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Abstract

Deficiencies in road anomaly detection systems precipitate multifaceted risks, including
elevated collision probabilities from unidentified hazards, compromised traffic flow effi-
ciency, and exponential maintenance costs. Contemporary methods struggle with complex
road environments, dynamic viewing perspectives, and limited datasets. We present AVD-
YOLO, an enhanced YOLO variant that synergistically integrates Active Vision-Driven
(AVD) multi-scale feature extraction with Position Modulated Attention (PMA) mecha-
nisms. PMA addresses diminished target-background discriminability under variable
illumination and weather conditions by capturing long range spatial dependencies, enhanc-
ing weak-feature target detection. The AVD technique mitigates missed detections caused
by real-time viewing distance variations through adaptive multi-receptive field mecha-
nisms, maintaining conceptual target fixation while dynamically adjusting feature scales.
To address data scarcity, a comprehensive Multi-Class Road Anomaly Dataset (MCRAD)
comprising 14,208 annotated images across nine anomaly categories is constructed. Experi-
ments demonstrate that AVD-YOLO improves detection accuracy, achieving a 1.6% gain
in mAP@0.5 and a 2.9% improvement in Fl-score over baseline. These performance gains
indicate both more precise localization of abnormal objects and a better balance between
precision and recall, thereby enhancing the overall robustness of the detection model.

Keywords: road anomaly detection; mobile visual target; positional encoding; multi-scale

1. Introduction

Expanding transportation demand and unprecedented vehicle ownership growth
intensify road safety concerns, accelerating the need for automated anomaly detection [1].
With United Nations projections indicating that 68% of the global population will inhabit
urban areas by 2050, this rapid urbanization fundamentally amplifies traffic monitoring
challenges beyond traditional management capabilities [2]. World Health Organization
data reveals approximately 1.3 million annual fatalities from road traffic crashes, with road
anomalies serving as primary contributors [3]. High-speed urban roadways create condi-
tions where missing a single anomalous event can trigger cascading failures, threatening
road users’ safety while inducing congestion and throughput degradation [4]. Road anoma-
lies comprise diverse categories including construction debris, foreign objects, pedestrians,
fire, spills, infrastructure deterioration, and traffic incidents, collectively undermining traf-
fic flow and safety [5]. Postponement or inability to identify such anomalies not only poses
a threat to road users’ safety but also triggers secondary effects, including congestion and
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throughput loss. Conventional manual inspection strategies inevitably fall short in terms
of timeliness, coverage, and cost-effectiveness, underscoring the necessity for efficient and
precise automated anomaly detection systems as a cornerstone of modern road network
management [6,7].

Given these escalating challenges, current road anomaly detection methodologies fall
into two primary categories: traditional manual-based approaches and multi-sensor fusion
methods [8,9]. Traditional approaches encompass manual video surveillance interpretation,
periodic inspections, and fixed-route examinations. These methods depend heavily on
human intervention, suffering from subjective judgment, low efficiency, and insufficient
capacity for modern demands. As transportation infrastructure expands, these approaches
demonstrate excessive labor intensity, reduced operational efficiency, and increased sus-
ceptibility to missed detections. Such limitations render them progressively incapable of
satisfying the precision and efficiency requirements of modern intelligent transportation
systems [1]. Consequently, automated detection solutions based on multi-sensor integration
emerge as compelling alternatives.

Among these automated solutions, multi-purpose inspection vehicles equipped with
sensors such as GPS, cameras, laser profilometers, and ground-penetrating radar achieve
substantial enhancements in detection accuracy and efficiency [10]. These systems facili-
tate data acquisition under normal traffic flow conditions, eliminating disruptions typical
of conventional detection methods. During the early 21st century, numerous countries
developed specialized road defect detection vehicles, with some nations deploying noc-
turnal inspection vehicles to expand operational coverage [11]. Nevertheless, equipment
acquisition and maintenance costs constitute primary barriers to widespread adoption.
Budget constraints particularly affect rural road management authorities, resulting in
minimal coverage of advanced detection equipment [12]. While 3D sensor technology
excels at road surface morphology reconstruction and microscopic defect identification,
hardware costs and data processing complexity limit large-scale deployment feasibility.
This limitation compels researchers to pursue software-based solutions leveraging existing
surveillance infrastructure.

Deep learning-based computer vision algorithms achieve breakthrough progress in
road anomaly detection tasks. Object detection models employ end-to-end training strate-
gies that directly optimize the mapping relationship from input images to detection results
through backpropagation algorithms, circumventing the separated feature extraction and
classifier design processes inherent in traditional methods. Detection networks trained on
large-scale annotated datasets attain performance metrics comparable to human annota-
tion. DETR (DEtection TRansformer) [13] and YOLO (You Only Look Once) [14-17] series,
including YOLOV5 (Version 7.0) [14], YOLOvV8 (Version 8.0.0) [15], YOLOv10 [16], and
YOLOV11 (Version 11.0.0) [17], serve as predominant object detection architectures widely
deployed in road anomaly detection applications. DETR introduces Transformer architec-
ture to enable global modeling yet suffers from slow training convergence and substantial
computational resource consumption. YOLO series algorithms leverage single-stage de-
tection strategies to achieve inference speed advantages, while still confronting technical
challenges in weak feature target detection under complex backgrounds, multi-scale target
adaptation, and precise localization.

