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Highlights

What are the main findings?

* A novel navigation strategy is proposed to improve the positioning robustness of UAVs
in complex sheltered environments, which effectively suppresses cumulative drift and
enhances localization stability.

* The proposed method outperforms traditional mainstream algorithms in positioning
accuracy and environmental adaptability under GNSS challenging scenarios.

What are the implications of the main finding?

* This research provides a reliable technical reference for practical UAV patrol and inspec-
tion missions in similar complex scenes.

* Itlays a solid foundation for the further engineering application and popularization of
UAYV autonomous navigation technology.

Abstract

UAV bridge inspection requires centimeter-level global positioning in the engineering
coordinate frame to associate detected defects with BIM component IDs and mileage stakes.
Intermittent GNSS outages beneath beams, inside box girders, and in pier-dense regions
cause conventional navigation methods to accumulate drift or produce discontinuous
pose estimates. This paper presents BCEF-Nav, a BIM-constrained elastic fusion navi-
gation framework for UAV bridge inspection. The framework adaptively adjusts GNSS
constraints according to signal availability and replaces degraded GNSS references with
semantic—geometric constraints from a high-precision as-built BIM model within a sliding-
window optimizer. Semantic-guided feature matching suppresses false correspondences
in repetitive bridge structures. BCEF-Nav uses only low-cost commercial sensors and is
compatible with mainstream inspection UAVs. Digital twin simulations and field experi-
ments achieved an ATE RMSE of 5.7 cm after 120 s of complete GNSS occlusion and a 100%
positioning success rate with positioning errors below 10 cm, outperforming seven recent
state-of-the-art baselines.

Keywords: UAV bridge inspection; intermittent GNSS occlusion; BIM-constrained navigation;
visual-inertial odometry; multi-sensor fusion; tight coupling optimization

1. Introduction

Bridge inspection is essential for maintaining the safety and serviceability of trans-
portation infrastructure. In China, nearly 40% of more than one million highway bridges
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have been in service for over 20 years, placing a large proportion of the bridge inventory
in a maintenance-intensive stage [1,2]. Conventional inspection still relies on scaffolding,
under-bridge inspection vehicles, and manual visual assessment, making the process costly,
time-consuming, and hazardous while providing limited access to beam soffits, box girder
interiors, and other confined components. UAV-based visual inspection offers an efficient
alternative by enabling close-range data acquisition in these difficult-to-access areas. Its
effectiveness, however, depends on centimeter-level positioning in the bridge engineering
coordinate system. Without accurate global positioning, detected defects cannot be reliably
associated with BIM component IDs or mileage stakes, limiting their value for maintenance
planning and lifecycle management of bridge assets [3,4].

Intermittent GNSS occlusion remains one of the main challenges in UAV bridge
inspection because GNSS availability varies continuously along the flight path rather than
switching between fully available and fully denied conditions. Signals are generally reliable
over open bridge decks but degrade beneath beam soffits, inside box girders, and around
dense pier groups. Maintaining continuous and globally consistent pose estimates across
these localized transitions is therefore essential. Pure visual-inertial odometry provides
accurate local motion estimation but inevitably accumulates drift without a global reference.
Although LiDAR-inertial odometry improves robustness in low-texture environments,
its cost, payload, and power requirements limit deployment on small inspection UAVs.
Existing BIM-aided methods are typically loosely coupled, using the structural model
mainly for loop-closure detection instead of continuous state estimation, leaving drift
largely uncorrected during prolonged GNSS outages. GNSS-VIO fusion systems face
a similar limitation. Most rely on hard switching between GNSS-available and GNSS-
denied modes, which can introduce pose discontinuities during signal transitions while
still lacking a reliable global reference during extended outages. Existing methods therefore
leave an important gap: achieving low-cost, tightly coupled navigation that maintains
centimeter-level global positioning under intermittent GNSS occlusion while remaining
aligned with the bridge engineering coordinate system.

This paper presents BCEF-Nav, a BIM-constrained elastic fusion navigation frame-
work for UAV bridge inspection. It employs a sliding-window nonlinear optimizer that
tightly integrates monocular images, MEMS IMU measurements, GNSS observations, and a
high-precision as-built bridge BIM model to estimate the UAV pose directly in the bridge
engineering coordinate system. An adaptive weighting strategy replaces abrupt switch-
ing between GNSS-available and GNSS-denied conditions by continuously adjusting the
contribution of GNSS constraints according to signal availability. During GNSS outages,
semantic—geometric BIM features provide a global reference that limits odometric drift.
Semantic-guided feature matching further suppresses false correspondences in repetitive
bridge components, following recent work on semantic feature matching [5]. The frame-
work relies only on low-cost commercial sensors and can be deployed on mainstream small
inspection UAVs without specialized high-end payloads.

Although techniques such as VIO, GNSS fusion, and BIM constraints are well estab-
lished individually, their problem-specific tight coupling for UAV bridge inspection under
intermittent GNSS occlusion is novel. This integration enables capabilities unattainable by
loose combinations of these methods. On this basis, this work makes three contributions
to UAV navigation for infrastructure inspection. It develops an elastic fusion framework
with adaptive dynamic weighting, allowing the estimator to pass between valid and in-
valid GNSS conditions without the pose jumps caused by hard switching. It introduces a
BIM semantic—geometric tight-coupling constraint. Global point, line, and plane features,
together with component semantics from the bridge BIM model, are embedded into sliding-
window optimization as a continuously active global constraint, which to our knowledge
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has not been jointly exploited in prior BIM-aided navigation, providing a persistent global
reference for odometry drift correction in GNSS-occluded regions. It also proposes a
semantic-guided feature matching mechanism. By filtering matches according to bridge
component semantics, the method reduces false correspondences from repetitive structural
elements and improves robustness in low-texture and low-light inspection scenes. These
three methodological contributions are realized in a low-cost, end-to-end implementation
that uses only a monocular global-shutter camera, a low-cost MEMS IMU, and a civilian
GNSS module, making the framework compatible with mainstream small inspection UAVs
without specialized high-end payloads.

We note that the scope of this work is the navigation and global localization stage that
provides the centimeter-level pose prerequisite for defect-to-component association; the
detection of defects and their registration to BIM components are beyond the present scope
and are discussed as future work in Section 5. The rest of the paper proceeds in five sections.
Section 2 reviews visual-inertial odometry, model-constrained navigation, and multi-sensor
fusion for UAV navigation, and positions the present method within this literature. Section 3
gives the formulation and implementation of BCEF-Nav, covering coordinate definitions,
preprocessing, residual construction, and joint optimization. Section 4 reports the validation
results, including digital twin simulations, field tests on an in-service expressway bridge,
and ablation studies for the main modules. Section 5 analyzes the observed performance,
limitations, and possible extensions. Section 6 closes the paper with the main findings
and contributions.

2. Related Work

This work relates to three research areas: visual-inertial odometry for GNSS-denied
environments, BIM-constrained navigation, and multi-sensor fusion for UAVs. This section
briefly reviews representative studies and highlights the limitations of existing methods for
bridge inspection under intermittent GNSS outages.

2.1. Visual-Inertial Odometry Under GNSS-Denied Environments

Visual-inertial odometry is widely used for UAV navigation when GNSS is degraded or
unavailable. Cameras and IMUs are inexpensive, lightweight, and easy to integrate, making
VIO an attractive solution for UAV navigation. Early VIO systems were primarily filter-based,
whereas recent methods predominantly adopt tightly coupled optimization frameworks that
jointly estimate visual and inertial states rather than processing them separately.

Several representative systems define the baseline for this field. VINS-Mono [6] intro-
duced a tightly coupled monocular VIO framework based on sliding-window nonlinear
optimization. ORB-SLAMS3 [7], developed from the widely used ORB-SLAM2 frame-
work [8], extended visual SLAM with a multi-map architecture for improved robustness
and long-term operation. Point-line VIO formulations further showed that line features
can complement point features in structured scenes [9]. These methods have since become
common references for evaluating VIO accuracy, robustness, and computational efficiency.

Recent work has adapted VIO to more specific operating conditions. StructVIO
exploits structural regularities in man-made environments to improve estimation accuracy
in structured scenes [10]. RL-VIO targets dynamic visual-inertial settings with an emphasis
on robustness and lightweight execution [11].Other lightweight and line-feature variants
improve the front end, back end, or feature representation to reduce computational cost on
embedded platforms. They maintain reliable performance in low-texture and structurally
repetitive environments [12-16].

These advances do not remove several limitations of VIO in UAV-based bridge in-
spection. A VIO system estimates motion relative to its initial frame. By itself, it does not
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anchor the trajectory to the bridge engineering coordinate system, which is required for
defect localization, component-level indexing, and lifecycle management. Bridge scenes
also contain many repeated standardized components, including regularly spaced piers,
diaphragms, and similar beam segments. These patterns increase the risk of false visual
associations and can corrupt state estimation. The problem becomes more severe beneath
concrete beams and inside box girders, where texture is weak and GNSS outages may last
for long intervals. Odometry drift then accumulates quickly. Methods such as StructVIO im-
prove estimation in structured environments, but they still lack a fixed global reference and
cannot disambiguate repetitive bridge components without additional prior information.

Existing VIO methods provide reliable local motion estimation but lack a persistent
global reference in the bridge engineering coordinate system. Moreover, repetitive bridge
structures increase the risk of false feature associations. BCEF-Nav addresses this limitation
by tightly integrating semantic and geometric BIM constraints within a unified optimization
framework. Adaptive BIM constraint weighting further improves the robustness of global
positioning under GNSS-degraded conditions.

2.2. Prior Model-Constrained Navigation Methods

Model-constrained navigation uses prior geometric or semantic knowledge of the
environment to constrain SLAM and odometry estimates and reduce drift. In civil infras-
tructure, BIM models are a natural source of such prior information. They contain accurate
geometry, component-level semantics, and a predefined engineering coordinate frame.
These properties make BIM useful not only for map association, but also for tying the
estimated trajectory to project coordinates. Existing BIM-based navigation methods can be
broadly divided into loose-coupling and tight-coupling designs, with different levels of
interaction between the prior model and the state estimator.

