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Abstract

Northern Chinese rock art images are characterized by abstract structures, significant
morphological variation, blurred carving traces, and complex background textures. These
factors pose substantial challenges to automatic detection and classification. To address
these issues, this study develops an improved object detection model, termed YOLOv8-
ODConv, based on the YOLOv8 framework for rock art image recognition. The proposed
model integrates Omni-Dimensional Dynamic Convolution (ODConv) into the key layers
of the Backbone and Neck. This design enables convolution kernels to adapt dynamically
across spatial, channel, and kernel dimensions, thereby enhancing the representation of
complex carving structures, fine-grained local differences, and multi-scale features. A
dedicated dataset of Northern Chinese rock art images is constructed, including three repre-
sentative categories: Anthropomorphic_Face, Deer, and Human_Horse. To improve model
robustness under challenging visual conditions, multiple data augmentation strategies
are applied, including brightness variation, noise perturbation, and geometric transfor-
mations. Experimental results demonstrate that YOLOv8-ODConv outperforms SSD,
YOLOv5, YOLOv8, and YOLOv8–Backbone–ODConv across multiple evaluation metrics.
The proposed model achieves an F1-score of 95.0%, Recall of 89.3%, mAP@0.5 of 98.9%,
mAP@0.5–0.95 of 84.6%, and an inference speed of 89.7 FPS. Confusion matrix analysis and
visual detection results further confirm that the model effectively distinguishes typical rock
art categories and maintains stable performance in complex backgrounds and fine-grained
recognition tasks. These findings indicate that YOLOv8-ODConv provides an effective
technical approach for the digital documentation, automatic recognition, and intelligent
analysis of rock art cultural heritage.

Keywords: rock art image recognition; YOLOv8; omni-dimensional dynamic convolution
(ODConv); fine-grained feature extraction; cultural heritage image analysis

1. Introduction
Rock art is an important form of early human visual expression, widely distributed

across the world. It records prehistoric human activities, social organization, belief systems,
and perceptions of the natural environment. Compared with other archaeological remains,
rock art preserves intuitive visual representations of animals, human figures, behavioral
scenes, and symbolic motifs. It therefore holds irreplaceable value in archaeology, anthro-
pology, art history, and cultural heritage studies. In recent years, research on rock art has
gradually expanded from traditional image description, typological classification, and
cultural interpretation to digital documentation, image analysis, and intelligent recognition.

Appl. Sci. 2026, 16, 5522 https://doi.org/10.3390/app16115522

https://crossmark.crossref.org/dialog?doi=10.3390/app16115522&domain=pdf&date_stamp=2026-06-02
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0001-9971-9696
https://doi.org/10.3390/app16115522


Appl. Sci. 2026, 16, 5522 2 of 29

Improving the efficiency of data organization and the depth of analysis through modern
technologies has become a key research focus in this field [1–3].

China possesses abundant rock art resources, which are commonly categorized into
Northern, Southwestern, and Southeastern regional systems. Northern Chinese rock art is
mainly distributed in Inner Mongolia, Ningxia, Gansu, and Xinjiang. Its themes include
animals, hunting, herding, anthropomorphic faces, and composite scenes, reflecting the
relationship between humans, animals, and social activities in a pastoral economy [4–6].
In terms of visual representation, Northern rock art is typically created through carving
and engraving, forming linear structures with abstract, symbolic, and stylized charac-
teristics. For instance, the Deer category often exhibits relatively stable morphological
patterns, whereas Anthropomorphic_Face images show greater structural variability and
symbolic meaning [7,8].

Rock art images generally exhibit low contrast and incomplete structural information,
which resembles challenges encountered in low-contrast object detection tasks. Previous
studies have shown that weathering significantly affects the surface structure and spectral
characteristics of stone cultural heritage. Different environmental conditions lead to varying
degradation patterns, resulting in texture loss and weakened structural features [9]. Under
such conditions, blurred boundaries and reduced feature saliency make it difficult for con-
ventional methods to extract stable and discriminative representations, thereby degrading
detection performance. In addition, relying on single-scale features is insufficient to capture
the full extent of target information. Effective modeling requires the integration of local
details and global contextual features to strengthen structural and boundary representation.
Therefore, achieving multi-level feature fusion and enhancing key feature representation
under low-contrast and complex background conditions remain fundamental challenges in
computer vision [10,11].

