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Abstract

Dam displacement forecasting is important for assessing whether long-term structural
responses remain consistent with established operational behavior. In multi-point monitor-
ing systems, however, irregular survey-line layouts and unequal numbers of monitoring
points make it difficult to organize long-term records while preserving their engineering
meaning. This study develops a field-oriented forecasting framework by reconstructing
daily observations into a structured displacement-field object defined by survey-line order,
monitoring-point alignment, and three displacement components. A valid-position-aware
protocol is introduced to distinguish actual monitoring locations from structural padding,
ensuring that model training and evaluation remain restricted to the same physical monitor-
ing definition. Using long-term operational records from the Tianshengqiao First Dam, four
representative models, namely SimVP, SimVPv2, PatchTST, and TimesNet, are evaluated
under the same chronological split, causal forward-fill-only preprocessing, input window,
prediction horizon, and evaluation boundary. All four models achieve strong predictive
performance, with R? values above 0.97 in the X direction and above 0.99 in the Y and Z
directions. No single trained model or forecasting route exhibits a consistent advantage
across all displacement components and evaluation metrics. Under the present single-
dam, case-specific setting, the relative ranking varies with displacement direction and
forecasting horizon and should not be interpreted as evidence of general direction-specific
suitability for any particular architecture. At the route level, the field-based route retains a
slight advantage in Y-direction forecasting and overall MAE, whereas the sequence-based
route remains competitive for Z-direction displacement and longer-horizon X-direction
prediction. The proposed framework provides a practical and physically consistent digital
representation for organizing irregular monitoring records, comparing forecasting routes,
and supporting deployment-oriented model selection and subsequent model adaptation.

Keywords: dam displacement forecasting; multi-point monitoring; field-oriented forecasting
framework; valid-position-aware protocol; spatiotemporal forecasting; model adaptation
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1. Introduction

Displacement monitoring provides a direct record of how a dam responds to environ-
mental loading and operational conditions over its service life. For a dam that has been
in operation for many years, the measured displacement is rarely governed by a single
factor. Reservoir-level fluctuations, seasonal temperature variations, material creep, aging
effects, and local differences in structural constraints may act simultaneously. Their com-
bined influence produces deformation records with long-term trends, periodic variations,
delayed responses, and stage-dependent behavior. Reliable displacement forecasting is
therefore valuable not only for estimating future monitoring values, but also for deter-
mining whether the expected structural response remains consistent with the established
operational pattern [1,2].

Traditional dam-displacement analysis has largely relied on statistical and empirical
models. Hydrostatic-seasonal-time models and regression-based approaches remain
widely used because their variables have clear engineering meanings and their results
are relatively easy to interpret [1-3]. However, when monitoring records extend over
long service periods and cover complex operating conditions, deformation responses may
become increasingly nonlinear and nonstationary. Machine-learning methods can improve
nonlinear fitting to some extent, but their performance often depends on manually selected
variables and carefully constructed features [3-5]. More recently, recurrent neural networks,
convolutional architectures, attention-based models, and general time-series forecasting
models have provided more flexible tools for extracting temporal patterns from monitoring
records [4,6-9]. Even so, the way in which the original monitoring data are organized
remains a fundamental issue. A more complex model does not necessarily produce a more
reliable forecast if the engineering relationships embedded in the monitoring system are
weakened during data preparation.

This issue becomes particularly important in multi-point dam monitoring. Monitoring
points are not installed as an arbitrary collection of sensors. They are arranged along survey
lines, elevations, and characteristic structural zones to describe the coordinated deformation
response of the dam body. Points located on the same survey line or at structurally related
positions may exhibit similar trends, while local deviations may reflect differences in
loading response, boundary constraints, or cumulative deformation behavior [10-12].
Treating these observations as independent time series is convenient, but it can discard
information contained in the original monitoring layout. Flattening all monitoring values
into a multivariate sequence preserves temporal correspondence, yet the ordered survey-
line and monitoring-point arrangement is no longer represented explicitly.

A further difficulty is that engineering monitoring layouts are usually irregular. Differ-
ent survey lines may contain different numbers of valid monitoring points, and long-term
records may include missing observations or inconsistent baselines. Directly converting
such records into a fixed-size tensor inevitably introduces padded positions that do not
correspond to actual measurements. If these positions are treated as ordinary targets during
model training or performance evaluation, the numerical objective no longer matches the
physical boundary of the monitoring system. A suitable digital representation should
therefore retain the structured monitoring layout while distinguishing valid observations
from structural placeholders.

To address these issues, this study develops a field-oriented forecasting framework
built on a structured digital representation of multi-point dam displacement records. Daily
displacement records are reconstructed according to the original survey-line arrangement
and the aligned order of monitoring points. The X-, Y-, and Z-direction displacement
components are represented as separate channels, while environmental and monitoring-
status information is incorporated into the same input object. A valid-position mask is
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introduced to identify actual monitoring locations and exclude padded positions from the
official loss and evaluation boundary. The reconstructed field should not be interpreted as a
complete geometric or physical model of the dam body. Instead, it is a compact engineering
representation that preserves the ordered monitoring layout and provides a consistent
interface between long-term monitoring records and forecasting models.

Based on this representation, two forecasting routes are examined under a unified
experimental setting. The field-based route is represented by SimVP and SimVPv2 [13,14],
which directly process the reconstructed displacement-field tensor and retain the structured
survey-line and monitoring-point arrangement during feature extraction and prediction.
The sequence-based route is represented by PatchTST and TimesNet [15,16], which reorga-
nize the same monitoring object into multivariate temporal sequences. In the latter route,
the correspondence between each variable and its original monitoring position is main-
tained through a fixed ordering, but the structured layout is no longer encoded explicitly
during temporal modeling. The comparison is carried out under the same monitoring ob-
ject, chronological data split, input window, prediction horizon, normalization procedure,
and evaluation boundary. In this way, differences in forecasting behavior can be interpreted
mainly in terms of the modeling route rather than inconsistencies in data processing.

The four models were selected to represent two distinct forecasting paradigms while
covering different architectural characteristics within each route. SimVP provides a compact
convolutional encoder—translator-decoder reference for the field-based route, whereas
SimVPv2 represents an enhanced field-based architecture with gated spatiotemporal feature
modeling. PatchTST represents patch-based Transformer forecasting with an emphasis
on long-range temporal dependency extraction, while TimesNet represents multi-period
temporal-pattern modeling through two-dimensional temporal variation. The purpose
of this selection is not to identify a universally optimal architecture, but to compare how
models with different inductive biases process the same multi-point monitoring object
when the ordered two-dimensional layout is either explicitly retained or reformulated as a
flattened multivariate temporal sequence.

The valid-position-aware protocol is also examined as a methodological component
of the framework. Its purpose is not to assume that masking will necessarily improve
every model, but to ensure that optimization and evaluation remain associated with ac-
tual monitoring positions. This distinction is important when different model families
are compared using a common reconstructed field. By separating valid monitoring po-
sitions from structural padding, the framework provides a consistent basis for analysis
within the same physical monitoring definition. The analysis covers prediction accuracy,
horizon-wise stability, directional error characteristics, spatial error distributions, and
engineering applicability.

The framework is evaluated using long-term monitoring data from the Tianshengqiao
First Dam, a high earth-rockfill dam with a long-term operational monitoring record. The
selected monitoring data include multiple survey lines and three displacement components.
Historical records are reorganized into daily field samples, and a 120-day observation
window is used to forecast the following 60 days. SImVP, SimVPv2, PatchTST, and Times-
Net are trained and tested under the same chronological split, preprocessing procedure,
prediction horizon, and valid-position-aware evaluation protocol. The purpose is not
to introduce another isolated forecasting architecture, but to clarify how different data
representations and modeling routes affect multi-point displacement prediction under a
realistic engineering setting.

The evaluation is conducted from both numerical and engineering perspectives. In ad-
dition to overall forecasting accuracy, the analysis considers directional differences among
the X-, Y-, and Z-displacement components, horizon-wise errors from f + 1 to ¢ + 60, spa-
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tial distributions of prediction errors across the reconstructed monitoring field, and the
methodological role of valid-position masking. Computational cost, inference efficiency,
deployment characteristics, and update flexibility are also examined to support model
selection in operational monitoring systems. Through this analysis, the study provides a
practical basis for organizing irregular multi-point displacement records, comparing fore-
casting routes within a common physical boundary, and supporting fair model comparison
and updating within the same physical monitoring definition.

The main contribution of this study is not a new forecasting architecture, but a field-
oriented digital representation and a unified comparison-and-updating framework for
long-term multi-point dam displacement monitoring. Within this framework, different
model families can be trained, evaluated, compared, and updated under the same physical
monitoring definition, the same chronological split, and the same valid-position boundary.
This design allows the analysis to focus on how representation and modeling route affect
forecasting behavior in an engineering setting, rather than on inconsistencies introduced
by data preparation or evaluation scope.

The remainder of this paper is organized as follows. Section 2 introduces the en-
gineering case and the field-oriented digital representation of the monitoring records.
Section 3 presents the unified dual-route forecasting framework, model adaptation strategy,
training protocol, and engineering-oriented evaluation method. Section 4 compares the
forecasting results, horizon-wise behavior, valid-position-mask ablation results, spatial
error distributions, and engineering applicability of the four models. Section 5 discusses
the implications and limitations of the proposed framework, and Section 6 summarizes the
main conclusions.

2. Engineering Case and Field-Oriented Digital Representation
2.1. Engineering Background and Monitoring Layout

A high earth-rockfill dam was selected as the engineering case in this study. The
dam has been in long-term operation for more than two decades and has experienced
different operating conditions, including high reservoir water levels, flood seasons, and
low-temperature periods. Its deformation monitoring records therefore provide a suitable
basis for examining the performance and stability of different forecasting models in a
realistic engineering setting. The spatial arrangement of the selected survey lines and
displacement monitoring points is illustrated in Figure 1.

Six collimation survey lines, from L3 to L8, were used in the analysis. The original
engineering network contained 89 monitoring points arranged along the dam-axis direction
and at different elevations of the dam body. After data screening, spatial alignment, and
consistency checking for long-term reconstruction, 81 positions were retained as valid
modeling and evaluation locations in the unified field representation, while the remaining
points were not used as forecast targets in the present study. This distinction is important
because the reconstructed field is defined for modeling consistency and does not imply that
all original engineering points were retained as valid positions in the final learning object.
The retained positions cover the dam crest, downstream slope, and other key deformation
observation areas, allowing the monitoring system to describe both temporal changes and
spatial differences in dam displacement.
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Figure 1. Monitoring layout of the selected dam survey lines and displacement points.

Each monitoring point contains three displacement components, corresponding to
the dam-axis direction, the downstream river direction, and the vertical direction. In this
study, these components are denoted as X, Y, and Z, respectively. To ensure consistency
in modeling and interpretation, the displacement sign convention follows the original
engineering data definition. The positive X direction is defined along the positive dam-axis
direction, the positive Y direction is defined downstream along the river direction, and
the positive Z direction follows the vertical displacement convention used in the original
monitoring records.