Existing BIM-aided navigation methods generally follow two designs. One group uses
loose coupling, as in BIM-SLAM and related BIM-informed visual SLAM systems [17-19].
In these methods, the BIM model is mainly used for map association, localization, or loop-
closure detection. Observed features are matched to the BIM model after the system revisits
aregion, and the match is then used to correct accumulated drift. Other smart-infrastructure
visualization frameworks focus more on data organization and inspection visualization
than on real-time pose constraints [20]. Loose coupling is easy to deploy, but it does not
correct odometry drift continuously during GNSS outages. In long occluded segments,
the estimation error can still grow without bound.

The other group uses partial tight coupling. These methods insert BIM-derived
geometric features directly into the state estimation problem. Examples include BIM-based
geometric constraints for visual-inertial odometry and BIM-LIO/LIO-BIM systems such as
LIO-BIM [21], where BIM geometry is incorporated into LiDAR-inertial optimization. Tight
coupling improves drift suppression compared with loose coupling. Existing methods,
however, mainly use BIM as a geometric prior. The semantic labels in the model are rarely
used to disambiguate repeated bridge components, such as similar piers, diaphragm:s,
and beam segments. This limits their robustness in bridge scenes with strong structural
repetition. Existing BIM-aided navigation frameworks also do not target the intermittent
GNSS occlusion pattern of bridge inspection. They lack an elastic relation between BIM
constraint weighting and GNSS validity, which is needed for stable state estimation when
GNSS measurements repeatedly disappear and recover.

Although BIM-based navigation provides a global reference for infrastructure in-
spection, existing methods rarely exploit semantic information and do not explicitly ad-
dress intermittent GNSS outages. BCEF-Nav addresses these limitations through seman-
tic-geometric tight coupling and adaptive constraint weighting.
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2.3. Multi-Sensor Fusion Navigation for UAVs

Multi-sensor fusion of GNSS, vision, and IMU measurements is the standard solution
for outdoor UAV navigation. The sensors provide complementary information. GNSS
anchors the trajectory to a global frame. Vision estimates short-term relative motion with
high local accuracy. The IMU supplies high-rate motion measurements and maintains state
propagation when visual observations are sparse or unstable. GNSS-visual-inertial fusion
has therefore moved from loosely coupled designs, where each sensor stream is processed
largely independently, to tightly coupled estimators that optimize raw measurements
within a unified state estimation problem. This shift improves accuracy and robustness,
especially when the sensing conditions are incomplete or degraded.

VINS-Fusion [22] is a representative system in this area. It provides an optimization-
based framework for global pose estimation and supports tightly coupled fusion of GNSS,
visual, and inertial measurements. Its treatment of GNSS failure, however, is still based on
hard switching. Once GNSS is judged invalid, the corresponding constraints are removed
from the optimization. This can produce pose discontinuities when the signal drops
out or recovers, and it leaves the estimator without a global reference during longer
outages. Recent studies have attempted to reduce this problem through more robust
GNSS/INS/LiDAR, GNSS-visual-inertial, and federated fusion architectures for UAV
and robot navigation under degraded GNSS conditions [23-27]. Elastic fusion methods
offer another route. LIC-Fusion [28] adjusts the GNSS measurement weight according
to signal quality, allowing smoother transitions between reliable and degraded GNSS
states. LIO-SAM [29] further develops adaptive multi-sensor fusion for complex navigation
scenes. These methods reduce the pose jumps caused by hard switching. They do not,
however, provide an alternative global constraint when GNSS is fully occluded. In that
case, the estimator falls back on relative odometry, and drift continues to grow with the
outage duration. This limitation is especially restrictive in UAV bridge inspection. Full
GNSS occlusion can persist inside box girders and other enclosed bridge regions. Elastic
weighting alone cannot maintain centimeter-level global positioning under such conditions,
because the missing GNSS constraint is not replaced by another reference tied to the bridge
engineering coordinate system.

Existing GNSS—-visual-inertial fusion frameworks remain vulnerable to long GNSS
outages because they lack an alternative global reference. BCEF-Nav addresses this limi-
tation by adaptively replacing degraded GNSS constraints with BIM semantic—geometric
constraints within a unified optimization framework.

3. Materials and Methods

Figure 1 illustrates the overall architecture of BCEF-Nav. The framework adopts a
sliding-window nonlinear optimization back end that tightly couples multi-source sen-
sor measurements with prior model constraints. The monocular global-shutter camera
(1280 x 720, 30 fps) captures undistorted image frames, from which semantic masks,
ORB point features, LSD line features, and region-growing plane features are extracted.
The MEMS IMU outputs high-rate three-axis angular velocity and linear acceleration mea-
surements, which are used to construct the inter-keyframe pre-integration terms. The GNSS
module provides two types of information. The first is the global 3D antenna position
in the world coordinate system, which is used to construct the GNSS residual. The sec-
ond consists of quality indicators, including the number of visible satellites, the PDOP
value, and the positioning covariance matrix. These indicators determine GNSS validity
and the adaptive constraint weight rather than directly contributing to positioning. This
separation enables the proposed elastic fusion scheme by adapting the influence of GNSS
constraints according to measurement quality. The high-precision as-built BIM model
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serves as an offline-generated global feature library, where point, line, and plane features
are represented in the bridge engineering coordinate system and associated with their
corresponding component semantic labels. After preprocessing, GNSS validity assessment,
residual construction, and joint optimization, the framework outputs real-time global pose
estimates in the bridge engineering coordinate system, providing the centimeter-level
positioning accuracy required for UAV-based bridge inspection.

Preprocessing module VIO Basic Module Elastic fusion core Global pose optimization

De distorted image frame oor
Monocular Global (1280% Prep, '“ifl",'ﬁij‘i Tightly coupled VIO Multi-constrained consis fl:"h‘: O
Shutter Camera o Ll base module elastic fusion core module Y O
decision module module

Angular velocity, linear
(high-frequency Visual semantic Intermittent GNSS ‘GNSS reacquisition /

MEMS IMU 1 original measurement) segmentation & IMU pre-integration elastic constraint BIMIloop closure
3 feature i residual construction residual detection

BIM semantic-geometric

tight coupling constraint
int/line/plane GNSS measurement

validity detection

IMU pre-data parsing

Global position, number of visual reprojection residuals

satellites, PDOP, covariance _BIM r_nml'el residual construction
GNSS Module ‘matrix lightweighting ] .
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Figure 1. Overall architecture of the proposed BCEF-Nav framework. The framework takes monocu-
lar images, MEMS IMU data, GNSS measurements and as-built BIM model as inputs, and outputs
high-precision global pose aligned with the bridge engineering coordinate system in real time. Colors
distinguish the sensor/model inputs, functional modules, and system output only and carry no
quantitative meaning.

3.1. Coordinate System Definition and System State Vector

To place sensor measurements and BIM priors in a single estimation problem, four
right-handed coordinate frames are defined. The world frame w is aligned with the bridge
BIM model’s engineering coordinate system, either CGCS2000 or a local independent
coordinate system. It serves as the fixed global reference for state estimation, so the
estimated UAV pose can be associated directly with bridge component IDs and mileage
stakes. The body frame B is located at the UAV center of mass and coincides with the flight-
control frame, which keeps the navigation output compatible with the onboard control
system. The camera frame c is located at the camera optical center. Its extrinsic transform
relative to the body frame is pre-calibrated and denoted by Tpc € SE(3), describing the
fixed rotation and translation between the camera and the UAV body. The BIM frame BIM
is fixed to the as-built model. After initial hand—eye alignment, it is aligned with the world
frame, and the corresponding transform is denoted by Ty € SE(3).

With the coordinate systems defined, we construct the full state vector of the system
for sliding window optimization. The sliding window contains n keyframes, selected based
on parallax and motion magnitude to balance estimation accuracy and computational
efficiency, and the full state vector is defined as:

X = [.X(), xll"‘lxn!TleP] (1)

where the body state of the i-th keyframe, which captures the full motion state of the UAV
at that timestamp, is defined as:

X; = [TWBZ'/ ZJWBZ'/ bgir bﬂl}/i = 0/ 1/ - n (2)
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In Equation (2), Tywg, = (Rws,, pws;) € SE(3) denotes the pose of the UAV body
in the world frame at time i, where Ryyjp, is the rotation matrix and p3, is the position
vector. The velocity term vy g, € R® gives the body linear velocity expressed in the world
frame. The IMU bias terms b,, € R® and b,, € R® correspond to the gyroscope and
accelerometer biases, respectively. They are estimated online to compensate for drift in
low-cost MEMS IMUs. The BIM-to-world transform Ty, is retained as a slow-varying
optimization variable after initial alignment, allowing small residual registration errors
to be absorbed without breaking global consistency. The set P contains the 3D world
coordinates of visual landmarks tracked within the sliding window.

3.2. Preprocessing and Multi-Source Data Validity Decision Module

Before residual construction, all sensor inputs pass through a preprocessing pipeline.
The pipeline extracts usable features, checks measurement validity, and filters unreliable
observations before they enter the state estimator.

3.2.1. Multi-Source Data Preprocessing

Visual preprocessing starts from the global-shutter images. Each frame is undistorted
using the calibrated camera intrinsics. To reduce false matches from repeated bridge
components, YOLOvVS8-Seg [30] is used for real-time semantic segmentation. YOLOv8-Seg
was selected because it provides a favorable balance between segmentation accuracy and
computational efficiency, making it suitable for real-time UAV bridge inspection while
preserving reliable semantic information for subsequent feature matching. The YOLOvS-
Seg segmenter was trained on an in-house bridge-component dataset collected by Shanxi
Transportation Holding Group (not publicly available due to commercial confidentiality),
containing more than 5300 images randomly split into training, validation, and test sets
in an 8:1:1 ratio, with four core semantic classes: beam, pier, bearing, and diaphragm.
On the target-bridge test set, the network achieved an overall segmentation accuracy of
92.3% mloU, with per-class IoU of 95.1% (beam), 93.7% (pier), 88.2% (bearing), and 92.2%
(diaphragm). Given that segmentation drives the semantic-guided matching pipeline,
mislabeling could introduce erroneous global constraints. To mitigate this, the matching-
confidence term s, in Equation (11) down-weights low-confidence associations, pre-
venting occasional segmentation errors from dominating the optimization. The network
produces pixel-level masks for major bridge elements, including beams, piers, bearings,
and diaphragms [30]. ORB point features [31], LSD line features [32], and region-growing
plane features are then extracted within the segmented image regions. Feature matching
is allowed only between regions with the same semantic label. This filtering suppresses
cross-component associations among repetitive structural elements, which are a common
source of estimation error in bridge inspection scenes. Therefore, semantic-guided matching
improves the reliability of the constructed BIM constraints before they are incorporated into
the optimization framework. In well-lit conditions, the frame-level segmentation failure
rate of YOLOV8-Seg is about 3%. Such occasional failures cause only a slight increase in po-
sitioning error rather than trajectory jumps or large drift: because the matching-confidence
term s,,5¢c;, in Equation (11) down-weights low-confidence associations, a mislabeled or
missed segment contributes little to the optimization, and the system stays within the
engineering accuracy threshold throughout.