These characteristics introduce significant difficulties for automatic detection and
classification of Northern rock art images. On one hand, inter-class differences are subtle,
and discriminative information is often localized in fine structural details. On the other
hand, intra-class variation is high due to stylistic diversity and different preservation
conditions. This problem is highly consistent with fine-grained visual recognition tasks,
where small inter-class variation and large intra-class variation increase the complexity of
feature modeling. Previous studies have shown that traditional methods struggle to capture
such subtle differences, which significantly increases the difficulty of recognition [12].

In recent years, deep learning has achieved remarkable success in object detection and
image classification. The YOLO (You Only Look Once) series, as a representative one-stage
detection framework, offers a favorable balance between accuracy and efficiency and has
been widely applied in industrial inspection, agricultural analysis, and remote sensing [13].
Studies have shown that incorporating attention mechanisms, improving feature fusion
strategies, or optimizing detection heads can further enhance the performance of YOLOv8
in complex tasks [14]. However, for rock art images with abstract structures, discontinuous
carving traces, and strong background interference, fixed convolution kernels are insuffi-
cient to adapt to diverse visual patterns across samples. Dynamic convolution provides a
promising solution for modeling complex visual features. In particular, Omni-Dimensional
Dynamic Convolution (ODConv) enables adaptive modulation of convolutional responses
across multiple dimensions, including spatial, channel, and kernel dimensions. This al-
lows the network to generate more task-specific feature representations based on input
characteristics [15–17]. Previous studies have demonstrated the effectiveness of ODConv
in tasks such as crack detection, crop disease recognition, and small object detection, espe-
cially in scenarios involving complex backgrounds, multi-scale targets, and fine-grained
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variations [18]. These properties align well with the challenges of rock art images, which
exhibit diverse carving structures, subtle local features, and complex background noise.

Based on the above analysis, this study focuses on Northern Chinese rock art im-
ages and selects three representative categories: Deer, Human_Horse, and Anthropomor-
phic_Face. The Deer category represents typical animal motifs, Human_Horse reflects
composite relationships between humans and animals, and Anthropomorphic_Face em-
bodies abstract symbolic expressions. These categories differ significantly in structural
complexity, visual representation, and cultural meaning, making them suitable for evaluat-
ing key challenges in rock art recognition. To address these challenges, this study develops
a YOLOv8-ODConv model by integrating ODConv into the YOLOv8 framework. Data
augmentation strategies are also introduced to improve model robustness under diverse
acquisition conditions and visual variations.

Unlike conventional visual tasks such as industrial inspection or natural image recog-
nition, Northern rock art images exhibit highly abstract symbolic structures, discontinuous
carving patterns, and significant weathering degradation. As a result, discriminative in-
formation often appears as weak local structural cues that do not consistently align with
global semantic representations. Under such conditions, fixed convolution kernels fail to
produce stable responses across different samples, limiting the ability to model key carving
structures. Although dynamic convolution has been applied in tasks such as crack detection
and small object recognition, these scenarios typically involve relatively continuous or
regular textures. In contrast, rock art images represent highly abstract symbolic visual
structures, where discriminative features are sparsely distributed and structurally complex.
Therefore, developing adaptive feature modeling methods for such irregular visual patterns
remains an open research problem.

The main contributions of this study are summarized as follows:

1. To address discontinuous carving lines, abstract symbols, and subtle inter-class dif-
ferences in Northern rock art images, we propose a dynamic feature enhancement
algorithm based on YOLOv8. Differing from prior dynamic convolution applications
in regular, continuous textures, the method embeds Omni-Dimensional Dynamic
Convolution (ODConv) into key Backbone and Neck layers. This enables adaptive
operations across spatial, channel, and kernel dimensions, overcoming static convo-
lution limitations and extending dynamic convolution to highly abstract symbolic
visual structures.