2.2. Monitoring Variables, Temporal Coverage, and Data Characteristics

The dataset used in this study contains three categories of information: multi-point
dam displacement, environmental and operational variables, and data-availability indi-
cators. Displacement observations were obtained from 81 retained monitoring positions
distributed across six survey lines, L3-L8. At each position, the X component denotes rela-
tive displacement along the positive dam-axis direction, the Y component denotes relative
horizontal displacement toward the downstream direction, and the Z component denotes
relative vertical displacement according to the sign convention adopted in the original
monitoring system. The three displacement components are expressed in millimetres and
are used both as historical input variables and as forecasting targets.

The original environmental variables consist of air temperature, reservoir water level,
and rainfall. Air temperature is expressed in degrees Celsius, reservoir water level in
metres, and rainfall in millimetres over the corresponding daily interval. To represent
environmental effects over different temporal scales, six causal rolling variables were con-
structed: the 7-day and 30-day moving averages of air temperature, the 7-day and 30-day
moving averages of reservoir water level, and the 7-day and 30-day cumulative rainfall.
Each rolling variable was calculated using only the current and preceding observations,
without using information from future dates.

Four calendar variables were additionally introduced to represent annual and monthly
periodicity, including the sine and cosine encodings of the day of year and the sine and
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cosine encodings of the month. These variables are dimensionless. A static valid-position
mask was used to distinguish the 81 retained monitoring positions from the 39 structural
padding positions on the unified 6 x 20 spatial canvas. A separate dynamic observation-
status variable indicated whether the displacement value at a valid position on a particular
day was directly measured or obtained through causal forward filling.

The original displacement measurements were collected at nonuniform intervals
according to the engineering survey schedule, whereas the environmental records were
organized as daily series. For model construction, all variables were aligned to a common
daily calendar from 2 June 2007 to 10 October 2025, corresponding to 6706 calendar days.
The complete raw displacement-monitoring campaign extends from 5 January 2001 to
10 October 2025. However, the common model-ready period used for forecasting begins
on 2 June 2007, when the retained displacement, environmental, and operational variables
provide joint temporal coverage on the daily grid. All reported observation-availability
and forward-filling statistics in this study are therefore defined on this common 6706-day
model-ready period rather than on the full raw monitoring campaign. The modeling
interval was therefore one day. When an observation was unavailable, the most recently
available historical value was carried forward, and the corresponding observation-status
indicator was set to zero. No backward filling or interpolation using future observations
was employed.

Each daily input object contained 18 channels: three displacement channels, three
original environmental and operational channels, six causally derived rolling channels,
four calendar-encoding channels, one static valid-position-mask channel, and one dynamic
observation-status channel. The prediction target consisted of the X-, Y-, and Z-direction
displacement values at the 81 valid monitoring positions over the subsequent 60 days.
Table 1 summarizes the physical meaning, unit, temporal resolution, and modeling role of
all variables.

Table 1. Physical meaning, unit, temporal resolution, and modeling role of the variables used in
the study.

Category Variable Physical Meaning Unit Temporal Resolution Modeling Role
L Relative displacement along Irregular survey Historical input
Multi-point . I . . . p
. X displacement the positive dam-axis mm observations aligned and forecasting
displacement . q e
direction to the daily timeline target
L Relative horizontal Irregular survey Historical input
Multi-point . . - . p
. Y displacement displacement toward the mm observations aligned and forecasting
displacement S q e
downstream direction to the daily timeline target
Relative vertical displacement 1
L . . Irregular survey Historical input
Multi-point . according to the sign - . p
. Z displacement - 2. mm observations aligned and forecasting
displacement convention of the original a2
- to the daily timeline target
monitoring system
Environmental Air Recorded air temperature at o .
. . C Daily Input
variable temperature the dam site
Operétional Reservoir Reservoir operating water m Daily Input
variable water level level
. Precipitation accumulated
Environmental . . X .
. Rainfall over the corresponding daily mm Daily Input
variable .
interval
Causal rollin 7-dav mean air Mean air temperature over
& Y the current day and the °C Daily derived variable Input

variable

temperature

preceding 6 days
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Table 1. Cont.
Category Variable Physical Meaning Unit Temporal Resolution Modeling Role
. Mean air temperature over
Causa! rolling ;30-day mean the current day and the °C Daily derived variable Input
variable air temperature preceding 29 days
Causal rollin 7-day mean Mean reservoir water level
variable & reservoir water  over the current day and the m Daily derived variable Input
level preceding 6 days
Causal rollin 30-day mean Mean reservoir water level
variable & reservoir water  over the current day and the m Daily derived variable Input
level preceding 29 days
Causal rollin 7-day Rainfall accumulated over the
. & cumulative current day and the preceding mm Daily derived variable Input
variable .
rainfall 6 days
Causal rollin 30-day Rainfall accumulated over the
. & cumulative current day and the preceding mm Daily derived variable Input
variable .
rainfall 29 days
Calendar Day—pf-year Sine .enc':odmg of the position =~ Dimension- Daily derived variable Input
encoding sine within the annual cycle less
Cosine encoding of the . .
Caler@lar Day—of-year position within the annual Dimension- Daily derived variable Input
encoding cosine cycle less
Calendar Sine encoding of the position Dimension-
. Month sine within the month-of-year Daily derived variable Input
encoding cycle less
Calendar Cosine encoding of the Dimension-
. Month cosine position within the Daily derived variable Input
encoding less
month-of-year cycle
Binary indicator
distinguishing the 81 retained Input; defines the
. Valid-position ~ monitoring positions from the Binary . official loss and
Mask variable mask 39 structural padding 0/1) Static evaluation
positions on the unified boundary
6 x 20 spatial canvas
Binary indicator specifying
Data- . whether a displacement value .
T Observation- . o Binary .
availability status indicator at a valid position was 0/1) Daily Input
indicator directly observed or obtained

through causal forward filling

Note: The rolling variables were calculated causally using only the current and preceding observations. For the
valid-position mask, 1 denotes a retained monitoring position and 0 denotes a structural padding position. For
the observation-status indicator, 1 denotes a directly observed displacement value and 0 denotes a value obtained
through causal forward filling.

Descriptive statistics were calculated using the original physical values before normal-
ization. Structural padding positions were excluded from the displacement statistics. For
the three displacement components, the statistics were calculated by pooling displacement
values over all retained monitoring positions. Table 2 summarizes the descriptive statistics
and observation availability of the main continuous variables before normalization. Obser-
vation counts and direct-observation ratios are reported for the original measured variables
before causal forward filling, whereas the minimum, maximum, mean, and standard devia-
tion are reported for both the original measured variables and the causally derived rolling
variables using the model-ready series. These descriptive statistics are provided only for
data characterization, whereas all normalization parameters were estimated exclusively
from the training subset.

https://doi.org/10.3390/eng7080390


https://doi.org/10.3390/eng7080390

Eng 2026, 7, 390

8 of 36

Table 2. Descriptive statistics and observation availability of the main continuous variables

before normalization.

Variable Directly Direct-Observation
Grou Variable Unit Observed Ratio Before Min Max Mean Std.
P Values, N Forward Filling (%)
Panel A. Original measured variables
Displacement X displacement mm 16,304 3 —19524 13552  —6.53 41.54
Displacement Y displacement mm 16,304 3 —355.58  446.37 119.01  102.42
Displacement Z displacement mm 16,304 3 —-10.52  837.07 190.71  203.82
En";g‘zgﬁee“tal Air temperature  °C 6546 97.61 ~548 9926 2065 739
Operational  Reservoir water 6648 99.14 732.85 780 75878  12.46
variable level
E“V;g‘igkr"leental Rainfall mm 2889 43.08 0 149 652 1147
Panel B. Causally derived continuous variables
Causali rolling 7-day mean air oC L o 353 94.73 20.65 703
variable temperature
Causa% rolling  30-day mean air oC . . 487 90.78 20.66 6.4
variable temperature
Causal rollin; 7-day mean
variable & reservoir water m — — 733.14 779.97  758.76 12.44
level
Causal rollin; 30-day mean
variable & reservoir water m — — 734.33 779.86 758.7 12.26
level
. 7-day
Ca‘f;ggllémg cumulative mm — — 0 537 4558 5481
rainfall
. 30-day
Ca‘faﬂ;&lémg cumulative mm — — 0.00 93400 19489  168.83
rainfall

Note: Observation counts and direct-observation ratios are reported only for the original measured variables. The
direct-observation ratio denotes the proportion of directly recorded values on the common model-ready daily grid
before causal forward filling. For the displacement components, the denominator comprises all valid position-day
combinations over the 81 retained monitoring positions and 6706 calendar days, while the 39 structural padding
positions are excluded. For air temperature, reservoir water level, and rainfall, the denominator comprises the
6706 calendar days in the common model-ready period. Observation counts and direct-observation ratios are
not separately reported for the causally derived rolling variables because these variables were constructed from
the causally aligned daily series rather than directly measured. The minimum, maximum, mean, and standard
deviation were calculated from the model-ready series in physical units after daily alignment and causal forward
filling but before normalization.

Across all valid position-day combinations during the common model-ready period,
3.00% contained directly observed displacement values, whereas 97.00% were populated
through causal forward filling. Observation availability was also quantified separately
for survey lines L3-L8. The direct-observation ratios for L3-L8 were 3.19%, 3.18%, 2.16%,
3.32%, 3.28%, and 3.27%, respectively, with corresponding forward-filled proportions of
96.81%, 96.82%, 97.84%, 96.68%, 96.72%, and 96.73%. Observation availability was therefore
not spatially uniform across the monitoring network. In particular, L5 had the lowest
direct-observation ratio and the highest reliance on causal forward filling under the present
daily grid reconstruction.

2.3. Field-Oriented Digital Representation of Monitoring Records

In this study, the reconstructed displacement field is treated as a unified engineering
data object rather than a simple reshaped array.

The original monitoring data are not treated as a collection of isolated point-wise
time series. For dam deformation monitoring, the spatial arrangement of survey lines and
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monitoring points contains important engineering information. Points on the same survey
line describe deformation changes along a similar elevation or structural zone, while points
from different survey lines reflect vertical distribution and deformation differences across
the dam body. Therefore, this study organizes monitoring records as discrete samples of a
dam displacement field rather than independent monitoring sequences.

For each observation day, displacement values from survey lines L3 to L8 are mapped
into a two-dimensional spatial matrix. The row index corresponds to the survey line, and
the column index corresponds to the monitoring point order along that line. The three
displacement directions are stored as separate channels. In this way, the displacement field
at time step f is written as

X; € RH xWxC (1)

where H is the number of survey lines, W is the maximum number of monitoring point
positions among the selected survey lines, and C is the number of displacement compo-
nents. In this study, H = 6 and C = 3. The three channels correspond to the X, Y, and Z
displacement components.

By stacking the daily displacement fields along the time axis, the full monitoring
sequence can be expressed as

Xl:T = {X]/X2/"'/XT} (2)

where T denotes the number of daily time steps after preprocessing. This representation
preserves the survey-line structure of the monitoring system and transforms long-term
deformation records into a field-oriented spatiotemporal forecasting object. It also provides
a common database for comparing different types of forecasting models.

