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Abstract: This study explores the application of machine learning (ML) techniques in road and bridge weigh-in-motion (B-WIM)
systems, focusing on their potential to improve the accuracy and efficiency of load identification processes. The study
begins with an introduction to the fundamentals of ML and artificial intelligence, providing an overview of key algorithm
families and their applicability in bridge civil engineering. Subsequently, the concept of B-WIM systems is discussed,
emphasizing the role of ML in vehicle classification, detection, and load estimation. A novel system architecture is
proposed, integrating the You Only Look Once algorithm for real-time vehicle detection and tracking, and autoencoders
for analysing the structural response signal to estimate axle loads. Proof-of-concept case studies, implemented within a
numerical simulation environment (finite element software SOFiSTiK), are presented to illustrate the feasibility of such
approaches. These examples demonstrate key concepts in a simplified form, supporting the proposed methodology
without requiring full-scale experimental validation. Results demonstrate the advantages of ML tools in handling dynamic
loads and diverse traffic conditions, significantly outperforming traditional methods regarding accuracy and scalability.
The study concludes by highlighting the broader implications of using ML in structural monitoring and its potential to
revolutionize load identification in bridge engineering.
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List of abbreviations VIS vehicle identification system
WIM weigh-in-motion
Al artificial intelligence YOLO  You Only Look Once
B-WIM  bridge weigh-in-motion
CNN convolution neural network
FAD free axle detector 1. Machine learning (ML) in civil
FOV field of view engineering
FRP fixed reference point
IF influence function
LIS load identification system 1.1 Fundamentals of ML and artificial
MDS  mechanical detection system intelligence (AI)
MFI moving force identification
ML machine learning Al is an interdisciplinary field of science concerned with

creating systems capable of performing tasks that typically
require human intelligence. It encompasses processes such
as learning, reasoning, decision-making, and processing
information from the environment to interpret and respond
to it. Al is a broad term covering many distinct and often
unrelated techniques, such as ML, natural language

MSE mean squared error
NOR nothing on the road
RMSE  root mean squared error
VAE variational autoencoder
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processing, expert systems, image and speech processing,
planning, and robotics. Rather than being a single method,
Al is a collection of approaches designed to replicate or sup-
port different aspects of human intelligence. ML is a field of
computer science focused on methods that enable computers
to learn independently from available data, without the need
for traditional, manual programming of all rules. In ML,
algorithms use input data to automatically detect patterns
that can be then used for predictions or other forms
of data analysis. The difference between the mechanism of
traditional programming or problem-solving and the
mechanism utilizing ML is presented in Figure 1.

ML is thus an area of Al that enables computers to
learn from experience, improve their actions, and make
decisions without the need to create complex programs
with rules that account for all possible cases, which is
usually impossible to achieve.

ML covers a very broad field, comprising a wide range of
algorithms that can differ significantly from one another. In
the context of ML development and applications, it is essen-
tial to define fundamental categories, which allow for the
classification of methods based on specific features and
requirements. This basic categorization considers the level
of human supervision in the learning process.

According to some publications [1,2], categories based
on the level of human supervision include:

* Supervised learning,

* Unsupervised learning,

* Semi-supervised learning,

* Reinforcement learning (RL).

The development of ML has progressed through various
stages, encompassing multiple categories of algorithms, each
contributing new capabilities for analysis and prediction.

Table 1 presents the main families of ML algorithms
along with selected representatives from each group and a
short characteristic. ML includes several groups of algo-
rithms. Each group uses a different way to learn from data
or make predictions. These groups are called algorithm
families. The same algorithm can often be used in different
ways, depending on the task and how it is trained.

Table 1 shows the main algorithm families, with exam-
ples and short descriptions.

ML is a field of science whose roots reach back long
before the era of modern computers. The overview in
Table 1 clearly shows that ML is built on a solid foundation
of classical statistical methods, developed as early as the
late nineteenth century. Today’s popular neural networks
represent only a part of this long- standing tradition. The
success of modern ML applications has been made pos-
sible by decades of evolution in various approaches and
algorithms.

1.2 Areas of ML applications in civil
engineering

ML is particularly effective in areas with high problem
complexity that exceeds the capabilities of traditional ana-
lytical methods.

Key applications of ML include the following:
* problems requiring dynamic adaptation,
 complex analytical challenges,
* support in data analysis.

In civil engineering applications ML can be applied to
general types of tasks, as illustrated with examples and
corresponding algorithms in Table 2.

Traditional Programming

Machine Learning

Defining the
problem

4—‘ Evaluation

Deployment

—> Wriling rules

Error Analysis

Defining the
problem

~ Data

Deployment

Learning
Algorithm

Lrror Analysis

Figure 1. Comparative diagram of creating an algorithm based on traditional programming and ML.

Source: Author’s contribution; adapted from Géron [1].
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Algorithm family

Selected algorithms

Description

Linear methods

Decision trees and variants

Support vector machines

Probabilistic methods

Dimensionality reduction

Clustering

Artificial neural networks

Linear Regression

Logistic Regression

Ridge Regression

Lasso Regression

Decision Trees

Random Forests

Support vector machines

Naive Bayes Classifier

Hidden Markov Models

Principal Component Analysis

Linear Discriminant Analysis and

Quadratic Discriminant Analysis

K-means

Density-Based Spatial Clustering of

Applications with Noise

Feedforward Neural Network

Self-Organizing Map

Radial Basis Function Network

Recurrent Neural Network

Convolutional Neural Network (CNN)

