column concrete (Ecm = const).

Based on the above detailed introduction and the field tests incorporated in this section,
we have provided the complete workflow in this paper, as shown in Figure 15.

Define monitoring objectives

v

Select monitoring parameters
(e.g. settiement)

v

Install instrumentation
-Pile load celis
-Straing gauges

-Settlement markers

-

Begin long-term monitoring

v

Collect monitoring data over time

v

Filter and validate data

v

Analyse foundation behaviour (Finite element method)
-Raft settlement
-Pile load shearing

|

Compare raft vs pile contributions

v

Evaluate raft-pile-soil interaction
-load redistribution over time
-creep and consolidation

/Ej;\

e

Figure 15. Flowchart of the study.

3. Results and Discussion
3.1. Take-Off Measurements of Column Deformation

Take-off measurements (“zero measurements”) for the deformation sensors installed
in the columns were taken immediately after their completion, i.e., on 12 October 2015.
The readings of the sensors in columns P1 and P2 were also read during the test load. The
detailed procedure is shown in Section 3.2.

Automatic measurements were started on 20 May 2016. In Figures 16 and 17, the
recorded strain values from this period are presented in relation to the assumed take-off
measurements from 12 October 2015. The dotted lines in Figures 16 and 17 were introduced
only to increase the figures’ readability because the intermediate periods’ strain functions
are unknown.
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Figure 17. Strain graphs of the P2 column in the period from the take-off measurements to the start

of automatic measurements.

Temperature was measured at every step and was taken into account when determin-

ing e(s)—stress and strain values—as part of the true stresses (line 462). It cannot be clearly
determined whether the first measurement, taken on 12 October 2015, reflects the tempera-
ture increase due to the heat of hydration or the cooling phase of the concrete. Comparing
the measured temperatures of 20.3 °C, 18.4 °C, and 20.7 °C recorded on 12 October 2015, in
sensors P1/1, P1/2, and P1/3, respectively, with the values recorded a month later—11.2 °C,
11.4 °C, and 11.7 °C—it can be observed that the temperature of the concrete decreased
along the entire length of the column. On 20 May 2016, the temperature stabilized across
all sensors at 9.9 °C, 9.0 °C, and 11.6 °C and remained exactly the same one year later. In
column P2, a temperature decrease over time was observed in all sensors. The recorded
values for sensors P2/1, P2/2, and P2/3 were, respectively, 15.7 °C, 16.4 °C, and 15.5 °C
on 12 October 2015; 10.2 °C, 10.2 °C, and 10.1 °C on 12 November 2015; and 9.2 °C, 8.9 °C,
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and 10.9 °C on 20 May 2016. Finally, it should be concluded that the concrete temperature
measurements indicate a cooling trend over time.

Based on the graphs of deformations measured in columns P1 and P2 at three depths
(Figures 16 and 17), from their installation on 12 October 2015 until the activation of
automatic measurements on 20 May 2016, three distinct phases can be identified. The
first phase corresponds to changes in deformation due to the maturation of the concrete mix.
The second phase is associated with deformation changes resulting from the application
and removal of the test load. The third phase covers the waiting period for the initiation of
automatic measurements during the building’s construction, reflecting an increase in load
due to the building’s own weight.

In the first phase, column shortening was observed in all sensors except P1_3, most
likely caused by temperature changes following the release of heat during cement hydration,
along with concrete shrinkage. Shrinkage occurs due to structural changes in the cement
paste caused by physicochemical processes of water loss during concrete setting and
hardening. It is assumed that shrinkage was facilitated by the soil’s moisture content of
25%. In contrast, sensor P1_3, located near the column head, exhibited an opposite trend:
swelling, likely caused by the presence of water in the upper soil layers during the setting
of the concrete mix. Column shortening may also have resulted from the load imposed
by the concrete mix itself. However, since column deformations were measured at only
two points in time (at the start of the concrete setting process and at the onset of the test
load), it is not possible to fully or accurately interpret the processes occurring in the column
during the initial 30 days after its installation in the ground.

The strain graphs for both columns during the load tests are presented in Figures 18a
and 19a. In this analysis, the zero strain reading corresponds to the measurement taken
prior to the application of the test load. The recorded strain values reflect only the changes
resulting from the variation in the load applied to the column head.

During the second phase, corresponding to the test load, column shaft shortening was
observed (Figure 19), accompanied by a residual force remaining in the column shaft after
unloading. Based on deformation measurements, it can be concluded that the residual
force in column P1 is greater than that in column P2. Comparing these observations with
the axial force changes along the column during the test load (Figure 20), these conclusions
appear well founded. The performance of the side surface of column P1 is better compared
to column P2, which ultimately results in the mobilization of greater force during the test
load and, consequently, a higher residual force in column P1.

In column P2 (Figure 20b), during the first stage of loading, the force estimated from
the measurement with sensor P2_3 was only slightly higher than the force estimated using
sensor P2_2. After the fifth stage and unloading of the column, the force at point P2_2 was
higher than that at point P2_3 during the subsequent loading step. Although a measurement
error cannot be ruled out, the author believes that this axial force distribution could indicate
narrowing in the vicinity of sensor P2_2. It may also suggest the absence of friction
mobilization on the column side up to the depth at which the P2_2 sensor was located.

In the third and final phase, a phenomenon similar to that observed in the first phase
is evident. Measurements from all sensors, except P1_3, indicate column shortening, while
sensor P1_3 shows column lengthening. As in the first phase, this can be attributed to the
presence of water in the substrate, which causes soil swelling—a phenomenon observed
exclusively in the upper part of the column.
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Figure 19. (a) Deformation of column P2 and (b) axial force in column P2 during the load test.
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Figure 20. Graphs of the force distribution along columns (a) P1 and (b) P2 during the test load.
Graphs were made based on the strain readings.

3.2. Load Test of Columns P1 and P2

Test Procedure

The tests were conducted from 4 November to 17 November 2015.

The test loading was performed in accordance with PN-83/B-02482 regarding the
bearing capacity of piles and pile foundations [30].

To conduct the tests for six columns, a structure composed of a main beam (2 xIPE550)
with a length of 8 m and two secondary beams (2xHEB300) with a length of 4 m was
used. The connection between the secondary beams and the anchoring piles was made by
welding, as specified in the design documentation (PW).

The load application was performed using a setup consisting of (a) one hydraulic
cylinder (serial number 1) with a nominal force of 2000 kN, and an electric-powered hy-
draulic pump with a pressure gauge; (b) the monitoring of the column displacement
using three dial gauges with a range of 50 mm and a readout accuracy of 0.01 mm;
(c) a precision leveling method for controlling the displacement of the anchoring columns.

The test loads were performed in two stages:

Stage 1:

The load was incrementally increased until reaching a force approximately equal to
the calculated design load (Q).

After reaching the force close to the calculated design load (Q), the column was
unloaded to zero, and the permanent deformation was stabilized for 10 min.

Stage 2:

Following the reinforcement designer’s suggestion, the column was loaded to a force
equal to 200% of the calculated design load. The column was then unloaded, and after
10 min, the permanent deformation was recorded. The image in the Tables 4 and 5 are used
to measure the displacement. The data are shown in Tables 4 and 5.
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Table 4. Load test results for P1.

Stage Force Pressure Tir}ne Readings Average Increment Settlement
(kN) (MPa) (min) (mm) (mm) (ds) (mm) (mm)
0 0.00 0.0 - 4500 45.00  45.00 4500  0.00 -
1 137 50.0 10 4470 4475 4472 4472 028 0.28
2 274 50.0 10 44.67 4473  44.69 4470  0.03 0.03
3 412 100.0 10 4430 4438 4425 4431 0.39 0.69
4 274 100.0 10 4429 4437 4424 4430  0.01 0.70
5 412 150.0 10 4373 4387  43.62 4374 056 1.26
6 412 150.0 10 43.70 4385  43.69 43.71 0.03 1.29
7 549 200.0 10 43.00 4326  42.86 43.04  0.67 1.96
8 687 200.0 10 4299 4326 42.84 43.03  0.01 1.97
9 687 250.0 10 4213 4255  42.00 4223 0.80 2.77
10 687 250.0 10 4211 4254 4198 4221 0.02 2.79
11 0 0.0 10 4418 4433  44.08 4420 —-1.99 0.80
12 687 250.0 10 4186 4235 41.70 4197 223 3.03
13 687 250.0 10 4176 4226  41.60 4187  0.09 3.13
14 687 250.0 10 4175 4224 4158 4186  0.02 3.14
15 824 300.0 10 40.76 4176 40.63 4095 091 4.05
16 824 300.0 10 40.76 4145  40.60 4094  0.01 4.06
17 962 350.0 10 3956 4056  39.48 39.87  1.07 513
18 962 350.0 10 39.46 4046  39.38 39.77  0.10 5.23
19 962 350.0 10 3946 4045 39.35 39.75  0.01 5.25
20 1099 400.0 10 3780 3922 37.72 3825 151 6.75
21 1099 400.0 10 3772 39.18 37.65 38.18  0.06 6.82
22 1099 400.0 10 3767 39.13  37.60 3813 0.05 6.87
23 1237 450.0 10 35.77 3780 35.58 3638  1.75 8.62
24 1237 450.0 10 3564 3769 3544 3626  0.13 8.74
25 1237 450.0 10 3559 3765  35.39 36.21 0.05 8.79
26 0 0.0 10 36.30 3877 3495 36.67 —0.46 8.33

Columns P1 and P2 were subjected to a test load, among other things, to verify
the correct operation of the measuring devices installed inside the columns. Load tests
were also conducted to obtain the load-settlement relationship for the columns, which is
necessary for the proper design of the building’s foundation. A force was applied to the
column heads, with the value increasing in ten stages. After the fifth stage, the columns
were unloaded.

After the fifth stage, the reason for the unloading is to evaluate elastic recovery,
calibrating measuring devices.

Regarding the results shown in Figure 21, during the mid-test unloading, the settle-
ment of P1 is recovered similarly to P2, whereas the same does not occur at the end of
the test.

When comparing the final deformation results recorded in columns P1 and P2, they are
of the same order, i.e., approximately 50 microstrains. A different behavior was observed
in Figure 21—after removing the load, there was no recovery of vertical deformation
measured at the head of column P1. To clarify the matter, the results of all six load tests
were compared. For columns numbered 50 (in axis D4/20), 126 (in axis D2/14), 329 (P2),
255 (P1), 434 (in axis D8/21), and 411 (in axis B8/16), the recovery of vertical deformation
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(the difference in settlement between the last load and unload step) is as follows: —4.60 mm,

—3.82 mm, —6.71 mm, —0.46 mm, —5.06 mm, and —3.99 mm, respectively.

Table 5. Load test results for P2.

Stages Force  Pressure Tir'ne Readings Average Increment (ds) Settlement
(kN) (MPa) (min) (mm) (mm) (mm) (mm)
0 0.00 0.0 - 35.00 35.00 35.00 35.00 0.00 -
1 137 50.0 10 3473 3468  34.65 34.69 0.31 0.31
2 137 50.0 10 3472 34.67  34.65 34.68 0.01 0.32
3 274 100.0 10 3439 3437  34.39 34.38 0.30 0.62
4 274 100.0 10 3439 3437 3439 33.38 0.00 0.62
5 412 150.0 10 33.86 33.80 33.82 33.83 0.56 117
6 412 150.0 10 33.83 3378 33.79 32.80 0.03 1.20
7 549 200.0 10 3299 3290 3287 32.92 0.88 2.08
8 549 200.0 10 3299 3288 33.83 32.90 0.02 2.10
9 687 250.0 10 3224 3204 3201 32.10 0.80 2.90
10 687 250.0 10 3221  32.02 3198 32.07 0.03 2.93
11 0 0.0 10 3456 3451 3451 3453  —246 0.47
13 687 250.0 10 31.66 3152 31.56 31.58 2.95 3.42
14 687 250.0 10 3164 3150 31.54 31.56 0.02 3.44
15 824 300.0 10 31.07 3090 31.94 30.97 0.59 4.03
16 824 300.0 10 31.06 3089 3093 30.96 0.01 4.04
17 962 350.0 10 30.06 29.80 29.78 29.88 1.08 5.12
18 962 350.0 10 30.03 2976  29.75 29.85 0.03 5.15
19 1099 400.0 10 28.67 2830 2820 28.39 1.46 6.61
20 1099 400.0 10 28.64 2829 2818 28.37 0.02 6.63
21 1237 450.0 10 2743 2601 2674 26.73 1.64 8.27
22 1237 450.0 10 2740 2599 2671 26.70 0.03 8.30
23 0 0.0 10 3353 3339 3332 3341 671 1.59

Settlement of the column head [mm]

10

-200

-400

-600

-800 -1000 -1200 -1400

The force applied to the column head [kN]

Figure 21. The load—settlement relationship for the head for columns P1 and P2 (load test results).

Clearly, the measurement in column P1 differs from the other five, which indicates

a high probability of an error in reading the vertical deformation.
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In column P1, the distribution of the axial force corresponded to typical column
operation. Specifically, the estimated force values at all stages of the test load were highest
for the sensor located at the highest point (P1_3), where the observed values were close to
the force applied to the head at each stage of the load. The lowest force values were recorded
by the sensor at the deepest point (P1_1). This response indicates good cooperation between
the column side and the ground, as well as good quality of the column shaft.

When comparing these conclusions with the results of the CPT probing, it is important
to note that the soil surrounding the P1 and P2 columns, at the location of the P1_2 and P2_2
sensors, exhibits significantly different cone resistance qc. For column P1, the resistance is
approximately twice as high as that for column P2 (over 5 MPa for column P1 compared to
2.5 MPa for column P2, on average). The higher force values at the mid-height of column P1,
compared to the upper part after the fifth stage and unloading, may also suggest variable
values of the modulus of elasticity of the hardened concrete along the column.

Despite the differing behavior of the side surfaces and bases of columns P1 and P2, the
load-settlement relationship determined for their heads is very similar (Figure 21). This
indicates that, from the perspective of the structure’s overall behavior, the columns perform
almost identically within the analyzed load range.

The conclusions from the axial force distribution interpretation along the shafts of
columns P1 and P2 for different load steps can be compared to the findings resulting from
the load-settlement relationship for their heads (Figure 21). After the final unloading for
P1, practically no change in the head elevation was observed, while the head of column
P2 moved upwards after the load was removed. The share of plastic deformation of the
soil along and under column P2 is relatively small. Column P2 deforms elastically without
the cooperation of the side surface (lack of lateral constraints). In the case of column P1, the
side surface works much better, which is manifested by a practically complete reduction in
the column head displacement upwards because the side surface counteracts the column
from rising.

The maximum force applied to the heads of columns P1 and P2 of 1200 kN causes
an estimated elastic shortening of column P1 by about 8.3 mm (assuming the modulus of
elasticity for the concrete column E = 21.7 GPa, diameter D = 0.40 m and length L = 18.8 m)
and of column P2 by about 7.0 mm (assuming the same value of the modulus and diameter
and length L = 15.8 m). The values estimated in this way are close to the values of the set-
tlements of the heads of columns P1 and P2 measured during the test load (Figure 21). The
estimated elastic shortening of column P1 observed on the load—settlement graph, taking
into account good ground conditions around the column, may indicate the mobilization of
friction along the entire length of the column, which results in a decrease in the axial force
in the column. As shown in Figure 21, column P2 shortens elastically by about 6.0 mm.
Permanent deformations of the substrate amount to about 2.0 mm. The extension (with
excellent approximation) of the last linear section of the axial force dependence over depth
for column P1 (Figure 22a) shows that the side surface transfers almost the entire force
value applied to the column head, with practically no work performed by the column base.
It follows from Figure 22b that different substrate-column interaction processes accompany
the work performed by column P2. The agreement of the estimated and observed elastic de-
formations confirms the above interpretation of the axial force variation with depth, where
the side layer does not cooperate with the ground in the first eight meters, both under load
and during unloading. The return of elastic deformation of the column shaft is noticeable
in the absence of resistance of the side layer. The work of the lower part of the column, for
a depth greater than 8.0 m, causes the mobilization of friction at the column—ground inter-
face and/or a slight settlement of the base, resulting in plastic deformation of the ground.
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Figure 22. Hypothetical extension of the force distribution diagram along columns (a) P1 and (b) P2
during the test load.

3.3. The Influence of Temperature Changes on the Measurement of Column Deformations

Sensors Pi_3 were installed at the point of the greatest temperature and atmospheric
pressure fluctuation. For example, Figure 23 shows a graph of temperature changes as
a function of time measured by sensor P1_3, placed in column P1. The graph shows that
the temperature of the concrete near the head changes significantly and directly affects the
values of deformations and, therefore, the estimated values of the axial force in the column.

The influence of temperature on strains

sensorP1_3 within the upper part of the column

Strains [pe]
Temperature [°C]

Time [days]

Figure 23. Influence of temperature on the determined strain values. Designations: e(L)—real strains;
€(0)—stress strains.
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Analyzing the actual deformations of concrete in a simplified way, we can distin-
guish free deformations, deformations resulting in the formation of stresses, and creep
and shrinkage deformations. Neglecting rheological phenomena due to the relatively
short measurement period, we can assume that the actual deformations (L) are the sum
of deformations caused by the impact of temperature and deformations resulting from
mechanical impacts, which generate stresses in whole or in part. In other words, these
are such deformations that could be determined at the measuring point based on the
measurement of the change in the base length made using an external measuring device,
e.g., a caliper. Stress strains are theoretical strains that, using Hooke’s law, correspond to the
values of stresses at the measuring point. Mechanical and non-mechanical interactions can
cause them. For example, in a wholly restrained beam element, its length does not change
due to temperature, and therefore, no strains occur. Using the temperature measurement,
however, we can determine the theoretical value of the strains that would occur if the
element were free to change length. Temperature changes in a restrained beam generate
stresses that do not cause strains.

In the analyzed case, based on measurements with wire sensors, the actual strains ¢(L)
were determined, and then stress strains ¢(0) were separated from them (Figure 23). In the
further part of the work, only the changes in stress strains ¢(o) over time will be analyzed.

3.4. Distribution of Force on the Elements of the Combined Piled Raft Foundation

The stress (pressure) change in the subsoil under the foundation slab was analyzed
as a function of time (Figure 24). As mentioned earlier, the string pressure transducers
were located in such a way as to enable the determination of the part of the foundation slab
through which the load is transferred to the subsoil from the point support of the column
type. One of the stress sensors was installed in a depression in the vicinity of the measured
concrete column (S8), while the other two were in the middle of the spans, between
the adjacent depressions (57), and between the depression and the subsequent columns
(S9)—compare. The measurements were designed to provide the information necessary to
determine the vertical load distribution between the subsoil under the foundation slab and
the concrete columns.
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Figure 24. Change in the stress value in the ground under the foundation slab as a function of time
for selected locations, taking into account the correction resulting from the stresses existing in the
ground at the moment of starting the measurement.
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The automatic measurement system was launched on 20 May 2016 at 16% of the
construction progress about the shell of the entire building (compare Table 1), i.e., after
the foundation slab and the ceiling above story—two were completed in the part between
axes C1-C5/15'-22" and after concreting the foundation slab between axes B12-C7/10-15
(in the measurement area). In connection with the above, a correction was introduced to
the stress measurement, consisting of taking into account the initial stress resulting from
the thickness of the slab, i.e., 30 kPa for sensor S8 in the recess and 20 kPa for the two
remaining sensors S7 and S9.

Based on the stress measurements in the subsoil under the foundation slab outside the
recess (sensors S7 and 59), assuming for analysis the stress value from measurements taken
between day 400 and 500, i.e., approx. 40 kPa, it can be hypothesized that the soil, apart
from the foundation slab’s dead weight, transfers the load from the aboveground part of
the structure at a level of approximately 20 kPa. The area of the slab within the column,
where the recess of the foundation slab with an area of 3.5 m x 3.5 m is located, transfers to
the ground a load that is more than twice as high, i.e., the stresses measured in the ground
are on the order of 80 kPa, of which 30 kPa is the dead weight of the foundation slab, and
50 kPa is the load transferred by the column to the foundation.

To determine the load distribution on the subgrade and concrete columns, a compari-
son was made of the stress values transferred to the subgrade by the aboveground part of
the structure (Figure 24) and the forces mobilized in the concrete columns (from Figure 25)
with the total value of the force transferred by the column to the foundation slab. This
force was estimated by the structural designer at the level of Fc,d = 10,125 kN based on
the analysis of the FEM model of the aboveground part of the structure. Assuming the
average load factor at the level of 1.2 (static and strength calculations were carried out
based on the PN-B standard package), the average value of the force in the column can
be estimated as Fc k = 8438 kN. The additional load on the ground beyond the slab depth,
which was measured as 20 kPa in the area of 7.75 m x 10.30 m — 3.5 m x 3.5 m = 67.6 m?2,
allows us to estimate the value of the force taken up by the ground under the slab at
the level of Fr2 k = 1352 kN. The additional load on the ground under the slab recess,
determined based on the measured stress of 50 kPa in the area of 3.5 x 3.5 = 12.3 m?,
gives the force value Frl k = 613 kIN. In total, the plate transfers a force of Fr,k = 1965 kN
to the subgrade. The value of the axial force estimated after 788 days based on the mea-
surement of concrete deformations with the P1_3 sensor located near the head of the P1
column is Fp,k = 869 kN. Considering the actual distribution of seven columns within the
recess (Figure 25), it can be assumed that the total load taken by the group of columns is
Fpg7,k =7 x 869 kN = 6083 kN. The sum of the values of the force taken by the ground
Fr,k = 1965 kN and the columns Fpg7,k = 6083 kN is Fc’ k = 8048 kN is very close to the
force value specified by the structural designer, i.e., 8438 kIN. The difference is about
4.8%. Finally, it can be assumed that in the analyzed plate—pile system, the subsoil takes
over Frk/Fc’ k = 1965/8048 = 24.4% of the total load transferred to the foundation from the
column and the Fpg7,k/Fc’ k column = 6083 /8048 = 75.6% of this load. The lack of results
observable between days 520 and 560 of monitoring is due to a break in data readings
caused by the service provider, which resulted from the expiration of the initial monitoring
service agreement. Once a new contract was signed, the readings were resumed. This is
a limitation of the study. P1 to P6 is the column load with respective sensors to measure
the displacement.
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Figure 25. Change in the estimated value of the axial force as a function of time based on the

measurement of concrete deformations.

3.5. Analysis of the Behavior of Columns as a CPRF Element

Figure 25 shows the changes in the values of axial forces in columns P1 and P2 as

a function of time, estimated based on deformation measurements using sensors placed

along the tested columns.

After about 100 days of observation in column P2, sensor P2_3, which is located in the

vicinity of the column head, no correct readings were observed.

During the measurements of deformations in column P4, 120 days after their com-

mencement, the lack of correct readings was found in two sensors: the lowest (P4_1) and
the highest located (P4_3) sensor. The fault caused by the broken wiring was removed in
sensor P4_3 after 560 days.
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During the installation of the measuring system in column P6, the repeated lifting and
pressing of the steel I-beam into the concrete mix damaged the cable of the lowest-located
sensor P6_1.

After approximately 70 days of readings in column P6, the middle sensor of column
P6_2 was not receiving correct readings. The sensor was restored to working order after
560 days.

For all columns, after the conventional date of completion of the shell stage of the
structure, i.e., after 201 days from the start of automatic measurements, a uniform increase
in deformations was observed in all sensors installed in a given column.

A different issue is the absence of results for sensors numbered P2/3 and P6/1,
which were damaged, for example, during installation. Yet, another issue concerns the
lack of readings in sensors numbered P4/3 and P3/2, where it should be noted that due
to excessive stretching or shortening of the string in the sensor—i.e., going beyond the
measurement range—the sensors did not provide valid data within the expected range of
strain/force. Such results were deliberately removed from the force vs. time chart. Once
the readings returned to the valid measurement range, the data were again included in the
chart.

Generally, it can be assessed that in column P3, friction along the side surface is
mobilized the least. The force diagrams in the upper part of the column show similar
values, while they overlap in the lower part. Column P1 behaves similarly, but the decrease
in axial force with depth is more pronounced here, which may indicate better mobilization
of friction. Column P2 shows better cooperation with the soil medium.

Columns P5, P6, and P4 observe the highest values of the estimated axial forces, which
indicates that these columns operate very effectively.

The analysis of the change in the axial force value as a function of time (Figure 25)
over 788 days allowed for the following conclusions to be drawn:

Column P1 (No. 257)

Column P1 works in a group of five or seven columns if we consider the additional two an-
chor columns made to carry out the test (Figure 26) at a spacing of 1.4 m (approx. 3.5D).
Considering the anchor columns, column P1 works as a middle column.
Nl e

_ | gl |
|

@259

Figure 26. Column arrangement around columns P1, P2, and P3.

Figure 27 compares the distribution of the axial force along column P1 for the last read-
ing taken into account in this analysis, i.e., after 788 days from the start of measurements on
20 May 2016, with the change in the value of the axial force from the test load of the column.
The course of the axial force along the column for the last reading leads to the conclusion
that the side surface of the column in the plate—pile system works more weakly than in
the single-layer system. The value of the axial force along the length of the column in the
plate—pile system decreases slightly, i.e., by approx. 230 kN over the measured length of 10
m, in contrast to a single column, where the decrease in the force value along the length
is apparent. The reduction in the contribution of the CPRF column sidewall to the load
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transfer is compensated by better mobilization of force in the lower unmeasured part of
the column with a length of 8.8 m, including the base. This can be explained by increased
friction on the sidewall in the lower part of the column and/or increased mobilization of
the soil resistance under the column base.
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Figure 27. Distribution of force along columns (a) P1 and (b) P2 during the test load and for the last
reading during the construction of the building (solid black line).

The observations led to the conclusion that the statement about the existence of the
so-called “dead zone” that typically occurs at small axle spacing between columns of 3D
should be considered correct. This situation can be explained by the limitation of friction
mobilization on the side due to the reduction in the relative displacement of the upper
section of the column with respect to the surrounding soil. As a result of the pressure of the
slab on the columns and the ground, the columns and the surrounding soil under the slab
are subject to identical displacement. This interpretation is consistent with the conclusions
presented in regarding the interactions between piles and the interactions between piles
and the slab, according to which the friction on the side of the pile/column in the combined
piled raft foundation is mobilized only in its lower part, i.e.,, on 1/3 to % of the total pile
length, i.e., 6.3 m in the case of our tests. In their work [31,32] indicated that the shaft
friction distributions they presented for small center-to-center spacings, i.e., 3D, suggest
that for a small range of settlements (0.03D), the raft in a piled-raft foundation negatively
influences the distribution of unit shaft friction along the pile in the zone directly beneath
the raft (up to 6 m, or 1/5 L for a central pile, and up to 25 m, or 0.83L for corner and
edge piles). For greater settlements (0.10D), the behavior of the piles in a group and in
the piled-raft foundation is very similar, although the performance of the central pile in
the piled-raft foundation is noticeably better. The reduction in shaft friction mobilization
directly beneath the raft results from the lack of relative displacement between the pile
shaft and the surrounding soil.

Column P2 (No. 329)
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The P2 column works in a five-column arrangement (after considering the additional
two anchor columns), with a spacing of 2.30 m (approx. 5.85D).

The P2 column should be defined as the middle one in the column arrangement.
Considering the column spacing close to 6D, according to the conclusions from the nu-
merical analysis [10], it should be expected that the P2 column will work similarly to
a single column.

Later in the work, a more extensive analysis for column P2 was performed, supple-
menting the field measurements with the results of numerical analysis.

Column P3 (No. 222)

The P3 column works in a three-column arrangement (Figure 26) as a middle column
with a spacing of 1.43 m (3.6D).

As stated above, in column P3, friction along the side surface is mobilized the least
in comparison to other columns. Very similar force values in three sensors, practically
throughout the entire measurement period, indicate that the column load of 750 kN is
transferred to a small extent by the first measured section of the column (approx. 130 kN)
and, above all, by the lower, unmeasured part of the column, i.e., the side surface together
with the base. Relating these observations to Kazenbach’s conclusions [7] from the moni-
toring of piles under the Commerzbank Tower building in Frankfurt, it can be assumed
that columns embedded in load-bearing sands underlying much weaker dust mobilize a
high value of friction on the side surface.

Columns P4, P5 and P6

It is assumed that columns P4, P5 and P6 operate in similar ground conditions and
under similar load conditions. Column P5 operates in a single-column configuration, col-
umn P6 in a two-column configuration (spacing 2.83 m), and column P4 in a three-column
configuration (spacing 2.33 m), as shown in Figure 28.
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Figure 28. Arrangement of columns around columns P4 (No. 300), P5 (No. 315), and P6 (No. 318).

From the direct readings, the full distribution of force values along the length of
column P5 can be estimated. In columns P4 and P6, although time-limited, reading is
possible at the middle sensor (P4_2 and P6_2) and at the column head (P4_3 and P6_3).

Comparing the readings from the highest positioned sensors (Pi_3) in all three columns,
it can be concluded that the force values on the last day of measurement are very similar to
each other (1227 kN, 1203 kN, and 1148 kN for columns P4, P5, and P6, respectively).

Comparing the axial force drop on the upper measured section of the three columns, be-
tween sensors Pi_3 and Pi_2, it can be observed that the column side surface P4 works best,
then P6 and P5, with the axial force decreasing by 595 kN, 362 kN and 243 kN, respectively.

To sum up, based on the distribution of estimated axial force values along the length
of the column on the last day of measurement, based on the change of the axial force value
with depth, it can be concluded that the behavior of columns P1, P2 and P3 is similar to the
behavior of typical middle (inner) piles in a plate—pile system. Columns P1, P2 and P3 are
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located inside the group of columns. The small differences in the interpreted force values
indicate poor side surface performance. The reduction in the side surface friction observed
at the top of the columns indicates the existence of a “dead zone”.

Based on the measurements carried out, the behavior of columns P4, P5 and P6 can,
with high probability, be compared to the behavior of typical columns’ corners/edges in
the spacing of the order of 6D. Columns P4, P5 and P6 were located on the edge of the
column group. The mobilization of friction on the side surface along the entire length of
the column results in a significant decrease in the axial force along the column.

3.6. Detailed Analysis of the P2 Column Based on Field Measurements and FEM
Calculations (ZSoil)

Based on the measurement of the actual deformations of concrete columns, a part
was distinguished as stress, and then the axial force values were derived. This approach
was particularly important for the sensors closest to the heads, where the most significant
temperature changes were observed. In the case of columns P2 and P4, it was impossible
to measure the strain in the column just below the foundation slab after 100 and 120 days,
respectively.

Hence, to determine the course of the change of the axial force in the column head
during P2, as a supplement to the readings from the P2_3 sensor during the field tests,
a numerical analysis was carried out using the finite element method in the ZSoil program.
The analysis also verified the possibility of using alternative tools to determine the values
of axial forces in the column caused only by changes in load without the influence of
temperature. The column choice resulted from possibly calibrating the model based on
the load—settlement relationship from the test load. Moreover, thanks to the geodetic
monitoring of the foundation slab settlements on the benchmark located directly above the
P2 column, it was possible to obtain the information needed to compare the work of the
combined piled raft foundation column with the column working independently.

3.6.1. FEM Model

The FEM model [33,34] was limited to a detailed analysis of the part of the structure
located between the B12-C7/10-15 axes (red contour) with column P2, taking into account
the influence of the part located between the C1-C5/15'-22" axes and the parts of the
neighboring buildings with uniformly distributed load shown in Figure 29. The model
considered the point average load from the most unfavorable combination of loads from all
stories of the analyzed building acting on the foundation slab (from ARSA to Zsoil). The
load in the form of concentrated forces was applied to the foundation slab at the locations
of columns and walls. The model reproduced the actual arrangement of columns with their
lengths from the as-built documentation. The columns were modeled as piles (beams) with
a D = 0.40 m diameter. To stiffen the structure, all stories were taken into account in the
FEM model.

In order to model the subsoil, the constitutive soil model HSs (hardening soil model
with small stiffness [35]) was used, for which the parameters were selected based on the
available results of field and laboratory tests (Table 6).

The parameters adopted for the constitutive model of the subsoil medium were
verified by comparing the load-settlement relationship for column P2 during the test load
(Figure 30) and the settlement of the foundation slab located between axes B12-C7/10-15 of
the building part (Figure 31).

Comparing the results of field tests and numerical simulations, a relatively good
convergence with the results of the test load of column P2 can be observed (Figure 30).
The numerically estimated settlement of the foundation slab compared to the geodetic
measurements indicates a two- or three-fold overestimation of the results (Figure 31A,C),
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assuming the full load of the building. Assuming that 60% of the target weight of the
building is applied to the foundation slab, the subsoil settles quite similarly to reality
(Figure 31A,B). It is worth noting that the geodetic measurement on 12 June 2018 did not
show any differences (except for the R11_H benchmark, where the change was 1 mm)
compared to the measurement from 30 January 2017, i.e., from the 254th day from the
start of automatic measurements. Based on the assumptions made at the beginning of the
introduction, on the 201st day from the launch of the measuring platform, the progress of
work on the building structure was approximately 50%.
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Figure 29. FEM model (ZSoil) of the selected part of the building.
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Figure 30. Load-settlement relationship of the P2 column head. Comparison of actual measurements
with FEM simulation (ZSoil P2).
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Table 6. Parameters of the HSs model of the subsoil.

Soil Layer
Parameter IIb IIIb IVa IVb IVc Ivd Va VI W
Ey'¢ (kPa) 408,000 276,000 312,000 120,000 252,000 336,000 168,000 516,000 500,000
Yo7 (x10%) 1.61 2.28 1.63 1.68 2.14 1.82 4.50 1.43 1.43
E..'¥ (kPa) 90,000 60,000 75,000 20,000 50,000 70,000 32,000 110,000 110,000
Eso’? (kPa) 27,000 16,000 25,000 6000 13,000 22,000 10,000 35,000 35,000
o' (kPa) 80 99 86.8 59.4 104.5 110.5 135 112.5 100
m(-) 0.5 0.6 0.5 0.55 0.6 0.6 0.75 0.5 0.5
Vur (<) 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2 0.2
Re () 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9
C’ (kPa) 0 2 0 0.5 4 5 6.5 0 0
¢ (°) 39 35 36 32 34 36 23 41 41
P (°) 7 6 5 2 6 2 0 10 10
emax (-) 0.85 1.2 0.85 22 14 1.2 2.0 0.85 0.85
ft (kPa) 0 0 0 0 0 0 0 0 0
D (-) 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25
Eped™ (kPa) 27,000 16,000 25,000 6000 13,000 70,000 10,000 35,000 35,000
Toed® (kPa) 216.2 2324 266.3 126.3 237.0 268.3 221.0 331.0 294.1
KoNE () 0.37 0.426 0.41 0.47 0.44 0.41 0.61 0.34 0.34
g"OP (kPa) 200 200 200 200 200 200 200 200 30
Ko°R (=) 0.37 0.426 0.41 0.47 0.44 0.41 0.61 0.34 0.34
Ko () 2 1.5 0.78 0.9 0.95 0.85 1.5 0.75 0.5
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Figure 31. Comparison of the foundation slab settlements based on the results of (A) geodetic
monitoring (last measurement from 12 June 2018, identical as on 30 January 2017) and FEM analysis
(ZSoil) (B) for 60% load and (C) for 100% load.
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3.6.2. Analysis of Results

The analysis of the changes in the value of the axial force as a function of time for the
measured columns showed that this course is bilinear. In the conventional time of 200 days,
the increase in the axial force for all correctly functioning sensors is more significant than
for later measurements. Geodetic measurements of the foundation slab settlements over
time confirmed these observations.

For deformation measurements taken after day 201, i.e., for the finishing phase of the
building, taking into account the estimated change in the force values determined based
on the measurements with individual sensors (P2_2 and P2_1), it was estimated that the
finishing works, which translated into a further increase in load, progressed at a rate of
0.04% per day. Hence, for further analysis, the steps of 55%, 60%, 70% and 80% of the
total load were conventionally assumed as 325, 450, 700, and 949 days from the start of
automatic measurements on 20 May 2016.

The FEM analysis in ZSoil was performed assuming the nodal load from ARSA, as
a result in the form of reactions from rigid supports, on which the entire structure of the
building was based, including the foundation slab. This situation resulted in the inability
in ZSoil to take into account the direct transfer of the load from the foundation slab’s own
weight to the subsoil. Therefore, the values of axial forces in the numerically modeled
columns were corrected by the value of the foundation slab’s weight.

Considering that automatic measurements began after the foundation slab and the
ceiling above the “—2" level were completed, the modification of axial forces also included
the ceiling weight. In total, according to Table 1, the values of axial forces, estimated
numerically at each load step, were reduced by the value of forces generated for 16% of
the full load. In accordance with the records from the construction journal regarding the
commencement of concreting of individual levels of the building, for each characteristic
load step, the corrected value of axial force at the depth corresponding to the location of
sensors P2_3, P2_2, and P2_1 was read from the ZSoil program and compared with the
force values from the column deformation measurements (Figure 32). Additionally, the
values of axial force at a depth of 14.48 m estimated in ZSoil were plotted with the label
Z50il P2/0.

P2/3-F [kN]
——a— Zs0il P2/3 —— Zs0il P2/2 —e— ZSoil P2/1
—+— Zso0il P2/0

P2/2-F [kN] = P2/1-F [kN]

L S S Y
e e e e . :
I T I A :
IR R :
e e e e . :
. . :
. . :
A 7T :
. . :

-1300 : :
4Ll [55%]  [60%] 70%
0
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Figure 32. Change in axial force values as a function of time in column P2 for three depths. Force
values were estimated from field tests and read after correction from the FEM model (ZSoil).
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Comparative analysis of the results indicates a good convergence of the force values in
sensors P2_2 and P2_1, especially in the last three steps of the construction implementation
phase and at the building completion stage. After exceeding the conventional step of
70% of the building load, the force values from field measurements stabilized, while the
forces from the numerical analysis continued to increase. Similarly to the observations from
the building settlements, which stabilized and did not change the settlements estimated
numerically for the 60% load step, a further increase in the axial force resulting from the
FEM analysis can be considered unjustified.

This is most likely because the load values from the most unfavorable combination
were used in the numerical analysis and were overestimated compared to the actual values.
The numerically determined value of force as a function of time in the P2_3 sensor, located
in the vicinity of the column head, allowed for a comparison of the behavior of a single
column with the behavior of a column of a combined piled raft foundation. Figure 33 shows
the course of the load settlement relationship of the column head. The actual measurement
of the foundation slab settlement in the benchmark located directly above the P2 column
was compared with the value of force in the P2_3 sensor read from the FEM model. Scholars
monitor structures using field monitoring systems and finite element methods [36-38].
These methods help to minimize structural risks in buildings and large bridges [39—41].

200 400 600 800 1000 1200 1400 1600

[kN]

—e—Test load, P2
- -0 - Approximation, P2
—a— CPRF force - f.slab settlement

—a— Zsoil P2_3 CPRF

Figure 33. Load-settlement relationship of the P2 column head (for a column working alone vs. for
a column in a slab—pile foundation). Actual measurements from the column test (continuous line,
empty circle marker); FEM simulation of the test (ZSoil Test Load P2, dotted line).

The hyperbolic curve approximated of actual measurements of the test (dashed line).
CPREF force vs. plate settlement and column working in CPRF show force readings from
FEM analysis after axial force correction vs. plate settlement above column P2 and results
from FEM analysis with axial force correction (ZSoil—P2_3 CPREF).

Based on the comparison of the load-settlement (Ns) curve for a single column from
the test load with the Ns curve for a column with a combined piled raft foundation, it can
be concluded that the CPRF column, in the range of small deformations of the soil medium
(correspondingly, the settlement of the column head at the level of several millimeters),
is characterized by lower stiffness, i.e., it settles more than an independent column at
a similar load value.
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Considering the ongoing development of construction works, determining the
force—time course in the P2_3 sensor, located near the column head and at an additional
depth of 14.48 m, made it possible to supplement the actual measurements and compare
the axial force distribution along the length of the combined piled raft foundation column
with the force distribution measured in a single column during test loads (Figure 34).
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Figure 34. Distribution of force along column P2 during test load (actual results) and during the
construction of the building based on the FEM analysis (ZSoil).

Based on the linear approximation of the numerically estimated values in ZSoil, the
force values in sensors P2_2, P2_1, and P2_0 were determined for the force value read in
sensor P2_3 from the test load. The compiled information made it possible to draw the
following conclusions:

e  For the first three load steps (137 kN, 274 kN, 412 kN), the value of the axial force in
the FPP column is reduced to a lesser extent compared to the single column, which can
be interpreted as a weaker mobilization of friction on the side surface of the column.

e  For subsequent load steps, we observe different behavior of the CPRF column—a more
significant decrease in the axial force along the length of the CPRF column indicates
a more significant mobilization of friction on the side surface than in the case of
a single column.

e  The involvement of the side surface in the cooperation in the ground with relatively
low mechanical parameters in the CPRF sub-plate zone, compared to the lack of
mobilization of friction on the side surface of the column working independently, can
be explained by the increase in vertical normal stresses in the soil medium around the
column, caused by the pressure of the foundation slab.

4. Conclusions

The measurement system, consisting of a setup for monitoring stress changes in
the soil beneath the building’s slab, as well as a system for measuring deformation of
concrete columns, was presented. It can be considered a significant contribution to the
development of knowledge regarding the interaction between the elements of a combined
piled-raft foundation.
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In the analysis, actual deformations resulting from temperature changes were sep-
arated from stress-induced deformations arising from changes in load, and only stress-
induced deformation changes over time were further interpreted.

