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A B S T R A C T

Pavement crack tracing is paramount to missions encompassing automated crack sealing for road
maintenance. However, existing methods still face several challenges, including the incapability to
precisely extract crack trajectories and the challenge of tuning control parameters within intricate
backgrounds. To address these limitations, the ViT-S2T network and the ELM-PID control system
are proposed for crack tracing. Specifically, the ViT-S2T consists of two branches. The transformer-
based feature extraction module (TFEM) integrates multi-head attention mechanism and multi-layer
perceptron to capture global contextual crack semantic features. The incoherent segmentation masks
(ISM) employs a binary classifier to predict the coarsest irrelevant mask and further performs up-
sampling fusion of higher-resolution features. Moreover, the Neural-PID control method is designed
to track crack trajectories, combining Extreme Learning Machines (ELM) and Proportional Integral
Derivative (PID). The ELM-PID controller utilizes a three-layer backpropagation neural network
and proposes the ELM model for adaptive adjustment by predicting the tuning parameters of PID.
This framework is applied to real-time visual tracing for edge AI. Extensive tests performed on three
arduous datasets of DeepCrack, CFD, and S2TCrack, achieving a precision of 82.76% and mAP@0.5
of 75.63% and speed of 0.0513m/s, demonstrating the superior and robust nature of our approach in
pavement crack tracing.

1. Introduction
Pavement crack tracing serves as a crucial technical pre-

requisite for automatic crack sealing [1–3]. Tracing cracks
of irregular slender shapes carries a significant weight in
the context of unstructured pavement [4–6]. Two subtasks
fundamental to accomplishing automated crack tracing are
obtaining complete crack trajectories from segmentation and
robust tracing control [7–9]. Despite the impressive pace
of development and notable strides in these technologies
over the last few decades, challenges persist. One issue is
that segmenting slender cracks with extreme aspect ratios
under adverse scenarios can lead to insufficient extraction
of minute features, thus causing crack trajectory fragmen-
tation. Furthermore, the traditional Proportional-Integral-
Derivative (PID) controller used in trajectory tracing relies
on time-consuming and labor-intensive manual parameter
calibration, which fails to efficiently reduce errors on com-
plex trajectories. Current practices for pavement crack repair
predominantly rely on manual sealing. The prospect of au-
tomated repair in the road maintenance industry presents its
own challenges to automated crack tracing. Hence, immedi-
ate attention needs to be given to constructing crack tracing
control systems that employ embedded deep learning within
an autonomous mobile robot for the repair of pavement
cracks.
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Recently, with the rise of deep convolutional neural
networks, remarkable progress has been made in both vi-
sual object segmentation and path tracing control [10–13].
However, most deep learning methods for object segmen-
tation are developed for clearly defined objects and their
performance in segmenting extremely elongated cracks with
complex and unstructured road environments has not been
well studied. Moreover, path tracing often focuses on reg-
ular routes or large-scale autonomous driving scenarios,
neglecting the critical task of tracing crack trajectories with
complex topological structures (a key technology for auto-
mated crack sealing). Crack tracing faces two challenges:
the potential loss of crack semantic information, leading to
fragmented crack trajectories, and the limited tuning ability
and susceptibility to disturbances of PID control parameters.
These challenges are elaborated below.

Crack trajectory fragmentation can stem from the inher-
ent locality of convolutional neural networks, whereby these
algorithms fail to fully utilize contextual semantic informa-
tion, leading to partial feature loss [14–17]. If the global con-
text comprehension of crack detectors could be enhanced,
the semantic information loss from crack segmentation
would be alleviated. Recently, the extraction of features in
crack segmentation tasks has attracted increased attention
from researchers. Liu et al. embedded a novel Transformer
encoder module into an Encoder-Decoder structure, similar
to SegNet, proposing an upgraded version of the Crack-
Former network designated for pavement crack segmenta-
tion, CrackFormer-II, extending its use beyond just fine-
grained crack detection tasks [18]. Concurrently, Zhou et al.
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advocated for a hybrid semantic segmentation algorithm for
tunnel-lining cracks, SCDeepLab, which introduces a joint
backbone network based on CNN’s reverse residual block
and Swin Transformer Block [19]. Additionally, Wang et
al. proposed a new SegCrack model for pixel-level crack
segmentation using a hierarchical structure Transformer en-
coder outputting multi-scale features while gradually up-
sampling and integrating features from the encoder’s deepest
layer through a top-down path with lateral connections [20].
However, these methods still showcase deficiencies in the
fine extraction of crack features and fail to satisfy the need
for obtaining complete crack trajectories.

Traditional PID controllers tend to emphasize constant
control calibrated via human experience, but they possess
weak resistance to interference and are ineffectual at re-
ducing tracing errors [21–23]. To address these challenges,
previous studies have proposed an improved Particle Swarm
Optimization (PSO) algorithm [24]. This approach opti-
mizes the coefficients used in the Proportional, Integral,
and Derivative (PID) controllers to improve the accuracy
of trajectory tracing. Guan et al. introduced a TSABFA-
PID path-tracing controller, which dynamically adjusts the
hyperparameters to manage the control issues of road roller
robots in complex operating conditions [25]. Yoon et al.
applied the Long Short-Term Memory (LSTM) algorithm
based on PID gain value assessment for flight motion in
order to fast stabilize a quadrotor when its attitude is dis-
turbed [26]. Zhang et al. proposed an adaptive fuzzy finite-
time PID back-stepping control method for the handling of
nonlinear system control [27]. Gün et al. used a differen-
tial evolution algorithm (DE) to derive the Proportional,
Integral, Differential (PID) coefficients with the aim of
minimizing the errors induced by the control of quadrotor
aircraft [28]. Although these enhanced methods have made
significant strides in increasing control precision and pos-
itively influencing the optimization of PID control, there
are still existing issues such as the challenges in parameter
adjustment, limited convergence speed, search capability,
adaptability to environmental conditions, and potential over-
control, none of which can satisfy the demand for stable
control in complex trajectory tracing.

This study proposes a pavement crack tracing control
framework designed to address the challenges associated
with labor-intensive and time-consuming PID parameter
tuning, which often results from manual calibration, and
issues arising from the loss of critical crack features dur-
ing segmentation. The framework integrates a Transformer-
based crack segmentation network (ViT-S2T) with an Ex-
treme Learning Machine-PID (ELM-PID) controller, both
of which are deployed on mobile devices to enhance the
robustness and accuracy of crack tracing in road land-
scapes. Specifically, the ViT-S2T network incorporates a
Transformer-based Feature Extraction Module (TFEM) and
Incoherent Segmentation Masks (ISM) to facilitate global
context feature extraction and refine the segmentation of
cracks. Additionally, the ELM-PID controller combines the

principles of an Extreme Learning Machine with PID con-
trol, enabling the selection of an effective training algorithm
and the optimal number of hidden layer neurons. It also ad-
justs the PID gain online through the network’s self-learning
capabilities, thereby minimizing average error and ensuring
robust control tracing. Comprehensive experiments were
conducted to improve the autonomous tracing performance
of individual cracks using a custom-built Autonomous Mo-
bile Robot equipped with an edge computing unit. This re-
search framework facilitates accurate acquisition and tracing
of crack trajectories, laying a strong foundation for subse-
quent tasks such as crack sealing and road maintenance. The
contributions of this study are fourfold:

• Addressing the issue of pavement crack tracing for
automated crack sealing, a robust pavement crack
tracing control framework is proposed.This algorithm
effectively facilitates comprehensive crack trajectory
and high-performance crack tracing.

• Boosting the performance and efficacy of continu-
ous and comprehensive extraction of trajectory cracks
in real-world road environments. A novel network
termed ViT-S2T was developed, wherein the TFEM
component improves the ability to capture features
within a broader context, and the ISM component
ensures finer segmentation of the crack trajectory.

• Considering the challenges associated with PID pa-
rameter tuning, the ELM-PID controller has been
designed. By leveraging the self-learning capabilities
of the ELM, the parameters 𝐾𝑝, 𝐾𝑖, and 𝐾𝑑 can
be adjusted to determine the most effective control
strategy. Consequently, this facilitates robust tracing
and control of cracks even in the presence of complex
disturbances.