Autoencoder

Generative Adversarial Network

Transformer

Graph Neural Network

Introduced as early as the nineteenth century by Francis Galton, formalized as
a statistical model by Karl Pearson at the beginning of the twentieth century
Developed by David Cox in the 1950s
Introduced in the 1970s by Hoerl and Kennard
Developed by Robert Tibshirani in 1996
Developed from the 1960s, formally defined in the 1980s by Leo Breiman
(CART algorithm — Classification and Regression Trees)
Introduced by Leo Breiman in 2001 as a combination of multiple decision
trees to improve model accuracy
Developed in the 1990s by Vladimir Vapnik and his collaborators; became
popular in the second half of that decade
Originates from the eighteenth century, gained importance in the 1960s as
a probabilistic method for text classification
Developed by Leonard E. Baum in the 1960s; widely used in the 1970s and
1980s for sequence analysis, e.g. in speech recognition
Introduced by Karl Pearson in 1901
Linear Discriminant Analysis introduced by Ronald Fisher in 1936;
Quadratic Discriminant Analysis (QDA) developed later as a statistical
classification method
Developed by Stuart Lloyd in 1957 (published in 1982); widely used for data
clustering
Density-Based Spatial Clustering of Applications with Noise, introduced by
Martin Ester and colleagues in 1996 as a method for grouping spatial data
Early neural network model, developed in the 1950s, particularly by
researchers such as Warren McCulloch and Walter Pitts, who proposed a
theoretical model in 1943
Developed by Teuvo Kohonen in the 1980s; widely used for data
visualization and clustering
Introduced by Broomhead and Lowe in the 1980s
Developed in the 1980s, gaining popularity in the 1990s with architectures
like Long Short-Term Memory (LSTM) proposed by Hochreiter and
Schmidhuber in 1997
Based on convolution layers, developed by Yann LeCun in the 1980s,
gaining popularity in the late 2000s
Developed in the 1980s, with significant advancements in the 2000s
alongside deep learning
Introduced by Ian Goodfellow and collaborators in 2014; popular for
generating synthetic data
Introduced by Vaswani and collaborators in 2017, revolutionized natural
language processing by eliminating the need for sequential processing
Developed in the early twenty-first century, gaining popularity after 2010;

used for processing data in graph form

Table 1. Overview of ML algorithm families.

Source: Author’s contribution; concept based on Géron [1].
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VEHICLE IDENTIFICATION SYSTEM

Vehicle identification algorithm and Number of axles
tracking its position based on vision |—»|  Axle spacing
systems Speed

Information about the passage:

Longitudinal location over time

LOAD IDENTIFICATION SYSTEM

Sclf-adaptive algorithm determining
operational loads using machine learning

Determines vehicle loads by solving the
inverse problem, where the structure's

i

response is known but the excitation
forces are unknown.

Image from the vision
system Measured global response of the
structure at a selected point v
RESULT
. Total vehicle load
N Axle group loads
R Axle loads
“~& BRIDGE STRUCTURE MONITORING
o - Selected measurement technique monitoring selected
Caea? bridge structure response variables

Figure 2. General concept of the proposed B-WIM system structure.

Table 2 presents the typical types of tasks faced by ML
algorithms in civil engineering. Most real-world problems can
be categorized into one of the presented groups. Each of these
task types imposes different requirements on the models, which
necessitates the use of diverse algorithms. In practice, artificial
neural networks are gaining increasing popularity due to their
flexibility and ability to adapt their architecture to the specific
nature of a problem, making them capable of effectively hand-
ling virtually all the listed task types. However, the choice of an
appropriate algorithm depends on the specific analytical needs
and the characteristics of the data being analysed. While neural
networks, especially deep architectures, provide high flexibility
in modelling nonlinear and multivariate relationships, they are
not universally superior. In engineering contexts where data are
scarce or model interpretability is essential, alternative super-
vised learning algorithms, such as Support Vector Machines or
Decision Trees, can offer better generalization performance and
easier deployment. This observation is supported in the study by
Farrokhi and Rahimi [14] where Support Vector Machines with
a Gaussian kernel outperformed artificial neural networks, deci-
sion trees, and naive Bayes models. In this study, particular
attention is paid to the application of ML methods in bridge
weigh-in-motion (B-WIM) systems.

1.3 Potential applications of ML in B-WIM
systems

The identification of overloaded vehicles is a topic that has been
extensively analysed but has not been comprehensively solved
yet. Research conducted by Gdarisk University of Technology
[15] shows that the share of overloaded vehicles in road traffic

Source: Author’s contribution.

in Poland ranges from 14 to 23%, while another publication [16]
indicates that the average share of overloaded vehicles is 18.5%.

The traffic of overloaded vehicles accelerates the
degradation processes of all transport infrastructure ele-
ments, including bridge structures. According to Rys [15],
overloaded vehicles cause from 35% to as much as 70% of
pavement structure damage. Additionally, damage may
occur to invisible underground networks, such as water
or electrical networks. The issue of overloaded vehicle
traffic affects all technical classes of roads.

The general concept of a proposed new B-WIM system,
shown in Figure 2, is focused on the main goal: developing an
algorithm capable of efficiently determining operational live
loads.

The figure includes a schematic diagram showing both
vehicle identification system (VIS) and load identification
system (LIS) modules, indicating how vehicle detection data
feed the load identification algorithms. In the proposed B-
WIM system, the VIS is the main element responsible for deter-
mining the fundamental parameters of a vehicle, such as
number of axles, axle spacing, speed, and longitudinal location
over time. Vision systems can be used for this purpose,
recording real-time vehicle passage to ensure continuous data
collection. The second element of the system is the monitoring
of the bridge structure response, implemented using selected
measurement techniques. The system’s task is to record the
bridge structure response to the passage of a vehicle.

The critical component of the system is the LIS algo-
rithm that determines load pressures, using ML techni-
ques that are self-adaptive, which means that the algo-
rithm improves its performance autonomously when it
is operating. Knowing the vehicle’s configuration, based
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on data from the VIS and the signal of the bridge response,
the algorithm determines the vehicle’s total weight.

1.4 Research objectives

The main objective of this article is to provide a basic classi-
fication and structural overview of traditional B-WIM systems
based on a comprehensive literature review. Additionally, the
study introduces and discusses the potential of integrating ML
mechanisms into B-WIM systems to enhance their perfor-
mance in operational load monitoring tasks.

