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Abstract—Currently, the problem of potholes on urban
roads is becoming increasingly severe. Identifying and locat-
ing road potholes promptly has become a major challenge
for urban construction. Therefore, a lightweight and effective
instance segmentation method called lightweight and effec-
tive pothole segmentation (LEPS) detector was proposed for
road pothole detection. To extract the image edge information
and gradient information of potholes from the feature map
more efficiently, a module that performs the convolutional
superposition supplemented with a convolutional kernel was
proposed to enhance spatial details for the backbone. LEPS
has designed a novel module applied to the neck layer, improving the detection performance while reducing the
parameters. To enable accurate segmentation of fine-grained features, the ProtoNet was optimized, which enables the
segmentation head to generate high-quality masks for more accurate prediction. This article has fully demonstrated
the effectiveness of the method through a large number of comparative experiments. This detector has excellent
performance on two authoritative example datasets, URTIRI and COCO, and can successfully be applied to visual sensors
to accurately detect and segment road potholes in real environments, and accurately LEPS reached 0.892 and 0.648 in
terms of Mask for AP50 and AP50:95, which is improved by 4.6% and 20.6% compared with the original model. These
results demonstrate its strong competitiveness when compared with other models. Comprehensively, LEPS improves
detection accuracy while maintaining lightweight, which allows the model to meet the practical application requirements
of edge computing devices.
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I. INTRODUCTION

DURING the construction and maintenance of infras-
tructure, it is common to encounter heavily used or

deteriorating urban roads that are riddled with numerous
potholes [1]. These potholes have a significant impact on the
comfort and safety of vehicle passengers [2]. The traditional
detection methods require professional inspectors to perform
hazardous inspections, which are inefficient, costly, and time-
consuming [3]. In addition, the results obtained from these
methods are subjective and generalized [4]. Therefore, accu-
rate, timely, and efficient detection of road potholes plays a
crucial role in ensuring traffic safety. Therefore, intelligent
road pothole detection algorithms based on computer vision
(CV) are the important requirement for contemporary devel-
opment [5].

Due to the continuous exploration of research relevant to
CV for pothole detection tasks, numerous superior methods
have emerged. Road pothole detection methods can be divided
into two categories based on the CV. The traditional CV meth-
ods include edge detection, depth cameras [6], the approach
based on laser scanning and CV [7], ultrasonic sensors that
measure the distance between the vehicle’s bottom and the
road surface [8], among others. While deep learning methods
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Fig. 1. Examples of the URTIRI dataset.

mainly rely on datasets and various self-learning network
structures, Wang et al. [9] proposed a network of pothole
3-D point cloud segmentation and a pavement pothole motion
structure (PP-SFM) to create a low-cost automatic system for
reconstructing and segmenting potholes in 3-D.

As the existing convolutional frameworks have made signifi-
cant progress in CV tasks in various industrial scenarios, object
detection and semantic segmentation have also been applied
to the web to address the issue of potholes. Rasyid et al. [10]
built an Internet of Things (IoT) platform to detect potholes
using Faster R-CNN. Pereira et al. [11] used the U-net [12]
semantic segmentation framework to enhance the performance
of pothole detection. The method based on semantic segmen-
tation shows high accuracy at the pixel level [13].

Potholes have characteristics such as irregular contours,
inconsistent scale, and subtle background differences, which
pose challenges for the detection task [14]. First, the lim-
ited availability of features complicates the feature extraction
process of the target. With the increase in convolutional
neural networks (CNNs), there is a tendency for object feature
information to decay, making it challenging to distinguish the
features. In addition, the use of multilayer networks may lead
to difficulties in detecting certain objects due to the weakening
of feature information. At the same time, images of pavement
potholes are easily influenced by the surrounding environmen-
tal factors, such as uneven road surfaces, pothole edges that
resemble normal road surfaces, and other interferences that
often affect detection accuracy. Fig. 1 illustrates that potholes
exhibit a certain degree of variability in terms of size and
shape.