2. A dedicated dataset for Northern rock art recognition was constructed, consisting of
three categories: Deer, Human_Horse, and Anthropomorphic_Face. Data augmen-
tation techniques such as brightness adjustment, noise simulation, and geometric
transformations were applied to improve model robustness under varying illumina-
tion, image noise, and structural degradation.

3. Baseline models including SSD, YOLOv5, YOLOv8, and YOLOv8–Backbone–ODConv
were used for comparison experiments. Evaluation metrics included F1-score, Recall,
mean Average Precision, and FPS. Experimental results demonstrate that YOLOv8-
ODConv achieves superior recognition accuracy, stability, and adaptability on complex
cultural heritage images.

2. Related Work
2.1. Rock Art Research and Digital Development

Rock art research has long been grounded in archaeological and anthropological
approaches. Early studies primarily focused on typological classification, regional distribu-
tion, and the interpretation of cultural meanings. For Northern Chinese rock art, previous
work has systematically examined its typology and chronology, providing comprehensive
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insights into its developmental stages and spatial patterns [4,5]. At the same time, research
on specific themes has become increasingly detailed. Analyses of animal motifs, anthro-
pomorphic faces, and composite scenes have not only revealed the evolving relationships
between humans and animals but also reflected changes in social structures and belief
systems across different historical periods [6]. At a more refined level, studies on stylized
deer images and anthropomorphic representations further highlight the complexity and
diversity of rock art in terms of morphological composition and symbolic expression [7,8].

With the advancement of research, traditional methods based on manual observa-
tion and expert judgment have shown clear limitations, particularly in large-scale data
organization and fine-grained analysis. In recent years, international research has increas-
ingly emphasized methodological transformation. On one hand, studies have pointed out
that traditional archaeological approaches tend to be subjective and lack reproducibility
when dealing with complex visual information [1]. On the other hand, the integration
of physicochemical analysis and digital technologies has provided new pathways for the
documentation, preservation, and analysis of rock art [2]. Building on these develop-
ments, some studies have begun to introduce machine learning techniques into rock art
image recognition and classification, demonstrating the potential of intelligent analysis in
this field [3].

Overall, rock art research is transitioning from a traditional paradigm dominated
by qualitative analysis to a data-driven framework that integrates digital processing and
intelligent analysis. This shift not only improves the efficiency of data organization and
analysis but also lays an important foundation for the application of deep learning methods
in automatic rock art recognition.

2.2. Cultural Heritage Image Recognition

With the rapid advancement of computer vision, deep learning methods have been
increasingly applied to the recognition and analysis of cultural heritage images, providing
new technical approaches for traditional image studies. In practical applications, exist-
ing research has incorporated attention mechanisms to model traditional print images,
significantly improving the recognition of fine textures and key structural features [13].
In architectural heritage analysis, object detection methods that combine YOLOv8 with
attention mechanisms have been used to automatically extract complex structural features,
achieving high detection accuracy and robustness [14]. In addition, for traditional decora-
tive image recognition tasks, object detection–based frameworks have also demonstrated
effectiveness in both classification and localization of cultural images [19].

From the perspective of research objects, most existing methods are applied to cul-
tural heritage images with relatively clear textures and regular structural patterns, such
as prints, architectural components, and decorative motifs. These images typically exhibit
well-defined boundaries and stable structures, which facilitate feature learning and cate-
gory discrimination in deep learning models. From a visual analysis standpoint, cultural
heritage images often present fine-grained characteristics, where inter-class differences are
subtle, while intra-class variations arise from differences in scale, pose, and preservation
conditions. Previous studies have pointed out that such images can be regarded as typical
fine-grained visual objects, whose recognition relies on precise modeling of local structures
and subtle variations [20].