The article focuses on the application of ML methods in
vehicle identification and load estimation processes. In addi-
tion to the theoretical analysis, this article presents simplified
implementations of selected system components, including
vehicle detection, and weight identification, using basic com-
putational models and computer simulations. These imple-
mentations aim to illustrate and promote the proposed con-
cept rather than deliver a fully operating system. The
purpose of this work is to demonstrate the feasibility of the
approach and to encourage further research and develop-
ment, recognizing that creating a complete solution would
require greater resources and collaborative effort.

2. Family of weigh-in-motion
(WIM) systems

2.1 Road WIM systems

The primary existing tools for automatically measuring
axle loads are WIM systems. The first concept of vehicle

Figure 14. Electronic scale in operation.

parameters identification using sensors embedded in the
road surface was published in 1952 in the article
“Weighing Vehicles in Motion” [17], which described the
concept of an electronic device capable of measuring indi-
vidual axle loads, distances between axles, and detecting
the speed of moving vehicles. Case study of the first WIM
system implementation is presented in Figure 3.

WIM systems have been developed over many years,
and the current state of knowledge on these systems is
presented in the series of articles [18-21], which cover a
review and classification of WIM systems. In current
implementations, the actual measurement result from a
WIM system is the instantaneous axle load of a vehicle
passing over the measuring device. This poses a significant
issue, as moving vehicles experience additional forces
from factors such as the inertia of sprung and unsprung
masses, aerodynamic effects, road surface irregularities,
driving techniques, and vehicle suspension parameters.

In the study by Burnos [21], key factors affecting the
accuracy of WIM systems, such as vehicle dynamics, pave-
ment type, sensor placement, and temperature sensitivity,
were identified and methods to mitigate their impact were
proposed.

2.2 B-WIM systems

An alternative to road-embedded scales is a bridge-based
load monitoring system, known in the literature as the B-
WIM system, which utilizes the bridge superstructure to
identify parameters of vehicles traveling over it, based on
the history of interaction effects.

This article presents a general classification and structure
of traditional B-WIM systems, based on a literature review,

Figures 16 and 17.

Load patterns for truck moving at various speeds.

Figure 3. The passage of a tractor-trailer with a semi-trailer over a measuring device embedded in the pavement (on the left); The
response of the measuring device to the passage of the vehicle at different speeds (on the right).

Source: data from [17].
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Figure 4. Diagram of a typical B-WIM system.

and introduces the concept of a B-WIM operational load

monitoring system enhanced with ML mechanisms.

The first concept of a B-WIM system was proposed by
Moses in 1979 [22]. Unlike WIM systems, which measure the
instantaneous axle load on sensors, B-WIM systems rely on
the response history of the bridge structure during vehicle
passage, allowing for more accurate vehicle mass estimation.
B-WIM systems have significant potential and advantages
over other solutions, as they are more resistant to damage.
The sensors are installed on the underside of the bridge
girders or other structural elements, protecting them from
direct weather exposure and contact with vehicles [23]. The
installation of B-WIM systems is safe and does not require
road closures during installation work. Additionally, B-WIM
systems provide a more accurate estimation of vehicle mass
than traditional WIM systems.

Figure 4 shows a general framework for typical archi-
tecture of B-WIM systems based on different techniques
and algorithms.

The core component of the B-WIM systems is VIS,
which detects the presence of a vehicle on the bridge,
determines its geometry and motion parameters, and
then transmits these data to LIS.

There are three traditional types of VIS:

* Mechanical detection system (MDS): This basic solu-
tion consists of a pair of pneumatic sensors arranged
parallel across the entire road width just before the
bridge structure. The passage of a vehicle axle generates
a pressure change within the measurement system,
which is a measurable quantity [24].

Source: Author’s contribution.

» Free axle detector (FAD): This system uses sensors
mounted at selected locations on the underside of the
bridge girder or other structural element to detect vehicle
passage. Sensors are typically placed in positions where a
distinct change in the measured value occurs [25].

* Nothing on the road (NOR): This system generalizes
FAD by using not only local deformations, such as those
in the web near the supports, but also signals from the
global structural response [26].

Vehicle identification and position tracking during its
passage over a bridge structure are the key issues for the
correct functioning of the entire system. The choice of
vehicle identification technique is case-specific due to
the varying requirements imposed on B-WIM systems.

Table 3 summarizes the basic properties of the pre-
sented VIS, including classification criteria, measurement
techniques used, potential outputs, distinctive features,
and literature references.

For short-term studies on small structures with low
traffic volumes, an MDS can be used. This system reliably
detects axles and determines their speed, provided that
vehicles move at sufficient distance from each another.
However, it is prone to mechanical damage and charac-
terized by low durability. If long-term monitoring is
planned on a structure with moderate traffic intensity,
FAD or NOR systems should be used. Since the sensors
are located beneath the bridge deck, they offer signifi-
cantly higher durability, though at the cost of employing
more complex and less certain methods of data
interpretation.
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8 é LIS (Figure 4) uses vehicle data and structural
g = _ _ _E: response to estimate vehicle’s mass and axle loads,
e 5 3 2 g employing two approaches:

g § g e - * Quasi-static: This approach treats the passage as quasi-

g = B E static, assuming that the instantaneous axle load may
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8 g spond to the static load. A representative of this category
% % g @; g E is Moses algorithm [22], which was developed for beam-
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g g % 3 é 9 * Dynamic: This approach considers the passage as a
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3. ML tools in VISs

3.1 Available algorithms

The algorithm in the proposed VIS performs two separate
tasks:

* Classification: The primary task is to analyse each
frame from the vision camera and then detect and clas-
sify objects appearing on it. In this system, the desired
objects are passenger cars, delivery vehicles, and trucks.
Location determination: The second task is to deter-
mine the location of the object on the bridge, i.e. in a
three-dimensional space.