• Demonstrating comprehensive experiments on
three challenging datasets: DeepCrack, CFD,
and S2TCrack. Our overarching framework was
implemented on a proprietary Autonomous Mobile
Robot. The results demonstrate that the proposed
method achieves state-of-the-art performance.

The remainder of this article unfolds as follows: Section
2 presents the related work drawing from established re-
search in pertinent fields. Subsequently, the Section 3 delves
into the intricate designs of our proposed method. Section
4 then validates the efficacy of our methods via conducted
experiments. Finally, Section 5 concludes the article with a
summary and discussion of potential future developments.

2. Related Works
This section reviews the literature relevant to our pro-

posed pavement crack tracing. The state-of-the-art crack
segmentation models are first presented, followed by the
vision transformer methods and the PID control schemes.
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2.1. Crack Segmentation
Crack segmentation is a crucial technique for inspecting

distress in various infrastructures, such as roads, bridges,
tunnels, airports, and buildings. Several crack segmenta-
tion methods have been developed based on deep learn-
ing. Sun et al. proposed the integration of a competi-
tive network (CCSNet) to address the impact of complex
scenes on the segmentation accuracy of bridge crack im-
ages [29]. Zhang et al. introduced an efficient crack segmen-
tation neural network architecture called ECSNet to accel-
erate real-time detection and segmentation of road surface
cracks [30]. Asadi Shamsabadi et al. proposed an efficient
semi-supervised method for surface crack segmentation in
small datasets [31].

Most prior CNN models are constrained by a fixed win-
dow size, which limits their focus to local feature extraction.
This restriction can result in information loss or blurring
when addressing long-range dependency relationships, ulti-
mately leading to rough and discontinuous segmentation. To
address these limitations, this study proposes the ViT-S2T
model, designed to capture both global semantics and fine
local features for effective crack segmentation.

2.2. Vision Transformer
The Transformer is a deep learning network architec-

ture that differs from CNNs in that it includes embeddings
and self-attention [32]. Its advantages in extracting global
information and modeling long-range dependencies in the
context of natural language processing have been observed.
Recently, Transformers have also been implemented as stan-
dalone architectures for computer vision tasks such as ob-
ject detection, image classification, and semantic segmenta-
tion [33]. The accuracy of Transformer models can surpass

complex CNN models used for image segmentation [34, 35].
Dosovitskiy et al. proposed the Vision Transformer (ViT),
which is based on the encoder of the Transformer [36].

However, the Transformer architecture is associated with
substantial computational costs, prolonged training times,
and reduced efficiency in extracting local features compared
to Convolutional Neural Networks (CNNs). Although the
proportion of crack regions is small, cracks are widely
distributed across the entire image, making it essential to
capture both local details and global dependencies for pixel-
level crack extraction. Consequently, this study integrates
the Transformer into a CNN framework and introduces
TFEM and ISM to effectively balance contextual semantic
features with fine segmentation.

2.3. PID
The PID controller is widely used due to its simple struc-

ture, strong robustness, ease of implementation, and low
maintenance costs [37–39]. The optimal hyperparameters of
a PID controller have a significant impact on control perfor-
mance. In recent years, to overcome the limitations of tradi-
tional PID control and meet various control requirements,
modern optimization techniques such as Particle Swarm
Optimization (PSO) [40–42], Expert Systems (ES) [43],
Differential Evolution (DE) [44], Artificial Neural Networks
combined with Differential Evolution (DE + ANN) [45, 46],
Fuzzy Logic [47], and Artificial Bee Colony algorithm
(ABC) [48] have been applied.

While the classical PID controller continues to be a
widely used option in industry due to its simplicity and
interpretability, it often encounters challenges related to
parameter tuning, resulting in convergence issues and dif-
ficulty achieving global optimality. These limitations are
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particularly pronounced in the presence of uncertainties and
disturbances within the system. To address these challenges,
this study proposes the utilization of Extreme Learning Ma-
chines (ELM) for training PID control parameters, enabling
online self-tuning.

3. Methodology
In this section, we provide a detailed introduction to the

crack tracing framework and elaborate on each module.

3.1. Overview
Automatic pavement crack tracing encounters several

key challenges. Features of slender crack are prone to losing
information after multiple convolution operations within
CNN models, resulting in fragmented crack trajectories.
Traditional PID controller relies solely on human-calibrated
constant control parameters, leading to significant tracing
errors. To address these challenges, this article proposes
a novel framework for crack tracing, as demonstrated in
Figure 1, which comprises two key branches: the fine-
grained crack segmentation network and the robust crack
tracing controller. Specifically, in TFEM module, a ViT-
based segmentation network is proposed to accurately cap-
ture global context and semantic features of cracks. An
ISM module, combining local ROI selection and coarse
mask fusion, is designed for multi-scale mask head up-
sampling, thereby enhancing crack segmentation accuracy.
Moreover, an ELM-PID-based crack tracing controller is
devised to achieve adaptive tuning of PID control parameters
by employing an ELM model based on backpropagation
neural network, effectively addressing the difficulty of online
parameter tuning. A comprehensive framework has been
developed for tracing pavement cracks, which includes crack
extraction from segmentation, and trajectory tracing control.
Detailed descriptions of each module will be presented in
subsequent sections.

3.2. Crack Trajectory Extraction with Instance
Segmentation

In this section, the global features of the image are
extracted using the ViT model to capture the semantic in-
formation of the cracks through TFEM. Next, the local ROI
selection is combined with the coarse mask through the ISM
module, enabling multi-scale mask head up-sampling and
fusion to obtain more accurate crack segmentation results.

3.2.1. Transformer-based Segmentation
In this TFEM module, crack features are mapped into

sequential position encodings, which uses multi-head self-
attention mechanisms to establish global context relations
and semantic information. One of the common layers in the
Encoder and Decoder structures is the Multi-Head Attention,
as illustrated in the lower left corner of Figure 2. This layer
comprises multiple parallel Self-Attention mechanisms. An
encoder block contains a single multi-head attention mech-
anism, while a decoder block features two multi-head atten-
tion mechanisms, one of which utilizes masking. The Scale
Dot Product Attention serves as the core of the Transformer
architecture. In Self-Attention, the vectors Q, K, and V are
computed from the same input (for example, words in a se-
quence). Specifically, Q, K, and V are derived from the em-
beddings of the original input words through the application
of linear transformations, such as using fully connected lay-
ers. The dimensions of these three vectors are typically the
same and depend on the design decisions made during model
construction. By leveraging the autoregressive mechanism
of the Transformer decoder and weighting specific pixels
based on attention weights, pixel-level segmentation masks
corresponding to crack instances are generated. As shown in
Figure 2, the CSPDarknet53 module of the YOLOv5 [49]
model backbone is replaced with TFEM. The features of
different scales obtained after convolution operations are
used as position encodings in the encoder of the Transformer
structure. Multi-head attention mechanisms are employed to
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Figure 2: Architecture of ViT-S2T.
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extract global and local features at different positions. After
obtaining multi-scale features, they are passed into the Neck
to achieve comprehensive crack feature extraction.

Moreover, the ISM module adopts a cascaded design
by [50]. Specifically, it first performs prediction, which
consists of four 3Œ3 convolutional kernels, to connect the
minimal features and the coarse instance mask. Then, the
detected low-resolution mask is up-sampled and fused with
higher-resolution features from adjacent levels to guide more
accurate predictions of elongated cracks. As illustrated in
Figure 2, the ISM module is inserted into the multi-scale
mask head of the YOLOv5’s head using a parallel design
for performing finer-grained crack instance predictions.

3.2.2. Loss Function
The segmentation method proposed in this study em-

ploys a comprehensive loss function that integrates the tasks
of object detection and instance segmentation. This loss
function comprises the classification loss(𝐿𝑐𝑙𝑠), confidence
loss(𝐿𝑜𝑏𝑗), and bounding box regression loss for object
detection(𝐿𝑏𝑏𝑜𝑥), in addition to the binary cross-entropy loss
for instance segmentation(𝐿𝑚𝑎𝑠𝑘).