To address the limitations of existing road anomaly detection methods in handling
complex and dynamic road environments, adapting to real-time sight distance changes
caused by target motion, an Active Vision-Driven Multi-scale Feature Extraction method
for Enhanced Road Anomaly Detection (AVD-YOLO) is proposed. To cope with the scarcity
of relevant training data, a Multi-Class Road Anomaly Dataset (MCRAD) is constructed.
This research emphasizes dual objectives of hazard prevention and emergency response,
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enabling robust anomaly detection in dynamic traffic conditions. The experimental results
verify the effectiveness of the proposed method. The contributions of this paper can be
summarized as follows:

(1) Road environment complexities, including variations in light, weather, changing
road conditions, and insignificant features of abnormal objects, often reduce target-
background contrast, making accurate model perception and localization difficult. To
overcome these limitations, a Position-Modulated Attention (PMA) module is pro-
posed to efficiently capture long-range dependencies for precise localization, enhance
scene adaptation, and improve the detection of weak-feature targets.

(2) Inroad anomaly detection, dynamic changes in the size of the target to be detected in
the road scene due to the real-time view distance change caused by movement often
lead to missed detections or reduced localization accuracy. An Active Vision Driven
Multi-scale Feature Extraction (AVD) module is proposed, which performs multi-scale
feature extraction from multiple receptive fields by actively adjusting the viewing
distance while conceptually maintaining a fixed target position, thereby alleviating
the limitations inherent in single-scale methods.

(3) Considering the difficulty of road data collection, the scarcity of public datasets, and
the lack of clear anomaly classifications, MCRAD is constructed to define nine types of
road anomalies and provide sufficient training data, thereby enabling robust detection
within this defined scope.

The remainder of this paper is organized as follows. Section 2 reviews related work;
Section 3 describes the proposed method in detail; Section 4 presents comprehensive
experiments and result analysis; and Section 5 concludes this paper.

2. Related Work

The proliferation of deep learning in computer vision has catalyzed significant break-
throughs in automated road anomaly detection, shifting from manual inspection paradigms
to intelligent visual analysis systems. Contemporary research primarily focuses on adapting
general object detection frameworks to address the unique challenges of road monitoring,
including variable target scales, complex backgrounds, and real-time processing requirements.

The advancement of convolutional neural networks propels progress in computer
vision-based road anomaly detection technologies. Detection frameworks exemplified
by DETR and YOLO series garner substantial attention due to their distinctive advan-
tages. DETR pioneered the integration of Transformer architecture into object detection. It
implements an end-to-end detection paradigm without anchor frames or non-maximum
suppression, thereby improving detection scalability. To address the need for timely de-
tection of road traffic accidents, Srinivasan et al. [18] proposed a frame-by-frame accident
discrimination method based on DETR. Their approach fuses timing information through
sliding windows to enable early warning. Liu et al. [19] developed the MDFD2-DETR
model that enhances both efficiency and accuracy by reducing redundancy through multi-
domain feature decomposition and optimizing feature interactions via hybrid positional
encoding. It achieves superior performance compared to existing methods across multiple
datasets. Despite these advances, DETR-based methods suffer from several limitations.
These include slow convergence, high computational costs, strong data dependency, and
poor small-target detection. In contrast, the lightweight, single-stage YOLO series de-
livers superior real-time performance for road surveillance. Liu et al. [20] combined 3D
ground-penetrating radar with YOLO model to quickly identify internal defects of asphalt
pavement, significantly optimizing maintenance costs and environmental impact. Similarly,
Z.Yang et al. [21] proposed a lightweight PDNet by improving YOLO to achieve efficient
multi-scale detection of highway pavement defects. For region-specific applications, Shuvo



Information 2025, 16, 1064

40f18

et al. [22] developed an exclusive traffic sign dataset for Bangladeshi roads. They also
proposed a YOLO-based framework for both sign detection and recognition. Pei et al. [23]
designed YOLO-RDD specifically for slender defects such as cracks. Their method em-
ploys feature fusion, dynamic convolution, and cross-layer attention mechanisms, which
significantly improve recognition performance for multi-scale and morphological features.
These studies collectively demonstrate the YOLO series” advantages in speed, real-time
performance, and multi-scene adaptability, efficiently supporting practical road anomaly
detection and traffic management. Nevertheless, YOLO methods still face challenges in de-
tecting weak-featured targets in complex backgrounds, adapting to dynamic size changes,
and achieving high-precision localization.