In contrast, rock art images exhibit stronger abstraction and symbolic representation.
Their carving structures are closely intertwined with natural rock-surface textures and are
continuously affected by weathering processes. These characteristics introduce significant
uncertainty in terms of contrast, structural completeness, and background complexity,
thereby increasing the difficulty of automatic recognition. As a result, research on au-
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tomatic recognition of rock art, as a special type of cultural heritage imagery, remains
relatively limited. Existing methods still show deficiencies in handling complex back-
grounds and modeling fine-grained structural features, indicating the need for further
systematic investigation.

2.3. YOLOv8 and Dynamic Convolution Improvements

As one of the mainstream one-stage object detection frameworks, YOLOv8 achieves a
favorable balance between detection accuracy and inference efficiency. It has been widely
applied in various complex visual tasks. To meet different application requirements,
researchers often enhance the model by introducing attention mechanisms, optimizing
feature fusion structures, or improving detection head design.

In practical applications, related studies in road damage detection have addressed
challenges such as elongated crack structures, low contrast, and complex background inter-
ference. By integrating ODConv and attention mechanisms into the YOLOv8 framework,
along with improved feature extraction networks and loss functions, these approaches
achieve precise crack detection. Experimental results show that such methods signifi-
cantly improve detection performance in complex traffic scenarios, demonstrating the
effectiveness of dynamic convolution in modeling fine-grained structures under challeng-
ing visual conditions [15,21].

In small object detection tasks, targets are typically small and weakly represented,
making them highly susceptible to background noise. To address this issue, studies in
infrared small object detection have introduced feature enhancement modules and region
attention mechanisms. These techniques strengthen the response to weak features and
suppress background interference, thereby improving detection accuracy and recall [22].
This challenge is similar to rock art images, where carving structures are small, low in
contrast, and easily confused with background textures.

Dynamic convolution has also shown strong potential in agricultural vision tasks. For
example, by incorporating ODConv into the YOLOv8 framework along with lightweight
feature extraction networks and improved loss functions, researchers have achieved high-
accuracy recognition of strawberry maturity stages, with notable improvements in mAP,
Precision, and Recall [16,17,23]. Similarly, in industrial inspection tasks, ODConv combined
with lightweight backbone networks and multi-scale feature enhancement has improved
detection accuracy and recall for elongated structures such as anomalous pipelines, while
maintaining real-time performance with reduced model complexity [18,24]. These studies
indicate that dynamic convolution is well suited for tasks involving complex backgrounds,
multi-scale structures, and fine-grained differences.

From a methodological perspective, dynamic convolution has emerged as an impor-
tant approach for enhancing model representation capability. Unlike traditional static
convolution, it adaptively adjusts kernel weights based on input features, enabling more
targeted feature responses under varying visual conditions. This mechanism has been
applied to diverse scenarios. For instance, in wood surface defect detection, dynamic
convolution captures irregular texture patterns and improves recognition of subtle defects.
In dynamic environments such as sports object detection, its adaptive nature enhances
robustness under complex backgrounds. Moreover, in cultural heritage digitization and
image analysis, related approaches have begun to incorporate dynamic convolution to
improve modeling of complex structures and textures [25–27].

It is important to note that most existing applications of dynamic convolution focus on
visual tasks with relatively continuous structures or stable texture patterns, such as indus-
trial defect detection and agricultural recognition. In these scenarios, targets usually exhibit
clear boundaries or repetitive structures. In contrast, rock art images are closer to symbolic
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representations rather than natural textures. Their carving patterns are often discontinuous,
partially missing, and uneven in scale. As a result, the applicability and effectiveness of
dynamic convolution in such highly abstract visual objects remain insufficiently explored.
This gap forms the main motivation of the present study.

2.4. Summary of Current Research and Problem Formulation

Although considerable progress has been made in rock art research and the digital-
ization of cultural heritage images in recent years, several key challenges remain in the
automatic detection and classification of Northern Chinese rock art images.