Using measurements of soil stresses and forces in the columns, the distribution of load
between the subsoil and the concrete columns was estimated, indicating that in the analyzed
piled-raft system, the columns bear 75% of the total load from the pillar. The analysis of
changes in axial force values in six columns over time showed that after exceeding the
conventional date marking the completion of the raw structural state, i.e., approximately
201 days after the start of automatic measurements, the increase in force in all sensors for
a selected column occurred proportionally. Among the examined columns, the following
behaviors were observed:

- Typical behavior for middle columns with small changes in axial force measured along
the column, indicating weak lateral skin friction and simultaneously suggesting the
existence of a “dead zone”.

- Typical behavior for corner/boundary columns with spacing on the order of 6D,
with the ability to mobilize friction along the entire length of the column, ultimately
resulting in a distinct decrease in axial force at depth.

Based on finite element analysis (FEA) in ZSoil, missing readings at the head and
base of one of the columns were supplemented, while simultaneously comparing these
readings with those from other correctly functioning sensors. Comparing the behavior of
an individual column with the behavior of the piled-raft foundation column, it was deduced
that the piled-raft column, within the range of small settlements (several millimeters),
exhibits lower “stiffness” than a single column. However, with larger settlements (0.06D),
an increase in load-bearing capacity and stiffness of the piled-raft foundation column was
observed, in line with conclusions from archival analyses.
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Abstract

Machine learning (ML)-based techniques have received significant attention in various fields
of industry and science. In civil and bridge engineering, they can facilitate the identification
of specific patterns through the analysis of data acquired from structural health monitoring
(SHM) systems. To evaluate the prediction capabilities of ML, this study examines the
performance of several ML algorithms in estimating the total weight and location of vehicles
on a bridge using strain sensing. A novel framework based on a combined model and
data-driven approach is described, consisting of the establishment of the finite element (FE)
model, its updating according to load testing results, and data augmentation to facilitate the
training of selected physics-informed regression models. The article discusses the design of the
Fiber Bragg Grating (FBG) sensor-based Bridge Weigh-in-Motion (BWIM) system, specifically
focusing on several supervised regression models of different architectures. The current work
proposes the use of the updated FE model to generate training data and evaluate the accuracy
of regression models with the possible exclusion of selected input features enabled by the
structural specificity of a bridge. The data were sourced from the SHM system installed on a
network arch bridge in Wolin, Poland. It confirmed the possibility of establishing the BWIM
system based on strain measurements, characterized by a reduced number of sensors and a
satisfactory level of accuracy in the estimation of loads, achieved by exploiting the network
arch bridge structural specificity.

Keywords: artificial intelligence; machine learning; neural network; network arch bridge;
structural health monitoring

1. Introduction

Structural health monitoring (SHM) comprises a network of interconnected sensors
that are essential elements of the entire monitoring framework [1]. Its establishment may
require the integration of various sensor types, each allowing the recording and analysis
of specific parameters of structural response. One of the widely used types of sensors
is fiber optic sensors, which have been successfully applied in many engineering fields,
including civil engineering [2,3], geotechnology [4,5], aviation [6], energy [7], and material
engineering [8]. They are resistant to corrosion, immune to electromagnetic interference,
and versatile in geometric shape [9], and they are also able to detect small variations in
measured values [10].

SHM systems have been increasingly used to estimate road [11-14] and railway traffic
load [15-17]. This task, known as Weigh-in-Motion (WIM), or Bridge Weigh-In-Motion
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(BWIM) specifically for bridge-level load recognition, may involve different methods and
instrumentation [18]. The strain-based BWIM systems were developed and introduced
for various types of railway bridges, including single-span [19], multi-span [20], and truss
structures [21]. The use of specific fiber optic sensing technologies was reported by Yoon
et al. [22] to analyze the response of a bridge superstructure under a train load, allowing for the
identification of car types. Pimentel et al. [23] developed an influence line-based framework
to estimate the static axle load, geometry, and speed of trains. Wang et al. [24] proposed the
use of crossbeam strain measurement to assess load magnitude using Fiber Bragg Grating
(FBG) sensors and the linear superposition algorithm. Although the use of fiber optic sensors
in BWIM is apparent, the vast majority of applications involve the measurement of strains
in directly loaded components of the railway, including rails, sleepers, and a subgrade [25].
For example, Zhou et al. [26] described the method used to estimate the magnitude and
positions of the wheel-rail contact forces using fiber optic sensors mounted on the rails.
Mishra et al. [27] designed an FBG-based WIM system to estimate train parameters, including
the speed, weight, and axle count of cars. Similar characteristics were analyzed by Martincek
et al. [28] who incorporated the interferometric optical fiber sensing, Lan et al. [29] who used
the rail- and track slab-embedded sensors, and Mishra et al. [30] who analyzed the impact of
train speed and weight on the optomechanical behavior of optical sensors.

In the context of road infrastructure, WIM proposals should address the issues as-
sociated with the non-deterministic nature, uncertain positioning, and variety of road
traffic scenarios. Reported applications include systems based on the measurement of
strains by sensors embedded in pavement [31-34] and subgrade layers [35]. Several stud-
ies documented the implementation of strain gauges in bridge-level WIM, especially for
vehicle detection and classification [36], load magnitude estimation [37], and axle count
obtainment [38]. Zhao et al. [39] proposed the framework for axle detection using strain
measurement and wavelet transformations. Tan et al. [40] described the detection of vehicle
configuration and speed using a strain-based BWIM approach enhanced of the regular-
ization and iterative approach. Similar systems were evaluated considering thermal field
effects [41] and the spatial variability of structural properties [42]. Heinen et al. [43] exam-
ined single-span bridge structures using shear force-based BWIM systems. Among various
applications, the use of fiber optic sensing has also been reported. Alamandala et al. [44]
proposed a BWIM system using Fiber Bragg Grating (FBG) sensors arranged at different
angles. The authors measured wavelength shifts to produce a temporal response curve
and predict vehicle parameters, including load and speed. Zhang et al. [45] described a
method for assessing vehicle weight considering random traffic flow and using the advan-
tages of long-gauge FBG sensors. Chaudhary et al. [46] proposed an influence line-free
BWIM method based on spatiotemporal strain data from distributed fiber optic sensors
(DFOS). The gross weight of the vehicles was identified by spline regression and structural
mechanics relationships. Oskoui et al. [47] developed an FBG-based sensor to measure end
rotations of a bridge girder for the purpose of estimating vehicle load.

Numerous studies describe the issues of optimizing the sensor layout to facilitate
decisions about the number and location of sensors and to obtain the most adequate
information on the actual behavior of a structure [48]. Several works focused on the analysis
of sensor types, power consumption, and efficiency in data acquisition and transmission
for different bridge structures [49]. Among various implementations, the use of automated
optimization techniques was reported, including genetic algorithm (GA) [50], particle
swarm optimization (PSO) [51], and bioinspired methods [52-54]. Capellari et al. [55]
proposed a Bayesian experimental design approach to optimize sensor layout, including
minimizing the number of sensors, selecting their type, and determining their spatial
deployment. Gonen et al. [56] described a framework for determining optimal sensor
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locations for the purpose of identifying modal properties, incorporating uncertainties
in modal displacements and hierarchical clustering. Various other applications include
the optimal sensor layout design for anomaly detection [57], damage detection [58], and
damage identification [59,60]. The current study focuses on recognizing the impact of the
structural specificity of a bridge on the potential layout of FBG sensors and accuracy of the
BWIM application. Based on the example of a network arch bridge, it is assumed that the
number and location of FBG sensors can be reduced while maintaining the performance
and satisfactory accuracy of vehicle weight estimation by exploiting structural specifics of
the bridge. The network arch, characterized by inclined hangers that cross each other at
least twice, allows a significant reduction in the bending moments for both the arch ribs
and the girders, a limitation of the load influence surface range, and a general improvement
in structural efficacy compared to other types of arch bridges [61]. However, the difficulties
in the interpretation of complex traffic conditions with conventional methods have led to
an increasing interest in machine learning (ML)-based solutions.

Recent advances in computer science have significantly contributed to the enhance-
ment of SHM systems through the integration of ML-based algorithms [62]. These tech-
niques may be used in many areas of civil engineering, including damage detection [63,64],
estimation of structural deformation [65], and dynamic analysis [66]. ML algorithms are
also used in the BWIM approach, and their implementation can involve various tools and
frameworks. Le et al. [67] proposed the classification approach to detect the structural
overload in the railway bridge. Bosso et al. [68] described the regression tree approach to
predict vehicle weight and identify the overload trucks. Except for traditional supervised
learning, classification, and regression models, transfer learning is also often used with very
good results. Yan et al. [69] proposed the transfer learning-enhanced CNN algorithm to
identify the gross weight and axle weight of the vehicles passing the bridge. Their research
also showed the possibility of reducing the training set using transfer learning. Computer
vision is also often used in BWIM systems. Jian et al. [70] proposed a BWIM method with a
focus on complicated traffic scenarios. Their method can identify strain influence surfaces
of the bridge structure and vehicle weights.

The current research integrates the advantages of FBG sensors and ML algorithms for
the purpose of SHM system deployment using a network arch bridge in Wolin, Poland, as
an example. A novel combined model- and data-driven framework is proposed consisting
of the establishment of the FE model, its validation and adjustment based on static and
dynamic load testing, and data augmentation to facilitate the training of selected physics-
informed regression ML models. The work analyzes the accuracy and performance of
selected ML regression algorithms, namely linear regression (LR), random forest (RF), and
neural networks (NN), showing the impact of the structural specificity of the network arch
bridge on the performance of the proposed BWIM system.

The current research is structured as follows. Section 2 presents the bridge and
SHM system overview, including details on the arrangement and characteristics of the
installed FBG sensors, a description of the network arch-specific strain distribution, and
the preparation of training data for the purpose of ML-based BWIM deployment. Section 3
discusses the performance and accuracy of selected ML algorithms in predicting vehicle
weight and position for various sets of features. Section 4 contains conclusions, limitations,
and perspectives of the developed framework.

2. Methodology
2.1. Bridge and SHM System Overview

The BWIM system, which involves weighing and locating vehicles passing through
the structure, was implemented on a steel bridge in Wolin, Poland. The structure is a
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single-span network arch bridge with a span of 165.0 m. The superstructure consists of two
steel arches with a closed box cross section of 1.00 x 1.80 m, is connected by steel circular
tube bracings with a diameter of 1.22 m, and is slightly inclined inward in relation to the
vertical plane. The bridge deck was suspended to the arch ribs with inclined wire hangers
arranged in a network layout. The deck has a form of a steel greed structure composed
of two longitudinal tie beams and transverse crossbeams placed at a regular spacing of
6.00 m. The distance between the end and the closest middle crossbeams is set at 7.50 m.
The cross section of the tie beams is a closed rectangular box measuring 0.75 m in width
and 1.30 m in height. The axial spacing between the tie-beams, measured in the transverse
cross section, is 16.15 m. The middle crossbeams have an I section of 0.45 m wide and a
variable height ranging from 0.94 to 1.19 m. The end crossbeams are designed as closed
box sections that are 2.58 m wide and vary in height from 0.88 to 1.20 m. The steel grid is
integrally connected to a concrete deck slab, thus forming a composite superstructure. The
slab consists of precast concrete slab members interconnected with a 14.0 cm cast in-place
layer. The entire steel structure was made of S460N steel, while the bridge slab was made
of C50/60 and C40/50 concrete, for precast and in situ layers, respectively.

To estimate the weight and position of the vehicles on the bridge, an SHM system
was installed, consisting of optical sensors based on Giber Bragg Grating (FBG) technology.
Three measuring gates were designated on the bridge, located at 1/4, 1/2, and 3/4 of the
span, in which a total of 17 measuring points were distinguished, based on the response
characteristics of the network structure. Each of the measuring gates consists of three points
installed on the crossbeam (CB) and two points installed on the hangers (H), one located
on the left and the other on the right hanger. The middle gate includes two additional
measurement points in the tie-beams (TB), each on one side of the deck.

In the case of the crossbeams and tie-beams, the sensors are spot welded to the
structure after the prior cleaning and grinding of the surface. In addition to strain sensors,
temperature sensors are also installed near the strain measurement points for temperature
compensation purposes. The crossbeam sensors are installed on the top surface of the
bottom flanges, whereas those on the tie-beams are mounted on the underside of the section.
Subsequently, they were protected against corrosion according to the HBK specification [71],
including a high adhesion nonhardening masking sealant AK22, 0.05 mm thick aluminum
foil coating, and a 3 mm thick layer of kneadable putty (ABM75). The arrangement and
characteristics of the welded strain and temperature sensors in the elements of the deck
grid are shown in Figure 1.

The hangers installed on the bridge are part of the full locked coil rope system by
Teufelberger-Redaelli [72]. These include wire cables of high strength steel that preclude
the use of welded strain measurement. Due to the characteristics of the hanger cross-section
and the potential torsional effects that may arise in response to the change in tension force,
dedicated clamps were fabricated and used for the installation of the strain sensors. They
are arranged together with temperature measurement sensors that are attached to the
surface of the hanger (Figure 2).

All sensors in the three gates are connected to the breakout cables. These cables extend
along the bridge and transmit signals to an MXFS interrogator, with 8 inputs of 16 channels
each. The interrogator is installed in a cabinet mounted on one of the bridge end supports.
The cabinet is also equipped with an industrial computer for data acquisition, processing,
and management, a permanent Internet connection, and an uninterruptible power supply
(UPS), which ensures continuous operation in the event of a power outage. The system
enables synchronous acquisition from all channels, allowing for time-correlated analysis
managed by the Catman Easy v5.6.1 software. Using the software, it is possible to record
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in real time the strain values at key points of the structure that serve as input data for
ML-based BWIM algorithms.

Gate 1 Gate 2 Gate 3

Side View

i H |/
|CB1 1][CB1- 2||CBl 3] |CBz 1][CB2- 2||c32 3]  [CB3-1]{CB3-2][CB3-3]

/-\/W

°

Measurement range
+5000 pm/m
Measurement resolution
+0.5 pm/m
Recording frequency

HBK FS63WTS
Optical Weldable Temperature Sensor

100 Hz for strain
0.1 Hz for temperature

HBK FS62WSS
Optical Weldable Strain Sensor

Operating temperature
—20°C to 80°C

Figure 1. The measurement gates, arrangement, and characteristics of the welded FBG sensors in the
crossbeams (CB) and tie-beams (TB).

Gate 1 Gate 2 Gate 3

Side View

H1-2 H2-2 H3-2 Top View

37.5m 48.0 m 42.0m 3755 m

Measurement range
+5000 pm/m HBK FS63RTS
-~ B s Optical Rugged Temperature Sensor
Measurement resolution
+0.5 pum/m

Recording frequency

100 Hz for strain
0.1 Hz for temperature

HBK FS62RSS
Optical Rugged Strain Sensor

Operating temperature
—20°C to 80°C

Figure 2. The measurement gates, arrangement, and characteristics of the bolted FBG sensors in the
hangers (H).

124



Sensors 2025, 25, 4547

2.2. Load Testing and Physics-Informed BWIM Design

After the installation of the sensor system and prior to training of the ML algorithms,
load tests were carried out to verify the correct behavior of the structure. Load tests can
be an element of the bridge acceptance procedure that confirms design assumptions and
allows the estimation of the influence of additional factors on the stiffness and response
of the structure. Finally, data obtained on this basis allow for the verification of the SHM
system and calibration of the analytical finite element (FE) model, which will ultimately
become a source of training data for the purpose of the ML-based BWIM.

The load testing procedure consists of static and dynamic tests. Five different static
load schemes were assumed to generate maximum strain values at the selected measure-
ment points. They include three symmetric schemes, one above each of the measurement
gates, and two additional asymmetric cases to verify the transverse distribution of loads
and the torsional stiffness of the span. The schemes consisted of nine trucks, each of them
weighing between 27.8 and 41.5 t, that were introduced onto the bridge to yield the strain
at a level of at least 60% of the theoretical strain values caused by the live load model
assumed in the design. According to the established procedure, the load is kept on the
bridge for a minimum duration of 30 min. The duration of the test is extended by successive
10 min intervals if strain stabilization has not been achieved. Stabilization is defined as no
increase in strain values exceeding 2% between consecutive readings within the 10 min
measurement interval. The response of the structure is also measured after unloading to
observe residual strains and to assess the general ability of the structure to return to its
initial state.

The data recorded by the SHM system were used to calibrate the numerical FE model,
which was then used to generate a synthetic training set for the ML algorithms. Acquiring
an appropriate data set solely through experimental studies would entail significant time
and financial expenditure, which is why an approach using simulation data was adopted.
The use of the FE model in the procedure allowed us to increase the variety of loads
examined in relatively short time compared to the site experiments. It enabled the analysis
of vehicular loads of varying magnitude, axle configuration, and placement, among which
single- and multi-vehicle scenarios of different structure can be introduced. In addition
to the increase in the size and diversity of datasets, the FE model enables analyzing the
response of the structure in a controlled manner, with reduced uncertainties related to the
actual placement and characteristics of the load. It is possible to design field tests in the
early stage, ultimately selecting those scenarios that allow for the most robust verification
and recognition of bridge structural specificity. The main challenge in generating such a set
is to ensure its accuracy and reliability in relation to future data that are observable during
the operation of the system in real conditions. This objective was achieved by updating the
FE model by modifying the stiffness parameters of its individual components to ensure
that the simulated strain values correspond to those observed during load tests. Using an
uncalibrated FE model would introduce additional uncertainties into the procedure due to
the discrepancies between the response of the actual structure and its simulations. On the
other hand, relying solely on field test information, possibly extended by data obtained in
the operational stage, would not be controlled and reliably labeled due to unknown weight,
characteristics, and uncertain structure of real road traffic. Due to the extensiveness of this
subject matter and the constraints on the length of this paper, the current study does not
provide a detailed description of the FE model calibration.

In addition to the static load test, the examination of the bridge structure incorporated
dynamic tests using a single truck of known weight and dimensions, moving along the
bridge. The tests involved passages in different positions on the width of the road, at
different speeds, and in different directions, including passing through an artificial obstacle
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to intensify the vibrations and dynamic response of the bridge. Static and dynamic load
tests allowed for the identification of the structural specificity of the bridge required for the
adequate design of the SHM-based BWIM system. Figure 3 shows an exemplary change
of strain measured by three sensors installed on the bottom flange of the crossbeam at the
measurement gate no. 3, recorded during one of the dynamic load test passages. The test
was carried out using a vehicle with a total weight of 33.0 t, moving at a constant speed of
10 &= 2 km/h. The figure illustrates the timestamps for the entry and exit of the load on the
bridge, as well as the timespan that reveals the presence of the vehicle above the gate. The
varied intensification of the strains is noticeable within each of the measurement points,
which is directly dependent on the position of the vehicle on the width of the road. At the
same time, the limited range of the influence surface for strains in the crossbeam is visible,
which corresponds to an evident response only for the vehicle located in the immediate
vicinity of the monitored beam. The sensors do not detect the presence of a vehicle if the
distance is greater than 2 or 3 times the spacing of the intermediate crossbeams, here about
36.0 m. The limited range of the surface influence for crossbeams is an important feature of
the network arch bridges compared to structures of different hanger layout. In the context
of implementing the BWIM systems, it allows for reducing the impact of loads placed over
a large part of the bridge, beyond the range of the influence surface. Measurement points
on the crossbeams do not require additional processing or filtering to mitigate the influence
of other loads in the weight detection procedure for a single vehicle within the gate. At
the same time, the system in which weight detection is carried out independently by three
successive gates becomes potentially useful, allowing for the averaging or cross-validation

of results.
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Figure 3. Strains in the crossbeam at gate no. 3 during the dynamic load test passage.
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The hangers are characterized by a different shape and range of the influence surface
and remain sensitive to the loads outside the gate (Figure 4). In this case, the strains
in the hangers recorded during the same test indicate various scales of strain increase
depending on the position of the vehicle on the bridge width. Although the timestamp
of the maximum strains can also be clearly seen, corresponding to the load located right
above the measurement gate, the strain values on the hangers can be affected by other
vehicles passing the bridge at a given moment.
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Figure 4. Strains in the hangers at gate no. 1 during the dynamic load test passage.

Similar characteristics of the influence range and the change in strain in time were
confirmed at the other measuring points on the crossbeams, tie-beams, and hangers.
The remaining tests involved different types and weights of vehicles passing the bridge
in different positions related to the width of the road and at various speeds. The used
vehicles, nine in total, including seven vehicles of different axle configurations, as
well as an overview of the selected results obtained in the measurement gates, are
given in Table 1. The other scenarios involved groups of vehicles passing the bridge
in different groups and configurations. It can also be seen that relatively short vehicle-
induced excitations are also not affected by loads of longer duration and significant
inertia, including thermal and environmental actions. In the final implementation of
the system, the differences between unloaded and loaded states are considered in the
weight estimation procedure. Taking into account the specificity and structural behavior
of the network arch bridge, the current research attempts to evaluate the performance
of various ML algorithms for the purpose of BWIM systems, depending on the set of
features considered in the input data.
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Table 1. Overview of the vehicle and strain development during dynamic load tests.
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Table 1. Cont.

Vehicle Type, Dimensions, and Weight Crossbeam Strains Hanger Strains
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Single-vehicle dynamic tests included only, speed: 80 km/h + 2 km/h. Transverse positions along the right lane,
Szczecin — Wolin, 7.4 m 4 0.5 m from the tie-beam TB2 acc. to Figure 1.

2.3. Methods and Further Use

The objective of this study is to determine the ability of various ML algorithms to
predict the position and weight of vehicles based on strain, formulating the framework
of a multivariate regression. In the SHM and BWIM design stage, when not enough data
may be collected prior to the operational stage, missing information can be gathered based
on FE simulations. It also allows us to collect a more diverse response to a greater extent
compared to real experiments conducted during the load test. The crucial requirement
in this approach is to incorporate the calibrated FE model in accordance with the load
test results.

The methods used in this research are as follows. Employing the updated FE model,
synthetic datasets are generated. By simulating vehicles passing the bridge, each of their
various weights, axis configurations, and transverse placements, the maximum strain
increase is recorded in the sensors of a given gate, together with the associated strain
change in the sensors assigned to the rest of the gates. The input vector includes values
that are expected to be obtained from FBG sensors, with a maximum dimensionality
corresponding to the number of measurement points, specifically 17 in this case. The size
of the input vector is then reduced to assess the influence of the input configuration on the
accuracy and reliability of the predicted output. The output values include the total weight
of the vehicle and its transverse position.

Three ML models of various architectures and the number of inputs are trained
and compared: linear regression (LR), random forest (RF), including its variant of the
single-ensemble decision tree (DT), and neural networks (NN). A synthetic data set of
6000 samples was generated and divided into training and test sets of sizes 4800 and
1200, respectively. The input features consist of strain values, and the output includes
the coordinates and weight of the vehicle. The accuracy of each regression model was
evaluated using the root mean square error (RMSE) as the primary metric. The same input
structure was used for all algorithms to compare their predictive accuracy. The equation is
shown as follows:

RMSE(X, h) = \/ % i (h(x()) —y(@)? (1)
i=1

where:
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m—number of elements in the data set;

X—matrix containing the values of all features (excluding target values) of all samples;

x()—vector of feature values (excluding target values) of the ith sample;

y()—target value of the ith sample;

h—model’s prediction function.

Three input configurations are tested for each of the ML regression methods. First,
all 17 strain values are incorporated, assessing the accuracy of the weight and transverse
placement estimation. In the next step, the reduction to 5 inputs is considered, consisting of
measurement in a single gate, involving three points in the cross-beam and two points in the
hangers. Finally, only 3 inputs are considered, corresponding to three measurement points
in the gate-specific cross-beam. The purpose of this study is to confirm that the reduced
number of inputs can still allow a reliable estimate of vehicle weight and placement, directly
incorporating the specificity of the network arch bridge. The work also identifies potential
risks associated with the use of synthetic data that, if no specific measures are introduced,
are free of various distortion effects.

To automate the generation of data sets for the training and validation of regression
ML algorithms, a dedicated framework was developed, allowing for the direct use of the
updated FE model (Figure 5). It was created in SOFiSTiK 2023-1 software, a commercial
structural analysis environment, using text batch files with the content defined in the
internal CADINP language and the SOFiSTiK API adapted to the object-oriented C#
programming language. The code includes methods responsible for reading the batch files
with the definition of geometry, material, and load cases, calculation, and saving the strain
results to an Excel workbook. In the loadings, sets of concentrated forces corresponding
to the axle arrangement of seven typical truck vehicles were provided, including those
used in the load tests. The vehicles were located in different positions on the bridge and
assigned different total weights, while maintaining the proportion of load distribution on
the individual axles. The diversity of vehicles allows for the assessment of the universality
of the ML models in predicting the total weights of vehicles with different numbers and
axle spacings.

Vehicle Type 1 Vehicle Type 2 Vehicle Type 3 Vehicle Type 7
%@ )N
sect no 200 mno 1 btyp cent if #ol=='rear'
poly type opz mno 1 let#a -1
vert noy z else
122580 let#a 1
2 225 1050 +| endif
poly type opz mno @ poin type pg p 34.51 x #x1+#a*9.25 y #y1-1.025 z @
vert noy z poin type pg p 34.51 x #x1+#2a*9.25 y #y1+1.625 z @
1 205 25 £
2 205 1025 poin type pg p 38.57 x #x1 y #y1+1.025 z @ 2o R .
: : &5 SOFISTIK
Geometry and materials Loads SOFiSTiK C# API
CADINP Language Interpreter CADINP Language Interpreter

- Automated framework
for generatic artificial training data
Figure 5. Automation of the data generation process for the purpose of training regression
ML models.

To estimate the influence of measurement noise on the accuracy of weight prediction,
the following procedure is incorporated. Regression models are trained on the noise-free
data derived from the static analysis of the calibrated FE model. Unless otherwise stated
in the text, the models are evaluated by calculating the RMSE on training and test sets
and, in the latter case, allowing for the assessment of generalizability on samples that were
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not incorporated in the training process. Both the training and test sets do not include
the influence of noise at this stage. The evaluation of the ability to maintain the accuracy
of the prediction is performed by calculating the RMSE on test data contaminated with
standard noise, according to Figure 6. In this way, apart from the assessment of robustness
to random disturbances, the overestimation of the performance on the noise-free data may
potentially be highlighted.

Hangers: ¢ = 2.10 pm/m
Crossbeams: ¢ = 0.35 pm/m

< SOFISTIK

Noise-free data generation
Training set I Test set
i : -

=30 -20 -0 0 +0 +20+30

X /\ Noising
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O (56 () [T™| RMSEX.h) = %Z‘(h(x“))—y@)z —~

Training process Evaluation

Figure 6. Training and performance evaluation procedure.

As a whole, the final implementation of the entire SHM system can be divided into the
following four main stages: (1) structural monitoring, (2) training ML algorithms using the
synthetic data, (3) data analysis and final predictions using ML algorithms, and (4) bridge
management, as seen in Figure 7. In the first stage, fiber optic sensors record the strains in
selected points of the structure in real time. Data obtained from these sensors during the
load test were then used in the second stage to calibrate the FE model, based on which a set
of synthetic data was generated. They served as the basis for training the ML algorithms,
which were then used in the third stage for the final prediction of a vehicle’s weight and
position. The ML models are automatically executed on the incoming data, and their output
is continuously fed into the management layer. The last stage includes the integration
of results with infrastructure management systems, such as a digital twin, a dedicated
website, and a notification system for exceeding permitted threshold values to enable quick
and informed operational decisions. In addition to real-time alerts, all processed data are
stored for historical analysis and can be used to assess traffic load trends and structural
performance over time.

—————
——————
——————

i

) (&

Bridge management

Bridge digital twin
Results available online
Responding to alarms

Figure 7. SHM system framework.

131



Sensors 2025, 25, 4547

Figure 8 presents the data flow for the purpose of the ML-based approach incorporated
into the SHM system. It consists of the real structure with the installed sensors and the
digital FE model that reflects its structural behavior and specifics. The FE model, once
updated in the calibration process, is used to generate the training data set. In the current
framework, several regression ML algorithms of various architectures and number of
inputs are evaluated and compared in terms of precision in predicting vehicle weight and
coordinates. The best-performance model can be utilized to establish a BWIM module in
the final system, wherein continuous sensor readings are used to collect information about
road traffic and load magnitude on the bridge.
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Figure 8. The procedure of establishing the BWIM module, including the SHM system, load testing,
FE model adjustment, and ML regression algorithms.

3. Results
3.1. Linear Regression-Based Predictive Models

Linear regression (LR) is one of the basic regression models used to generalize the
relationship between a dependent variable and a set of independent inputs by fitting a
linear function to the observed data. In this research, the LR model is used as a baseline
for further comparison with more sophisticated regression methods, allowing for the
assessment of linearity in data obtained from linear FE models. At first, the LR predictor is
trained on the strain values recorded by all sensors in the system at a specific timestamp.
The performance of the regression model is analyzed by the RMSE value of the predictions
on the weight and transverse position of the vehicle, Y. As seen in Figure 3 for the strains in
the crossbeam, the exact timestamp that triggers the predictions, as well as the longitudinal
placement of the load, X, can be clearly indicated by the peak values in the strain time
series data.

Figure 9 shows the performance of the LR model depending on the set of input
features. Providing strain values measured in all 17 points reduces the RMSE in the
weight estimation procedure to negligible values, revealing a seemingly high accuracy.
However, this performance should be interpreted in a broader context, examining the
influence of data structure and their quality on the generalizability of the model. The
current data include strain values recorded by all sensors at the timestamp of maximum
excitations at a given gate. It turns out that, at this time, the strains in the distant crossbeams
oscillate around relatively small values of low variance, caused by the limited range of
their influence surface. At the same time, the training data reflect the results of the linear
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static analysis performed on the calibrated FE model and do not include the noise that
is common in real-world applications. Under these circumstances, the LR model assigns
large weights to small strain values at distant crossbeams, attributing them to a significant
influence on the model fit. Even a small deviation from the expected value, including
that due to noise effects, causes a disproportionate change in the weight estimate and a
significantly large RMSE value. Training non-regularized regression models, including LR,
on the simulated data with no noise poses the risk of overestimating their performance
and reducing robustness in the real-world environment. Limiting the input features to five
and three inputs decreases the performance of the model, resulting in an RMSE of 407.7
kg and 2323.1 kg on the test set, respectively. The results reveal non-linear relationships
between the explanatory variables and the output. At the same time, the vulnerability
to noise effects is mitigated as the simplified linear function imposed on the non-linear
dependencies and serves as a form of regularization. The prediction of Y coordinates is
not affected by the complexity of the input features and achieves accuracies in the range
between 1.016 and 1.096 m in the test set. It results from the absence of a linear relationship
between the transverse position of the vehicle and the inputs as well as a very similar
impact of the strain values in the closest crossbeam that are incorporated in all three models.

Inputs: RMSE on training set 0.5 0.977

17 RMSE on test set 0.6 1.016
Inputs: RMSE on training set 428.4 0.978

5 RMSE on test set 407.7 1.015

Inputs: RMSE on training set | 2426.4 | 1.064
3 RMSE on test set [ 23231 | 1.096
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Figure 9. Weight and Y coordinate RMSE for LR model with 17, 5, and 3 inputs.

The sensitivity to noise can be analyzed following the procedure mentioned in Figure 8.
As can be seen in Figure 10, the accuracy of the 17-input model decreased significantly, due
to the overestimated weights assigned to the strain measurements in the distant crossbeams.
This effect can be mitigated by excluding the measurement points from the input features.
If no additional measures are used to reduce noise effects on the input values, then the
vulnerability of the five- and three-input models becomes apparent through the increase in
the RMSE value of about 150 kg, despite the relatively overall low performance of LR.

Test set
Inputs: | RMSE without noise 0.6 1.016
17 RMSE with noise >2500.0 >2.5
Test set
Inputs: | RMSE without noise 407.7 1.015
5 RMSE with noise | 553.0 1.043
Test set
Inputs: | RMSE without noise 2323.1 | | 1.096
3 RMSE with noise 2431.1 | | 1138
= o s o o 2 o o o o = =
e = ] S S s 8 B 8 B 8 7
2 S 3 S g S S = = & i
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Figure 10. Weight and Y coordinate RMSE for LR model with 17, 5, and 3 inputs, with noise included.
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The drawbacks of the LR model and its oversimplification for a reduced number of
input features do not allow for achieving the required level of accuracy according to project
specifications, 0.5 t. Performance in this context can be considered unsatisfactory and
justifies the use of more sophisticated regression methods.

3.2. Random Forest-Based Predictive Models

Random forest (RF) is one of the ensemble ML algorithms used in various classification
and regression tasks. For the latter, it consists of a given number of regression decision trees,
each of which is independently trained on a specified group of samples from the training
set. The training process consists of gradually expanding the tree by splitting the set into
two nodes. Newly created nodes are progressively split into deeper subsets until a stop
criterion is met, usually reaching the maximum tree depth or minimum number of samples
in the node. In the current approach, the best split in the node is obtained by minimizing
the average squared difference between the feature values of the samples assigned to the
potential sub-nodes and their means. The splitting algorithm evaluates every possible
split and selects the one that results in the greatest reduction in mean squared error in
the resulting subsets. This process is repeated for given and subsequent nodes until a
single element leaves at the end. A single RF consists of several decision trees, making the
model more diverse and reducing the variance of the entire forest. The final prediction is
calculated as the average of the outputs returned by each of the trees.

In the current study, RF models with different numbers of decision trees and different
numbers of training samples in relation to the size of the whole dataset are considered
and compared with the performance of the NN regression models. At first, different RF
architectures are trained on the strain values recorded by all sensors in the system at a
specific timestamp. The performance of the regression model is analyzed by the RMSE
value of the predictions on the weight and transverse position of the vehicle, Y.

Figures 11 and 12 show the impact of the RF architecture on the prediction error for
vehicle weight and its transverse position, Y, respectively. Five various numbers of trees are
assumed, in turn 1, 10, 50, 100, and 500 trees. For each number, different relative sizes of
the training subsets are analyzed, labeled as max samples, and range from 10.0 to 100.0%.
The models are evaluated on training and test sets to estimate the variance and assess
the ability of the model to generalize the results for inputs that did not participate in the
learning process.
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Figure 11. Weight RMSE for different RF architectures with 17 inputs.

134




Sensors 2025, 25, 4547

0.450

0.400

0.350

0.297

E
®0.300
%)
E 0250 |
P 8
E 0.200 = § TN
k- s & g = <
g 0.150 S S S . g 2 =
> 0100 € 8 B 8l S B 5 9 ol B 9 oo oeSB oo
s 3 3 s g 3 & s g S 8 s 2 8 3
ddddlddaaddaasdaaas
oo o = 15 TN o M le eSS NS O
Number of trees:
1 10 50 100 500
Max samples [%]: Max samples [%]: Max samples [%]: Max samples [%]: Max samples [%]:

100 250 50.0 75.0 100.0{10.0 250 50.0 75.0 100.0{ 10.0 250 50.0 75.0 100.0{ 10.0 25.0 50.0 75.0 100.0{ 10.0 250 50.0 75.0 100.0

RMSE on training set l:lkMSE on training set l:ll{MSE on training set RMSE on training set RMSE on training set

I:lI{MSE on test set -RMSE on test set -RMSE on test set -RMSE on test set -RMSE on test set

Figure 12. Coordinate Y RMSE for different RF architectures with 17 inputs.

For single-tree architectures, the RMSE values are in the range from 166.0 to 372.6 kg
for weight and 0.116 to 0.297 m for coordinate Y. The variance of a single decision tree
is regularized by the introduction of sampling with replacement, which allows for the
repetitive occurrence of samples in the training subset, while keeping some of the samples
out of the badge. In most cases, an effect of overfitting is observed, in which the error
measured on the test set is higher than the error on the training set. The problem can poten-
tially be solved by introducing more trees or using additional regularization techniques,
including reducing the size of the training subsets. The overfitting effect is reduced only
for drastically reduced subsets, at least 25.0.% of the initial set size. Despite the effect, the
best performance model is usually chosen based on the error measured on the test set.
Following this assumption, it can be seen that the higher the number of tress and the larger
the size of the subset, the higher the accuracy of the RF model. For models consisting of
at least 50 trees and trained on at least 75.0% of the initial set, the accuracy measured on
the test samples lies in the range from 111.8 kg to 114.4 kg for total weight and 0.038 to
0.043 m for Y estimations. It is possible to achieve an accuracy of less than 50.0 kg for the
training set.

Reducing the feature set by excluding the strains measured at the points outside the
given measurement gate allows for limiting the potential impact of vehicles located in other
parts of the bridge. In this case, a five-element input vector is considered, consisting of
strain points on the crossbeams and two hangers on the left and right sides of the deck. In
the example of gate no. 1, the accuracy of the weight and transverse position predictions
decreases for all RF architectures considered, as shown in Figures 13 and 14. For the best
model identified for the entire set of features, the RMSE value measured for the test set
drops from 111.8 kg to 391.9 kg, which is still satisfactory, considering the expected traffic
load range estimated up to 40 t. The achievable accuracy for the prediction of the transverse
position reaches 0.070 m.

Further reduction of features in the input vector may involve excluding strains in
hangers while maintaining the strain reading in the measurement gate crossbeam. In this
case, due to the limited range of the surface influence, the RF input values depend only
on the vehicles located within the gate and its closest vicinity. This approach allows for
exclusion of the use of algorithms that filter the influence of distant loads, which, however,
involves further reduction of the accuracy of predicting weight and transverse position.
The RMSE values measured in the training and test set for the three-input vectors for the
same RF architectures are shown in Figures 15 and 16. For the best model identified so far,
the RMSE value measured for the test set drops to 1266.7 kg, which exceeds the required
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level of accuracy assumed in the specification, 0.5 t. The RMSE for the transverse position
is less than 0.130 m.
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Figure 13. Weight RMSE for different RF architectures with 5 inputs.
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Figure 14. Coordinate Y RMSE for different RF architectures with 5 inputs.
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Figure 15. Weight RMSE for different RF architectures with 3 inputs.
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Figure 16. Coordinate Y RMSE for different RF architectures with 3 inputs.

It was also noted that the performance and accuracy of the RF models depend to a

large extent on the size of the training set (Table 2). With 4800 samples in the training set,

the learning time of a 500-tree three-input RF model was within 6 s, which is much shorter

compared to the time required to train more advanced models, including neural networks.

As seen in Table 2, a tenfold increase in the size of the training set allows for the reduction

of the RMSE value in weight prediction to an acceptable level of 509.6 kg, with an increase

in training time to 73.2 s.

Table 2. Comparison of accuracy and learning time for different sizes of the training set.

Random Forest Regression: Total weight estimation
number of trees: 500, max samples: 100.0%

Training Set Size

Training Time ! [s]

[kgl
Test Set

4800
12,000
24,000
48,000

55
144
33.1
73.2

RMSE
Training Set
518.1
356.8
271.9
197.7

1266.7
883.4
674.1
509.6

1 Personal computer, processor: Intel Core i9-14900HX, 32.0 GB RAM, GPU 12 GB.

The influence of noise measured by an increase in the RMSE value for the noise-

contaminated test set for the best-performance RF models was analyzed. In the case of

the 17-input regression, the accuracy of the weight prediction was significantly reduced,

exceeding the error of 3.5 t, which does not qualify the model for further development and

deployment in the real structure. The reason for this effect is again the too high significance

of the strain values in the distant crossbeams. Oscillating around relatively small values

of a magnitude similar to that of noise disrupts the data flow in each of the decision trees,

leading to incorrect inference about the weight of the vehicle. The models trained on a

reduced number of features, excluding strains in the distant crossbeams, are able to mitigate

the noise impact. The increase in RMSE is 124.6 kg and 60.0 kg for models with five and

three inputs, respectively.

Based on the results obtained, the RF regression models of a reduced number of

inputs are close to achieving the required level of accuracy of 0.5 t, according to project

specifications, for both training and test sets. However, it requires models of higher com-

plexity, involving at greater number decision trees, at least 500, and a data set of significant

size, about 48,000 samples in the reported case. Although the latter legitimates the use

of updated FE models and synthetic data in the evaluation of various ML architectures

prior to their final deployment, several limitations may be observed in the context of use
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on real data. First, the evaluation using synthetic data does not involve uncertainties
that can exist in real-world applications, including noise, impact of environmental effects,
diversity of traffic scenarios, and nonlinearity of structural response. Second, the RF models
examined still exhibit the effect of overfitting. Although the overfitting could be addressed
by introducing additional regularization, including reducing the depth of decision trees or
imposing a minimum number of training samples in leaves required for the growth of each
tree, it would require a further increase in dataset size to maintain the accuracy obtained.
Consequently, it is desirable to develop models for which the accuracy achieved will be
significantly below the required threshold, while mitigating the effect of overfitting.

3.3. Neural Network-Based Predictive Models

In this research, which consists of the prediction of the weight and location of the
vehicles passing by the bridge, neural network (NN) models can also be used. This is
an example of a regression problem, in which NNs have high accuracy and effectiveness.
These models are used for complex predictions and the identification of dependencies
between input and output data. Under their assumption, they constitute a network of
interconnected neurons grouped into input, output, and intermediate hidden layers. All
input data are transferred to the first layer of the network and then transformed into
subsequent layers according to the assigned weights. The value stored in each neuron
corresponds to the sum of the products of the values from neurons from the previous layer
and the weights assigned to each connection. Then, it is modified by adding an additional
deviation and is transformed using an activation function. In practice, the operation of
NNs can be described using a matrix equation that transforms the input data. During
the training phase, the NN adjusts the model weights for each connection to most closely
represent the known output given the input.