It should be noted that adjacency in the reconstructed 6 x 20 field does not represent a
strict geometric neighborhood in the sense of a regular physical mesh. The row dimension
follows the ordered survey lines from L3 to L8 and therefore preserves the survey-line-
level and elevation-related organization of the monitoring system. The column dimension
follows the aligned monitoring-point order within each survey line, so neighboring columns
primarily indicate ordinal proximity along the same engineering line rather than equal
physical spacing, identical elevation, or one-to-one structural equivalence across different
lines. Accordingly, the reconstructed field should be interpreted as an ordered engineering
representation with constrained physical meaning: it preserves survey-line membership,
within-line positional order, and the broad structural organization of the monitoring system,
but it does not encode exact Euclidean adjacency or a complete geometric representation of
the dam body.

2.4. Definition of Valid-Position Mask for Unequal Monitoring Layouts

A practical difficulty in reconstructing multi-line monitoring data is that different
survey lines contain different numbers of monitoring points. Directly forcing all survey
lines into a fixed-size matrix introduces padded positions that do not correspond to real
observations. If these padded positions are treated in the same way as valid measurements,
they may affect both model training and error evaluation.

To address this problem, a valid-position mask is introduced together with the
displacement-field tensor. The mask is defined as

M e {0,1}[*W 3)

where M}, ;, = 1 indicates that the position (h,w) corresponds to a real monitoring point,
and M, = 0 indicates a padded position. The same mask is shared by the X-, Y-,
and Z-direction displacement channels because the spatial layout is determined by the
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survey-line arrangement. In the reconstructed field, the fixed spatial canvas contains
H x W =6 x 20 =120 positions. Among them, 81 positions correspond to retained valid
monitoring locations used for model training and official evaluation, whereas the remaining
39 positions are structural placeholders introduced to keep a consistent matrix form across
survey lines with unequal numbers of monitored points. These padded positions are part
of the digital representation for computational consistency, but they do not correspond
to actual forecast targets in the present study. The corresponding mask layout is shown
in Figure 2.

- Al e
- Il
- Al
: HEEEEEEEEEE

. HEEEEEEE

: HEEEN

. Valid measurement position (mask = 1) D Structural padding slot (mask = 0

Figure 2. Valid-position masking for unequal monitoring layouts.

During model training and evaluation, losses and errors are calculated only at valid
monitoring positions. For example, the masked mean squared error can be written as

H w C 9 2
Z?:l Z:h:1 Zw:l Ec:l Mh,w (Yt,h,w,c B Yt,h,w,C)

MSE =
mask QCr YW My,

, (4)

where Y}, . and Yt,h,w,c denote the observed and predicted displacement values, respec-
tively, and Q is the forecasting horizon; H and W define the spatial matrix size; and C is
the number of displacement channels. Here, H = 6, W = 20, C = 3, with the three channels
corresponding to the X-, Y-, and Z-direction displacements. The mask prevents padded
positions from contributing to the loss and keeps the evaluation restricted to real monitor-
ing points. Its effect on forecasting performance is model-dependent, which is examined
further in Section 4.3.

In implementation, the valid-position mask is a static two-dimensional binary ma-
trix defined on the common 6 x 20 spatial canvas and shared by all samples. During
loss calculation, the mask is broadcast across the forecasting-horizon and displacement-
channel dimensions so that only valid position-horizon-channel combinations contribute
to the official objective. For PatchTST and TimesNet, the internal predictions are first
restored from the flattened temporal representation to the common 60 x 6 x 20 x 3 future
displacement-field layout before the mask is applied. The same valid-position boundary
is used consistently for training loss, validation loss, checkpoint selection, and test-set
evaluation. The dynamic observation-status channel is used only as input metadata to
distinguish directly observed values from causally forward-filled values and does not
modify the static valid-position boundary.

The same field-oriented representation is used for all four forecasting models. SimVP
and SimVPv2 operate directly on the reconstructed two-dimensional field, whereas
PatchTST and TimesNet use multivariate temporal inputs adapted from the same field-
oriented representation through full-field flattening. The model outputs are then mapped
back to the original field layout for comparison.
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2.5. Data Preprocessing and Supervised Sample Construction

Several preprocessing steps were applied before supervised samples were generated.
First, the displacement baseline was unified to avoid systematic offsets among different
survey lines. Historical monitoring records may use different reference dates or engineering
baselines. In this study, the selected records were converted into a consistent displacement
representation before model training, while the original baseline information was retained
for traceability rather than used as a model input.

Second, missing observations were processed using a causal forward-fill strategy to
obtain continuous daily sequences without introducing future information. After align-
ment to the common daily timeline, both the displacement series and the environmental
series were propagated forward using only previously available observations; backward
filling and full-sequence interpolation were not used in the present rerun. This design
ensured that the reconstructed daily inputs remained consistent with the chronological
forecasting setting.

Third, normalization was applied channel by channel. The normalization parameters
were computed using only the training subset and were then applied to the validation and
test subsets. Environmental variables were standardized using the mean and standard
deviation of the training subset, whereas displacement values were scaled to [0, 1] using the
minimum and maximum values estimated from valid monitoring positions in the training
subset. After prediction, the outputs were transformed back to the original displacement
scale for error calculation and engineering interpretation.

The supervised forecasting samples were generated using a sliding-window strategy.
A historical sequence of 120 consecutive days was used as the input, and the following
60 days were used as the prediction target. For the i-th sample, the input and output are
written as

Si" = Xiit119 (5)

S = X 412014179 (6)

Thus, the model learns the mapping from historical displacement fields to future

displacement fields:
f@ :R120><H><W><C %R60><H><W><C 7)

The sliding window moved along the full monitoring sequence with a stride of
one day. The generated samples were divided into training, validation, and test sets in
chronological order. Random shuffling was not used because the forecasting task should
reflect the engineering situation in which future displacement is predicted only from past
monitoring records.

Figure 3 presents the long-term evolution of the reconstructed displacement records
and the chronological division of the dataset. For each displacement component, the
solid line represents the median value across the retained valid monitoring positions,
while the shaded band denotes the corresponding interquartile range from the 25th to the
75th percentile. The background colors indicate the training, validation, and test periods.
The figure shows that the three displacement components exhibit different long-term
evolution patterns and spatial dispersion characteristics. The chronological split preserves
the temporal order of the monitoring records and ensures that the test subset represents a
later operational stage that is not used during model training.

The X-direction median remains relatively stable over the monitoring period, whereas
the interquartile range varies over time, indicating that local point-wise differences cannot
be fully represented by the global median trend alone.
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Figure 3. Long-term evolution of the three displacement components and chronological data split.
Note: The solid lines represent the daily median displacement across the 81 retained monitoring
positions after daily alignment and causal forward filling, while the shaded bands denote the
corresponding interquartile ranges. The dot markers indicate dates on which direct displacement
observations were available. The background shading indicates training, validation, and test periods.
The 39 structural padding positions are excluded from the displacement statistics.

To complement the displacement evolution shown in Figure 3, Figure 4 presents
the temporal evolution of the main environmental and operational variables used in the
forecasting task, including air temperature, reservoir water level, and daily rainfall. The
background shading indicates chronological training, validation, and test periods. These
variables exhibit different temporal characteristics: air temperature shows pronounced
seasonal fluctuations, reservoir water level reflects cyclic and stage-dependent operating
conditions, and rainfall is intermittent with concentrated high-intensity events.

Training [ Validation [ Test

NN
S &

o 3

VWA ARV

@) Air temperature

780

PN LA DAY

730

(b) Reservoir water level

-10

2008-01-01

2012-01-01 2016-01-01 2020-01-01 2024-01-01

Monitoring date
(c) Rainfall

Figure 4. Time evolution of the main environmental and operational variables used in the forecasting
task. Note: Panels (a—c) show the daily air temperature, reservoir water level, and rainfall series,
respectively. The shaded backgrounds indicate the training, validation, and test periods used in the
forecasting experiments.

The temporal patterns shown in Figure 4 confirm that the forecasting period covers
multiple seasonal cycles and substantially different reservoir operating and rainfall condi-
tions. The chronological split retains these temporal characteristics while ensuring that the
validation and test periods correspond to later operational stages that were not used for
model training. The environmental and operational variables were incorporated not only
in their original daily forms but also through causally derived 7-day and 30-day rolling
features to represent responses over different temporal scales.
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To further characterize the original acquisition pattern of the displacement records,
Figure 5 presents the temporal evolution and observation coverage of the directly observed
X-, Y-, and Z-direction displacements. For each survey date, the upper three panels summa-
rize the directly observed displacement values across the available monitoring positions,
while the bottom panel shows the number of monitoring positions with direct observations.
While the observation-availability ratios reported in Section 2.2 quantify the overall and
survey-line-specific extent of causal forward filling on the common daily grid, Figure 5
illustrates the temporal variation in direct observation coverage during the monitoring
campaign. The complete raw displacement-monitoring campaign extends from 5 January
2001 to 10 October 2025, whereas the common model-ready period begins on 2 June 2007,
when the retained displacement, environmental, and operational records provide joint
temporal coverage.

Displacement (mm)

-100

(a) X-direction displacement

450

350

250 |

150

Displacement (mm)

(b) Y-direction displacement

900
700
500

i

300

Displacement (mm)
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(c) Z-direction displacement
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Number of positions (out of 81)

0
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Common model-ready
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2 June 2007

2005 2007 2009 2011 2013 2015 2017 2019 2021 2023 2025
Observation date
(d) Directly observed monitoring positions

Figure 5. Temporal evolution and observation coverage of the raw L3-L8 displacement measurements.

As shown in Figure 5, both the temporal spacing of the original survey records and
the number of monitoring positions directly observed vary over the monitoring campaign.
Observation coverage is relatively sparse and variable during several earlier periods,
whereas a larger proportion of the 81 retained positions is generally available during the
later monitoring stage. These characteristics support the use of a common daily timeline,
causal forward filling, and the dynamic observation-status indicator. Because the set of
directly observed positions is not identical on all survey dates, changes in the pooled median
and interquartile range should be interpreted together with the observation-coverage panel
and should not be attributed solely to changes in the overall structural response.
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3. Unified Forecasting Framework and Model Adaptation
3.1. Framework for Unified Dual-Route Displacement Forecasting

Based on the field-oriented representation developed in Section 2, multi-point dam
displacement prediction is formulated as a unified forecasting task. The purpose is not
simply to compare several algorithms on the same dataset, but to examine how different
modeling routes behave when they are applied to the same reconstructed monitoring object
under the same physical monitoring definition.

As shown in Figure 6, the long-term monitoring records are first organized according
to the survey-line layout and the X-, Y-, and Z-direction displacement components. The re-
constructed daily displacement field preserves the ordered arrangement of the monitoring
positions. A valid-position-aware protocol is then used to distinguish actual measurement
locations from the structural padding introduced by the unequal numbers of monitor-
ing points across the six survey lines. In this way, padded entries remain part of the
fixed matrix form required for unified modeling, but they are excluded from the official
loss calculation and performance evaluation because they do not correspond to actual
displacement observations.