IMU preprocessing uses midpoint integration for pre-integration between adjacent
keyframes. This avoids propagating the full state at every IMU timestamp and reduces the
computational load of the estimator. During pre-integration, the current estimates of IMU
bias and gravity are compensated continuously. The formulation follows on-manifold IMU
pre-integration to keep the relative motion constraint consistent on SE(3) [17].
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GNSS preprocessing parses the receiver output to obtain the global position, the num-
ber of visible satellites, the PDOP value, and the position covariance matrix. These quan-
tities are used to build the GNSS residual. They also provide the basis for GNSS validity
assessment and for assigning the corresponding constraint weight in the optimization.

BIM preprocessing is completed offline before the inspection mission. The as-built BIM
model is first converted into a lightweight triangular mesh to reduce online computation.
A global feature library is then extracted from the model, with each feature assigned to its
corresponding bridge component label. The library contains plane features represented
by normal vectors and global plane equations, line features represented by the global
coordinates of their endpoints, and point features represented by their global coordinates in
the BIM frame. A KD-tree is built over the feature library to support fast nearest-neighbor
queries during online matching, limiting the latency added by BIM-based association.

3.2.2. GNSS Validity Decision Mechanism

To reliably distinguish between GNSS-available and GNSS-denied states in the in-
termittent occlusion scenario of bridge inspection, we design a multi-dimensional GNSS
validity decision rule that accounts for both signal quantity and quality. A GNSS mea-
surement is only classified as valid if all of the following conditions are simultaneously
satisfied; if any condition is not met, the measurement is classified as invalid and excluded
from the optimization, with its constraint weight set to zero:

Number of visible satellites > 6
PDOP < 3
Plane positioning covariance < 0.1 m?2 3)

Elevation positioning covariance < 0.1 m?

Signal lock time > 10's

This multi-criterion rule reduces false-valid decisions from degraded GNSS obser-
vations, such as measurements with too few visible satellites or large dilution of preci-
sion. We adopt a linear-complementary form for two practical reasons. First, it makes
the BIM and GNSS weights vary monotonically and continuously over the whole range
AGNss,norm € [0,1], with no inflection point, matching the intended behavior that the BIM
constraint should dominate in proportion to how far the GNSS reference has degraded.
Second, unlike an exponential or sigmoid mapping—each of which would add a shape
parameter (a decay rate or a steepness term) to be tuned—the linear form needs only the
two end values, which keeps the handover easy to interpret and cheap to compute on the
embedded platform. A systematic comparison against exponential and sigmoid alterna-
tives is left for future work. As a result, only reliable GNSS measurements are allowed to
constrain the global pose estimate. Figure 2 shows the validity decision process and its
coupling with the adaptive elastic weighting of BIM constraints.

3.3. Tightly Coupled VIO Base Module

The VIO module provides relative motion estimation through tightly coupled visual
and inertial constraints within a sliding-window optimization framework. GNSS and
BIM measurements are subsequently introduced as global constraints to suppress long-
term drift.
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Figure 2. Schematic diagram of GNSS validity decision and adaptive elastic weight mechanism.
The weight of BIM constraints automatically increases when GNSS is invalid, replacing GNSS to
provide global pose correction, achieving seamless state switching without pose jumps.

3.3.1. IMU Pre-Integration Residual

The IMU pre-integration residual provides a relative motion constraint between adja-
cent keyframes i and j, based on the pre-integrated IMU measurements collected between
the two keyframe timestamps. This residual quantifies the discrepancy between the state
transition predicted by the IMU pre-integration and the state transition estimated by the
optimization framework, and is defined on the SE(3) manifold as:

R ) -
S Ryyp, (PWB]- — Pws; — zgwAtfj) —
T
3B;j 2Log (7 R, )
rivu (xi, Xj) = ?Zij | Ry, (UWB/. — UwB; — gwAfij) —Bij @
5bgi bgj B bgi
a; I bﬂj _ bai |

In this formulation, fti]', ’?ij, and ,Bij are the pre-integrated position, rotation, and veloc-
ity measurements from the IMU, respectively; At;; is the time interval between keyframe
i and keyframe j; and g% is the gravity vector expressed in the world coordinate sys-
tem. The residual term includes both the motion discrepancy between the pre-integrated
measurements and the optimized state, as well as the change in IMU bias between the
two keyframes, which is assumed to follow a random walk model.

3.3.2. Semantic-Constrained Visual Reprojection Residual

The visual reprojection residual quantifies the discrepancy between the observed
pixel position of a 3D landmark in an image frame, and the pixel position predicted
by projecting the 3D landmark into the camera frame using the optimized camera pose.
To eliminate mismatches from repetitive bridge components, we only construct this residual
for landmarks that have been filtered by the semantic mask, ensuring that only features
from the same bridge component are used for tracking and optimization. For a 3D landmark
I with a consistent semantic label, observed in the i-th and j-th keyframes, the reprojection
residual for the i-th frame is defined as:

ryis(xi, X, pi’) = — 1 (TCBTVT/%z‘p?]) ©)

where p{’ is the 3D coordinate of the landmark in the world coordinate system; u;, is
the observed pixel coordinate of the landmark in the i-th keyframe; 71.(-) is the pinhole
projection model of the camera, which maps a 3D coordinate in the camera frame to a 2D
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pixel coordinate; and Tcp = Tgé is the pre-calibrated extrinsic transformation matrix from
the body coordinate system to the camera coordinate system.

3.4. Core Module of Multi-Constrained Elastic Fusion

This module provides the main elastic fusion mechanism in BCEF-Nav. It combines
GNSS global constraints with BIM semantic—geometric constraints through adaptive dy-
namic weighting. The estimator does not switch abruptly between GNSS-available and
GNSS-denied modes. Instead, the GNSS weight decreases when the signal becomes un-
reliable, while the BIM constraint weight increases accordingly. When GNSS is invalid,
the BIM model serves as the dominant global reference and continues to correct the pose in
the bridge engineering coordinate system. This design preserves pose continuity and limits
odometry drift during signal outages.

3.4.1. Intermittent GNSS Elastic Constraint

When GNSS signals are classified as valid by the decision mechanism, the GNSS
measurement provides the absolute 3D position of the UAV’s GNSS antenna in the world
coordinate system. The installation offset between the GNSS antenna and the UAV’s center
of mass (body coordinate system origin) is pre-calibrated and known, enabling us to map
the GNSS measurement directly to the body pose. The GNSS residual, which quantifies the
discrepancy between the optimized body position and the position measured by GNSS, is
defined as:

rGNss(Xi) = pws, + Rws,PBc — PGNss; (6)

where ppc is the pre-calibrated position offset of the GNSS antenna relative to the body
coordinate system origin, expressed in the body frame. It is a fixed extrinsic parameter
calibrated once before the mission by combining the mechanical mounting layout with
total-station measurement, and remains constant during flight; on the platform used in this
work, its components do not exceed +0.15 m along the three body axes. pgnss, is the 3D
position of the GNSS antenna measured by the receiver in the world coordinate system; it
is provided by the u-blox ZED-F9P RTK-GNSS module (u-blox AG, Thalwil, Switzerland)
directly in the bridge engineering coordinate frame and reaches centimeter-level accuracy
under an RTK fixed solution.

To enable elastic fusion of GNSS measurements based on signal quality, we design
an adaptive weight for the GNSS constraint that is directly linked to the measurement’s
covariance matrix. The weight is defined as:

tr(Ehss, ), GNSS valid
0, GNSS invalid

(7)

AGNSs =

where Ygnss, is the positioning covariance matrix output in real time by the receiver
together with each position fix (rather than a manually set value), and tr(-) denotes the
trace operation. Under an RTK fixed solution on our platform, the horizontal and vertical
variances of Lgyss, typically lie in the range 0.0001-0.01 m?,consistent with the <0.1 m?
validity threshold in Equation (3); accordingly, the resulting weight Agyss = tr(Z71)
varies continuously over several orders of magnitude with signal quality. To make this raw
weight comparable with the BIM elastic weight in Equation (11), Agnss is normalized to
AGNSSnorm € [0,1] by a rolling normalization against the maximum weight observed within
a recent history window. We emphasize that the valid/invalid state is determined solely by
the decision rule in Equation (3); the weight computation in Equation (7) is decoupled from
this decision, avoiding any circular dependency between validity judgement and weighting.
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We clarify that setting the GNSS weight to zero upon invalidity is a deliberate design
choice, since invalid observations must not enter the optimization. The “elastic” behavior
of the framework therefore does not refer to a continuous decay of the GNSS term itself,
but to the smooth handover between the GNSS and BIM global constraints: as Agyss drops
to zero, Ay in Equation (11) increases continuously and takes over the global correction,
so that the overall pose estimate remains free of discontinuities.

3.4.2. BIM Semantic-Geometric Global Tight Coupling Constraint

The BIM semantic-geometric constraint provides the main global correction term when
GNSS is unavailable. It replaces the missing GNSS reference with pose constraints defined
in the bridge engineering coordinate system. Based on the pre-extracted feature library
from the as-built BIM model, three residuals are constructed from plane, line, and point
features and inserted into the sliding-window optimization. Matching is performed only
between features with the same semantic label. This restriction reduces false associations
among repetitive bridge components, as shown in Figure 3.

As-built BIM Model
Offline BIM Global Feature Library
(Semantic Labels, Plane Features, Line
Features, Point Features)
Offline
|
v L. Online
Camera Frame .| Semantic-consistent Feature Matching
(Current Image) (Same Semantic Class Only)
YOLOvS . Line . .
Semantic Segmentation Lo AT R L Residual P R
Multi-feature Extraction BIM Semantic-Geometric
Residuals
ORB Points
LSD Lines

Plane Features Joint Optimization

Corrected Global Pose

Figure 3. Workflow of the proposed BIM semantic-geometric tight coupling constraint. Offline
BIM feature construction and online semantic-guided feature matching jointly generate plane, line,
and point residuals for global pose optimization. Green denotes offline BIM data, blue denotes online
visual processing, and orange denotes residual construction and optimization; the colors carry no
quantitative meaning.