For the task of pavement pothole detection, many existing
algorithms are unable to simultaneously achieve both detection
and segmentation of the pothole task due to limitations in
scene usage. Coupled with the actual engineering of the
pavement is often more complex, which can result in mis-
detection, omission of detection, and difficulties in achieving
excellent detection results. Pothole pixels can be separated
using a semantic segmentation network; however, the number
and location of the potholes cannot be determined. Pothole
localization can be achieved using the object detection net-
work, but other metrics, such as the pothole area, cannot
be calculated. This kind of network model using a single
task cannot perfectly complete the pothole detection task.
While the above methods show advantages and limitations,

instance segmentation is a higher level task that combines
object detection with semantic segmentation. It is capable
of accurately localizing individual potholes and capturing
pixel-level texture features. We address the above challenges
by choosing instance segmentation, which enables us to detect
object-specific locations and perform pixel-level semantic
labeling.

We propose a lightweight and effective single-stage detector
for road potholes by instance segmentation to solve the above
problem, which can solve the problem of feature extraction
in other detection methods for potholes while also main-
taining a lightweight model and minimizing feature loss.
First, considering the characteristics of potholes such as
irregular contour, scale inconsistency, and little background
difference, we propose the embranchment aggregation and
detail enhancement (EADE) module which enhances the local
features and detailed features of pothole to be applied to the
backbone. Then, we developed the GhostNet with context
aggregation (GCA) module to replace the original feature
extraction module in the neck layer and minimize the impact
of the scale and feature layers on the features in this model.
In addition, to increase the accuracy of segmentation, we incor-
porate Optimized ProtoNet into the segmentation head. The
following four points summarize the main contributions of this
article.

1) A plug-and-play EADE module is proposed to be
applied to the backbone, which performs convolutional
superposition supplemented with a convolutional kernel
that enhances spatial details, and it can extend the
sensory field and capture richer local information.

2) We have designed the GCA module applied to the neck
layer. This module aims to minimize the impact of dupli-
cated gradient information to enhance network learning.
It reduces the parameters while further improving the
detection performance of the model.

3) We have innovatively proposed the Optimized ProtoNet,
enabling the detection head to generate high-quality
masks and realize accurate segmentation of fine-grained
features.

4) In addition to verifying the validity of the model on a
large number of datasets, we also use handheld devices
to capture real-world scenarios as a validation set for
detection, which confirms that the proposed model meets
the requirements for real-world applications of visual
sensing devices.

II. RELATED WORK

A. Pothole Detection
Because of the significance of road safety, automatic road

pothole image recognition technology has long been a classic
subject [15]. For better extraction of the respective features
of potholes, Khumsap et al. [16] provide a feature extrac-
tion method based on area contour and Cartesian contour
method based on right-angle axis features and feed them
into the subsequent SVM classifier as a way of realizing
the classification of pavement anomalies in pavement images.
Fan et al. [17] proposed an attention aggregation (AA) frame-
work that can be applied to U-Net or extended to multimodal
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fusion networks and introduced a parallax transformation
algorithm to recognize defective and nondefective regions of
potholes. Zou et al. [18] provide a deep convolutional network
that integrates multiscale information for the segmentation
of pavement cracks and potholes, which builds a DeepCrack
network based on SegNet [19] while fusing the convolutional
features generated in the encoding–decoding network in pairs
with the same dimensions. Zou et al. [20] develop a fully
automatic method named CrackTree to detect cracks from
pavement images and perfectly solve the challenging problem
such as low contrast between cracks and the surrounding pave-
ment, intensity inhomogeneity along the cracks, and possible
shadows with similar intensity to the cracks. Zou et al. [20]
propose in this article FoSA—F* Seed-growing Approach for
automatic crack-line detection, which extends the F* algorithm
in two aspects. It exploits a seed-growing strategy to remove
the requirement that the start and end points should be set in
advance. Moreover, it narrows the global searching space to
the interested local space to improve its efficiency.

The current research status of pothole detection demon-
strates that as artificial intelligence technology continues to
advance, the research focus of domestic and international
scholars on pothole detection has gradually shifted from
digital image processing technology to deep learning and has
achieved positive results.

B. Sensor Applications
To improve pothole detection, [21] developed a detection

system that uses 2-D LiDAR and cameras. This system incor-
porates a combination of heterogeneous sensor systems and
uses image processing algorithms, including noise filtering,
edge extraction, and object extraction. With joint roughness
and negative skewness distribution, a method for detecting
pavement potholes based on a vehicle-mounted laser point
cloud is proposed [22]. Silvester et al. [23] used a smartphone
to collect road images, acceleration values, and gyroscope
values and detect potholes using a double cross-validation
mechanism.