From the perspective of research paradigms, existing studies are still largely grounded
in archaeological and art historical approaches, with a strong emphasis on descriptive
analysis. There is a lack of structured analytical frameworks and automated processing
methods designed for large-scale image data. While some efforts have expanded into digital
archiving, 3D reconstruction, and image processing, most remain limited to single visual
dimensions or local feature analysis. A systematic methodology capable of supporting
complex semantic modeling and category discrimination has yet to be established. In
addition, traditional computer vision methods often rely on background modeling and
foreground detection, using statistical features to separate targets. However, in scenarios
with complex backgrounds, weak target features, and subtle structural differences, these
approaches struggle to extract stable and discriminative representations, which limits
their effectiveness [28].

From a technical application perspective, deep learning has been gradually introduced
into the field of cultural heritage image analysis. However, its applicability to rock art, as
a unique image type, remains insufficiently validated. Existing studies based on object
detection models such as YOLO primarily focus on scenarios with clear structures and
well-defined boundaries. In contrast, Northern rock art images typically exhibit subtle inter-
class differences, high compositional similarity, and significant variation in preservation
conditions. These factors pose challenges to the generalization ability and stability of
models in such complex visual environments.

From a model design standpoint, most existing improvements focus on enhancing
attention mechanisms or optimizing feature fusion structures, with an emphasis on general
performance gains. There is a lack of task-driven design tailored to specific image charac-
teristics. In the case of Northern rock art, visual representations are highly abstract and
symbolic. Category discrimination often relies on local carving shapes and structural rela-
tionships. These features exhibit strong variability across samples, which further increases
the difficulty of feature modeling.

At the application level, variations in data distribution and the presence of noisy
samples also have a significant impact on detection performance. Previous studies have
shown that traditional object detection models are typically developed under the assump-
tion of static data distributions. Their performance tends to degrade when confronted
with noisy samples, class imbalance, or dynamic data streams. In addition, label noise
has become an important issue in image classification and recognition tasks. Existing
methods attempt to address this problem by incorporating multi-view feature learning
and graph-based propagation to correct noisy labels, thereby improving model robustness.
However, these approaches mainly focus on data and label optimization, while offering
limited improvements in the representation of complex visual features [29].

Based on the above analysis, there is a clear need for an automatic recognition method
that can adapt to complex visual patterns and provide strong feature representation capabil-
ities. To this end, this study focuses on Northern Chinese rock art images and proposes a tar-
geted improvement to object detection models. By considering the inherent characteristics
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of rock art—such as high abstraction, structural diversity, and complex backgrounds—the
proposed approach aims to enhance recognition performance and applicability in complex
cultural image scenarios.

3. Materials and Methods
3.1. Dataset Construction and Preprocessing
3.1.1. Image Acquisition and Category Definition

Due to the lack of publicly available benchmark datasets for Northern Chinese rock
art, this study constructs a dedicated dataset for rock art image detection and classification.
The dataset contains 330 images in total, which are categorized into three representative
classes based on visual themes: Anthropomorphic_Face, Deer, and Human_Horse. Table 1
provides representative example images for each category.

Table 1. Representative examples of Northern Chinese rock art image categories.

Rock Art Category Example Images

Anthropomorphic_Face

          

Deer

      

Human_Horse

                

The images were primarily sourced from authoritative atlases and academic publi-
cations on Northern Chinese rock art, such as Complete Works of Chinese Art: Rock Art
and Engraving Prints [30,31]. Research personnel with a background in arts and design
manually extracted and categorized the images to ensure data validity. No additional
transformations or modifications were applied, preserving the original appearance of the
collected images. The selected images are highly representative in terms of subject matter,
stylistic characteristics, and carving techniques, providing a comprehensive overview of
the visual features and category distinctions of Northern Chinese rock art.

It is important to note that the acquisition of cultural heritage image data is subject to
multiple practical constraints. On one hand, rock art is a non-renewable historical resource,
and most sites are located in remote areas. Field data collection is therefore limited by
geographical conditions, conservation regulations, and imaging constraints. On the other
hand, publicly available resources are scarce, and images from different sources often vary
significantly in resolution, viewpoint, and illumination conditions. As a result, it is difficult
to construct a large-scale and standardized dataset. Consequently, rock art image studies
generally face the challenge of limited sample size.
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3.1.2. Image Preprocessing and Data Augmentation

Due to the limited availability of rock art samples and the inconsistency of acquisition
conditions, the original dataset is insufficient in both scale and diversity for training deep
learning models. To improve generalization and robustness, multiple data augmentation
strategies are applied to expand the dataset. Data augmentation not only alleviates the
problem of insufficient samples but also enhances the model’s adaptability to complex
environments by simulating various visual disturbances, such as illumination variation,
noise perturbation, and structural degradation.