Long-term dam displacement monitoring data
L3-L8 survey lines
X/YIZ daily sequences

Y

Field-oriented displacement object
x € R6*20%3)

valid-position mask

Y Y
Field-based route Sequence-based route
Preserve 2D spatial layout Full-field flattening to multivariate temporal sequences
SimVP / SimVPv2 PatchTST / TimesNet
Y Y

60-day displacement-field forecasting
120-day historical input — 60-day prediction

Y

Unified restoration and evaluation
Valid-position metrics / horizon-wise behavior / spatial error /
engineering applicability

Figure 6. Unified dual-route forecasting framework for multi-point dam displacement monitoring.

Two forecasting routes are constructed from the same field-oriented displacement
object. The field-based route, represented by SimVP and SimVPv2, directly preserves the
reconstructed two-dimensional spatial layout during forecasting. The sequence-based
route, represented by PatchTST and TimesNet, reorganizes the same unified field-oriented
tensor into multivariate temporal sequences through full-field flattening. The distinction
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between the two routes therefore lies mainly in how the same physical monitoring object
is represented during feature extraction and prediction, rather than in differences in data
source, prediction target, or evaluation boundary.

The forecasting task is kept identical for all four models. Historical displacement
records over 120 consecutive days are used to predict the displacement evolution over the
following 60 days. The chronological data split, normalization procedure, valid-position
loss and evaluation boundary, and official performance metrics remain unchanged across
the experiments. After prediction, the outputs of both routes are restored to the original
monitoring layout and evaluated at the same valid monitoring positions. This unified
setting allows differences in forecasting performance to be interpreted mainly in terms of
the modeling route rather than inconsistencies in data preparation.

The dual-route framework is also relevant to digital engineering practice. Long-term
monitoring systems often require model replacement, periodic retraining, and continuous
updating as new measurements become available. A common field-oriented displacement
object provides a stable connection between the engineering monitoring layout and differ-
ent forecasting models. It therefore supports not only route-level comparison of predictive
behavior, but also the assessment of direction-wise differences, horizon-wise stability, spa-
tial error distribution, and engineering applicability within a unified digital representation.

3.2. Adaptation of Field-Based and Sequence-Based Models

The four forecasting models considered in this study differ in how they represent
and process monitoring data. To ensure a consistent comparison, all models start from
the same unified field-oriented input object, while their inputs are adapted according to
the native structure of each model. In the main experiments, the physical meaning of the
monitoring positions, the valid-position loss and evaluation boundary, and the forecasting
target remain unchanged throughout the adaptation process.

3.2.1. Field-Based Route

For SimVP and SimVPv2, the reconstructed field-oriented tensors are used directly
as model inputs. The row dimension corresponds to survey lines L3-L8, and the col-
umn dimension represents the aligned monitoring-point positions along each line. The
channel dimension contains the displacement, environmental, valid-position-mask, and
observation-status information defined in Section 3.4. The prediction target contains the
X-, Y-, and Z-direction displacement components only. Structural padding is retained to
preserve the fixed matrix size, while the valid-position-aware protocol ensures that padded
entries are excluded from the official loss calculation and performance evaluation.

This route explicitly preserves the two-dimensional organization of the monitoring
network during forecasting. Proximity in the reconstructed field reflects the ordered
engineering arrangement of survey lines and monitoring points rather than strict Euclidean
adjacency. The field-based route should therefore be interpreted as exploiting survey-
line membership, within-line positional order, and the local continuity implied by the
monitoring arrangement, without assuming that every pair of neighboring matrix cells
represents physically adjacent locations in the dam geometry. The field-based route is
therefore used to examine how explicit preservation of the ordered monitoring layout
affects multi-point displacement forecasting under the same physical monitoring definition.

3.2.2. Sequence-Based Route

For PatchTST and TimesNet, the same unified field-oriented input object is reused,
but it is internally adapted into a multivariate temporal sequence for sequence mod-
eling. In the current implementation, each sample first enters the framework as a
120 x 6 x 20 x 18 tensor, and the sequence-based models then flatten the spatial-canvas
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and channel dimensions into a daily multivariate representation before temporal feature
extraction. Under this setting, the effective internal sequence input can be viewed as a
120 x 2160 multivariate series, while the prediction target remains defined on the unified
60 x 6 x 20 x 3 displacement field.

In this route, the two-dimensional engineering layout is no longer explicitly preserved
during temporal modeling. Instead, the fixed variable ordering maintains a stable corre-
spondence between each temporal variable and its original physical position after full-field
flattening. Spatial relationships are therefore not encoded directly and can only be learned
indirectly from statistical dependencies among the flattened variables.

Comparing this route with the field-based route helps clarify how different model
families behave when they are applied to the same physical monitoring object under
the same prediction task and evaluation boundary. In the subsequent restoration and
evaluation stage, predictions are mapped back to the unified displacement-field form and
evaluated at the same valid monitoring positions. When the monitoring configuration
changes, sequence-based models may offer higher update flexibility, although feature-index
remapping and model-specific input adaptation may still be required.

The model adaptations are summarized in Table 3.

Table 3. Adaptation of the four forecasting models under the unified field-oriented engineering
data object.

Model Forecasting Route Model Input Treatment of Spatial Structure Role in this Study
Field-oriented spatiotemporal = Explicitly retained through the -y
SimVP Field-based route tensor defined on the unified  reconstructed survey-line and Comp abztsgﬁii based
6 x 20 canvas monitoring-point layout
Field-oriented spatiotemporal ~ Explicitly retained through the - 11
SimVPv2 Field-based route tensor defined on the unified  reconstructed survey-line and Enhanc;e;iofé(—;lld based
6 x 20 canvas monitoring-point layout
Multivariate temporal Nc?t explicitly p reserve.:d
during temporal modeling;
sequence adapted from the . Transformer-based
PatchTST  Sequence-based route e stable physical correspondence :
same unified tensor through . . . temporal baseline
. . retained through fixed variable
full-field flattening .
ordering
Multivariate temporal N(?t explicitly preserve.d
during temporal modeling; General
. sequence adapted from the .
TimesNet  Sequence-based route e stable physical correspondence temporal-pattern
same unified tensor through . . . ;
retained through fixed variable baseline

full-field flattening ordering

3.3. Representative Forecasting Models and Non-Neural Baselines

Four trained forecasting models were implemented to compare field-based and
sequence-based routes under the same field-oriented engineering data object. SimVP
and SimVPv2 represent the field-based route and operate directly on the reconstructed
spatiotemporal field tensor, retaining the ordered survey-line and monitoring-point layout
during feature extraction. PatchTST and TimesNet represent the sequence-based route and
use multivariate temporal inputs obtained from the same unified tensor through full-field
flattening. Although their internal representations differ, all four trained models receive
information derived from the same unified 120-day input object, generate the complete
60-day forecasting horizon, and restore their outputs to the common 60 x 6 x 20 x 3
displacement-field layout before valid-position-aware evaluation. In addition, a persis-
tence baseline and a Holt damped-trend baseline were introduced to provide non-neural
reference levels for the forecasting task under the same information boundary.
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3.3.1. SimVP

SimVP is used as the compact representative model for the field-based route [13]. The
model adopts an encoder—translator-decoder architecture built entirely with convolutional
neural networks. The encoder extracts spatial features from the historical inputs, the
translator models temporal evolution in the latent space, and the decoder reconstructs the
future field sequence.

In the present implementation, SImVP directly receives the 120 x 6 x 20 x 18 field-
oriented input tensor and generates a complete 60-day forecast in a single forward pass.
The spatial encoder, temporal translator, and decoder use hidg = 16, hidr = 128, Ng =2,
Nt =4, and Np = 2. The model output is mapped to the common 60 x 6 x 20 x 3
displacement-field form before the valid-position-aware loss and evaluation procedures
are applied. Its relatively compact architecture provides a direct reference for examining
whether preservation of the reconstructed monitoring layout is sufficient for medium-term
multi-point displacement forecasting.

3.3.2. SimVPv2

SimVPv2 is included as an enhanced model for the field-based route [14]. It simplifies
the original SimVP architecture by replacing heavier U-Net-like components with plain
convolutional stacks and introduces a Gated Spatiotemporal Attention mechanism to
improve feature modeling. The model retains the ability to perform direct multi-step
forecasting while providing an enhanced field-based architecture relative to SImVP.

In this study, SimVPv2 uses the same 120 x 6 x 20 x 18 field-oriented input tensor,
the same 60 x 6 x 20 x 3 output definition, and the same valid-position-aware loss and
evaluation boundary as SimVP. Its implementation uses hidg = 16, hidr = 128, Ng =2, N7 =4,
and Np = 2. The comparison between SimVP and SimVPv2 therefore isolates the effect of
the enhanced field-based feature-transformation mechanism while keeping the monitoring
representation, forecasting horizon, and physical evaluation boundary unchanged.

3.3.3. PatchTST

PatchTST is selected as the Transformer-based representative model for the sequence-
based route [15]. It divides each historical time series into temporal patches and uses
these patches as input tokens. This reduces the effective sequence length and allows the
model to capture longer temporal dependencies more efficiently. PatchTST also adopts a
channel-independent design, in which the same embedding and Transformer weights are
shared across variables.

In the present framework, each sample first enters the unified data pipeline as a
120 x 6 x 20 x 18 tensor. The 6 x 20 spatial canvas and the 18 input channels are then
flattened according to fixed position—channel ordering, producing a 120 x 2160 multivariate
temporal input for PatchTST. The implementation uses a patch length of 4, a patch stride
of 2, four attention heads, and a dropout rate of 0.1. The complete 60-day output is
subsequently restored to the common 60 x 6 x 20 x 3 displacement-field layout before
the valid-position mask is applied. Thus, the physical correspondence of each variable is
preserved through fixed ordering, although the two-dimensional monitoring layout is not
explicitly encoded during temporal modeling. Its performance therefore provides a useful
reference for assessing how temporal modeling without explicit two-dimensional layout
encoding can support multi-point dam displacement forecasting [17].

3.3.4. TimesNet

TimesNet is used as a general temporal-pattern representative model for the sequence-
based route [16]. The model identifies multiple periodic patterns in a time series and

https://doi.org/10.3390/eng7080390


https://doi.org/10.3390/eng7080390

Eng 2026, 7, 390

18 of 36

transforms one-dimensional temporal variations into a set of two-dimensional tensors. The
resulting representation allows intraperiod and interperiod variations to be modeled jointly
through TimesBlock.

In this study, TimesNet uses the same 120 x 2160 multivariate temporal input as
PatchTST, obtained by flattening the 6 x 20 spatial canvas and the 18 input channels accord-
ing to the same fixed ordering. The implementation retains the three most prominent tem-
poral periods through the top-k setting of k = 3. The model generates the complete 60-day
forecast, after which its output is reshaped to the common 60 x 6 x 20 x 3 displacement-
field layout. The same static valid-position mask is then used to define the official loss
and evaluation boundary. Its inclusion provides a reference for assessing whether multi-
period temporal modeling can capture the displacement evolution when the original
two-dimensional survey-line layout is not explicitly retained.