The classification loss is calculated using the binary
cross-entropy function, which is defined as:

𝐿𝐵𝐶𝐸 = −𝑦 log 𝑝 − (1 − 𝑦) log(1 − 𝑝)

=
{

− log 𝑝 , y=1
− log(1 − 𝑝) , y=0

} (1)

where 𝑦 denotes the label for the input sample, with a
value of 1 indicating a positive sample and 0 representing
a negative sample. Meanwhile, 𝑝 represents the predicted
probability that the model assigns to classifying the input
sample as a positive sample. This component compels the
model to accurately classify input data, thereby improv-
ing classification accuracy and helping the model to learn
more representative features. This is particularly important
when dealing with images that contain high noise levels or
complex backgrounds, as accurate classification serves as a
prerequisite for successful detection.

The confidence loss is calculated utilizing the binary
cross-entropy function and incorporates varying weight co-
efficients for confidence losses obtained from detection lay-
ers with different scales. These coefficients are assigned
based on the descending order of the detection layer’s scale
and have corresponding default values of 4.0, 1.0, and 0.4.
As a result, the loss on multi-scale feature maps used for
detecting slender object receives higher weight coefficients,
emphasizing the training focus on slender object.

𝐶𝑙𝑜𝑈 tackles the dissimilarities between predicted
bounding boxes and ground truth boxes by considering
additional factors like aspect ratio. To mitigate this matter,
𝐶𝑙𝑜𝑈 introduces two new parameters:

𝐿𝐶𝐼𝑜𝑈 (𝐵,𝐵𝑔𝑡) = 𝐼𝑜𝑈 (𝐵,𝐵𝑔𝑡) −
𝜌2(𝐵,𝐵𝑔𝑡)

𝑐2
− 𝛼𝑣

𝑣 = 4
𝜋

(
arctan 𝑤𝑔𝑡

ℎ𝑔𝑡
− arctan 𝑤

ℎ

)2

𝛼 = 𝑣
1 − 𝐼𝑜𝑈 (𝐵,𝐵𝑔𝑡) + 𝑣

(2)

where the parameter 𝑣 represents the normalized difference
in aspect ratio between the predicted and ground truth boxes.
The value of the parameter a lies within the range of 0 to
𝜋∕4, which is then multiplied by 𝜋∕4 to convert it into the
range of 0 to 1. On the other hand, the parameter 𝛼 serves as
a balancing factor for the trade-off between the loss caused
by the aspect ratio difference and the loss caused by the
intersection over union (IoU). Optimizing the position and
size of detection boxes is essential for precise localization of
targets. This aspect of the loss is critical, as accurate bound-
ing boxes not only enhance target detection performance but
also provide a reliable foundation for subsequent tasks such
as tracking and segmentation. This optimization process aids
the model in adapting to targets of varying scales and shapes.

𝐿𝑐𝑙𝑠 = 𝐿𝑜𝑏𝑗 = 𝐿𝑚𝑎𝑠𝑘 = 𝐿𝐵𝐶𝐸 (3)

𝐿𝑜𝑏𝑗 evaluates the confidence of detected objects, en-
hancing the model’s capability to recognize targets. It sig-
nifies that the model not only focuses on the presence of
objects but also assesses their significance, allowing for
smarter selection of targets that warrant attention and pro-
cessing. This capability is crucial in multi-object scenarios.
In the context of instance segmentation,𝐿𝑚𝑎𝑠𝑘 contributes to
a finer separation between targets and backgrounds by pro-
viding more detailed contextual information. For instance,
in complex scenes, effective masks can significantly reduce
both false negatives and false positives, ensuring high accu-
racy in segmentation results.

𝐿𝑏𝑏𝑜𝑥 = 𝐿𝐿𝐶𝐼𝑜𝑈 (𝐵,𝐵𝑔𝑡)
(4)

𝐿𝑇 𝑜𝑡𝑎𝑙 = 𝐿𝑐𝑙𝑠 + 𝐿𝑜𝑏𝑗 + 𝐿𝑏𝑏𝑜𝑥 + 𝐿𝑚𝑎𝑠𝑘 (5)

The formulas presented above depict the calculation of
the classification loss(𝐿𝑐𝑙𝑠), confidence loss(𝐿𝑜𝑏𝑗), bound-
ing box regression loss(𝐿𝑏𝑏𝑜𝑥), binary cross-entropy loss for
instance segmentation(𝐿𝑚𝑎𝑠𝑘), and the total loss(𝐿𝑇 𝑜𝑡𝑎𝑙).

3.3. Crack Trajectory Tracing via ELM-PID
controller

A design solution for a crack tracing controller based on
ELM-PID is proposed. This solution utilizes an ELM model,
which is grounded in backpropagation neural network to
determine optimal control parameters, thereby achieving
adaptive tuning of the PID settings. As shown in Figure 3, the

Jianqi Zhang et al.: Preprint submitted to Elsevier Page 5 of 19



in(k)

error(k)

out(k)

……

…

……

…

……

…

Controller

Mobile Robot

+

-

1 1 1

ˆ
iy jŷ
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mask matrix obtained from the crack segmentation network
is fed into the ELM model, where the optimal values for
the control parameters 𝐾𝑝, 𝐾𝑖, and 𝐾𝑑 are calculated. The
adaptive PID controller is then used to adjust and control
the autonomous movement of the robot for crack trajectory
tracing.

3.3.1. Extreme Learning Machine
The Extreme Learning Machine (ELM) is a type of

feedforward neural network that utilizes gradient descent
algorithms to estimate the weights and biases that connect
the input and hidden layers [51]. It demonstrates remarkable
capabilities in nonlinear regression and generalization [52].
Specifically, the weights 𝛽 linking the hidden layer to the
output layer are calculated by solving the generalized inverse
matrix. Given 𝑁 arbitrary samples (𝐗𝑖, 𝐭𝑖), where 𝐗𝑖 =
[𝑥𝑖1, 𝑥𝑖2,⋯ , 𝑥𝑖𝑛]𝑇 ∈ 𝐑𝑛 and 𝐭𝑖 =

[
𝑡𝑖1, 𝑡𝑖2,⋯ , 𝑡𝑖𝑚

]𝑇 ∈ 𝐑𝑚,
the output 𝑂𝑗 of the network, which consists of 𝐿 hidden
layer nodes, can be expressed as follows:

𝐎𝑗 =
𝐿∑
𝑖=1

𝛽𝑖𝑔(𝑤𝑖 ⋅𝑋𝑗 + 𝑏𝑖), 𝑗 = 1, 2,⋯ , 𝑁 (6)

where 𝑔(.) represents the sigmoid activation function. 𝐰𝑖 =
[𝑤𝑖1, 𝑤𝑖2,… , 𝑤𝑖𝑛] signifies the weights, while 𝑏 denotes the
biases between the input layer and the hidden layer. Simi-
larly, 𝜷 = [𝛽1, 𝛽2,… , 𝛽𝐿]𝑇 , signifies the weights between
the hidden layer and the output layer. The primary objective
of the network is to minimize the output error, which can be
mathematically expressed as follows:

𝑁∑
𝑗=1

‖𝑗 − 𝑡𝑗‖ = 0 (7)

Also the matrix can be expressed as follows:

𝐇𝛽 = 𝐓 (8)

where 𝐇 = 𝑔(𝑤𝑖 ⋅𝑋𝑗 + 𝑏𝑖) is the output matrix of the hidden
layer, 𝛽 is the weight of the output layer, and 𝑇 is the desired
output matrix of the network. They are expressed as:

𝐇(𝑊1,⋯ ,𝑊𝐿, 𝑏1,⋯ , 𝑏𝐿, 𝑋1,⋯ , 𝑋𝐿) =⎡⎢⎢⎣
𝑔(𝑊1 ⋅𝑋1 + 𝑏1) ⋯ 𝑔(𝑊𝐿 ⋅𝑋1 + 𝑏𝐿)

⋮ ⋯ ⋮
𝑔(𝑊1 ⋅𝑋𝑁 + 𝑏1) ⋯ 𝑔(𝑊𝐿 ⋅𝑋𝑁 + 𝑏𝐿)

⎤⎥⎥⎦𝑁×𝐿

(9)

𝛽 =
[
𝛽1,⋯ , 𝛽𝐿

]
𝐿×𝑀 (10)

𝑇 =
[
𝑇1,⋯ , 𝑇𝐿

]
𝐿×𝑀 (11)

The solution can be expressed as

𝛽 = 𝐇†𝐓 (12)

where Moore-Penrose matrix of 𝐻 is denoted as 𝐇†.

