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ABSTRACT

Given the central role of bridges in transportation networks, continuous monitor-
ing of these structures is crucial to detect damage, ensure long-term serviceability, and
prevent catastrophic failures. Traditional inspection methods, however, are costly, labor-
intensive, and often subjective. Sensor-based approaches, such as strain gauges or ac-
celerometers installed directly on bridges, require significant installation and mainte-
nance efforts, limiting their scalability. An emerging alternative leverages vehicle-bridge
interaction: by analyzing dynamic responses recorded by in-vehicle sensors, bridge con-
ditions can be assessed without installing dedicated instrumentation on the structure.
Vehicle accelerations reflect bridge-induced vibrations during crossings and indirectly
encode dynamic properties of the bridge. However, variability in vehicle speed poses
a significant challenge, as it affects the vibration signatures captured by accelerome-
ters while remaining independent of bridge health. This confounding factor hinders the
extraction of reliable, damage-sensitive features.

To overcome this challenge, we propose a vehicle speed invariant drive-by bridge
damage detection model that employs adversarial learning to extract features from vehicle-
induced vibrations that are sensitive to structural damage while invariant to vehicle
speed. The model integrates long short-term memory (LSTM) layers with a Gradient
Reversal Layer (GRL). The LSTM layers capture temporal patterns in the frequency
components, enabling the extraction of features that reflect subtle temporal variations
across the full vibration spectrum. The GRL imposes speed invariance by adversari-
ally optimizing the feature representation to maximize accuracy in damage classification
while minimizing performance in speed prediction. We evaluate our method through a
lab-scale experimental vehicle—bridge system with the vehicle running at varying speeds.
Our model performs 1.4X better than baseline methods for bridge damage detection,
achieving an accuracy of 91.01% and an F1-score of 93.29%.
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INTRODUCTION

Bridges are essential to both the economy and public safety, as they facilitate the
efficient movement of goods and people, reducing travel times by connecting critical in-
frastructure. Yet, continuous deterioration over time makes them increasingly vulnerable
to damage, posing significant structural and public safety risks. Early detection of such
damage is essential to prevent catastrophic failures. Traditionally, bridge inspections are
carried out by human inspectors, but these are typically limited to once every two years
due to a shortage of skilled labor and the high cost of manual inspections. Bridge health
monitoring through sensors directly installed on the bridge, such as accelerometers,
strain gauges, geophones, and tiltometers, can provide detailed information on bridge
health. However, installing and maintaining these sensors is costly and labor-intensive,
making large-scale deployment impractical [1]. Further, each bridge of interest must be
individually instrumented, which limits scalability. Recently, researchers have explored
the use of vehicle-mounted accelerometers for bridge health monitoring by capturing
vehicle vibrations when traversing the bridge. Vehicle accelerations capture bridge dy-
namic responses through vehicle-bridge interaction and thus encode bridge dynamics
characteristics that are informative of the bridge’s health condition [2—7]. This approach
provides a scalable and cost-effective solution, as sensors mounted on vehicles can be
deployed across multiple bridges. However, a key challenge remains: variations in ve-
hicle speed can substantially affect the recorded acceleration responses [8], potentially
leading to misclassification of bridge conditions.

To this end, we introduce a vehicle speed invariant bridge damage detection model
that adversarially learns features from vehicle vibrations, which are sensitive to bridge
structural damage yet invariant to vehicle speed. The method involves two components:
a) capturing the temporal evolution of frequency-domain vibration amplitudes using long
short-term memory (LSTM) [9] layers, and b) imposing the speed invariance in the ex-
tracted features through a Gradient Reversal Layer (GRL) [10, 11]. Firstly, vehicle-
mounted accelerometers capture bridge-induced vibrations, whose frequency content
varies over time and encodes information about bridge structural condition. Traditional
learning approaches that rely on static or averaged frequency-domain features [12, 13],
can miss critical low-amplitude, time-varying components that are highly sensitive to
damage. To capture these dynamic signatures, we use LSTM layers to learn how vibra-
tion amplitudes at different frequencies evolve temporally, enabling the model to iden-
tify subtle patterns associated with damage. Secondly, vehicle speed also affects the
recorded acceleration signals, making it difficult to disentangle speed-induced variabil-
ity from actual structural changes. To address this, a GRL is employed before the speed
prediction task. The GRL enables adversarial training, where the network is optimized
to perform well on damage classification while intentionally performing poorly on speed
prediction. This encourages the model to extract features that are sensitive to structural
damage but invariant to vehicle speed. We evaluated the performance of our method
on a lab-scale experimental bridge, with vehicle speeds ranging from 0.44 to 0.69 m/s.
Our approach achieved an F1 score of 93.29% in damage detection. Furthermore, our
method performs 1.4x better than the baseline model (without the LSTM layers) in the
bridge damage detection task.