3.3.5. Non-Neural Forecasting Baselines

Two non-neural reference baselines were introduced to provide reference levels for the
forecasting task under the same information boundary. The persistence baseline repeats
the displacement field available on the last day of the 120-day input window across the full
60-day forecasting horizon. The Holt damped-trend baseline independently fits a damped
additive trend to each displacement component at each valid monitoring position using
the same 120-day daily aligned and causally forward-filled input sequence. The level,
trend, and damping parameters were estimated using the numerical optimization routine
implemented in the forecasting library. Neither baseline used environmental or operational
variables. Both baselines used only information available before the forecasting origin
and were evaluated using the same test samples, forecasting horizons from ¢ + 1 to ¢ + 60,
valid-position evaluation boundary, and evaluation metrics as the four trained models. The
39 structural padding positions were excluded from the evaluation.

3.4. Training Protocol

All four forecasting models were trained using the same supervised samples con-
structed from the long-term daily monitoring records. A unified field-oriented feature
tensor was defined on a common 6 x 20 spatial canvas. For each day, the input tensor
contained three displacement channels, thirteen environmental channels, one static valid-
position mask channel, and one daily observation-status channel, giving 18 channels in
total. The environmental channels comprised three original daily variables, namely air
temperature, reservoir water level, and rainfall; six causal rolling features were derived
from them, namely 7-day and 30-day temperature means, 7-day and 30-day water-level
means, and 7-day and 30-day rainfall sums; and four calendar encodings were derived,
namely day-of-year sine/cosine and month sine/cosine. The observation-status channel
was defined point by point on the same 6 x 20 canvas, where a value of 1 indicated that the
corresponding position had an actual observation on that day and a value of 0 indicated that
the value at that position was carried forward after daily alignment. This dynamic chan-
nel was different from the static valid-position mask, which only distinguished retained
monitoring locations from structural padding positions.

Each input sample therefore had a shape of 120 x 6 x 20 x 18, and each prediction
target had a shape of 60 x 6 x 20 x 3.

The dataset was divided chronologically into training, validation, and test subsets
using a nominal 70/10/20 split, without random shuffling across time. Under the causal
forward-fill-only reconstruction used in the present rerun, the common daily timeline
extended from 2 June 2007 to 10 October 2025. The training period covered 2 June 2007 to
7 April 2020, the validation period covered 8 April 2020 to 6 February 2022, and the test
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period covered 7 February 2022 to 10 October 2025. A one-day sliding window was used to
generate supervised samples. For the training subset, the prediction horizon of each sample
was constrained to fall entirely within the training period. For the validation and test
subsets, the historical input window was allowed to extend into the immediately preceding
period, while the prediction horizon remained entirely within the corresponding evalua-
tion period. This preserved temporal continuity without introducing future-information
leakage. The resulting dataset contained 4515 training samples, 611 validation samples,
and 1283 test samples.

Normalization parameters were estimated from the training subset only. Environmen-
tal variables were standardized using the mean and standard deviation of the training
subset, whereas displacement values were scaled to [0, 1] using the minimum and maxi-
mum values estimated from valid monitoring positions in the training subset. The same
parameters were then applied to the validation and test subsets. After inference, all predic-
tions were transformed back to the original displacement scale before error calculation.

The models were trained using Adam with an initial learning rate of 3 x 10~%, a batch
size of 16, and a weight decay of 1 x 10~%. Smooth L1 loss with = 0.02 was adopted during
optimization. A five-epoch warmup followed by cosine decay was used for learning-rate
scheduling, with the minimum learning rate set to 10% of the initial value. Each model was
trained for 50 epochs, and the checkpoint with the lowest validation loss was selected for
final evaluation.

During optimization, the training and validation losses were computed only at valid
monitoring positions using the static valid-position mask, and the same boundary was
retained for checkpoint selection and test-set evaluation. The dynamic observation-status
channel was used only as input metadata and did not redefine the official loss or evalu-
ation boundary. The influence of the mask setting is examined separately in Section 4.3.
The common experimental settings are summarized in Table 4, while the model-specific
architectural settings are listed in Table 5.

Table 4. Common experimental settings of the four forecasting models.

Item Common Setting
Spatial canvas 6 x 20
Input channels per day 18
Input window 120 days
Forecasting horizon 60 days
Sliding-window stride 1day
Input sample shape 120 x 6 x 20 x 18
Prediction target shape 60 x 6 x20x3
Train/validation/test split Nominal 70/10/20 split; chronological order; no random shuffling
Optimizer Adam
Initial learning rate 3 x 1074
Batch size Requested batch sizg: 16; runtime batch si;e adjusted when needed
according to model and device memory
Weight decay 1x1074
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Table 4. Cont.

Item Common Setting
Smooth L1 loss, 8 = 0.02

5-epoch warmup followed by cosine decay

Loss function

Learning-rate schedule

Minimum learning rate 10% of the initial learning rate

Training epochs 50

Model selection criterion Lowest validation loss

Loss/evaluation scope Official loss and evaluation are computed on valid positions only

Training loss

Validation loss

Training loss

Validation loss

03788

03035

02282

0.1528

00775

0.0022
1

07154

05727

0.4300 ()

02873

0.1446

0.0018
1

03195

02560

0.1924

0.1289

0.0653

0.0018
1

0.1328

0.1063

0.0799

0.0534

0.0269

0.0005
1

Table 5. Main architecture-specific settings of the four forecasting models.

Model Model-Specific Architectural Settings

SimVP hidg = 16; hidr = 128; Ngs =2; Nr =4; Np =2
SimVPv2 hidg = 16; hidy =128; Ng =2, Ny =4; Np =2
PatchTST Patch length: 4; patch stride: 2; number of heads: 4; dropout: 0.1
TimesNet Top-k periods: 3

Figure 7 presents the combined training and validation loss curves of the four models.
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Figure 7. Training and validation loss curves of the four forecasting models.

Although the convergence patterns are not identical, the loss trajectories remain

bounded and generally stabilize as training proceeds. SimVP and SimVPv2 show notice-

able validation fluctuations during the early and intermediate stages, followed by more
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stable behavior in the later epochs. PatchTST converges rapidly during the initial stage and
then remains at a relatively low loss level, although moderate fluctuations are still observed
during the middle stage. TimesNet also exhibits noticeable early adjustments before reach-
ing a relatively stable level in the later epochs. Overall, the four models show reasonable
convergence behavior under the adopted training protocol, providing a consistent basis for
the subsequent test-set comparison.

3.5. Engineering-Oriented Evaluation Strategy

The evaluation strategy was designed to assess not only predictive accuracy, but also
the engineering usefulness of the proposed framework under the same physical monitoring
definition. Unless otherwise stated, the official performance metrics were computed only at
valid monitoring positions, whereas padded locations introduced during matrix reconstruc-
tion were excluded because they did not correspond to actual displacement observations.

The evaluation covered five complementary aspects. Overall test-set performance was
compared using MSE, RMSE, MAE, and R? for the X-, Y-, and Z-direction displacement
components, because the three directions have different physical meanings and may ex-
hibit different temporal and spatial behaviors. Route-level horizon-wise errors were then
examined at four representative forecasting horizons, namely ¢ + 1, + 7, t + 30, and t + 60.
The field-based route was represented by the mean performance of SimVP and SimVPv2,
whereas the sequence-based route was represented by the mean performance of PatchTST
and TimesNet. Spatial error distributions were further analyzed by mapping the mean ab-
solute error at each valid monitoring position back to the reconstructed displacement-field
layout. The spatial MAE was averaged over the test samples and the same four repre-
sentative forecasting horizons, so that local error concentrations and route-level spatial
differences could be examined directly.

A validation-based ablation of the valid-position-aware loss boundary was also con-
ducted under the same time-ordered split and the same main hyperparameter settings. The
only factor that changed was whether the training and validation loss was computed over
valid monitoring positions only or over all matrix positions, including structural padding
entries. This analysis was intended to clarify the methodological role of the valid-position-
aware protocol in defining a physically meaningful monitoring boundary, rather than to
assume that it would necessarily improve every model. Engineering applicability was
finally compared in terms of parameter scale, training-step time, single-sample inference
latency, dependence on the two-dimensional monitoring layout, and ease of deployment
and updating. The reported timing results were intended for relative comparison within
the current computing environment rather than as absolute cross-platform benchmarks.

4. Forecasting Results and Route-Level Evaluation
4.1. Overall Forecasting Performance of the Four Models

The overall forecasting performance of the six models was evaluated on the held-
out test set constructed from the daily monitoring series after causal forward-fill-only
preprocessing. Under this reconstruction, the test period extended from 7 February 2022
to 10 October 2025. All metrics were computed only at valid monitoring positions under
the valid-position-aware evaluation boundary. This evaluation setting ensured that the
reported errors corresponded to actual monitoring locations rather than structural padding
entries introduced during displacement-field reconstruction. The adopted metrics included
MSE, RMSE, MAE, and R2. Table 6 summarizes the direction-wise prediction results of
SimVP, SimVPv2, PatchTST, and TimesNet on this held-out test set.
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Table 6. Direction-wise forecasting performance of the two non-neural baselines and the four trained
models on valid monitoring positions of the test set.

RMSE MAE

Direction Model MSE (mm?) R?
(mm) (mm)
Persistence baseline 9.4 3.1 15 0.9958
Holt damped trend 9.5 3.1 1.5 0.9958
SimVP 94 3.1 1.5 0.9958
X SimVPv2 9.8 3.1 16 0.9957
PatchTST 9.6 3.1 1.6 0.9957
TimesNet 9.7 3.1 1.6 0.9957
Persistence baseline 99.4 10.0 1.7 0.9911
Holt damped trend 99.4 10.0 1.7 0.9911
SimVP 100.0 10.0 1.9 0.9911
Y SimVPv2 100.4 10.0 2.0 0.9910
PatchTST 100.9 10.0 2.2 0.9910
TimesNet 100.8 10.0 2.1 0.9910
Persistence baseline 34 1.8 1.0 0.9999
Holt damped trend 3.4 1.8 1.0 0.9999
SimVP 29 1.7 1.0 0.9999
z SimVPv2 2.8 17 1.0 0.9999
PatchTST 2.8 1.7 1.0 0.9999
TimesNet 3.1 1.8 1.1 0.9999

To provide a fair comparison with the persistence and Holt damped-trend baselines,
the four forecasting architectures were additionally rerun using a residual-anchor formula-
tion. In this comparison setting, each model predicted the future displacement residual
relative to the last model-ready displacement field in the 120-day input window. The
predicted residuals were independently inverse-transformed to the original physical units
and then added to the corresponding anchor field to reconstruct the absolute displacement
forecasts. All six methods were evaluated using the same test samples, forecasting horizons,
valid-position boundary, and physical-unit error metrics.

All methods were evaluated using the same held-out test samples, forecasting hori-
zons from t + 1 to t + 60, and the same 81 retained monitoring positions. The 39 structural
padding positions were excluded from the evaluation. For the four trained models, the
forecasting targets were defined as future displacement residuals relative to the last dis-
placement field in the input window. The predicted residuals were added to the last input
state to reconstruct the absolute displacement fields before calculating the evaluation met-
rics. Lower MSE, RMSE, and MAE values indicate better performance, whereas higher R?
values indicate closer agreement with the observed displacements. Bold values identify the
best results based on unrounded numerical values.