To better solve these limitations, researchers have suggested numerous methodological
innovations in network architecture design, spatial position encoding, and multi-scale fea-
ture fusion. These innovations particularly focus on enhancing model perception abilities
for weak-feature targets in cluttered environments. Excellent progress has been achieved
in core technologies such as attention mechanisms, positional encoding strategies, and
multi-scale representation learning. Transformer designs [24] have revolutionized spatial
context modeling through self-attention mechanisms, where positional encoding techniques
provide critical spatial information to compensate for the permutation-invariant nature
of attention operations. However, standard Transformer implementations treat positional
information as static additive inputs. This approach limits their adaptability to complex
spatial dependency patterns across diverse vision tasks. Swin Transformer [25] mitigates
computational complexity by employing local window-based attention mechanisms. Nev-
ertheless, this architectural design trades off global receptive fields and may compromise
the modeling of long-range dependencies. To further enhance model performance for more
intricate situations like road anomaly detection, it is critical to design more flexible and
effective spatial positional encoding mechanisms. These mechanisms need to dynamically
capture spatial distances and correlations between features and efficiently combine global
contextual information. This enables the model to accurately resolve local ambiguities and
reliably identify targets with low contrast, small objects, or heavily occluded targets, hence
greatly boosting model’s discriminative power and adaptability in different environments.

In road anomaly detection missions, the spatial distribution and scale of targets are
highly variable, requiring methods to capture spatial relationships and handle multiple
scales simultaneously. Spatial Pyramid Pooling (SPP) series modules have been exten-
sively adopted as classical solutions for multi-scale feature extraction in object detection
frameworks. However, comprehensive evaluation of existing SPP variants reveals signif-
icant shortcomings in road anomaly detection applications. The initial SPP developed
by He et al. [26] applies parallel pooling kernels of variable sizes to obtain multi-scale
features and generate fixed-length feature vectors, effectively addressing input dimension
constraints in convolutional neural networks. Nevertheless, this approach demonstrates
high computational complexity and limited adaptability to dynamic scale variations due
to predetermined pooling dimensions. The SPPF module introduced in YOLOVS5 [14]
enhances computational efficiency through serial concatenations of multiple max-pooling
layers, achieving approximately twofold acceleration in processing speed. However, its ex-
clusive reliance on max-pooling operations tends to discard critical contextual information
when handling targets with ambiguous boundaries, such as road surface irregularities or
scattered debris. Similarly, the SPPCSPC architecture presented by Wang et al. [27] reduces
computation cost with cross-stage partial connections but restricts adaptive multi-scale
processing capability with fixed feature splitting ratios.

Deep learning-based road anomaly detection methods demonstrate significant ap-
plication value in enhancing road safety management, yet existing approaches encounter
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technical bottlenecks in weak feature target detection under complex road backgrounds,
dynamic scale variation adaptation, and real-time performance requirements. Among these
developments, the YOLO series has emerged as the predominant choice for road surveil-
lance scenarios due to its efficient single-stage detection, exhibiting unique advantages in
balancing speed and accuracy. This paper proposes AVD-YOLO, an algorithm optimized
for road anomaly detection tasks, constructing a more efficient road anomaly detection
method tailored to the practical requirements of road monitoring systems.

3. Methodology

AVD-YOLO represents an enhanced variant of the YOLO architecture specifically
optimized for road anomaly detection. The innovation of AVD-YOLO lies in two modules:
PMA, which enhances detection of weakly characterized targets by improving target-
background discrimination and localization in complex environments, and AVD, which
addresses scale variations due to varying distances between targets and the camera through
adaptive multi-receptive fields, reducing missed small-target detections common in single-
scale methods.

3.1. AVD-YOLO Backbone Network

The backbone network of AVD-YOLO, tasked with initial feature extraction, is en-
gineered to augment its representational power through the integration of two pivotal
modules: PMA and AVD. To accommodate diverse road monitoring scenarios, AVD-YOLO
processes input images from multiple sources including fixed surveillance cameras at
intersections and highways, vehicle-mounted cameras from patrol and regular vehicles,
and mobile devices used for incident documentation. All input images are preprocessed to
640 x 640 resolution with RGB channels for consistent processing. This multi-source ap-
proach ensures comprehensive coverage of road anomalies from various perspectives and
viewing angles. The overall AVD-YOLO architecture comprises three primary components:
the backbone network, the neck network, and the detection head.

As shown in Figure 1, AVD-YOLO extracts hierarchical features using a backbone
network of CBS, C3, PMA, and AVD modules, followed by multi-scale fusion in the neck
and final prediction by the detection head. PMA reweights attention with a Manhattan
distance-based spatial decay matrix to improve global perception and long-range depen-
dency modeling, enhancing detection of weak-featured targets in challenging conditions.
The AVD module performs active multi-scale feature extraction across multiple receptive
fields to handle scale variations due to varying distances between targets and the camera,
reducing missed small target detections.