When designing NNs, an important part is the selection of the appropriate architec-
ture, in particular, the number of layers and neurons. In the presented study, a total of
25 different NN architectures were tested, including configurations with 1, 2, 3, 5, and
10 hidden layers and with 10, 50, 100, 150, and 200 neurons in each layer. The NNs were
tasked with accurately predicting the location of the vehicle on the bridge in the transverse
Y direction and its weight. Each of the networks was trained for a maximum of 1000
epochs, using an early stopping mechanism with the patience parameter set to 100 epochs.
During NN training, the learning rate plays a very important role, defining the size of
parameter changes in each iteration. Too high a value can lead to learning instability, where
the model weights tend to infinity instead of stabilizing. On the other hand, too low a value
leads to slow convergence and creates the risk of stopping the learning process at a local
minimum. Therefore, different learning rate values were tested, and a value was chosen
for which the best models were obtained. The values of 0.001, 0.005, 0.01, 0.05, and 0.1
were adopted. The loss function was the Huber function, which combines the features of
the mean square error (MSE) and the mean absolute error (MAE). For small errors (below
the threshold value), it has a quadratic character, making it learn faster and achieving
convergence near the target values. However, above the threshold value, it takes a linear
form, which makes it more resistant to outliers. The metric defining the accuracy of each
architecture was the root mean square error (RMSE) calculated for the entire training and
test set (Figures 17 and 18).

For vehicle weight prediction, the best accuracy is achieved by an NN of moderate
depth consisting of two or three hidden layers. Shallower networks with one hidden layer
are not able to correctly model the relationships between data, achieving significantly
higher RMSE values. There is also a noticeable decrease in accuracy for deeper networks
with five or ten layers, leading to higher RMSE values. The best accuracy was achieved for
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an NN consisting of two hidden layers and 100 neurons, for which the RMSE is 19.9 kg.
The predictions presented for 17 input data show that increasing the depth and number of
network neurons does not necessarily lead to better accuracy. Choosing an architecture
consisting of two or three hidden layers with at least 50 neurons is the best compromise
between model accuracy and its complexity.
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Figure 17. Weight RMSE for different NN architectures with 17 inputs.
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Figure 18. Coordinate Y RMSE for different NN architectures with 17 inputs.

For prediction of the Y coordinate of a vehicle on a bridge, the best results are achieved
by NNs with a depth of two to ten hidden layers. Shallow networks or those containing a
smaller number of neurons were characterized by greater overfitting, resulting in higher
RMSE values in the test set compared to the training set. This indicates the inability of
simpler models to capture complex dependencies between data. In turn, networks with a
larger number of layers did not provide further improvement in accuracy and achieved
RMSE values similar to those of simpler two- or three-layer networks. The best accuracy
was obtained for a network consisting of five hidden layers and 150 neurons, achieving
an RMSE of 0.017 m and the lowest degree of overfitting in relation to all architectures.
However, two-layer networks with 50 or more neurons achieve satisfactory results and can
be a good compromise between accuracy and model complexity.

In the case described above, the input data are the strains recorded on all 17 sensors.
In such a system, it may be difficult for the NN to determine the location of the vehicle
in the longitudinal direction X when there are more vehicles on the bridge at the same
time. This results from the specificity of the operation of the arch structure with a network
suspension, which is characterized by small areas of influence for the measurement points
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located on the crossbeams. They cover only about two bands of crossbeams, which means
that they record strains only when the vehicle is directly above a given measurement gate.
Consequently, when there are more vehicles on the bridge, the NN may have difficulty
accurately predicting the exact weight and location of each of them. For this reason, it
was decided to use measurement gates as an effective method to determine the position of
the vehicle along the length of the bridge because the results obtained are not disturbed
by vehicles standing at a greater distance from a specific gate. Therefore, NN can predict
the position Y and the weight of only one vehicle at a time, currently passing through
the measurement gate. As a result, it can be assumed that the X coordinate of the vehicle
position is equal to the position of the measuring gate along the bridge.

NNs were trained with input data collected from a single measurement gate consisting
of five sensors, located on crossbeams and hangers. The same architectures were analyzed
as for 17 input data, consisting of one, two, three, five, and ten hidden layers and 10, 50,
100, 150, and 200 neurons, respectively. Each network was trained for a maximum of
1000 epochs, assuming an early stopping mechanism with a patience factor of 100 and
analyzing different values of the learning rate, 0.001, 0.005, 0.01, 0.05, and 0.1, respectively,
choosing the value for which the model performed best. The RMSE values were then
determined for the training and test sets (Figures 19 and 20).
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Figure 19. Weight RMSE for different NN architectures with 5 inputs.
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Figure 20. Coordinate Y RMSE for different NN architectures with 5 inputs.

In the case of weight prediction with five input data, networks with at least two hidden
layers and 50 neurons perform very well, achieving RMSE values below 100.0 kg. On the
other hand, the shallow network with one hidden layer is too simple and was unable to
effectively model the appropriate relationship between data for any learning rate. These
networks (except for the one with 150 neurons) stopped at a local minimum and were
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unable to fully carry out the learning process. Their training was stopped already around
the 300th epoch using the early stopping mechanism, which indicates that they did not
improve their accuracy during the subsequent epochs. There is also a slight increase in the
RMSE values for more complex architectures, including 10-layer networks, which achieve
RMSE values exceeding 100.0 kg. The best accuracy was achieved by the NN with five
hidden layers and 100 neurons, for which the RMSE is equal to 68.0 kg.

The best accuracy in determining the vehicle Y coordinate is achieved by networks
with at least three hidden layers and 50 neurons. There is also a slight improvement in
accuracy compared to networks using all 17 input data. Also in this case, increasing the
depth of the network does not lead to achieving better accuracy, and networks with three
or five hidden layers are good solutions, which are also not complex architectures. The best
accuracy was achieved by a network with five hidden layers and 150 neurons, for which
the RMSE value is 0.013 m.

The disadvantage of the models using five inputs is the consideration of strains from
the hangers. Although the influence surface for the crossbeams is rather limited and covers
a narrow range, for the hangers, it reaches much further along the bridge. As a result, with
a larger number of vehicles, the effectiveness of these models can be disturbed by vehicles
standing in front of or behind the measuring gate. Further data filtering and NN training
show a greater influence of the model architecture on its accuracy. In this case, the RMSE
values are larger than in the previous models, but they are not disturbed by other vehicles
that are not located above the specific measuring gate. At the same time, the accuracy
achieved by these networks is sufficient in the conducted study (Figures 21 and 22).
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In the case of vehicle weight prediction, NNs with at least two hidden layers and
50 neurons performed very well, being able to make predictions with an accuracy of about
200 kg, which is sufficient for vehicles weighing up to 40 t. Shallow networks with one
hidden layer and a small number of neurons were too simple and were unable to correctly
complete the learning process, stopping each time at a local minimum, while checking
different variants of the learning rate. Three-layer networks provide a good compromise
between accuracy and model complexity and can be successfully used in vehicle weight
prediction. On the other hand, the best accuracy was achieved by an NN with 10 hidden
layers and 50 neurons, for which the RMSE value is 186.2 kg.

The RMSE for predicting the Y coordinate of the vehicle’s position decreases with
the increase in the number of neurons in the network layers. However, for NNs with
at least three hidden layers and 50 neurons, they already reach similar values that
constitute good solutions, with not necessarily complicated architectures. On the other
hand, shallower networks, especially those with one hidden layer, do not generalize
new data well and perform much worse, achieving about twice as high RMSE values
and being characterized by slight model overfitting. The best accuracy is characterized
by a network with five hidden layers and 100 neurons, which reached an RMSE value
of 0.036 m.

For each of the feature sets analyzed, the NN-based regression model is able to
produce results with required accuracy, 0.5 t. However, by examining the performance of
the models on a test set containing noise effects, a significant increase in the RMSE value for
the 17-input vector is observed. Similarly to LR and RF regression models, the sensitivity to
noise can be mitigated by incorporating models with a reduced number of features where
the distant crossbeams are excluded from input features in a specific gate. In their case, the
increase in RMSE values does not exceed 100.0 kg.

3.4. Model Accuracy

To check the accuracy of the ML algorithms, regression models were implemented.
Perfect fitting occurs when the error is equal to 0.0, meaning the regression model takes the
form x = y, where y is defined by the following Equation (2):

y=po+p1x+¢ )

where:

Bo, Bi—structural parameters of the function;

¢—random component.

In this regression model, B is a coefficient indicating the deviation of the predicted
results from the measurement. The average difference (standard error of estimate) between
measured and predicted values is the simulated error, where ¢ is the variance of the
model residual.

Therefore, ¢ is a benchmark of model fit, based on the model residual, which means
the discrepancies between the actual values of the dependent variable in the sample and the
value of the convergent dependent variable calculated on the basis of the model. Therefore,
the goal is to achieve a situation where the variance value tends to 0: ¢ — 0. Figure 23
presents the regression models obtained from the best performing models predicting the
vehicle weight based on three input data. These models are a linear regression (Figure 23a),
an RF consisting of 100 trees with the tree size built by sampling with replacement and the
size equal to the initial set (Figure 23b), and an NN with 10 hidden layers and 50 neurons
per layer (Figure 23c).
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Figure 23. Model accuracy for predicting vehicle weight based on 3-input vector: (a) neural network
regression model, (b) random forest regression model, (c) linear regression model.

The models presented in Table 3 were trained on data without noise. The best predic-
tions of weight and Y position were achieved when using all sensors, i.e., 17 input data sets.
The impact of noise was determined by introducing noise into the test set, not the training
set, which allowed for an estimation of any potential degradation in the accuracy of the
algorithms. This degradation occurred in each model, but for RF and NN, it did not exceed
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124 kg and 100 kg, respectively, with appropriately selected architectures. It was also noted
that unregularized models, such as LR, for which the RMSE value increased by more than
2.5 t, are the most sensitive to noise. Therefore, special care should be taken when training
models on synthetic data, which do not incorporate various distortions, including noise.
However, it is possible to train algorithms on noisy data or apply input filtering procedures
to mitigate noise.

Table 3. Comparison of accuracy for different ML models.

Number of Inputs Predictions Linear (I;(;gression Rand(()lr{r;: )Forest Neureﬁ\ll\;f)twork
T N s o
eSO r o
R i i

4. Conclusions

This article presents the implementation of the BWIM framework based on fiber
optic sensors and FBG technology. Its design integrates the data obtained from the SHM
system and ML algorithms to predict the total weight and position of vehicles on a network
arch bridge. To generate a training set, a load test of the bridge was carried out, during
which strains measured by the fiber optic sensors were recorded. The strain measurement
points were placed at key points of the structure to ensure an accurate representation of its
response and operation. Based on these load tests, the FE model updating procedure was
performed, enabling training set generation and assessment of the specificity of the bridge
structure on the final operation of the BWIM system.

The analysis showed that reducing the number of sensors and focusing on specific
measurement gates eliminated the influence of other loads on the bridge due to limited
influence surfaces. Each sensor records the impact of a vehicle located in close proximity to
the measurement gate, and its indications are not disturbed by other loads and vehicles
located at a further distance.

To predict the total weight and position of vehicles on the bridge, the accuracy achieved
for the linear regression (LR), random forest (RF), and neural network (NN) models was
compared with various hyperparameters and architectures. In this study, after reducing the
number of sensors and training the model on three input features, the accuracy achieved for
the RF with an architecture consisting of 500 trees was about 1.3 t and 0.5 t for 4800 samples
and 48,000 samples in the training set, respectively. Increasing the number of decision
trees, as well as increasing the size of the subsets used to train individual trees, improved
performance, but led to overfitting.

To achieve better accuracy and reduce the effect of overfitting, NN models were
introduced into the system with various architectures, including the number of layers
and neurons. It was found that a deeper and more complex NN did not necessarily give
better results, and often, good correspondences could be obtained for a moderate depth
consisting of 2-3 hidden layers and about 50-100 neurons. This solution provides a good
compromise between the accuracy of the model and its complexity, which significantly
affects the computation time. Shallower networks consisting of only one hidden layer are
often too simple to model complex dependencies in the data and are also susceptible to
overfitting. In addition, a significant influence of the learning rate on the learning process
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of NN was identified. Therefore, it was decided to analyze different values for each of the
architectures. Similarly to RF, the best results were achieved when 17 sensors were used as
input data. The gradual reduction of features slightly worsened the accuracy of the model,
finally achieving about 200 kg for three input data. Despite the higher error value compared
to the training models on the full set of input features, the accuracy was sufficient from the
point of view of the target application, in which the expected load intensity reached the
order of 3040 t. When the number of features in the input data is reduced, the influence of
other vehicles located outside the area of influence of the crossbeam gates is eliminated.

However, the methodology presented has certain limitations that require further
research. Fiber optic sensors installed to the structural elements and hangers did not allow
the axles to be distinguished from passing vehicles, making it impossible to determine the
exact type of vehicle. Furthermore, the presented research focused on the occurrence of
one vehicle within the measurement gate. The surface of influence for which the sensors
register the vehicle is approximately twice the crossbeam spacing, i.e., approximately 12 m.
A situation in which two or more vehicles are simultaneously in this area of the bridge, if it
is relatively rare, requires appropriate preparation and calibration.

Future work includes generation of a digital twin (DT) based on sensors and the
SHM system. Due to the prediction of vehicle weight and location determined on the
basis of a limited number of sensors reading, it is possible to simulate load effects and
compare them between the FE model and the remaining sensors. A system constructed in
this way provides the possibility of full automation of the structural monitoring and an
anomaly detection system, in which the basic elements, in addition to the ML algorithms,
are installed fiber optic sensors.
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Abstract

Bolt connections are widely used in engineering structures but are susceptible to loosening
during operation, which can result in significant safety concerns. Consequently, reliable
bolt-loosening detection is of paramount importance. Conventional detection methodolo-
gies frequently exhibit deficiencies, including reduced efficiency, constrained accuracy, and
the requirement for contact sensors. To overcome these limitations, this study proposes a
novel non-contact approach for bolt preload monitoring based on Digital Image Correla-
tion (DIC). In this method, an industrial camera captures speckle images of the bolt head
before and after deformation, thereby enabling measurement of the surface strain. The
DIC technique is employed to calculate the strain field on the bolt head surface, which
exhibits a linear relationship with the bolt preload. The proposed method utilizes strain
field tracking to facilitate effective and precise monitoring of bolt preload. Experimental
results demonstrate that the method provides a precise, efficient, and user-friendly solution
for bolt preload monitoring, showing great potential for applications in structural health
monitoring.

Keywords: bolt preload; digital image correlation; structural health monitoring; bolt
looseness monitoring

1. Introduction

Bolted connections are utilized extensively in a variety of engineering and industrial
applications due to their convenience and versatility. However, their integrity may be com-
promised by several factors, including dynamic loading [1], overloading, and corrosion [2].
The integrity of a bolted connection is contingent upon the bolt preload, which is instru-
mental in ensuring the reliability and safety of the associated equipment or structure.
Insufficient preload has been demonstrated to accelerate bolt loosening and may ultimately
lead to structural failure. Therefore, continuous monitoring of bolt preload is of paramount
importance [3]. Over the past few years, scholars have conducted extensive and innovative
research, proposing numerous techniques for monitoring bolt loosening [4]. These tech-
niques can generally be classified into two categories: contact and non-contact methods.
The distinction between these categories depends on the necessity of direct contact with
the surface of the measured object during monitoring.

Common contact-based approaches include the tapping method, electromechanical
impedance (EMI) method, and ultrasonic method [5]. The tapping method utilizes the
fact that bolted structures emit distinct acoustic responses when struck. By analyzing
the frequency characteristics of these sounds under different preload conditions, the state
of the bolted connection can be inferred [6-9]. However, this method necessitates a test-
ing environment that is devoid of noise, and it is highly susceptible to interference from
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environmental noise. This limitation compromises its accuracy in practical engineering
applications. The EMI-based demonstrates consistent performance under diverse testing
conditions and has emerged as a prevalent tool for damage assessment in various structures.
This method involves attaching a piezoelectric sensor to the structure and evaluating the
local health condition near the sensor [10-13]. The evaluation is achieved by measuring
the coupled electromechanical impedance parameters of the structure and sensor under
high-frequency sweep excitation. Nevertheless, one sensor is required for each bolt, making
it difficult to assess the degree and location of loosening when multiple bolts are involved.
The ultrasonic method can monitor the loosening of multiple bolts by attaching sensors
to the connected structural components [14-16]. As ultrasonic waves propagate through
the structure, their energy undergoes attenuation. Through meticulous analysis of this
attenuation pattern, the condition of the bolt connection can be ascertained. Although
this method has the capacity to can monitor multiple bolts simultaneously, its practical
application is constrained by the elevated cost of sensors and associated equipment. In
summary, the aforementioned bolt-loosening monitoring methods are contact-based and
may introduce interference to the measured object during testing. Furthermore, the appli-
cability of these methods is frequently constrained by environmental conditions, rendering
them inadequate for specific bolt-monitoring scenarios.

The non-contact monitoring method eliminates the need to install sensors on the
surface of the measured structure and imposes minimal constraints on the monitoring
environment. In certain scenarios, non-contact approaches can effectively compensate for
the limitations of traditional contact-based methods. Machine vision, often integrated with
artificial intelligence (AI), has been widely adopted in non-contact monitoring and applied
to bolt-loosening detection [17-19]. The general principle of this method is to compare
digital images of bolts captured under different conditions to determine whether loosening
has occurred. A commonly used vision-based technique involves quantifying the loosening
angle. For instance, Park et al. [20-22] demonstrated a rotational-angle detection approach
based on boundary detection and the Hough line transform. Similarly, Zhao et al. [18]
proposed a deep learning-based method for calculating the loosening angle. Although the
machine vision-based bolt-loosening monitoring is cost-effective and easy to implement,
it lacks the sensitivity to detect early-stage bolt loosening and cannot accurately quantify
bolt preload.

Digital Image Correlation (DIC) is an optical measurement technique that detects
object deformation by analyzing digital images. Its extensive utilization in engineering
practice is evident in its employment for measuring structural strain and deformation, as ev-
idenced by numerous studies [23-26]. Chevalier et al. [27] employed DIC to analyze surface
displacement fields of polymers under uniaxial and biaxial tensile loading, thereby obtain-
ing non-uniform strain distributions of rubber-like materials under multi-axial conditions.
Reder et al. [28] used laser irradiation to inscribe speckle patterns on the surfaces of ceramic
and carbon fibers, enabling the acquisition of stress—strain curves in tensile experiments.
Gencturk et al. [29] measured the full-scale deformation of prestressed concrete using DIC
and compared the results with sensor-based measurements, thus validating the accuracy of
DIC. These studies collectively demonstrated that DIC is a feasible, accurate, and highly
sensitive technique capable of capturing even minute deformations. Jiménez Pefia [30]
further proposed a DIC-based approach for monitoring bolt preload by calculating bolt
elongation. However, this approach is unsuitable for internal bolts or joints where the bolt
head is embedded within the clamped material. Moreover, its measurement accuracy may
be compromised for extended bolts due to a diminution in reduced spatial resolution.

In order to surmount the challenges of delayed detection, low accuracy, and high
cost inherent in traditional bolt detection methods, this study proposes a Digital Image
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Correlation (DIC)-based approach for monitoring bolt preload. In this method, speckle
patterns on the bolt surface are captured using an industrial camera before and after
deformation. The acquired images are subsequently processed through DIC to compute the
strain distribution on the bolt head surface. Consequently, experimental tests are performed
to validate the effectiveness and accuracy of the proposed method.

2. Methodology

The methodology adopted in this study primarily consists of five stages: (1) prepa-
ration of a speckle pattern on the bolt head surface, (2) acquisition of speckle images,
(3) calculation of strain fields, (4) analysis of the strain field distribution, and (5) estimation
of bolt preload, as illustrated in Figure 1.

Preparation of speckle pattern on

Spray artificial speckle on the bolt head surface
pray el spee uriac the bolt head surface

Take the reference image of the bolt head
surface in the initial state

| ; a

Acquisition of speckle images on
the bolt head surface

Take deformation images of the bolt head
surface under different preload states

Tmplement the correlation calculation between
the reference image and the deformation images

i ! i

Calculation of strain ficlds on the
bolt head surface by speckle images

Qutput the full field strain of the bolt head
surface

Distribution of strain field on the
bolt head surlace

Obtain the normal fitting mean value ol full
ield strain data of the bolt head surface

¥

Establish the relationship between bolt perload
and the strain of bolt head surface

Realization of bolt preload
monitoring

LA R R

Figure 1. Basic implementation steps of the proposed method.

2.1. Preparation of Speckle Pattern on the Bolt Head Surface

For strain measurement using Digital Image Correlation (DIC), the quality of the
speckle pattern on the bolt head surface is critical for accurately capturing deformation
information. The standard approach for creating a speckle pattern typically involves
manually applying matte black and white spray paint. To achieve a uniformly distributed
pattern, a thin base coat of white primer is first sprayed onto the specimen surface. After the
primer has solidified, a layer of black paint is randomly applied to form the speckle pattern.

In this study, prior to testing, the bolt head surface was polished with sandpaper to
remove burrs and ensure smoothness. Subsequently, matte paint was manually applied
following the polishing process. During spraying, it is essential not to aim the spray gun
directly at the bolt surface, as this may produce overly dense speckle clusters and introduce
unwanted directional texture, thereby compromising the accuracy of the subsequent DIC
analysis. Instead, the spray nozzle was positioned at an oblique angle relative to the bolt
head surface, as shown in Figure 2, to ensure the formation of a uniformly distributed
speckle pattern suitable for DIC measurement.
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Figure 2. Method for spraying speckle patterns on the bolt head surface.

2.2. Computation of Strain Fields on the Bolt Head Surface Using Speckle Images

The Digital Image Correlation (DIC) method is an optical, non-contact technique for
measuring displacement and strain. It provides full-field displacement and strain data by
analyzing speckle patterns on the bolt surface captured in images taken before and after
deformation, and by correlating the two images. The image acquired prior to deformation
serves as the reference image, whereas the image captured after deformation is termed the
deformed image.

The DIC algorithm determines the corresponding position of each subset in the de-
formed image by performing a cross-correlation analysis between the reference subset and
the deformation subset, as illustrated in Figure 3. The successful matching of image subsets
enables the calculation of displacement vectors and subsequent derivation of the strain
field on the bolt head surface.

Legend

@ | Coordinate position

o | Subset center

Teterence et )

— | Displacement

<«— | Distance

Pixel

[] | Reference subset
D Deformed subset

Bolt head

Figure 3. Schematic diagram of correlation calculation between reference subset and deformed
subset.

By using the coordinates of the center point x in the reference subset, the coordinates
of any point x; within the subset can be expressed as follows:
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where x; and y; denote the coordinates of the points in the reference subset along the x and

y axes, respectively; xg and v represent the coordinates of the center point in the reference
subset along the x and y axes, respectively; and Ax; and Ay; indicate the coordinate offsets
of the points relative to the center point along the x and y axes in the reference subset.

After deformation, the original point x; moves to a new location in the deformation
subset, denoted as xl’-, and its new coordinates can be expressed as:

Xt |xo
vi|  |vo

where x/ and y/ refer to the coordinates of the points in the deformation subset along the x

Ax!

1

Ay, @

and y axes, respectively; Ax} and Ay’ represent the coordinate offsets of the points relative
to the center of the reference subset along the x and y axes.

By calculating the values of Ax} and Ay’ in Equation (2), the position of the reference
subset within the deformed image can be determined. Owing to the non-rigid behavior
of the bolts, the selected rectangular reference subset also undergoes deformation as the
bolt preload changes. Therefore, a first-order shape function is utilized to describe the
subset deformation, ensuring the accuracy of the subsequent subset-matching process, as
illustrated in Equation (3).

Ax;
Axi|  |14ux uy, u Axf 3)
Ayi| | vx 14wy 0 1y :

where u, uy, uy, v, vy and vy are the parameters of the first-order shape function to be
determined, and let P = [u, uy, uy, v, vy, vy]T.

The two-dimensional digital image can be regarded as a sampling of light intensity,
forming a matrix composed of the gray values of individual pixels. Let F and G denote the
gray distribution functions of the reference subset and the deformed subset, respectively.

Accordingly, the gray value at each pixel can be expressed as follows:

fi = F(xi,yi) 4)
8i = G(xi,y;) (5)

where f; and g; represent the gray values of individual pixels points in the reference subset
and the deformed subset, respectively.

A correlation coefficient C is introduced to evaluate the similarity between correspond-
ing points in the reference and deformed subsets. In this study, the zero-mean normalized
cross-correlation (ZNCC) and zero-mean normalized sum of squared difference (ZNSSD)
criteria are employed to perform the correlation analysis between the reference subset and
the deformed subset,

L (fi— )8 —3)

C = — (6)
ZNCC l; fg
1 7 _-2
fi—f &-8 }
C = = — 2L ?)
ZNSSD 1:21 |: f 3

I I
where I represents the number of pixels within the subset; f = ) f;/Iand § = ) _ g;/I de-

i=1 i=1
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note the average gray values of the reference subset and the deformed subset, respectively;

i I
and f = | Y (fi — f)?and § = ,| } _(gi — §)? are the normalized gray-value functions of

i=1 i=1
the corresponding subsets.
Pan et al. [31] illustrated the relationship between these two correlation criteria

as follows:
CzNssD

Cznee =1-— — (8)
A first-order shape function is used to characterize the deformation of the reference
subset, while the shape of the deformed subset is continuously optimized through non-
linear optimization during the correlation process [32,33]. When CZNCC approaches 1
or CZNSSD approaches 0, the optimized subset closely matches the actual deformation
state of the deformed subset. Once the matching process is completed, the deformation
information at the center point of the subset can be obtained. Several search algorithms
have been developed to determine the location of corresponding subsets in the deformed
bolt images, among which the Newton-Raphson (NR) algorithm is the most commonly
employed [34]. The NR algorithm is utilized to iteratively compute the deformation vector,
and the solution is obtained as follows:

TVC(Py) ©)

where Py denotes the initial value of the subset displacement vector; P represents the
updated solution after each iteration; VC(P) is the gradient of the correlation criterion;
and VVC () is its second-order derivative, commonly referred to as the Hessian matrix.

The bicubic spline interpolation scheme is iteratively applied to determine the gray
values at sub-pixel locations [35], as expressed in the following equation:

3 3
gley) =Y. Y amx"y" (10)

m=0n=0

where the coefficient a,,, is determined by the gray values of the adjacent 4 x 4 pixel points
centered on the interpolation point. The combination of NR algorithm with the bicubic
spline interpolation scheme ensures high alignment accuracy and improved convergence
stability. The sub-pixel displacement is obtained through the aforementioned iterative pro-
cess. This procedure is repeated for multiple subsets to acquire the full-field displacement
distribution of the component [36].

The full-field displacement data obtained from the previous calculations are utilized
to compute the corresponding full-field strains through a specific strain evaluation method.
Pan et al. [37] proposed a point-by-point local least squares fitting algorithm, which offers
a practical and straightforward approach for strain computation with clear theoretical
principles and simple implementation. To derive the full-field strains from the displacement
field, a strain computation window with (2M + 1) x (2M + 1) data points is defined, with a
specific data point selected as the widow center, as illustrated in Figure 4. The displacement
data points within this window are then fitted using a two-dimensional polynomial, as
expressed below:

u(x,y) = ag + a1x + azy

(11)
v(x,y) = bg + byx + by

where x and y range from —M to M; u(x,y) and v(x, y)denote the displacement field data
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in the x and y directions obtained from the DIC analysis; and a; and b; (where i =0, 1, 2) are
the polynomial coefficients to be determined.

x=-M x=0 x=M
=M [ueMM) | [ ub) | [ uem

=0 | u(-MO) | = | w©00) | - | u(M0)

y=M | u(-M-M) | - | u@M) | - | u(MM)

Figure 4. Displacement data for local least-squares fitting.

The first equation in Equation (11) can be expressed in matrix form as follows.

u(—M,—M) | 1 -M —M]
u(—M+1,—M) 1 -M+1 -M
: : : : ag
u=Xa = u(0,0) =11 0 0 1 (12)
. . a
u(M—1,M) 1 M-1 M
uMM) | 1 M M |

By applying Equation (12), the coefficients can be obtained as a = {ao, ay, 112} ! =
(XTX)"1XTu, where a; = % and a, = a—; Similarly, the coefficients by, b; and b, can be
determined, with by = g—;’ and by = a—; Consequently, Equation (13) yields the Lagrange
strain component equations, in which Ey; and Ey, express the strain components in the
x and y directions, respectively. This iterative procedure is performed point by point to
obtain the full-field strain distribution.

E — 1 Zal + al ? + aj 2 —

W2\ Tox ox ox a
1(_ov ou\ 2 o0\ 2

Ew—z(zaﬂ(ay) +(5) ) -

3. Experimental Verification

(2a1 + a3+ b%)

NI~

(13)
(sz +ad+ b§>

N =

To validate the feasibility and effectiveness of the proposed method, experiments
were conducted using an M20 bolt, and the resulting data were analyzed. One critical
factor influencing the measurement results is the selection of the region of interest (ROI)
in the DIC analysis; therefore, this aspect was examined in detail. The experimental data
obtained from the M20 bolt were used to evaluate the effect of different ROIs on the strain
distribution of the bolt head surface. Furthermore, to confirm that the experimental results
for the M20 bolt were not coincidental, additional verification experiments were carried
out using bolts of different sizes—specifically, M18 and M22—to compare and analyze the
DIC results across bolts with varying dimensions.
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3.1. Instrumentation Setup

The experimental hardware primarily consisted of an industrial charge-coupled device
(CCD) camera (6.3 MP; 3072 x 2048 resolution; Huagu Power WP-UC600, Shenzhen, China),
a rock-bolt drawing dynamometer (0-300 kN; ML-300B; Cangzhou Zhaolong Zhongke
Construction Equipment Co., Ltd., Cangzhou, China), a steel plate, a light source, a camera
mount, and a laptop computer (Lenovo (Beijing) Co., Ltd., Beijing, China), as shown in
Figure 5. To minimize interference from external illumination, the experimental setup was
arranged in a low-light environment. A dedicated light source was used to ensure uniform
illumination on the bolt-head surface, thereby enhancing image contrast and improving
measurement accuracy by clearly defining the surface speckle patterns.

Bolt head
Steel plate

LA .T‘; ; j u"l
(a) Physical diagram (b) Schematic diagram

Figure 5. Experimental setup.

To establish the relationship between the bolt preload and the surface strain of the bolt
head, a single-bolt axial loading experiment was conducted. Prior to testing, the surface of
the M20 bolt head was preprocessed to generate a random speckle pattern, as illustrated in
Figure 6. During the experiment, the hydraulic cylinder of the anchor puller was positioned
horizontally on the workbench, and a square steel plate with pre-drilled holes was placed
in front of it. The bolt screw was inserted through both the steel plate and the hydraulic
cylinder, with the protruding end secured using an anchor tool. The bolt preload was
applied by operating the handle of the anchor puller. To prevent bolt movement during the
initial pre-tightening phase, the initial preload was set to 5 kN, after which the load was
increased in increments of 1 kN. The total experimental preload range was thus set from
5 kN to 13 kN.

Subsequently, speckle images of the bolt head surface were captured at each 1 kN
preload increment. Image acquisition was conducted by monitoring the liquid crystal
display (LCD) while applying pressure to the handle of the anchor puller. The reference
image (before deformation) and the deformed images (under various preload conditions)
were then imported into the DIC analysis program to compute the strain field distribution
on the bolt head surface corresponding to different preload levels.

3.2. Relationship Between Preload and Strain

The M20 bolt was employed to verify the effectiveness of the proposed DIC-based
method for monitoring bolt preload, with the experimental results analyzed according to
the methodology described in the previous sections. Figure 7 presents the strain fields
on the surface of the M20 bolt head in the x and y directions under a preload of 10.03
kN. Examination of the strain contour maps indicates that a relatively large number of
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pixels are concentrated near the middle of the color scale, while fewer pixels appear at both
extremes. This distribution pattern is consistent with the bell-shaped profile of a normal

distribution, suggesting that the measured strain field exhibits reasonable uniformity and
stability.

Figure 6. Surface of the M20 bolt head after preprocessing.

As illustrated in Figure 7, the surface strain distribution on the bolt head is theoretically
expected to exhibit symmetry. In practice, however, the distribution at individual points
lacks a discernible pattern, as actual loading conditions often induce non-uniformity.
Nevertheless, the measured strain field data indicates that, after normalization, the overall
dataset aligns well with a normal distribution.

(a) x direction (b) v direction

Figure 7. Strain field maps of the M20 bolt head surface in the x and y directions under a preload of
10.03 kN.
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The strain field on the surface of the bolt head was obtained using the DIC technique,
which provides strain data for each pixel within the analyzed region. To establish the
correlation between the applied bolt preload and the resulting surface strain, a data pro-
cessing strategy was developed. This strategy employs the strain field data corresponding
to each specific preload condition to determine the representative strain value of the bolt
under that load. The strain at each pixel of the bolt head surface varies with the applied
preload. If a correlation exists between the surface strain field and the bolt preload, then a
consistent relationship should also be observed between the average surface strain and the
corresponding preload. To provide a more intuitive representation of the strain distribution,
the average value derived from the normal fitting curve of the strain field data is used to
establish this correlation. The probability density function of the normal distribution is
expressed as follows:

) = e { O 1)

2o

where f(x) represents the probability density function of the normal distribution, and ¢
and y denote the standard deviation and mean value of the strain field data on the surface
of the bolt head, respectively.

The relationship between the surface strain field of the bolt head and the bolt preload
was determined by averaging the strain field data points across the bolt head surface. The
normal fitting curves of the strain field data in the x and y directions under a preload of
10.03 kN are presented in Figure 8. The frequency on the y-axis refers to the number of
speckle points sharing the same strain value; that is, it represents the count of occurrences
for each specific strain magnitude among all analyzed points. As shown in the figure,
the histogram of the strain field data on the bolt head surface closely follows a normal
distribution pattern. To facilitate efficient subsequent data processing, a normal fitting was
applied to the strain field data of the bolt head surface, and the mean value obtained from
this fitting was used to establish the correlation between the bolt preload and the surface
strain field.
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-0.50532x 10" I Data histogram I Data histogram
1200 — Normal fitting curve 1000 - -0.60514x107 — Normal fitting curve| |
1000
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5 5
5 800 5
g_ g__ 600
2 600 2
[0 [
400 ¢
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2 1 0 1 2 -2 1 0 1 2
Strain X |(]'s Strain X |(]'3
(a) x direction (b) y direction

Figure 8. Normal fitting curves of strain field data in the x and y directions under a preload of
10.03 kN.

Figure 9 presents the normal distribution fittings of the strain field data obtained from
the surface of the M20 bolt head under various preload levels. The figure also shows the
variations in the mean values derived from these fittings for the strain field data in the x
and y directions. It can be observed that the mean strain values on the bolt head surface
vary consistently with changes in the applied bolt preload.
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Figure 9. The change in the mean of the normal fitting for the strain field on the M20 bolt head
surface in the x and y directions under different preloads.

A linear regression analysis was conducted to establish the relationship between the
bolt preload and the surface strain of the M20 bolt head, as shown in Figure 10. The
figure indicates that the correlation coefficient of the regression equation is close to 1,
demonstrating a strong linear relationship between the bolt preload and the mean surface
strain. Overall, the relationship between the bolt preload and the surface strain on the M20
bolt head exhibits a clear linear increasing trend.

100 I I I I I I I I I
0

-100
-200

-300 N

-400 ‘\

W
=
E L
IS
% -500 ™ \
-600 < x.\
=700
-800 5
B E_ — y=-105.57x+534.71 R*=0.998 u
-900 3
< E, — y=-106.66x+500.30 R=0.978
_1000 1 1 | 1 | 1 1 | 1

4 5 6 7 8 9 10 11 12 13 14
Force/kN

Figure 10. Linear relationship between bolt preload and surface strain of the M20 bolt head.

3.3. Influence of Region of Interest Selection

Prior to conducting the DIC analysis, it is imperative to define the specific computa-
tional area—designated as the region of interest (ROI)—on the bolt head surface. In this
study, experimental data obtained from the M20 bolt were used to examine the influence of
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ROI selection. The diameter of the M20 bolt head was 30 mm. The ROI on the bolt head
surface was configured as a circular region, centered at the midpoint of the bolt head. The
diameter of the circular ROI was varied from 30 mm to 5 mm, in increments of 5 mm, as

illustrated in Figure 11.

Figure 11. Regions of interest with different diameters on the surface of the bolt head.

The strain fields were computed using the experimental data obtained from six dif-
ferent ROIs, and normal fitting was applied to determine the mean strain values under
each preload condition. The normal fitting curves of the strain field data within ROISs of
varying diameters in the x and y directions under a preload of 10.03 kN are shown in
Figure 12. As evident from the figure, the histograms of the strain field data corresponding
to different ROIs on the bolt head surface in both the x and y directions follow a normal
distribution, and the mean values obtained from the normal fittings in the same direction
are approximately consistent.

o

= 10mm
—S5mm

=== 10mm
——5mm

o

Probability density
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3 0 1 2 3
Strain %107 Strain %107
(a) x direction (b) y direction

Figure 12. Normal fitting curves of the strain field data in regions of interest with different diameters
in x and y directions under a preload of 10.03 kN.
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The tested bolt preload range (6-13 kN) was divided into eight discrete preload levels,
and the corresponding sequence numbers for each preload are listed in Table 1.

Table 1. Sequence numbers corresponding to different preload levels.

Sequence Number 1 2 3 4 5 6 7 8
Preload (kN) 6.02 7.00 8.08 9.07 10.03 11.04 12.02 13.08

Figure 13 illustrates the relative error distribution of the surface strain values for the
bolt under eight preload levels across six distinct ROIs in the x and y directions. As shown
in the figure, the mean strain values obtained from different ROIs on the bolt surface
under the same preload and in the same direction are nearly identical, with relative errors

below 5%.
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Figure 13. Relative error of bolt surface strain values under eight preload levels across six regions of
interest in the x and y directions.

Figures 14 and 15 illustrate the correlation between the bolt preload and the surface
strain of the bolt head across six distinct ROIs with varying diameters in both the x and y
directions. The experimental results confirm a linear increase in the surface strain of the
bolt head with increasing bolt preload. Furthermore, the slopes of the linear fitting curves
for different ROIs are nearly identical, indicating that the selection of ROI has minimal
influence on the correlation between the bolt preload and the surface strain.
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Figure 14. Relationship between bolt preload and surface strain of the bolt head in six regions of
interest with different diameters in the x direction.
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Figure 15. Relationship between bolt preload and surface strain of the bolt head in six regions of
interest with different diameters in the y direction.

Experimental results suggest that choosing different ROIs does not notably impact the
detected average strain value of the strain field on the surface of the bolt head. As a result,
the relationship between the bolt preload and surface strain remains consistent regardless
of the chosen ROL

3.4. Verification Using Other Bolts Types

To further validate the experimental results, similar tests were performed on M18 and
M22 bolts. The speckle patterns on the surfaces of these bolts are shown in Figure 16. The
speckle preparation procedure described in the earlier sections was adopted to generate
the speckle patterns on the bolt surfaces.

(a) M18 bolt (b) M22 bolt

Figure 16. Speckle patterns on the bolt head surfaces of the M18 and M22 bolts.

The correlations between bolt preload and surface strain for the M18 and M22 bolts
are presented in Figures 17 and 18, respectively. The figures show that the correlation
coefficients of the linear regression equations are close to 1, indicating a strong linear
relationship between bolt preload and surface strain for both bolt types.

3.5. Correction of Bolt Rotation

To accurately address bolt deformation involving rotational movement, incorporating
image rotation strategies during the pre-processing image registration phase is recom-
mended. The specific workflow is as follows: During specimen preparation, geometric
markers with distinct colors (e.g., rectangles or triangles) are placed on the bolt surface.
For post-deformation images, integrating edge detection algorithms with color recognition
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technology yields optimal results for extracting the markers’ edge features. Subsequently,
Principal Component Analysis (PCA) [38] is utilized to determine the principal orientation
(slope) of the markers. Based on this, the rotation angle of the test image relative to the
reference image is calculated. Finally, a reverse rotational transformation is applied to
the test image using this angle. The corrected image is then suitable for the quantitative
calculation of bolt deformation. The rotation calibration flowchart is shown in Figure 19.
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Figure 17. Relationship between the bolt preload and surface strain of the M18 bolt head.
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Figure 18. Relationship between the bolt preload and surface strain of the M22 bolt head.
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Figure 19. The flow chart of the rotation calibration.

To validate the rotational correction method, an image of an M20 bolt was selected and
trapezoidal markers were superimposed on the original image, as illustrated in Figure 20.
The image was subjected to a series of rotations at angles of 0.8°, 1.7°, 3.4°, 5.0° and 6.1°,
after which corrected images were generated using the proposed method. Subsequently,
strain calculations were performed by comparing the pre-rotation and post-correction

images. The measurement regions are shown in Figure 20, and the results are presented in
Table 2.

Figure 20. Selected M20 bolt image with trapezoid markings under a preload of 8.08 kN.

Table 2. Bolt rotation diagram and strain calculation results under a preload of 8.08 kN.