As shown in Table 6, all six methods achieved high goodness-of-fit values, with R?
values of approximately 0.996 in the X direction, 0.991 in the Y direction, and 0.9999 in the Z
direction. However, the relative performance of the trained models and the two non-neural
baselines varied across displacement directions and evaluation metrics.

In the X direction, all six methods produced essentially comparable results under the
present case-specific setting. All RMSE values were 3.1 mm at the reported precision, while
the MAE values ranged from 1.5 to 1.6 mm. The persistence baseline, Holt damped-trend
baseline, and SimVP also yielded similar MSE values of approximately 9.4-9.5 mm?. These
differences are smaller than the adopted reporting precision and should not be interpreted
as practically meaningful evidence that any individual method is generally more suitable
for X-direction displacement forecasting.

https://doi.org/10.3390/eng7080390


https://doi.org/10.3390/eng7080390

Eng 2026, 7, 390

23 of 36

In the Y direction, all methods obtained an RMSE of 10.0 mm at the reported precision,
with R? values ranging from 0.9910 to 0.9911. The two non-neural baselines achieved lower
MAE values of 1.7 mm, whereas the trained models produced MAE values ranging from
1.9 to 2.2 mm. Thus, under the present dam case and evaluation setting, the trained models
did not demonstrate a consistent numerical advantage in the Y direction, despite exhibiting
comparable squared-error-based performance.

In the Z direction, several trained models achieved lower squared-error-based metrics
than the two non-neural baselines under the current experimental setting. SImVP, SimVPv2,
and PatchTST yielded an RMSE of 1.7 mm, compared with 1.8 mm for the persistence and
Holt damped-trend baselines, while their MSE values were approximately 2.8-2.9 mm?,
compared with 3.4 mm? for the baselines. TimesNet obtained a lower MSE than the
baselines but the same reported RMSE of 1.8 mm. The MAE values remained close to
1.0 mm for most methods. These observations indicate a case-specific improvement in
Z-direction squared-error-based metrics, but they do not establish that the corresponding
architectures are generally more suitable for vertical displacement forecasting.

Overall, the four trained models did not exhibit universal superiority over the persis-
tence and Holt damped-trend baselines. Under the present single-dam and case-specific
experimental setting, their performance was essentially comparable to the baselines in the
X direction, comparable in RMSE but weaker in MAE in the Y direction, and moderately
better in the Z-direction squared-error-based metrics. These findings should be interpreted
as case-specific comparative evidence rather than as a general direction-specific model-
selection rule. Beyond aggregate numerical accuracy, the trained models operate within the
proposed field-oriented forecasting framework, which incorporates environmental and op-
erational variables and supports joint forecasting and spatial reconstruction of multi-point
displacement fields.

Figure 8 provides a qualitative illustration of the spatial reconstruction behavior of
the four trained forecasting architectures under the route-comparison setting. It presents a
representative comparison of the observed and predicted Z-direction displacement fields
att+1,t+30,and t + 60. The Z-direction component was selected because it exhibits the
largest displacement magnitude and provides a clear visualization of the spatial deforma-
tion distribution. The selected case corresponds to a median-error sample under the SimVP
test-set error ranking and is used to illustrate typical rather than best-case forecasting be-
havior. Gray cells denote structural padding positions excluded from the valid monitoring
boundary. Accordingly, Figure 8 serves as a qualitative route-level illustration and is not
used to support the residual-anchor baseline-comparison metrics reported in Table 6.

As shown in Figure 8, all four models reproduce the overall spatial pattern of the
observed displacement field. In particular, the central high-displacement region and the
surrounding lower-displacement zones remain identifiable across the three forecasting
horizons. This similarity indicates that the predicted and observed fields exhibit broadly
consistent spatial distributions rather than agreement only at isolated monitoring positions.
The main discrepancies occur in the local displacement magnitude and the spatial extent
of the central high-displacement region. These differences become more visible at longer
forecasting horizons, particularly at t + 60, although the principal spatial organization of
the observed field is still retained.

https://doi.org/10.3390/eng7080390


https://doi.org/10.3390/eng7080390

Eng 2026, 7, 390

24 of 36

L3 L3 L3
L =IIIII II= L =IIIII III= L =IIIII III=

s | HEE INENENEN BN (| EEN INENENEE BN | EEN INEEENEN Em
L] | L] | 6 L] |

7 LT ] 7 L] 7 L LT L

8 HERNEN 8 HRNER 8

) =Illlll—lll= ) =Illlll—lll= )

v ANENES HEN - EEENES SNEN - EEENES |

s | HEE INENENEN BN (| EEN INNNENEN BN | EEN INEEENEN Em

L6 L6 L6

L[]
7 LT ] 7 L] 7 NENEENEE
HERNEN ERNEN

t+1

t+30

L3 L3 L3
v ANENES HEN - EEENES HNEN - EEENES |
s | HEE INENENEN BN (| EEN INENENEN BN | EEN INEEENEN Em

BT | L[] [ ] I | L[] [ ] I | L[]
7 EEENNEEE 7 EEENNEEE 7 EEEEEEEE
L8 HEEEN L8 HENEN L8
Observed SimvVP SimvPv2

Field-based models

L
L =IIIII II= L =IIIII III= L =IIIII III=
EEE. " ANNEEEEN BN | EES.  ANENEESE BN | EES. |  ANENENSE EE
L] ] EEEN u

W | 16 | | 16 | [ [ []] [
EEEEER HEREEEER HERNEEEE
| [ | ]| | [ | ]|
NN
w30 | | IEENEENE BN
HEEER [ |
| [ T[]

Y =.===:..==lllll=.===

PatchTST TimesMet
Sequence-based models

Displacement (mm)
-53 826.2

+60

Figure 8. Representative comparison of observed and predicted Z-direction displacement fields for
the four trained forecasting models on the test set. Note: The figure presents one representative
test sample evaluated at three forecasting horizons, namely t + 1, t + 30, and ¢ + 60, rather than
three independent test samples. Gray cells denote structural padding positions excluded from the
valid monitoring boundary. The selected sample corresponds to a median-error case according to
the SimVP test-set error ranking and is used to illustrate typical rather than best-case forecasting
behavior. The observed fields are repeated in field-based and sequence-based groups to facilitate
direct within-group comparison.

The quantitative results in Table 6 further show that forecasting performance should
be interpreted jointly using absolute-error and goodness-of-fit metrics. In the X direction,
all six methods achieved essentially comparable performance, with RMSE values of 3.1 mm
and MAE values ranging from 1.5 to 1.6 mm. In the Y direction, all methods yielded an
RMSE of 10.0 mm at the reported precision, although the persistence and Holt damped-
trend baselines achieved lower MAE values of 1.7 mm than the four trained models, the
MAE values of which ranged from 1.9 to 2.2 mm. In the Z direction, SImVP, SimVPv2,
and PatchTST achieved lower RMSE values of 1.7 mm than the two non-neural baselines,
which both yielded 1.8 mm. Their MSE values were also reduced from 3.4 mm? for the
baselines to approximately 2.8-2.9 mm?, whereas the MAE values remained generally close
to 1.0 mm.

Overall, the four trained models did not exhibit universal superiority over the persis-
tence and Holt damped-trend baselines across all displacement directions and evaluation
metrics. Their performance was essentially comparable to the baselines in the X direction,
comparable in RMSE but weaker in MAE in the Y direction, and moderately better in
the Z-direction squared-error-based metrics. These results confirm the strong persistence
of the monitored displacement series and indicate that forecasting effectiveness remains
direction-dependent. Beyond aggregate numerical accuracy, the trained architectures oper-
ate within the proposed field-oriented framework, which integrates environmental and
operational variables and supports joint multi-point forecasting and spatial reconstruction.
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The following analysis therefore focuses on the relative behavior of the field-based and
sequence-based routes across forecasting horizons and displacement components.

4.2. Horizon-Wise Comparison of Field-Based and Sequence-Based Routes

To further evaluate the influence of the modeling route on multi-step displacement
forecasting, the four models are grouped into two categories. The field-based route consists
of SImVP and SimVPv2, which directly process the reconstructed displacement-field tensor.
The sequence-based route consists of PatchTST and TimesNet, which reorganize the same
unified displacement-field object into multivariate temporal sequences. For each route, the
reported values represent the mean test-set performance of the two corresponding models.
The comparison is conducted at four representative forecasting horizons: (t + 1), (t +7),
(t + 30), and (t + 60).

Table 7 presents the horizon-wise comparison between the two routes. The field-based
route achieves slightly lower overall MAE values at all four forecasting horizons, with
differences ranging from 0.0606 to 0.0985. The overall RMSE results are more balanced. The
field-based route performs marginally better at t + 1 and t + 7, whereas the sequence-based
route achieves slightly lower RMSE values at ¢ + 30 and t + 60. The largest overall RMSE
difference between the two routes is less than 0.10. Therefore, the present results do not
indicate a systematic overall advantage for either forecasting route.

Table 7. Horizon-wise comparison between field-based and sequence-based forecasting routes.

Route

Horizon

MAE RMSE MAE-X MAE-Y MAE-Z RMSE-X RMSE-Y RMSE-Z
(mm) (mm) (mm) (mm) (mm) (mm) (mm) (mm)

Field-based
Sequence-based
Field-based
Sequence-based
Field-based
Sequence-based
Field-based
Sequence-based

t+1
t+1
t+7
t+7
t+30
t+30
t+60
t +60

6.0354 9.7518 4.6695 4.1522 9.2843 6.6467 9.3248 12.3960
6.1144 9.8495 4.6672 4.4010 9.2751 6.7064 9.8658 12.1952
6.0039 9.7406 4.6836 4.1880 9.1401 6.6449 9.4843 12.2562
6.1024 9.8219 4.6737 4.4180 9.2156 6.6787 9.8764 12.1347
5.9840 9.7733 4.7370 4.2469 8.9680 6.6387 9.8267 12.0727
6.0446 9.7267 4.6880 4.4917 8.9539 6.5803 9.9178 11.9220
5.8971 9.6492 4.7956 4.2395 8.6561 6.6185 9.8654 11.7456
5.9639 9.5931 4.7101 4.6280 8.5536 6.5086 10.0083 11.5554

Figure 9 further visualizes the horizon-wise RMSE trends of the two forecasting routes,
including the overall results and the direction-specific results for the X-, Y-, and Z-direction
displacement components.

Figure 9 further visualizes the horizon-wise RMSE trends of the two forecasting routes.
At each forecasting horizon, the RMSE of each model was calculated using prediction errors
pooled over all test samples and valid monitoring positions, and the route-level value was
obtained by averaging the RMSE values of the two constituent models. Panel (a) shows the
overall route-level RMSE across the three displacement components, whereas panels (b—d)
show the corresponding X-, Y-, and Z-direction RMSE values, respectively.

The direction-wise results reveal more specific route-level differences. For the Y-
direction displacement, the field-based route consistently achieves lower RMSE values
across all four representative horizons. The difference is most evident at t + 1, where the
field-based and sequence-based routes obtain RMSE values of 9.3248 and 9.8658, respec-
tively. This suggests that explicitly retaining the reconstructed monitoring layout may
provide useful information for predicting the Y-direction displacement response under the
present engineering setting.
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Figure 9. Horizon-wise RMSE comparison between field-based and sequence-based forecasting
routes. Note: At each forecasting horizon, the model-specific RMSE was calculated using prediction
errors pooled over all test samples and all valid monitoring positions. The plotted route-level value
was then obtained as the arithmetic mean of the two model-specific RMSE values within each route:
SimVP and SimVPv?2 for the field-based route, and PatchTST and TimesNet for the sequence-based
route. Panel (a) shows the overall route-level RMSE across the three displacement components,
whereas panels (b—d) show the corresponding X-, Y-, and Z-direction RMSE values, respectively.