VEHICLE SPEED INVARIANT BRIDGE DAMAGE DETECTION (VSI-BDD)

Our model (as shown in Figure 1) consists of two main components: (a) extract-
ing temporal-frequency features from spectrogram inputs using LSTM layers, and (b)
imposing speed invariant feature learning through a Gradient Reversal Layer (GRL).

First, to capture the temporal evolution of vehicle acceleration frequency amplitudes,
we employ a recurrent neural network architecture with LSTM layers. Temporal vari-
ations in the frequency content of vehicle acceleration signals can reveal critical infor-
mation about a bridge’s structural condition, including early signs of damage. However,
conventional models that rely on time-averaged representations often fail to capture these
dynamic patterns—particularly within low-amplitude frequencies that may carry subtle
yet informative damage signatures. To address this limitation, raw acceleration signals
are segmented into 1-second windows to standardize input length and are then trans-
formed into the time-frequency domain using the Short-Time Fourier Transform (STFT)
spectrogram, which characterizes how frequency amplitudes evolve over time. These
STFT spectrogram is then fed into a stack of LSTM layers. The output from the final
time step of the last LSTM layer summarizes the sequence and is passed through a fully
connected layer to extract features for both bridge damage classification and vehicle
speed prediction.

Second, to ensure that the features extracted by the LSTM are invariant to vehicle
speed, a GRL is introduced before the speed prediction task. The acceleration signals
recorded from vehicles are inherently influenced by the vehicle’s speed, introducing vari-
ability that can obscure the true structural response of the bridge. This speed-induced
variability poses a significant challenge, as it can degrade the model’s ability to accu-
rately detect bridge damage. To overcome this, the GRL enables adversarial learning by
acting as an identity function during the forward pass, while reversing the gradient (by
multiplying it with —\) during backpropagation. The negative sign causes the reversal,
while A controls how much the gradient from the speed prediction branch influences the
feature extractor, pushing it to learn features that are less affected by speed. This process
encourages the model to learn feature representations that minimize the damage classifi-
cation loss while simultaneously maximizing the speed prediction loss, thereby making
the extracted features invariant to speed and sensitive to damage.

EVALUATION

We evaluate the performance of our VSI-BDD model on the dataset obtained from
experiments conducted on a lab-scale bridge-vehicle system. The bridge is 8 feet long
and 2 feet wide, and the vehicle is equipped with two accelerometers—one at the front
and one at the rear (Figure 2). Acceleration signals were recorded as the vehicle tra-
versed the bridge at varying speeds, ranging from 0.44 to 0.69 m/s. The data were
sampled at a frequency of 2000 H z. Damage was introduced to the bridge by removing
bolts at the midspan and quarter-span locations. For our detection model, both midspan
(damaged type 1) and quarter-span (damaged type 2) damage states are grouped and la-
beled as Damaged.
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Figure 1. Architecture of the proposed vehicle speed invariant bridge damage detection
(VSI-BDD) model. The network processes vehicle accelerometer signals via STFT, fol-
lowed by a stack of LSTM layers to extract temporal features. These features are then
passed to two branches: a damage classification branch and an adversarial speed predic-
tion branch. A GRL is applied to the speed prediction branch to impose speed invariant
feature learning.

Each acceleration signal had different lengths due to variability in vehicle speeds. To
address these variations and ensure consistent model performance, we standardized the
input data by segmenting it into uniform time windows of one second, corresponding
to 2000 data points. Each segment was labeled as either damaged or undamaged, de-
pending on the state of the bridge during data collection. The input to the LSTM model
had the shape (N, 16, 250), where N is the batch size and (16, 250) is the STFT features
extracted from 1-sec acceleration segments. A total of 19, 582 samples were obtained,
of which 90% were used for training and validation, while the remaining 10% were re-
served for testing. The samples were shuffled to ensure a similar distribution across the
training, validation, and test sets. For each sample, the corresponding output labels (0
for undamaged and 1 for damaged) and speed labels (continuous values computed by
dividing the bridge length by the signal duration) were also obtained. Hyperparameters
were tuned to optimize performance on the validation split (10% of the training set) us-
ing the Hyperband tuner [15], with dropout regularization applied to avoid overfitting.
Specific details of the best-performing model are summarized in Table L.