3.2. Position-Modulated Attention

Dynamic changes in road conditions, combined with low target-background contrast,
are major challenges to strong perception and correct localization in detection systems.
Conventional convolutional operations, limited by local receptive fields, often fail to capture
critical discriminative cues dispersed in global context or distant regions. Unlike the self-
attention mechanism in DETR that operates on learned object queries for end-to-end
detection, PMA is specifically designed to enhance feature extraction within grid-based
detection frameworks like YOLO. PMA operates on individual frames, enhancing spatial
feature extraction within single images rather than processing temporal sequences or
tracking objects across frames.
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Figure 1. AVD-YOLO architecture.

The proposed PMA architecture brings forth a distance-based attention decay mecha-
nism, extending this principle to spatial dimensions by applying Manhattan distance in
the computation of decay weights. This mechanism captures planar distances within 2D
images, enabling the model to handle objects at various scales and positions within a single
frame. This enables each token to simultaneously consider feature similarity and relative
spatial proximity as explicit priors during self-attention calculation. By leveraging a spatial
decay matrix, PMA adaptively modulates attention allocation and assigns context-sensitive
weights based on spatial separation, thereby enhancing the model’s ability to extract spatial
structures and synthesize long-range dependencies while maintaining computational effi-
ciency. Such an approach natively integrates spatial relations into the attention mechanism,
facilitating a more comprehensive representation of spatial context that is particularly
instrumental for road anomaly detection tasks, in which spatial coherence and positional
information are essential to precise and accurate target identification. The structural details
of the PMA module are depicted in Figure 2.

T T I I_\T ________________ RN
/ 1 el
: DWConv — & |Relpos2d' :
| et ;
S ey ),

T — N R tNetAtt - |
i W N T |
! > 1
\\\ \ ,l
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Figure 2. Position-Modulated Attention structure.

Within the overall architecture of the PMA module, the input feature map X <

REXHXW js processed in multiple parallel branches, incorporating convolutional layers,

Two-Dimensional Relative Position Encoding (RelPos2d) [28], and a Positional Modulator
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(PM). Outputs from all branches are concatenated along the channel dimension and subse-
quently fused through a convolutional layer to produce a new feature map X” € R H*W,
which serves as input for the succeeding layers in the backbone network.

To realize dynamic modeling of spatial dependencies, the PMA module consists
mainly of two subcomponents: RelPos2d and PM. For each token in the input feature map,
RelPos2d first computes its absolute coordinates in the two-dimensional space, (x;,y;). The
pairwise Euclidean distance d; ; = ‘ ‘ (xi, yi) — (xj, yj) \ \p between tokens is then calculated

to construct a distance matrix D € RN *N. This matrix is subsequently mapped by a
learnable embedding function f,,,;, into a parameterized relative position embedding
matrix E;; = femb(di,/)/ which is utilized to modulate the attention weights. Moreover, a
bidirectional decay mechanism is introduced, applying exponential decay to distant tokens
to achieve region-weighted attention within the self-attention paradigm.

The PM leverages the decay embedding matrix produced by RelPos2d to dynamically
modulate attention weights as a function of token-to-token spatial distance. This enables
the model to effectively capture local spatial features while preserving global contextual
information. Specifically, for tokens n and m with coordinates (x, y,) and (X, Ym ) respec-
tively, the one-dimensional spatial decay matrices based on Manhattan distance, denoted
as DI, and D)V, are defined as follows:

D = 70! (1)
Dipyy = 7y @)

where 7 is a learnable decay base (0 < v < 1) that controls the decay rate. Different attention
heads correspond to different values of -y to realize multi-scale information capture. Then
the query (Q), key (K) and value (V) matrices are computed as

Q= X'Wq,K = X'Wg,V = X'Wy ©)

where X’ denotes the input X that has been processed by Layer Normalization (LN),
X' = LN(X), and Wq, Wk, and Wy are learnable linear projection matrices.

Next, the spatial attention in the decomposed form is computed by calculating the
attention scores along the width Attny; and the height Attny, respectively, and applying
the attenuation, which is denoted by Attny and Attny:

T
Attny = Softmax(%%) o DY (4)

Attny = Softmax(?}%) ®DH (5)

where dj is the dimension of the key vector and ©® denotes the element-by-element multi-
plication (Hadamard product).
VW = AtthV (6)

PMAtn(X) = AttngViy (7)

The final decomposed attention mechanism models 2D spatial interactions through
a sequential two-stage feature aggregation process. It initially performs a weighted sum-
mation along the width dimension, utilizing width-dependent spatial decay attention
weights, followed by an additional weighting of the intermediate output along the height
dimension, guided by height-dependent spatial decay attention weights. This strategy
effectively reduces computational complexity while maintaining critical spatial relation-
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ships. To further strengthen local feature expressiveness, we introduce Local Enhancement
Positional Encoding (LEPE), which applies a 5 x 5 depth-wise separable convolution [29]
(DWConv) to the linearly transformed value matrix V. The larger convolutional kernel
facilitates the extraction of richer local contextual information, enabling the module to
attend to fine-grained details while retaining global context. Denote LEPE as the local
enhancement positional encoding operator. The locally enhanced representation of V is
formulated as

LEPE(V) = DWConusy5(V) (8)

where V represents the input value matrix and DWConvs 5 denotes the depthwise separa-
ble convolution operation with a 5 x 5 kernel.