Rotation Angle 0° 0.8° 1.7° 3.4° 5.0° 6.1°

Before calibration

After calibration

Average strain in

; . —318 —314 —315 —313 —315 —314
the x-direction/pe

Average strain in

R —420 —411 —409 —409 —410 —410
the y-direction/ pe

Comparative experiments demonstrate that in the initial state without rotation, the
measured strains in the x and y directions were —318 ue and —420 pe, respectively. Fol-
lowing the implementation of the rotational correction scheme proposed in this study,
the maximum errors in the x and y directions were limited to 5 pe and 11 pe. These data
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confirm the validity and feasibility of the correction scheme, providing an effective solution
for addressing measurement deviations caused by bolt rotation in practical applications.

4. Discussion

While the correction algorithm proposed in this study effectively mitigates errors
caused by in-plane rotation, we acknowledge that out-of-plane displacement remains a
critical factor affecting measurement accuracy in a single-camera 2D-DIC setup. Specifically,
any displacement along the optical axis alters the object distance, leading to variations
in magnification. This optical phenomenon causes the DIC algorithm to misinterpret the
change in image scale as tensile or compressive deformation, thereby introducing significant
fictitious strains. Consequently, to overcome this inherent limitation, our future work
will transition to a stereoscopic 3D-DIC system. By utilizing binocular vision principles
to reconstruct the three-dimensional coordinates of the bolt surface, we can effectively
decouple out-of-plane motion from the actual surface strain.

In future applications, it will be feasible to establish specific linear relationships
between preload and strain for various bolt models. By comparing the DIC-measured
strain data from in situ bolts against these pre-calibrated linear curves (derived from
identical bolts under controlled conditions), bolt loosening can be effectively detected.

5. Conclusions

This paper proposes a novel digital image correlation (DIC)-based method for moni-
toring bolt preload, and its feasibility has been verified through experimental studies. The
main conclusions are summarized as follows:

(1) As the bolt preload increases, the strain on the bolt head surface also increases.
The strain field on the bolt head surface follows a normal distribution, and a strong linear
correlation exists between the mean strain value and the bolt preload, with a correlation
coefficient close to 1. These results demonstrate the feasibility of using DIC for quantitative
bolt preload monitoring.

(2) The relative error of the strain values obtained from different regions of interest
(ROIs) under the same preload is within 5%, and the slopes of the linear fitting curves
representing the relationship between bolt preload and surface strain remain consistent
across ROIs. This indicates that ROI selection has little influence on the accuracy of the
proposed method.

(3) A strong linear correlation is also observed between the bolt preload and the
surface strain for various bolt types (M18, M20, and M22), with regression equations
yielding correlation coefficients close to 1.

Compared with traditional bolt-loosening monitoring methods, the proposed ap-
proach offers simple implementation, fewer constraints, and good applicability, showing
strong potential for further development.
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Abstract

Handheld laser-induced breakdown spectroscopy (hLIBS) can be considered one of the
most recent techniques for rock characterization in situ. Handheld LIBS devices are useful
tools for providing “fit for purpose” qualitative and quantitative geochemical data. The an-
alytical performance of hLIBS instruments varies significantly between similar instruments
from different manufacturers. This study employed two commercial hLIBS instruments,
both making use of noise reduction and multivariate partial-least-squares (PLS) calibration.
Model validation was performed using the Leave-One-Out Cross-Validation (LOOCV)
method. The Random Forest (RF) and Artificial Neural Network (ANN) algorithms were
also employed as complementary approaches to PLS modeling, with the goal of explor-
ing potential nonlinear relationships between spectral intensities and reference analyte
concentrations. A comparison was also made with the most basic and commonly used
approach, univariate analysis, demonstrating that multivariate methods achieve superior
performances. To evaluate the predictive performance and quantification capability of the
acquired LIBS spectra, the Pearson’s coefficient (R?) and root-mean-square error (RMSE)
were employed in the analysis of 21 diverse certified geochemical reference materials
(CRMs). The results achieved suggested that the spectral resolution was the key factor
determining the performance of multivariate LIBS calibrations. The PLS model proved
to be satisfactory for analyses performed by the higher-spectral-resolution instrument,
whereas complementary algorithms were necessary to achieve better results with the
lower-spectral-resolution instrument.

Keywords: handheld LIBS instruments; certified geochemical reference materials; PLS;
RF; ANN

1. Introduction

In geoscience research, the need for chemical data has continuously expanded with
regard to not only the type of elements and their concentration levels but also to the ex-
tension of applications to a wider and wider variety of geological materials. A persistent
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requirement by the geoscience community is the availability of field-deployable instru-
mentation that can be used regularly outside the laboratory to perform in situ chemical
analysis. The basic requisites of these instruments include ease portability, lightweightness
to enable individual operation, durability and robustness for use in challenging environ-
ments, user friendliness, and the ability to detect the broadest spectrum of elements in a
brief acquisition time [1,2].

Laser-induced breakdown spectroscopy (LIBS) and X-ray fluorescence spectrometry
(XRF) are two analytical methods that meet the above-listed requisites for field use under
current environmental conditions, enabling exploration geologists to acquire an immediate
insight into the geochemistry of an ore prospect. In this way, field survey work can be
optimized, and field-acquired data can assist in deciding which samples to gather for
additional laboratory examination, thereby offering significant savings in both time and
expense. Furthermore, data acquired in the field allow environmental geologists to quickly
understand the existence of pollution by hazardous elements throughout an area and/or
assess the effectiveness of a remediation effort to restore a contaminated site [1], identify
the possible presence of precious or useful elements [2], and explore mine wastes on site in
view of their possible recovery [3].

LIBS is one of the very few current analytical technologies suitable for routine use
outside the laboratory and possesses a persuasive set of advantages that makes it ideally
suited for chemical analysis in the field [2]. These include the possibility of using a compact
and lightweight instrument operated by a single individual to analyze most types of natural
materials under ambient environmental conditions in real time, and with little to no sample
preparation [2]. Although portable LIBS instruments may not achieve the same levels
of elemental detection and analytical accuracy as those of laboratory instruments, they
still offer an effective and robust tool for the field investigator. Currently, LIBS is being
extensively utilized in various geoscience sub-disciplines, including mineralogy, petrology,
volcanology, sedimentology, the exploration and exploitation of natural resources, pedology,
and geoarchaeology [4-6].

In the first decade of the current millennium, the progress in the analytical perfor-
mances of small and compact LIBS analyzers has been significantly influenced by the choice
of LIBS as one of the technologies incorporated into the NASA ChemCam system on the
Curiosity rover to assess the elemental composition of Martian soils and rocks [7]. Subse-
quently, in 2013, the initial handheld (h) LIBS analyzer was launched in the commercial sec-
tor and was reported in the scientific literature soon after [8]. While the progress of portable
LIBS equipment for geological use has advanced in research laboratories e.g., [9-11], com-
mercial hLIBS analyzers have become the favored response to the ongoing demand for
technology that enables quick chemical analysis in field settings.

The aim of this study was to analyze the reliability and precision of two commercial
hLIBS instruments operating in different configurations (i.e., varying pulse energies and
durations, acquisition geometries, spot sizes, raster grids, repetition rates, and spectral
ranges) in analyzing 21 diverse certified geochemical reference materials (CRMs). Besides
evaluating the general applicability of hLIBS for the geochemical analysis of rocks, the
effect of multiple rock characteristics on the hLIBS performance was also investigated. In
order to verify the performances of the two instruments, noise reduction and multivariate
partial-least-squares (PLS) calibration and validation Leave-One-Out Cross-Validation
(LOOCYV) were used. For each test sample in the LOOCYV, hyperparameter optimization was
conducted using nested cross-validation (NCV) to avoid overfitting [12,13]. The Random
Forest (RF) and Artificial Neural Network (ANN) algorithms were also employed as
complementary approaches to PLS modeling, with the goal of exploring potential nonlinear
relationships between spectral intensities and reference analyte concentrations [14-16].
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Univariate analysis was employed for quantitative purposes as a benchmark against
the multivariate approaches, highlighting the performance achieved. The final aim of
this work is to assess the robustness of hLIBS in general, and the intention is not to
suggest the best instrument but rather the range of applicability of two types of common
commercial instruments.

2. Materials and Methods
2.1. Certified Geochemical Reference Materials

A total of 21 homogenized rock samples originating from 10 different countries were
examined in this study. The raw materials to obtain these CRMs originated from various
deposits spread across the globe (Service d’Analyse des Roches et des Minéraux-SARM).
The goal was to offer the scientific community CRMs adapted to geochemical analysis
and necessary for the calibration of a device or the evaluation of a measurement method.
An overview of the samples, along with their specific rock characteristics and elemental
concentrations, can be found in the Supplementary Materials (Tables S1 and S2). The CRM
samples were air-dried and ground to achieve particle sizes < 20 um. The pellets to be used
for the analysis were obtained by mixing 5.0 g of powdered sample with 2 mL of 2% (w/v)
Elvacite® 2046 (PANalytical B.V., Almelo, The Netherlands) acetone solution in a mortar,
stirring the slurry until the acetone evaporated, and finally pelletizing the powder placed
in 30 mm open-ended aluminum cups by uniaxial pressing (25 tons).

2.2. Handheld LIBS Instruments Used and LIBS Spectrum Collection

In this work, a NanoLIBS hLIBS instrument (B&W Tek, Newark, DE, USA) de-
scribed in detail by Senesi et al. [17] was used. The entire apparatus has dimensions of
26 x 10 x 30 cm, a weight of 1.8 kg, is powered by an onboard rechargeable Li-ion battery
(8 h battery life) and operates at ambient atmosphere. The instrument employs a 1064 nm
Nd:YAG miniature-diode-pumped solid-state short-pulsed laser that produces a focused
beam of 20-30 um that delivers a maximum pulse energy of 150 pJ to the sample at a pulse
duration of 500 ps for a shot repetition frequency between 1 and 5 KHz.

The NanoLIBS hLIBS instrument allows for the scanning of a spectral range from
180 to 800 nm with an overall resolution of 0.4 nm (lower-spectral-resolution instrument).
The emission light signal is collected and transferred via a fiber optic cable into a compact
low-resolution spectrometer operating in non-gated mode. The system is equipped with
a raster scan that provides spatial averaging. Measurements were performed by placing
the instrument against the surface of the pellet, and the analysis was initiated via a trigger.
Spectral data were collected at an integration time of 4 msec, which corresponded to twelve
laser pulses for a 1 kHz laser. Five different positions on each pellet were analyzed, and five
laser measurements were acquired at each position, which were then averaged to obtain a
single spectrum for each position. The spectra were then analyzed qualitatively to identify
and highlight the emission lines using the National Institute of Standards and Technology
(NIST) Atomic Spectra Database [18].

The other instrument employed in this study was a Z-300 (SciAps, Inc., Woburn,
MA, USA) LIBS device, measuring 21 x 29 x 11 cm, weighing 1.8 kg, and operating by
an internal Li-ion battery. This device utilizes a Class 3 PULSARTM 1064 nm Nd:YAG
diode-pumped solid-state pulsed laser, generating a 100 um focused beam that fires a
5-6 m] pulse to the sample with a 1 ns pulse duration at a repetition rate of 1 to 50 Hz.
The analyzer operates in ambient air but can also perform gas purging by supplying an
inert gas (Ar) from a canister in the instrument handle directly to the focusing area on the
sample surface where LIBS plasma is formed, thereby enhancing plasma containment and
emission signals.
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The Z-300 instrument captures a wide spectrum of plasma light emissions, spanning
from 190 to 950 nm. The emission light signal is gathered and transmitted through a
fiber optic cable to three internal spectrometers that use time-gated CCD detectors, which
have spectral ranges and resolutions of 190-365 nm with a full width at half maximum
(FWHM) of 0.18 nm, 365-620 nm with a FWHM of 0.24 nm, and 620-950 nm with a
FWHM of 0.35 nm (higher-spectral-resolution instrument). Spectral data were gathered
with a delay time of 650 ns over an integration period of 1 ms. The routine wavelength
calibration of the spectrometers was conducted by examining an internal target composed
of Grade 316 Mo-bearing stainless steel. For each spectrometer in the system, discrepancies
in wavelengths between the chosen observed emission lines and the data obtained from
the NIST database [18] were identified, and correction factors were utilized. The updated
coefficients remained in use until the subsequent wavelength calibration occurred, and a
stored record of all calibration spectra and adjustment values was maintained onboard.
The analyzer is equipped with a video camera to observe the sample prior to analysis
and a laser spot finder that indicates where the laser beam is hitting the sample. The
instrument features a computer-controlled, onboard 3D translational stage that automates
laser focusing on the sample site and allows for rastering the laser beam across the sample
in the XY-direction at specific positions for targeted analysis or data averaging. The raster
pattern was obtained at intervals of 12.5 pm across an area of up to 2 x 2 mm?, with both
the grid size and number of laser shots at each raster point fixed by the user. Furthermore, it
was possible to use a number of non-analytical shots for surface “cleaning” before gathering
the spectral data.

Obviously, the two hLIBS instruments feature different configurations that are re-
flected in the resulting spectra. The comparison in Table 1 reports an overview of the main
characteristics of the two hLIBS instruments. LIBS analysis was undertaken averaging four
spectra recorded after one cleaning shot at a laser-firing rate of 50 Hz over a 4 x 3 grid
for each pellet. This array sampling was repeated five times on random positions on
each pellet.

Table 1. Overview of the main characteristics, as reported by the manufacturers, of the two hLIBS
instruments used in this study and some of their physical and operational parameters.

Laser Spectral
Brand Laser Type Laser Class Repetition Laser I],E:les l‘egy Per ;V::ele&il; Resolution
Rate & FWHM * (nm)
B&W Tek Nd:YAG
NanoLIBS 1064 nm 3B 5kHz 150 pJ 180-800 0.38-0.5
SciAps Nd:YAG
7300 1064 nm 3B 50 Hz 5-6 mJ 190-950 0.18-0.35
Brand Detector Tvpe Laser Crater Analysis Dimensions Weight with BS“Z?; ;Zpe
M Diameter (um) Atmosphere L X H X W (cm) Battery (kg) pTime 8
B&W Tek . Li-ion
NanoLIBS CCD 300 Ambient 26.5 x 30.4 x 10 1.8 “4h
SciAps Ambient or Li-ion
7-300 CCD 100 argon purge 21 x 292 x 114 1.8 4L7h

* The exact value depends on the spectral region and application, so these numbers are approximate.

2.3. Pre-Analyses and Limit of Detection (LOD)

The raw spectra initially underwent a preprocessing pipeline. This sequence consisted
in: (i) background removal using a polynomial fitting method; (ii) outlier detection via
the Spectral Angle Mapper (SAM) algorithm; and (iii) normalization by Standard Normal
Variate (SNV) [19]. Finally, the five-position spectra acquired for each pellet were averaged.
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In this specific study, the SAM analysis did not exclude any spectra as outliers, and thus all
acquired data were retained for subsequent analysis.

An additional preprocessing step was applied prior to feeding the data to the machine
learning routines. To reduce the number of initial variables (wavelengths) and improve
the training efficiency, an automatic correlation-based variable selection procedure was
implemented to retain the most informative spectral features. First, the Pearson’s coefficient
(R?) between the intensity of each wavelength and the reference concentration of the
constituent was calculated to exclude from the dataset the wavelengths exhibiting R? values
lower than 0.3 [20]. This threshold was chosen based on the empirical observation that most
of the uncorrelated transitions and background noise lay below this value. Subsequently, a
second filtering routine was used to compare the selected spectral variables with a list of
known atomic and ionic transitions for the element or oxide of interest. Wavelengths that
were not located within a £1 nm window of a registered emission line for the corresponding
element were removed from the analysis. The electronic transitions for each element were
extracted from the NIST LIBS database [18], and the strongest transitions were selected,
with a maximum of 30 transitions (atomic and ionic), considering a plasma condition at a
temperature of 1 eV and an electron density of 1017 cm~3.

The limit of detection (LOD) was determined using a univariate calibration curve that
related the intensity variation of a specific spectral transition to the reference concentration
of the analyte in the sample. A linear model was adjusted, and the slope of the regression
line was obtained. The standard deviation of the background noise (std) was estimated
from a clean spectral region with no corresponding emission line [21]. According to the
criteria established by the International Union of Pure and Applied Chemistry (IUPAC),
the LOD was calculated as:

LOD = 3std/slope 1

The LOD values obtained in this study were consistent with those reported in the
literature for LIBS systems applied to geochemical standards with vast compositional
variety that include unique natural (igneous, sedimentary, and metamorphic) samples [22].
Tables 2 and 3 present the figures of merit, R?, standard deviation of the background (Std
background) and slope of the regression line used for the calculation of the LOD. The corre-
sponding univariate calibration and validation curves are provided in the Supplementary
Materials (Figures S1-5S8). After this stage, samples with concentrations below the LOD
were excluded in order to ensure the statistical robustness of the models (PLS, RF and
ANN). This criterion ensures that the model maintains adequate complexity to capture
relevant relationships while minimizing the likelihood of overfitting to the calibration data.

Table 2. Data related to the processing and calculation of the LOD for the higher-spectral-resolution
hLIBS instrument. The LOD and Std background have the same units as the corresponding com-
pounds (wt% for oxides and mg/kg for elements), whereas R? is dimensionless.

Conc. Conc. Std Emission Line
Analyte Average Range LOD R? Background Slope (nm)
SiO, 56.5 36.45-75.80 3.19 0.69 0.39 0.37 390.53
— Al,O3 18.6 2.9-59.2 0.83 0.94 0.39 1.41 394.53
S MgO 4.87 0.01-35.21 0.94 0.98 0.39 1.25 517.50
2 CaO 3.53 0.04-15.9 1.01 0.97 0.39 1.15 865.43
-“;j Na,O 2.44 0.04-15.9 0.53 0.97 0.39 2.21 820.00
g K,O 3.34 0.02-12.81 0.35 0.98 0.39 3.31 693.63
O TiO, 0.77 0.01-2.61 0.12 0.72 0.39 9.40 375.33
Fe, O3 5.95 0.075-19.6 1.57 0.88 0.39 0.74 254.17
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Table 2. Cont.

Conc. Conc. Std Emission Line

Analyte Average Range LoD R? Background Slope (nm)
ED Li 40.79 1-110 1.27 0.84 0.43 1.01 670.43
b Ba 117.1 6-385 22.74 0.69 0.43 0.06 454.83
) v 91.3 0.2-340 33.34 0.85 0.41 0.04 322.20
*g Cr 44.72 2-140 1.94 0.77 0.34 0.52 279.30
Qg) Rb 76.07 1-238 16.05 0.99 0.48 0.089 779.63
é) Sr 147.69 3-570 51.96 0.93 0.40 0.023 420.93

Table 3. Data related to the processing and calculation of the LOD for the lower-spectral-resolution

hLIBS instrument. The LOD and Std background have the same units as the corresponding com-

pounds (wt% for oxides and mg/kg for elements), whereas R? is dimensionless.
Conc. Conc. Std Emission Line

Analyte Average Range Lopb R? Background Slope (nm)
SiO, 56.5 36.45-75.80 1.62 0.80 0.13 0.24 250.00
~ Al,03 18.6 2.9-59.2 1.57 0.95 0.13 0.25 394.77
T MgO 4.87 0.01-35.21 1.76 0.92 0.13 0.22 293.91
Z CaO 3.53 0.04-15.9 0.52 0.92 0.13 0.76 392.79
é Na,O 2.44 0.04-15.9 0.23 0.94 0.13 1.69 590.08
= K,O 3.34 0.02-12.81 2.21 0.84 0.13 0.18 767.07
© TiO, 0.77 0.01-2.61 0.43 0.66 0.13 0.92 375.70
Fe;O3 5.95 0.075-19.6 1.60 0.77 0.13 0.25 275.78
£ ED Be 5.09 0.2-35 1.90 0.67 0.14 0.22 249.87
g 3 Cr 44.72 2-140 3.04 0.73 0.10 0.10 277.76
% & Pb 39.48 2-240 14.54 0.55 0.143 0.029 287.41

2.4. Multivariate Analysis

To assess the calibration and quantification performances of the two LIBS systems,
three distinct analytical approaches were employed: PLS, ANN, and RF. The choice of
these methods was based on their complementary characteristics. In particular, PLS is
widely used in spectroscopy because it efficiently handles highly correlated and noisy data
while exploiting the existing linear relationships between spectral intensities and analyte
concentration variations [23]. This approach is particularly advantageous when the number
of spectral variables exceeds the number of samples, as it enables dimensionality reduction
without the significant loss of relevant chemical information.

Differently, the machine learning-based methods RF and ANN exhibit a superior
capacity to model nonlinear relationships between spectral variables and concentrations.
In particular, the RF algorithm is composed of an ensemble of decision trees; thus, it is
robust to noise and less prone to overfitting. Furthermore, it provides metrics of variable
importance that facilitate the interpretation and identification of the most relevant emission
lines. In turn, ANNSs offer high flexibility in capturing complex patterns and variable
interactions, making them suitable for scenarios in which the spectral response exhibits
nonlinear behavior as a function of the analyte concentration [24]. The combined use of
these approaches allows for a comprehensive analysis, capable of capturing both linear
and nonlinear trends in the data.

Univariate validation analysis was also performed using the same criteria established
for the multivariate analysis. This approach was adopted as a benchmark against multi-
variate methods, enabling a direct comparison and allowing the effectiveness of applying
multivariate analysis to this set of samples and experimental setup to be properly assessed.

173 https:/ /doi.org/10.3390/526031076



Sensors 2026, 26, 1076

To evaluate the predictive performance and quantification capability of the acquired
spectra, the R? and root-mean-square error (RMSE) were employed. Model validation was
performed using the LOOCV method, from which the RMSE and R? values were extracted.

To ensure a robust and unbiased evaluation of the model performance while mitigating
the risk of overfitting, a nested cross-validation (NCV) procedure within the LOOCV
procedure was implemented and employed to perform the selection of hyperparameters
for each model’s training [25]. This approach is particularly advantageous for smaller
datasets, as it provides a reliable estimate of a model’s predictive capability on unseen
data [26]. The methodology consists of two hierarchical loops: an external loop and an
internal loop. The external loop employs LOOCYV, where each individual sample in the
dataset is sequentially held out as an independent test set. For each iteration of this external
loop, the remaining N-1 samples form the training set. Within this training set, an inner 5-
or 10-fold cross-validation loop is executed to perform the hyperparameter optimization.
This internal loop conducts a grid search over a pre-defined parameter space to identify the
optimal configuration that maximizes the model performance on the internal validation
folds, ensuring that the model is adjusted without any information from the held-out test
sample leaking into the training process. Once the optimal hyperparameters are identified,
a final model is trained on the entire N-1 training set using these parameters, and then the
model is used to predict the held-out test sample. The cycle described above is repeated
until every sample has served as the test sample once [27]. The most frequently selected
parameters are then chosen and used to perform a LOOCYV procedure. The predictions from
all LOOCYV iterations are subsequently aggregated and compared against the reference
values. A table detailing the optimal hyperparameter values selected for each classifier
(PLS, RE, and ANN) during the LOOCYV procedure is provided in the Supplementary
Materials Table S3.

The overall performance of the modeling strategy was quantitatively assessed by
constructing a validation plot of predicted versus real concentrations and by calculating
the R? and RMSE. Although computationally demanding, this procedure is feasible with
our sample size and effectively prevents overfitting by strictly separating the data used
for model tuning from those used for performance assessment. In this work, the specific
hyperparameters optimized using NCV were the number of latent variables for the PLS;
the number of trees and number of leaf nodes for the RF; and, for the ANN, the number
of neurons, number of hidden layers, and number of PCA latent variables used as input
features. The ANN was performed with 100 epochs with a fixed learning rate of 0.01
(e.g., Figures S9 and 510 in the Supplementary Materials, where the RMSE for the calibration
and validation curves for the CaO and MgO analyses in the lower-spectral-resolution
instrument are shown).

The LOOCYV approach consists of a cross-validation process in which, at each itera-
tion, a single sample is excluded from the calibration set and used as a test sample. This
procedure is repeated successively until every sample is used once for testing. The main
advantage of LOOCYV lies in its maximal utilization of available data, which is particularly
beneficial for datasets with limited sample sizes, thereby providing a robust estimate of the
model’s generalization capability.

The RMSE represents the square root of the mean of the squared differences between
the predicted values generated by the model and the experimental reference values. This
parameter quantifies the predictive accuracy of the model, i.e., smaller RMSE values
indicate a higher predictive capability and lower error dispersion. The coefficient of
determination (R?) complements this metric by quantifying the proportion of the variance in
the reference data that is explained by the model. Higher R? values denote better agreement
between predicted and measured values, reflecting the model’s ability to capture the
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underlying data structure. However, the R? alone may overestimate the model performance,
particularly in cases of model overfitting or when the variance of the target variable is high.
While the RMSE directly measures the predictive error magnitude, the R? evaluates the
explanatory power of the model. Thus, used together, the RMSE and R? provide a more
comprehensive and reliable assessment of the model performance. Their combined use
ensures a balanced interpretation between goodness of fit and predictive performance,
reducing the likelihood of overestimating the model quality due to overfitting effects. All
routines used in this work were developed by the authors using Matlab2016b.

2.5. Partial-Least-Squares (PLS) Modeling

The PLS regression approach was employed to correlate the spectral intensities with
the reference concentrations of the analytes. PLS is a multivariate statistical method widely
used in spectroscopy, as it combines dimensionality reduction and predictive modeling
within a single framework [20]. The algorithm projects both the spectral variables (matrix X)
and concentration variables (matrix Y) into a new space of latent variables to maximize the
covariance between X and Y. These latent variables thus retain the most relevant information
for prediction while minimizing noise and multicollinearity, which is a challenge in LIBS
spectral datasets.

The final dataset, comprising 21 samples at maximum, was used for the initial model
training. Samples with excessively high concentrations were excluded to avoid biasing
the calibration and the dominance of extreme points (see the Supplementary Materials
(Table S2)). The optimal number of latent variables was determined by maximizing the
R? calibration in the NCV phase. The model performance was optimized using NCV and
validated by the LOOCV procedure. As figures of merit, the R? and RMSE for LOOCV
validation were computed to quantitatively assess the model performance.

2.6. Random Forest and Artificial Neural Network Modeling

The RF and ANN algorithms were employed as complementary approaches to PLS
modeling, with the goal of exploring potential nonlinear relationships between spectral
intensities and reference analyte concentrations. Both algorithms were implemented fol-
lowing a prior spectral selection of the most intense transitions, based on the NIST LIBS
database, which provided reliable information on the strongest emission lines of each
element [18].

The RF algorithm is an ensemble learning method that constructs multiple indepen-
dent decision trees from random subsets of the calibration data and spectral variables. Each
tree performs an individual prediction, and the final output is obtained as the average
(in regression tasks) of all tree predictions. This ensemble approach reduces the risk of
overfitting and enhances model robustness against experimental noise. The parameter opti-
mization for the RF model was conducted by varying both the number of trees (estimators)
and maximum leaf nodes.

ANN:S’s are models inspired by the structure and functioning of the human brain; i.e., they
are composed of multiple layers of interconnected artificial neurons. Each neuron applies a
nonlinear activation function to its input data, allowing the model to capture complex and
nonlinear dependencies between spectral variables and analyte concentrations [28].

For the ANN analyses, a Principal Component Analysis (PCA) preprocessing step
was performed. PCA is a statistical technique that transforms the original set of corre-
lated variables into a smaller number of uncorrelated components, known as principal
components. This transformation preserves most of the variance in the dataset while
reducing its dimensionality. The use of PCA is particularly important in spectroscopic
and multivariate analysis because it removes redundant information, mitigates collinearity
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issues, and highlights the most prominent variance patterns. By reducing the number of
variables while retaining the essential spectral features, PCA contributes to faster model
training and can improve the overall stability and generalization ability of machine learn-
ing models. This step was essential for performing the ANN training, as using the raw
wavelength intensities directly would have made the routine computationally prohibitive
for the analysis.

The hyperparameter optimization and validation process applied to both the RF and
ANN models was the same of that employed for the PLS, i.e., NCV and LOOCV. As figures
of merit, the R? and RMSE obtained were calculated for the validation curves. The model
parameters, which include the numbers of trees, leaves, neurons and hidden layers, were
systematically adjusted to maximize the calibration R* while monitoring the RMSE in the
NCYV phase, thereby ensuring the stability, reproducibility, and statistical consistency of
the models. Samples with concentrations below the LOD were excluded in order to ensure
the statistical robustness of the model. A flowchart illustrating the data processing and
analysis pipeline is presented in Figure 1.

Spectra
acquisition

Pre-treatment.
Average Spectra

Noise exclusion
and transition
selection.

LOD
calculations

PLS ANN

s . RF optimization ..
optimization and LOOCV optimization
and LOOCV and LOOCV

Figure 1. Schematic overview of data treatment and analysis sequence employed.

3. Results and Discussion
3.1. Results Achieved by the Higher-Spectral-Resolution Instrument

The processed spectra acquired by the higher-spectral-resolution instrument are shown
in Figure 2. This figure provides a comparative visualization of selected atomic emission
lines across different samples. The electronic transitions of Mg, Al, and Na are highlighted,
clearly illustrating the variation in the signal intensities corresponding to the concentration
differences among the samples.
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Figure 2. Averaged LIBS spectra acquired for all samples with the higher-spectral-resolution instrument.

The results summarized in Table 4 show that the higher-spectral-resolution hLIBS

system exhibits a good analytical performance and was able to quantify 16 out of the

25 evaluated analytes in the samples, including most of the major oxides and several trace

elements. Nine analytes presented non-trustable results (MnO, P,Os, CO,, SOs, F, Cl, Ni,

Cu, Zn), which are excluded from Table 4, and could not be reliably characterized because

their concentrations were below the LOD or their emission lines exhibited significant

spectral interference that prevented a reliable calibration.

Table 4. The LOD, R? and RMSE values achieved by the application of the univariate analysis, PLS,
RF and ANN algorithms to data acquired by the higher-spectral-resolution hLIBS instrument. The
best-performing metrics from the validation are indicated in bold. The LOD and RMSE have the
same units as the corresponding compounds (wt% for oxides and mg/kg for elements), whereas the

R? is dimensionless.

Univariate PLS RF ANN

Analyte Conc. Range LOD R? RMSE R? RMSE R? RMSE R?2 RMSE
SiO, 36.45-75.80  3.19 0.36 10.22 0.70 7.52 0.4 10.28 0.43 9.69
~  AlLOj 2.9-59.2 0.83 0.79 5 0.93 2.92 0.75 7.26 0.83 5.30
T MgO 0.01-35.21 0.94 0.93 2.66 0.95 2.22 0.88 4.32 0.93 2.90
2 CaO 0.04-15.9 1.01 0.91 1.66 0.92 1.78 0.94 1.62 0.93 1.71
$ Na,O 0.04-15.9 0.53 0.87 0.88 0.89 0.86 0.80 141 0.88 1.02
'z K,0 0.02-12.81 0.35 0.96 0.71 0.92 0.99 0.85 1.40 0.89 1.21
© TiO, 0.01-2.61 0.12 0.01 0.72 0.42 0.58 0.44 0.55 0.40 0.71
Fe;03 0.075-19.6 1.57 0.62 3.08 0.73 2.67 0.71 3.02 0.70 3.10
£ Li 1-110 1.25 0.59 21.46 0.80 15.41 0.58 22.54 0.75 17.46
N Ba 6-385 22.74 0.36 143.57 0.63 71.43 0.73 64.17 0.76 62.36
g \% 0.2-340 33.34 0.54 61.75 0.84 36.77 0.79 49.40 0.81 47.10
£ Cr 2-140 1.94 0.07 38.4 0.69 23.51 0.67 24.16 0.68 25.31
£ Rb 1-238 16.05 0.92 20.88 0.94 18.8 0.92 24.55 0.93 23.85
= Sr 3-570 51.96 0.75 91.63 0.85 68.93 0.83 80.2 0.92 47.20
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Data in Table 4 also show that the achieved LOD values fall within the expected
range for samples of similar composition [22], which confirms that the instrumentation
employed is suitable for quantitative analyses of complex materials, such as rocks of
different origins and compositions. Furthermore, high R? values and low RMSEs were
achieved for most of the major oxides, with good performances for Al,O3, MgO, CaO, NayO,
and K,O, which exhibited a strong linear correlation between their spectral intensities and
reference concentrations.

The three algorithms demonstrated distinct but complementary performances. In
particular, the PLS algorithm provided a consistent performance across most analytes,
thereby confirming its effectiveness in modeling predominantly linear relationships. Differ-
ently, the RF and ANN appeared to be more effective at capturing nonlinear dependencies,
particularly for minor elements and analytes affected by multiple spectral interferences.
This complementarity highlights the advantage of combined (multi-algorithm) modeling
approaches in achieving more robust and generalizable LIBS calibrations.

In conclusion, the higher-spectral-resolution LIBS system demonstrated a broad and
precise analytical capability, allowing for the identification of both major oxides and trace
elements with high reliability.

Overall, the PLS model exhibited the best performance in the quantification of the in-
vestigated elements and oxides. For some analytes, i.e., CaO, TiO,, Ba and Sr, PLS provided
inferior but comparable results, although its predictive accuracy was nearly equivalent.
Only for Ba and Sr did the ANN model demonstrate a clearly superior performance. This
discrepancy might be attributed to electronic transition interferences or co-dependencies
arising from fluctuations of other constituents, a phenomenon also reported in similar
studies [22]. Moreover, the strategies adopted here for hyperparameter optimization and
validation substantially minimize the risk of overfitting [26], thereby ensuring a more
reliable estimation of the model’s predictive capability. For the analysis of TiO,, the results
appear limited, indicating the need for more samples with a broader concentration range
for further investigation.

Based on the optimal results achieved for each algorithm (PLS, RF, or ANN) from
the validation in Table 4, scatter plots were constructed comparing the predicted analyte
concentration against the actual measured concentration. For most measurements, the
multivariate analyses yielded superior results when compared to the univariate approach.
The only exception was K, O, for which a slight improvement was observed using univariate
analysis, with the R? increasing from 0.92 to 0.96 and the RMSE decreasing from 0.99 to
0.71 wt%. In this specific case, the selected emission line (693.63 nm; Table 2) effectively
captured the concentration-dependent behavior. Additionally, the oxides MgO, CaO, and
NayO, as well as the element Rb, also produced satisfactory results under univariate
analysis, although their performances remained slightly inferior to those achieved with the
multivariate methods. Figure 3 presents the validation plots for the oxides, while Figure 4
displays the corresponding plots for the elements.

3.2. Results Achieved by the Lower-Spectral-Resolution Instrument

Figure 5 presents the acquired averaged LIBS spectra for the lower-spectral-resolution
instrument, highlighting the electronic transitions of Mg, Al, and Na. The intensity varia-
tions of these emission lines correspond to concentration differences among the samples.
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Figure 3. Validation curves for oxides measured by higher-spectral-resolution instrument.
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Figure 4. Validation curves for atomic elements measured by higher-spectral-resolution instrument.

The lower-spectral-resolution instrument was able to satisfactorily quantify only
11 out of the 25 analytes (Table 5), using the same calibration and validation criteria.
Nevertheless, the lower-spectral-resolution instrument still provided very good results
for Al,O3, MgO, CaO, and Na,O, with R? values above 0.9, which indicates that, despite
its optical limitations, the system can still be useful for process control applications or
the rapid screening of homogeneous samples. In particular, the analyte K,O showed a
poorer performance for all models, likely because its main emission line (=766 nm) lies
near the upper end of the instrument’s spectral range, where detector gain and sensitivity
decrease. This effect is well known and reported in the literature as a common limitation
of spectrometers equipped with short-range linear CCD detectors [29]. TiO;, Fe;O3, and
Cr show limited results, indicating that further studies are required to improve their
performances. Be and Pb, although also limited, exhibited results that indicate potential

180 https:/ /doi.org/10.3390/526031076



Sensors 2026, 26, 1076

for future measurements. Overall, the multivariate analyses once again outperformed
the univariate approach. The only exception was Cr, for which the R? increased from 0.48
to 0.63 when using univariate analysis. Nevertheless, this improvement remains limited,
indicating that the quantitative analysis for low-concentration elements is constrained when
using a low-resolution spectrometer. Reasonable results were obtained with univariate
analysis for the oxides Al,O3, MgO, and NayO, suggesting that univariate approaches may
still be applicable for these specific cases.
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Figure 5. Averaged LIBS spectra for all samples acquired with lower-spectral-resolution instrument.

Table 5. The LOD, R? and RMSE values achieved by application of the univariate analysis, PLS,
RF and ANN algorithms to data acquired by the lower-spectral-resolution instrument. The best-
performing metrics from the validation are indicated in bold. The LOD and RMSE have the same
units as the corresponding compounds (wt% for oxides and mg/kg for elements), whereas R?
is dimensionless.

Univariate PLS RF ANN
Analyte Conc. Range LOD R? RMSE R2? RMSE R2 RMSE R? RMSE
SiO, 36.45-75.80 1.62 0.58 8.29 0.73 7 0.65 7.58 0.58 8.40
~ Al,O3 2.9-59.2 1.57 0.89 3.67 0.94 2.9 0.85 6.88 0.77 5.39
D MgO 0.01-35.21 1.76 0.82 4.25 0.72 448 0.82 423 0.94 2.25
& CaO 0.04-15.9 0.52 0.74 2.69 0.75 2.95 0.93 1.43 0.94 1.34
é Na,O 0.04-15.9 0.23 0.82 1.08 0.93 0.72 0.79 1.41 0.89 0.93
g K,O 0.02-12.81 2.21 0.20 3.28 0.54 2.46 0.48 2.76 0.44 3.02
o TiO, 0.01-2.61 0.43 0.22 0.67 0.40 0.75 0.43 0.68 0.44 0.54
Fe, O3 0.075-19.6 1.60 0.29 4.35 0.29 5.44 0.38 411 0.34 4.70
-é) Eo Be 0.2-35 1.90 0.08 10.32 0.94 5.21 0.70 8.62 0.67 8.79
GE" 3 Cr 2-140 3.04 0.63 21.51 0.48 31.12 0.45 35.2 0.43 39.7
[_% é Pb 2-240 14.54 0.30 69.72 0.25 84.9 0.36 75.3 0.81 44.21

Based on the optimal results achieved for each algorithm (PLS, RF, or ANN) from the
validation shown in Table 5, scatter plots were constructed comparing the predicted analyte
concentrations against the measured concentrations. Figure 6 presents the validation plots
for the oxides, while Figure 7 displays the corresponding plots for the elements.
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Figure 6. Validation curves for oxides measured by lower-spectral-resolution instrument.
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3.3. Complementary Performances of the Two Instruments

The results obtained indicated that, as expected, the two instruments feature different
analytical performances, which suggests that a higher spectral resolution and optical
sensitivity are critical for improving the analytical accuracy and quantification capability.
In particular, the spectral resolution was the key factor determining the performance
of multivariate LIBS calibrations. A direct comparison of the spectra acquired with the
two instruments (Figures 2 and 5) reveals a clear difference in the spectral resolutions
between them, highlighting their different analytical capabilities. The main limitations
were related to the lower spectral resolution and reduced signal-to-noise (SNR) ratio,
which hinder the discrimination of closely spaced spectral lines and increase the overlap
of transitions. These limitations directly affect the system’s ability to perform automatic
modeling and reduce the reliability of multivariate calibrations, mainly for trace elements.
While one instrument was able to model both major oxides and trace elements with good
stability, the other system exhibited some limitations in sensitivity and selectivity, especially
for low-concentration analytes. However, one point that should be highlighted is the ability
of the lower-resolution instrument to measure Pb and Be, with some limitations, which
is an outcome that the higher-resolution system was unable to achieve. This difference
may be associated with intrinsic factors, such as spectrometer gain settings or the greater
ease of data processing under these conditions. It should also be noted that, in this
case, fewer samples were analyzed and, specifically for Be and Pb, the concentration
distributions were not homogeneous, which may have influenced the results. In this
context, the findings indicate the potential for application; however, a larger number of
samples must be included to ensure greater robustness.
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Another possible cause of the different performances of the two instruments can
be attributed to the different laser raster grids used; i.e., while the one has a fixed grid,
the other allows the user to modify the grid, thereby improving its number. However,
the different spectral ranges of the two instruments appeared to not have affected their
overall performances.

In particular, the LODs achieved with the higher-spectral-resolution system were
systematically lower for most of the reported elements. For instance, the LOD for K,O
decreased from 2.21 wt% (lower-resolution system) to 0.35 wt% (higher-resolution system),
and for TiO,, these values decreased from 0.43 wt% to 0.12 wt%. Lower LODs are directly
associated with improved SNRs, enabling the reliable detection of smaller concentrations,
a critical factor for trace element analysis in geochemistry [30].

Furthermore, the higher-spectral-resolution instrument enabled the construction of
good models (R? > 0.7) for a good number of elements, especially the trace elements
Li, Ba, V, Rb, and Sr, whereas not-so-robust models were achieved by the lower-spectral-
resolution instrument. In fact, the low-resolution spectrometer was only able to analyze
three trace elements (Be, Cr and Pb), and even then, with limitations that need to be further
investigated. This result reflects the greater spectral stability and reproducibility of the
higher-spectral-resolution instrument, which can minimize pulse-to-pulse fluctuations that
weaken the signal-concentration correlation.