The primary task of object classification in an image
can be accomplished using several algorithms, such as
+ Haar Cascades [39],

Histogram of Oriented Gradients (HOG) [40],
* Region Convolutional Neural Networks (R-CNN) [41],
Single Shot MultiBox Detector (SSD) [42],
* You Only Look Once (YOLO) [43],
Region-based Fully Convolutional Network (R-FCN) [44].

Many methods can be used for classification, ranging from
classical algorithms such as Haar Cascades or HOG to modern
techniques based on deep neural networks, such as the R-CNN
family, SSD, YOLO, or R-FCN. Classical algorithms, while com-
putationally efficient, have limitations when dealing with
objects of a complex geometric structure and a varying per-
spective, which affects detection accuracy. Modern algorithms
based on CNN offer higher precision, the ability to detect a
variety of objects, and speed suitable for real-time applications.
However, their use often comes with higher computational
requirements. The optimal choice of algorithm therefore
depends on the specific task, particularly the requirements
for processing speed and detection accuracy.

Among the methods presented, the YOLO algorithm

was selected for further analysis due to its optimal balance

between detection accuracy and processing speed, which
enables effective real-time performance even on hard-
ware with limited computational capabilities. YOLO allows
for simultaneous detection and classification of multiple
objects within an image, which is particularly important
for vehicle traffic analysis. It also enables tracking of
object positions across consecutive frames, as detailed in
Section 3.2 of this study.

3.2 Example of application

Figure 5 shows two photos with an implementation of a
VIS for determining its position. Initially, an image
recorded with a smartphone camera at John Paul I Square
in Wroclaw was used. The YOLOv4 [43] model was
employed for image analysis, as it offers high accuracy
while maintaining high processing speed.

Version 4 of the algorithm was chosen because it can
be trained on consumer-grade graphics cards. YOLO (espe-
cially the newer versions of the V8) can detect partially
occluded objects, especially when trained on datasets that
include such examples. The algorithm works globally
across the entire image, learning local features (e.g. edges,
lights, contours) that allow it to recognize vehicles even
when they are not fully visible. However, its performance
decreases in more complex scenarios, such as when two
vehicles are closely spaced, one blocks another (e.g. a truck
obscuring a car), or the image quality is reduced due to
poor lighting or motion blur. To address these challenges
in real-world systems, a multi-camera setup is typically
required, often combined with additional sensors like
LiDAR or radar. The goal here is to demonstrate a basic
yet functional methodology for vehicle detection and posi-
tion tracking under constrained experimental conditions.

It is also possible to track selected vehicle elements,
such as wheels. The location of the tracked vehicle can be

Figure 5. Identification and tracking of vehicles based on camera image.

Source: Author’s contribution.
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Figure 6. Screenshots of a model mass passage from two different perspectives.

saved as a history of the positions of the centre of the
bounding box (marked in the image) in the X-Y space.
An image from a single camera is a two-dimensional array
containing colour values for individual pixels. However,
based on an image from a single camera, it is not possible
to accurately determine the position of a point in 3D space.
With images from two or more cameras observing the
same object from different perspectives, and assuming
the presence of fixed reference points (FRPs), it is possible
to precisely determine its location in space using triangu-
lation [45].

To illustrate this concept, a simple 3D bridge model was
created in the SOFiSTiK software, on which a suspended
mass point moves. The mass point travels along an axis par-
allel to the X-axis of the bridge, offset by 1m to the left. The
mass point is located 1.5 m above the road level and moves at
a speed of 25 m/s. Two separate videos showing the motion of
the mass from different perspectives were recorded at a
frequency of 200 Hz. Figure 6 shows the mass point and
the adopted reference points (FRP) for the structure for
which the X, Y, Z coordinates are known.

Initially, simple classifiers based on Hough circle
transform [46] were used to determine the location

Source: Author’s contribution.

and centroid of the mass point in each video frame. Sub-
sequently, using triangulation techniques and relying on
the known reference points on the structure, the location
of the tracked mass point was determined during transit.
Several factors affect estimation accuracy, including the
field of view (FOV), focal length, distortion (barrel/pin-
cushion), and camera position/angle. FOV influences depth
accuracy, focal length impacts magnification, and distortion
causes angular inaccuracies. To accurately determine the
location of points in 3D space, camera calibration is neces-
sary, accounting for the elimination of distortion effects,
and allowing for accurate representation of real distances.
In the presented example, screenshots of the simulated pas-
sage in the program were used. For this reason, only the
camera angles were considered. Figure 7 illustrates the gen-
eral concept of determining 3D location based on 2D images
using triangulation.

Using the algorithm described by Hartley and
Zisserman [48], images recorded from different perspec-
tives were processed, and the location of the tracked
object during transit was determined. Since everything
took place in a simulated environment, the exact position
of the mass over time is known, allowing us to

3D line
(X.Y.2)

2D line
left

Left camera

Figure 7. Stereo triangulation from a pair of cameras.

2D line
right

\\‘ (xR, YR)

Right Camera

Source: data from [47].
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Figure 8. Comparison of estimated and actual coordinates for the tracked model mass based on screenshots triangulation, along with

the corresponding estimation differences.

unequivocally verify the accuracy of the point’s location
over time. The localization results of the mass modelled from
Figure 6 are presented in Figure 8.

The histograms presented in Figure 9 illustrate the
distribution of estimation errors for the X, Y, and Z coor-
dinates of the mass position. The errors were calculated as
absolute differences between the estimated and actual
positions for each frame.