Our model is evaluated on the lab-scale experiment with respect to a baseline model
(Autoencoder+Classifier & Spectrogram+LSTM). The baseline Autoencoder+Classifier
is a supervised learning model that performs dimensionality reduction of the segmented
acceleration time-histories but lacks the ability to capture the temporal features. While



Aspect Details
Optimizer Adaptive Moment (Adam) [14]
Learning Rate 0.001

Loss Functions

- Damage Detection: Binary Crossentropy
- Speed Prediction: Mean Squared Error (MSE)

Metrics

- Damage Detection: Accuracy, F1 Score
- Speed Prediction: MSE

Activation Function

Rectified Linear Units (ReLU) except final outputs
- Sigmoid for Damage Detection Output
- Linear for the Velocity Predictor Output

Dropout Rate

0.1 after each LSTM layer

Feature Layer

Dense layer with 5 units

Adversarial weighing factor ()

0.01

Batch Size (N)

64

TABLE I. Details of the VSI-BDD model

Damage introduction
through removal of
bolted connectio

Figure 2. Lab-scale experimental setup (a) the steel girder with aluminum deck bridge
(8ft x 2ft) with the vehicle model, (b) the vehicle model with the locations of the in-
stalled accelerometers, and (c) bridge damage simulated through removal of bolts from
the gusset plate connection of longitudinal steel girder.

the Spectrogram + LSTM model enables us to capture the temporal features, but are
not explicitly trained to learn vehicle speed invariant features. Our model (VSI-BDD)
achieves an overall accuracy of 91.01% and an F1 score of 93.29% on the unseen test
dataset. Table II shows the performance of our model compared to the baseline. Our
model successfully outperforms the baseline and performs 1.4 x better than the Autoen-

coder+Classifier model.

Further, the invariance of vehicle speed is reinforced by the plot of each of the ex-
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Figure 3. The scatter plots between the five extracted features and the vehicle speeds for
both the training and testing datasets show that the Spearman’s correlation coefficients
are very close to zero for all five features. This implies that there is little to no monotonic
relationship between vehicle speed and the values of the extracted features.

tracted features from the fully connected layer with vehicle speed (Figure 3). It is ob-
served that the feature value does not show any correlation with vehicle speed for both
the training and testing datasets. Figure 4 shows the t-SNE [16] plot of the extracted
features for both damaged and undamaged cases, with the color of the scatter points
indicate the damage state, showing a clear distinction. These signify the effectiveness
of the model for the detection of bridge damage while being invariant to vehicle speed.
Finally, Table III shows the results of our model across different speed ranges. It shows
that the F1 score remains high across the entire range of speeds.

Model Accuracy | Recall | F1 Score
VSI-BDD (Spectrogram + Adversarial LSTM) | 91.01% | 95.13% | 93.29%
Spectrogram + LSTM 88.20% | 88.55% | 90.80%
Autoencoder + Classifier 65.73% 100% 78.98%

TABLE II. Performance of the our VSI-BDD model (Spectrogram + Adversarial LSTM)
as compared to the baseline method on the damage detection while being speed invariant.
Our model achieves overall F1-score of 93.29% in damage detection.
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Figure 4. The t-SNE embedding plot of the extracted features for the damaged and un-
damaged bridge cases under varying vehicle speeds. The 95" percentile damage region
is shown by a red bounding box. A clear distinction of clusters between damaged and
undamaged bridge cases is observed for both training data (left) and testing data (right).

No. | Speed Range (m/s) | Accuracy (%) | Recall (%) | F1 Score (%)
1 0.44-0.49 91.21 93.57 93.84
2 0.49-0.54 93.76 97.57 95.26
3 0.54-0.59 91.46 93.94 93.66
4 0.59-0.64 85.63 90.60 89.83
5 0.64-0.69 85.67 93.37 88.95

TABLE III. Performance metrics of our model across different speed ranges. The model
performs good across all speed ranges showing the robustness of our method to different
speeds.

CONCLUDING REMARKS

We present a vehicle speed invariant bridge damage detection method that leverages
acceleration signals recorded during vehicle traversal to identify structural damage re-
gardless of speed variations. By integrating a recurrent neural network with a Gradient
Reversal Layer, the proposed model extracts features that are both sensitive to bridge
condition and invariant to changes in vehicle speed. The approach achieves strong per-
formance, with an F1-score of 93.29%, outperforming the baseline by a factor of 1.4x.
These results demonstrate the potential of vehicle-mounted sensors for accurate and scal-
able bridge health monitoring under normal traffic conditions. Future work may extend
this framework to classify damage types or localize defects, while preserving speed in-
variance.
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