3.3.2. ELM-PID Visual Tracing Controller
In the ELM-PID scheme, the ELM network is employed

to predict the control parameters of the system. The structure
of the ELM network consists of 6 input nodes, 18 hidden
nodes, and 3 output nodes. The input vector is denoted as
[𝐮(𝑘), 𝐲(𝑘̇)] ∈ 𝐑6, and the output vector is represented as
𝐲∗(𝑘) = [𝑥(𝑘), 𝑦(𝑘), 𝜔(𝑘)]𝑇 ∈ 𝐑3. The block diagram of the
ELM-PID controller is depicted in Figure 4. In this scheme,
𝑟(𝑘) and 𝑒(𝑘) respectively refer to the desired feature position
and the system’s error signal. 𝑢(𝑘) represents the PID output
signal, while 𝑦(𝑘) and 𝑦∗(𝑘) correspond to the current and
predicted feature positions’ outputs. The crack tracing pro-
cess of the autonomous mobile robot encompasses training
and self-tuning stages.

During the training stage, the initial parameters 𝐾𝑃 ,
𝐾𝐼 , and 𝐾𝐷 were respectively set to 10, 1, and 0.01. The
robot controller guides the robot’s movement by utilizing the
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input error signal, 𝑒(𝑘), and produces the angular and linear
velocities of the robot. The sampling frequency is set at 50
ms. The collected input error signal, 𝑒(𝑘), and output values,
𝑢(𝑘), are employed as the training set for the ELM model.
These values will undergo normalization during the training
process.

In the self-tuning stage, the incremental PID algorithm
is employed to tune the parameters, and the digital PID
controller can be expressed in discrete-time as follows:

Δ𝑢(𝑘) = 𝐾𝑝(𝑘−1)𝑥1(𝑘)+𝐾𝑖(𝑘−1)𝑥2(𝑘)+𝐾𝑑(𝑘−1)𝑥3(𝑘)
(13)

The control law is given as:

𝑢(𝑘) = 𝑢(𝑘 − 1) + Δ𝑢(𝑘) (14)

where equation represents the output of the PID controller,
denoted as 𝑢, where 𝑘 denotes the iteration step, and

⎧⎪⎪⎨⎪⎪⎩

𝑒(𝑘) = 𝐫(𝑘) − 𝐲∗(𝑘)
𝑥1 = 𝑒(𝑘) − 𝑒(𝑘 − 1)
𝑥2 = 𝑒(𝑘)
𝑥3 = 𝑒(𝑘) − 2𝑒(𝑘 − 1) + 𝑒(𝑘 − 2)

(15)

The cost function of the controller is defined as:

𝐸(𝑘) = 1
2
𝑒2(𝑘) (16)

During the operational process, the weights of the net-
work are adjusted using backpropagation to minimize the
cost function 𝐸. The self-adjustment steps can be outlined
as follows:

⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

Δ𝐾𝑝 = −𝜂 𝜕𝐸(𝑘)
𝜕𝑦(𝑘)

𝜕𝑦(𝑘)
𝜕𝑢(𝑘)

𝜕𝑢
𝜕𝐾𝑝(𝑘−1)

= 𝜂𝑒(𝑘) 𝜕𝑦(𝑘)𝜕𝑢(𝑘)𝑥1(𝑘)
Δ𝐾𝑖 = −𝜂 𝜕𝐸(𝑘)

𝜕𝑦(𝑘)
𝜕𝑦(𝑘)
𝜕𝑢(𝑘)

𝜕𝑢
𝜕𝐾𝑖(𝑘−1)

= 𝜂𝑒(𝑘) 𝜕𝑦(𝑘)𝜕𝑢(𝑘)𝑥2(𝑘)
Δ𝐾𝑑 = −𝜂 𝜕𝐸(𝑘)

𝜕𝑦(𝑘)
𝜕𝑦(𝑘)
𝜕𝑢(𝑘)

𝜕𝑢
𝜕𝐾𝑑 (𝑘−1)

= 𝜂𝑒(𝑘) 𝜕𝑦(𝑘)𝜕𝑢(𝑘)𝑥3(𝑘)

(17)

where the learning rate, denoted as 𝜂, and the Jacobian
parameter ( 𝜕𝑦𝜕𝑢 ) are integral components of the visual Control
system.

Assuming that the sampling period is sufficiently small,
we can deduce that there exists a linear relationship between
two adjacent sampling points. Therefore, it becomes feasible
to approximate the inverse Jacobian matrix.

𝜕𝑦
𝜕𝑢

≈
𝜕𝑦∗

𝜕𝑢
=

𝑙∑
𝑖=1

𝜔𝑖𝑚𝛽𝑖𝑔
′(𝜔𝑖𝑢 + 𝑏) (18)

Here, 𝑙 represents the number of nodes in the hidden
layer, 𝛽 denotes the output weight, 𝑏 signifies the bias
of the hidden layer, and 𝜔𝑖𝑚 represents the corresponding
weight in the vector 𝜔𝑖 of the input 𝑢. The calculation of
the incremental PID parameters, 𝐾𝑃 , 𝐾𝐼 , and 𝐾𝐷, can be
expressed as follows:

⎧⎪⎨⎪⎩
𝐾𝑝(𝑘) = 𝐾𝑝(𝑘 − 1) + Δ𝐾𝑝(𝑘) + 𝛼1

(
𝐾𝑝(𝑘 − 1) −𝐾𝑝(𝑘 − 2)

)
𝐾𝑖(𝑘) = 𝐾𝑖(𝑘 − 1) + Δ𝐾𝑖(𝑘) + 𝛼2(𝐾𝑖(𝑘 − 1) −𝐾𝑖(𝑘 − 2))
𝐾𝑑(𝑘) = 𝐾𝑑(𝑘 − 1) + Δ𝐾𝑑(𝑘) + 𝛼3(𝐾𝑑(𝑘 − 1) −𝐾𝑑(𝑘 − 2))

(19)

where 𝛼 ∈ (0, 1) is the momentum coefcient.

4. Experiments
This section focuses on the evaluation of the proposed

method through representative segmentation benchmarks,
PID control benchmarks, and validation. The first aspect
encompasses the details of the experimental implementa-
tion. Subsequently, an analysis and discussion of the instance
segmentation results for ViT-S2T are presented. Afterward,
a comprehensive comparative analysis of tracing controllers
is conducted. Lastly, the proposed method is deployed on a
self-developed autonomous mobile robot for real-time trac-
ing verification of road cracks on an actual asphalt surface.

4.1. Implementation Details
Parameters Setting. The segmentation model training

experiments were conducted on an Intel Core i9-13900KF
processor with 6 cores and 32GB RAM, operating at a
frequency of 5.80 GHz. The GPU server was also equipped
with an NVIDIA GeForce RTX 4090 GPU with 24GB
memory. The model was trained using the stochastic gradient
descent (SGD) optimizer for 300 epochs, with a momentum
of 0.8 and weight decay of 0.0001. The initial learning
rate was set to 0.01. Our proposed method was tested and
validated on three datasets: DeepCrack [53], CFD [54], and
S2TCrack [55]. These datasets were selected because they
contain typical asphalt road cracks. A description of the
datasets is provided below.

• The DeepCrack dataset consists of 537 concrete sur-
face crack images with a size of 544 x 384 pixels.
This dataset includes various types of damages such as
cracks, potholes, and patched areas. The patch regions
of the images are sized at 480 x 480 pixels. The dataset
is divided into 350 training images, 50 validation
images, and 137 testing images.