The chart includes a red dashed line indicating the 95th
percentile of the error values, along with a summary box

Error Histogram - X
T

Error Histogram - Y
T

Source: Author’s contribution.

showing key statistical metrics: standard deviation, mean
squared error (MSE), root mean squared error (RMSE), and
maximum error. This visualization provides a clear overview
of the accuracy and consistency of the estimation process.
Based on the obtained results and error distribution charts, it
can be concluded that the system achieved high accuracy in
estimating the vehicle’s axle position. These results confirm
that vehicle tracking and localization on the structure using
camera-based systems supported by ML can be performed
with high precision.
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Figure 9. Estimation error histograms for the model mass position coordinates.
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4. ML tools in LIS

4.1 Application of autoencoders

Determining vehicle mass and axle pressures is a particu-
larly challenging task. A neural network, using only the
response signals of bridge structure and information
about the vehicle’s configuration and position over time,
must reduce the data to key information and based on this,
estimate axle pressures. Additionally, the bridge struc-
ture’s response is sensitive to measurement noise and
structural dynamics.

Classifying this task type, it is undoubtedly a case of
time series analysis and dimensionality reduction.
Network types specializing in such tasks are autoencoders
and noise reduction techniques (Table 2).

Autoencoders are a class of artificial neural networks
that specialize in generating dense data representations,
known as encodings or hidden representations, without
external supervision. These encodings have reduced
dimensionality compared to the input data, making them
ideal for dimensionality reduction applications, especially
in the context of data visualization. Autoencoders are also
used as feature detectors and tools for unsupervised pre-
training in the context of deep neural networks [49].

The mechanism of autoencoders involves recon-
structing input signals at the network outputs, which
may seem like a simple task. However, the introduction
of constraints, such as reducing the size of hidden repre-
sentations or adding noise to the output data, significantly
complicates the process.

Structurally, an autoencoder is divided into two main
parts: an encoder, which converts input data into a hidden
representation, and a decoder, which regenerates the
output data from this hidden representation. An example
of autoencoder’s operation is presented in Figure 10. For a
2D image, such as a painting, the autoencoder analyses
each pixel and searches for patterns that are essential
for reconstructing the image. Instead of storing complete
information about each pixel, it reduces the data to key
elements, such as shapes, contours, or characteristic
arrangements of light and dark areas. These simplified
features are then used to recreate the image. While the
reconstructed image will not be a perfect replica of the
original, it will retain its most important characteristics,
such as recognizable contours of the objects it depicts. In
the case of a 1D signal, such as waveform representing
measurement data, the autoencoder analyses the signal’s
progression over time. It extracts key information, such as
repeating patterns, amplitudes, or frequencies, which

define the signal’s character. Using these features, the
signal is reconstructed. Although the reconstruction may
not perfectly match the original, the essential characteris-
tics of the signal, such as its shape or dominant frequen-
cies, remain intact. Autoencoders are particularly useful
when the goal is to focus on the essence of the data while
ignoring redundant details. For images, they enable data
compression; for signals, they allow for cleaning a noise or
analysing key features. Their ability to extract information
and reconstruct data makes them valuable in various
applications, from computer vision to processing audio
and biological signals.

According to the literature [1], various basic types of
autoencoders can be distinguished:
» Stacked autoencoder — consists of multiple hidden
layers that successively compress the information con-
tained in the input data into a smaller representation.
Each layer learns increasingly abstract features,
enabling the network to capture complex patterns. As
a result, it allows for more accurate data reconstruction
or more effective extraction of key information from
large datasets.
Denoising autoencoder — works by introducing con-
trolled noise into the input data during training, forcing
the network to ignore disturbances and focus on the
essential features. This approach teaches the model
not only to reconstruct the data but also to effectively
denoise it, which is particularly useful when the data
are affected by noise.
* Convolutional autoencoder — based on convolutional
layers and subsampling (pooling) operations, it effec-
tively captures local patterns and hierarchical struc-
tures in spatial data such as images. It is especially
useful for image compression and reconstruction, as
well as for extracting important visual features while
maintaining a low computational cost.
Recurrent autoencoder — uses recurrent neural con-
nections, enabling the analysis of data with a sequential
or temporal nature. This makes it well-suited for model-
ling dynamic data such as time series, biological signals,
or text sequences.
* Sparse autoencoder - introduces additional con-
straints to limit the number of simultaneously active
neurons in hidden layers, resulting in a so-called
“sparse” data representation. This enables efficient
extraction of only the most relevant features needed
for reconstruction, reducing redundancy and lowering
the risk of overfitting.
Variational autoencoder (VAE) — based on a probabil-
istic approach, it learns to represent data as a prob-
ability distribution in the latent space. This enables
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not only compression and reconstruction of data, but especially valuable in generative ML applications, such
also the generation of new examples through random as generating realistic images or simulating complex
sampling from the learned distribution. VAEs are signals.
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Figure 11. (a) Stacked autoencoder architecture and (b) results of the network operation in following steps.

It is noted that networks can have a complex structure
and simultaneously represent multiple classes. The
example in Section 4.2 uses a stacked denoising autoen-
coder based on convolutional layers. In the following part
of this subsection, the operation mechanism of selected
autoencoders is described and presented.

An example of a stacked autoencoder implementation
is presented, with the task of learning to classify digits,
extract characteristic information, and then reconstruct
the input image based on a set of handwritten images.
To demonstrate the mechanisms of network operation,
the MNIST database [50] was used, which is an extensive
database of handwritten digits and is commonly used to
train various image processing systems. The MNIST data-
base contains 60,000 images for training and 10,000
images for testing. Selected input images, the activations
of individual neurons in the encoder and decoder, and the
reconstructed input images are presented in Figure 11.

The implementation of the stacked autoencoder,
shown in Figure 11a, includes two main components: an
encoder and a decoder. Encoding begins by transforming
input data, such as 28 x 28 pixel monochromatic images,
into a 784-element vector. These vectors then pass through
layers with a decreasing number of units, allowing for the
extraction and compression of key features. The decoder
transforms the encodings through layers with an
increasing number of units, leading to the reconstruction
of the original images.

The activations of individual neurons in each layer are
presented in Figure 11b for five randomly selected images
of digits. It is noticeable that the network can reduce the

Source: Author’s contribution.

values representing the digit to just 25 values and then
reconstruct the image while preserving distinctive fea-
tures such as handwriting style and imperfections in pen
pressure on the paper.