Lightweightness is a critical characteristic in sensor appli-
cations. The traditional object detection algorithms suffer from
long running times, complex feature extraction modules, high
computational costs, poor recognition accuracy, and other
drawbacks. On the contrary, deep-learning-based CNNs use a
step-by-step extraction of image features and autonomously
learn to obtain feature information, which leads to higher
accuracy and smaller network size. Currently, most of the
models used to implement the task of pothole detection are
single-stage detection models, which have the characteristics
of fast speed, low computational requirements, and minimal
hardware requirements. So Yolov8n as the latest model in the
YOLO series serves as the foundation for improving our model
to better meet the practical application requirements of vision
sensing devices.

III. THEORY

In this section, our newly developed lightweight and effec-
tive pothole segmentation (LEPS) will be comprehensively

Fig. 2. Overall framework of LEPS.

introduced. Our improved method integrates computational
complexity, parameters, the chosen convolution method, the
structure of feature fusion, the effectiveness of model training,
and other critical factors to maximize the performance of the
instance segmentation algorithm.

A. Overall Structure
The general structure of the approach proposed in this study

is shown in Fig. 2.
First, we hope that the proposed LEPS can serve as an

integrated model capable of addressing various issues in the
practical implementation of pavement pothole detection. This
model should strike a balance between computational effort
and accuracy. Therefore, we chose Yolov8n’s DarkNet-53 as
the backbone network, which is inspired by the design concept
of the classical ResNet backbone network and incorporates
the use of residual structures. By stacking the layers of the
convolution module continuously, the model’s performance
was enhanced. Yolov8 is a new state-of-the-art (SOTA) model
that offers the advantages of small scale and high detection
efficiency. It builds upon the success of the previous YOLO
series and demonstrates superior performance compared with
networks of similar scale. Previous studies provide evidence
that justifies our choice.

Second, we discovered that the standard convolution in
the C2f module restricts the sensory field of the network,
making it challenging to accurately detect potholes in complex
scenes. Therefore, we implemented the EADE module in
the backbone section. The input feature map processed by
this module can capture more edge information and details
related to the pothole detection task, specifically focusing on
local edge features. Then, we further optimize the neck layer
by inserting the GCA module. The GhostConv [24] and the
context aggregation [25] are combined in a parallel structure
to complement each other and improve the feature processing
capability of the model.

In addition, we incorporate a multiscale segmentation head
to optimize ProtoNet’s feature output. This differs from the
conventional approach by combining feature inputs from three
different scales. This method allows for the fusion of features
with varying levels of refinement. To further increase the accu-
racy of segmentation, we use Soft-non-maximum suppression
(NMS) [26] instead of the NMS method used in previous
studies, to improve the accuracy of the bounding box. Finally,
the instances that survive Soft-NMS will be linearly combined
with the output of Optimized ProtoNet to obtain the final
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Fig. 3. Structure of EADE module.

feature maps. The aforementioned improvements enable our
model to efficiently extract and combine features, while also
meeting the requirement for a lightweight model with minimal
computational complexity.

B. EADE Module
We marked partial improvements to the backbone structure

and propose our EADE module to enhance backbone. Fig. 3
shows the network structure of bottleneck, which is designed
to retain most of the effective global information at a low
computational cost. Nevertheless, we present an innovative
and effective module based on the notion of Seaformer [27],
to address the problem of ignoring the local information in
the target information. The EADE module performs multiple
convolutions and gradient information splicing by separating
local information from two scales. The output features of
the embranchment aggregation block and detail enhancement
block are fused as the final result.

As shown in Fig. 3, the input X ∈ RC×H×W is fed into both
the embranchment aggregation block and detail enhancement
block for processing. The output features from these blocks
are then fused together to produce the final output.