Within the PMA architecture, the attention output is combined with LEPE through
residual connections and a Feed-Forward Network (FFN). The input features Xj, to
the PM component undergo depth-wise separable convolution with positional encod-
ing DWConvys(), which preserves information integrity while facilitating identity map-
ping to enhance training stability. Wy represents the final learnable output projection
matrix of the attention module, and X;,,; denotes the output of this component within
PM. The complete PMA module produces the final output X” € RE2*H*W through the
following formulation:

Xpos = Xin + DWCO”Upos(Xin) )
Xout = Xpos + DropPath(Wo (PMAttn (LN7 (Xpos)) + LEPE(V))) (10)
X finat = Xout + DropPath(FFN(LN2(Xout))) (11)

FEN consists of two linear layers and activation functions, while LN and DropPath
denote layer normalization and regularization. In PMA, the C3 module’s two-branch
structure is preserved with the main branch Bottleneck replaced by PM, thereby retaining
CSP’s efficient feature extraction and introducing long-range dependency modeling to
enhance feature representation in complex spatial scenarios.

3.3. Active Vision Driven Multi-Scale Feature Extraction

To facilitate effective multi-scale feature extraction, this work formulates an AVD mod-
ule that dynamically shapes the perceptual field through multi receptive field processing
for comprehensive feature representation. From an input feature map X € RE*H*W where
C denotes the number of input channels, and H, W represent spatial dimensions, the AVD
module processes features through three parallel pathways. The first branch employs 1 x 1
convolution to maintain the original feature dimensions while preserving spatial details.
The second branch integrates 3 x 3 convolution with dual pooling mechanisms to balance
feature saliency and spatial consistency within medium receptive fields. The third branch
utilizes 5 x 5 convolution followed by three sequential AvgPooling operations to progres-
sively expand the receptive field and aggregate large-scale contextual information. This
multi-branch architecture enhances feature representation richness through parallel pro-
cessing and improves model robustness by leveraging complementary effects of different
kernel sizes and heterogeneous pooling strategies, thereby achieving more comprehensive
multi-scale feature capture.

Figure 3 presents the structure of Active Vision Driven Multi-scale Feature Extraction.
During feature fusion, multi-scale feature maps are concatenated along the channel dimen-
sion and subsequently processed by a 1 x 1 convolution, enabling adaptive integration of
cross-channel information through learnable weights at each spatial location. The resulting

RC’><H><W

feature map, Y € , where C’ denotes the number of output channels, encapsulates
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both fine-grained local details and extensive contextual information, thus providing a
robust foundation for downstream detection tasks.

N\
—> »| MaxPool
\
1x1Conv g
— N —
P \ g
3 > »| MaxPool Add »| Concat > §
= 3x3Conv =
= Ix1Conv| =
\ AvgPool =
R |
AY
—> AvgPool —>| AvgPool | | > AvgPool -
5x5Conv

Figure 3. Active Vision Driven Multi-scale Feature Extraction structure.

4. Experimental Results and Analysis

The effectiveness of AVD-YOLO for road anomaly detection is evaluated on the
MCRAD. Experimental settings and evaluation metrics are presented, with quantitative
comparison to mainstream algorithms and qualitative analysis via visualization. Ablation
studies further assess the impact of key modules on performance.

4.1. Dataset

A major challenge in road anomaly detection is the scarcity of real-world data, as
anomalous events are rare and unpredictable, making large-scale collection difficult. Man-
ual labeling is costly, and privacy concerns often restrict data release. As a result, existing
datasets are small, lack scenario diversity, and have category imbalance.

Although some studies utilize domain-specific datasets for road anomaly detection,
publicly available collections remain notably limited. For instance, the Road Anomaly
dataset [30] offers an image compilation focused on hazardous road scenarios, comprising
60 uniformly sized images that depict various perils vehicles might encounter, such as
animals, rocks, lost tires, trash cans, and construction equipment. Focusing specifically on
pavement integrity, RDD-2020 [31] constitutes a large-scale, heterogeneous dataset of road
surface defects, containing 26,336 images that document over 31,000 instances of pavement
damage, classified into four principal categories: longitudinal cracks, transverse cracks,
alligator cracks, and potholes. However, current datasets target single anomaly types,
leaving a comprehensive road anomaly dataset unavailable.

The main challenges in road anomaly detection include the ambiguous definition of
anomaly types and the absence of unified standards. These issues impede standardized
dataset construction and hinder fair comparison of detection methods. Based on systematic
analysis of road safety risks, traffic management needs, and relevant research, nine major
road anomaly categories are defined in this study, with their sample distribution and
comprehensive descriptions detailed in Table 1.