(1) BIM Plane Feature Residual

Plane features are the dominant geometric primitives in bridge scenes. They appear
on beam soffits, box girder inner walls, pier surfaces, and deck slabs, and therefore form
the main source of BIM constraints. For a real-time plane 7r; with semantic label L extracted
from the i-th keyframe, its equation in the camera frame is written as ngi pc +dc, =0,
where n¢, denotes the plane normal and d¢, denotes the distance offset. The plane is then
associated with a BIM plane 7, carrying the same semantic label in the global feature
library. The corresponding BIM plane is defined in the world frame as n;,,pw + dgim = 0,
with all parameters fixed by the as-built BIM model.

The plane feature residual is defined as a joint constraint that penalizes both the
angle discrepancy between the plane normal vectors and the distance deviation between

https://doi.org/10.3390/drones10070552


https://doi.org/10.3390/drones10070552

Drones 2026, 10, 552

12 of 30

the two planes, ensuring that both the orientation and position of the estimated pose are
constrained by the BIM plane feature:
1- |nBTIMRWBiRBCnCi|

(8)

TBIM,pl Xi) =
plane (%) ‘nEIMPWBi +dpim — ”E,PBC +dc,

The first residual term measures the angular discrepancy between the real-time plane
normal, after transformation into the world frame, and the BIM plane normal. It becomes
zero when the two normals are aligned. The second term measures the plane-to-plane
distance error in the world frame and vanishes when the two planes coincide.

(2) BIM Line Feature Residual

Line features complement plane constraints, especially along beam edges, pier corners,
and bearing seats, where geometric boundaries remain observable even under weak texture.
For a real-time line /; with semantic label L extracted from the i-th keyframe, the corre-
sponding BIM line %, is retrieved from the feature library using the same semantic label.
Its endpoints ppipi1 and ppiavp are fixed in the world frame by the BIM model. The line
residual is defined as the sum of the Euclidean distances from the two endpoints of the
real-time line, after transformation into the world frame, to the matched BIM line. This term
measures the geometric consistency between the observed line and its BIM counterpart:

BIM,line (Xi) = d(PWLZEIM) + d(Pwm léIM) ©)

where d(p,1) denotes the Euclidean distance from a 3D point p to a 3D straight line /,
and pw1 and pw; are the two endpoints of the real-time line feature transformed from the
camera coordinate system to the world coordinate system using the optimized body pose.

(3) BIM Point Feature Residual

Point features provide sparse but distinctive constraints from salient structural ele-
ments, such as bearing corners, embedded parts, and expansion joint edges. These elements
have fixed 3D coordinates in the BIM model. For a real-time salient point pc, with semantic
label L extracted from the i-th keyframe, the corresponding BIM point ppyy is retrieved
from the feature library using the same semantic label. Its 3D coordinate is fixed in the world
frame. The point residual is defined as the Euclidean distance between the transformed
real-time point and the matched BIM point:

BIM,point (Xi) = Twa, TecPc; — PBIM (10)

This residual directly constrains the absolute global position of the UAV, as the BIM
point feature provides a fixed reference in the bridge’s engineering coordinate system.

(4) Elastic Weight Design for BIM Constraints

To enable seamless transition between GNSS and BIM constraints, we design an
adaptive dynamic weight for the BIM constraints that is linked to both the feature matching
confidence and the validity of the GNSS measurements. The weight is defined as:

ABIM = Smatch * (ABIM base + (1 — AGNSSnorm) = (ABIMmax — ABIM,base)) (11)

where 5,10, € [0,1] is the feature matching confidence, calculated based on the inlier
rate of the matched BIM features and the semantic matching accuracy; Agnss,norm € [0,1]
is the normalized GNSS weight, scaled to the range [0,1] from the raw GNSS weight in
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Equation (7); and Aprp max and Apras pase are the maximum and base weights of the BIM
constraints, respectively, with Aprasmax > ABIM base-

This weighting scheme serves two purposes. As GNSS quality decreases, the BIM
constraint weight increases. When GNSS becomes invalid, the BIM term reaches its maxi-
mum weight and acts as the main global constraint. The weight also depends on matching
confidence. Low-confidence BIM associations are down-weighted, reducing the risk that
incorrect correspondences will distort the state estimate. Unlike elastic GNSS-only schemes
such as LIC-Fusion [28], which modulate constraint weights based on signal quality but
lack an alternative global reference, our method prevents the estimator from falling back
solely on relative odometry. Consequently, it avoids the unbounded drift associated with
prolonged outages. The coupling in Equation (11) differs in that it ties the BIM weight
directly to GNSS validity, so that as Agnss norm falls to zero the BIM constraint grows to
its maximum and takes over as the dominant global reference. This is exactly the failure
mode—sustained full occlusion—that GNSS-only elastic weighting cannot handle, and it is
borne out quantitatively in the long-occlusion results presented in Section 4, where LIC-
Fusion degrades to 42.3 cm at 120 s while the proposed method remains at 5.7 cm. We adopt
a linear-complementary form for two practical reasons. First, it makes the BIM and GNSS
weights vary monotonically and continuously over the whole range Agnss,norm € [0,1],
with no inflection point, matching the intended behavior that the BIM constraint should
dominate in proportion to how far the GNSS reference has degraded. Second, unlike an
exponential or sigmoid mapping—each of which would add a shape parameter (a decay
rate or a steepness term) to be tuned—the linear form needs only the two end values, which
keeps the handover easy to interpret and cheap to compute on the embedded platform.
Asystematic comparison against exponential and sigmoid alternatives is left for future
work.Overall, this adaptive weighting strategy prevents unreliable BIM correspondences
from dominating the optimization while allowing BIM constraints to gradually replace
GNSS constraints during signal degradation. As a result, the proposed framework achieves
a smooth transition between different positioning cues without introducing abrupt changes
in the optimization process.

3.4.3. Joint Optimization Objective Function

After defining the residuals, the system objective is written as the weighted sum of
their Mahalanobis distances. The resulting nonlinear least-squares problem is solved with
the Levenberg-Marquardt algorithm, which is commonly used in sliding-window VIO
optimization and provides stable convergence for this form of estimator:

: 2 2 2 2
rr}én(HrIMU”ZIMU + Irvislls, s + Aonssllreonssllyyss ‘|’/\BIM||7’BIM||ZBIM) (12)

Here, |r| ¥ 22 = rT =~ 1r denotes the squared Mahalanobis norm of residual 7, with £
as the corresponding covariance matrix. The matrices X * IMU, Xy s, Zgnss, and Zprm
define the measurement covariances for the IMU, visual, GNSS, and BIM feature terms,
respectively. The BIM residual rpjys stacks the plane, line, and point residuals derived from
the BIM feature library. The adaptive weights Agnss and Apjy regulate the two global
constraints, allowing the estimator to remain stable across GNSS-available and GNSS-
denied intervals.

3.5. Global Pose Consistency Optimization Module

Sliding-window optimization gives accurate local state estimates, but small global
errors can still remain over a long inspection trajectory. To correct this residual drift, BCEF-
Nav adds a global pose consistency module. When the UAV returns to a GNSS-available
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region after an occlusion, or when a loop match is found between online features and the
BIM global feature library, a pose graph is built from all keyframe poses in the trajectory.
Pose graph optimization is then used to jointly minimize odometry relative-pose residuals
and global constraints from GNSS and BIM loop closures. This step removes accumulated
full-trajectory drift. The module follows the graph-based smoothing paradigm used in
iSAM and g2o-style back ends [33,34]. After optimization, the inspection trajectory remains
consistent with the bridge engineering coordinate system. Detected defects can therefore
be associated with the corresponding BIM component IDs and mileage stakes throughout
the mission.

4. Experimental Validation and Results

To evaluate BCEF-Nav, we conducted three sets of experiments: controlled digital-
twin simulations, field tests on an in-service expressway bridge, and ablation studies
for the main modules. The evaluation included representative SOTA baselines and used
both quantitative trajectory metrics and qualitative trajectory comparisons. Following
dataset-style protocols commonly used in long-term robotic navigation benchmarks [35],
the experiments assess accuracy, robustness, and global consistency under different GNSS
occlusion conditions.

4.1. Experimental Setup
4.1.1. Experimental Platform

All experiments used a mainstream small inspection quadrotor UAV. The hardware
was selected to match the typical configuration of commercial platforms used in bridge
inspection. Table 1 lists the detailed setup. For the two LiDAR-based baseline meth-
ods (LIO-BIM [21] and LIC-Fusion [28]), an auxiliary Livox Mid-70 solid-state LIDAR
(Livox Technology Co., Ltd., Shenzhen, China; ranging 0.05-260 m, 70.4°x 77.2° FOV,
144,000 points/s, & 2 cm ranging accuracy, 720 g, 12 W, time-synchronized with the Pix-
hawk 6C (Holybro, Tai Po, Hong Kong, China) and Jetson Xavier NX (NVIDIA Corporation,
Santa Clara, CA, USA)) was mounted on the same platform; this sensor was used exclu-
sively for these two baselines and is not part of the BCEF-Nav sensor suite. The prior
model was a high-precision as-built BIM model of a 1200 m in-service expressway bridge.
The model has 5 mm geometric accuracy and contains 32 precast box girders with their
corresponding piers. Its coordinate frame is consistent with the bridge as-built engineering
coordinate system.

The two BIM constraint weight bounds in Equation (11) were set to Agyp pase = 1.0
and Apipmax = 6.0 in all experiments.

Table 1. Hardware configuration of the experimental UAV platform.