Another capability of autoencoders is their ability to
denoise images with visual interference. This capability
can be achieved by adding a dropout layer, which disables
the weakest connections between neurons in the neural net-
work. It is worth mentioning here that neural networks
operate according to Hebb’s rule [51], which postulates that
when one biological neuron regularly stimulates another
neuron, their synaptic connection strengthens. By removing
the weakest connections, we reduce the computational com-
plexity of the neural network, speeding up its learning and
operation process, and additionally make the network less
sensitive to irrelevant information. The Dropout layer
accepts a threshold value for connections between neurons,
below which those connections are disabled.

Figure 12 shows the structure of an autoencoder net-
work with a denoising function, which also includes an
encoder and a decoder. Encoding begins by transforming
input data, such as 28 x 28 pixel monochromatic images,
into a 784-element vector. These vectors then pass through
layers with a decreasing number of units, allowing for the
extraction and compression of key features. Additionally,
a dropout layer is added, which reduces the number of
connections between neurons by disabling the weakest
connections.

The decoder transforms the encodings through layers
with an increasing number of units, leading to the recon-
struction of the original images.
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It is noticeable that the network can interpret a heavily
noisy image, extract the most important features, and
clean the image.

Another tool in image analysis comprises convolu-
tional autoencoders, which are key elements in pattern
recognition, especially in image processing. Their unique
architecture, based on convolution and subsampling
operations, enables effective feature extraction and
dimensionality reduction of input data [52,53]. The convo-
lution operation, which is the basis of CNNs, involves
moving a filter (convolution kernel) across the entire input
image, generating a feature map. This allows the network
to focus on local features of the image, enabling edge,
shape, or texture detection in the initial layers, and gra-
dually composing more complex patterns in deeper layers.
These learnable filters automatically adapt during
training, detecting specific features. Convolutional filters,
which play a key role in feature extraction, can be seen as
small, learnable kernels focused on detecting specific

Products of
Convolution
Functions

—————— Dimensionality

Source: Author’s contribution.

patterns in the input data. Subsampling, often using max
or average pooling, reduces the size of the data while
preserving essential information. As data pass through
alternating convolution and pooling layers, the network
progressively extracts more abstract features, enabling
deeper understanding of image content. In convolutional
autoencoders, this process is used not only for feature
extraction but also for reconstructing the input image
from a compressed representation. Figure 13 illustrates a
typical CNN structure, showing the gradual abstraction
from low-level features to high-level representations. In
CNNs, these layers are arranged alternately. Additionally,
many filters and layers are used, allowing the network to
capture more complex features.

Despite the use of multiple filters and operations, CNN-
based autoencoders typically require fewer parameters.
Their architecture is also highly efficient, especially
when accelerated by graphics processing units (GPUs)
optimized for matrix operations. In the case of an
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autoencoder based on convolutional networks, we can
leverage this mechanism by using deep layers to decon-
struct the image into a feature vector and then reconstruct
the original image based on this vector. Despite the
apparent complexity and the need to design multiple fil-
ters and perform numerous operations of multiplying
images by filters, this network is characterized by a
smaller number of parameters.

4.2 Example of an LIS based on
autoencoders

This section presents an algorithm designed to determine the
load exerted by a sprung mass (as a model of vehicle) moving
across a bridge based on a response of the structure.

Source: Author’s contribution.

The proposed algorithm is inspired by the Moses algo-
rithm [22], but it incorporates ML techniques, including
the autoencoders described above. The primary objective
is to demonstrate that ML can implicitly learn to solve the
problem without the need to implement traditional algo-
rithms or equations.
There are several assumptions for the proposed system:
1. The algorithm must be self-adaptive by employing an
autoencoder algorithm based on unsupervised
learning, where the input signal is also used as the
expected output. This approach enables the model to
learn a compact internal representation of the struc-
tural response and continuously improve without the
need for labelled data.

2. The bridge response signal is a discrete signal repre-
sented as a vector of information, which reflects the
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Figure 15. Implementation and testing scheme using mock system components.

vertical displacement of the structure at midspan
during the vehicle’s passage.

3. The applied VIS has already been successfully imple-
mented on the structure and provides accurate infor-
mation regarding the mass position coordinates on the
bridge during passage and speed.

4. The bridge structure supports a single sprung mass
modelling a vehicle.

5. IF of the measured bridge response is known.

Figure 14 illustrates the architecture of the proposed
system.
The input parameters for the system (given in green in

Figure 14) include the following:

+ Input signal: A discrete vector representing the measured
response of the bridge structure. The first value describes

the bridge structure’s response when the mass appears on
the bridge, and the last value represents the moment when
the moving mass leaves the structure. A constant time step
between each value is assumed.

* IF: A function representing the influence of the mea-
sured bridge response, depending on the changing posi-
tion of the vehicle as a function of time.

* Mass location over time: A function describing the
mass position on the bridge as the mass moves.

The output parameters of the system include the
following;:

* Output signals: The reconstructed signals of the
dynamic response of the bridge structure.

o Signal No. 1: Quasi-static structural response. The
response obtained using the IF of the measured value.

Source: Author’s contribution.

o Signal No. 2: Dynamic structural response. The
response obtained based on the vehicle’s mass
and the feature vector.

The network is characterized by a linear structure in
which the input information is transmitted through the
network in one direction, without branching, until it
reaches the output layer to determine the function recon-
struction error.

The input to the block is the bridge structure response
signal. The task of the CNN layers is to extract features using
filters and convolution functions. Since the analysed signal is
a vector, 1D convolutional layers are used. Information about
the mass transit speed is added to the obtained feature
vector. This prepared feature vector is then combined and
analysed by the dense layers of the neural network. The
value determined by the neuron is multiplied by the influ-
ence functions in a lambda function. The products are then
summed, resulting in the output signal.