1) Embranchment Aggregation Block: In the embranchment
aggregation block, the feature maps will be processed by a
1 × 1 convolution module. As shown in (1), this module
first performs 2-D convolution on the input feature maps,
then performs batch normalization at the BN layer, and finally
is processed by the SiLu activation function. After the Split
operation, the feature map is divided into two parts with an
equal number of channels, and then the two segmented feature
maps, x1 and x2, which contain different local information,
are processed differently. The feature map represented by x1 is
directly used as the basis for the later concatenation operation.
On the other hand, the feature map represented by x2 is
input into a stacking filter consisting of three 3 × 3 con-
volution modules, two omnidimensional dynamic convolution
(ODConv [28]) and one depthwise separable convolution
(DWConv [29]). Both ODConv and DWconv can enhance the
adaptability of features, allowing the module to achieve the
same feature extraction effect as ordinary convolution, reduce
the calculation amount, and improve the calculation efficiency
at the same time, which is very suitable for lightweight model
design in this article. Each 3 × 3 convolution module produces

a portion of the feature map, one of which is directly used as
the foundation for the subsequent cascade operation, while
the other of which is supplied into the next 3 × 3 convolution
module. Similarly, x3 and x4 will be convolved in the same
way as x2

F1(X, C) = σ1(ρ( fconv(X, C))) (1)
F2(X) = ρ(σ1( fconv(X))) (2)

F3(X) = X

(
n∏

t=1

αtwt

)
. (3)

In the given formula, the convolution module is denoted
by F1(X, C), while F2(X) is applied for DWConv and F3(X)

is applied for ODConv. ρ(X) represents batch normalization,
which can accelerate the convergence rate. σ1(X) represents
the Silu activation function, and fconv(X, C) represents the 2-D
convolution operation. C denotes the output channel number,
X denotes the feature map to be processed, wt denotes the
t th convolution kernel consisting of filters, and αt denotes the
attention scalar

x1 = Split(F1(X), 2)

x2 = F3(F2(F3(Split(F1(X), 2))))

x3 = F2(F3(Split(F1(X), 2)))

x4 = F3(Split(F1(X), 2)).

(4)

Split(X, 2) indicates splitting the feature map. Here, X
represents the feature map that will be split, and 2 represents
the number of output channels, denoted as C = 2.

Four output feature maps are channel-spliced to obtain a
feature map that contains more bias and gradient information.
The final channel number of the module is obtained through
the last 1 × 1 convolution module. A shortcut is used to
determine whether to retain the residual information or not.
The feature maps activated by the Silu activation function will
be used as the final output of the embranchment aggregation
block process

y =


σ1(F1(cat(x1, x2, x3, x4)))

shortcut = Flase
σ1(F1(cat(x1, x2, x3, x4)) + F1(X))

shortcut = True

(5)

where cat indicates the operation of concatenating the number
of channels in the feature map, while y represents the final
feature map output from the embranchment aggregation block.

2) Detail Enhancement Block: q , k, and v are linear pro-
jections of X ∈ RC×H×W , which means q = Wq X ,
k = Wk X , and v = Wv X , where Wq , Wk ∈ RCqk×C ,
and Wv ∈ RCv×C . The detail enhancement block for
parallel processing concatenates q, k, and v along the
dimension and then puts them through a 3 × 3 depth-
wise convolution module and batch normalization. Using a
3 × 3 convolution, local detail enhancement can be assisted
by aggregating q, k, and v. Then, the feature map is passed
through a linear projection with activation and batch normal-
ization to generate detail enhancement weights. Finally, the
feature map processed by detail enhancement and the feature
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map processed by embranchment aggregation are fused to
output the final result

z = ρ(F1(σ2(ρ(F2(cat(q, k, v)))))) (6)
Y = Mul(σ2(y), z). (7)

In the given formula, σ2(X) represents the ReLU activation
function, and Mul(X, Y ) denotes the multiplication operation.
z represents the final feature map that is generated from
the detail enhancement block, y represents the output from
the embranchment aggregation block, while Y represents the
output of the EADE module.

The EADE module can extract additional local feature infor-
mation and gradient information from the input feature
mapping. This module then provides more effective feature
mapping information for subsequent feature fusion and head
prediction. The feature map x1 retains the original channel
feature information, while x2 can obtain a larger receptive field
than x1 after three rounds of 3 × 3 convolutional processing.
The output feature map of the combined feature map contains
richer local information on gradient flow. Meanwhile, the
auxiliary convolution kernel, which enhances spatial details,
also accomplishes good cooperation, effectively extracting
global information while preserving local details.