Module Model and Parameters

Mao 3T-C quadrotor (Mao, Xi'an, China), diagonal wheelbase
UAV Platform 380 mm, max takeoff weight ~1930 g; payload: visual sensor and
onboard computing unit

Max horizontal speed 20 m/s; cruise speed in this work ~9 m/s
(32.4 km/h). Endurance (windless, sea level): max flight time
43 min (6000 mAh)/35 min (5000 mAh), max hover time 39 min
(6000 mAh)/31 min (5000 mAh)

Pixhawk 6C (Holybro, Tai Po, Hong Kong, China), built-in BMI088
Flight Controller MEMS IMU (Bosch Sensortec GmbH, Reutlingen, Germany; gyro
bias stability 10° /h, accelerometer bias stability 0.1 mg)

Flight Performance
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Table 1. Cont.
Module Model and Parameters
Basler dart daA1280-54um (Basler, Ahrensburg, Germany;
Camera ARO0134 global-shutter sensor; configured at 1280 x 720

and 30 fps with an 8§ mm lens)

u-blox ZED-FIP RTK-GNSS (u-blox AG, Thalwil, Switzer-
GNSS Module land), cm-level positioning (also used as ground-
truth source)

Jetson Xavier NX (NVIDIA Corporation, Santa Clara, CA,
USA; 8 GB), ROS Melodic

Livox Mid-70 solid-state LIDAR (range 0.05-260 m @10%
reflectivity, FOV 70.4° x 77.2°, 144,000 pts/s in dual-return
mode, range accuracy £ 2 cm within 100 m, =720 g, 12 W,

LiDAR (for baselines only) Ethernet output with hardware time synchronization to
the Pixhawk and Jetson Xavier NX). Used only to run the
LiDAR-based baselines (LIO-BIM, LIC-Fusion); not used
by BCEF-Nav.

As-built BIM model (5 mm accuracy, IFC format, 1200 m,
32 spans, precast box girders)

On-board Computing

Prior Data

4.1.2. Control Group SOTA Methods

To benchmark BCEF-Nav, we selected seven SOTA methods as baselines. The set
includes four widely used benchmark systems and three recent methods published in top
conferences or journals between 2024 and 2026. The classic baselines provide reference
performance for established UAV navigation pipelines, while the recent methods reflect
the latest progress in structured-scene VIO and BIM-aided navigation. Each baseline was
chosen for its relevance to bridge inspection. All baselines were run from their official
open-source code, with parameters set according to the recommendations in the original
papers. The two LiDAR-based baselines (LIO-BIM and LIC-Fusion) were executed on data
from an additional Livox Mid-70 solid-state LIDAR mounted on the same platform during
acquisition (Table 1); this LIDAR was used solely to provide input for these two baselines
and was not used by BCEF-Nav, which relies only on the monocular camera, MEMS
IMU, and GNSS module. This configuration is disclosed to ensure a fair and transparent
comparison. The control methods are summarized below.

1. VINS-Mono (IEEE TRO 2018) [6]: A representative tightly coupled monocular VIO
system and a standard baseline in VIO evaluation. It estimates relative pose by jointly
optimizing visual and inertial measurements in a sliding window, but does not include
GNSS fusion or any global positioning constraint. We include it to measure the drift
behavior of pure VIO during GNSS outages and to provide the lower-bound reference for
vision-based navigation in the bridge inspection scenario.

2. ORB-SLAMS (IEEE TRO 2021) [7]: A visual-inertial SLAM system with a multi-map
architecture and loop-closure capability. It is included to evaluate whether advanced VIO
with loop closure can remain stable in bridge inspection scenes. Although ORB-SLAM3
improves robustness over conventional VIO, it still lacks a fixed global reference tied to the
bridge engineering coordinate system. During extended GNSS outages, it cannot maintain
centimeter-level global alignment required for defect localization.

3. VINS-Fusion (arXiv 2019) [22]: A widely used GNSS—visual-inertial fusion frame-
work for UAV navigation. It performs tightly coupled estimation with visual, inertial,
and GNSS measurements, but treats GNSS failure through hard switching. When GNSS
is invalid, the GNSS factor is removed from the optimization. We include this baseline to
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compare hard switching with the proposed elastic fusion strategy and to evaluate the pose
discontinuity and drift that occur under intermittent GNSS occlusion.

4. BIM-SLAM (ISARC 2023) [18]: A representative BIM-aided SLAM method based on
loose coupling. In this system, the BIM model is used mainly for loop-closure detection
rather than as a continuous constraint in the estimator. We include it to examine the
behavior of loose-coupling BIM navigation during GNSS outages and to compare it with
the proposed tightly coupled BIM constraint formulation.

5. StructVIO (IEEE TRO 2019) [10]: A structure-aware VIO system designed for man-
made environments. It exploits regular geometric patterns to improve pose estimation in
structured scenes. We include this baseline to assess how structured-scene VIO performs in
bridge inspection. Although such priors improve local estimation, StructVIO still operates
without a global BIM reference tied to the engineering coordinate system. It therefore
cannot eliminate cumulative drift over long GNSS-denied trajectories.

6. LIO-BIM (Advanced Engineering Informatics 2025) [21]: A recent BIM-based
tight-coupling method that incorporates BIM geometric features into LiDAR-inertial op-
timization. We use it as the main baseline for evaluating the BIM constraint module.
The comparison tests whether the proposed semantic—geometric coupling offers advan-
tages over purely geometric BIM constraints, especially in suppressing false associations
caused by repetitive bridge components.

7. LIC-Fusion (IROS 2019) [28]: An elastic multi-sensor fusion framework that ad-
justs GNSS measurement weights to smooth the transition between GNSS-available and
GNSS-denied states. We use it as the main baseline for the elastic fusion module. The com-
parison isolates the effect of adaptive weighting and tests its limitation under extended
GNSS outages. Without an alternative global reference, such as the proposed BIM se-
mantic-geometric prior, elastic GNSS-VIO fusion still cannot maintain centimeter-level
positioning throughout long occluded segments.

4.1.3. Evaluation Metrics

To comprehensively and objectively evaluate the performance of the proposed frame-
work and control methods, we adopted four widely accepted quantitative evaluation
metrics that are standard in the field of robot navigation and UAV inspection. These metrics
were selected to assess the global positioning accuracy, local odometry precision, engineer-
ing usability, and real-time performance of the system, providing a holistic evaluation of
performance in the bridge inspection scenario. The detailed definition, calculation method,
and engineering significance of each metric are described below:

1.  Absolute Trajectory Error (ATE)

The ATE metric quantifies the discrepancy between the estimated trajectory and the
ground truth trajectory in the global coordinate system, providing a direct measure of the
system’s global positioning accuracy. For a sequence of N estimated poses T,; € SE(3)
and corresponding ground truth poses Ty;; € SE(3), the ATE for the i-th frame is defined
as the Euclidean distance between the translation components of the aligned estimated and
ground truth poses:

ATE; = [|trans (T, Test,) |12

where trans(-) returns the translation vector of an SE(3) transformation. For the full
trajectory, we report the RMSE, maximum error, and mean error of ATE. The RMSE is
used as the primary indicator of global positioning accuracy. ATE is widely used in SLAM
and navigation evaluation because it measures the consistency between the estimated
trajectory and the ground-truth coordinate frame. This property matches the requirement
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of bridge inspection, where UAV poses must remain aligned with the bridge engineering
coordinate system.

2. Relative Pose Error (RPE)

The RPE metric evaluates the short-term accuracy of the local odometry system,
quantifying the system’s ability to estimate relative motion between consecutive frames
over a fixed time interval. For a time interval At, the RPE for the i-th frame is defined as:

RPE; = ||trans ((Ty, Tt var) ™ (Tooti Tesiar) ) |2

RPE evaluates local odometry drift after removing the effect of global alignment error.
It reflects the stability and short-term precision of the VIO backbone. This metric is relevant
to flight safety during inspection, since confined regions such as box girder interiors require
reliable relative motion estimation for stable UAV control.

3. Positioning Success Rate

The positioning success rate is defined as the proportion of frames during GNSS
occlusion where the absolute positioning error is less than 10 cm, calculated as:
Number of frames with ATE < 10cm

Success Rate = Total number of frames during GNSS occlusion x 100%

The 10 cm threshold follows the accuracy requirement of UAV bridge inspection. To bind
a detected defect to the correct BIM component ID and mileage stake, the positioning error
must remain below 10 cm. Larger errors may assign the defect to the wrong structural
element, making the inspection record unusable for maintenance planning. This metric
therefore measures engineering usability: the proportion of the mission in which the system
satisfies the required centimeter-level positioning accuracy. In this sense, the positioning
success rate is not only a navigation metric but also a proxy for detection usability: it directly
measures the fraction of observations that can be correctly bound to their BIM component,
which is the precondition for any downstream defect-to-component association.

4. Real-Time Performance

Real-time performance is evaluated by the average processing frame rate on the
onboard Jetson Xavier NX platform, reported in frames per second. For UAV navigation,
the estimator should operate close to the camera capture rate, which is 30 fps in this work,
so that pose outputs are available in time for flight control and defect localization. This
metric tests whether the system can be deployed on the limited computing hardware of
small inspection UAVs.

4.2. Digital Twin Simulation Experiment

We first used digital-twin simulations to evaluate BCEF-Nav under controlled GNSS
occlusion, illumination, and structural conditions. The simulation scene was built in Unity
as a 1:1 replica of the expressway bridge used in the field tests, with the same geometry,
material settings, and component layout. This setting provides two advantages. It allows
direct control of variables such as GNSS outage duration, illumination intensity, and struc-
tural configuration, which are difficult to isolate in field experiments. It also provides
millimeter-level ground-truth trajectories over the full inspection path, including occluded
regions where external ground-truth measurement is difficult. Based on this environment,
two experiments were conducted: an accuracy comparison under different GNSS occlusion
durations and a robustness test under low-illumination and low-texture conditions.
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4.2.1. Accuracy Comparison Under Different GNSS Occlusion Durations

To test positioning accuracy under GNSS outages of different lengths, we simulated
four occlusion durations: 10's, 30 s, 60 s, and 120 s. These settings cover the outage range
commonly encountered in UAV-based bridge inspection. For each duration, 10 inspection
flights were repeated. The average ATE RMSE of each method was then computed across
the repeated trials. Table 2 reports the quantitative results, and Figure 4 shows the ATE
RMSE trend as the occlusion duration increases.

Table 2. ATE RMSE comparison of each method under different GNSS occlusion durations (unit: cm).
Values are reported as mean =+ standard deviation over 10 repeated trials. The best result in each row

is shown in bold.