Signal no. 2 is obtained based on the estimated moving
mass, the feature vector, and information about the pas-
sage. Using inverse convolutional layers, the neural net-
work reconstructs the structural response signal from the
feature vector. Since this method does not use IFs, the
reconstructed signal will account for both the static and
dynamic nature of the bridge structure’s response.

The program compares the differences between the
input and output signals by calculating the MSE. Since
the signals are in discrete form, the difference between
the expected (input) value and the actual value can be
determined for each signal point. The optimization
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algorithm then attempts to minimize the error, for
example, through backpropagation.

MSE is a popular function used in regression, mea-
suring the average squared differences between predicted
and actual values. It is expressed by the formula

1 .
MSE = =) (% - %)%,
nia

where ¥; represents the actual values, ¥; represents the values
predicted by the model, and n is the number of samples.

In our study, we adopt an incremental learning
approach, which is particularly suitable for B-WIM sys-
tems operating in real-world conditions. Unlike batch
learning, where the model is trained once on a fixed
dataset, incremental learning allows the model to adapt
continuously using data being collected during operation,
in this case, from each passing vehicle. The model used is
based on autoencoders and is continuously updated as
new data are gathered from each passing vehicle.

The adaptation mechanism is guided by the minimiza-
tion of the MSE, using the Adam optimizer [54], which com-
bines the advantages of both Adaptive Gradient Algorithm,
and Root Mean Squared Propagation for efficient and robust
training. A regularization strategy based on an early stopping
criterion is employed to prevent overfitting to short-term
fluctuations while maintaining training efficiency. This
ensures that the model adapts without overfitting to short-
term fluctuations, while maintaining training efficiency.

The presented algorithm is an example of unsuper-
vised learning, meaning it does not require labelled
data. The input data, which is the bridge structure
response signal, also serve as the target expected outcome.
This leads to the initialization of the neural network on the
tested object, and over time, as the history of vehicle tran-
sits grows, the neural network has an increasing amount
of training data.

The proposed model is a moderately deep convolutional
autoencoder implemented using Keras, TensorFlow, and
Python. It consists of a series of 1D convolutional and

transposed convolutional layers, followed by dense layers
for load prediction and signal reconstruction. The total
number of trainable parameters is approximately 126,000.

The network was trained and tested on a budget-level
consumer GPU (NVIDIA GeForce GTX 1660), demonstrating
that the training process is feasible even without access to
high-performance computing infrastructure. In the current
configuration, training or updating the model with new data
(i.e. incremental learning) requires only a few seconds per
batch, which makes it suitable for periodic or event-triggered
retraining in real-time or near-real-time applications.

Given the low model complexity, the use of early stop-
ping to limit redundant training cycles, and the modular
structure of the system, the computational cost is minimal.
This makes it possible to deploy and update the model on
embedded systems, such as industrial PCs or edge Al plat-
forms, within the constraints of typical B-WIM setups.

To test the system concept, the technique of testing the
system using mock objects was employed and presented in
Figure 15. Mock objects play a key role in the software
development process, especially in unit testing. They
enable the simulation of behaviours and interactions of
real objects in an isolated environment, allowing for pre-
cise and controlled testing of software components.

The goal of testing is to obtain data that corresponds to
the information that would be collected from a real
system. A dynamic response simulator of the bridge struc-
ture is used, consisting of two main mock components:

* Vehicle population generator — simulates results of the VIS
* Virtual bridge model - replaces the structural moni-
toring system and the bridge response to a passing vehicle.

Since the discussed example serves as a proof of con-
cept, a mathematical model of a bridge is used to address
the problem of a sprung mass moving across a simply
supported beam (Figure 16).

The bridge model is based on the classical beam theory
according to Euler-Bernoulli. The following assumptions
are adopted:

* The beam is made of a linear elastic material; basic
characteristics, like Young’s modulus (E) and the

Figure 16. Virtual bridge model.

Source: Author’s contribution.
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moment of inertia of the cross-section (I), are constant
throughout the entire element.

» The model does not account for the effects of friction,
thermal interactions, or other nonlinearities.

A sprung mass moves over the structure at a constant
velocity, connected to the base by a damper and a linear
spring.

According to the literature, the solution for a typical
Euler beam can be expressed using modal superposition.
Ultimately, equation for the jth vibration mode of the
beam is presented in (1), and the equation for the vibra-
tions of the sprung mass is provided in (2).

2 d2w(t)) . jmct
Vi(t) + 2w, Vi(t) + wszj(t) = E(Mg—M i )sm T @
(j = 1’ 2’ ey m)’
2.
dg';gt) + q% + kw(t) = kw(@) - v(x = ct, 1)], @

inx

where v(x, t) = 3, sin 7 Vi(®v(x, t) is the vertical displa-
cement of the beam at point x at time ¢, Vi(t) is the modal
displacement, y is the linear mass of the beam, L is the
span length of the beam, c is the velocity of the moving
sprung mass, M is the moving mass, g is the gravitational
acceleration, k is the suspension stiffness, and n is the
damping coefficient of the mass suspension.
The presented problem was solved in Python using the
scipy.odeint package for solving differential equations.
Subsequently, a population of sprung masses con-
sisting of 10,000 masses was generated. Parameters such
as mass, suspension stiffness, damping, and travel speed
were randomly selected, subject to the constraints of the
specified boundary conditions:
* The mass M; ranges between 1 and 50 tons.
» The damping is expressed as a fraction of the critical
damping ¢ = 2vVkm and lies within the range 0-0.5 ¢~

100 125 150

Epochs

200

Source: Author’s contribution.

» The suspension stiffness was randomly selected such
that the spring displacement due to the gravitational
force of the mass, 6 = %, falls within the range of
0.1-0.5m.

* The velocity is randomly selected within the range of
1-30 m/s.

The results of the system verification are demon-
strated by means of learning curve charts shown in
Figure 17 presenting the change in MSE during the neural
network training process. It shows how the model learns
to solve the task during training, allowing for the assess-
ment of model convergence and identification of potential
issues, such as overfitting or underfitting.