This research establishes a specialized road anomaly detection dataset comprising
16,244 annotated images across nine distinct categories: construct, matter, person, fire, spill,
bad state, illicit vehicle, animal (e.g., pigs, sheep, cows, etc.) and traffic accident. The
dataset incorporates images from heterogeneous sources to reflect authentic road monitor-
ing conditions, including stationary traffic cameras, onboard vehicular recording systems,
and handheld devices used by traffic personnel. This diversity in image acquisition sources
provides varying perspectives, resolutions, and environmental conditions, ensuring the
dataset encompasses the spectrum of real-world road scenarios, ranging from wide-angle
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highway views to detailed close-up captures of specific incidents. All images are meticu-
lously annotated with bounding boxes using the open-source Labellmg tool in accordance
with object detection requirements, with each anomaly category manually delineated and
subjected to dual review by Professionals. For irregular or diffusive anomalies such as spill
and fire, bounding boxes are appropriately expanded to encompass ambiguous regions,
thereby enhancing the model’s capacity to detect amorphous targets. For small and easily
occluded objects such as person and illicit vehicles, each instance is individually anno-
tated to strictly prevent omissions, ensuring comprehensive and precise target labeling.
The dataset is partitioned into training and validation sets with an 80:20 split to ensure
rigorous experimental standards and robust generalization assessment. The annotation
format adheres to the conventional YOLO-series specification, where each target instance is
encoded as “class id, center X, center y, width, height” with normalized coordinates relative
to image dimensions.

Table 1. Number of samples and detailed definitions for each category in the dataset.

Style Sample Size Definition and Typical Scenarios
Construct 572 Temporary construction zones 1nclu'dmg warning signs, and workers
in safety gear (reflective vests, helmets)
Matter 484 Foreign objects on road surface such as ff’ﬂ.len tFees, rocks, and other
obstacles that pose collision risks
Person 1081 pedestrians in unauthorized road a.reas where their presence poses
safety risks
. Fire-related incidents including vehicle combustion, roadside fires, and
Fire 1173 e e
smoke that affect visibility
Scattered items and materials on road surface including plastic bags,
Spill 1471 tires, packaging materials, and other dispersed objects that affect
driving safety
Bad state 1140 Road infrastructure damage such as potholes, cracks, and
collapsed sections
Ilicit vehicles 1283 Non-motorized and unauthorized vehicles in dangerous or restricted

road areas, particularly tricycles and bicycles

Animal

Animals on roadway, particularly those frequently appearing on
4349 highways including pigs, cattle, sheep, horses, dogs, and other
livestock or domestic animals that create collision hazards

Traffic accident

2655 Vehicle collision incidents including crashes and overturned vehicles

Total

14,208

As demonstrated in Figure 4, which presents representative annotation samples from
all nine categories, the center coordinates (x, y) and dimensional parameters (width, height)
of each bounding box are normalized to the [0, 1] range relative to the image dimensions.
Each image corresponds to an annotation file containing line-by-line records of all bounding
boxes. As illustrated in Figure 4, we present representative annotation examples encom-
passing all nine categories. Specifically, (a) displays bounding boxes for construct and
person; (b) includes matter, person, and illicit vehicles; (c) shows annotated regions for
fire; (d) contains annotations for traffic accident and person; (e) shows traffic accident and
person; (f) incorporates traffic accident, person, illicit vehicles, and spill; (g) highlights bad
state; (h) involves person and illicit vehicles; and (i) presents annotations for animal and
traffic accident. These examples clearly demonstrate the diversity and precision of the
annotation strategy adopted in this work. These annotations comprehensively encompass
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all nine major anomaly categories within the dataset, effectively demonstrating the clarity
and accuracy of bounding box delineation across diverse classes and complex scenarios.

The standardized annotation protocol provides robust data support for precise anomaly
detection and reliable differentiation among multiple categories.

Figure 4. Annotation examples for nine categories. (a) construct and person; (b) matter, person,
and illicit vehicles; (c) fire; (d) traffic accident and person; (e) traffic accident and person; (f) traffic
accident, person, illicit vehicles, and spill; (g) bad state; (h) person and illicit vehicles; (i) animal and
traffic accident.

4.2. Experimental Environment and Evaluating Indicator

All the experiments are conducted on a computing server equipped with an Intel Xeon
Gold 5218 CPU (2.30GHz) and an NVIDIA A100 GPU (40GB graphics memory), with the
operating system Ubuntu 18.04.5 LTS. The training parameter configuration is presented in
Table 2, where SGD (Stochastic Gradient Descent) is employed as the optimizer.

Table 2. Training parameter settings.