The RMSE results achieved with the higher- and lower-spectral-resolution systems are
compared in Table 6 with those of a previous study by Ytsma et al. [22], who used PLS on a
similar sample set consisting of 2000 rock standards of the Mount Holyoke College (MHC)
Mineral Spectroscopy Laboratory using the SciAps Z-300 (higher-resolution) instrument.
However, these authors adopted a different protocol, including the collection of three
spectra from each sample, each of which was the culmination of a 4 x 3 plasma grid. Despite
the difference in the number nature and origin of the samples, the overall performance
achieved in this work is surprisingly comparable and appears to capture the range of LIBS
accuracies that can be achieved with these instruments for diverse geological samples
and diverse modeling approaches. In particular, our work comprises a smaller sample
set, incorporates an internal hyperparameter selection scheme (NCV), with LOOCYV, and
applies the PLS, RF and ANN modeling approaches.

Table 6. A comparison of the validation errors (RMSE) achieved with the higher-spectral-resolution
and lower-spectral-resolution instruments and the literature data from Ytsma et al. [22].

Oxides Higher Spectral Lower Spectral Ytsma et al. [22]
Resolution (wt%) Resolution (wt%) (wt%)
Si0, 7.52 7.00 8.61
AL O3 2.95 2.90 3.38
MgO 2.22 2.25 441
CaO 1.62 1.34 3.08
Nay,O 0.86 0.72 1.09
KO 0.99 2.46 1.52
TiO, 0.55 0.54 0.77
Fe;, O3 2.67 411 3.84
Elements (mg/kg) (mg/kg) (mg/kg)
Li 15.41 N/A 21
Be N/A 5.21 N/A
Ba 62.36 N/A 565
\% 36.77 N/A N/A
Cr 23.51 31.12 239
Rb 18.80 N/A N/A
Sr 47.20 N/A N/A
Pb N/A 4421 19

N/A: No prediction (<LOD).
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Among the major oxides, there is strong agreement among the RMSE values, which are
closely similar. For Li, the results from the higher-spectral-resolution instrument were very
similar to those found by Ytsma et al. [22]. For Ba and Cr, the analysis performed in this
work shows a superior performance, although the sample set featured substantially lower
mean concentrations, which may have influenced the outcomes. In contrast, for Pb, the
result was slightly inferior to the one achieved by the lower-spectral-resolution instrument.

Despite the superiority of the higher-spectral-resolution system, the lower-spectral-
resolution instrument demonstrated a comparable performance for a few analytes that
could be successfully modeled, i.e., the major oxides Al,O3, MgO, CaO and Na,O with
relatively high concentrations in the clay matrix (e.g., Al,O3: 18.6%wt; CaO: 3.53%wt).
As the elements present at higher abundances produce sufficiently strong, stable, and
prominent spectral lines to correlate with the concentration, the instrumental limitations
of the lower-spectral-resolution system (e.g., spectral resolution or SNR) are not critical
factors [31].

3.4. Synergy Among the Calibration Techniques (PLS, RF, and ANN)

The combined use of PLS, RF, and ANN proved to be a possible and complementary
strategy for assessing LIBS data quality. The PLS algorithm consistently showed robustness,
providing high-quality models (R? > 0.9) for most of the major-element data acquired
by both instruments. The strength of this algorithm lies in its capacity for handling
multicollinear spectral data through projection into latent variables, which makes it one
of the most stable and interpretable methods [23]. The quantitative performance achieved
for major elements deserves further discussion considering the intrinsic plasma-related
effects in LIBS, particularly self-absorption (SA). The deviations from linearity observed
for major elements can be partially attributed to plasma SA, a well-known phenomenon
in LIBS analyses. SA occurs when atoms in the ground state, located in cooler and denser
regions of the plasma, partially reabsorb the radiation emitted from hotter regions, which
occurs especially for intense spectral lines of elements present at high concentrations. This
effect leads to saturation, peak flattening, and line broadening, ultimately resulting in a loss
of linearity between the emission intensity and elemental concentration, thereby degrading
the quantitative calibration performance. In particular, SA is especially relevant for major
elements such as Mg, Al, Ca, and Na, whose concentrations in geological matrices often
exceed 1%wt. Consequently, the elevated RMSE values and reduced linear correlations
that are achieved for these elements should be interpreted by considering them as intrinsic
physical limitations of the LIBS plasma rather than as shortcomings of the modeling strategy.
Thus, wavelength intensities rather than integrated peak areas were used in this work. For
transitions affected by SA, the line wings often preserve good linearity, whereas the line
core is more strongly affected by saturation, as was observed in our previous studies [32].

Differently, both the machine learning algorithms RF and ANN were able to capture
complex nonlinear relationships, occasionally outperforming PLS. For example, the ANN
achieved an R? of 0.94 for MgO data acquired with the lower-spectral-resolution instrument,
which suggests a good predictive power.

The complementarity among the methods used is thus evident; i.e., when one algo-
rithm fails to model an element effectively, the other is often successful. For instance, for
TiO, data acquired by the higher-spectral-resolution instrument, all algorithms achieved
limited performances (R? ~ 0.42-0.44), with the RF being more accurate. Yet the consis-
tency across them confirms that Ti transitions possibly suffer from spectral interferences or
matrix effects. This multi-algorithm approach adds robustness to the study, allowing for
the selection of the best model for each element and enabling cross-validation [33].
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One aspect that deserves attention is, however, the limited performance for SiO, data.
Although SiO; represented the major constituent of the sample (56.5%wt), it exhibited a
limited calibration performance by the higher-spectral-resolution instrument (best R? = 0.72
with PLS) and lower-spectral-resolution instrument (best R? = 0.73 with PLS). As Si features
numerous strong spectral lines, a higher R? value is expected; thus, signal saturation of
the most intense Si lines might occur, which restricts the analytical sensitivity or matrix
effects [34]. Future experiments should address this issue by using a lower laser power.

4. Conclusions

In summary, the results of this study confirm the superior performance of the higher-
resolution system in terms of sensitivity (lower LODs), versatility (a greater number of
calibrated elements), and reliability (higher R? values). Nonetheless, this study also demon-
strates that the lower-resolution instrument remains a practically valuable and economically
viable tool for the routine quantification of major elements in rocks. Furthermore, the use
of multiple calibration algorithms is strongly recommended to account for complex or
nonlinear analytical behaviors that may influence LIBS systems.

The implementation of a complementary multi-algorithm approach based on the use
of PLS, RFs, and ANNSs for the quantitative determination of oxides and major, minor,
and trace elements in a set of geochemical reference materials proved to be a powerful
and complementary strategy for assessing the LIBS data quality in hLIBS instruments.
In particular, PLS consistently represents a robust and interpretable model for linearly
correlated data, while the machine learning techniques (RF and ANN) capture complex
and nonlinear relationships. This synergy allows for the selection of the most appropriate
model for each specific element-instrument combination, enhancing the overall robustness
and reliability of the LIBS analytical technique. The results were also compared with those
obtained from univariate analysis, demonstrating that the multivariate methods achieved
superior performances.

The results of this work demonstrate evidently different performances between the two
instruments, primarily attributable to their distinct configurations. The instrument with a
higher spectral resolution, broader wavelength range, variable raster grid, and higher pulse
energy achieved superior analytical capabilities, enabling the development of calibration
models for 16 out of 25 analytes, and exhibited lower average LODs and greater predictive
accuracy for both major oxides and trace elements. The other system was effective for the
quantitative analysis of 11 analytes out of 25, with a limited performance in trace elements,
showing, however, a good performance primarily for major oxides (e.g., Al,O3, MgO, Ca0O),
the high concentration and strong emission lines of which mitigated its limitations in terms
of the spectral resolution and SNR ratio.

In conclusion, the choice between the two types of hLIBS instruments depends heavily
on the specific application requirements. For applications demanding high sensitivity,
broader elemental coverage, and higher quantification accuracy for trace elements, the
higher-spectral-resolution instrument shows a superior performance; however, the lower-
spectral-resolution instrument remains a viable and cost-effective option for the rapid field
screening and quantification of major elements.

Finally, the results of this work underscore the maturity of hLIBS as a powerful tool
for in situ geochemical analysis and highlight the critical importance of instrumental speci-
fications and robust data processing in achieving optimal analytical results. Furthermore,
in the future, the algorithm and hyperparameter selection used in this work will be trained
by an automated (Al-driven) system and will hopefully be incorporated directly into the
software of the handheld instruments to allow for the achievement of a direct in situ
response, making their use easier even for non-trained people.
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Figure S4: Calibration curves-NanoLIBS-elements; Figure S5: Validation curves—-Z300 LIBS-oxides;
Figure S6: Validation curves—Z300 LIBS—elements; Figure S7: Validation curves—NanoLIBS-oxides;
Figure S8: Validation curves-NanoLIBS-elements; Figure S9: Evolution of the root-mean-square error
(RMSE) for calibration and validation datasets as a function of the number of training epochs for MgO
measured in the lower-spectral-resolution instrument. The convergence of both curves, together with
the analysis of the LOOCYV results (R? = 0.94), indicates a low likelihood of overfitting and the high
generalization capability of the model for predicting external samples; Figure S10: Evolution of the
root-mean-square error (RMSE) for calibration and validation datasets as a function of the number of
training epochs for CaO measured in the lower-spectral-resolution instrument. The convergence of
both curves, together with the analysis of the LOOCYV results (R2 =0.94), indicates a low likelihood
of overfitting and the high generalization capability of the model for predicting external samples.
Table S1: List of the 21 Certified Reference Materials and their origin; Table S2: Oxides and elements
chemical composition for the 21 Certified Reference Materials; Table S3: Optimal hyperparameter
values selected for each classifier (PLS, RF, and ANN) during the LOOCV procedure.
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Abstract

Structural displacement monitoring is an essential component of structural health moni-
toring of bridges, providing valuable information for performance evaluation, numerical
model validation, and damage detection. While conventional contact-based sensors pro-
vide high accuracy, their installation is often complex, costly, and disruptive to traffic.
Recent developments in unmanned aerial vehicle (UAV) platforms and vision-based mea-
surement techniques offer a flexible, non-contact alternative; however, platform motion
remains a major source of uncertainty. This study evaluates the accuracy and operational
feasibility of UAV-based homography for static and dynamic displacement monitoring. The
proposed approach is validated through three complementary experimental campaigns: a
controlled calibration field test, a beam static load test, and bridge monitoring under traffic
loading, with direct comparison to LVDT and RTS measurements. Under controlled condi-
tions, sub-millimetre vertical precision was achieved, with RMSE values below 0.3 mm. In
full-scale bridge applications, the method captured traffic-induced displacement trends
with errors generally within 1-2 mm compared to LVDT data and with RMSE values below
1.4 mm. The results demonstrate that, when appropriate reference point configuration and
imaging geometry are ensured, UAV-based homography provides a practical and suffi-
ciently accurate solution for bridge displacement monitoring which is especially important
in applications where sensor installation is difficult or unsafe.

Keywords: UAV; homography; photogrammetry; displacement measurement; static
displacements; dynamic displacements; LVDT; RTS

1. Introduction

The maintenance and preservation of structural integrity across the construction
phases and the service life of critical infrastructure—such as bridges, high-rise buildings,
and industrial facilities—is a cornerstone of modern structural engineering. Given the
inevitable degradation of materials, escalating traffic loads, and the intensifying impact of
climate change [1,2], the implementation of systematic Structural Health Monitoring (SHM)
has transitioned from a recommendation to a technical imperative to ensure quality, safety, and
serviceability. Among various response parameters, structural displacements provide one of
the most direct indicators of global structural behaviour, supporting performance evaluation,
numerical model validation, damage detection, and long-term condition assessment [3-5].

Conventional displacement measurement techniques, including Linear Variable Dif-
ferential Transformers (LVDTs) [6], robotic total stations [7,8], GNSS-based positioning [9],
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precise levelling [10], and terrestrial laser scanning [11,12], are capable of achieving high
accuracy. Their application in field conditions, however, is frequently constrained by
demanding installation procedures, the requirement for stable reference points, limited
accessibility, and, in many cases, disruption to traffic flow [13,14].

Recent developments in vision-based measurement techniques, together with rapid
advances in unmanned aerial vehicle (UAV) platforms, have enabled new possibilities for
non-contact displacement monitoring [15]. UAV-based systems provide rapid deployment,
flexible sensor positioning, and high spatial resolution, making them particularly attractive
for bridge inspection and structural testing. Nevertheless, reliable displacement measure-
ment from UAV imagery remains challenging, primarily due to unavoidable platform
motion. Camera vibrations, rotations, and translational movements introduce apparent
displacements into image sequences, which can significantly obscure the true structural
response [16-18].

Displacement estimation from UAV imagery relies on a range of vision-based tech-
niques, including three-dimensional reconstruction using structure-from-motion (SfM),
planar motion compensation through homography-based correction, digital image corre-
lation (DIC), and feature-based tracking of image sequences [19-22]. These approaches
differ in computational complexity, robustness to platform motion, and suitability for field
deployment, particularly under real-world environmental and operational constraints.
While SfM and multi-image based methods enable full three-dimensional reconstruction,
they often require dense image acquisition and significant computational effort, whereas
homography-based techniques provide an efficient alternative for planar displacement
monitoring in scenarios dominated by in-plane structural motion.

To mitigate UAV-induced motion effects, homography-based image stabilization tech-
niques have been increasingly adopted. By estimating planar projective transformations
between consecutive frames using stable reference points, homography allows effective
compensation of camera motion without the need for explicit camera calibration or full
three-dimensional reconstruction [16,23,24]. Despite encouraging results reported in pre-
vious studies, several practical challenges remain, particularly regarding reference point
availability, geometric sensitivity, and robustness under real-world operating conditions.

This study investigates the accuracy and operational feasibility of UAV-based homog-
raphy for monitoring static and dynamic structural displacements. Particular emphasis is
placed on systematically investigating the influence of reference point configuration and
their number on measurement accuracy, aspects that have received limited attention in
previous studies [25,26]. The importance of measurement point configuration has also been
recognized more broadly in structural health monitoring research, particularly in studies
addressing optimal sensor placement and sensitivity analysis for damage identification in
bridge structures [27]. Although these studies focus on different monitoring objectives, they
similarly demonstrate that the spatial distribution of measurement points significantly in-
fluences identification reliability and overall system performance. This broader perspective
further supports the need to systematically examine reference point configuration effects
within homography-based displacement monitoring. The proposed method is evaluated
through three complementary experimental campaigns, encompassing a controlled calibra-
tion test field, a static load test of the beam, and full-scale monitoring of a bridge subjected
to traffic-induced dynamic deformations which enabled assessment of the method under
both controlled and realistic operating conditions. The main contributions of this study can
be summarized as follows:

e  Experimental validation of UAV-based homography across three different campaigns.
e  Systematic investigation of the influence of reference point number and spatial config-
uration on displacement accuracy.
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e Direct quantitative comparison with high-precision LVDT and RTS measurements
under both controlled and operational conditions.

e  Practical evaluation of methodological limitations and operational constraints relevant
to real-world bridge monitoring.

The paper is structured as follows. Section 2 presents the experimental setup and
measurement methodology, including the homography-based displacement estimation
framework. Section 3 describes the three experimental campaigns and corresponding
results. Section 4 discusses the accuracy, reference point configuration effects, and practical
limitations of the proposed approach. Finally, Section 5 summarizes the main conclusions
and outlines directions for future research.

2. Materials and Methods
2.1. Experimental Test Fields

This section describes the experimental setups used to evaluate the accuracy and
applicability of the UAV-based homography method under controlled and real-world
conditions. First, a controlled calibration field experiment was used to assess the influence
of reference point configuration on homography stability. Second, a beam static load test
enabled a direct comparison between UAV-derived displacements and high-accuracy LVDT
measurements. Finally, a dynamic bridge test was conducted under real traffic loading to
evaluate performance in field conditions with uncontrolled dynamic influences.

2.1.1. Calibration Field Test

The first part of the testing was done at the Institute for Photogrammetry’s photogram-
metric calibration field in Zagreb. This facility was used to calibrate all sensors used in
this study. The calibration field is in a covered garage area, providing a stable geometric
configuration and lighting conditions during taking images. There were 36 targets mounted
on the walls and columns placed along the bisectors of the load-bearing columns (shown
by red marks in Figure 1) and the rear walls (shown by white marks in Figure 1). There
were three height levels for the targets: 0.5 m, 2.0 m, and 3.5 m arranged in a regular grid.
This setup made sure that all images will have uniform image coverage and favourable
photogrammetric geometry.

—
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Figure 1. Calibration field—position of 36 targets.

The coordinates of all targets were determined using a high-precision total station
(Leica TPS1201) (Leica Geosystems AG, Heerbrugg, Switzerland) through repeated ob-
servations, achieving a positional accuracy of less than 1 mm. This level of accuracy
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fully meets the requirements for high-precision photogrammetric calibration and lens
distortion assessment.

In this phase, three imaging systems were utilized: a Nikon D800OE camera (Nikon
Corporation, Tokyo, Japan) mounted on a tripod with a SIGMA RF20/1.8 lens, a DJI
Matrice 300 RTK UAV (DJI, Shenzhen, China) equipped with a DJI Zenmuse P1 camera,
and a DJI Phantom 4 UAV (DJI, Shenzhen, China) featuring an FC330 camera. The sig-
nificant difference in horizontal Field of View (FOV_h) between the Zenmuse P1 camera
(FOV_h = 54.30°) and the other two (NIKON D800E FOV_h = 83.81°; DJI Phantom 4 FC330
FOV_h = 81.03°) leads to a significant difference in object-to-camera distance (see Table 1).
Following the calibration, each sensor was tested in the same test field to evaluate the
precision of displacement determination from images and video sequences by applying
homography transformation. The controlled environment of the calibration field allowed
for the isolation of the effects of camera calibration quality and the distribution of reference
points on the precision of the coordinates derived from homography.

Table 1. Overview of sensors and imaging parameters used for displacements determination at the
calibration field test.

Sensor Mode Resolution Frame Rate Di(s)tﬁ;l:cet to Pixel g]igzjzc(;n the Sensor Stability

Nikon DSOOE + SIGMARF20  \1or0 T o 2907 Taom Sz mm Tripod-mounted
A
e T

2.1.2. Beam Static Load Test

The second part of the experimental investigation was conducted on a simply sup-
ported reinforced concrete beam with a length of 36 m. UAV photogrammetric measure-
ments were conducted during the static load test of the beam in five different loading
phases. Phase 1 was unloaded initial phase, in Phase 2 the beam was loaded with 14.88 tons
(25% of total load), in Phase 3 with 29.76 tons (50% of total load), in Phase 4 with 44.64 tons
(75% of total load) and in Phase 5 with 59.52 tons (100% of total load). A total of 24 pallets,
each weighing 2.48 tons, were used for the loading (Figure 2).

reference points

Figure 2. Position of the UAV and LVDT monitoring points on the beam and reference points.

Beam deflections during the load testing were tracked by the photogrammetric mea-
surements at 7 signalized monitoring points (points 2-8 in Figure 2). Homography trans-
formations were computed using a selected subset of reference points, including points
located on the beam (points 1 and 9) and nominally stable points located beneath the
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beam (points 10-14). The same physical reference targets were used throughout all loading
phases. As reference points are, in principle, required to remain stationary, their stability
was continuously assessed during the experiment. Points 1 and 9 exhibited small but
measurable displacements during loading; therefore, their object-space coordinates were
updated using the corresponding LVDT measurements before homography transformation.
Reference points 10-14 were considered stable throughout most of the loading process.
However, during the final loading phase (Phase 5), minor vertical movements were de-
tected at points 12 and 13 because of the beam settlement under the load. In order to
preserve the geometric consistency of the homography transformation, their object-space
coordinates were updated in Phase 5 based on simultaneous robotic total station (RTS) mea-
surements. The homography matrix was subsequently recalculated using these corrected
object coordinates, while the image coordinates remained unchanged.

In contrast to previous studies employing a static ground-based camera setup [20],
the present experiment utilized a UAV platform for data acquisition. A DJI Phantom
4 Pro equipped with a 20-megapixel camera (focal length 8.8 mm, pixel size 2.4 pm) was
operated at a hovering altitude of approximately 2 m and 22.5 m distance from the beam,
maintaining a camera view oriented towards the centre of the concrete beam. The UAV
was positioned to capture the entire beam and surrounding reference frame within a single
field of view.

Images were captured at discrete loading phases corresponding to 0%, 25%, 50%, 75%,
and 100% of the design load.

In each loading phase, ten consecutive photographs were captured (resolution
5472 x 3648 px). Because the load was static and the beam remained motionless within
each phase, the repeated images enabled an assessment of the measurement repeatability.
For every signalized point, the dispersion of image coordinates across the 10 images was
used to quantify precision, while the averaged values provided a more robust estimate of
the points displacements in each loading phase.

To provide an independent and high-accuracy reference for displacement validation,
six LVDT sensors were installed in monitoring points 1-5 and 9 as shown in Figure 3. The
sensors were mounted on a rigid steel reference frame anchored to the ground and on
the beam supports, ensuring that measured displacements were not affected by structural
movement of the beam. The LVDT sensors (HBM, model type WA) continuously measured
the vertical displacement with a resolution of 0.01 mm in all loading phases. Additionally,
to LVDT the UAV displacements were compared to the displacements determined using
a robotic total station Leica TPS1201, with a direction measurement accuracy of 1" and a
distance measurement accuracy of 2 mm + 2 ppm. By RTS, displacements were measured
in seven monitoring points (points 2-8) identical to those from UAV measurements.

2.1.3. Dynamic Bridge Test

The third set of measurements were performed in real conditions during exploitation
on the Podsused bridge in Zagreb, Croatia, where the traffic load that took place over the
bridge was used for the dynamic load.

The new Podsused Bridge (Figure 4) was constructed on the piers of the former railway-
road bridge. It features a continuous static system with a constant superstructure height across
nine spans of 37.15 m each. The bridge has a total length of 334.35 m and a width of 14.7 m.
The load-bearing structure consists of two steel box girders connected by transverse beams,
while the deck is a steel orthotropic slab. Following damage caused by strong water currents,
the bridge piers were reinforced and repaired between 2016 and 2018.

The measurements were carried out by monitoring ambient traffic flow specifically
capturing the passage of heavy vehicles (trucks and buses) at speeds ranging from 40 km/h
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to 70 km/h. Measurements were carried out in the second span of the bridge from the
direction of city of Samobor.

(a

Figure 3. Setup of the LVDT sensor beneath the beam in measuring point 3 (a) and on the beam
support in measuring point 1 (b).

~— s Al [ | [ R

| 9 spans x 37.15 m = 334.35 m |

Figure 4. Longitudinal section of the new Podsused bridge.

Six measuring points were stabilized on the bridge structure using 27 cm diameter
circular targets marked in Figure 5 with numbers from 1 to 6. At these points, the dynamic
displacements of the structure were determined from video captured from UAV platform and
ground-based camera. Points 7 and 10 were placed on the pillars of the bridge and points
8 and 9 were placed on a tripod on the ground below the point stabilized in the middle of
the span (point 2) and served as additional reference points (in addition to points 7 and 8) for
homography transformation. Those points were stabilized using 15 cm diameter circles.

%m

Figure 5. Position of the measuring points in the 2nd span of the bridge.
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To validate the results, reference measurements were conducted via direct displace-
ment sensing using LVDT sensors, which were installed in measuring point 2 and
point 4 (Figure 6). Since the measurement accuracy of LVDT sensors significantly ex-
ceeds the accuracy of camera used in this study, displacements obtained by LVDT sensors
were used as a reference.

2" span
2 4
[ | [ |
LVDT monitoring points \
1 23456
i
camera monitoring points \
(b)
Figure 6. LVDT sensor in measuring point 2 (a), location of UAV measuring points (points 1-6) on

bridge (b).

The dynamic displacements of the bridge at different measuring points signalized within
2nd span were measured with Nikon DS80OE camera and UAV Phantom 4 (see Table 2).

Table 2. Imaging parameters for the bridge measurement campaign.

Sensor Mode Resolution  Frame Rate  Distance to Object Pixel Size on the Object Sensor Stability
Nikon DS80OE + SIGMA RF20  Video 1920 x 1080 29.97 ~18 m 20.6 mm Tripod-mounted
DJI Phantom 4 + FC330 Video 3840 x 2160 29.97 ~24 m 13.3 mm UAV hovering

Both systems recorded video sequences, later decomposed into individual frames for
displacement extraction.

2.2. Displacement Measurement Methodology

While Section 2.1 describes the experimental setups, this section presents the method-
ology used to derive structural displacements from UAV imagery using homography-
based transformation.

2.2.1. Methodology of the Homography-Based Displacement Measuring

Prior to acquiring photographs and video sequences to track the deformation of the
observed object, all cameras used in this research were calibrated on the test field, as it
is explained in Section 2.1. These calibration data, in particular the parameters of radial
and tangential distortion, were used to remove their impact on further measurements
by reprojecting them to distortion-free ones. Signalized targets placed in reference and
monitoring points were tracked in successive image frames using sub-pixel feature de-
tection using a custom Python 3.12. implementation based on the OpenCV 4.8.0 library.
Initial target localization was performed using multi-scale template matching to ensure
scale invariance under varying UAV-to-object distances. The detected target positions
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were subsequently refined to sub-pixel accuracy using an iterative Least Squares Match-
ing (LSM) algorithm, optimizing translation and scale parameters. Image preprocessing
steps, including grayscale conversion and contrast enhancement, were applied to improve
robustness under varying illumination conditions. From video sequences, image coordi-
nates were extracted independently for each frame, forming time series of image-space
displacements prior to homography transformation. The frame rate (29.97 fps) of video
sequences was fixed during individual measurement campaigns and chosen to ensure suffi-
cient temporal resolution for capturing traffic-induced displacement responses dominated
by low-frequency components. Since the focus of this study was on displacement ampli-
tude accuracy rather than detailed spectral analysis, higher frame rates were not required.
In one configuration, a higher frame rate was additionally tested to evaluate potential
accuracy degradation; however, this was not observed in the processed results. Acquired
images were projected onto the monitored object’s plane by homography transformation
using image coordinates measured by DIC and object coordinates measured manually
by robotic total station. Finally, structural displacements were obtained by computing
frame-to-frame differences in transformed object-plane coordinates relative to the initial
reference frame. The resulting displacement time histories were evaluated using mean
absolute displacement, maximum displacement, and Root Mean Square Error (RMSE),
depending on the test scenario. The main steps of deformation measuring on the structural
objects are shown in the following flowchart (Figure 7).

Acquiring photographs Acquiring video sequences

A N

Removing impact of lens distortion

U

Target detection and measuring

A

Solving homography between image and object plane

{

Structural displacement determination

Figure 7. Image processing flowchart.

2.2.2. Principle of the Homography Based Displacement Measurement

A comprehensive review of the use of the homography-based displacement measure-
ment method can be found in [28], where points measured on images are projected to the
reference image by homography. To have displacement properly scaled, we suggest using
homography to transfer points from every image to the object plane. The key assumption of
the method is that both reference points and the points of interest on the monitored structure
lie approximately in the same plane. In UAV-based monitoring, camera motion and vibration
during flight introduce false apparent displacements. To remove this effect, the image pairs are
geometrically aligned to the plane, where lies the monitored structure, using the homography
matrix derived from fixed reference points. After alignment, the residual movement of the
signalized points corresponds exclusively to the true structural deformation.

Homography transformation of images is typically characterized as the projection
mapping relationship between photographs of an identical planar object captured from var-
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ious positions by two distortion-free cameras. It delineates the transformation relationship
between two planes. In our case, it represents the homographic transformation between
the image and the object plane (Figure 8).

e object plane

Figure 8. The principle of homographic transformation from image to object plane.

This coordinate transformation can be expressed as:

X X
Y| =H|y]|, 1
1 1
where
X, Y are coordinates of the object in the object plane
X, y are image coordinates of the object
H is the homography matrix
hi1 hip hyg
H= 1hy hyn hy|. @)
hs; hs; hg
Expanding Equation (1) we can get:
X — hy1x+hpy +hys Y — ho1x + hpy + hys 3)

~ hyix+hspy+hss  hsix+hay+hag

Finally, by multiplying the denominator of both equations to their left and moving the
left side of the equation over the right side, we get:

0 = (hy1x + hyoy + hy3) — (h3;Xx + h3a Xy + h33X), 4)

0= (h21X + h22y + h23) — (h31YX + h32Yy -+ h33Y), (5)

or in matrix form:

xy 1 00 0 —Xx —Xy —X
000 xy 1 =Yx =Yy -Y
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where h is a nine-dimensional vector consisting of coefficients of the homography matrix
H. Because the homography matrix is a 3 x 3 homogeneous matrix, its hs; element is
normalized to 1 so that it has only 8 degrees of freedom. To find the solution for the
homography matrix, a minimum of four pairs of corresponding points on the object
and the image are needed. If there are more than four pairs of corresponding points,
the final solution is obtained by Direct Linear Transformation (DLT) [29] or Singular
Value Decomposition (SVD), minimizing the errors in determination of the homography
coefficients caused by measuring noise present in object and image coordinates.

3. Results

This section presents the results obtained from three experimental setups: the cali-
bration test field, the static load beam test, and the dynamic bridge test. Each setup was
designed to analyze specific aspects of the UAV-based homography approach. The calibra-
tion field experiment focused on evaluating the influence of reference point configuration
and camera stability on the accuracy of homography-based transformations. The beam
test verified the method’s performance under controlled static load, while the bridge test
extended the assessment to dynamic displacements induced by real traffic loads.

3.1. Influence of Reference Point Configuration on Homography Accuracy—Calibration Field Test

To evaluate the accuracy of the homography transformation in relation to the number
and spatial distribution of reference points, a detailed test was performed using a static
calibration field (Figure 9). The test was conducted at the same test site used for the interior
calibration of all imaging sensors included in this study. Ten monitoring points were signalized
within the calibration field using circular targets with a diameter of 16 cm, as illustrated in
Figure 9. These points were selected to represent typical object points monitored in structural
applications, while ensuring a well-defined and repeatable image geometry.

case 1 monitoring points case 2
3 5 6 reference points 3 5 6
0 [ 9 8 h . . 0 0 0 8
omography configurations
9
) 10 10

Figure 9. Calibration field with signalized points and a schematic representation of four different

homography configurations.

Three different imaging systems were employed: (i) a DJI Phantom 4 UAV, (ii) a DJI
Matrice 300 RTK UAV equipped with a Zenmuse P1 camera, and (iii) a Nikon D800E
ground-based camera mounted on a rigid tripod. For each sensor, 15 still images and
one video sequence were acquired under static conditions, ensuring that all detected
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displacements originate exclusively from image measurement noise and homography
estimation errors rather than from actual object motion.

The accuracy evaluation was performed on three monitoring points (3, 5 and 6).
For each image, the coordinates of these points were transformed using four different
homography configurations (Figure 9):
1.  Case 1—edge-only configuration (points 1, 2, 8, 10):

Represents the most common scenario in field measurements of structures such as
bridges, where reference signals can only be installed near image boundaries (e.g., bridge
abutments or piers).

2. Case 2—edge configuration + one additional edge point (points 1, 2, 8, 10 + 9)

Used to evaluate whether an additional reference point near the image boundary
improves geometric stability.

3.  Case 3—edge configuration + one central point (points 1, 2, 8, 10 + 7):

Assesses whether introducing a single interior point reduces perspective distortion
and improves overall transformation accuracy.

4.  Case 4—edge configuration + two central points (points 1,2, 8, 10 + 4 and 7):

Represents an optimized layout with improved spatial coverage.

For each sensor and homography configuration, the RMSE was computed based on
the apparent displacements of monitoring points 3, 5, and 6. Since no actual structural
motion occurred during image acquisition, the true displacement of all monitoring points
was zero. Consequently, the apparent displacements obtained from successive images
represent measurement errors resulting from image noise, subpixel localization uncertainty,
and imperfections in the homography transformation.

The RMSE values were calculated from the displacement time series derived from
image coordinates relative to the initial reference position. Any deviation from zero
displacement was therefore interpreted as a measurement error, allowing the RMSE to
serve as a direct indicator of the internal precision and stability of the homography-based
displacement estimation.

The maximum RMSE values obtained for the Nikon DS80OE camera were 0.12 pixels
(Case 2), while for the DJI Phantom 4 and DJI Matrice 300 RTK systems the maximum
RMSE values reached 0.25 pixels and 0.28 pixels, respectively, observed in both Case 1 and
Case 2 (Table 3). When considering the corresponding object-space pixel sizes listed in
Table 1, these values indicate that the achieved displacement accuracy is in the order of a
few tenths of a millimetre for the ground-based system and within a millimetres for the
UAV-based systems.

Table 3. RMSE (pixels) of homography transformation for different reference point configurations.

Reference Nikon DS00OE DJI Phantom 4 DJI Matrice 300 RTK
Case .
Points RMSE X RMSEY RMSE X RMSEY RMSE X RMSEY
1 1-2-8-10 0.11 0.01 0.25 0.04 0.28 0.08
2 1-2-8-10-9 0.12 0.01 0.25 0.04 0.28 0.07
3 1-2-8-10-7 0.03 0.02 0.12 0.04 0.13 0.07
4 1-2-8-10-4-7 0.04 0.02 0.09 0.04 0.12 0.07

These results confirm that homography-based correction enables subpixel-level dis-
placement precision even under UAV hovering conditions, provided that a sufficient
number of well-distributed reference points is available.

Also, the results clearly show that configurations including one or more central points
(Cases 3 and 4) reduce RMSE values compared to edge-only configurations (Cases 1 and 2).
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The inclusion of centrally located reference points minimizes perspective-induced warping
and provides better geometric control, particularly along the X-axis, while the Y-axis results
remain largely stable regardless of configuration. The reduced sensitivity observed in the
Y-direction can be attributed to a more favourable vertical distribution of reference points
within the image, providing sufficient geometric control even in edge-only configurations.

Analysis of Video Sequences

To further evaluate the applicability of the homography transformation method for
dynamic monitoring, the same analysis procedure was extended to video recordings. The
video sequences were decomposed into individual frames, each processed independently
using homography transformation based on the defined set of reference points.

The analyzed video datasets consisted of (1) 920 frames recorded with the DJI
Phantom 4 (3840 x 2160 px resolution and 29.97 fps), (2) 460 frames recorded with DJI
Matrice P1 (1920 x 1080 px resolution and 59.94 fps) and (3) 920 frames recorded with
Canon D800E camera (1920 x 1080 px resolution and 29.97 fps). Since no load was applied
to the observed object, all apparent displacements represent measurement noise caused by
UAV motion, image stabilization imperfections, and subpixel localization uncertainty and
residual homography estimation errors.

The computed displacements of monitoring points 3, 5 and 6 are illustrated
in Figure 10 for the Phantom 4 video sequence. The figure presents both horizontal
and vertical coordinate variations obtained from the video sequence before and after ap-
plying homography transformation. For the monitoring point, the corrected trajectory
is nearly linear, confirming that homography successfully compensates UAV-induced
camera motion.
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Figure 10. Displacements of monitoring points 3, 5 and 6 before (uncorrected) and after (corrected)
applying homography correction in DJI Phantom 4 video.

The computed apparent displacements for monitoring points 3, 5 and 6 after applying
homography transformation are illustrated in Figure 11 (DJI Phantom 4), Figure 12 (D]I
Matrice 300 RTK) and in Figure 13 (Nikon D80OE camera). Each figure presents both
horizontal and vertical coordinate variations obtained from the video sequence for Case
1 and Case 3 homography configurations. Only Case 1 and Case 3 configurations are
presented in the figures, since Cases 1 and 2 as well as Cases 3 and 4 produced nearly
identical results, indicating that the inclusion of additional reference points did not further
improve transformation stability.
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Figure 11. Longitudinal and vertical displacements of measuring points 3, 5 and 6 derived from DJI
Phantom 4 video after homography transformation (Case 1 and Case 3).
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Figure 12. Longitudinal and vertical displacements of measuring points 3, 5 and 6 derived from DJI
Matrice 300 RTK video after homography transformation (Case 1 and Case 3).
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Figure 13. Longitudinal and vertical displacements of measuring points 3, 5 and 6 derived from
Nikon D800E video after homography transformation (Case 1 and Case 3).

The results presented in Table 4 summarize the displacements obtained from video
sequences for three monitoring points (points 3, 5, and 6) and four homography config-
urations. For each camera system and homography case, three statistical indicators are
reported for both the longitudinal (X) and vertical (Y) directions: the mean of the absolute
displacement values, the maximum absolute displacement, and the RMSE. The results
allow a quantitative comparison between different homography configurations as well as
between the UAV-based camera systems and the tripod mounted camera.
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Table 4. Comparison of apparent displacement statistics obtained from UAV-based and ground-based
camera systems under static conditions (pixels).

DJI Phantom 4 DJI Matrice 300 RTK Nikon DS00E
Case MI?:iirt\(t)ring Axis (920 Frames) (460 Frames) (920 Frames)
Mean Max RMSE Mean Max RMSE Mean Max RMSE

X 0.24 0.96 0.30 0.08 0.32 0.10 0.06 0.35 0.08

3 Y 0.04 0.16 0.05 0.02 0.16 0.03 0.01 0.04 0.01

X 0.27 1.03 0.32 0.10 0.39 0.12 0.07 0.36 0.09

1 5 Y 0.04 0.16 0.05 0.02 0.09 0.03 0.01 0.07 0.01
X 0.22 0.88 0.28 0.09 0.29 0.11 0.06 0.34 0.08

6 Y 0.04 0.14 0.04 0.02 0.06 0.02 0.01 0.11 0.01

X 0.25 0.95 0.30 0.08 0.32 0.10 0.06 0.35 0.08

3 Y 0.04 0.16 0.05 0.02 0.16 0.03 0.01 0.04 0.01

X 0.27 1.05 0.33 0.10 0.40 0.12 0.08 0.37 0.09

2 5 Y 0.04 0.15 0.05 0.02 0.09 0.03 0.01 0.07 0.01
X 0.22 0.88 0.27 0.08 0.31 0.10 0.07 0.34 0.08

6 Y 0.03 0.16 0.04 0.02 0.06 0.02 0.01 0.12 0.02

X 0.06 0.21 0.07 0.06 0.30 0.07 0.01 0.10 0.02

3 Y 0.04 0.17 0.05 0.02 0.15 0.03 0.01 0.04 0.01

X 0.05 0.22 0.06 0.05 0.32 0.07 0.01 0.09 0.02

3 5 Y 0.04 0.16 0.05 0.02 0.09 0.03 0.01 0.05 0.01
X 0.03 0.19 0.04 0.05 0.25 0.06 0.01 0.06 0.02

6 Y 0.03 0.15 0.04 0.02 0.07 0.02 0.01 0.10 0.01

X 0.06 0.21 0.07 0.07 0.27 0.08 0.01 0.08 0.02

3 Y 0.04 0.18 0.05 0.02 0.15 0.03 0.01 0.04 0.01

X 0.05 0.22 0.06 0.05 0.24 0.06 0.01 0.06 0.02

4 5 Y 0.04 0.16 0.05 0.02 0.09 0.03 0.01 0.05 0.01
X 0.03 0.19 0.04 0.05 0.23 0.06 0.01 0.07 0.02

6 Y 0.03 0.15 0.04 0.02 0.06 0.02 0.01 0.09 0.01

The results presented in Table 4 confirm the trends observed in the still-image ex-
periment. For all three imaging systems, homography configurations including centrally
located reference points (Cases 3 and 4) yield substantially lower mean, maximum, and
RMSE displacement values compared to edge-only configurations (Cases 1 and 2) in the
longitudinal (X) direction. Also, results in the Y-direction remained stable in all four ho-
mography configurations, indicating that the vertical geometry of reference points already
provides sufficient control even in simplified layouts.

Results presented in this section indicate that, under controlled geometric conditions,
the homography-based approach achieves sub-millimetre precision. The stability observed
across different reference point configurations confirms the robustness of the transformation
when adequate spatial distribution is ensured.

3.2. Static Load Test of the Reinforced Concrete Beam

This section presents the results obtained from the static load test of a reinforced
concrete beam. The aim of this experiment was to evaluate the accuracy of UAV-based
homography photogrammetry under controlled static loading conditions and to compare the
UAV-derived displacements with reference measurements obtained using LVDTs and RTS.

The beam was loaded in four incremental loading phases corresponding to 25%, 50%,
75%, and 100% of the design load. For each loading phase, displacements were measured
independently using UAV photogrammetry, LVDTs, and RTS observations. Three different
homography reference point configurations (Figure 14) were applied, analogous to those
used in the calibration field experiment, in order to assess the influence of reference point
selection on displacement accuracy.

Figure 15 presents the measured displacements for all monitoring points in the fifth
loading phase, corresponding to the maximum applied load, using the edge-only homogra-
phy configuration (Case 1).
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Figure 15. Measured vertical displacements (mm) by UAV, LVDT and RTS in Phase 5.

The results show a consistent deformation shape obtained by all three measurement
systems. The displacement differences between the UAV-derived measurements and the
reference RTS and LVDT measurements for all loading phases are summarized in Table 5.
The results show no systematic increase in discrepancies with increasing load level. Instead,
the differences remain relatively consistent across all loading phases, indicating stable
homography performance even at higher displacement amplitudes.

Table 5. The displacement differences between the UAV-derived measurements and the reference
RTS and LVDT measurements for Case 1 (mm).