Previous studies have demonstrated that well-designed augmentation strategies and
their combinations can significantly improve the performance of object detection models
in complex scenarios [32]. In addition, data augmentation methods based on generative
models can further enhance robustness under high-noise conditions, thereby narrowing
the performance gap between deep learning models and human perception in challenging
environments [33]. Under complex background conditions, combining image prepro-
cessing with background suppression techniques can effectively reduce irrelevant texture
interference and improve detection accuracy and stability [34].

To enhance the generalization capability of the dataset, four image augmentation
methods—Image Darkening, Image Brightening, Salt-and-Pepper Noise, and Rotation—
were applied to the collected images, resulting in a final dataset of 710 images. After
augmentation, the numbers of samples in the Anthropomorphic_Face, Deer, and Hu-
man_Horse categories were expanded to 222, 196, and 292, respectively. The training,
validation, and test sets were then randomly divided with a ratio of 7:2:1.

It should be emphasized that data augmentation is not only used to increase dataset
size but also to simulate various visual disturbances that may occur during real-world
acquisition and preservation of rock art images. These include illumination changes, noise
interference, and structural degradation. By introducing diverse augmentation strategies,
the model is encouraged to learn more robust and discriminative feature representations.
The specific augmentation methods are described as follows.

1. Image Darkening

This operation reduces the overall brightness of the image to simulate low-light or
underexposed conditions. It is implemented through a linear intensity transformation by
scaling and shifting pixel values, thereby decreasing the overall grayscale intensity [35].
In practical scenarios, rock art images are often affected by environmental conditions,
weathering, and differences in imaging devices, resulting in insufficient brightness or
low contrast. Applying darkening augmentation helps improve the model’s ability to
recognize structural features under low-light conditions. Previous studies have shown
that image enhancement techniques in low-illumination and low-contrast environments
can effectively improve target visibility and strengthen feature representation, thereby
enhancing detection performance [36].

The transformation is defined as:

Idarkened = clip
(

α · Ioriginal + β
)

(1)

Here, Ioriginal denotes the pixel values of the input image, and Idarkened represents the
pixel values after the darkening operation. The parameter α is the brightness scaling factor;
when α < 1, it linearly compresses the overall intensity and reduces image brightness. The
parameter β is the brightness offset, which shifts pixel values globally and is typically
set to a non-positive value to further enhance the darkening effect. The function clip
constrains pixel values within a valid range (e.g., [0, 255]). In this study, α = 0.6 and β = 0
are used to uniformly reduce image brightness while preserving structural information.
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This augmentation effectively simulates low-light conditions and improves the model’s
robustness in recognizing carving structures and local details.

2. Image Brightening

This operation increases the overall brightness of the image to simulate overexposure
or high-illumination conditions. It is also implemented through a linear intensity transfor-
mation by scaling and shifting pixel values, thereby increasing the overall intensity level.
In practical data acquisition, rock art images are often affected by strong outdoor lighting,
surface reflections, and camera parameter settings, which may lead to excessive brightness
or local overexposure.

The transformation is defined as:

Ibrightened = clip
(

α · Ioriginal + β
)

(2)

Here, Ioriginal denotes the pixel values of the input image, and Ibrightened represents the
pixel values after the brightening operation. The parameter α is the brightness scaling factor;
when α > 1, it amplifies pixel intensities and increases overall brightness. The parameter β is
the brightness offset, which shifts pixel values globally and is typically set to a non-negative
value to further enhance brightness. The function clip constrains pixel values within a valid
range (e.g., [0, 255]). In this study, α = 1.5 and β = 0 are used to simulate high-illumination
or overexposed conditions while avoiding excessive distortion of structural information.
This augmentation improves the model’s stability and adaptability in recognizing rock art
patterns and carving structures under bright lighting conditions.