Parameter Value
epochs 200
batch size 4
imgsz 640 x 640
weight decay 0.0005
learning rate 0.01
momentum 0.937
weight decay 0.0005

warmup epochs 3.0
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MCRAD is constructed to serve as the empirical foundation for the investigations
presented. Standard object detection metrics are used to evaluate model performance,
including Precision (P), Recall (R), F1-Score (F;), and mean Average Precision (mAP). P
reflects prediction accuracy, R reflects detection completeness, and F; provides a measure of
the balance between the two. The mAP calculated under the commonly used IoU threshold
of 0.5 is mainly reported as the core performance metric. Comprehensive analysis of these
metrics provides an in-depth and objective evaluation of model effectiveness for road
anomaly detection. The formulas for Precision, Recall, and F; are as follows:

TP

P=—
TP+ FP (12)
TP
R_TP+FN (13)
2x P xR
F="""-=
! P+R (14)

where TP, FP, and FN represent the number of True Positives, False Positives, and False
Negatives, respectively. AP is defined as the Average Precision for a single class. mAP is
calculated by averaging the AP over all C classes, with C being the total number of classes.
The specific formula is provided as follows.

1
AP = /0 P(R)dR (15)
C ap
mAP =Y Aéj ! (16)

i=1

4.3. Comparisons with Representative Methods

To demonstrate the effectiveness of the proposed method, it is evaluated against
mainstream detection models using the constructed MCRAD. Detection performance
is assessed to compare the methods. The baseline models involved in the comparison
include YOLOVS5 [14], YOLOvS [15], YOLOv10 [16], RT-DETR [18], and YOLOL11 [17]. All
experiments follow a unified training strategy and evaluation criteria, using AP mean,
precision, recall, F1 score, and frames per second (FPS), which measures the number
of images the model can process per second, as metrics. As shown in Table 3, AVD-
YOLO achieves the best performance across all key metrics. Specifically, AVD-YOLO's
mAP@0.5 reaches 98.2%, which is an improvement of 1.6% compared to the optimal results
among all baseline models. Its precision rate reaches 96.2%, which is 2.8% higher than
the highest precision rate in the baseline model. In road safety applications, high recall is
particularly crucial as it indicates a lower miss rate, which is vital for preventing traffic
accidents. AVD-YOLO achieves a recall rate of 96.5%, which is 2.9% higher than the best
baseline model, thereby substantially reducing the risk of missing critical road anomalies.
The comprehensive evaluation metric F; score also reaches an optimal 96.3%, which is
2.9% higher than the highest F; score in the baseline model. Experimental comparisons
demonstrate that while AVD-YOLO significantly outperforms representative methods
in detection performance, it involves moderately increased computational requirements.
AVD-YOLO contains 108.8 M parameters and requires 65.1 GFLOPs for inference. Despite
this increased model complexity, the method maintains real-time capability with 54.14 FPS,
meeting practical deployment requirements [32].
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Table 3. Comparison of examination results of each model.
Methods P/% R/% mAP@0.5/% F1/% FPS
Yolov5 [14] 93.4% 93.6% 96.6% 93.4% 117.08
Yolov8 [15] 91.8% 88.6% 93.5% 90.2% 90.61
Yolov10 [16] 93.4% 90.6% 95.8% 92.0% 62.25
RT-DETR [18] 90.6% 91.1% 92.9% 90.8% 46.32
Yolo11 [17] 90.1% 87.8% 93.3% 88.9% 78.68
Proposed 96.2% 96.5% 98.2% 96.3% 54.14

Notably, compared with the Transformer-based representative model RT-DETR, the
mAP @ 0.5 of AVD-YOLO is increased by 5.3%, showing a significant advantage in the
current dataset and tasks. These quantitative results clearly show that on the MCRAD con-
taining nine classes of complex road anomaly events, the AVD-YOLO model has significant
advantages in terms of detection accuracy, target detection completeness, and the balance
between the two compared to the existing mainstream methods, which verifies that the
proposed method can handle the anomaly detection task in complex road scenarios more
effectively. Notably, mAP@0.5 for AVD-YOLO is 5.3% higher than for the Transformer-
based RT-DETR, demonstrating a clear advantage on the current dataset and tasks. These
results show that on MCRAD with nine classes of complex anomalies, AVD-YOLO achieves
superior accuracy, detection completeness, and balance compared to mainstream methods,
confirming its effectiveness for complex road anomaly detection.

4.4. Comparison and Analysis of Visualization Results

AVD-YOLO is qualitatively compared with leading methods on the MCRAD, as shown
in Figure 5, using representative scenarios such as small-target foreign object detection,
pedestrian detection in complex environments, traffic accident detection, and multi-target
hybrid cases.