Occlusion VINS-Mono ORB-SLAM3 VINS-Fusion BIM-SLAM StructVIO LIO-BIM LIC-Fusion BCEF-Nav
10s 52+04 48 +03 45+03 3.84+0.3 3.6+03 32+02 39+03 2.1+0.2
30s 186 +1.7 153+14 127+1.1 8.2+0.7 7.8 +0.7 59+04 95+ 0.8 2.8 +0.2
60s 425 +438 36.8 £ 3.6 31.2+3.5 15.6 = 1.3 224 +21 103 +£0.8 248 £2.3 3.5+ 0.3
120 s 98.3 £12.5 85.6 +£10.7 789 £9.6 324 +3.1 452 +53 186+15 423 +4.7 5.7 £ 0.6
o[ !
=&~ VINS-Fusion LIC-Fusion R
-9~ BIM-SLAM —#— BCEF-Nav (Ours) -7

801

60 1

ATE RMSE (cm)

40

20

1‘0 3‘0 6‘0 léO
GNSS Occlusion Duration (s)

Figure 4. ATE RMSE comparison under different GNSS occlusion durations. The red horizontal
dotted line indicates the 10 cm engineering threshold. Baselines shown are VINS-Mono [6], ORB-
SLAMS [7], VINS-Fusion [22], BIM-SLAM [18], StructVIO [10], LIO-BIM [21], and LIC-Fusion [28].

The results show an increasing separation between BCEF-Nav and the baselines as the
GNSS outage becomes longer. For pure VIO methods, including VINS-Mono, ORB-SLAMS3,
and StructVIO, as well as GNSS-VIO fusion methods such as VINS-Fusion and LIC-Fusion,
ATE RMSE grows rapidly with occlusion duration. This behavior is expected for relative
odometry without an active global constraint. Visual and inertial errors accumulate over
time, and the trajectory gradually departs from the engineering coordinate frame. At 120 s
of complete GNSS occlusion, the errors of these methods exceed 70 cm, far beyond the
accuracy required for bridge inspection.

BIM-SLAM reduces drift compared with pure VIO, but its error still increases with
occlusion duration. The reason is its loose-coupling design: the BIM model is used mainly
for loop-closure detection and does not provide continuous correction during the occluded
segment. LIO-BIM gives the best result among the baselines because BIM geometric
features are included in the LiDAR-inertial optimization. Its ATE RMSE nevertheless
reaches 18.6 cm under 120 s occlusion, exceeding the 10 cm engineering threshold. This
residual error is mainly caused by geometric ambiguity in repetitive bridge components.
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Without semantic filtering, incorrect BIM feature associations can enter the optimization
and gradually degrade the state estimate.

BCEF-Nav behaves differently. Its ATE RMSE increases only slightly as the occlusion
duration grows, reaching 5.7 cm after 120 s of complete GNSS loss. Compared with LIO-
BIM, the best baseline, this corresponds to a 69.35% error reduction. The improvement
comes from three parts of the design. The tightly coupled semantic-geometric BIM con-
straint supplies a global reference when GNSS is absent and prevents drift from growing
unchecked. Semantic-guided matching removes many false associations caused by repeated
bridge components, keeping the BIM constraints reliable in standardized structural regions.
The adaptive elastic weighting further allows GNSS and BIM constraints to exchange dom-
inance without hard switching. As a result, the estimator avoids pose discontinuities and
remains within centimeter-level global accuracy even under long full-occlusion intervals.

4.2.2. Robustness Test

To test robustness under difficult visual conditions, we evaluated the methods in three
scenarios common in bridge inspection: low-texture concrete surfaces, strong backlight,
and night-time low illumination. In each scenario, GNSS was fully occluded for 60 s. We
measured the ATE RMSE of each method and recorded the average feature-matching inlier
rate to assess the stability of the visual front end.

The results show that BCEF-Nav remains stable across the three adverse visual sce-
narios. Its ATE RMSE differs from the clear-day baseline by less than 2 cm. The baselines
degrade much more strongly, with an average 3.5-fold increase in ATE RMSE. Under the
most difficult low-light setting, some methods show more than one order of magnitude
error growth. This difference mainly comes from two design choices. BCEF-Nav uses line
and plane features as the main BIM constraints, rather than depending only on point fea-
tures. Lines and planes are less sensitive to weak texture and illumination changes, and can
still be extracted from concrete surfaces or low-light images where point features become
sparse or unstable. The semantic-guided matching strategy further restricts associations
to features from the same bridge component. This reduces false matches and improves
front-end stability. Across the adverse scenarios, BCEF-Nav keeps an average matching
inlier rate of 87%, whereas the baselines drop to 28% under the most challenging conditions.
The higher inlier rate keeps the BIM constraints reliable even when the visual front end
is degraded.

4.3. Field Experiment

The field experiments were conducted on a large bridge of the Yangqu section of
the Erguang Expressway (G55), located in Dayu Town, Yangqu County, Taiyuan, Shanxi
Province, China. The bridge is a precast box-girder highway bridge with a total length
of about 1200 m, comprising 32 spans with a combined span arrangement of 35 m + 40 m
supported by 33 piers, carrying a four-lane dual-carriageway expressway. It was opened
to traffic in 2003 and had been in service for about 23 years at the time of the experiments.
A high-precision as-built BIM model of this bridge was used as prior data. Four representa-
tive inspection scenarios were defined to cover different levels of GNSS occlusion and visual
complexity. For the open-sky segments, centimeter-level positions from the Ublox FOP
RTK-GNSS (fixed solution) were used as the primary ground truth. In the GNSS-occluded
scenarios, where RTK is unavailable, a Leica TS60 total station (Leica Geosystems AG,
Heerbrugg, Switzerland) was used to measure the fixed 3D coordinates of key structural
points on the bridge, which serve as ground-truth control points. Five control points were
measured in each scenario: in the beam-bottom scenario they were spaced about 18 m apart
along the bridge (about 51 s apart in time), and in the box-girder-interior scenario about
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9 m apart (about 26 s apart). Because a total station yields discrete points rather than a con-
tinuous reference, the occluded segments were evaluated by a post-processing alignment
based on spatial nearest points, not by interpolation. The locally consistent VIO trajectory
of each occluded segment was first registered to the bridge engineering coordinate system
using these control points, which removes the global offset inherent to pure visual-inertial
odometry. After this alignment, the ATE was computed for every frame using the spatially
nearest control point as the global reference, so that the error of the entire flight path—not
only that at the measured points—was assessed. Without this total-station calibration,
the occluded-segment trajectory would remain detached from the BIM coordinate frame
and the resulting per-frame errors would carry no engineering significance.

4.3.1. Accuracy Comparison in Different Scenarios

The field experiments covered four typical inspection scenarios: (1) **Bridge Deck**,
with unobstructed GNSS reception; (2) **Pier Surrounding**, with 60 s intermittent GNSS
occlusion caused by dense concrete piers; (3) **Beam Bottom™**, with 90 s continuous
GNSS occlusion beneath the main beams; and (4) **Box Girder Interior**, with 120 s
continuous GNSS occlusion inside the closed girder. The box-girder case represents the
most demanding navigation condition. Table 3 reports the ATE RMSE of each method in
these scenarios.

Table 3. ATE RMSE comparison of each method in typical inspection scenarios (unit: cm).

LIC

Inspection Scenario VINS-Mono ORB-SLAM3  VINS-Fusion BIM-SLAM  StructVIO LIO-BIM Fusio-n BCEF-Nav (Ours)
Bridge Deck (GNSS fully available) 3.8 3.5 22 25 2.3 21 2.0 1.8
Pier Surrounding (60 s intermittent occlusion) 224 18.7 15.2 9.4 8.6 6.5 11.3 2.7
Beam Bottom (90 s full occlusion) 35.6 29.8 26.3 12.5 15.7 8.9 19.6 32
Box Girder Interior (120 s full occlusion) 89.2 76.5 71.4 28.7 413 16.2 38.5 59

The field results are consistent with the simulation results and show how each method
behaves under practical inspection conditions. In the Bridge Deck scenario, GNSS reception
is unobstructed. All GNSS-aided methods reach centimeter-level accuracy, and their
performance differences are small because continuous high-quality GNSS provides a stable
global reference. BCEF-Nav obtains the lowest ATE RMSE, 1.8 cm, as the BIM constraints
provide additional pose refinement on top of the GNSS measurements.

As GNSS occlusion becomes more severe, the gap between BCEF-Nav and the base-
lines increases. In the Pier Surrounding scenario, GNSS is intermittently blocked by
dense concrete piers. VINS-Fusion suffers from frequent pose discontinuities because
its hard-switching strategy repeatedly removes and restores GNSS constraints. Elastic
fusion methods avoid this discontinuity, but LIC-Fusion still has no replacement global
reference during the short outages, so small drift errors accumulate. BCEF-Nav uses
BIM constraints to maintain global correction throughout these intermittent occlusions. It
achieves an ATE RMSE of 2.7 cm, reducing the error by 58.5% compared with LIO-BIM,
the best-performing baseline.

In the Beam Bottom and Box Girder Interior scenarios, GNSS is fully unavailable
for a continuous period. Under this condition, all baselines degrade markedly, whereas
BCEF-Nav keeps centimeter-level accuracy. Pure VIO and GNSS-VIO fusion methods lose
their global reference once GNSS disappears. Their odometry drift grows throughout the
occluded segment, and the ATE RMSE exceeds 70 cm in the Box Girder Interior scenario.
Such errors are not acceptable for inspection use.

BIM-SLAM reduces drift to some extent, but its loose-coupling design provides no
real-time correction during the occlusion. Its ATE RMSE reaches 28.7 cm after 120 s. LIO-
BIM performs best among the baselines, yet its purely geometric matching is vulnerable
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to repeated piers and box-girder segments. These false associations gradually corrupt
the estimate, giving an ATE RMSE of 16.2 cm in the Box Girder Interior scenario. BCEF-
Nav maintains an ATE RMSE of 5.9 cm in the same setting. The semantic-geometric
BIM constraint supplies a persistent global reference, while semantic filtering suppresses
mismatches among repetitive structural elements.

4.3.2. Positioning Success Rate Comparison

To assess engineering usability, we computed the positioning success rate for the
two full-GNSS-occlusion scenarios: Beam Bottom with 90 s occlusion and Box Girder
Interior with 120 s occlusion. A pose estimate is counted as successful when its positioning
error is below 10 cm. Table 4 reports the results for all methods.

Table 4. Positioning success rate comparison of each method in GNSS-full-occlusion scenarios.