• The CFD dataset consists of 118 road crack images,
each with a size of 480 pixels x 320 pixels. These im-
ages were captured by individuals standing on the road
using an iPhone. The images have been meticulously
annotated at the pixel level, a labor-intensive task. The
images exhibit high quality with a smooth and clean
background.
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Table 1: Relevant parameters of ELM-PID with other controllers, including detailed information about the initial configura-
tion.

Algorithms Parameters

PID kp = 0.00055, ki = 0.0025, kd = 0.0035

ZN-PID Kpcrit = 202, Tcrit = 100ms

BPSO-PID
Population size = 20, Maximum iterations = 40, Acceleration parameters = 2, Initial weights = 0.9, End weights = 0.4, Algorithm termination threshold = 1 

× 10
-25

, Iteration termination threshold = 10, PSO Algorithm Type = 0

Fuzzy PID
Membership functions = triangular and trapezoidal  functions, ∆kp1 = [-0.15, 0.15] , ∆ki1 = [-0.02, 0.02] , ∆kd1 = [-0.07, 0.07] , ∆kp2 = [-0.25, 0.25] , ∆ki2 = 

[-0.01, 0.01] , ∆kd2 = [-0.03, 0.03] 

CEAFC Cross-entropy iterations = 15, kp1 = 1.231, ki1 = 0.0107, kd1 = 0.747, kp2 = 2.506, ki2 = 0.0288, kd2 = 1.313

ELM-PID Maximum iterations = 30, kp = 10, ki = 1, kd = 0.1, sampling frequency = 50ms, Learning Factor c1 = 1, c2 = 1.5

• The S2T-Crack dataset is specifically created for road
crack segmentation and tracing. It is captured using
an unmanned wheeled robot platform equipped with
an Intel RealSense D435i RGB-D camera. The dataset
comprises 1051 images for training, 149 images for
validation, and 302 images for testing. The road cracks
in the dataset include straight cracks, curved cracks,
and continuous turning cracks. The dataset is collected
in various complex environments, including normal
conditions (243 images), shadowed areas (253 im-
ages), dark conditions (247 images), plant branches
(256 images), wet conditions (248 images), and mo-
tion blur (255 images).

The self-developed autonomous mobile robot is
equipped with a front-facing Realsense D435i RGB-
D camera and runs on the Robot Operating System
(ROS) [56]. The embedded environment includes Jetpack
4.4, PyTorch 1.8, Linux Ubuntu 18.04, and ROS Melodic.
The controller is implemented using an Nvidia Jetson
AGX Xavier embedded computer with specifications that
include an Nvidia Volta GPU with 512 CUDA cores and 64
tensor cores, an ARM CPU v8.2 with 8 cores, and 32GB
DDR4 memory. The maximum iteration count for the six
control algorithms is set to 80, and the learning rate for all
controllers is unified at 0.001. In the Binary Particle Swarm
Optimization (BPSO) algorithm, the inertia weight w is
set to 0.8, and the learning factors C1 and C2 are set to 2.
The initial weights for all controllers are randomly selected
from the range of [0.5, 0.5], and the output control signal
of the controller is limited to the range of [-10, 10]. Table
1 presents detailed insights into the parameters associated
with each implemented algorithm.

Evaluation Criteria. To assess the binary masks of
the segmentation predictions, evaluation metrics including
precision (M), recall (M), and average precision (AP) are
employed. Additionally, the AP incorporates mAP0.5 (M),
which represents the AP with an IoU threshold greater than
0.5, and mAP0.5:0.95 (M), which pertains to the average
AP with an IoU threshold ranging from 0.5 to 0.95 with an
increment of 0.05. In this paper, the maximum error value
(MAX), root mean square error (RMSE), and mean absolute
error (MAE) are used to evaluate the superiority and com-
putational accuracy of the proposed ELM-PID controller
compared to other controllers. The best objective function
𝐽 is employed to evaluate the effectiveness of the algorithm.
Rise time and settling time are utilized to assess the response
speed of the control method, while the number of iterations
is used to measure the convergence speed of the algorithm.
These metrics were chosen as they are common performance
indicators in the field of control engineering.

4.2. Segmentation results
A comprehensive comparison of various commonly used

metrics during the training phase, including precision, recall,
and mean average precision (mAP), is conducted. Each
metric is examined based on its strengths, limitations, and
suitability for different segmentation scenarios. Moreover,
this comparison helps understand the trade-offs between
different metrics and aids in selecting the most appropriate
evaluation measures for specific detection tasks. The main
methods investigated in this study include YOLOv5 [49],
YOLACT-700 [57], SOLO [58], and S2TNet [55]. Specif-
ically, YOLOv5, S2TNet and our proposed method are im-
plemented using the open-source framework available at

Table 2: Comparative analysis of training accuracy metrics across three datasets with different algorithms. The best results
are highlighted in red, and the second best results are highlighted in blue.

Precision(M) Recall(M) mAP
val

0.5(M)
mAP

val

0.5:0.95(M)
Precision(M) Recall(M) mAP

val
0.5(M)

mAP
val

0.5:0.95(M)
Precision(M) Recall(M) mAP

val
0.5(M)

mAP
val

0.5:0.95(M)

YOLOv5 0.4587 0.4531 0.4969 0.1876 0.4621 0.4474 0.3875 0.0854 0.6539 0.5864 0.6724 0.2364

YOLACT-700 0.4655 0.4283 0.3476 0.1511 0.4579 0.3213 0.3824 0.0490 0.6846 0.6032 0.6684 0.2389

SOLO 0.4904 0.4997 0.5408 0.2245 0.4735 0.4501 0.4351 0.1354 0.7165 0.6897 0.6922 0.2451

S2TNet 0.5567 0.5208 0.5021 0.2054 0.4868 0.3437 0.4197 0.1956 0.7321 0.5812 0.6989 0.2872

ViT-S2T 0.5322 0.5539 0.5381 0.2349 0.5119 0.4956 0.4734 0.1875 0.8276 0.7234 0.7563 0.2652

Method

DeepCrack CFD S2T-Crack
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Figure 4: Comparative analysis of PR curves on three datasets: CRACK500, CFD, and S2T-Crack, using several pretrained
models: (a) Tiniest: yolov5n, (b) Smallest: yolov5s, (c) Midum: yolov5m, and (d) Largest: yolov5x.

https://github.com/ultralytics/yolov5. The remaining meth-
ods are implemented using the open-source framework
available at https://github.com/open-mmlab/mmdetection. It
is worth noting that all these methods are trained using the
same initialization parameters.

DeepCrack dataset.The DeepCrack dataset is analyzed
across different pretrained models (’n’, ’s’, ’m’, ’x’) for
various algorithms, as depicted in the first row of Figure
4. The models are trained for 300 epochs to obtain the
metrics. Table 2 provides a quantitative analysis of the train-
ing metrics for different models. The results indicate that
S2TNet achieves the highest precision of 0.5567, while ViT-
S2T achieves the highest recall of 0.5539. SOLO attains the

highest mAP@0.5 metric of 0.5408, and ViT-S2T achieves
the highest mAP@0.5:0.95 metric of 0.2349.

CFD dataset.The CFD dataset is analyzed, and Figure
4 illustrates the training metrics for different algorithms.
From the precision-recall curve and the area under curve
(AUC) values in the second row of Figure 4, ViT-S2T
achieves the highest performance among the three pretrained
models. Table 2 provides a quantitative analysis of the train-
ing metrics for different models. The performance analysis
demonstrates that ViT-S2T achieves the highest precision of
0.5119 and the highest recall of 0.4956. Additionally, ViT-
S2T achieves the highest mAP@0.5 metric of 0.4734, while
S2TNet attains the highest mAP@0.5:0.95 metric of 0.1956.

YOLOv5 YOLACT-700 SOLO S2TNet ViT-S2T

S
2
T

-C
ra

ck

Figure 5: Visualization of crack segmentation: A comparison between SOTA Methods and ViT-S2T(Ours). To enhance visual
clarity, we have selectively enlarged the test results of the various methods.
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Table 3: Comparative analysis of different modules with ViT-S2T. Key indicators are visually represented using bold.