The performance comparison of different methods in detecting pedestrians, construc-
tion signs, and road surface foreign objects within multi-object coexistence scenarios is
presented in Figure 5(al-a4). In such scenarios, the targets are usually presented in small
and medium sizes and often have similar color characteristics with the roadside environ-
ment, which increases the difficulty of detection, and the comparative analysis shows
that AVD-YOLO significantly outperforms the comparative methods in multi-category
detection. Figure 5(b1-b4) present the performance differences in the methods in detecting
larger foreign objects such as fallen trees on the road. In this case, despite the large size
of the foreign object, its irregular shape and high degree of integration with the natural
environment pose a challenge for accurate recognition. The results show that AVD-YOLO
accurately detects both tree trunks and pedestrians, demonstrating superior scene under-
standing. In contrast, YOLOv5 and YOLOv11 show significant instability in foreign object
detection, while YOLOv10 can detect foreign objects but with significantly low confidence.
Figure 5(c1-c4) demonstrate the detection results of pedestrian interaction scenarios in
an ordinary road environment. Such scenes are mainly characterized by a large number
of targets and partial occlusion, which puts higher requirements on the robustness of the
detector. Figure 5(d1-d4) illustrate the performance differences in various methods in
detecting roadside explosions. By analyzing the detection and identification results of
complex targets such as the explosion core and flame obtained by different methods, the
robustness of the model in such extreme, highly dynamic, and strong visual interference sce-
narios can be evaluated. The anomaly detection performance of the methods in the tunnel
environment is demonstrated in Figure 5(el—e4). The main challenges of the tunnel scenario
are uneven lighting conditions and low contrast, which tend to affect the recognition accu-
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racy of small targets. Figure 5(f1-f4) present scenes with severely damaged road surfaces,
and the performance of different models varies in such large-area, texture-feature-based
anomaly detection tasks. Notably, AVD-YOLO achieves the highest detection confidence
and more accurately localizes major damaged areas compared to other methods. The
challenging nature of detecting violating vehicles in scenes with similar target-background
color characteristics and partial occlusion is demonstrated in Figure 5(g1-g4), which show
the detection results for such a composite scene. Comparative analysis demonstrates
AVD-YOLO'’s capability to effectively detect offending vehicles while concurrently yielding
superior bounding box localization and enhanced class confidence scores. Figure 5(h1-h4)
demonstrate a complex scene where a traffic accident occurs, containing multiple abnormal
targets with diverse target categories and complex factors such as large size change and
partial occlusion.

4.5. Ablation Study

To evaluate the individual and combined contributions of the proposed PMA and
AVD modules, a series of ablation experiments are conducted. Using YOLO as the baseline,
PMA and AVD are sequentially integrated while maintaining consistent training settings.
Table 4 compares detailed experimental configurations and performance metrics.

Table 4. Ablation analysis of AVD-YOLO.

Methods PMA AVD P/% R/% mAP50/% F]
Yolovb 93.4% 93.6% 96.6% 93.4%
A Vv 95.4% 96.4% 97.9% 95.9%
B Vv 94.8% 94.8% 97.5% 94.8%
C v v 96.2% 96.5% 98.2% 96.3%

The symbol "y/" indicates that the corresponding module is included.

The experimental results clearly demonstrate the effectiveness of each module. With
the PMA module introduced alone, mAP@0.5 increases by 1.3 percentage points to 97.9%,
and precision, recall, and F1 score are also improved. This indicates that PMA enhances
the model’s ability to discriminate targets in complex contexts by improving long-range
dependency capture and global context awareness, which is particularly beneficial for
detecting small or weakly characterized targets. Secondly, integrating the AVD module
alone brings improvements in all metrics compared to the baseline model, mAP@0.5
growing from 96.6% to 97.5%, with improvements in precision, recall and F1. This study
preliminarily confirms that AVD improves the extraction and fusion of multi-scale features
by fixing the target location and adaptively adjusting the receptive field.
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YOLOvVS YOLOvV10 YOLOvI11 Proposed

’ bad__stﬁlte 0.95%
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(h1) (h2) (h3) (h4)

Figure 5. Visualization comparison with other mainstream methods. (al-a4) multi-object coexistence
scenarios with pedestrians, construction signs, and road surface foreign objects; (b1-b4) detection
of large foreign objects; (c1-c4) pedestrian interaction scenarios with multiple targets and partial
occlusion; (d1-d4) roadside explosion detection; (e1-e4) anomaly detection in tunnel environments;
(f1-£4) severely damaged road surface detection; (g1-g4) violating vehicles detection; (h1-h4) complex
traffic accident scene with multiple anomaly targets.
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5. Conclusions

To address challenges posed by complex dynamic scenes, variable viewing distances,
and limited data, an Active Vision Driven Multi-scale Feature Extraction for Enhanced Road
Anomaly Detection method (AVD-YOLO) is proposed, and a Multi-Class Road Anomaly
Dataset (MCRAD) is constructed. A Position-Modulated Attention (PMA) module is
developed to enhance detection of weak-feature targets in complex backgrounds, while
an Active Vision Driven Multi-scale Feature Extraction (AVD) module is introduced to
mitigate scale variations due to varying distances between targets and the camera by
adaptively adjusting receptive fields, thus reducing missed detections and localization
errors. Experimental results show that a mean Average Precision (mAP) of 98.2% is achieved
on the MCRAD across nine anomaly categories, surpassing most existing methods.

Although the proposed method demonstrates superior performance, the improvement
in detection accuracy comes at the cost of increased computational complexity. In future
work, lightweight model architectures and pruning techniques will be explored to enhance
deployment flexibility in resource-constrained scenarios.
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YOLO You Only Look Once

MCRAD Multi-Class Road Anomaly Dataset

RelPos2d Two-Dimensional Relative Position Encoding
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