Three randomly selected results of the elaborated LIS
system operation are given in Table 4 presenting a compar-
ison of calculated mass by the model with the original mass
obtained from the simulator at different stages of training.

To evaluate the accuracy of the LIS system, Figure 18
presents a comparison of the reconstructed signals gener-
ated by the model with the original signal obtained from
the simulator at various stages of training.

Both the results presented in Table 4 and the graphs shown
in Figure 18 confirm that the dynamic response of the model
accurately reproduces the dynamic behaviour of the structure
using only limited input data, such as the estimated mass and

Static loads expressed as mass (t)
Mass no. 1 Mass no. 2 Mass no. 3
Actual value 344 2811 50.23
Before training 0.00 0.06 0.20
After training 34.6 28.23 49.99
Error 0.57% 0.41 0.48

Table 4. Determined static load values at various stages of net-
work training.
Source: Author’s contribution.
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Figure 18. Comparison of reconstructed signals with the original for different training phases.
Source: Author’s contribution.

feature vector. The system leveraged information from tens of To evaluate the accuracy of the system, a new population
thousands of transits to uncover the logic behind moving mass  of 2,000 masses was generated. These masses were not pre-
dynamic behaviour and to model it effectively. sented to the neural network during the training process. The

Estimation Error vs Mass

°
4
g 30
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Histogram of Total Vehicle Mass Estimation Error
500 H
-==- -0.44% < 95% of errors < 0.99%
400
MAE: 0.36 %
2300 STD: 0.39 %
§ MSE: 0.2273 %?
g RMSE: 0.48 %
i 200 Max abs error: 4.52 %
100
0

-2 -1 0 2 3 4
Estimation Error [%]

Figure 19. The estimation error for the test population.
Source: Author’s contribution.
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estimation error obtained for this population dependent on
the considered mass value is presented in Figure 19.

The estimation error for the test population falls
within reasonable limits. Based on the results, the estima-
tion error remains below —0.44 and 0.99% for 95% of the
tested samples. The mean absolute error is approximately
0.36%, and the RMSE is 0.48%, indicating high consistency
in the predictions. These outcomes demonstrate that the
model is capable of accurately estimating vehicle mass
across a wide range of values, which is critical for real-
time vehicle classification and monitoring applications.

It is worth emphasizing that the algorithm is able to
determine accurately the travelling mass without the need
for creating complex computational models or intricate
formulas.

5. Summary

5.1 Summary of key findings

The conducted research confirms feasibility of applying
ML methods to estimate the weight of vehicles crossing
bridge structures. B-WIM systems require the integration
of two fundamental subsystems: the VIS and the LIS. The
roles and basic classification of these components are pre-
sented and discussed, and the results demonstrate that ML
methods effectively support both subsystems.

The first key task addressed in the study is vehicle
classification and localization. Using a simulation model,
the study shows that a vision-based system employing the
YOLO algorithm is capable of tracking and classifying
vehicles in motion. The system achieves high accuracy:
95% of localization errors remain below 1lcm over a
30 m tracking segment. These results validate the core con-
cept and indicate the potential for further development.

The second task focuses on estimating vehicle’s mass
based on the structural response. The study demonstrates
that this inverse problem can be successfully solved using
ML techniques. A particularly noteworthy aspect is the use
of unsupervised learning through autoencoders, which
enable the system to improve its accuracy over time
without requiring labelled training data or human inter-
vention in the learning process. The autoencoder is
trained to reconstruct its own input, allowing it to capture
the essential structure of the signal and detect deviations
in future cases. However, it is important to recognize the
limitations of the proposed solution. The neural network
relies on an IF, which establishes a physical link between
the structural response and the applied force. This

function may be determined during the calibration phase
using a reference vehicle. As such, it does not account for
long-term structural changes (e.g. due to material degra-
dation, damage, or rheological effects).

The application of ML methods in B-WIM-type systems
can not only improve load identification accuracy but also
enhances infrastructure resilience and durability by
better adapting to real-world conditions. In the context
of maintaining the proper condition of civil infrastructure,
it is essential to develop effective systems for monitoring
operational loads. These systems should enable the
following:

» Managing the traffic to limit maximum loads on bridge
structures in cases of detected accumulation of over-
loaded vehicles. Through electronic road signs, it would
be possible to temporarily close specific lanes on bridge
structures and introduce speed limits to reduce damage
to both the road surface and the bridge structure.
Updating and monitoring the changes and trends in
traffic patterns to optimize the design of new road sec-
tions and the modernization of existing ones. This could
include adjusting the requirements for monitored roads
and bridge structures based on the determined load
levels, through increasing or decreasing structural
demands.

Monitoring loads in the context of fatigue processes in
structures, providing a reliable basis for determining
the future usability of many bridge structures.
Updating load models in design standards for road and
bridge structures to reflect contemporary traffic
conditions.

Despite existing challenges, such as the need for large
training datasets and proper system calibration, the devel-
opment of this technology indicates promising possibilities
for further automation and optimization of bridge and
road monitoring processes.

5.2 Future works and other potential
applications

The further research in the presented area is aimed at
extending the proposed B-WIM system based on ML for
identification of multi-axle vehicles. Furthermore, addres-
sing real-time requirements in future B-WIM systems will
require deeper integration with vision-based systems,
Internet of Things sensor networks, and edge computing
infrastructure to enable continuous, low-latency data
acquisition and processing. Long-term challenges, such
as model drift and progressive structural degradation,
also need to be considered to ensure sustainable system
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performance. These important aspects may be explored in
future studies.

A particularly promising research direction is the design
of systems that do not rely exclusively on predefined IFs, or
that can update them automatically. This could be achieved
through data-driven identification methods, integration with
structural health monitoring systems, or hybrid physical-data
models capable of learning changes in the mechanical beha-
viour of the structure.
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