Reference Measurement  Loading Phase

Monitoring Point

2 3 4 5 6 7 8
P 28 37 —31 ~18 22 36 —05
RIS F3 16 —0.6 0.0 04 04 ~12 04
F4 14 29 _35 27 19 26 05
F5 ~05 0.8 0.4 0.4 —0.6 —0.1 1.6
P 26 —40 _35 23 - - -
3 2.0 0.0 0.3 01 . . .
LVDT F4 0.7 23 —31 —31 - - -
5 05 16 1.0 03 - - -

A statistical accuracy evaluation was performed for all three homography configu-
rations by comparing UAV-derived displacements against both RTS and LVDT reference
measurements. The results are summarized in Table 6.

The analysis shows a gradual improvement in measurement accuracy with increasing
number and spatial coverage of reference points. Case 3 achieved the lowest RMSE values
for both RTS and LVDT comparisons, confirming that the inclusion of additional reference
points improves homography stability. However, the observed differences between config-
urations remain relatively small, indicating that even simplified reference point layouts can
provide acceptable accuracy under controlled static loading conditions.
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Table 6. The UAV displacement differences statistics for a different homography reference point
configurations (mm).

. RMSE
Case Reference Measurement No of Displacements Mean Max. St. dev.

mm px

1 RTS 28 15 3.7 1.6 1.9 0.26
LVDT 16 1.7 4.0 2.0 2.1 0.28

) RTS 28 1.3 3.2 1.5 1.7 0.23
LVDT 16 15 3.5 1.8 1.9 0.26

3 RTS 28 1.3 3.1 14 1.6 0.22
LVDT 16 14 3.3 1.7 1.8 0.24

From the results, we can conclude that observed agreement with LVDT measurements
demonstrates that the method remains reliable under controlled static loading condi-
tions, although minor deviations become more noticeable with less favourable reference
point configurations.

3.3. Influence of Reference Point Configuration on Homography Accuracy—Podsused Bridge

Two UAV video sequences acquired using the DJI Phantom 4 were analyzed to eval-
uate the applicability of homography-based displacement correction under real traffic
loading conditions on the Podsused bridge. The first video sequence (Video 1), with a
duration of 83 s, captured three distinct traffic-induced loading events, clearly visible in
the UAV-derived displacement records. The second video sequence (Video 2), lasting 25 s,
recorded the passage of a heavy truck with a trailer. All detected events are illustrated in
Figure 16.

TVideo 1 Video 1 = Video 1 _ Video 2
634 frame - 21.15 s | 422 frame - 47.45 sf§ g, L3S R fr&me L2538

Figure 16. Traffic-induced loading events in recorded videos.

Each video was decomposed into individual frames and processed using a DIC-based
tracking approach. For each frame, the image coordinates of all ten signalized points
were determined. Subsequently, homography transformations based on the selected set of
stable reference points were applied independently to each frame in order to remove false
displacements caused by UAV motion.

Figure 17 presents the longitudinal (X-direction) and vertical (Y-direction) displace-
ments of four monitoring points on the bridge (points 2, 3, 4 and 5), both before and
after homography transformation in Video 1. Prior to correction, the displacement signals
exhibit significant apparent motion dominated by UAV instability. After applying homog-
raphy transformation, the false global trends are removed, and the remaining displacement
patterns clearly correspond to traffic-induced dynamic structural behaviour.

To assess the measurement accuracy, UAV-derived vertical displacement were com-
pared against reference measurements obtained using an LVDT sensor installed at mea-
suring points 2 and 4. Since the UAV and LVDT records were neither synchronized nor
sampled at the same rate, an event-based time alignment was applied by matching the
maximum absolute displacement values corresponding to the same loading event. This
event-based alignment approach is straightforward and well suited to low-frequency dy-
namic response. However, it may introduce minor temporal uncertainties, particularly
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due to measurement noise present in the UAV-derived signal and the limited temporal
resolution of visually identified peak values. For applications involving higher-frequency
dynamic response, more advanced synchronization techniques (e.g., cross-correlation-
based alignment) could provide improved temporal accuracy. In the present study, given
the predominantly low-frequency dynamic response of the loading events, the adopted
procedure was considered adequate for comparative accuracy assessment. The records
were then truncated to a common time interval, vertical offsets were removed by equalizing
the mean displacement in the unloaded state, and the LVDT signal was linearly interpolated
to the UAV time stamps. The displacement differences were subsequently used to quantify
the measurement accuracy.

DJI Phantom 4
4

70 T

Monitoring point 2 - uncorrected
L s Monitoring point 2 - corrected
~—— Monitoring point 3 - uncorrected
—— Monitoring point 3 - corrected
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Figure 17. Displacements of monitoring points on the bridge before (uncorrected) and after (corrected)
applying homography correction in Video 1.

Due to differences in acquisition start times and sampling rates between the UAV
video and LVDT recordings, only the overlapping portions of both signals were used
for accuracy analysis. Consequently, although Video 1 had a total duration of 83 s, the
comparison was performed over a 60 s interval corresponding to the common time window
with available LVDT data, while for Video 2 the overlapping interval was limited to 20 s.

Figures 18 and 19 illustrates the comparison between UAV and LVDT-derived ver-
tical displacements at measuring points 2 and 4 for both video sequences. A very good
agreement in displacement trends and peak values is observed for both loading scenar-
ios, confirming the ability of the UAV-homography approach to capture dynamic bridge
displacements under real traffic conditions.
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Figure 18. Vertical displacements of measuring point 2 and measuring point 4 derived from Phantom
4 UAV Video 1 and from LVDT sensor.
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Figure 19. Vertical displacements of measuring point 2 and measuring point 4 derived from Phantom
4 UAV Video 2 and from LVDT sensor.

Table 7 summarizes the statistical indicators computed from the displacement differ-
ences relative to the LVDT reference values for both video sequences. The results show
RMSE of 1.38 mm and 1.01 mm for monitoring points 2 and 4 in Video 1 and 0.88 mm
and 0.76 mm in Video 2. When expressed in image space, these values correspond to
subpixel-level accuracy, with RMSE values at approximately 0.1 pixels, considering that
one pixel represents approximately 13.3 mm in object space.

Table 7. Accuracy analysis of UAV displacement measurements compared to LVDT values (mm).

. ) RMSE

Measuring Point Frames Mean Max. St. dev.
mm px
, 2 1.10 466 124 138 0.10
Video 1 4 1856 0.80 3.83 0.94 1.01 0.08
, 2 0.70 3.03 0.88 0.88 0.07
Video 2 4 634 0.57 323 0.75 0.76 0.06

Despite the fact that the maximum traffic-induced displacements observed in both
video sequences reached values of less than half a pixel in image space, the UAV-based
measurements were able to reliably capture and reproduce these small-amplitude structural
responses. All characteristic loading events identified visually in the recorded videos,
including the passages of heavy vehicles illustrated in Figure 16, are clearly recognizable
in the corresponding displacement time histories. This confirms the high sensitivity of
the homography-corrected photogrammetric approach and demonstrates its capability to
detect dynamic bridge displacements of very small magnitude under real traffic conditions.

In accordance with the findings from the calibration field and beam experiments, the
homography transformation in the bridge test was not limited to the minimum number of
four reference points. In addition to the primary reference points 1, 6, 7, and 10 (Figure 5),
two additional centrally located reference points (points 8 and 9) were introduced for
Video 2, resulting in a six-point homography configuration. The UAV-derived displacement
results obtained using both four-point and six-point configurations are shown in Figure 20.
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Figure 20. Vertical dispacements of measuring points 2 and 4 from Video 2 after homography
transformation by 6 reference points and 4 reference points.

The comparison reveals that the inclusion of additional central reference points did
not lead to a significant improvement in vertical displacement accuracy. The displacement
time histories obtained using four and six reference points are nearly identical, and the
resulting accuracy metrics remain at the same level for both configurations. This indicates
that, under favourable geometric conditions and with well-distributed boundary reference
points, a minimal homography configuration can already provide sufficient stability for
reliable displacement monitoring. These findings are consistent with the results obtained
in the calibration field and beam experiments, where additional reference points improved
robustness but did not always yield substantial accuracy gains.

In addition to UAV measurements, bridge deformations were also measured with a
Nikon D800E camera mounted on a solid and stable tripod. Figure 21 illustrates the
comparison between camera and LVDT-derived vertical displacements at measuring
points 2 and 4.
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Figure 21. Vertical displacements of measuring point 2 and measuring point 4 derived from Nikon
DB800E video sequence and from LVDT sensor.

Due to the superior recording quality, longer focal length, and complete elimination
of camera movement, the tripod mounted camera achieved significantly higher accuracy
compared to UAV measurements. The resulting RMSE values were below 0.5 mm, con-
firming the potential of vision-based displacement measurement under ideal imaging
conditions (Table 8).

These outcomes establish a benchmark for evaluating UAV-based measurements,
highlighting the impact of camera stability and image geometry on achievable accuracy.
The tripod mounted camera is more precise; however, it is impractical for actual bridge
monitoring scenarios due to its inability to access appropriate locations or operate under
suitable conditions. Conversely, UAV-based systems offer numerous practical advantages.
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Table 8. Accuracy analysis of camera displacement measurements compared to LVDT values (mm).

. . RMSE
Measuring Point Frames Mean Max. St. dev.
mm px
. 2 0.30 1.29 0.37 0.38 0.02
Video 1 4 742 0.33 212 0.42 0.45 0.02

From the UAV results, we can conclude that although environmental variability and
UAV platform motion introduce additional noise, the overall displacement trends show
satisfactory agreement with reference sensors, confirming the practical applicability of the
approach in field conditions.

4. Discussion
4.1. Accuracy and Consistency of UAV—-Homography Displacement Measurements

The experimental results obtained from the three performed tests demonstrated
that UAV-based homography can provide precise measurements of static and dy-
namic structural displacements in monitoring projects with different spatial scales and
operational conditions.

At the calibration test field, very high internal precision was achieved. The maximum
RMSE values of the vertical displacements were below 0.08 pixels, corresponding to ap-
proximately 0.25 mm in object space for the UAV-based systems and about 0.10 mm for the
ground-based camera system. Lower accuracy was observed in the longitudinal direction,
which can be attributed to less favourable imaging geometry and reduced geometric sensi-
tivity along this axis. In this direction, RMSE values remained on the order of a few tenths
of a millimetre for the ground-based system and within one millimeter for the UAV-based
measurements. Since vertical displacements are typically of primary interest in bridge load
testing and serviceability assessments, the achieved accuracy is considered highly satisfac-
tory. These results confirm that homography-based correction successfully compensates
UAV-induced camera motion and enables subpixel-level displacement precision, provided
that a sufficient number of well-distributed reference points is available.

The measurements during the static load test of the beam validated the accuracy of the
proposed approach through direct comparison with high-precision LVDT measurements.
The close agreement observed between UAV-derived and reference displacement confirms
the capability of the method to capture vertical static displacements with an accuracy of
approximately 2 mm. Compared to the calibration test field measurement results, a reduction
in accuracy was observed, which can primarily be attributed to less favourable imaging
geometry and reference point configuration. Additional factors included longer observation
distances and variable illumination conditions. Nevertheless, considering that the maximum
displacements during the final loading stage reached 27.3 mm at the beam edges and up to
64.7 mm at midspan, the achieved accuracy corresponds to relative errors of approximately 7%
at the supports and 3% at midspan. This level of accuracy is particularly suitable for long-span
and flexible structures, where expected displacements align with the precision thresholds
necessary for reliable structural assessment. Moreover, in comparison with conventional
contact-based sensors, the UAV-based approach enables significantly simpler deployment
and provides full-field displacement information along the entire beam length.

In the third test, measurements were performed on a full-scale bridge during regular
traffic operation in order to capture dynamic displacement response induced by heavy
vehicle loading. The UAV-based measurements successfully reproduced the characteristic
displacement patterns, with RMSE values of approximately 0.1 pixels, corresponding to up
to 1.38 mm in object space. Although the absolute accuracy was reduced compared to the
calibration test field, the temporal evolution and magnitude of the measured displacements
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showed good agreement with the LVDT reference data, and all characteristic loading events
were clearly identified. This confirms the operational feasibility of the proposed approach
for real-world bridge monitoring, where operational constraints inevitably affect measure-
ment quality (further discussed in Section 4.3). A direct comparison between UAV-based
and ground-based camera measurements in this test further highlights the importance
of camera stability and quality. The ground-based system achieved significantly higher
accuracy, with RMSE values below 0.5 mm, confirming that camera stability and image
geometry play a critical role in achieving higher displacement measurement precision.

4.2. Influence of Homography Reference Point Configuration

Additionally, in this study, the systematic investigation of the influence of reference
point number and spatial configuration on homography-based displacement accuracy
was done. The calibration test field measurements clearly indicate that both the number
and geometric distribution of reference points affect the stability and precision of the
estimated displacements.

Based on the conducted experiments, several practical principles for reference point
selection and arrangement can be summarized. First, reference points should be located
on geometrically stable parts of the structure or on externally stable elements whenever
possible. Any movement of reference points directly affects homography stability and may
require coordinate correction.

Second, reference points should be (as much as possible but reasonable) uniformly
distributed across the image. Concentrated or nearly collinear arrangements decrease the
reliability and accuracy of homography. Furthermore, the inclusion of centrally located
reference point compared to edge-only configurations, minimizes perspective-induced
warping and provides better geometric control along the X-axis, while the Y-axis results
remain largely stable regardless of configuration. At all three measurement locations we
had a more favourable vertical distribution of reference points within the image, which
provided sufficient geometric control even in edge-only configurations.

Third, an adequate number of reference points should be used to provide redundancy
and improve robustness against individual point tracking errors. However, increasing
the number of points does not automatically guarantee higher accuracy if their spatial
distribution is unfavourable.

These findings highlight a limitation of homography-based displacement monitoring
in practical field applications, where the availability of suitable stationary reference features
is often constrained. Unlike controlled environments, real-world bridge sites rarely offer
ideally distributed reference points within the camera field of view. Consequently, careful
planning of UAV positioning, camera orientation, and reference points selection becomes
essential to achieve reliable displacement estimation.

4.3. Practical Limitations and Operational Considerations

Several practical aspects constrain the performance of UAV-based homography dis-
placement monitoring in real-world applications. In particular, the method is sensitive to
UAV drift, wind-induced platform instability, illumination variability, camera calibration
errors, and motion blur. Platform instability may introduce geometric inconsistencies that
affect homography estimation accuracy, while reduced illumination or strong shadows
can decrease image contrast and the number of reliably detectable features, increasing
susceptibility to matching errors. Uncorrected lens distortion and calibration inaccuracies
may further introduce spatially varying errors across the image domain.

In the present study, these effects were mitigated by performing measurements under
favourable weather and lighting conditions, applying prior camera calibration, and ensur-
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ing stable hovering during image acquisition. Nevertheless, such operational factors remain
critical when evaluating the robustness and reliability of UAV-based displacement moni-
toring in practical bridge applications. Beyond these environmental and platform-related
influences, the method assumes predominantly planar structural motion, and significant
out-of-plane displacements may introduce projection-related errors. Measurement accu-
racy also strongly depends on imaging geometry, camera resolution, and flight stability,
emphasizing the importance of careful mission planning and flight control.

Moreover, the requirement for stationary reference points remains a major operational
challenge, especially for long-span bridges or complex structural layouts. However, this
challenge can be addressed by employing aerial manipulators designed to mount targets
and sensors directly onto the structure, a process that eliminates the need for specialized
inspection trucks and costly road closures [30]. Also, recent advances in reference-free
vision-based methods, including feature tracking and digital image correlation techniques,
show promising potential. However, such approaches are often more sensitive to illu-
mination variability, texture quality, and environmental disturbances. Therefore, the use
of controlled reference targets currently provides improved geometric stability and mea-
surement robustness in field applications. Although the proposed UAV-based approach
requires the placement of reference and monitoring targets, the installation effort remains
significantly lower compared to traditional contact sensors such as LVDTs. In bridge
load testing scenarios, LVDTs typically require stable external supports, mounting frames,
wiring, and physical access beneath the structure, which can be time-consuming and
sometimes impractical for large spans or over-water crossings. In contrast, the installa-
tion of lightweight photogrammetric targets can be performed rapidly and without the
need for heavy supporting equipment. Nevertheless, for very large-scale infrastructure
or structures with restricted access, the installation of artificial targets may still present
logistical challenges. Taking into account the above, future developments may involve
the integration of multi-camera UAV platforms, onboard inertial measurement units, and
hybrid photogrammetric—inertial correction frameworks to further enhance robustness
and reduce reliance on external reference points. Such advancements could significantly
extend the applicability of UAV-based displacement monitoring for routine structural
health assessment and long-term monitoring campaigns.

5. Conclusions

This study investigated the accuracy and operational feasibility of UAV-based ho-
mography photogrammetry for monitoring static and dynamic displacements of civil
engineering structures. The results demonstrated that sub-millimetre precision was achiev-
able under controlled conditions, while full-scale bridge monitoring showed displace-
ment errors generally within 1-2 mm compared to LVDT measurements. The results
confirmed that reference point number, spatial distribution, and stability significantly influ-
ence homography-based displacement accuracy. Importantly, the vertical displacement
accuracy remained largely insensitive to reference point configuration, which is particu-
larly relevant for bridge load testing, where vertical deflections are typically of primary
interest and the identification of suitable stationary reference features often represents a
practical challenge.

Despite the encouraging results, several challenges remain. Measurement accuracy
is still affected by environmental conditions, illumination variability, and UAV platform
stability. Moreover, the assumption of predominantly planar structural behaviour limits
the direct applicability of the method in scenarios involving complex three-dimensional
deformations. Future research will therefore focus on extending the proposed framework
toward multi-camera UAV configurations, enhanced real-time stabilization strategies, and
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the integration of advanced computer vision and machine learning techniques to improve
robustness under demanding field conditions. While the present study focused primarily
on displacement reconstruction accuracy in the time domain, future work will also extend
the validation framework toward frequency-domain analysis and potentially modal param-
eter identification, further assessing the applicability of UAV-based methods in structural
dynamics monitoring. Overall, the findings demonstrated that UAV-based homography
provides a flexible, contactless, and sufficiently accurate alternative to conventional dis-
placement sensors, particularly in applications where sensor installation is complex or
access is limited.
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Abstract

With the rapid development of underground space, structural crack monitoring has be-
come increasingly critical. This study proposes a unified framework integrating image
preprocessing, feature extraction, model training, and safety assessment for crack analysis.
An improved OTSU threshold segmentation algorithm based on sliding windows and local
statistical analysis is developed to enhance noise suppression and detail preservation under
complex backgrounds and varying resolutions. For crack identification and orientation
classification, SVM, CNN, ResNet-18, and K-means clustering are systematically compared.
The results show that the improved OTSU method outperforms the classical approach
in both high- and low-resolution images. In classification tasks, SVM achieves the best
performance under limited data conditions, with accuracy exceeding 96% and reaching 97%
after outlier removal, outperforming CNN, K-means, and ResNet-18. Although ResNet-18
demonstrates strong overall performance with high prediction confidence across crack
categories, it remains slightly inferior to SVM when training data are limited. Experimental
validation using full-scale loading tests of metro shield tunnel segments further confirms
the robustness of the proposed approach, with SVM achieving an accuracy of 95.45% in
real-world conditions. This study provides an efficient and reliable solution for automated
crack detection and classification in metro tunnel infrastructure and similar underground
segment-based systems.

Keywords: machine vision; crack detection; OTSU algorithm; Support Vector Machine;
classification

1. Introduction

As underground space development continues, the potential impact of subsurface
constructions on adjacent buildings has become more pronounced, particularly regarding
issues such as foundation settlement and structural displacement [1-3]. These problems
may not only hinder normal building operations but also pose risks to urban safety [4-7].
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Monitoring of cracks in underground structures holds substantial practical significance
and engineering value. Real-time monitoring and analysis of cracks enable the predic-
tion of structural failure modes and facilitate the assessment of impacts on neighboring
structures, thereby supporting the scientific planning and safe management of urban
underground spaces [8].

Over the past few decades, manual visual inspection, a traditional way to identify
and assess cracks, has shown clear flaws in practice: it is inefficient, takes too much time,
and results are subjective [9]. Although conventional manual inspection is widely used
for concrete crack detection, it remains labor-intensive, time-consuming, and subjective
due to heavy reliance on the experience of inspectors. It is also unsuitable for large-scale
continuous monitoring and cannot precisely quantify cracks, which may affect the efficiency
and reliability of structural assessment. Differences in inspector skills and experience also
make results inconsistent and unstable. In monitoring the health of concrete structures,
accurately identifying and assessing cracks is key to ensuring safety and durability [10].
But manual inspection, though widely used, has become increasingly problematic for
these reasons. To fix these issues, digital image processing has become a better option.
It automatically gets key info like whether a crack exists, where it is, and how wide it
is by analyzing images of concrete surfaces. Today, main image processing methods
fall into three types: Intensity threshold methods, like the OTSU algorithm, use image
binarization—turning grayscale images into black and white—to separate cracks (usually
darker) from the background (usually brighter) [11-13], yet in uneven light or with complex
backgrounds (like stains or shadows), they often mistake dark spots for cracks. Edge
detection methods find cracks by their edges but are sensitive to noise, creating fake edges
in complex backgrounds [14,15]. Mathematical morphology, used as a helper tool, changes
crack shapes with operations like dilation and erosion to improve connections or remove
noise [13,16]. But choosing the right parameters depends on the situation, or else the
original crack shape might get damaged.

Although the aforementioned image processing methods have demonstrated great po-
tential in crack identification, their underlying shared assumption—that the given images
contain actual cracks—severely limits the realization of fully automated monitoring. In
practical engineering, concrete surface images captured by digital cameras or unmanned
aerial vehicles often contain both cracked and non-cracked regions (such as dark stains,
shadows, dust, and lumps), and these “crack-like” features are visually indistinguishable
from real cracks [17,18]. For instance, image binarization may misclassify dark stains as
cracks, directly leading to an increase in the false detection rate. Therefore, accurately
distinguishing real cracks from crack-like features in complex backgrounds has become
a critical bottleneck in achieving fully automated crack monitoring. In recent years, the
introduction of machine learning techniques has provided new insights for solving this
problem; in particular, the integration of supervised learning and computer vision has
significantly improved the intelligence level of crack identification. Examples include:
Nyathi et al.’s [19] proposed method combining deep learning and laser calibration, which
exhibited excellent performance in crack classification, segmentation, and parameter mea-
surement accuracy, but the generalization ability of the model is limited by the scale of
the training dataset; Oh et al. [20] adopted a BP neural network to realize crack extrac-
tion and detection through nonlinear classification algorithms, providing a reference for
nonlinear feature modeling; Long et al. [21] proposed an algorithm combining grayscale
correction and adaptive minimum error threshold segmentation, which can effectively
extract cracks but lacks classification and evaluation capabilities; Nishikawa et al. [22]
combined image processing with genetic programming, verifying its effectiveness un-
der complex surface textures, though there remains room for improvement in accuracy;
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Han et al. [23] improved the calculation accuracy of geometric parameters by identifying
crack edges and correcting parameters using an interactive genetic algorithm, yet the
method involves large computational costs and performs poorly when the grayscale dif-
ference between cracks and the background is small; Li et al. [24] proposed a CNN-based
classifier that achieves high-accuracy detection on large databases without manual feature
extraction, highlighting the advantages of deep learning in automatic feature learning.
Deep learning-based methods such as YOLO and U-Net have been widely applied to crack
detection tasks. A lightweight YOLOVS-seg framework was proposed to achieve crack
segmentation and quantification, improving computational efficiency while maintaining
high detection accuracy [25]. Zhang et al. [26] utilized a U-Net-based fully convolutional
network to perform pixel-level crack segmentation, demonstrating strong detection ac-
curacy. Shamsabadi et al. [27] employed a Vision Transformer (ViT)-based framework for
crack detection, achieving improved segmentation performance, especially for small and
multi-scale cracks. However, such methods rely on dense pixel-level annotations and are
therefore less suitable for data-constrained engineering scenarios. He et al. [28] proposed
the ResNet architecture, which introduces residual connections to facilitate the training
of deep neural networks and improve feature representation. This approach effectively
alleviates the vanishing gradient problem and has become a widely used backbone in
computer vision tasks. A comparison of the aforementioned crack detection methods is
summarized in Figure 1.

In summary, while the evolution from traditional image processing to machine learn-
ing has gradually enhanced the automation and accuracy of crack identification, multiple
technical bottlenecks persist. For traditional OTSU methods, in uneven light or with com-
plex backgrounds (like stains or shadows), they often mistake dark spots for cracks. Ata
broader level, future research must address core challenges: balancing algorithm robustness
with adaptability to complex scenarios, reducing reliance on large annotated datasets, and
achieving full-process automation from existence detection to accurate classification.

In this study, a novel integrated framework encompassing image preprocessing, fea-
ture extraction, model training, and safety assessment was established for the compre-
hensive analysis of cracks in tunnel structures. To address the issues of noise interference
and detail loss inherent in the traditional OTSU threshold segmentation algorithm under
conditions of complex backgrounds and variable resolutions, an improved OTSU algo-
rithm incorporating a sliding window mechanism and local statistical analysis is proposed.
Subsequently, three methods—Support Vector Machine (SVM), Convolutional Neural
Network (CNN), K-Means clustering and ResNet—were adopted for crack identification
and orientation classification (i.e., Horizontal, Vertical, and Inclined), with a systematic
comparison of their performance metrics conducted. Finally, case verification was carried
out on shield tunnel segment loading tests to validate the practical applicability of the
developed framework.

The main research gaps can be summarized as follows:

- Global thresholding methods lack robustness under uneven illumination and complex
underground backgrounds;

- Crack-like features such as stains and shadows are difficult to distinguish from
real cracks;

- Data-driven approaches rely on large annotated datasets, limiting practical applicability;

- Existing studies lack integrated frameworks for crack detection and classification.

The main contributions of this study are as follows:

- An improved OTSU algorithm incorporating sliding window and local statistical
analysis is proposed;
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A comparative study of SVM, CNN, K-Means and Resnet for crack identification and
orientation classification is conducted;

A feature-based approach is proposed for accurate crack orientation recognition;

The proposed method is validated through full-scale metro shield tunnel segment
loading tests.
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Figure 1. Comparison of Crack Detection and Classification Methods.

2. Methodology

In crack detection tasks, accuracy and robustness are strongly influenced by image

preprocessing, feature extraction, and the choice of classification methods. In this study,

the OTSU algorithm is employed for image threshold segmentation, and an improved
version is further developed to enhance crack region extraction. SVM, CNN, ResNet-18,
and K-means clustering are then utilized as classification models to systematically compare

their performance in terms of recognition accuracy and generalization capability.

2.1. OTSU Threshold Segmentation Algorithm

The OTSU algorithm was proposed in 1979 by Otsu [29]. This method determines
the optimal threshold by maximizing the between-class variance and has been widely

applied in the field of image processing for binarization tasks. It is particularly suitable for
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images where there is a clear difference in grayscale distribution between the target and
the background. However, its widespread use is limited in complex crack images. Relying
on global gray level statistics, it falters with highly heterogeneous backgrounds—such as
uneven illumination, varying textures, or noise. Unable to adapt to local gray variations, it
often over-segments (misidentifying non-cracks) or under-segments (missing faint/narrow
cracks) and lacks dynamic threshold adjustment for local crack features, reducing accuracy
in complex surroundings [30].

2.2. Improved OTSU Threshold Segmentation Algorithm

To address these limitations, an improved locally adaptive thresholding method is
proposed by integrating a sliding window mechanism with local statistical analysis. The
method combines global thresholding with local adaptive adjustment to enhance crack
detection under complex conditions. The main procedure is as follows:

(1) The classical OTSU algorithm is applied to compute the global optimal threshold
Ty, which maximizes the between-class variance 03(T) to separate the foreground
and background:

Ty = argmax o3(T) 1)

(2) Local statistical computation: The image is divided into windows of size N x N, and
the local mean I and variance D within each window are calculated as:

- 1
I = ﬁZ(x,y)eWI(x'y) 2)

1 -
D=L epew(Ixy) ~1)° ®)

where I(x,y) denotes the grayscale value of pixel (x,y) in window W, and N? is the to-
tal number of pixels in the window. The variance D reflects local intensity variations.

(3) Adaptive segmentation strategy: The local variance D is used to evaluate the com-
plexity of each region. If D < T, where 7 is a predefined variance threshold, the
region is considered homogeneous and segmented using the global threshold:

T="1 4)

Otherwise, the region is regarded as containing cracks or complex background, and a
locally adaptive threshold is applied.

(4) Threshold adjustment: The local threshold is defined as:

T, =aT; + (1 - OC)T (5)
where I(x,y) denotes the grayscale value of pixel (x,y) in window W, and N? is the
total number of pixels in the window.

Here, a acts as a weighting coefficient that balances global information and local
features, allowing the threshold to adaptively adjust for improved detection of low-contrast
cracks. The global threshold T; describes the overall intensity distribution, whereas I
characterizes local brightness. A larger a improves stability under uniform illumination,
while a smaller « enhances sensitivity to local variations under uneven lighting and low-
contrast conditions.

2.3. Crack Identification and Classification Using SVM

SVM is a classification algorithm based on statistical learning theory, proposed by
Vapnik [31]. In this study, SVM is applied to distinguish between “crack” and “non-
crack” images by constructing an optimal hyperplane, thereby enabling accurate crack
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identification. Due to its strong generalization ability in high-dimensional spaces, SVM
is capable of effectively handling nonlinearly distributed data, making it well-suited for
complex image analysis tasks such as crack detection.

In linearly separable cases, SVM constructs an optimal hyperplane to perform crack
classification. The primary objective is to maximize the margin between two classes,
expressed as 2/|w|. The corresponding optimization framework can be described as the
hard margin model:

e  Objective function:

1,
— 6
preld “
e  Constraint condition:
yi(wai+b> > 1,Vi @)

where w denotes the weight vector, b is the bias term, and (x;,y;) represents the
training samples with y; € {41,—1}, indicating crack and non-crack categories.
The model requires that all samples strictly satisfy the classification constraint, and
the optimal solution is determined by the support vectors that meet the condition
Yi (WTXZ' + b) = 1.
To handle noisy or non-linearly separable data, a soft margin model is introduced by
incorporating slack variables £; > 0 and a regularization parameter C:

e  Objective function:
.1 2 N
minz||wl|” +CY iy & ®
e  Constraint condition:

vi(Wixi+b) > 1-&, & > 0,Vi Q)

The parameter C balances the trade-off between maximizing the margin and tolerating
misclassification. A larger C imposes a heavier penalty on misclassification, while a smaller
C promotes better generalization.

When crack features are not linearly separable in the original space, a kernel function
mapping mechanism is employed to project the data into a higher-dimensional space.
Common kernel functions include the linear kernel, Gaussian (RBF) kernel, and polynomial
kernel, with respective formulations:

e Linear kernel:

K(x;,xj) = xiij (10)
e  Gaussian kernel:
X — Xj | 2

K(xj,xj) = exp| — 552 (11)

e Polynomial kernel:

d
K(xj,xj) = (xl-Tx]- + c) (12)
For the linearly separable scenario, the classification function is defined as:

f(x) = sign (wa + b) (13)
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For kernel-based scenarios, it is formulated as:
. N
f(x) = sign (21.:1 oy K(x;, x) + b) (14)

where «; denotes the Lagrange multiplier, and sign(-) indicates the predicted class label
(+1 for crack, —1 for non-crack). The kernel mapping mechanism enhances the nonlinear
classification capability and effectively addresses the challenge of classifying cracks when
there is significant overlap with background features.

2.4. Crack Identification and Classification Using CNN

CNN consists of convolutional layers, pooling layers, fully connected layers, and
activation functions. The convolutional layers extract local features using convolution
kernels, while pooling layers down sample the feature maps to reduce dimensionality
and computational complexity. Fully connected layers integrate the extracted features to
perform final classification, and activation functions introduce nonlinearity, enhancing the
network’s representational capacity [32].

The key components of CNNs can be described mathematically. In the convolutional
layer, the input image is convolved with a kernel, expressed as:

y(i,j) = (x-w)(i,j) = Y mY_ nx(i + m, j + n)-w(m,n) (15)

where x(i,j) denotes the input image or feature map, w(m, n) represents the convolution
kernel of size m x n, and y(i,]) is the output of the convolution operation. The max
pooling operation is defined as:

y(i,j) = max{x(p,q):p € [i,i + k|, q€[j,j + k|} (16)

In fully connected layers, each neuron is connected to all neurons in the previous layer.
The mathematical representation is:

y = f(Wx + D) (17)

where W is the weight matrix, x is the output from the preceding layer, b is the bias term,
and f denotes the activation function. Activation functions such as ReLU (Rectified Linear
Unit), Sigmoid, and Softmax are commonly used to introduce nonlinearity and compute
class probabilities. Their formulations are as follows:

ReLU(x) = max(0,x) (18)
o) = 1 (19)

Qxl
X e

In classification tasks, the cross-entropy loss function is typically applied, defined by:

Softmax(x;) = (20)

L= -y ylog() (21)

where C denotes the number of classes, y; is the one-hot encoded ground truth label, and
J; represents the predicted probability.

Through its multilayer convolutional structure, a CNN is capable of extracting
features progressively, ranging from edge textures to high-level semantic information,
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thereby achieving superior performance in tasks such as image classification and
object detection.

2.5. Fundamental Principles of Morphological Operations

Morphological operations are grounded in the theory of mathematical morphology
and are designed to extract and refine shape-related features within an image [33].
In crack detection, they effectively suppress noise, enhance crack connectivity, and
improve the structural integrity of segmented regions, playing an important role in both
preprocessing and feature extraction stages. For crack images segmented by the OTSU
method, this study applies a series of morphological operations, including dilation,
erosion, opening, closing, as well as bridging and filling, to improve detection accuracy.
Dilation expands crack regions to enhance connectivity and repair fragmented structures,
while erosion removes isolated noise and refines edges. Opening (erosion followed by
dilation) is used to eliminate small-scale noise and smooth contours, whereas closing
(dilation followed by erosion) bridges discontinuities and strengthens connectivity.
These operations collectively improve the quality of crack regions and provide a reliable
basis for subsequent analysis [34].

In addition, morphological filling is employed to restore enclosed holes within crack
regions. By improving pixel connectivity and smoothing boundaries, this operation com-
pensates for discontinuities caused by noise, shadows, or resolution limitations, thereby
enhancing the accuracy of crack skeleton extraction and ensuring stability in subsequent
classification tasks.

3. A Novel Framework for Crack Recognition and Classification

This study proposes a novel framework for crack recognition and classification, as
illustrated in Figures 2 and 3. As shown in Figure 2, the key image processing steps and
training set construction process are presented, including the transformation from the
original image to the binarized result, skeletonized representation, and the extraction
of features for model training. The framework begins with the acquisition of images
via detection equipment, which are aggregated into an image library. These images
first undergo processing using an improved OTSU algorithm to generate a labeled
dataset, distinguishing between cracked and non-cracked regions. For crack presence
detection, two models are trained in parallel on the labeled dataset: a CNN model,
which is trained directly on a labeled dataset consisting of two image groups—crack
and non-crack—to classify images as cracked or non-cracked, and an SVM model
trained on handcrafted features—including gray area and gray histogram information.
A test set is then used to evaluate the performance of both models; if the validation
is successful, the process proceeds, otherwise, model training is refined accordingly.
Subsequently, images identified as containing cracks undergo binarization and skele-
tonization. Grayscale projections along the X-axis and Y-axis are performed on the
skeletonized cracks to classify them into Horizontal, Vertical, or Inclined types. Finally,
based on these classification results, a structural safety prevention plan is formulated,
thereby completing a comprehensive loop from detection and identification to clas-
sification and application, which supports effective management of structural safety
related to cracks.
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(b)

(d)

Labeled as
Vertical

Figure 2. Key Image Processing and Training Set Construction: (a) original image, (b) binary segmentation
image, (c) single-pixel image, and (d) Training Set; (1) improved OTSU processing, (2) morphological processing
and skeletonization and (3) construct SVM training set using X, Y projection pixel histogram distribution.
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Figure 3. Workflow of Crack Detection and Classification Using Improved OTSU and SVM. Red arrows

and yellow boxes represent the main workflow.
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4. Crack Detection and Classification

In this section, all experiments were conducted on a workstation equipped with an
Intel Core i5-13400F CPU, 16 GB RAM, and an NVIDIA GeForce RTX 3070 Ti GPU. This
unified hardware configuration ensures consistency, reproducibility, and fair comparison
across all evaluated methods. The concrete crack images used in this study are sourced from
the dataset available at https://www.kaggle.com/thesighsrikar/concrete-crack-images-
for-classification (accessed on 9 April 2026).

4.1. Performance Comparison Between Classical and Improved OTSU Algorithms on Images with
Different Resolutions

Figure 4 presents a comparison between the classical and improved OTSU al-
gorithms applied to high-resolution images, including the original image, the result
from the classical OTSU algorithm, and the result from the improved version. In high-
resolution scenarios, the classical algorithm is prone to threshold deviation due to gray-
level distortion caused by increased noise and complex background textures, resulting in
significant noise in the processed image (Figure 4b). In contrast, the improved algorithm
is more adaptable to complex scenes and effectively suppresses noise. Figure 4c shows
that the improved OTSU algorithm significantly reduces noise and achieves higher

segmentation accuracy.

(c) /

Figure 4. Classical OTSU and improved OTSU applied to high-resolution images: (a) original image,
(b) result of classical OTSU, and (c) result of improved OTSU.

Figure 5 illustrates the performance of both algorithms on low-resolution images,
including the original image, the result from the classical algorithm, and the result from
the improved one. While the classical algorithm demonstrates reasonable noise suppres-
sion in low-resolution cases, it tends to lose fine crack features due to pre-denoising
procedures. This issue arises because the algorithm typically applies a denoising step
prior to segmentation, which enhances contrast between foreground and background
but may weaken or even eliminate subtle crack structures. As a result, certain fine
details are not preserved. The improved OTSU algorithm, by contrast, processes images
directly without requiring pre-denoising, thereby achieving significant improvements in
the preservation of crack details (Figure 5c). These results indicate that the improved
OTSU algorithm, through optimized threshold selection, effectively addresses the noise
interference problem in high-resolution images and overcomes the detail loss issue
in low-resolution scenarios, thus demonstrating comprehensive advantages in high-
precision crack extraction tasks.
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(b)

(c)

Figure 5. Classical OTSU and improved OTSU applied to low-resolution images: (a) original image,

(b) result of classical OTSU, and (c) result of improved OTSU.

4.2. Performance Analysis of Crack Detection Based on SVM and CNN

In the task of crack detection, the primary function of the SVM lies in classifying

images based on extracted features, aiming to accurately distinguish crack regions from

background or non-crack areas. Given the diverse morphological characteristics of cracks

(e.g., linear, tortuous, branched), the effectiveness of feature extraction methods directly
affects the classification performance of SVM. In this study, an improved OTSU algorithm
is applied as a unified preprocessing step for all monitoring images to enhance contrast

between crack regions and the background. This preprocessing enhances the clarity of

crack features and improves the reliability of subsequent SVM training. As illustrated in

Figure 6 (Unified processing results using improved OTSU algorithm), the visual distinc-

tion between crack and non-crack images becomes more pronounced after preprocessing.

For feature selection, the SVM model employs crack area (a morphological feature) and

grayscale histogram features as key discriminative indicators. A representative training set

is constructed using both crack and non-crack images, and performance is validated on the

constructed dataset. The experimental results indicate an overall classification accuracy

exceeding 95%, demonstrating effective differentiation between crack and background

in most scenarios. However, the model shows limitations when the grayscale contrast

between cracks and background is low. Some low-contrast cracks are misclassified as

non-crack regions, while certain background textures or noise are incorrectly identified as

cracks. Typical misclassification cases are shown in Figure 7a,b, highlighting the adverse

impact of background similarity on detection accuracy.

(c)

(d)

Figure 6. Unified processing results using improved OTSU Algorithm: (a,b) Processed images

without cracks; (c,d) Processed images with cracks.

Following the SVM-based classification process, morphological operations are utilized to

connect fragmented crack regions and extract complete contours, thereby providing a solid

foundation for subsequent morphological analysis and structural assessment of cracks.

To comprehensively evaluate the performance of the algorithms, a comparative analy-

sis was conducted between SVM and CNN for crack recognition under two preprocessing

schemes, namely the improved OTSU algorithm and a combination of nonlinear denoising
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with the classical OTSU algorithm. All experiments were conducted on a unified dataset,
which was randomly divided into training and testing sets with an approximate ratio of
80:20. The test set consists of 684 images, and the same data partition was used across
all methods to ensure a fair comparison. Under the improved OTSU preprocessing, the
SVM model achieved an accuracy of 97.92% for non-crack regions and 95.05% for crack
regions, resulting in an overall accuracy of 96.05%. In comparison, the CNN model reached
a non-crack recognition accuracy of 98.33% and a crack recognition accuracy of 94.02%,
yielding an overall accuracy of 95.76%. The corresponding probability distributions are
shown in Figure 8.

2
s —> "

Figure 7. Examples of low grayscale contrast between cracks and background: (a) Improved OTSU
processed image of a non-crack image; (b) improved OTSU processed image of a faint crack.
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Figure 8. Prediction probability histograms based on improved OTSU-preprocessed images: (a) SVM
and (b) CNN.

Under the preprocessing scheme combining nonlinear denoising with the classical
OTSU algorithm, the performance of both models was further evaluated on the same
dataset. The results are presented in Figure 9. For the SVM model, the non-crack recognition
accuracy decreased to 92.50%, with a crack recognition accuracy of 86.71%, resulting in
an overall accuracy of 88.74%. The CNN model, under the same conditions, achieved a
non-crack recognition accuracy of 99.17%, a crack recognition accuracy of 94.37%, and an
overall accuracy of 96.05%.