Inspection Scenario

VINS-Mono ORB-SLAM3  VINS-Fusion BIM-SLAM  StructVIO LIO-BIM LIC-Fusion BCEF-Nav (Ours)

Beam Bottom (90 s full occlusion)
Box Girder Interior (120 s full occlusion)

8.2% 12.5% 17.3% 68.4% 72.1% 85.3% 78.6% 100%
0% 0% 0% 62.1% 35.7% 79.2% 28.4% 100%

BCEF-Nav is the only method that reaches a 100% positioning success rate in both
full-GNSS-occlusion scenarios. In other words, every frame remains within the 10 cm error
threshold required for valid defect localization. Pure VIO and GNSS-VIO fusion methods
drop to 0% success in the 120 s Box Girder Interior scenario, because their accumulated
drift exceeds the threshold early in the sequence and cannot recover without a global
reference. LIO-BIM performs best among the baselines, but its success rate in this scenario
is 79.2%. More than one fifth of its frames therefore fail to meet the engineering accuracy
requirement, which leaves the resulting inspection records incomplete for component-level
defect registration.

The 100% success rate of the proposed framework is achieved through the synergistic
action of its core innovations. The BIM semantic—geometric tight coupling constraint
provides a persistent global reference tied to the bridge’s engineering coordinate system,
ensuring that the absolute positioning error never grows unbounded. The semantic-guided
feature matching eliminates mismatches from repetitive structural elements, ensuring that
the BIM constraints remain reliable throughout the entire occlusion period. The adaptive
elastic weight mechanism ensures that the BIM constraint takes over seamlessly as the
primary global constraint when GNSS signals are lost, with no drop in positioning accuracy
during the state transition. These design elements collectively ensure that the system
maintains centimeter-level accuracy for 100% of the inspection mission, even in the most
challenging full GNSS occlusion scenarios.

To substantiate the 100% success rate, Figure 5 reports the per-frame absolute po-
sitioning error over the 120 s box-girder full-occlusion traversal. The time-series traces
(Figure 5a) show that the BCEF-Nav error remains below the 10 cm engineering threshold
for the entire sequence, whereas all baselines cross the threshold at various points during
the occlusion. The corresponding error CDF (Figure 5b) confirms that 100% of BCEF-Nav
frames fall below 10 cm, while 79.2% of LIO-BIM frames remain below 10 cm and 20.8%
exceed the threshold. This per-frame evidence supports the aggregate success rate reported
in Table 4.
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Figure 5. Per-frame absolute positioning error during the 120 s box-girder full GNSS occlusion.
(a) Error time series of all methods, with the 10 cm engineering threshold marked; the BCEF-Nav
error stays below the threshold for the entire traversal, while all baselines exceed it. (b) Error CDF
over the occluded segment; 100% of BCEF-Nav frames are below 10 cm, while 79.2% of LIO-BIM
frames are below 10 cm and 20.8% exceed the threshold.

4.3.3. Qualitative Results

Figure 6 shows the estimated inspection trajectories of representative methods in the
120 s box-girder scenario, together with the ground-truth trajectory. The visual comparison
agrees with the quantitative results. The BCEF-Nav trajectory remains almost coincident
with the ground-truth reference over the full path inside the box girder and stays aligned
with the BIM coordinate system despite complete GNSS loss. All shown baselines exhibit
visible cumulative drift as the UAV progresses through the occluded segment. VINS-Mono
departs strongly from the true trajectory, which would compromise both navigation safety
and inspection accuracy. The BIM-based and LiDAR-inertial-camera baselines perform
better, but still show clear drift by the end of the 120 s occlusion.

Top View of Inspection Trajectory
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Figure 6. Qualitative comparison of inspection trajectories and ground truth in the 120 s full GNSS
occlusion scenario inside the box girder. The proposed BCEF-Nav trajectory is almost coincident
with the ground truth, while the representative control methods VINS-Mono [6], LIO-BIM [21],
and LIC-Fusion [28] show severe drift.

4.3.4. Real-Time Performance Test

To verify onboard real-time performance, we measured the average frame rate of the
full BCEF-Nav pipeline on the Jetson Xavier NX during the complete bridge inspection mis-
sion. The system runs at 28 fps, close to the 30 fps camera capture rate and comparable to the
lightweight VINS-Mono baseline. It should be noted that this figure is a mission-averaged
end-to-end frame rate; per-segment and per-module timing breakdowns were not instru-
mented in this study, and frame rates during computationally intensive phases—such as
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BIM loop-closure triggering and dense feature matching inside the box girder—may differ
from this average. This efficiency comes mainly from two implementation choices: offline
BIM preprocessing with KD-tree indexing for fast feature association, and a lightweight
semantic segmentation network that runs on the embedded GPU. At 28 fps, BCEF-Nav
can provide pose estimates in real time for flight control and defect localization. The result
indicates that the framework can operate on the computing hardware typically carried by
small inspection UAVs, without requiring a heavier or more expensive onboard computer.
A finer-grained runtime profile—the per-module timing of the segmentation front end,
BIM feature association, and sliding-window optimization, together with the minimum
frame rate and the instantaneous rate during compute-intensive phases—is left as future
work to further support reproducible real-time evaluation.

Beyond the average frame rate, deploying BCEF-Nav on the edge computing hardware
of small inspection UAVs poses several practical challenges. First, the onboard platform
(Jetson Xavier NX, 8 GB) must run the YOLOvS8-Seg semantic segmentation front end
and the sliding-window optimization back end concurrently under tight compute and
power budgets; we address this by executing a lightweight segmentation network on the
embedded GPU and by moving BIM preprocessing and KD-tree indexing of the global
feature library entirely offline, so that online computation is limited to nearest-neighbor
queries and residual construction. Second, the BIM global feature library must remain
resident in memory during the mission; the lightweight triangular mesh and component-
wise partitioned loading keep the memory footprint within the platform’s capacity. Third,
synchronized multi-sensor acquisition and parallel scheduling of the visual, inertial, GNSS,
and BIM-association threads must be maintained on limited hardware to avoid latency
spikes. In terms of minimum requirements, the framework requires an embedded platform
with a CUDA-capable GPU and at least 8 GB of memory to sustain real-time operation;
lower-end hardware would require further model compression. These considerations
indicate that, although BCEF-Nav runs in real time on a mainstream onboard computer, its
current compute headroom is limited.

4.4. Ablation Experiment

To assess the contribution of each core module in BCEF-Nav, we performed an ablation
study in the most difficult setting: 120 s full GNSS occlusion inside the box girder. Starting
from the baseline VIO system, we added the proposed modules one by one and measured
the ATE RMSE of each variant. This design isolates the accuracy gain provided by each
component. Table 5 reports the ablation results, and Figure 7 shows the corresponding
percentage improvement in positioning accuracy.

The ablation results clarify the contribution of each module and support the effective-
ness of the proposed design. Variant 1 uses only the baseline VIO module. In the 120 s
full-GNSS-occlusion box-girder scenario, its ATE RMSE reaches 89.2 cm. The trajectory
shows unconstrained drift and is not usable for bridge inspection. This result confirms that
pure VIO, without any global reference, cannot maintain the positioning accuracy required
during long GNSS outages.

Table 5. Ablation experiment results (ATE RMSE, unit: cm). Values are reported as mean =+ standard
deviation over 10 repeated trials.

No. VIO Base Elastic GNSS BIM Point BIM Line + Plane Global Opt. ATE RMSE
1 v X X X X 892 +£10.3
2 v v X X X 714 +8.7
3 v X v X X 22.6+24
4 v X v v X 123+1.2
5 v v v v X 8.7+08
6 v v v v v 59405
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Figure 7. Accuracy improvement ratio of each innovative module in the ablation experiment.
The BIM line + plane feature constraint, elastic weight mechanism and global optimization module

bring 54.4%, 29.3% and 32.2% accuracy improvement respectively, verifying the effectiveness of the
core innovations.

Variant 2 adds the elastic GNSS constraint to the baseline VIO system and reduces the
ATE RMSE to 71.4 cm. The improvement is limited, and the error remains well above the
10 cm engineering threshold. The reason is straightforward: elastic GNSS weighting can
correct the pose only when GNSS observations are available. During complete occlusion, it
provides no global reference and cannot prevent drift accumulation. This result shows that
elastic GNSS-VIO fusion alone is insufficient for extended GNSS outages unless another
global constraint is introduced.

Variant 3 adds BIM point-feature constraints to the baseline VIO system. The ATE
RMSE decreases sharply to 22.6 cm, showing the value of the BIM model as a global
reference. BIM point features anchor the estimate to the bridge engineering coordinate
system and suppress the unbounded drift observed in pure VIO. The error, however, still
remains above the 10 cm threshold. Inside the box girder, salient point features are sparse
because of weak texture and repetitive geometry, so point constraints alone are not dense
enough to maintain centimeter-level accuracy over the full occlusion period.

Variant 4 adds BIM line and plane constraints on top of Variant 3. The ATE RMSE
decreases to 12.3 cm, corresponding to a 54.4% accuracy improvement over point-only BIM
constraints. This gain comes from the feature distribution inside the box girder. Lines and
planes are far more abundant than salient points and provide denser global constraints
over the occluded segment. The result supports the use of point, line, and plane features in
combination. In low-texture and highly structured bridge scenes, line and plane constraints
are especially useful for maintaining pose accuracy when GNSS is unavailable.

Variant 5 adds the elastic GNSS constraint to Variant 4. The ATE RMSE decreases to
8.7 cm, giving a 29.3% improvement over Variant 4. This gain comes from the adaptive
weighting between GNSS and BIM constraints. Before and after the box-girder occlusion,
GNSS observations are still available. The elastic fusion mechanism uses these measure-
ments together with BIM constraints to refine the initial and recovered states, reducing the
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error carried into the occluded segment. This result confirms that GNSS and BIM constraints
are most effective when their weights are adjusted jointly over the full inspection trajectory.

Variant 6 includes all BCEF-Nav modules and adds global pose consistency optimiza-
tion. The ATE RMSE is further reduced to 5.9 cm, a 32.2% improvement over Variant 5.
The gain comes from pose graph optimization, which removes the small residual drift
accumulated over the full trajectory. After this step, the complete inspection path remains
consistent with the bridge engineering coordinate system.

The ablation study also shows that the modules are not merely additive. The BIM
semantic—geometric constraint supplies the global reference needed during GNSS outages.
The elastic weighting mechanism regulates the interaction between GNSS and BIM con-
straints as signal conditions change. The global pose consistency module then removes
residual drift over the full trajectory. These components work as a single estimation pipeline,
allowing BCEF-Nav to maintain centimeter-level global positioning even under severe
GNSS occlusion.