For the Z-direction displacement, the sequence-based route shows slightly lower
RMSE values across all four horizons. At t + 60, the corresponding RMSE values are 11.5554
and 11.7456 for the sequence-based and field-based routes, respectively. The X-direction
results exhibit a horizon-dependent transition: the field-based route performs slightly
better at t + 1 and t + 7, whereas the sequence-based route achieves lower RMSE values at
t+30and t + 60.

Neither route exhibits evident progressive error amplification across the representa-
tive forecasting horizons. Overall, the results indicate that the influence of the modeling
route depends on both the displacement component and the forecasting horizon. Explicit
preservation of the reconstructed field layout may be beneficial for the Y-direction displace-
ment, whereas sequence-based temporal modeling remains competitive for the Z-direction
displacement and for longer-horizon X-direction forecasts. Rather than demonstrating the
universal superiority of one route, the comparison highlights the importance of evaluating
different forecasting models within the same physical monitoring definition and under a
unified digital representation.

4.3. Ablation Analysis of Valid-Position Masking

The valid-position-aware protocol is introduced to handle the unequal numbers of
monitoring points among different survey lines in the reconstructed displacement field.
To examine its influence, a validation-based ablation experiment is conducted using the
same time-ordered 70/10/20 dataset split and the same main hyperparameter settings
as the main experiments. The only changed factor is the loss boundary: the training and
validation loss is computed either on valid monitoring positions only or on all matrix
positions, including structural padding entries.

Figure 10 visualizes the valid-position validation RMSE obtained under these
two loss-boundary settings. The mixed response across the four models indicates that

https:/ /doi.org/10.3390/eng7080390


https://doi.org/10.3390/eng7080390

Eng 2026, 7, 390

27 of 36

extending the loss calculation to padded positions does not produce a uniform effect on
validation accuracy.
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Figure 10. Validation-based ablation of the valid-position-aware loss boundary.

For SimVP, extending the loss calculation from valid positions to all matrix positions
increases the valid-position validation RMSE from 9.9 mm to 10.6 mm. For TimesNet, the
same change also leads to a slight increase, from 9.8 mm to 10.0 mm. By contrast, SimVPv2
and PatchTST show lower valid-position validation RMSE values under the all-position
loss setting, decreasing from 9.5 mm to 8.7 mm and from 9.6 mm to 9.6 mm, respectively.
These results suggest that the influence of structural padding is model-dependent rather
than uniformly beneficial or detrimental.

Table 8 provides supplementary information that is not fully shown in Figure 10,
including the selected checkpoint epoch under the all-position loss setting, the change
in valid-position RMSE, and the corresponding all-position RMSE values under the two
loss-boundary settings.

Table 8. Detailed results of the validation-based ablation of the valid-position-aware loss boundary.

All-Position RMSE Under

Mode Ao AVESIMSE g poononty Lo el i KNSE Under
SimVP 46 +0.6392 8.1686 8.6937
SimVPv2 45 —0.7908 7.8255 7.1758
PatchTST 44 —0.0312 7.9013 7.8757
TimesNet 44 +0.1303 8.0744 8.1815

Note: Best epoch refers to the checkpoint selected under the all-position loss setting. “Valid-position-only loss”
and “all-position loss” indicate whether the training and validation loss are computed on valid monitoring
positions only or on all matrix positions, respectively. A valid-position RMSE is calculated as the valid-position
validation RMSE under the all-position loss setting minus that under the valid-position-only loss setting. A
positive value indicates an increase in RMSE, whereas a negative value indicates a decrease.

The main role of the valid-position-aware protocol is methodological rather than
purely performance-oriented. It defines the physical boundary of the monitoring system
by distinguishing actual monitoring positions from structural placeholders introduced
during field reconstruction. This ensures that model optimization, checkpoint selection,
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and reported errors remain associated with real monitoring positions. For this reason, the
main experiments retain the valid-position-only loss boundary even though the all-position
loss setting yields lower valid-position validation RMSE values for some models.

4.4. Spatial Distribution of Route-Level Prediction Errors

To further examine how route-level differences are distributed across the monitoring
layout, the mean absolute error at each valid monitoring position is mapped back to the
reconstructed displacement-field structure. The spatial MAE is averaged over the test
samples and four representative forecasting horizons, namely t + 1, t + 7, t + 30, and t + 60.
Figure 11 compares the spatial MAE distributions of the field-based and sequence-based
routes for the X-, Y-, and Z-direction displacement components. The rightmost column
shows the route-level difference, defined as the MAE of the sequence-based route minus
that of the field-based route. Positive values therefore indicate locations where the sequence-
based route produces larger errors, whereas negative values indicate locations where the
field-based route produces larger errors.

X direction MAE (mm) AMAE (seq - field, mm)
[ B | .
0.0 120 241 108 0.0 10.8
L3 L3 L3
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Figure 11. Route-level spatial distribution of mean absolute error for field-based and sequence-based
forecasting routes.

The spatial patterns differ across the three displacement components. In the X direction,
both routes show broadly comparable error levels over most valid positions, while the
difference map reveals localized positive regions around the central part of the monitoring
layout, especially near the L5 survey line. This indicates that the field-based route provides
lower X-direction errors at several local positions, although the overall route-level difference
remains limited.

In the Y direction, the two routes exhibit similar spatial MAE distributions, but the
difference map still shows localized positive and negative differences. Several upper and
central positions display positive values, indicating that the field-based route retains a local
advantage in part of the monitoring layout. This pattern is consistent with the horizon-wise
RMSE comparison in Figure 9, where the field-based route performs more favorably for the
Y-direction displacement across the representative forecasting horizons.
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The Z direction exhibits more pronounced spatial heterogeneity. The sequence-based
route shows a broader high-error zone in the upper-central part of the monitoring layout,
producing an extended positive region in the difference map. At the same time, several
surrounding positions display negative differences, indicating that the sequence-based
route performs better in other local areas. Although the sequence-based route achieves
slightly lower route-level RMSE values for the Z-direction displacement in Table 7, the
spatial maps show that this average advantage is not uniformly distributed across the
monitoring layout. Instead, the two routes exhibit different local error patterns in spatially
distinct monitoring regions.

The spatial error analysis complements the aggregate metrics and horizon-wise com-
parisons by preserving the physical location of each prediction deviation. Rather than
relying only on route-level average errors, Figure 11 shows that the influence of the mod-
eling route is spatially heterogeneous and depends on both the displacement component
and the monitored region within the reconstructed field.

4.5. Engineering Applicability of the Forecasting Routes

In addition to forecasting accuracy, model selection for engineering deployment
should consider computational cost, inference efficiency, and the ease of updating the
model when the monitoring configuration changes. Table 9 compares the four models in
terms of parameter scale, training-step time, single-sample inference latency, dependence
on the reconstructed two-dimensional layout, and deployment-update flexibility. The
reported timing values are intended for relative comparison under the current computing
environment rather than as cross-platform absolute benchmarks.

Table 9. Engineering applicability comparison of the four forecasting models.

Training- Single-Sample
Model Route Type Total Step Time Inference Latency 2D-Layout Update Flexibility
Parameters Dependence
(ms) (ms)
Moderate; keep fixed 2D
SimVP Field-based 2,356,836 455.781 4.686 Yes layout and neighborhood
mapping.
SimVPv2  Field-based 41,550,720 94.078 52 Yes Moderate; fixed matrix
mapping is still required.
PatchTST ~ CQUeNCe ) 458 464 72.578 4582 No Higher; mainly depends
based on flattened feature order.
Sequence- Higher; relies on flattened
TimesNet I;]ase d 41,562,336 360.325 20.52 No feature order and

temporal-period modeling.

Note: Timing values are reported for relative comparison under the current computing environment rather than as
cross-platform absolute benchmarks. SImVP keeps an explicit dependence on a fixed two-dimensional layout and
neighborhood mapping. SimVPv2 also requires a fixed matrix mapping, although its internal feature-extraction
mechanism differs from that of SiImVP. PatchTST and TimesNet operate on flattened spatial variables and are
therefore more flexible to reconfigure when the monitoring layout changes. However, feature-index remapping
and model updating may still be required when monitoring points are added, removed, or rearranged.

Figure 12 provides a normalized multi-criteria summary of the four forecasting models.
No single model dominates across all predictive and engineering dimensions. PatchTST
exhibits a relatively balanced profile in forecasting accuracy and computational efficiency,
whereas SimVP retains an advantage in model compactness. SimVPv2 performs favorably
in Z-direction forecasting, while TimesNet shows higher anticipated update flexibility but
requires greater inference latency. These differences suggest that model selection should be
aligned with the specific requirements of the operational monitoring scenario.
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Figure 12. Multi-criteria comparison of the four forecasting models. Note: All indicators are
normalized to the range of [0, 1], with larger values indicating more favorable performance. The error-
related metrics, parameter scale, training-step time, and inference latency are inversely normalized.
The anticipated layout independence and anticipated update flexibility are qualitative engineering
indicators assigned according to the model-adaptation characteristics summarized in Table 9 and are
included for visual comparison only rather than as directly measured performance metrics.

The results show that predictive performance and engineering efficiency do not follow
a single ranking. SimVP has the smallest parameter scale among the four models, but it
also has the slowest training-step time in the present environment. PatchTST achieves both
the fastest training step and the lowest single-sample inference latency, while maintaining
competitive forecasting performance in the overall comparisons. SimVPv2 has a substan-
tially larger parameter scale but still maintains relatively low inference latency. By contrast,
TimesNet shows the highest single-sample inference latency, making it less favorable for
latency-sensitive deployment scenarios.

The two route types also differ in their dependence on the monitoring layout. SimVP
explicitly uses the reconstructed two-dimensional displacement field and therefore requires
a consistent spatial-neighborhood mapping when the monitoring network is updated.
SimVPv2 also retains the field-oriented input object and requires a fixed matrix mapping.
By contrast, PatchTST and TimesNet mainly rely on fixed variable ordering after sequence
reformulation, meaning they are easier to reconfigure when monitoring points are added,
removed, or rearranged. Nevertheless, feature-index remapping and model updating may
still be required when the monitoring configuration changes.

These results indicate that the preferred model depends on the intended engineering
scenario. Field-based models remain attractive when preserving spatial structure is an
important consideration and the monitoring layout is relatively stable. Sequence-based
models provide higher update flexibility when the monitoring configuration changes more
frequently. The unified field-oriented forecasting framework developed in this study
allows these models to be compared, selected, and updated within the same physical
monitoring definition, providing a practical basis for model deployment in operational
monitoring systems.