TFEM IRS Precision(M) Recall(M) mAP0.5(M)
mAP 

0.5:0.95(M)
Precision(M) Recall(M) mAP0.5(M)

mAP 

0.5:0.95(M)
Precision(M) Recall(M) mAP0.5(M)

mAP 

0.5:0.95(M)

baseline O O 0.4681 0.5056 0.4652 0.1534 0.4562 0.3947 0.3631 0.0545 0.6795 0.6436 0.6518 0.2837

P O 0.4587 0.5584 0.5041 0.2314 0.4742 0.4257 0.3995 0.1097 0.7448 0.6735 0.6817 0.2456

O P 0.4794 0.5026 0.4887 0.2184 0.5283 0.4349 0.4033 0.1069 0.7553 0.7246 0.6772 0.2438

P P 0.5044 0.5392 0.4975 0.2432 0.4848 0.4572 0.4213 0.1568 0.8167 0.7159 0.7546 0.3078

ours

CFD S2T-Crack

Method

Ablation DeepCrack

Compared to the baseline YOLOv5, our proposed ViT-S2T
method significantly improves performance by 8.59% in
terms of mAP@0.5.

S2T-Crack dataset.The S2T-Crack dataset is analyzed,
and the third row of Figure 4 illustrates the training met-
rics for different algorithms. Table 2 provides a quantita-
tive analysis of the training metrics for various models. It
can be observed that ViT-S2T achieves the highest pre-
cision of 0.8276, the highest recall of 0.7234, the high-
est mAP@0.5 metric of 0.7563, and S2TNet achieves an
mAP@0.5:0.95 metric of 0.2872. Compared to the base-
line YOLOv5, our proposed ViT-S2T method demonstrates
improvements of 17.37% in precision, 13.7% in recall, and
8.39% in mAP@0.5. The visual results in Figure 5 indicate
that the results of ViT-S2T are more continuous and clear
compared to the contrasted deep learning models. Overall,
after multiple testing and comparative analysis on the three
different datasets, the results validate the robustness and
good performance, in terms of accuracy metrics, of our
proposed method.

Ablation study. To further examine the gains from each
module in the model, an ablation study is conducted on three
datasets. Table 3 compares the performance of the TFEM
and ISM modules across different datasets and methods. As
shown in Table 3, the mAP0.5@(M) of TFEM + ISM is
3.23%, 5.82%, and 10.28% higher than the baseline reference
on the three benchmark datasets. It is also higher than TFEM
by -0.66%, 2.18%, and 7.29%, and higher than ISM by
0.88%, 1.8%, and 7.74%. The optimal training parameter
metrics of TFEM + ISM on the S2T-Crack dataset are [Pre-
cision(M), Recall(M), mAP@0.5(M), mAP@0.5:0.95(M)]
= [0.8167, 0.7246, 0.7546, 0.3078]. TFEM employs a multi-
head self-attention mechanism to establish global contex-
tual relationships and semantic information, thereby effec-
tively extracting both global and local features from various
positions within the crack images. This capability allows
the model to capture intricate details while maintaining an
understanding of the overall structure of the cracks. After
deriving multi-scale features, these are directed to the Neck
of the network, which serves as a crucial component for
comprehensive crack feature extraction. The ISM performs
upsampling on the detected low-resolution masks, enhanc-
ing their detail and resolution. This upsampling process
is further complemented by integrating these masks with
higher-resolution features from adjacent levels, ensuring
that fine details are retained while the broader context is
maintained. Moreover, the ISM is seamlessly incorporated
into the multi-scale mask head of the YOLOv5 architecture.
This integration enables the system to execute more gran-
ular predictions of crack instances, enhancing the overall

accuracy of segmentation tasks. By utilizing these innova-
tive strategies, the TFEM framework significantly improves
the capability to detect and characterize cracks in asphalt
pavement, ultimately contributing to more effective pave-
ment maintenance and monitoring solutions. This approach
not only enhances detection accuracy but also bolsters the
robustness of the model across various crack conditions and
complexities. In most cases, TFEM + ISM outperforms both
TFEM and ISM, demonstrating the value of TFEM + ISM
in crack segmentation tasks.

4.3. Simulation analysis
This section compares the performance of the proposed

ELM-PID controller with PID [59], the traditional Ziegler-
Nichols PID controller (ZN-PID) [60], the basic Parti-
cle Swarm Optimization PID controller (BPSO-PID) [13],
fuzzy PID [61], and CEAFC [1] controllers by analyzing
three representative non-structured asphalt pavement crack
trajectories. The control objective is to ensure that the
control system accurately follows the reference trajectory
with satisfactory tracing accuracy. A control system model
for an autonomous mobile robot is established in the ROS
environment, and controller algorithms are designed for
construction purposes.

Table 4: Results of optimizing PID parameters and perfor-
mance evaluation indicators with step reference.

Controller Number of iterations Rise time(s) Settling time(s) Best J

PID / 6.1 8.7 38.09

ZN-PID / 5.7 8.2 37.75

BPSO-PID 39 5.3 7.8 36.62

Fuzzy PID 21 4.4 6.9 34.14

CEAFC 12 3 5.4 32.87

ELM-PID 4 0.5 2.8 30.53

Step reference. The step response curves of the six
controllers and the iteration curves of the four algorithms
are illustrated in Figure 6(a) and Figure 7(a), respectively,
utilizing a unit step signal as the reference trajectory for the
crack tracing control system. The PID parameter results and
corresponding performance evaluation metrics are presented
in Table 4. A comparison of Table 4 with Figures 6 and 7
reveals that the PID controller exhibits the poorest response
performance, with a rise time of 6.1 seconds and a settling
time of 8.7 seconds. In contrast, the proposed ELM-PID
controller and the previously proposed CEAFC demonstrate
superior step response performance compared to the PID,
ZN-PID, BPSO-PID, and fuzzy PID methods. Notably, the
implementation of the ELM-PID significantly enhances the
step response metrics, satisfying the criteria for accurate,
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Figure 6: Response curves of different controllers with (a)step reference, (b)slope reference and (c)first-order linear reference.

rapid, and stable tracing by the self-developed robot. The
ELM-PID achieves the best performance, with an objective
function value J of only 30.53, requiring just four iterations.
In comparison, the BPSO-PID method records an objective
function value of 36.62 while necessitating 39 iterations,
thereby illustrating that the ELM-PID method not only ac-
celerates iteration speed but also decreases the number of
iterations required.

Table 5: Results of optimizing PID parameters and perfor-
mance evaluation indicators under slope reference.

Controller Number of iterations Rise time(s) Settling time(s) Best J

PID / 10.7 11 74.24

ZN-PID / 10.1 10.4 71.39

BPSO-PID 47 10 10.2 72.15

Fuzzy PID 38 9.1 9.3 70.43

CEAFC 33 8.6 8.7 69.96

ELM-PID 22 8 8.1 66.51

Slope reference. The reference trajectory for the crack
tracing control system is obtained using a slope signal of
0.15. The response curves of the six controllers are shown in
Figure 6(b), while the iteration curves of the four algorithms
are shown in Figure 7(b). The PID parameter results and
performance evaluation metrics are presented in Table 5.
From the six response curves, it is evident that the ELM-
PID method exhibits the highest response speed and tracing
accuracy. Considering response time, the ELM-PID method
achieves a rise time of 8 s and a settling time of 8.1 s. In
contrast, the PID and ZN-PID methods exhibit rise times
of 10.7 s and 10.1 s, and settling times of 11 s and 10.4 s,

respectively. The ELM-PID method attains the best objec-
tive function 𝐽 of 66.51 with 22 iterations, which is 3.45-
7.73 and 11-25 iterations less than the other controllers.
Thus, compared to the other six controllers, the ELM-PID
controller demonstrates the best performance.

Table 6: Results of optimizing PID parameters and perfor-
mance evaluation indicators with rst-order linear reference,
the indicators for the first stage, second stage, and third stage
are labeled as black, blue, and red respectively.