To isolate the contribution of semantic-guided matching, we compared the full BCEF-
Nav with a variant in which semantic filtering is disabled (geometry-only BIM match-
ing), holding all other components constant. As shown in Table 6, removing semantic
filtering causes the repetitive structural elements of the bridge—such as equally spaced
diaphragms and standardized box-girder segments—to trigger numerous cross-component
false matches, sharply reducing the reliability of the BIM global constraint: the matching
inlier rate drops by about 43%, the ATE RMSE increases by about 132% (from 5.9 cm to
13.7 cm), and the success rate falls below 80%, failing to meet the centimeter-level require-
ment of bridge inspection. This result verifies that semantic-guided feature matching is a
core module for ensuring BIM-constraint validity in repetitive bridge scenes.

Table 6. Ablation of the semantic filtering module under 120 s box-girder full GNSS occlusion.

Configuration ATE RMSE (cm)  Success Rate (<10 cm)  Avg. Inlier Rate
BCEF-Nav (full, with semantic 54 4 5 100% 87.2% + 2.1%
filtering)

Without semantic filtering

(geometry-only BIM matching) 137+ 14 76.4% 49.6% + 4.8%

5. Discussion

The experiments show that BCEF-Nav addresses the main navigation challenge in
UAV bridge inspection: maintaining centimeter-level global positioning in the bridge
engineering coordinate system under intermittent GNSS outages. Compared with existing
navigation methods, the framework provides three key improvements.

The first is elastic fusion under intermittent GNSS occlusion. The adaptive weighting
mechanism enables smooth transitions between GNSS-available and GNSS-denied condi-
tions without the pose discontinuities caused by hard switching. Even during complete
GNSS outages, the as-built BIM model provides a persistent global constraint, keeping
odometry drift bounded over extended periods.

The second improvement is the tight coupling of BIM semantic and geometric infor-
mation. Global point, line, and plane features from the BIM model are incorporated into
the sliding-window optimization together with component semantics. Unlike existing
BIM-aided methods that primarily use the model for loop closure or geometric association,
the proposed framework maintains BIM constraints throughout the optimization process.
Semantic-guided feature matching further reduces false correspondences among repetitive
bridge components, improving robustness in box girders, beam soffits, and pier-dense
regions with weak texture and highly repetitive structures.
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The third improvement is engineering deployability. BCEF-Nav uses only a monocular
global-shutter camera, a low-cost MEMS IMU, and a civilian GNSS receiver. It does not
require LiDAR, fiber-optic IMUs, or high-end onboard computing. The framework therefore
provides a practical solution for centimeter-level UAV bridge inspection on mainstream
small platforms, reducing the cost barrier to large-scale deployment in GNSS-challenged
bridge environments.

Although this work focuses on bridge inspection, the proposed framework can also be
extended to other structured infrastructure environments. Tunnels, dams, industrial plants,
and port facilities often experience intermittent GNSS availability while providing BIM
or CAD priors. In these scenarios, semantic-geometric model constraints can provide the
global reference that GNSS alone cannot maintain.

Beyond navigation performance, the proposed framework also supports the broader
bridge inspection workflow. Modern bridge inspection increasingly combines multiple
sensing modalities, including RGB imagery for surface cracks, thermal imaging for moisture
and delamination, LiDAR for geometric deformation, and sensors integrated with structural
health monitoring systems. All of these sensing modalities rely on accurate localization
so that each observation can be placed in the bridge engineering coordinate system and
associated with the correct bridge component. BCEF-Nav provides this capability. Acting as
a sensor-agnostic positioning layer, it supports different sensing payloads while registering
their measurements to a common global frame, allowing observations from different
sensors to be consistently linked to the corresponding component IDs and mileage stakes.
Integrating such multi-sensor inspection payloads is beyond the scope of this navigation-
focused study and is left for future work. Nevertheless, the centimeter-level localization
achieved here provides the foundation for these broader inspection workflows.

BCEF-Nav also has several limitations. It relies on a high-precision as-built BIM model
as the global reference for pose correction. Such a model is typically obtained in two ways:
for newly constructed bridges, the design-stage BIM is refined using as-built survey data,
as in the model adopted in this study, which was provided by the design institute and
validated on site; for existing bridges, an as-built model can be reconstructed through laser
scanning or photogrammetry. Bridges already incorporated into digital asset management
usually satisfy this requirement, allowing the framework to be applied directly. For aging
infrastructure without an accurate as-built BIM, however, an initial reverse-modeling
process is required before deployment. Model currency is another concern. Settlement,
deformation, or structural damage may gradually reduce consistency between the bridge
and its BIM model, weakening feature association and degrading positioning accuracy.
This issue is more likely for aging bridges whose BIM has not been updated during service,
motivating the online structural deformation detection discussed below to maintain a
consistent prior throughout the bridge lifecycle.

The monocular visual front end also has inherent limitations. During near-pure ro-
tational motion, image parallax becomes weak, making scale estimation less stable and
reducing robustness when the UAV hovers and rotates to inspect local structural details.
Reliable BIM geometric constraints also require observable point, line, or plane features.
On completely smooth and textureless surfaces, establishing stable feature associations
becomes difficult. Although such situations are uncommon in routine bridge inspection,
they may occur on newly cast concrete surfaces with few visible edges or surface patterns.
From an implementation perspective, the current system also leaves limited computa-
tional headroom on the edge platform. Future work will investigate model quantization
and operator-level optimization to further reduce hardware requirements and improve
deployment on lower-cost onboard computers.

https://doi.org/10.3390/drones10070552


https://doi.org/10.3390/drones10070552

Drones 2026, 10, 552

27 of 30

Another limitation concerns generalization. The current validation is based on a single
bridge and one high-quality as-built BIM model, so the applicability of the framework to
different bridge types and BIM models with varying accuracy has not yet been verified
experimentally. Nevertheless, the proposed framework is not specific to the box-girder
bridge considered in this study. It relies on point, line, and plane features together with
bridge component semantics, which are common to girder, arch, cable-stayed, and other
bridge types. In addition, the matching-confidence weight s,,,,;.;, in Equation (11) automati-
cally reduces the influence of BIM constraints when match quality decreases, providing a
certain degree of tolerance to less accurate BIM models. These observations suggest good
potential for generalization, but comprehensive validation across different bridge types
and BIM accuracy levels remains future work.

These limitations also define several directions for future research. Online structural
deformation detection will be incorporated to update the BIM prior from visual observa-
tions, improving positioning consistency during long-term bridge inspections. To reduce
the scale uncertainty of the monocular front end, a lightweight binocular depth camera
will be introduced to provide direct depth information and improve robustness under
weak texture and near-pure rotational motion. As discussed in the Introduction, automated
defect detection and defect-to-component registration remain beyond the scope of this
navigation-focused study. Future work will integrate the proposed navigation framework
with automated defect detection so that identified defects can be directly associated with
BIM component IDs and mileage stakes. This integrated workflow will also enable evalua-
tion using detection-oriented metrics, including component localization accuracy, defect
registration accuracy, and BIM-element association accuracy, together with comparisons
of defect detection performance with and without the proposed BIM-constrained local-
ization. These evaluations are intentionally left for future work because they require a
complete defect detection pipeline and real defect datasets, which are outside the scope of
the present study. Finally, the upper bound of the BIM constraint weight, Agp1max = 6.0,
was selected empirically through repeated field trials conducted with the infrastructure
maintenance team of Shanxi Transportation Holding Group. A systematic sensitivity anal-
ysis of this parameter under different GNSS occlusion durations and bridge inspection
scenarios will be conducted in future work to provide more rigorous guidance for practical
parameter selection.

6. Conclusions

This paper presents BCEF-Nav, a BIM-constrained elastic fusion navigation frame-
work for UAV-based bridge inspection. It addresses intermittent GNSS occlusion beneath
beams, inside box girders, and around dense piers, where odometry drift can break the
centimeter-level alignment required in the bridge engineering coordinate system. Built
on a tightly coupled sliding-window optimization back end, the framework introduces
semantic—geometric features from a high-precision as-built BIM model into visual-inertial
state estimation, allowing the BIM model to serve as a persistent global reference when
GNSS is unavailable. An adaptive weighting mechanism regulates the GNSS and BIM
constraints: as GNSS degrades, the weight shifts toward the BIM constraint so that global
correction continues throughout the occluded interval, while semantic-guided feature
matching further suppresses false associations among repetitive bridge components.

Validation in digital-twin simulations and field experiments on an in-service express-
way bridge showed that BCEF-Nav maintained an ATE RMSE of 5.7 cm after 120 s of
complete GNSS occlusion and achieved a 100% positioning success rate under the 10 cm
engineering threshold, while running at 28 fps on the embedded platform of a mainstream
small inspection UAV using only low-cost commercial sensors.
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The work makes two main contributions. Methodologically, it formulates an elastic
multi-constraint fusion scheme for intermittent GNSS occlusion and a BIM semantic—
geometric tight-coupling formulation within sliding-window optimization, extending prior
model-constrained navigation from loose association or purely geometric constraints to a
continuously active global constraint tied to the engineering coordinate system. From an en-
gineering perspective, it provides a low-cost and deployable navigation solution that, given
a high-precision as-built BIM model, can also be applied to other structured infrastructure
environments such as tunnels, dams, industrial plants, and port facilities.

The proposed framework nevertheless has several limitations. Its performance de-
pends on the accuracy of semantic segmentation and the availability of high-quality BIM
models. Positioning accuracy may degrade when semantic predictions are unreliable or
when the BIM model differs significantly from the real environment. Future work will
investigate more robust semantic perception and dynamic BIM updating strategies.
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Abbreviations

The following abbreviations are used in this manuscript:

ATE Absolute Trajectory Error

BIM Building Information Modeling
CDF Cumulative Distribution Function
CGCS2000 China Geodetic Coordinate System 2000
DOP Dilution of Precision

FOV Field of View

fps Frames Per Second

GNSS Global Navigation Satellite System
IFC Industry Foundation Classes

IMU Inertial Measurement Unit
KD-tree K-Dimensional Tree

LiDAR Light Detection and Ranging
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LSD Line Segment Detector
MEMS Micro-Electro-Mechanical System
mloU mean Intersection over Union
ORB Oriented FAST and Rotated BRIEF
PDOP Position Dilution of Precision
RMSE Root Mean Square Error
ROS Robot Operating System
RPE Relative Pose Error
RTK Real-Time Kinematic
SE(3) Special Euclidean Group in 3D
SHM Structural Health Monitoring
SLAM Simultaneous Localization and Mapping
UAV Unmanned Aerial Vehicle
VIO Visual-Inertial Odometry
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