C. GCA Module
To enhance the implementation of the application on mobile

devices, we refer to the lightweight CNN with faster inference
speed. To achieve faster convergence, we optimize the neck
layer by incorporating the GhostNet with context aggregation
block (CA-Block), which is constructed based on the fully
connected layer. The module from GhostNet can not only
make our upgraded algorithms easier to execute quickly on
standard hardware but also capture the dependencies between
remote pixels. CA-Block is a generic building block for
multihead context aggregation; it can use remote interactions,
similar to a transformer, while still taking advantage of the
inductive bias of local convolution operations.

As shown in Fig. 4, we initially use a 1 × 1 convolution
for input features to change channels, then replace the 1 × 1
convolution with a Split operation to divide the features, and
increase the network receptivity field by stacking the GCA
module multiple times and incorporating more jump connec-
tions. We obtain a more complex gradient stream structure by
reducing the number of references, enabling the extraction of
more comprehensive multiscale pothole features.

Fig. 4 shows that we use two GhostConv modules [rep-
resented by fGhost(X)] for the inverted residual bottleneck.
The first GhostConv module generates extended features and
increases the number of channels. Afterward, it performs batch
normalization [represented by ρ(X)] and is finally processed
by the SiLu activation function [represented by σ2(X)]. This
module performs a more cost-effective linear variation opera-
tion on the feature map compared with normal convolution.
However, we observe that partial features generated from
cheap operations may somewhat compromise their expressive-
ness and capacity. So, we add the CA-Block [represented by
fCA-Block(X)] to the parallel structure of this GhostConv mod-
ule to enhance the functionality of the extension, strengthen

Fig. 4. Structure of GCA module.

the semantic and positional information in the features, and
contribute to the capacity for feature fusion. Xout indicates
the enhanced feature obtained by multiplying [denoted as
Mul(X, Y )] the feature from the GhostConv extension with
the features from the CA-Block

Xout = Mul(σ2(ρ( fGhost(X))), fCA-Block(X)). (8)

The second GhostConv trims down the number of output
channels to match the input channels. This module captures
the long-range dependencies between pixels at different spatial
locations, which can reduce the number of channels while
improving the model’s representation. Finally, the feature map
Yout obtained in the previous step is combined with the residual
edges. The two parts are then merged into a complete feature
map using the Concat operation [represented by cat(X, Y )]

Yout = cat(ρ( fGhost(Xout)), X). (9)

The GCA module constructed in this article can reduce the
computational and parametric quantities of the network while
preserving the size of the original output and the channel size.
In the C2f structure built with the GCA module, the cross-stage
feature fusion strategy and the truncated gradient flow tech-
nique are used to increase the variability of the learned
features across different network layers, minimize the effect
of redundant gradient information, and improve the learning
capacity of the network. Due to the introduction of GhostConv
to replace a large number of 3 × 3 ordinary convolutions in the
original structure, the model size of the network is compressed,
which allows the model to be deployed on the mobile side and
makes it easier to realize the detection of pavement pothole.
In comparison to the previous bottleneck, the GCA module
allows for more informative details, improved recognition, and
better segmentation results. It also tends to be lightweight in
terms of computational cost and number of spatial parameters,
enabling us to outperform similarly lightweight competitors
with better performance and lower latency.

Authorized licensed use limited to: TONGJI UNIVERSITY. Downloaded on July 11,2026 at 08:16:43 UTC from IEEE Xplore.  Restrictions apply. 



22050 IEEE SENSORS JOURNAL, VOL. 24, NO. 14, 15 JULY 2024

Fig. 5. Structure of Optimized ProtoNet.

D. Optimized ProtoNet
ProtoNet is a structure in which YOLACT [30] generates

k sets of high-quality masks after the neck layer. Each detec-
tion head predicts k mask coefficients, bounding boxes, and
classes. These correspond to k different masks that are linearly
combined to assign compatible masks to each predicted object.
However, the network can only predict the shapes of k sets of
masks in an image without including positional information.
Therefore, to maintain the fast detection speed of the segmen-
tation task and preserve the single-stage detection style, this
article proposes an additional mask generation header and a
set of mask coefficient predictions in the segmentation header
module. This approach is inspired by YOLACT, which is
named Optimized ProtoNet.