Controller Number of iterations Rise time(s) Settling time(s) Best J

2.6 2.4

2.4 2

1.2 0.8

2.4 2.2

2.2 1.8

1.1 0.7

2.3 2.3

2 2

1.1 0.8

1.9 1.8

1.8 1.4

1 0.7

1.7 1.6

1.5 1.3

0.8 0.6

1.5 1.4

1.2 1

0.6 0.4

PID / 94

ZN-PID / 91

BPSO-PID 8466

Fuzzy PID 55 87

CEAFC 49 80

ELM-PID 41 75

First-order linear reference. The reference trajectory
for the crack tracing control system is generated using a first-
order linear signal. The response curves of the six controllers
are illustrated in Figure 6(c), while the iteration curves of
the four algorithms are presented in Figure 7(c). The PID
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Figure 8: Sensitivity analysis on parameters tuning process of ELM-PID controller.

parameter results and performance evaluation metrics are
detailed in Table 6. The response curves reveal notable
differences among the six controllers, with maximum er-
rors occurring at the rising and falling edges of the signal.
Utilizing the ELM-PID method, the tracing response of the
control system achieves a rise time of 1.5 seconds and a
settling time of 1.4 seconds during the first stage of the
signal. In the second stage, the rise time and settling time
are reduced to 1.2 seconds and 1 second, respectively. The
third stage demonstrates even greater efficiency, with rise
and settling times of 0.6 seconds and 0.4 seconds, respec-
tively, exhibiting minimal attenuation and delay, which are
the lowest values among the six controllers. The ELM-PID
method achieves the best objective function value J of 75
with 41 iterations, effectively meeting the control require-
ments. Compared to other methods, ELM-PID significantly
enhances the responsiveness of the crack tracing control sys-
tem. Overall, the high accuracy and rapid convergence of the
ELM-PID method are validated through tracing simulations.

4.4. Crack trajectory tracing
This section presents experimental studies conducted on

six controllers, which were developed based on the working
characteristics of our autonomous mobile robot. The exper-
iments were performed under real-world unstructured road
conditions. The objective of these experiments was to vali-
date the effectiveness of the ELM-PID method and highlight
its superiority in comparison to existing approaches.

For crack #1, representing a slender-shaped asphalt pave-
ment crack, the results of dynamically tuning the hyperpa-
rameters for the ELM-PID controller are presented in Figure

8(a). The tracing errors of six controllers deployed on the
self-developed autonomous mobile robot are illustrated in
Figure 9(a). Additionally, Table 7 summarizes the tracing
error metrics, including maximum error (MAX), root mean
square error (RMSE), and mean absolute error (MAE),
for the six controllers combined with three segmentation
methods across three typical asphalt road crack trajectories.
Notably, the PID and ZN-PID controllers exhibit significant
spikes in their motion velocity trajectories, indicating re-
duced smoothness during the crack tracing process. In con-
trast, the ELM-PID controller demonstrates superior error
control performance, characterized by a smoother trajectory.
A comparative analysis of the tracing error metrics indicates
that the ELM-PID controller surpasses the others, exhibiting
the lowest peak values in the error curves. Specifically, when
employing the ViT-S2T segmentation model, the ELM-PID
controller achieves a MAX of only 17.6 mm, a RMSE of 3.94
mm, and a MAE of 4.48 mm. The CEAFC method yields the
second-best tracing performance, with an RMSE of 4.37 mm
and an MAE of 5.17 mm. Conversely, the PID method dis-
plays the highest tracing error, with an RMSE of 10.81 mm.
These findings underscore the effectiveness of the ELM-PID
controller in enhancing tracing accuracy and highlight the
importance of hyperparameter tuning in achieving optimal
performance across different segmentation strategies. Fur-
ther investigation into additional controller configurations
and segmentation methods may provide avenues for even
greater improvements in crack tracking capabilities.

For crack #2, the dynamic tuning results for the ELM-
PID controller are presented in Figure 8(b). The tracing
errors of six controllers deployed on the self-developed

Table 7: Comparative analysis of crack tracing evaluation metrics using the six controllers with three pavement crack
conditions.

Crack Scene Demo Evaluation Criteria PID ZN-PID BPSO-PID Fuzzy PID CEAFC ELM-PID

#1 Slender
MAX 77.64 65.34 51.89 45.42 39.84 38.57
RMSE 15.73 15.06 10.08 10.59 11.62 10.92
MAE 13.45 11.35 9.87 9.05 6.24 7.72

#2 Curved
MAX 100.83 87.19 74.35 70.29 57.68 41.94
RMSE 12.01 11.34 11.23 17.29 11.78 10.68
MAE 17.23 14.52 13.52 11.28 8.89 7.34

#3 Discontinuous
MAX 127.24 101.43 95.78 73.95 84.49 87.25
RMSE 22.66 18.07 18.68 19.55 11.12 11.18
MAE 20.76 16.98 15.24 11.36 9.46 8.34
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Figure 9: Tracing errors of the six controllers within three types of cracks.

autonomous mobile robot, representing a curved asphalt
pavement crack, are depicted in Figure 9(b). The correspond-
ing tracing error metrics are summarized in Table 8. The

PID controller exhibits a tracing error curve characterized
by pronounced peaks and substantial fluctuations, indicating
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Instance Segmentation for Crack #3.
potential limitations in maintaining a smooth crack trajec-
tory. Conversely, the ELM-PID controller displays a stable
and smooth tracing error curve, demonstrating its effective-
ness in this application. Among the controllers evaluated, the
PID controller performs the worst, with a maximum error
(MAX) of 75.73 mm, a root mean square error (RMSE) of
11.99 mm, and a mean absolute error (MAE) of 13.58 mm
when utilizing the ViT-S2T segmentation model. In contrast,
the ELM-PID controller achieves significantly better tracing
performance, recording a MAX of 20.31 mm, an RMSE of
4.19 mm, and an MAE of 5.23 mm. These results underscore
the effectiveness of the ELM-PID controller compared to the

PID controller, highlighting significant improvements with
differences of 55.42 mm, 7.8 mm, and 8.35 mm in MAX,
RMSE, and MAE, respectively. The ELM-PID controller
thus demonstrates the best overall performance metrics,
establishing its superiority in precise crack tracking appli-
cations. Further exploration of additional controller config-
urations and segmentation methods may yield even more
improvements in tracing accuracy and reliability.

For crack #3, characterized as a discontinuous asphalt
pavement crack, the dynamic tuning results for the ELM-
PID controller are illustrated in Figure 8(c). The tracing
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Table 8: Comparative analysis of crack tracing evaluation metrics using the six controllers with three pavement crack
conditions under the S2TNet model.

Crack Scene Demo Evaluation Criteria PID ZN-PID BPSO-PID Fuzzy PID CEAFC ELM-PID

#1 Slender
MAX 61.58 57.24 52.46 48.69 43.38 27.59
RMSE 12.30 12.39 7.52 11.88 10.86 6.52
MAE 12.56 10.49 9.17 8.13 6.87 4.99

#2 Curved
MAX 89.06 82.65 64.81 55.78 48.67 28.53
RMSE 16.34 12.53 15.32 12.38 14.25 11.35
MAE 15.74 13.74 11.89 9.85 6.84 7.64