The results indicate that the improved OTSU preprocessing significantly enhances
the performance of the SVM model, primarily due to its reliance on handcrafted features
that are highly sensitive to feature quality. By improving the separation between crack and
background regions, the proposed method produces more discriminative grayscale and
morphological features, which directly benefits the SVM classifier. In contrast, the CNN
model demonstrates relatively stable performance under different preprocessing schemes,
as it is capable of automatically learning feature representations from raw image data and
is therefore less sensitive to variations in preprocessing quality.
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Figure 9. Prediction probability histograms based on classical OTSU-preprocessed images: (a) SVM
and (b) CNN.

Furthermore, it is worth noting that, under the limited training data conditions con-
sidered in this study, the SVM model achieves performance comparable to that of the
CNN model. This observation suggests that, when only a small number of labeled images
are available-as is often the case in practical engineering scenarios-the combination of
improved preprocessing and feature-based classification can provide a more efficient and
robust solution. The enhanced binarization effect of the improved OTSU algorithm con-
tributes to clearer structural representation of cracks, thereby reinforcing the effectiveness
of SVM in small-sample conditions.

4.3. Optimization and Classification of Crack Detection Based on Skeletonization and
Morphological Processing

Skeletonization, as a key morphological operation, aims to iteratively remove periph-
eral pixels of the target object, reducing the foreground region of an image to its central
axis. This process effectively eliminates redundant details while preserving the geometric
shape and topological connectivity of the object, thereby providing concise and essential
morphological information for subsequent feature analysis, such as the extraction of crack
length and branching structures. In the present study, skeleton extraction is primarily
conducted using the Zhang-Suen algorithm.

The Zhang-Suen algorithm is a classical iterative method widely adopted in the
field of skeletonization. Its core concept involves progressively removing non-essential
boundary pixels through multiple iterations, ultimately preserving the skeletal structure
that represents the medial axis of the object [35]. The algorithm operates on binary images,
where a pixel set S is defined such that pixels with a value of 1 represent the foreground
(e.g., crack regions), while those with a value of 0 correspond to the background. The
algorithm follows a logical sequence in which edge pixels eligible for removal are identified
and eliminated. In each iteration, isolated edge pixels—defined as pixels with all eight
neighboring pixels equal to zero—are removed first. The remaining edge pixels are then
evaluated for deletion based on specific criteria, such as the preservation of connectivity and
the protection of terminal points. Pixels meeting all deletion conditions are removed, and
this process continues until a stable skeleton structure is obtained. The iterative procedure
relies on strict pixel deletion rules to ensure the continuity and topological consistency of
the skeleton, making it well-suited for extracting the medial axes of elongated structures
such as cracks.

Delete(S(x,y)) < (Condition 1) A (Condition 2) (22)
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Here, Condition 1 and Condition 2 refer to specific configurations of neighboring pixels
required to maintain structural integrity during the deletion process.

Based on the above morphological methods, this study establishes an optimized struc-
tural processing workflow for crack images, with the following steps: First, an improved
OTSU algorithm is applied for binarization to extract the initial crack regions. Morpho-
logical bridging is then employed to enhance crack connectivity. This operation combines
dilation and erosion (expressed as B = E(D(I,S),S), where I denotes the input bina-
rized crack image, S represents the structuring element—typically a linear or elliptical
kernel—D(I, S) and E(+) indicate the dilation and erosion operations, respectively, and B
corresponds to the crack region after bridging). This approach enhances connectivity while
minimizing edge blurring caused by dilation.

Subsequently, morphological hole-filling is applied to eliminate internal voids and
improve crack integrity. This step is realized through morphological reconstruction (ex-
pressed as F = R(B, S), where R(B, S) denotes the reconstruction operation, and in prac-
tical computation, closing operation F = E(D(B, S),S), may be used). Skeletonization
is then performed to extract the crack centerlines. Finally, morphological features and
grayscale histogram features are integrated, and SVM is employed to classify crack types.
The effectiveness of skeletonization and morphological bridging at fracture locations is
illustrated in Figure 10.

(a)

~ =

Figure 10. Morphological Processing for Crack Fracture Connection: (a) Original image processed
with improved OTSU method; (b) Morphological connection of fracture openings; (c) Skeletonization
through single-pixel refinement.

In crack detection, dilation is used to fill voids, followed by erosion to restore the
basic crack shape. The combined use of morphological bridging and filling is critical
for improving crack extraction, as it enhances both connectivity and integrity, thereby
contributing to more accurate feature extraction and classification. Appropriate selection
of kernel size and shape enables the effective connection of discontinuities, background
compression, and emphasis of crack features. However, dilation may also lead to thickened
edges, burr-like artifacts, and grayscale distribution shifts [36], potentially affecting the
accuracy of subsequent feature extraction and classification, as shown in Figure 11.

Figure 11. “Burr” effect after crack refinement.
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4.4. SVM-Based Classification of Crack Orientation
4.4.1. Feature Extraction and Training Set Construction

Following the skeletonization process, grayscale projection techniques are applied
to conduct in-depth analysis of crack morphology. By summing grayscale values along
the X-axis or Y-axis of an image, the projection distribution of cracks in horizontal and
vertical directions is obtained, revealing their geometric characteristics and spatial patterns.
The X-axis projection represents the sum of pixel values in each column, while the Y-axis
projection represents the sum in each row:

Pj) = YL 1G), j = 1.2, W 3)
P(i) =Y 1(i-j), i=1,2-H (24)

where I(i - j) denotes the grayscale value at the i-th row and j-th column of the image; H
and W represent the image height and width, respectively; Py (j) and Py (i) are the grayscale
projection values for the j-th column and i-th row, respectively.

Analysis of grayscale projections along the X and Y axes enables the automatic iden-
tification of crack orientation. For Vertically oriented cracks, most grayscale values in the
X-axis projection approach zero, with significant peaks only at crack positions, while the
Y-axis projection typically presents a single sharp peak. In contrast, horizontally oriented
cracks produce the opposite pattern. Irregular or Y-shaped cracks result in multiphasic dis-
tributions on both axes, without clear zero-grayscale regions. Based on these characteristics,
a grayscale trend-based classification criterion is proposed: vertical cracks are indicated by
extensive zero-grayscale regions along the X-axis with a single peak on the Y-axis; horizontal
cracks exhibit the inverse; Inclined cracks display no dominant peak in either axis. Taking a
single-pixel-width crack as an example (see Figure 12), the X-axis projection shows near-zero
values across most regions, with a sharp peak at the crack location, while the Y-axis projec-
tion contains a single prominent peak. This pattern aligns with the vertical crack criterion:
extensive zero grayscale along the X-axis and a single peak along the Y-axis.
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Figure 12. Grayscale distribution of a single-pixel crack: (a) crack image, (b) Y-axis projection,

(c) X-axis projection.
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To evaluate the performance of an SVM in classifying crack morphology and leverage
its high accuracy in small-sample settings, a tailored classification approach is constructed:

e  Feature extraction: Based on the skeletonized crack image, grayscale projection fea-
tures along the X and Y axes are extracted. The X-axis projection reflects grayscale
distribution in the horizontal direction, while the Y-axis projection corresponds to the
vertical direction. The distinction between the two is used to differentiate Horizontal,
Vertical, and Inclined cracks.

e Dataset construction: A total of 319 binarized crack images—derived from the im-
proved OTSU algorithm—are used as the dataset, covering three representative crack
types (as shown in Figure 13):

(a) (b) (c)

Figure 13. Crack types: (a) Horizontal crack, (b) Vertical crack, (c) Inclined crack.

Figure 13a: Horizontal cracks extending along the horizontal axis, characterized by
concentrated Y-axis projections and elongated X-axis distributions; 98 samples (30.72%);

Figure 13b: Vertical cracks developing along the vertical axis, characterized by concen-
trated X-axis projections and elongated Y-axis distributions; 109 samples (34.17%);

Figure 13c: Inclined cracks forming an angle with the coordinate axes, with
both X and Y projections showing dispersed and continuous multiphasic features;
112 samples (35.11%).

e  Model training: Based on the extracted features and labeled samples, an SVM classifica-
tion model is constructed. By leveraging the generalization capability of SVM in small-
sample scenarios, the model achieves the accurate classification of the three crack ori-
entations, providing foundational support for subsequent quantitative crack analysis.

4.4.2. SVM-Based Crack Classification Results

The SVM classifier employed in this study adopts a radial basis function (RBF) kernel
with parameters C and y. The input feature space is constructed based on the grayscale
projection characteristics described in the previous section, from which statistical descrip-
tors (i.e., mean and variance along both the horizontal (X) and vertical (Y) directions)
are extracted to form a low-dimensional feature representation. This design enables the
model to effectively capture orientation-related characteristics of cracks while maintaining
robustness under limited data conditions.

Using these features, the SVM classifier was trained on the constructed dataset and
subsequently evaluated on a validation set consisting of crack images processed by the
improved OTSU method. This validation set covers a wide range of crack morphologies
representative of practical structural conditions.

The updated classification results, summarized in Table 1 and visualized through the
confidence histograms in Figure 14, indicate that the model exhibits strong discriminative
capability across the three crack categories. The mean predicted probabilities achieved
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97.25% for Vertical cracks, 96.08% for Inclined cracks, and 96.94% for Horizontal cracks,
respectively. These values are reflected in the corresponding histogram distributions: for
example, the Vertical crack category (Figure 14b) shows a pronounced aggregation of
samples in the high-confidence region (approaching 1.0), demonstrating the stability and
reliability of the predictions. A comparable pattern is observed for Horizontal cracks
(Figure 14a), whereas Inclined cracks (Figure 14c) display a slightly broader confidence
distribution, consistent with their marginally lower average probability.

Table 1. Crack Classification Results Using the SVM Algorithm.

Category Quantity Proportion Average Predicted Probability Overall Accuracy
Vertical crack 109 34.17% 97.25%
Inclined crack 112 35.11% 96.08% 96.76%
Horizontal crack 98 30.72% 96.94%
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Figure 14. Confidence histograms of SVM classification results: (a) Horizontal cracks, (b) Vertical
cracks, (c) Inclined cracks.

The model achieves an overall classification accuracy exceeding 96%, with category-
specific accuracies of 97.25%, 96.08%, and 96.94% for Vertical, Inclined, and Horizontal
cracks, respectively. The predominance of high-confidence predictions across all cate-
gories confirms the robustness of the trained SVM model and validates its ability to effec-
tively capture grayscale projection features and structural characteristics that differentiate
crack orientations.

Further analysis of the misclassified and lower-confidence samples reveals that predic-
tion uncertainty primarily arises from complex crack morphologies—such as branching,
intersections, or irregular spatial distributions—and environmental interferences, including
illumination variations and background texture noise. These factors are directly mani-
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fested in the histograms through the presence of samples distributed in the medium-to-low

confidence ranges, indicating increased feature ambiguity under such conditions.

In summary, the combined tabular and graphical evidence demonstrates that the

proposed SVM-based approach effectively distinguishes Vertical, Horizontal, and Inclined

cracks with high accuracy and strong confidence consistency. The confidence histograms

quantitatively capture the separability of the three categories within the feature space, while

the updated metrics further substantiate the classifiers generalization capability. These
findings highlight both the accuracy and interpretability of the method and provide a
foundation for future enhancements aimed at improving robustness under complex crack

geometries and challenging imaging environments.

4.4.3. Performance Comparison Between SVM and CNN in Crack Classification

To further validate the effectiveness of the classification approach, CNN is em-

ployed for comparative analysis. A CNN model is designed and trained to perform

automatic classification of crack orientation. Specifically, the CNN architecture consists of

three convolutional layers followed by three max-pooling layers and one fully connected

hidden layer. The convolutional layers use 3 x 3 kernels with ReLU activation functions,

and the numbers of filters are set to 32, 64, and 128, respectively. Each convolutional layer

is followed by a 2 x 2 max-pooling operation for spatial down sampling. After feature

extraction, the feature maps are flattened and connected to a fully connected layer with

128 neurons, followed by a dropout layer with a rate of 0.5 to reduce overfitting. The output

layer adopts a Softmax activation function with three neurons corresponding to Horizontal,

Vertical, and Inclined crack categories. In terms of hyperparameters, the input images are
uniformly resized to 227 x 227 pixels to ensure consistency with the SVM-based method,

which is trained using the Adam optimizer with a learning rate of 0.001, a batch size of 32,

and 20 training epochs.

Table 2 presents the classification results of the CNN model, while Figure 15 provides

corresponding confidence histograms, forming a multi-dimensional framework for evaluat-

ing model performance. The average confidence for Horizontal cracks reaches 94.90%, with

the histogram in Figure 15a showing a concentration of samples in the high-probability

interval (approaching 1.0), indicating strong classification confidence. For Vertical cracks,
the average confidence is 87.16%, and Figure 15b reveals a distribution consistent with this

value, though the presence of medium- and low-confidence samples contributes to a lower

mean. For Inclined cracks, the average confidence is only 25.00%, as Figure 15¢ indicates a

predominance of samples in the medium-to-low confidence intervals, visually reflecting

the increased classification difficulty.

Table 2. Crack classification results using the CNN algorithm.

Category Quantity Proportion Average Predicted Probability Overall Accuracy
Vertical Crack 109 34.17% 87.16%

Inclined Crack 112 35.11% 25.00% 67.71%
Horizontal Crack 98 30.72% 94.90%

Compared with the SVM model, CNN shows slightly lower performance in Horizon-
tal crack recognition, with 94.90% compared with 97.25%. The difference is more significant
for Vertical cracks, where CNN achieves 87.16% compared with 96.94%, and especially for
Inclined cracks, where CNN achieves 25.00% compared with 96.08%. These results indicate
that CNN struggles to learn discriminative features under limited training data, particularly

for cracks with subtle angular variations and ambiguous boundaries. This limitation is

reflected in the larger proportion of medium- and low-confidence predictions. In contrast,
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the SVM model maintains robust performance by leveraging discriminative handcrafted
features to construct an effective feature space. The dominance of high-confidence pre-
dictions demonstrates its strong generalization capability under small-sample conditions.
Moreover, SVM provides better interpretability, as the extracted features, such as grayscale
projection and morphological characteristics, have clear physical meanings and can be
directly associated with crack geometry. In comparison, CNN features are learned auto-
matically and are more abstract, making physical interpretation less straightforward. Both
models demonstrate high computational efficiency, with inference time well below 0.1 s
per image and negligible differences between them, indicating suitability for real-time
tunnel inspection.
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Figure 15. Confidence histograms of CNN classification results: (a) Horizontal cracks, (b) Vertical

cracks, (c) Inclined cracks.

In summary, although CNN can achieve competitive performance in certain cases,
its generalization is limited under small-sample conditions. SVM demonstrates greater
stability and reliability in scenarios with limited data and clear feature representations,
making it more suitable for practical crack classification tasks.

4.4.4. Performance Comparison Between SVM and K-Means Clustering in
Crack Classification

In the task of crack orientation classification, unsupervised learning methods such as
clustering are widely applied in addition to supervised algorithms. Clustering identifies
underlying data patterns by grouping samples based on feature similarity without requiring
labeled information. K-Means, a commonly used clustering algorithm, partitions data
by iteratively optimizing cluster centroids until convergence is achieved. This section
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compares the methodological differences between K-Means and SVM in the context of
crack classification. The fundamental principle of K-Means clustering is defined as:

J = Yo Yec lximuill? (25)

where k is the number of clusters, C; represents the i-th cluster, u; denotes the centroid of
cluster C;, and x; is a data point within cluster C; [37].

This study applies an unsupervised K-Means clustering approach to crack image
recognition. A 456-dimensional feature vector is constructed based on grayscale image fea-
tures. First, each image is resized to 227 x 227 pixels and converted to grayscale. Grayscale
projection features are then extracted in both the Horizontal and vertical directions, along
with the grayscale mean and variance. All feature vectors are subsequently standardized to
eliminate the impact of differences in dimensional units. During training, the K-Means al-
gorithm is applied to cluster three types of crack images: Horizontal, Inclined, and Vertical.
The results of K-Means clustering after dimensionality reduction are shown in Figure 16.
In the clustering outcome, Cluster 1 corresponds to the “Vertical Crack” category, Cluster 2
to the “Horizontal Crack” category, and Cluster O to the “Inclined Crack” category. In the
prediction phase, the same features are extracted and standardized for the target image.
The trained model is then used to predict the crack category, and the prediction confidence
is estimated based on the inverse distance between the sample and the corresponding
cluster center.

40
Crack Type
30 e Inclined
e Horizontal
20 e  Vertical

PCA Component 2

— [ ]
030 20 —10 0 10 20 30

PCA Component 1

Figure 16. K-means dimensionality reduction clustering distribution map. Green, red and blue
points/ellipses denote Inclined, Horizontal and Vertical cracks, respectively. Overlaps reflect spatial
correlations in the feature space.

The intra-cluster distance distribution histograms in Figure 17, along with the classifi-
cation outcomes presented in Table 3, jointly validate the crack recognition characteristics
of the K-Means clustering method. The degree of dispersion in the histograms reflects
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the varying clustering difficulties among different crack types. Specifically, samples of
Horizontal cracks (Cluster 2) and Vertical cracks (Cluster 1) exhibit short distances to
their respective centroids and relatively concentrated distributions (Figure 17a,b). These
patterns correspond to the high average prediction probabilities of 98.17% and 88.78% in
Table 3, indicating that grayscale projection features of regular-shaped cracks form clearly

distinguishable clusters.
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Figure 17. K-means Intra-cluster Distance Distribution Histograms: (a) Distance distribution from
cluster center for Cluster 2 (Horizontal cracks), (b) Distance distribution from cluster center for
Cluster 1 (Vertical cracks), (c¢) Distance distribution from cluster center for Cluster 0 (Inclined cracks).
Table 3. K-Means Clustering Results for Crack Classification.
Category Quantity Proportion Average Prediction Probability Overall Accuracy
Vertical Crack 109 34.17% 98.17%
Inclined Crack 112 35.11% 49.11% 78.05%
Horizontal Crack 98 30.72% 88.78%

In contrast, Inclined cracks (Cluster 0) show larger and more scattered distances from
the cluster center (Figure 17c), corresponding to a lower average prediction probability of
49.11%. This suggests that the inherent complexity of inclined crack orientations results in
less cohesive grayscale feature distributions, complicating the clustering process.

In comparison to the SVM model, while K-Means can distinguish between distinctly
shaped Horizontal and Vertical cracks, its reliance on unsupervised grayscale projection
features limits its performance in classifying complex forms such as Inclined cracks. For
instance, Inclined cracks with smaller angles may share similar grayscale features with
Horizontal or Vertical cracks, leading to misclassification. The SVM model, by contrast,
leverages supervised learning to target critical features, achieving an overall accuracy
exceeding 96% (rising to 97% after excluding exceptional cases). Its average confidence
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level for Inclined cracks (96.08%) significantly outperforms that of K-Means (49.11%),
demonstrating superior adaptability to crack shape diversity.

In summary, K-Means clustering is suitable for the preliminary differentiation of
regular-shaped cracks. However, for more complex categories such as Inclined cracks, the
SVM model—based on supervised learning and focused feature extraction—offers irre-
placeable advantages in both precision and robustness. These findings provide empirical
support and methodological guidance for model selection and optimization in intelligent
crack recognition tasks.

4.4.5. Performance Comparison Between SVM and ResNet in Crack Classification

To further evaluate the performance of deep learning methods in crack classification
tasks, the ResNet-18 model was introduced for comparative analysis. The ResNet-18
model pre-trained on ImageNet was adopted as the deep learning baseline. To ensure a
fair comparison with the SVM-based method, all input images were uniformly resized
to 227 x 227 pixels. The model was fine-tuned using a cross-entropy loss function and
optimized with the Adam optimizer, with an initial learning rate of 1 x 10~%, a batch size
of 16, and a total of 20 training epochs. All experiments were implemented in PyCharm
(version 2024.2.4) and conducted on a GPU to ensure computational efficiency. The final
fully connected layer was modified to output three classes corresponding to Horizontal,
Vertical, and Inclined cracks.

Table 4 presents the classification results of the ResNet-18 model, while Figure 18 pro-
vides the corresponding prediction probability histograms, forming a multi-dimensional
framework for evaluating model performance. In terms of average prediction probabil-
ity, the model achieves 96.94% for Horizontal cracks, with Figure 18a showing a clear
concentration of samples in the high-probability interval (close to 1.0), reflecting high
classification stability. For Vertical cracks, the average prediction probability is 96.33%,
and Figure 18b reveals a distribution aligned with this value, demonstrating consistent
confidence across most samples. For Inclined cracks, the average prediction probability
is 92.88%, and Figure 18c indicates a slight shift toward medium-probability intervals
compared to the other two categories, visually confirming the greater challenge of feature
extraction for this type of crack. The overall classification accuracy of the model reaches
95.38%, further verifying its reliable performance in crack orientation classification.

Table 4. ResNet Results for Crack Classification.

Category Quantity Proportion Average Prediction Probability Overall Accuracy
Vertical Crack 109 34.17% 96.33%

Inclined Crack 112 35.11% 92.88% 95.38%
Horizontal Crack 98 30.72% 96.94%

Compared with the SVM model, ResNet-18 shows slightly lower performance in
recognizing Horizontal cracks (96.94% vs. 97.25%) and Vertical cracks (96.33% vs. 96.94%),
although the differences are relatively small. This indicates that deep learning models
can achieve strong discriminative capability for categories with clear structural features.
However, for Inclined cracks, ResNet-18 (92.88% vs. 96.08%) still underperforms compared
to SVM, suggesting reduced stability when dealing with samples exhibiting subtle angular
variations and indistinct boundaries.

The prediction confidence of the ResNet-18 model is generally above 90%, indicating
that the model has learned relatively stable feature representations. However, despite the
high confidence, its classification accuracy—especially for Inclined cracks—remains lower
than that of SVM. This suggests that deep learning models may struggle to effectively
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generalize fine-grained orientation features under limited data conditions. In contrast,
the SVM model, based on discriminative handcrafted features, is less sensitive to data
scale and can better capture subtle differences, resulting in more stable performance in
small-sample scenarios.
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Figure 18. Confidence histograms of ResNet classification results: (a) Horizontal cracks, (b) Vertical
cracks, (c¢) Inclined cracks.

In summary, ResNet-18 exhibits strong overall performance in crack classification tasks
and achieves results comparable to SVM in most categories. However, under small-sample
and complex-feature scenarios, its performance remains slightly inferior to that of SVM.
These findings further indicate that, when the dataset size is limited, traditional machine
learning methods based on discriminative feature engineering, such as SVM, still hold
significant advantages, whereas deep learning approaches demonstrate greater potential
when sufficient training data are available.

5. Example Validation

Crack orientation emerges as a key morphological feature that directly encodes the
underlying mechanical response of the lining structure. Unlike crack width or length,
which only reflect the severity of damage, orientation reveals the specific stress states that
initiate and drive crack development in segments. In this context, full-scale laboratory
segment loading tests were conducted, and synchronous imaging of cracks was performed
to facilitate subsequent quantitative analysis. This experimental investigation is centered
on the conventional shield tunnel employed in Metro tunnel, characterized by an outer
diameter of 6.7 m, with its constituent segments featuring a thickness of 0.35 m. Throughout
the experiment, external loading was imparted to the segment assembly (illustrated in the
schematic layout of Figure 19a and the physical test setup of Figure 19b), while a camera
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system was deployed to acquire surface crack images of the segments. A total of 22 crack
image samples were collected, which were subsequently utilized to evaluate the practical
performance of SVM-based crack orientation classification framework.

Applied loading

Figure 19. Schematic diagram and physical test setup of (a) tunnel segment loading and (b) crack
image acquisition system.

Table 5 presents the crack classification results under real-world conditions, covering
three typical crack categories: Vertical, Inclined, and Horizontal. Specifically, vertical cracks
account for the largest proportion of the test samples (54.54%, n = 12), with an average
prediction probability of 91.67%. By contrast, inclined cracks (n = 5, 22.73%) and horizontal
cracks (n =5, 22.73%) both achieve a 100% average prediction probability, indicating high
model confidence in identifying these two crack types. Overall, the proposed method
yields an excellent classification accuracy of 95.45% in practical scenarios, which verifies its
strong robustness and applicability for on-site crack detection tasks.

Table 5. Real-world conditions Results for Crack Classification.

Category Quantity Proportion Average Prediction Probability Overall Accuracy
Vertical Crack 12 54.54% 91.67%

Inclined Crack 5 22.73% 100% 95.45%
Horizontal Crack 5 22.73% 100%

To intuitively evaluate the classification performance of the SVM model under real-
world conditions, Figure 20 plots the confidence histograms of the SVM classification
results, which are further divided into three subgraphs based on crack types: (a) Horizontal
cracks, (b) Vertical cracks, and (c) Inclined cracks. These histograms clearly reflect the
distribution characteristics of the classification confidence scores output by the model across
different crack categories, providing a quantitative basis for subsequent model accuracy
assessment and optimization.
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Figure 20. Confidence Histograms of SVM Classification Results Under Real-World Conditions:
(a) Horizontal Cracks, (b) Vertical Cracks, (c) Inclined Cracks.

The images obtained after applying skeletonization and other morphological process-
ing techniques to the field crack photographs are shown in Figure 21. These operations
simplify the crack contours into single-pixel-width skeletons while preserving the geo-
metric features (e.g., direction, branching) of the original cracks, providing a streamlined
representation for subsequent orientation classification tasks. The dataset covers diverse
crack patterns (vertical, inclined, and irregular forms), which align with the real-world
crack distribution characteristics of tunnel segments in the test.

To further evaluate the robustness of the proposed method in complex scenarios,
additional experiments were conducted on images containing crack-like objects, such as
joints, construction marks, bolt holes, drill holes, and segment seams. These objects are
commonly found in tunnel linings and may introduce interference in crack detection tasks.
As shown in Figure 22, the improved OTSU algorithm is first applied to these images to
obtain binarized results. Although some structures exhibit visual similarity to cracks, their
morphological characteristics differ from actual crack patterns. Subsequently, the processed
images are fed into the SVM model for classification.

The corresponding prediction results are presented in Figure 23. It can be observed that
the SVM model correctly classifies these crack-like objects as non-crack images with high
confidence values (close to 1.0). This demonstrates that the proposed framework is capable
of filtering out certain types of interference and reducing false positives in crack detection.
However, it should be noted that the number of such samples in this study is relatively
limited. Further investigation with a more diverse dataset is necessary to comprehensively
evaluate the generalization ability of the model in more complex real-world environments.
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19 21 22

Figure 21. Collection of 22 in situ crack images acquired during field testing for orientation recog-
nition. Numbers denote sample indices; arrows mark representative samples. Upper row: original
images; lower row: segmented binary images.
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Figure 22. Binarization results of representative crack-like objects after improved OTSU processing.
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Figure 23. SVM prediction confidence for crack-like object images classified as non-crack.

6. Conclusions

This study systematically explores crack detection and classification methods based on
machine vision and deep learning. Through in-depth research on image preprocessing algo-
rithms, classification models, and engineering applications, the following key conclusions

are drawn:

(1) By integrating global threshold calculation with local grayscale variance analysis and
dynamic threshold adjustment, the algorithm achieves superior performance in both
high and low-resolution crack images. It not only suppresses noise interference in
high-resolution images with complex backgrounds but also avoids the loss of fine
crack details in low-resolution images caused by pre-denoising, laying a reliable
foundation for subsequent crack feature extraction and classification. In this study, a
5 x 5 sliding window is adopted for 227 x 227 pixel images, which achieves a good
balance between segmentation performance and computational efficiency.

(2) In the comparative analysis of crack classification models, the SVM model demon-
strates clear advantages under small-sample conditions, achieving an overall accuracy
above 96% based on grayscale projection and morphological features. In contrast,
deep learning models show performance degradation with limited training data.
The CNN model performs poorly for Inclined cracks, with confidence dropping to
25.00%, while ResNet-18 achieves relatively stable performance with an overall accu-
racy of 95.38% but remains less effective than SVM for complex crack orientations.
The K-means algorithm exhibits the lowest accuracy of 78.05% due to its inability to
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capture discriminative features without supervision. Overall, SVM proves to be more
suitable for engineering scenarios with limited labeled data, whereas deep learning
methods show greater potential when sufficient data are available.

(3) Verification in shield tunnel segment loading tests shows that the framework achieves
an overall classification accuracy of 95.45% in real-world conditions, with 100% av-
erage prediction confidence for Horizontal and Inclined cracks. This verifies the
framework’s strong robustness and practical applicability, providing effective techni-
cal support for analyzing the mechanical response of tunnel segments through crack
orientation features. In addition, validation on crack-like objects (e.g., joints, bolt
holes, and segment seams) shows that the proposed method can effectively distin-
guish them from actual cracks, demonstrating its ability to reduce false positives in
complex tunnel environments.

Despite the promising results, several limitations remain. The relatively small dataset
may restrict generalization under more complex real-world conditions, and the classifica-
tion performance still depends on handcrafted features, limiting adaptability to irregular
patterns. In addition, the current framework focuses on crack orientation classification
and does not include pixel-level segmentation or multi-scale analysis. Future work will
focus on expanding the dataset, improving robustness in complex environments, and
integrating deep learning or hybrid approaches to enhance feature representation and
generalization. Extending the method to more comprehensive crack characterization, such
as width estimation and severity assessment, will also be explored.
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Abstract

3D concrete printing (3DP) enables automated construction with reduced material waste
and enhanced geometric flexibility. However, its structural performance remains sensitive
to anisotropy, mix design, and printing parameters, thereby complicating quality control.
Self-sensing cementitious materials provide a promising approach by enabling intrinsic
strain monitoring during fabrication and service. In this study, a hybrid multi-material
printing strategy was developed using a conductive cement-based mix incorporating
graphite (G), milled carbon microfibers (MCMF), and chopped carbon microfibers (CCMF),
alongside a plain cement-based matrix. Based on percolation analysis, an optimal com-
position of 2 wt.% G, 0.25 wt.% MCMEF, and 0.0625 wt.% CCMF was selected. Reinforced
beam specimens were fabricated with the conductive material embedded in either the
tensile (bottom) or compressive (top) region, combined with two internal architectures:
diagonal infill and solid-base configuration. Four configurations were defined: Pattern
1 (bottom/diagonal), Pattern 2 (bottom/solid-base), Pattern 3 (top/diagonal), and Pattern
4 (top/solid-base). Cyclic three-point bending tests with spatially distributed electrical
measurements were conducted to evaluate the electromechanical response in the elastic
range. Specimens with the conductive layer located in the tensile region (Patterns 1 and 2)
consistently exhibited higher gauge factors than those in the compressive region (Patterns
3 and 4). Pattern 2 exhibited the best sensing performance, with an average gauge factor
of 556 and SNR of 31. Across all configurations, SNR decreased with increasing electrode
spacing, with reductions of up to 31.0%, demonstrating the effect of current path length on
sensing performance.

Keywords: 3D printed concrete; self-sensing; structural health monitoring; smart concrete;
hybrid printing; piezoresistive properties

1. Introduction

Additive manufacturing, particularly extrusion-based three-dimensional printing
(3DP) of cementitious materials, has emerged as a promising construction technology
due to its ability to reduce the amount of required formwork, minimize material waste,
accelerate construction, enable the fabrication of complex geometries with improved de-
sign flexibility [1-3]. Despite these advantages, the structural performance of 3D printed
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components remains highly dependent on the layering quality that is affected by interlayer
bonding, printing path, infill topology, and material variability [4-6]. These factors can
introduce inherent anisotropy and heterogeneity, which significantly affect load transfer
mechanisms and structural reliability, thereby posing challenges for large-scale implemen-
tation in civil infrastructure [7-9].

To address these challenges, one can implement structural health monitoring (SHM) to
provide real-time assessment of structural performance during and after fabrication [10-12].
Conventional sensing approaches, including strain gauges [13], fiber-optic sensors [14],
acoustic emission [15], and piezoelectric transducers [16], have demonstrated effectiveness
in evaluating the condition of concrete elements. However, the deployment of conventional
SHM technologies in 3DP applications remains limited due to issues related to sensor
integration, durability, wiring complexity, and compatibility with the printing process [17].
These limitations motivate the interest in 3DP self-sensing cementitious materials.

Piezoresistive cement-based composites consist of regular cementitious materials
mixed with conductive fillers used to increase the piezoresistive effect that creates mea-
surable changes in electrical resistance upon mechanical strain [18-20]. Several types of
conductive fillers have been studied, including graphite (G) [21,22], carbon microfibers
(CMF) [23,24], carbon nanotubes [25,26], and carbon black [27,28] to form percolating con-
ductive networks within the material. Among these, hybrid systems combining particulate
fillers and fibrous inclusions have shown particular promise, as they can leverage multiple
conduction mechanisms. For example, G primarily contributes to particle-based conduc-
tion and tunneling effects, while carbon microfibers enhance network connectivity through
bridging across microcracks and microscale gaps within the heterogeneous conductive
network [29,30]. As a result, hybrid conductive systems can improve both sensitivity and
stability of the electromechanical response.

Existing research on self-sensing cementitious materials can be broadly categorized
into two groups. The first focuses on material-level investigations, including material com-
position, conductive mechanisms, percolation behavior, and electromechanical response in
cast or small-scale laboratory specimens [31]. The second includes emerging studies on
additive manufacturing of self-sensing systems, which primarily address printability and
basic sensing functionality [24,32,33]. Research efforts in this second group remain largely
limited to simplified geometries or non-structural components, and do not fully capture
the complexity of load-bearing 3D-printed elements. In particular, the combined effects
of printing-induced anisotropy, internal architecture, and sensing-layer placement on the
electromechanical response remain insufficiently explored.

While the integration of self-sensing functionality into structurally relevant 3D printed
components could accelerate the transition of 3DP elements through monitoring and ul-
timately quality control and assessment, existing studies remain limited in several key
aspects, including the integration of sensing functionality within load-bearing printed ele-
ments, the influence of printing-induced anisotropy and internal architecture on electrome-
chanical response, and the spatial variability of sensing performance across structural-scale
components [34-38]. Our prior study has demonstrated that 3D printed self-sensing cemen-
titious composites can be embedded within structural components to enable integrated
strain monitoring [39]. However, in such systems, the sensing response is governed not
only by the intrinsic properties of the conductive material, but also by the location of the
sensing material relative to the neutral axis, the printing path, infill topology, the presence
of reinforcement, and the spatial distribution of strain under loading. These factors in-
troduce additional complexity in interpreting electrical signals, making it challenging to
establish a direct and consistently quantifiable relationship between measured resistance
changes and structural response.
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This study investigates the integration of self-sensing cementitious layers within 3D-
printed reinforced beam specimens, termed smart beams, to enable embedded sensing
functionality in load-bearing elements. A conductive Sikacrete-based composite incorpo-
rating G, MCMF, and CCMF is optimized through percolation analysis and selectively
embedded within either the tensile or compressive regions using a multi-material printing
approach. Two internal configurations, including a diagonal infill and a solid-base design,
are implemented to assess the effect of structural topology on sensing performance. Cyclic
three-point bending tests, combined with spatially distributed electrical measurements and
an electromechanical model, are used to characterize the piezoresistive response. The nov-
elty of this study lies in three aspects. First, it advances self-sensing cementitious materials
from material-scale demonstrations to structurally integrated, load-bearing 3D-printed
elements. Second, it quantifies the coupled effects of sensing-layer placement and printing-
induced internal architecture on electromechanical response. Third, it introduces a spatially
distributed sensing configuration that enables direct evaluation of sensing performance
along the beam length, providing new insights into the relationship between structural
behavior and electrical response in additively manufactured cementitious components.

The rest of the paper is organized as follows. Section 2 provides the background
on 3D printed self-sensing cementitious specimens including the material properties,
the fabrication process, and the derivation of the electromechanical model. Section 3
describes the experimental methodology. Section 4 presents and discusses results from the
experimental investigation. Section 5 concludes the paper.

2. Background
2.1. Materials

Self-sensing cement-based composites are fabricated through the incorporation of
conductive fillers into the cementitious matrix. The addition of these fillers imparts piezore-
sistive properties to the composite, enabling it to function as an intrinsic sensing mate-
rial capable of transducing mechanical stimuli into measurable electrical signals. In this
study, a hybrid conductive network was established using G (Thermo Scientific Chemicals,
Milwaukee, WI, USA, APS 7-11 um, 99%) in combination with MCMF (SGL Carbon C
M150-4.0/240-UN)) and CCMF (SGL Carbon C M150-4.0/240-G100).

Both types of CMFs exhibited favorable feedability (i.e., the ability of the fresh cementi-
tious mixture to be continuously and reliably transported into the extrusion system without
blockage, segregation, or interruption), uniform dispersion within the matrix, and good
compatibility with the cementitious matrix [40]. Morphological observations indicate that
both fiber types possess relatively smooth surfaces, occasionally featuring longitudinal
grooves characteristic of polyacrylonitrile-derived carbon fibers that are produced through
the stabilization and carbonization of polyacrylonitrile precursors. A representative scan-
ning electron microscopy (SEM) image of the CMFs is provided in [40], and their detailed
material properties are summarized in Table 1. CCMEF is received coated with a glycerin-
based sizing, which primarily facilitates fiber dispersion and workability with minimal
influence on interfacial bonding. The parameter “filament resistivity” denotes the intrinsic
electrical resistivity of a single carbon fiber filament as provided by the manufacturer
(SGL Carbon GmbH, Arkadelphia, AR, USA). This property is independent of fiber length,
as both CCMF and MCMF are derived from the same precursor material and possess
identical filament diameters.
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Table 1. Material properties for the Fisher Chemical, APS 7-11 um, 99% G powder and SGL milled
and chopped CMF, adapted from [41].

Properties G MCMF CCMF
density (g/cm3) 1.06 1.80 1.80
mean fiber length (um) - 150 6000
filament diameter (pum) 37 7 7
tensile strength (GPa) - 4.0 4.0
tensile modulus (GPa) - 240 240
elongation at break (%) - 1.7 1.7
filament resistivity (nQdm) 40 15 15
bulk density (g/L) 800 250 -
sizing type unsized unsized glycerin
sizing mass content (%) - - 4.0

2.2. Composite Mixtures

Sikacrete 752-3D, a commercially available one-part micro-concrete composed of
Portland cement, fine aggregates, and functional admixtures, was adopted as the binder
matrix. Its rheology, tailored for extrusion-based 3D printing, exhibits shear-thinning
behavior, rapid structural build-up, and adequate open time, enabling stable filament
deposition, interlayer bonding, and compatibility with conductive fillers.

The mixture proportions for each set of specimens are summarized in Table 2, and spec-
imens were labeled using the following convention. The numerical prefix denotes the filler
content (wt.%) relative to the Sikacrete mass. To investigate the percolation behavior and
strain sensitivity of the conductive system, G was first introduced at contents ranging from
0 to 16 wt.%, following a stepwise doubling sequence (1, 2, 4, 8, and 16 wt.%) to capture
the evolution of conductive behavior across the percolation regime. The water-to-binder
(w/b) ratio was assigned as 0.21, 0.23, 0.26, 0.29, 0.34, and 0.44 for the 0 G, 1 G, 2 G, 4 G,
8 G, and 16 G mixtures, respectively, which were determined through preliminary mixture
optimization [39]. Increasing the w/b ratio with increasing G content was necessary to
compensate for its high specific surface area, which increases water demand and alters
rheological behavior. This adjustment ensured sufficient flowability for extrusion while
maintaining adequate structural build-up after deposition [42].

Based on the percolation analysis of the G system, discussed further in Section 4,
the 2 wt.% G mixture was identified as being within the percolation zone, providing a
balance between electrical sensitivity and printability, and was therefore selected as the
reference composition (2GOCMF). MCMF and CCMF were subsequently incorporated
over a range of 0.03125 wt.% to 0.25 wt.% following a similar stepwise scaling approach,
as presented in Table 2. For mixtures containing CMFs, a constant w /b ratio of 0.26 was
adopted, consistent with the 2G reference mixture, in order to eliminate the effect of fiber
incorporation. Plain specimens without conductive fillers (0GOCMF) were also prepared
for benchmarking results.

A hybrid composition consisting of 2 wt.% G, 0.25 wt.% MCME, and 0.0625 wt.%
CCMF (denoted as 2G250M62CCMF) was selected as the mixture design for 3D printing in
this study. This mixture lies near the percolation threshold of each filler, enabling a stable
and well-connected conductive network with enhanced sensitivity, while maintaining
sufficient workability and buildability for extrusion-based 3D printing. Higher CCMF
contents were not considered, as previous studies have shown that excessive fiber loading
can lead to nozzle blockage and compromised printability [24,43].
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Table 2. Mixture proportions for each type of 3DP conductive concrete specimens, with G/S (%)
denoting the mass fraction of graphite relative to the Sikacrete binder.