5. Discussion
5.1. Why Field-Oriented Representation Matters for Multi-Point Dam Monitoring

The present results show that the value of the proposed field-oriented forecasting
framework does not depend on whether field-based models are uniformly superior to

sequence-based models. Its main contribution is to provide a structured digital represen-
tation that preserves the ordered survey-line and monitoring-point organization of the

https://doi.org/10.3390/eng7080390


https://doi.org/10.3390/eng7080390

Eng 2026, 7, 390

31 0of 36

monitoring system while supporting a common interface for different forecasting routes.
Under this representation, field-based and sequence-based models can be trained, evalu-
ated, and compared within the same physical monitoring definition, the same chronological
split, and the same valid-position boundary. This makes route-level differences easier to
interpret in engineering terms, because the comparison is less affected by inconsistencies in
data organization or evaluation scope.

This point is particularly important for long-term multi-point dam monitoring, where
observations are not an arbitrary collection of variables, but an ordered set of measurements
associated with specific survey lines and structural zones. The reconstructed field should
therefore be understood as a compact engineering data object rather than as a complete
geometric or physical model of the dam body. Its practical value lies in preserving the
monitoring layout in a form that remains compatible with different forecasting models,
thereby supporting structured comparison, deployment-oriented analysis, and a consistent
basis for subsequent model adaptation and updating.

5.2. Interpretation of Direction-Dependent and Horizon-Wise Forecasting Behavior

The comparison between the field-based and sequence-based routes indicates that
forecasting behavior cannot be characterized adequately by a single overall metric. Al-
though the aggregate differences between the two routes remain limited, their relative
behavior varies across displacement components and forecasting horizons. This suggests
that model selection for multi-point displacement forecasting should not be based only on
route-level average RMSE or MAE, because such summaries can conceal directional and
temporal differences that remain meaningful in engineering interpretation.

Under the present dam case and experimental configuration, the relative behavior of
the two forecasting routes varies across displacement components and forecasting horizons.
The Y-direction results indicate that the field-based route achieves lower errors under the
current monitoring layout, whereas the sequence-based route remains competitive for the
Z-direction response. The X-direction results exhibit a horizon-dependent transition rather
than a stable advantage for either route. These observations should be interpreted as case-
specific comparative evidence and do not establish that one forecasting route is generally
more suitable for a particular displacement direction. At the same time, neither route ex-
hibits evident progressive error amplification across the representative forecasting horizons.
The main value of the proposed framework is therefore to reveal direction-, horizon-, and
location-dependent differences under a unified physical monitoring definition, rather than
to derive a universal direction-specific model-selection rule.

5.3. Methodological Role of the Valid-Position-Aware Protocol

The valid-position-aware protocol should be interpreted primarily as a methodological
design that defines a physically meaningful loss and evaluation boundary. In the recon-
structed 6 x 20 field, not all matrix positions correspond to actual monitoring points. Some
entries are structural placeholders introduced only to maintain a unified spatial canvas for
survey lines with unequal numbers of valid measurements. If these padded positions are
treated as ordinary targets, the numerical objective no longer corresponds to the physical
monitoring system that the model is intended to represent.

The ablation results further show why this protocol should not be presented as a
universal performance-enhancement technique. Extending the loss calculation from valid
monitoring positions to all matrix positions improves the valid-position validation RMSE
for some models and worsens it for others. This mixed response indicates that the protocol
does not act as a model-agnostic accuracy booster. Its main role is instead to ensure
that optimization, checkpoint selection, and reported errors remain associated with real
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monitoring locations rather than with structural padding. In this sense, the protocol is
important not because it guarantees better numerical performance, but because it preserves
the physical meaning of the forecasting task and supports fair comparison within the same
physical monitoring definition.

More broadly, this point is relevant beyond the present dam case. Engineering mon-
itoring systems often involve irregular layouts, unequal section densities, and partially
missing spatial coverage. When such systems are reorganized into structured digital ob-
jects, placeholders may be unavoidable for computational consistency. The present results
suggest that these placeholders should be treated as devices of representation rather than as
equivalent observations. Defining an explicit valid-position boundary is therefore essential
for avoiding artificial dilution of reported errors and for keeping the learning objective
aligned with the monitored physical system.

5.4. Implications for Engineering Deployment and Subsequent Model Adaptation

The engineering applicability results indicate that predictive accuracy, computational
efficiency, layout dependence, and update flexibility do not follow a single ranking. Prac-
tical model selection should therefore depend on the operational context rather than on
one preferred metric. When preservation of the monitoring layout is important and the
configuration of monitoring points is relatively stable, field-based models remain attractive
because they retain the structured field form throughout forecasting and maintain a clearer
connection to the original monitoring arrangement. When the monitoring configuration is
more likely to change, sequence-based models may offer greater flexibility because they
depend less directly on fixed two-dimensional neighborhood relationships.

Even so, this flexibility should not be overstated. Sequence-based models may be
easier to reconfigure, but feature-index remapping, model-specific input adaptation, and
retraining may still be required when monitoring points are added, removed, or rearranged.
Field-based models are likewise subject to constraints because the fixed matrix mapping
must remain consistent with the defined monitoring layout. The engineering significance
of the proposed framework therefore lies less in enabling unrestricted model substitutions
than in providing a unified field-oriented object through which different models can be
compared, selected, and subsequently adapted or retrained within the same physical
monitoring definition.

5.5. Limitations and Future Work

Several limitations define the current scope of the study. First, the conclusions are
drawn from a single high earth-rockfill dam with one long-term monitoring system. Al-
though the dataset covers a substantial operational period, the generality of the findings
should not be overstated. In addition, the reconstructed displacement field is a compact en-
gineering representation rather than a full three-dimensional geometric or physical model.
It preserves the ordered monitoring layout, but it does not explicitly encode geometric
details, material zoning, hydraulic connectivity, or mechanical constraints. Further valida-
tion on additional dams and richer integration with structural context would therefore be
necessary before extending the present conclusions to broader dam-monitoring scenarios.
Accordingly, the direction-wise and route-level rankings observed in this study should be
regarded as case-specific and require validation using additional dams, monitoring layouts,
and operating conditions. Although causal forward filling avoids future-information leak-
age and preserves a continuous daily input sequence, it can generate piecewise-constant
intervals and strengthen the apparent persistence of the displacement records, particularly
for survey lines with relatively sparse direct observations. The daily grid should therefore
be interpreted as a causal computational alignment of irregular engineering survey records
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rather than as a sequence of independently measured daily displacement observations. The
observation-status channel enables models to distinguish directly observed and forward-
filled inputs, but the reported forecasting performance should still be interpreted together
with the survey-line-specific observation availability and forward-filling proportions.

Second, the present analysis focuses on four representative forecasting models and de-
terministic prediction accuracy. Although these choices are sufficient for clarifying the role
of the field-oriented representation, route-level differences, and the valid-position-aware
protocol, they do not exhaust the available modeling possibilities. Future work could incor-
porate additional model families, including graph-based forecasting approaches, physics-
informed methods, and dynamics-informed predictors [12,18,19]. The framework could
also be extended toward uncertainty-aware forecasting through probabilistic prediction,
confidence intervals, and quantile-based prediction [20,21]. In addition, recent advances
in signal decomposition and feature selection [22], dual-stage attention mechanisms [23],
time-delay modeling [24], and SHAP-driven ensemble learning [25] may provide useful
references for improving condition-aware forecasting and model interpretability. Further
work could also investigate how predictive uncertainty varies under different operational
scenarios, such as high-water-level periods, flood seasons, and low-temperature stages.
Such extensions would be particularly valuable for engineering decision support, where
predictive reliability, interpretability, and uncertainty quantification are as important as
point accuracy.

Another limitation concerns the interpretation of sliding-window forecasting under
slow long-term structural evolution. Because the models infer future displacement from
recent historical records, a gradually developing trend may remain consistent with the
recent input window and may therefore receive a relatively small prediction error. This
issue may become more pronounced when the forecasting model is periodically retrained
or updated using newly accumulated monitoring records, because a progressive change
may gradually be incorporated into the learned representation of expected behavior. Con-
sequently, close agreement between predicted and measured displacement should not be
interpreted as evidence that progressive anomalies are absent. In engineering applica-
tions, long-term anomaly identification should therefore combine forecast-error monitoring
with absolute-threshold checks, deformation-rate and acceleration analysis, change-point
detection, environmental and operational interpretation, and expert assessment.

Finally, the proposed framework is intended for predictive monitoring rather than
direct safety diagnosis. Forecasting results should not be interpreted as standalone evi-
dence of structural risk, because safe engineering judgment also requires threshold rules,
deformation-rate analysis, environmental interpretation, and expert review. The present
framework should therefore be viewed as a component of a broader digital monitor-
ing workflow. Its most appropriate future extension is not simply toward larger model
comparisons, but toward more integrated monitoring and decision-support systems in
which forecasting is combined with physically informed interpretation and operational
risk assessment.

6. Conclusions

This study developed a field-oriented forecasting framework for multi-point dam
displacement prediction by reconstructing long-term monitoring records into a unified
displacement-field object and comparing field-based and sequence-based modeling routes
under a consistent chronological split, prediction task, normalization procedure, and valid-
position evaluation boundary. Using long-term monitoring data from the Tianshengqiao
First Dam, four representative models, namely SimVP, SimVPv2, PatchTST, and TimesNet,
were evaluated from the perspectives of overall accuracy, horizon-wise behavior, spatial
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error distribution, validation-based ablation of the valid-position-aware loss boundary, and
engineering applicability.

The results show that the proposed representation provides a physically consistent
basis for organizing irregular multi-point monitoring records. Its value does not lie in
guaranteeing universal numerical superiority for a particular forecasting route. Instead, it
preserves the ordered monitoring layout, supports fair comparison among different model
families, and enables direction-wise, spatial, and deployment-oriented analysis under a
unified digital representation. The comparative results further indicate that forecasting
performance is direction-dependent, horizon-dependent, and spatially heterogeneous, and
that no single model or route dominates uniformly across all displacement components
and forecasting horizons.

The valid-position-aware protocol should be understood primarily as a methodolog-
ical design for defining a physically meaningful loss and evaluation boundary rather
than as a universal performance-enhancement technique. Its main role is to ensure that
optimization, checkpoint selection, and reported errors remain associated with actual
monitoring positions rather than with structural placeholders introduced to maintain a
fixed matrix form. The engineering applicability analysis further shows that predictive
accuracy, computational efficiency, layout dependence, and model-adaptation flexibility
do not follow a single ranking. Field-based models remain attractive when preserving
the ordered monitoring layout is important and the monitoring configuration is relatively
stable, whereas sequence-based models may offer greater flexibility when the monitoring
configuration is more likely to change, although model-specific adaptation and retraining
may still be required.

Several limitations remain. The present conclusions are drawn from a single high
earth—rockfill dam, and the reconstructed displacement field is a compact engineering
representation rather than a complete geometric or physical model. Future work should
evaluate the framework on additional dam cases, incorporate richer structural and geo-
metric information, and extend the analysis toward uncertainty-aware forecasting and
integrated digital monitoring applications. Overall, the proposed framework provides a
practical basis for comparing, selecting, and subsequently adapting forecasting models for
multi-point dam displacement monitoring under a unified engineering data structure and
a consistent physical monitoring definition.
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