Fig. 5 shows the Optimized ProtoNet, The original ProtoNet
uses only the P3 layer as input, which is a very convenient and
lightweight design, but the quality of the mask generated only
from the P3 feature layer needs to be further improved. Our
improved Optimized ProtoNet takes P3, P4, and P5 as inputs,
which can significantly enhance the feature richness. Each
branch, as shown in Fig. 5, undergoes multiple upsampling
operations of convolutional layers and feature fusion. It fuses
the three inputs by summing them by channel, and after
unifying them to the same number of channels, we use the
convolutional module for feature fusion as the final output.
Among the adjustments in the upsampling operation, we ana-
lyze several common methods. Interpolation and depooling
techniques struggle to provide additional meaningful informa-
tion to the feature mapping. Pixel shuffling, on the other hand,
requires an increase in the number of channels, resulting in
significant computational costs. Therefore, we opt to perform
upsampling using the inverse convolution operation

Fupsample(X) = F2
(
FConvTranspose(X)

)
(10)

Pout = F1

(
n∑

i=1

(
Fupsample

(
F1(Pi )

i))). (11)

As we introduced in Section III-B, the convolution module
is denoted by F1, Pi represents the input of P3, P4, and P5,
respectively, and Pout means the final output. The Optimized
ProtoNet has finer and higher quality feature extraction, which

Fig. 6. In the diagram of Soft-NMS, the red pseudocode represents the
original NMS and the green pseudocode represents Soft-NMS.

contributes to the quality of the final mask generation, but the
unavoidable aspect is the slight increase in parameters and
FLOPs.

E. Soft-NMS
NMS can eliminate highly redundant Bboxes and is a

significant part of the target detection pipeline. Due to the
irregular shape of potholes, we use the Soft-NMS in place
of the original NMS to avoid the low-quality bounding box
that affects the computation process, as shown in Fig. 6.
The original NMS algorithm categorizes the detection frames
based on their scores, selects the detection frame with the
highest scoring score, suppresses all other detection frames
that significantly overlap with it, and applies this process recur-
sively to the remaining frames. Instead of directly removing
the frames that have an IOU greater than a threshold with
the highest scoring frame, Soft-NMS reduces their confidence
levels so that more frames are retained, avoiding masking to
some extent. This is only one of the more subtle improvement
points in the article, but it can provide better results, and its
effectiveness can be found through subsequent experiments.

IV. EXPERIMENT

A. Preparation of Experiment
1) Datasets:
1) The UDTIRI dataset [31] offers various formats for the

road pothole detection task. The instance segmentation
task dataset contains images of potholes captured under
various lighting and road conditions. UDTIRI contains
potholes of various sizes, ranging from the smallest
pothole, which accounts for 0.3% of the image area,
to the largest pothole, which accounts for 92.0%. This
indicates that the pothole data can accurately represent
the pothole situation in most real-life scenes.

2) The COCO dataset is a large dataset that has been
widely used in the field of CV for tasks such as image
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captioning, object detection, and semantic segmentation.
The dataset includes more than 330 000 photographs and
1.5 million instances of objects, with 91 categories for
stuff and 80 different categories for items.

3) In this article, we used a handheld device to capture
photographs of a dataset for experimental validation.
This dataset is referred to as the pothole validation set.
The road section we photographed is an asphalt road
with a high volume of traffic, especially heavy trucks.
Over the years, due to both usage and exposure to the
natural environment, the road has deteriorated signif-
icantly. It is riddled with numerous potholes, cracks,
patches, and other signs of pavement deterioration. The
device is equipped with an industrial edge computing
unit. The CPU processor is an Intel i5-1240p with 16 GB
of memory. The sensor is equipped with two industrial
cameras that can collect real-time data from pits and
quickly process it using a CPU.

2) Experimental Parameter: We validated and analyzed
the proposed method, and the configurations are as fol-
lows: For the fairer experimental validation, we used Intel
Core i9-11900K, Ubuntu20.04 system, and NVIDIA RTX
3060 graphics card, based on CUDA version 11.4 and PyTorch
framework to build the proposed modeling approach, and we
scaled the training and validation image size of all the models
to 640 × 640. In experiments, we tuned the training parameters
of the LEPS. The batch size was set to 4, the momentum was
0.937, the momentum decay coefficient was 0.0005, the initial
learning rate was 0.01, and the number of iterations for all the
datasets was 300. The camera has 1.3 million pixels and a
resolution of 1280 × 1024.