#3 Discontinuous
MAX 105.84 88.61 80.29 76.57 61.45 42.38
RMSE 15.64 15.5 12.84 10.02 9.84 9.91
MAE 19.17 16.03 15.07 10.63 8.13 6.53

errors of six controllers deployed on the self-developed au-
tonomous mobile robot are depicted in Figure 9(c), while the
corresponding tracing error metrics are presented in Table 9.
Figure 10 provides an overview of the hardware architecture
of the autonomous mobile robot and its procedure for tracing
asphalt crack trajectories. To create a composite image for
crack #3, the proposed method integrates original video
frames with experimental results using a stitching algorithm.
This results in a comprehensive image that incorporates the
original footage, ground truth, and instance segmentation
results. Additionally, Figure 11 showcases a panoramic view
of the detailed crack tracing process implemented by the
six controllers utilizing the ViT-S2T segmentation model in
the crack #3 scenario. Among the controllers evaluated, the
ELM-PID controller demonstrates the most precise tracing
performance, achieving a maximum error (MAX) of 24.95
mm, a root mean square error (RMSE) of 5.42 mm, and a
mean absolute error (MAE) of 5.49 mm when applying the
ViT-S2T segmentation model. Field experiments conducted
on crack #3 further validate the effectiveness and superiority
of the proposed ELM-PID crack tracing controller, which
benefits from dynamic hyperparameter tuning. These tests
highlight the adaptability and enhanced performance of the
self-developed autonomous mobile robot in the domain of
crack tracing. In stark contrast, the PID controller displays

the weakest performance, with a maximum error (MAX)
of 75.73 mm, an RMSE of 11.99 mm, and an MAE of
13.58 mm. Meanwhile, the ELM-PID controller consistently
achieves superior tracing performance, achieving a MAX
of 20.31 mm, an RMSE of 4.19 mm, and an MAE of 5.23
mm. These metrics indicate substantial improvements over
the PID controller, exhibiting differences of 55.42 mm, 7.8
mm, and 8.35 mm in MAX, RMSE, and MAE, respectively,
underscoring the enhanced capabilities of the ELM-PID
controller in precise crack trajectory tracing. These findings
reinforce the call for further research to explore additional
configurations and methods aimed at optimizing crack de-
tection and tracing efficacy in various pavement scenarios.

Table 10 provides a comprehensive overview of the
real-time performance metrics for six controllers utilized in
pavement crack tracking within the crack #3 scenario, em-
ploying three segmentation models. Notably, the ViT-S2T
model demonstrates a significant enhancement in frames
per second (FPS), achieving increases of 39.73 and 26.83
FPS when compared to the YOLOv5 and S2TNet models,
respectively, ultimately reaching a total of 67.72 FPS. This
substantial improvement facilitates real-time processing of
crack images on embedded devices, rendering them suitable
for practical applications. The analysis incorporates compar-
isons of critical performance indicators, including linear and

Table 9: Comparative analysis of crack tracing evaluation metrics using the six controllers with three pavement crack
conditions under the ViT-S2T model.

Crack Scene Demo Evaluation Criteria PID ZN-PID BPSO-PID Fuzzy PID CEAFC ELM-PID

#1 Slender 
MAX 44.94 35.41 25.85 33.76 22.62 17.6
RMSE 10.81 8.06 6.74 5.97 4.37 3.94
MAE 10.67 8.51 7.54 6.36 5.17 4.48

#2 Curved 
MAX 75.73 44.68 46.56 47.39 19.32 20.31
RMSE 11.99 10.16 8.27 9.07 4.86 4.19
MAE 13.58 11.85 10.27 8.53 6.45 5.23

#3 Discontinuous 
MAX 79.16 69.86 66.37 59.85 39.24 24.95
RMSE 13.13 11.54 13.62 9.92 6.83 5.42
MAE 17.15 14.71 12.42 9.39 7.44 5.49
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Table 10: Real-time performance analysis of crack tracing using the six controllers under three segmentation model for the
discontinuous crack.

PID ZN-PID BPSO-PID Fuzzy PID CEAFC ELM-PID PID ZN-PID BPSO-PID Fuzzy PID CEAFC ELM-PID

MAX 0.1481 0.1100 0.1125 0.1129 0.1225 0.1080 1.1042 1.1846 1.1064 1.0268 0.883 0.8368

MIN 0.0497 0.0359 0.0463 0.0315 0.0357 0.0368 -0.9537 -0.814 -0.8999 -0.9856 -0.7675 -0.7982

RMSE 0.1371 0.1219 0.1237 0.1324 0.0994 0.0978 1.298 1.2011 1.0694 1.2879 1.0345 1.062

MAE 0.0942 0.0841 0.0915 0.0811 0.0855 0.0865 0.6841 0.6593 0.5632 0.6413 0.4831 0.4028

MAX 0.1256 0.1061 0.1168 0.1124 0.0897 0.1242 0.9521 1.0554 0.751 1.0221 0.8099 0.8191

MIN 0.0431 0.0433 0.0447 0.0392 0.0209 0.0226 -0.7724 -0.7747 -0.7494 -0.6929 -0.6222 -0.667

RMSE 0.1453 0.1210 0.1370 0.1230 0.0600 0.0567 0.9038 0.9682 0.9821 0.8066 0.6268 0.6118

MAE 0.0777 0.0680 0.0575 0.0685 0.0642 0.0643 0.3213 0.3221 0.367 0.2684 0.3716 0.2931

MAX 0.0850 0.0722 0.0718 0.0834 0.0761 0.0794 0.8786 0.7034 0.7926 0.8403 0.6327 0.6049

MIN 0.0269 0.0278 0.0202 0.0190 0.0209 0.0185 -0.6563 -0.6635 -0.5748 -0.6049 -0.5345 -0.5485

RMSE 0.1040 0.1064 0.1081 0.0824 0.0589 0.0489 0.8656 0.7255 0.7213 0.6931 0.4355 0.4164

MAE 0.0569 0.0553 0.0411 0.0591 0.0420 0.0513 0.2148 0.2168 0.2817 0.2019 0.1622 0.1717

ViT-S2T

FPS 

(Hz)

27.99

40.89

67.72

Linear Speed(m/s) Angular Speed(rad/s)
Segment 

Model

YOLOv5

S2TNet

Evaluation 

Criteria

angular velocities. In this context, negative angular velocity
corresponds to a left turn, while positive angular velocity
indicates a right turn. The findings reveal that the ELM-PID
controller effectively maintains speed control across all three
segmentation models, with particularly notable performance
when utilizing the ViT-S2T crack trajectory segmentation
model. The RMSE and MAE for linear velocity are recorded
at 0.0489 and 0.0513, respectively, while for angular veloc-
ity, the RMSE and MAE stand at 0.4164 and 0.1717. These
metrics all fall within a reasonable range, highlighting the
efficacy of the controller. Given the intricate and subtle topo-
logical characteristics of crack trajectories, precise speed
control is essential for successful tracking. The emphasis
lies not merely on achieving high speeds but on ensuring
that speeds remain within an optimal range, enabling the
autonomous mobile robot to track cracks effectively. In this
regard, the ELM-PID controller exhibits commendable real-
time tracking performance. Looking ahead, future efforts
will concentrate on optimizing speed control further while
continuing to enhance tracking efficacy. This ongoing re-
finement aims to improve the adaptability and reliability
of the system in diverse operational conditions, thereby
contributing to more effective pavement maintenance and
monitoring solutions.

5. Conclusions
This study addresses two critical issues in road crack

tracing: the loss of slender crack features due to convolu-
tion, which leads to fragmented crack trajectories, and the
large tracing errors caused by the reliance solely on human-
calibrated parameters of PID controllers. To address these
challenges, a novel crack tracing framework is proposed.
The framework integrates TFEM and ISM, resulting in a
ViT-based segmentation network that effectively segments

and extracts crack instance features. This allows for the
retrieval of complete crack trajectories. Our proposed ap-
proach demonstrates significant improvements in segmen-
tation performance on the S2TCrack dataset, achieving a
precision of 82.76% and mAP@0.5 of 75.63%. Additionally,
an ELM-PID-based crack tracing controller is designed,
utilizing an ELM model that employs backpropagation neu-
ral networks to optimize control parameters and facilitate
adaptive tuning of PID parameters. However, the proposed
method has certain limitations. This study focuses on single
crack features and does not address more complex scenarios
such as multiple or intersecting cracks, while the selected
crack background environment is relatively ideal. The real-
time performance of crack tracing is still limited, and some
delays are present. Future research will target complex topo-
logical cracks and aim to conduct experiments under vari-
ous disturbance conditions in pavement crack environments.
Furthermore, a deeper investigation into the integration of
embedded deep learning models with optimization control
methods will be pursued to enhance the real-time perfor-
mance of crack tracing. Additionally, repair devices will
be incorporated into the self-developed autonomous mobile
robot to enable automatic crack sealing.
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