G G/S MCMF MCMF/S CCMF CCMF/S w/b

Specimen  (g) (%) (g (%) (g (%) (%)
0GOCMF 0 0 - - - - 0.21
1GOCMF 3 1 - - - - 0.23
2GOCMF 6 2 - - - - 0.26
4GOCMF 12 4 - - - - 0.29
8GOCMF 24 8 - - - - 0.34
16GOCMF 48 16 - - - - 0.44
2G31IMCMF 6 2 0.09375 0.03125 - - 0.26
2G62MCMF 6 2 0.1875 0.0625 - - 0.26
2G125MCMF 6 2 0.375 0.125 - - 0.26
2G250MCMF 6 2 0.75 0.250 - - 0.26
2G31CCMF 6 2 - - 0.09375 0.03125 0.26
2G62CCMF 6 2 - - 0.1875 0.0625 0.26
2G125CCMF 6 2 - - 0.375 0.125 0.26
2G250CCMF 6 2 - - 0.75 0.250 0.26

2.3. Fabrication Process

A standardized mixing protocol was adopted to ensure consistent rheological behavior
and material dispersion. Two types of mixtures, namely a conductive Sikacrete composite
and a normal Sikacrete composite, were prepared as illustrated in Figure 1. For the con-
ductive composite, Sikacrete powder was combined with G, MCMEF, and CCMF according
to the mix design. All dry constituents were first premixed for 2 min to mitigate particle
agglomeration. Subsequently, 50 wt.% of the total mixing water was added, and the mixture
was blended using a handheld mixer at 200 rpm for 2 min. The remaining 50 wt.% of water
was then introduced to achieve a designed water-to-binder (w/b) ratio, as presented in
Table 2, followed by an additional 3 min of mixing at the same speed to ensure adequate
homogenization and printability. The normal Sikacrete composite was prepared following
the same procedure, excluding the addition of conductive fillers, and using a w/b ratio of
0.21 to account for the absence of high-surface-area additives.

(@) (b) )
Sikacrete tap water
G & o
MCMF = \
CCMF = \ normal
Sikacrete
MCMF conductive
= CCMF tap water Sikacrete

o

(©
= >

/ L || feedin |
mixing \ \ Patterns 1 Patterns 3
¥

and 2 and 4
Figure 1. Fabrication process of the cement-based composites: (a) conductive fillers; (b) preparation
of the conductive mix; (c) preparation of the normal mix; and (d) extrusion cylinder filled with feed-in
composite mixtures in two different configurations.

A series of cubic specimens (50 x 50 x 50 mm?, illustrated in Figure 2a) were fabricated
to investigate the percolation behavior and strain sensitivity of the conductive system using
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the mixture proportions summarized in Table 2. All specimens were produced using a
mold-casting approach to allow for the controlled evaluation of the conductive network
prior to printing. Each specimen was fabricated using 300 g of normal Sikacrete by placing
the mixtures into pre-oiled cubic molds in two stages, with light tamping applied after the
first pour to release entrapped air and ensure uniform compaction. Conductive electrodes
were embedded during casting, consisting of two parallel copper mesh layers positioned
with a fixed spacing interval D of approximately 38 mm across the specimen. Sets of three
specimens were fabricated under 14 different mix designs for a total of 42 cast specimens.

conduetive
Sikacrete mix

printed
specimen

Figure 2. Fabrication of specimens: (a) geometry of the cast cubic specimens; (b) geometry of the
smart beams; (c) printing path; and (d) overall printing configuration.

An extrusion-based commercial 3D clay printer (3D Potter 7) was used for fabricating
the smart beams using the selected mix design (2G250M62CCMF). The printer has a
resolution in the X and Y axes of 0.15 mm, and a resolution in the Z axis of 0.7 mm. Beam
specimens with overall dimensions of 320 x 120 x 55 mm?3 were designed and sliced in Cura
into 15 layers with a uniform layer height of 3.66 mm, as shown in Figure 2b. It should be
noted that layer height may influence the electromechanical response by affecting interlayer
cohesion, internal pore structure, and anisotropy in printed cementitious elements [44—46].
The selection of layer height is also governed by factors such as specimen scale, nozzle
diameter, and the configuration of the 3D printing system, which affect extrusion stability
and geometric fidelity [47,48]. In this study, the adopted layer height was determined based
on preliminary trial prints to ensure consistent filament deposition, adequate interlayer
bonding, and stable buildability throughout the fabrication process.

The freshly mixed materials were manually loaded into the extrusion cylinder in
three consecutive pours, with the loading sequence adjusted to control the placement
of the conductive layer. Each pour consisted of approximately 1500 g of fresh material,
corresponding to the deposition of five printed layers. Thus, three pours (4500 g in total)
were used to complete the 15-layer specimens. For specimens with a bottom conductive
layer, the conductive Sikacrete composite was introduced first, followed by two pours of
normal Sikacrete. The loading sequence was reversed for specimens designed with the
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conductive layer at the top, with normal Sikacrete introduced first and the conductive
mixture placed in the final pour, as shown in Figure 1d.

A circular nozzle with a diameter of 8 mm was used, and the stand-off distance
between the nozzle and the printing platform was maintained at approximately 4 mm.
The nozzle movement path is illustrated in Figure 2c. Printing initiates at a predefined cor-
ner of the specimen, from which the nozzle first traverses the outer boundary to complete
the perimeter of the layer. Subsequently, the nozzle follows a continuous deposition path to
construct the internal pattern, advancing along each filament path and translating laterally
by approximately one filament width to the adjacent path without interrupting extrusion.
This sequence is repeated until all filaments within the layer are completed, with smooth
directional transitions at turning points to maintain geometric consistency. Printing was
conducted at a constant extrusion rate of 320 mm?®/s and a platform movement speed of
120 mm/s to ensure stable and uniform material deposition. An image of the printing setup
is shown in Figure 2d. The printability of the hybrid conductive mixture was evaluated
based on its extrusion stability, filament formation, and buildability during the printing
process. Deposited filaments maintained their geometry with minimal deformation, in-
dicating adequate yield stress and structural build-up. The multi-material deposition
process was also successfully achieved without notable interfacial instability between the
conductive and non-conductive phases. The selected mixture exhibited continuous and
uniform extrusion without observable nozzle blockage, filament collapse, or material segre-
gation during the printing process, confirming the proposed mixture design is compatible
with extrusion-based multi-material 3D printing and suitable for fabricating structurally
relevant components.

Four smart beam configurations were designed by combining two internal pattern
types with two conductive layer placements. The internal patterns consisted of a diagonal
pattern along the height of the beam, and of a partially solid configuration in which the first
six layers were printed with a 100% infill followed by a diagonal pattern for the remaining
height (layers 7 to 15). The introduction of a solid base was intended to provide a more
uniform and continuous load-transfer region near the bottom of the specimen, thereby
reducing geometric-induced variability and enabling assessment of the effect of internal
architecture on both structural response and sensing performance.

For each internal pattern, two conductive layer arrangements were implemented.
In the first arrangement, the conductive material was placed in the bottom six layers
(layers 1 to 6), whereas in the second arrangement it was positioned in the top five layers
(layers 11 to 15). Accordingly, Pattern 1 corresponds to the diagonal pattern with the
conductive layer at the bottom (Figure 3a), Pattern 2 corresponds to the partially solid
internal pattern with the conductive layer at the bottom (Figure 3b), Pattern 3 corresponds
to the diagonal internal pattern with the conductive layer at the top (Figure 3c). Pattern
4 corresponds to the partially solid internal pattern with the conductive layer at the top
(Figure 3d). These four patterns were selected for the independent assessment of the
effects of infill topology (diagonal vs. solid base) and sensing-layer location (tension vs.
compression) under bending. These designs correspond to a 2 x 2 factorial design, in which
the effects of sensing-layer placement relative to the neutral axis and internal structural
topology are independently evaluated.

Six steel drop-in anchors were embedded as electrodes at equal spacing along the beam
length and labeled sequentially as A-F (as shown in Figure 3a). For specimens with bottom
conductive layers (Patterns 1 and 2), the electrodes were positioned in the third layer,
whereas for specimens with top conductive layers (Patterns 3 and 4), the electrodes were
embedded in the twelfth layer to align with the conductive region. In addition, three #2
steel reinforcement rebars (diameter 6.35 mm) were placed longitudinally after deposition
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of the fifth layer to provide a more realistic structural configuration and to ensure elastic
behavior under bending during testing. A center-to-center spacing of 30 mm between
the longitudinal reinforcement bars was adopted, measured from the center of each bar,
to prevent direct contact between the reinforcement and the embedded electrodes. The
beam specimens were designed to represent structurally relevant elements, incorporating
longitudinal reinforcement and beam-scale geometry to approximate realistic load-bearing
conditions. The inclusion of reinforcement and controlled geometry ensures that the mea-
sured electromechanical response reflects behavior under representative flexural loading
rather than material-scale testing. Following fabrication, all specimens were cured under
laboratory conditions for 28 days to promote hydration and ensure stable mechanical and
electrical performance.

(a) B
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Figure 3. Schematic illustrations of the four sample configurations: (a) Pattern 1, including top, side,
front, and 3D views; (b) Pattern 2, showing top and front views; (c) Pattern 3, showing top and front
views; and (d) Pattern 4, showing top and front views. Units are in mm.

251 https:/ /doi.org/10.3390/s26103204



Sensors 2026, 26, 3204

2.4. Electromechanical Model

The electromechanical response of self-sensing cement-based materials is commonly
described through their piezoresistive behavior, whereby mechanical deformation induces
a measurable change in electrical resistance. For the conductive region between the embed-
ded electrodes, the nominal electrical resistance can be expressed as

D
Ro = P 1)

where p is the bulk electrical resistivity of the conductive cementitious composite, D is the
electrode spacing, and A is the effective cross-sectional area normal to the current path.
For the present 3D-printed beam specimen, the conductive paths are non-uniform due to
the heterogeneous, percolated conductive network and the effect of internal architecture.
As such, A does not correspond to a strictly geometric cross-section, but is treated as
a parameter that is constant for a given pattern configuration in the undeformed state.
Under mechanical loading, its incremental variation due to deformation is captured through
the differential term dA/A. While this assumption limits direct physical interpretation, it
enables a tractable formulation for comparative analysis. Taking the natural logarithm of
Equation (1) gives

InR=Inp+InD—-InA 2)

Differentiating Equation (2) yields

dR d dD dA
Sl 3)

R o D A
Assuming that the conductive region undergoes uniform longitudinal deformation,
isotropic lateral contraction is considered for the transverse dimensions due to Poisson’s
effect. Let b and t denote the width and thickness of the conductive region between the
electrodes, respectively. The corresponding transverse strain components are expressed as

db_dt__ dD W

b t D
where v is the Poisson’s ratio of the conductive cementitious material. The cross-sectional
area therefore varies with deformation, and its relative change can be written as
dA db  dt dD

A0 Tt %D ©)

Substituting Equation (5) into Equation (3) gives

drR dp dD

—=—+1+2v)—= 6
R = 2+ ©

which shows that the change in resistance arises from both intrinsic resistivity variation and

geometrical effects associated with deformation. For small deformations, the infinitesimal

form may be approximated by finite increments

AR Ap

AD  Ap
2 A L) =2 (14 20)e 7
Rp p ( ) P ( ) 7

D
and the fractional change in resistance (FCR) becomes

FCRzﬁz%—i—(l +2v)e 8)
Ry p
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Equation (8) represents the local electromechanical constitutive relation of the sensing
material. However, for the beam specimens printed in this study, the strain in the sensing
region is pattern-dependent because the four configurations differ in the infill topologies,
conductive-layer location, and reinforcement layout.

At a first-order approximation, the printed elements are modeled as Euler-Bernoulli
elastic beams for interpreting the results. This is a simplification, given the geometry of the
specimens—characterized by varying cross-sections along their length and widths compara-
ble to their lengths—as well as the anisotropic behavior of printed cement-based materials.
This assumption neglects the effects of material heterogeneity, anisotropy, and printing
paths inherent to 3D-printed cementitious specimens. Nevertheless, it provides a consistent
framework for capturing the global bending behavior and estimating the average strain
in the sensing layer across different configurations, and is therefore sufficient to describe
the main physical phenomena. Under three-point bending, the mid-span deflection J of a
simply supported beam subjected to a central point load P is given by

PL?
0= ——rH 9
48EI ©)
where L is the span length, E is the effective elastic modulus, assumed to be constant along
the beam length as a first-order approximation, and I is the effective moment of inertia of
the transformed section. The maximum bending moment at mid-span is Mmax = PL/4,
and the curvature (x) at mid-span is defined as

o Mmoo _ 1 PL_ 1 48EI0 L _ 125

EI ~EI 4 EI 13 4 12

(10)

Let z denote the vertical coordinate measured from the bottom surface of the beam,
ZI(\Q the neutral-axis location for pattern p, and ng ) the centroid of the conductive sensing

region. The bending strain in the sensing layer is then written
126
) = (o)) = 2 () o) a
where p = 1,2,3,4 denotes the beam pattern. For the smart beams Patterns 1 and 2,

the centroid of the bottom conductive layer is located at z; = 10.98 mm, and for Patterns 3
and 4, the centroid of the top conductive layer is located at z; = 45.75 mm, giving

D = 20 (0h =) (12)
e = % <ZI(§2" - zb> (13)
e§3) = 1Li2(5 (ZI(\?A — zt) (14)
e = 1Li2(5 (zl(i)A - zt) (15)

Under three-point bending, the bottom region of the beam is subjected to tension and
the top region to compression. Accordingly, the sensing layer experiences tensile strain in
Patterns 1 and 2 (sgl), sgz) > 0), and compressive strain in Patterns 3 and 4 (sgS), sg4) < 0),

following the sign convention adopted herein.
(p)

The neutral-axis location z,;, varies among the four patterns due to differences in
internal architecture and the presence of longitudinal reinforcement. It is determined using
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a transformed-section approach that accounts for both the cementitious matrix and the
steel reinforcement. In general form,

YiEiAizi + Y EsAs jzs j
P j
NA YiEiAi + ) EsAs)

(16)

where A; and z; are the area and centroid of the ith printed subregion, A ; and z ; are the
area and centroid of the jth reinforcing bar, and E; and E; denote the elastic moduli of the
cementitious material and steel, respectively.

Substituting the pattern-dependent sensing strain into Equation (8) gives
AR Ap

284+ 2v)el! (17)

FCR(P) = 22 _
R() 0

The bending gauge factor for each pattern is then defined as

(p)
AP — d(FCR7) (18)

(&)

2.5. Pattern- and Electrode-Pair-Dependent Bending Strain

When the electrical response is measured between different electrode pairs, the strain
input to the electromechanical model is not unique, because it depends on both the beam
pattern and the spanwise location of the selected electrode pair. The strain used for
electromechanical analysis is therefore defined as the average bending strain over the
conductive region between any electrodes 1, and J under pattern p.

Let x4 < xp < x¢c < xp < xg < xr denote the longitudinal coordinates of electrodes
A-F, measured from the left support, and let x;; = x; — x; denote the gauge length between
electrodes I and |. Here, the six electrodes are equally spaced at 46 mm intervals and
are assumed to be symmetrically arranged about the beam mid-span, independent of the
pattern configuration. With s = 46 mm, their coordinates are written as

_L—5s _L—3s L—s L+s _ L+3s _ L+5s

XA 2 ’ XB 7 ’ Xc = 2 ’ Xp = 2 7 XE 2 7 Xr 2 (19)
Under three-point bending, the curvature distribution along the beam is
k(x) = (20)
Wy, Lev<r
L3 4 2 — —

where ¢ is the mid-span deflection and L is the support span. This formulation assumes a
perfect bond between the reinforcement and the surrounding cementitious matrix. Possible
bond-slip behaviors, especially near the beam ends, are neglected. The average curvature
over the sensing length between electrodes I and ] is then

ki = 1 XIK(x)dx (21)
I = xi1 Jx

where the bar in (&) denotes the spatial average over the electrode gauge length between
x7 and x;. The corresponding average bending strain between electrodes I and ] (£) in the
conductive sensing layer for pattern p is written as

E(Ir;) = CpKyy (22)
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where c,, is the signed distance between the neutral axis and the centroid of the conductive
sensing layer for pattern p:

cp = zl(\ii — zgp) (23)
Thus,

] = zl(\a —zZp, C) = Zl@\ —Zp, c3 = ZI(\‘;’IL —Z4, Cy = 21@’ Zt (24)
Substituting Equation (19) into Equations (20)—(22), the average bending strains for
the electrode pairs are obtained as follows.
For adjacent electrode pairs,

g = 2P = %(UL 48s) = L‘Z (12L — 2208) (25)
) _p__ 9 121 — 24 0 12L — 1104 26
€pc =€épg = ¢ ﬁ( s) =cp L3( ) (26)
_ J 4
) ¢, 73(12L — 65) = ¢ 75 (121 —276) (27)

g —glb) — %(12L 365) = cp L‘Z (12L — 1656) (28)

) _p_ 9 4 12L — 1196 29

Efh = 88} = cp 73 (12L —265) = ¢ 5( ) (29)
i i 6 51 5

5% _ ngp) = 73 <12L — 25> =13 (12L — 1173) (30)

5

R 75 (12L — 30s) = ¢ 75 (12L — 1380) (31)

) = &) = ¢p 73(12L — 155) = ¢ 75 (12L — 690) (32)

) 0 (12L—185) = ¢, > (121 — 828 33

€z = Cp 73( 8s) = cp 15 (121 — 828) %

These expressions show that the strain input to the electromechanical model depends
on both the beam pattern, through c,, and the selected electrode pair, through its spanwise
position relative to the curvature distribution. Accordingly, the pair-dependent fractional
change in resistance is written as

(p) (p)
AR Ap
FCRYf) = —b = =L + (1 + 2v)e(]) (34)
ROI} P1;

and the corresponding pair-dependent gauge factor is defined as

(p)

FCR

(r) _

A= _(p) (35)
€r

The magnitude of the average bending strain for different electrode pairs is deter-
mined solely by their spanwise position relative to the curvature distribution. Therefore,
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the theoretical ranking of the bending strain magnitude is given by

leco| > |esp| = |ece| > |€pe| > |€c| = [€DE]
> [€ae| = [eBr| > |eap| = [EcF| (36)
> [ear| > [eac| = [epF| > [EaB| = [eErF]
To further quantify this relationship, the bending strain is normalized with respect to

the CD segment, i.e., \EC D| = 1. The corresponding normalized strain magnitudes for all
electrode pairs are then expressed as

|ecp| = 1.000
|€sp| = |€ce| = 0.884
|Ege| = 0.845
|€pc| = |€pE| = 0.768
|€AE| = |EBF| = 0.748 37)
|€ap| = |ecr| = 0.742
|Eap| = 0.690

|Eac| = |EpF| = 0.613
|€ap| = |€pF| = 0.458

The proposed formulation is intended to establish the relationship between the change
in resistance and bending strain and to interpret the spatial variations of the electrome-
chanical response. The consistency between the theoretical strain distribution and the
experimentally observed FCR trends across electrode pairs indicates that the model cap-
tures the dominant behavior, as discussed in detail in Section 4.

The signal-to-noise ratio (SNR) was employed to quantitatively evaluate signal qual-
ity. The SNR measures the relative energy of the signal with respect to the noise and
computed as:

P .
SNRg5 = 10log;, ( Ps‘g“al) (38)

noise

where Pgignal and Pppise denote the powers of the signal and noise, respectively.

3. Experiments
3.1. Measurements

Impedance spectra were measured using an LCR meter (Agilent 4263B, 100 Hz-100 kHz
sweep, resistance-reactance mode) under two AC excitation amplitudes (0.1 V and 1.0 V) to
evaluate the quality of conductive filler dispersion. The frequency range is selected for the
response to be dominated by bulk conductive behavior and less by capacitive and interfacial
effects [49,50]. Measurements were taken at 28 days of curing to ensure a stabilized hydration
state. An AC two-probe configuration was adopted, which is suitable for highly resistive
cementitious systems where direct current measurements may be affected by polarization
effects [50,51]. Based on the selected measurement configuration and previous research
works, embedded copper mesh electrodes were used to improve electrical contact at the
electrode-matrix interface and to reduce contact resistance [52].

The obtained impedance spectra were analyzed in two ways. First, the full frequency-
dependent response (100 Hz-100 kHz) was examined to assess dispersion quality, frequency
stability, and conductive network formation. Second, a characteristic frequency of 1 kHz
was selected for quantitative comparison across mixtures, as it provides a balance between
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minimizing electrode polarization effects and capturing the bulk conductive response
associated with the percolated filler network [49,50]. Data acquisition was performed
using LabVIEW to monitor potential polarization drift during testing, which may arise
from dielectric responses of the cement-based matrix [53,54] or possible piezoelectric
effects [55,56]. All measurements were conducted under controlled laboratory conditions
with consistent temperature and humidity.

3.2. Flexural Tests

The electromechanical response of the self-sensing Sikacrete beam was evaluated un-
der controlled flexural loading using a three-point bending configuration. Figure 4a shows
the overall experimental setup. Testing was performed using an Instron 5944 universal
testing frame equipped with a 1 kN (Series 2580) load cell. The testing machine utilized
here has been extensively calibrated and validated for strain measurements, and given
the small size of specimens and the axial loading configuration, it was assumed that the
strain or force applied by the testing machine was that experienced by the materials. Beam
specimens were supported over a 200 mm span, and a concentrated load was applied at
midspan through the loading nose. To prevent electrical shorting during simultaneous me-
chanical and resistance measurements, fiberglass insulating plates were inserted between
the specimen and both the loading nose and the support rollers, as shown in Figure 4b.

load frame

displacemeﬁt and
load DAQ

LabVIEW

Figure 4. Experimental setup showing: (a) overall experimental configuration; and (b) close-up view
of the flexural bending setup.

Loading was applied in a cyclic triangular waveform with progressively increasing
amplitude. Two initial cycles were conducted up to 150 N at a loading rate of 30 N/s,
followed by two cycles reaching 300 N at 60 N/s. The final two cycles were conducted at a
peak load of 600 N at 120 N/s. This loading protocol was designed to remain within the
elastic regime to ensure repeatability and to isolate the intrinsic piezoresistive response
of the conductive network. While microcracking can significantly influence conductive
pathways and enhance sensitivity, it also introduces irreversible and path-dependent effects
that complicate interpretation. The present results therefore represent baseline sensing
behavior independent of damage-related effects.

Prior to the cyclic protocol, a preload of 20 N was applied to ensure stable contact
conditions and eliminate seating-related compliance effects in the fixture assembly. The
mechanical response was acquired continuously at 100 samples/second (S/s), including
both applied load and mid-span displacement. In parallel, spatially distributed electrical
measurements were obtained at 10 S/s across adjacent electrode pairs (AB, BC, CD, DE,
and EF). Electrical resistance was measured independently for each segment using an
LCR meter operating in resistance-reactance (R-X) mode, with data acquisition automated
through a LabVIEW interface. This synchronized measurement scheme enabled direct
correlation between flexural deformation and localized resistance variation along the
beam length.
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4. Results and Discussion
4.1. Particle Distribution

The impedance magnitude and phase angle spectra obtained from a representative
electrode pair (e.g., C-D) in the cast cubic specimens under two excitation amplitudes
are presented in Figure 5a,b. The responses exhibit near-complete overlap across the en-
tire frequency range from 100 Hz to 10 kHz, indicating negligible amplitude-dependent
variation. The impedance magnitude remains in the low-k() range (approximately
4 to 4.5 k() at low frequency) and decreases gradually with increasing frequency, while
the phase angle decreases from near-resistive behavior to a modest capacitive response
(approximately 0 to —15°), associated with interfacial polarization and dielectric effects
within the cementitious matrix [50,57]. No measurable amplitude-dependent distortion
or nonlinear behavior is observed within experimental uncertainty, confirming that the
conductive network operates within a stable linear regime.
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Figure 5. Impedance-based evaluation of conductive filler dispersion: (a) impedance magnitude
under 0.1 V and 1.0 V excitation; (b) phase angle spectra showing negligible amplitude dependence;
(c) resistance R(f); and (d) phase spectra cross adjacent segments (AB-EF).

More importantly, impedance responses measured across adjacent electrode segments
(AB, BC, CD, DE, and EF) exhibit low spatial variability in both resistance magnitude and
frequency-dependent characteristics, as shown in Figure 5¢,d. The resistance spectra R(f)
across different segments remain closely clustered, with only minor variations in magnitude
(within approximately 5 to 10%), while the spectral slope and phase evolution show
consistent trends. The characteristic transition behavior in the phase response also exhibits
minimal deviation among segments. Such spatial consistency indicates that conductive
fillers are well dispersed along the beam length, forming a continuous and homogeneous
percolated network. The high repeatability observed across repeated frequency sweeps
further supports reliable electrode embedment and stable electrical contact throughout
the specimen.

4.2. Percolation

Figure 6a presents the 28-day electrical resistance of G-filled specimens as a function
of G content, with error bars representing the full range of values obtained from three
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replicate specimens. The results show that the electrical resistance decreases markedly
with increasing G content, with the most pronounced reduction occurring between 2 wt.%
and 4 wt.%. In this range, the resistance decreases from approximately 9.0 x 10* Q to
1.5 x 10* Q, corresponding to a reduction of about 83%. Beyond this transition region,
further increases in G content result in a more gradual decrease in resistance, indicating
that a conductive network has largely been established. A content of 2 wt.% was selected
to balance electrical performance and printability in this study. Increased G content raises
water demand and reduces flowability, which can adversely affect extrusion stability and
print quality.
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Figure 6. Percolation behavior at 28 days: (a) electrical resistance as a function of G content; and
(b) electrical resistance as a function of MCMF and CCMF content (with 2 wt.% G).

The percolation behavior of mixtures containing 2 wt.% G combined with MCMF
or CCMF is shown in Figure 6b. The addition of both CMF types further reduces the
electrical resistance with respect to the 2GOCMF reference, confirming their effectiveness
in enhancing conductive network formation. The CCMF-based mixtures exhibit a more
pronounced reduction in resistance at low dosages, particularly between 0.03125 wt.% and
0.0625 wt.%, whereas the MCMF-based mixtures show a more gradual decrease across
the investigated range. This difference is attributed to variations in fiber morphology
and dispersion affecting conductive path formation. From these results, a combination
of 2 wt.% G with 0.25 wt.% MCMEF and 0.0625 wt.% CCMF was selected as the final mix
design for printing the beam specimens among the investigated mixes, as higher CCMF
contents increased viscosity and induce fiber entanglement resulting in nozzle blockage or
unstable extrusion.

4.3. Mechanical Properties

The mechanical response of the four beam configurations was evaluated based on
the strain data obtained during cyclic three-point bending, and results are presented in
Figure 7. All specimens exhibited largely linear and repeatable load—displacement behavior
across loading cycles, with minimal residual deformation upon unloading, indicating that
the tests remained within the elastic regime, as shown in Figures 8-10.

The average strain magnitudes of Patterns 1 to 4, obtained by averaging the bending
strain across all electrode pairs, were 2873 e, 1925 pe, 3513 pe, and 2461 e, respectively.
Patterns 3 and 4 exhibited 22.2% and 27.8% higher average strain compared to Patterns
1 and 2, respectively. This difference is attributed to the downward shift of the neutral axis
caused by the bottom reinforcement and section geometry, which increases the distance
between the neutral axis and the top conductive layer.

In addition to the average response, the peak strain values observed at the max-
imum loading level reached approximately 3982 pe and 5071 pe for Patterns 1 and 3,
respectively, and 2731 pe and 3701 pe for Patterns 2 and 4, as shown in Figure 7a.
These results further confirm that top-layer configurations (Patterns 3 and 4) experience
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higher strain amplitudes than bottom-layer configurations, while the inclusion of a solid-
base region (Patterns 2 and 4) reduces overall deformation compared to their diagonal
infill counterparts.

(@) [Caverage strain 5071 (bL 1.6}
5000 - Ellpeak strain 1 814l
3982 =
4000 3513 1 | g2
v
3 2873 £ 1}
3000 2731 - 2 sl
= 1925 3z
@ 2000 NO06F
=
0.4+
1000 - { E
202r
0 0
Pattern 1 Pattern 2 Pattern 3 Pattern 4 Pattern I  Pattern2  Pattern 3 Pattern 4

Figure 7. Comparison of (a) average strain and peak strain; and (b) normalized relative flexural
stiffness index for the four beam configurations under cyclic three-point bending.

To further compare mechanical behaviors, a relative flexural stiffness index was de-
fined based on the inverse relationship between bending strain and flexural rigidity under
identical loading conditions. The index was computed using the average strain response
obtained from the last three loading cycle (maximum load level) for each configuration.
Specifically, the stiffness index for each configuration p is expressed as

1
KP) o — 39
a0 &9
where &) denotes the average bending strain across all electrode pairs for pattern p.
For comparison, the stiffness is normalized with respect to Pattern 1, yielding

(1)
p)

(o]

R —

(40)

(e}
—

The normalized stiffness values for Patterns 1 to 4 are 1.00, 1.49, 0.82, and 1.17, re-
spectively, as shown in Figure 7b. This corresponds to increases of approximately 49.2%
and 42.8% for Patterns 2 and 4 relative to their diagonal counterparts (Patterns 1 and 3),
respectively, demonstrating that the incorporation of a solid-base region enhances load
distribution and reduces deformation.

4.4. Strain Sensing

Figure 8 presents the time-series FCR responses measured between different electrode
pairs for the beam specimen configured with Pattern 1, compared against the average
bending strain computed from Equation (28) to Equation (33), during the dynamic test.
Subplots show the electrode pair labeled at the top-left corner of each subplot. Black solid
lines indicate the FCR response, while red dashed lines represent the corresponding strain
input. The presented datasets are taken from the best-performing specimen, determined
using the dynamic gauge factor (Aqyn). The presented data were post-processed using
a Savitzky—Golay filter (first-order polynomial, window size of 100) to correct baseline
drift associated with intrinsic polarization effects, which may otherwise affect the linearity
of the FCR response. The window length was determined based on the sampling rate
(10 S/s) and loading frequency (0.1 Hz), corresponding to approximately a full loading
cycle. This configuration enabled effective noise reduction while preserving the amplitude
and phase characteristics of the cyclic strain signal. Additional tests using window sizes
of 80 and 120 resulted in variations in peak amplitude and gauge factor of less than 5%,
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indicating that the selected filtering parameters did not significantly influence the measured
strain response.
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Figure 8. Time-series of FCR measured across electrode pairs for smart beam specimens—Pattern 1.

The results show a close match between the electrical signal and strain time histo-
ries, with all electrode pairs exhibiting periodic FCR variations synchronized with the
loading cycles. The amplitude of the FCR response varies almost systematically among
electrode pairs, indicating the non-uniform bending strain distribution along the beam.
In particular, electrode pairs located near the mid-span (e.g., CD, BD, and CE) exhibit the
largest response amplitudes, whereas those located closer to the supports (e.g., AB and EF)
show significantly smaller variations. This trend is consistent with the theoretical bending
strain distribution (Equation (35)), in which the curvature, and thus strain, is maximized at
the mid-span and decreases toward the supports. Intermediate electrode pairs (e.g., BC,
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DE, AE, and BF) exhibit responses of moderate amplitude, following the expected spatial
variation in curvature.

Minor deviations from the ideal theoretical ranking (Equation (36)) are observed for
certain electrode pairs, which can be attributed to localized variations in the conductive
network at the mesoscale, slight variations in electrode contact conditions, and the inherent
variability associated with additively manufactured cementitious materials. In addition, a
certain degree of baseline drift and asymmetry between loading and unloading cycles is
present in several signals, likely attributed to residual polarization effects (i.e., the time-
dependent charge accumulation and relaxation at the electrode-matrix interface and within
the cementitious matrix) and potential microstructural rearrangement under repeated
loading. Additionally, extrusion-based 3D printing of cementitious materials may introduce
interlayer defects and weak interfaces, which can influence both mechanical behavior
and electrical response. In particular, interlayer bonding imperfections and shrinkage-
induced microcracking may locally disrupt conductive pathways or alter strain transfer
within the printed structure. In this study, all specimens were tested within the elastic
regime, and no visible cracking or interlayer delamination was observed during loading.
The consistent and repeatable piezoresistive responses across electrode pairs indicate that
the conductive network remained stable under the applied conditions. However, the effects
of printing-induced defects, including interlayer bonding imperfections and shrinkage-
related cracking, as well as long-term performance and damage evolution, remain to be
investigated in future work.

Figure 9 shows the corresponding FCR responses for the beam specimen configured
with Pattern 2. Similary to Pattern 1, all electrode pairs exhibit cyclic variations that closely
follow the applied strain, with response amplitudes varying along the beam length in
accordance with the theoretical bending strain distribution (Equation (36)). This indicates
that the relative distribution of bending strain along the beam is preserved regardless of
internal pattern configuration. Compared to Pattern 1, the responses in Pattern 2 exhibit
more uniform waveform shapes and reduced signal noise among cycles. This behavior is
attributed to the presence of the solid base in Pattern 2, which enhances load transfer and
promotes a more homogeneous strain field within the specimen. As a result, the electrical
response becomes more stable and consistent across electrode pairs.

Figure 10 presents the time-series -FCR responses measured across representative
electrode pairs for Patterns 3 and 4, where symmetric pairs are omitted for clarity. For these
configurations, the conductive layer is located near the top of the beam and is therefore
subjected to compressive strain under three-point bending. In contrast to the tensile config-
urations, the -FCR increases with increasing load, as compression promotes densification
of the conductive network and enhances inter-particle contact. Despite the sign reversal,
the spatial variation among electrode pairs remains consistent with the bending strain
distribution, with signal amplitudes decreasing from the mid-span toward the supports.

4.5. Sensing Performance Metrics

Figure 11 presents the gauge factor and SNR across different electrode pair configura-
tions for the four sensing patterns. The gauge factor was determined from cyclic loading
data by analyzing the average power spectral density and calculated as the ratio between
resistance variation and the corresponding strain response, while the SNR was computed
using Equation (38). It is found that both metrics exhibit consistent spatial trends across
electrode pairs, while clear differences arise from the electrode configurations and the
placement of the conductive layers.
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Figure 9. Time-series of FCR measured across electrode pairs for smart beam specimens—Pattern 2.

As shown in Figure 11a, the gauge factor remains relatively uniform across electrode
pairs within each pattern, indicating the formation of a stable percolated conductive net-
work. The corresponding standard deviations are 8.4, 10.9, 8.5, and 9.1 for Patterns 1 to
4, respectively. The average gauge factors are 355, 556, 244, and 443 for Patterns 1 to 4,
respectively, which are significantly higher than typical values reported for graphite-based
cementitious composites (generally below 200) [26,58]. This suggests enhanced electrome-
chanical sensitivity, likely resulting from improved conductive network connectivity and

the tailored structural configurations.
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Figure 10. Time-series of -FCR measured across electrode pairs for smart beam specimens: (a-i) Pattern
3; and (j—r) Pattern 4. For symmetric electrode pairs (e.g., BD and CE), only one representative pair
is shown.
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Figure 11. Comparison of three-specimen averaged sensing metrics: (a) gauge factor and (b) SNR,
computed across electrode pairs for specimens under different configuration patterns.

Among the four patterns, Pattern 2 exhibits the highest gauge factor, followed by
Patterns 4, 1, and 3. In relative terms, Pattern 2 shows higher sensitivity than Patterns 1, 4,
and 3 by 56.6%, 25.6%, and 128.1%, respectively. This enhanced response can be attributed
to two primary factors. First, the conductive layer is located in the tensile region, where
strain is maximized under bending, leading to greater perturbation of the conductive
network. Second, the solid-base configuration promotes more continuous conductive
pathways aligned with the current flow, enabling efficient translation of strain-induced
changes in interparticle contacts into electrical signals. In contrast, Pattern 3 yields the
lowest gauge factor due to less effective engagement of the conductive network.

A similar trend is observed when comparing patterns with an identical conductive-
layer placement. Between Patterns 1 and 2 (bottom layer), Pattern 2 exhibits a 56.6%
higher gauge factor, while between Patterns 3 and 4 (top layer), Pattern 4 shows a 97.8%
increase over Pattern 3. This indicates that the presence of a solid base enhances sensing
performance regardless of whether the conductive layer is in tension or compression. This
effect is attributed to improved load transfer and a more homogeneous strain field, which
stabilize the conductive network and reduce variability in the electrical response.

Comparing Patterns 1 and 3, which share the same diagonal infill but differ in
conductive-layer placement, Pattern 1 exhibits a gauge factor approximately 45.5% higher
than Pattern 3. This difference reflects the distinct electromechanical response under tension
and compression. Under tensile loading, microcrack initiation and interparticle separation
lead to more pronounced disruption of conductive pathways, resulting in larger resistance
changes. In contrast, compressive loading tends to densify the conductive network and
enhance particle contact, producing a more gradual response. Similar tension—compression
asymmetry has been widely reported in self-sensing cementitious materials [26,59,60].
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In addition to intrinsic material behavior, the presence of reinforcement may also influence
the measured response by altering stress distribution and strain localization within the
beam. Although not explicitly modeled in this study, this effect may contribute to the
observed differences among configurations and is left for future investigation.

Figure 11b shows that the SNR consistently decreases from electrode pair CD to
EF, which is associated with increasing current path length and accumulated electrical
noise. Longer conduction paths result in higher resistance, reducing signal amplitude,
while simultaneously increasing the influence of accumulated electrical noise and material
heterogeneity. The reduction from CD to EF is about 25.7%, 20.7%, 23.6%, and 31.0% for
Patterns 2, 4, 1, and 3, respectively. The SNR ranking follows the same order as the gauge
factor (Figure 11a), indicating that sensitivity and signal stability are likely governed by the
same mechanism. In particular, the average SNR of Pattern 2, which incorporates a solid
base, is about 36.4% higher than that of Pattern 1, while Pattern 4, also featuring a solid
base, exhibits an approximately 50.9% increase compared to Pattern 3. The results provides
an insight that configurations with continuous conductive networks and stable structural
support not only enhance resistance change but also reduce noise by stabilizing current
distribution in additively manufactured components. The sensing performance, in terms
of gauge factor, standard deviation, and SNR across different pattern configurations are
summarized in Table 3.

Table 3. Summary of sensing performance, variability, and structural characteristics across different
pattern configurations. Arrows indicate relative increasing (1) or decreasing () trends among the
evaluated configurations.

Pattern Configuration A Std SNR Trend Relative Performance
P1 bottom layer 355 84 1 (23.6%) _ baseline
P2 bottom + solid base 556 109 | (25.7%)  +56.4% A vs. P1; +36.4% SNR
P3 top layer 244 85 1 (31.0%) lowest A
P4 top + solid base 443 9.1 1(20.7%)  +81.6% A vs. P3; +50.9% SNR

5. Conclusions

This study investigated the performance of smart beam elements capable of self-
sensing, demonstrating the feasibility of localizing sensing nodes within 3D-printed cemen-
titious components for condition assessment and quality control. A Sikacrete-based com-
posite incorporating G, MCME, and CCMF was developed to achieve electrical percolation
and a stable piezoresistive response, and implemented through a controlled multi-material
printing strategy. The relative sensing performance of different structural configurations
was investigated.

Electrical percolation analysis identified an optimal composition of 2 wt.% G, 0.25 wt.%
MCME, and 0.0625 wt.% CCMEF, balancing conductivity and printability. This mixture was
embedded within beam specimens in either tensile or compressive regions, combined with
diagonal infill and solid-base configurations. Two internal structural configurations were
considered, consisting of a fully patterned diagonal infill and a partially solid configuration
with a 100% infill base. An electromechanical model was formulated to relate the fractional
change in resistance to bending strain, accounting for variations in neutral-axis location,
sensing-layer position, and electrode spacing, and enabling interpretation of the spatially
distributed electrical measurements obtained during cyclic three-point bending.

Results show that all configurations exhibited consistent and repeatable piezoresistive
responses, with electrical signals closely following the applied strain. The gauge factor
remained relatively uniform within each configuration, while clear differences were ob-
served among patterns. Specimens with sensing layers in the tensile region (Patterns 1
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and 2) exhibited higher sensitivity than those in compression (Patterns 3 and 4). Pattern 2
exhibited the highest gauge factor (A = 556), followed by Patterns 4, 1, and 3. The spatial
variation of the response was consistent with the theoretical strain distribution along the
beam, with normalized strain magnitudes ranging from 1.000 at the mid-span segment
(CD), used as the reference, to 0.458 near the supports (e.g., AB and EF). Signal quality
followed a similar pattern-level trend. Pattern 2 showed a 36.4% higher SNR than Pattern
1, while Pattern 4 exceeded Pattern 3 by 50.9%. In addition, SNR decreased with increasing
electrode spacing, with reductions of 25.7%, 20.7%, 23.6%, and 31.0% for Patterns 2, 4, 1,
and 3, respectively. Mechanical analysis indicated consistent elastic behavior across all
configurations. The average strain values for Patterns 1 to 4 were 2873, 1925, 3513, and
2461 e, respectively.

Overall, this study demonstrated the feasibility of embedding self-sensing cemen-
titious layers within structurally relevant 3D-printed elements using hybrid conductive
composites. The proposed approach provided a practical pathway for integrating strain-
sensing functionality directly into additively manufactured structures, enabling simul-
taneous in-print and in-operation structural health monitoring. The effect of damage
evolution, long-term performance, environmental effects, and reinforcement effects on
sensing behavior, as well as scalability to larger structural components, will be investigated
in future work.
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Abbreviations

The following abbreviations are used in this manuscript:

3DP Three-dimensional printing
SHM Structural health monitoring
G Graphite

CMF Carbon microfibers

MCMF Milled carbon microfibers
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CCMF Chopped carbon microfibers

SEM Scanning electron microscopy
w/b Water-to-binder ratio
FCR Fractional change in resistance
GF Gauge factor
SNR Signal-to-noise ratio
PSD Power spectral density
LCR Inductance-capacitance-resistance (meter)
R-X Resistance-reactance (measurement mode)
AC Alternating current
LVDT Linear variable differential transformer
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