3) Evaluation Criteria: We use AP0.5 and AP0.95
0.5 to evaluate

the performance of the algorithm, as the detection model per-
formance under different IoU thresholds is considered, which
allows for a more comprehensive evaluation of the model’s
detection and localization capabilities. In terms of measuring
model size, we also introduce FLOPs and parameters. FLOPs
is a measure of the computational complexity of a model
and can be used to compare the computational overhead of
different models. And FPS was added to evaluate the inference
time for better highlight our lightweightness.

B. Ablation Experiment
To validate the effectiveness of the new approach described

in this research, we conducted specific ablation experiments
in this study. The experimental findings are shown in Table I.

In this study, we designed ten control groups to conduct
ablation experiments and compared the performance of the
EADE module (represented by A), the GCA module (repre-
sented by B), Optimized ProtoNet (represented by C), and
Soft-NMS individually. We also evaluated the performance
of a combination of the three modules using Yolov8n as
the baseline model. When we integrated the GCA module
into the neck structure, we observed a reduction in model
parameters and computational complexity. This suggests that
the model achieved a 3% increase in mAP while also becom-
ing more lightweight. Soft-NMS enhancement worked as
expected, resulting in a slight improvement in the model’s

TABLE I
ABLATION STUDIES OF THREE IMPLEMENTS

TABLE II
COMPARISON OF DIFFERENT CONFIGURATIONS FOR GCA MODULE

Fig. 7. Left: performance of four modules: EADE (A), GCA (B),
Optimized ProtoNet (C), and Soft-NMS. These modules improve the
model on the URTIRI dataset from both box and mask perspectives.
Right: comparison of accuracy and parameter counts for different con-
figurations of the GCA module in the ablation experiments. It can be
visualized that CA-Block has the advantage in terms of accuracy and
parameters.

performance. The introduction of the EADE module and Opti-
mized ProtoNet modules increases the number of parameters
by only 0.1–0.3 M and FLOPs by only 1–2 G, yet results in
a consistent improvement in mAP. The Optimized ProtoNet,
designed for instance segmentation, not only improves mask
accuracy but also greatly enhances bounding box detection.
We infer that this improvement occurs because the prediction
of instance masks relies on the cropping operation performed
based on the associated bounding box. The computation of
the loss function for both is correlated, so the Optimized
ProtoNet improves the efficiency of mask detection while also
positively impacting bounding box detection. Experimental
groups 5–8 represent the experiments in which combina-
tions of the EADE module, GCA module, and Optimized
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Fig. 8. Left: performance of various models on the UDTIRI dataset across three dimensions: accuracy, computational complexity, and parameters.
Two graphs depict the impact on AP0.5 (B) and AP0.95

0.5 (M). Right: detection result of different models (including ground truth) on the UDTIRI and
COCO datasets.

ProtoNet are applied to the baseline. The detection results
show that the combination of any two or three improvement
points is superior to using only a single improvement point.
This observation confirms the complementary nature of the
aforementioned improvements and their synergistic effects.
Experimental group 10 represents our final model. It can be
observed that after incorporating all our improvements into
the baseline model, we achieved a 0.3 M reduction in the
number of parameters and a 2.1 G increase in FLOPs. As a
result, we obtained improvements of 9.3% in AP0.95

0.5 (BBox),
3.6% in AP0.5(BBox), 11.1% in AP0.95

0.5 (Mask), and 3.9% in
AP0.5(Mask).

We report the results of experiments using various modules
as GhostConv parallel structures during the GCA module
design process in Table II, and the data visualization analysis
diagram of the ablation experiment can be viewed in Fig. 7.
It has been found that the difference in the number of parame-
ters and FLOPs for these nine groups of experiments is almost
negligible, but the impact on accuracy is significant. Among
them, experimental group 1 used the GhostNetv1 version.
Experimental groups 2–4 used the GhostNetv2 version. Exper-
imental groups 5–7 were inserted with the Scconv module;
and experimental groups 8 and 9 had the CA-Block module
inserted, which performed the best. The ratio is denoted by r
in the table, which represents the channel drop multiplier of
the first fully connected channel and affects the effectiveness
of the module to some extent. We conducted a comparative
experiment using various ratio values to further demonstrate
the effectiveness of the fusion method. For DFL and Scconv,
this value has a significant impact and varies significantly
between them, but not for CA-Block, and it can be seen
that the change in the number of channels does not play a
substantial role in the CA-Block. We have selected the most
efficient modules from experiment 9 to act as the foundational
elements of the final GCA module. This selection ensured

TABLE III
COMPARISON WITH OTHER MODELS ON THE UDTIRI DATASET

the optimal balance between effectiveness and computational
requirements.

C. Comparative Experiment
To demonstrate the excellent performance of LEPS, we

design the comparative experiment on the UDTIRI dataset and
the public dataset COCO. Table III shows comparison of the
detection performance of our model with other models on the
UDTIRI dataset and Table IV shows comparison of the COCO
dataset. We compared it with many other models and achieved
competitive results. The chosen models are either classical or
SOTA models. For convenience and reproducibility, we con-
ducted experiments using the MMDetection framework. The
models, experimental parameters, and pretrained weights were
obtained from the official MMDetection repository. LEPS
demonstrates significant superiority on the UDTIRI dataset,
particularly in terms of mAP values. The scores for Mask
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TABLE IV
COMPARISON WITH OTHER MODELS ON THE COCO DATASET

TABLE V
EXPERIMENT ON THE POTHOLE VALIDATION SET

and BBox are 0.640 and 0.648, which are 17% and 20.7%
higher than those of the original model. Through the FPS,
we can compare the inference time of each model; the table
presents the values we obtained by doing the comparison test
on the same device, and our LEPS performance is just lower
than the SOTA model RTMDet_tiny and SparseInst, which
fully demonstrates the advantages we show in lightweight.
When comparing parameters and computational complexity,
we observe that other models have computational complexity
and parameter counts that are nearly dozens of times greater
than those of LEPS. Despite this, our proposed model still
maintains high performance on all the four indexes and out-
performs most models. We present the results of eight models
for comparison in Fig. 8.

Table IV shows the results of comparing our model
with other models on the COCO dataset. We compare our
model with recent excellent single-stage detectors and some
lightweight detectors. The results show that LEPS has the
fewest parameters and outperforms other transformer-based
detection models. In terms of accuracy, the AP0.95

0.5 of LEPS
outperforms other detection models of the same size in both
Bbox and Mask. The data in Table IV show that our LEPS per-
forms slightly lower than PVT-Tiny and Mask-RCN in terms
of AP0.5(BBox) only. As a detector for instance segmentation,
LEPS performs optimally among all the models in terms of
AP0.5(Mask). Overall, LEPS is the best detector for instance
segmentation among lightweight detectors, considering param-
eters, computational complexity, and detection accuracy.

We selected the best performing models on the UDTIRI
dataset for comparison, and Table V presents the experimental
results of potholes on pavements, which were photographed
using a handheld device. It can be observed that both
the models exhibit errors in detecting pothole features,
particularly when the shape varies from different angles.
However, when compared with Yolov5, LEPS demonstrates

Fig. 9. Examples of pothole validation set. (a) and (d) Ground truth.
(b) and (e) Before. (c) and (f) After.

higher performance in terms of AP0.5(Mask), AP0.95
0.5 (Mask),

AP0.5(BBox), and AP0.95
0.5 (BBox), with improvements of 7.1%,

0.48%, 5.6%, and 1%, respectively. This further validates the
overall effectiveness and applicability of the module to visual
sensors. Fig. 9 shows an example of the experimental results
for the pothole validation set.

V. CONCLUSION

In this article, we observe that commonly used deep learning
algorithms perform poorly in the task of pothole detection.
Although several SOTA methods can accomplish the task of
pothole detection, there is a need to optimize the robust-
ness and accuracy of the detection. For pothole features,
we proposed an efficient lightweight detector for instance
segmentation, which significantly improves the overall detec-
tion accuracy of both the pothole features and high-pixel
features while maintaining a lightweight design. In ablation
experiments, our proposed EADE module, GCA module, and
Optimized ProtoNet performed well in the pothole detec-
tion task, confirming the effectiveness of the algorithmic
enhancement. Extensive comparative experiments demonstrate
that our pothole detection network achieves high accuracy in
identifying potholes and also exhibits advantages in terms of
lightweight design. Notably, we have applied our algorithm
to a handheld shooting device and achieved promising exper-
imental results. This indicates that it is feasible to deploy our
model to the sensor. However, there is still room for improve-
ment in terms of lightweightness and robustness. In the future,
we will continue conducting further research based on the
model, while also considering the practical value of applying
this direction in real life. This will enable us to streamline the
model and make it easier to implement.
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