3. Salt-and-Pepper Noise

This augmentation introduces random impulse noise to simulate pixel-level corruption
during image acquisition, storage, or transmission. Salt-and-pepper noise is a typical
form of discrete noise, characterized by randomly distributed high-intensity (salt) and low-
intensity (pepper) pixels. In rock art images, such noise may arise due to surface weathering,
uneven carving, and variations in imaging conditions, often appearing as isolated pixel
artifacts in local regions. Incorporating this augmentation enhances the model’s tolerance
to local pixel anomalies and reduces the impact of noise on detection performance [37].

The transformation is defined as:

x(n, m) =


S with probability ps,

P with probability pp,

f (n, m) with probability 1 − ps − pp

(3)

Here, f (n, m) denotes the pixel value of the original image at location (n, m), and
x(n, m) represents the pixel value after adding salt-and-pepper noise. The indices n ∈ [1, N]
and m ∈ [1, M], where N and M denote the image dimensions. S represents the maximum
pixel value corresponding to salt noise (typically white), and P represents the minimum
pixel value corresponding to pepper noise (typically black). The parameters ps and pp

denote the probabilities of salt noise and pepper noise, respectively. In this study, ps = 0.05
and pp = 0.05, meaning that approximately 5% of the pixels are randomly replaced with
high-intensity values (white noise), and another 5% are replaced with low-intensity values
(black noise). This augmentation effectively simulates local pixel anomalies caused by
weathering damage, discontinuous carving, and imaging interference in rock art images,
thereby improving the model’s robustness to noise.

These augmentation strategies not only expand the dataset size but also simulate
complex environmental conditions, such as varying illumination, local noise, and structural
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degradation. This design helps the model to learn robust feature representations and
mitigates the potential overfitting risks associated with the limited original dataset.

4. Rotation

This augmentation applies a geometric transformation to rotate the image by a cer-
tain angle, simulating orientation deviations caused by camera tilt or improper device
positioning during image acquisition or scanning. While preserving the original pat-
terns and structural information, this operation changes only the spatial orientation of
the image, thereby improving the model’s adaptability to different viewing angles. In the
digital acquisition of rock art images, factors such as field conditions, equipment setup,
and data archiving often introduce rotation deviations. To simulate such conditions, a
two-dimensional rotation transformation centered at the image center is adopted.

The transformation is defined as:{
x′ = (x − x0)cos θ − (y − y0)sin θ + x0

y′ = (x − x0)sin θ + (y − y0)cos θ + y0
(4)

Here, (x,y) denotes the original pixel coordinates, and (x′,y′) represents the coordinates
after rotation. (x0,y0) is the center of the image, and θ is the rotation angle. In this study, to
preserve the main patterns and key carving lines, a random rotation angle θ ∈ [−15◦, 15◦]
is applied. This setting simulates real-world conditions such as camera tilt during field
acquisition and misalignment during scanning. By incorporating this augmentation, the
model’s dependence on fixed orientations is reduced. As a result, it achieves more stable
recognition of rock art shapes, patterns, and carving features under varying viewing angles,
and its generalization ability is improved (Table 2).

Table 2. Data augmentation methods.

Original Image Darkening Brightening Salt-and-Pepper Noise Rotation

           

       

         

Under the above data constraints, data augmentation serves not only to increase
sample size but also to enhance model generalization. By simulating illumination variation,
noise perturbation, and geometric transformations, the model learns more robust feature
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representations. This strategy helps compensate for the limited scale of the original dataset
and has proven effective in small-sample visual tasks.

3.2. Key Techniques and Model Construction
3.2.1. Applicability of YOLOv8 in Rock Art Image Analysis

YOLOv8 is a high-performance one-stage object detection model proposed in recent
years. It achieves a strong balance between detection accuracy and computational efficiency
and has been widely validated in tasks such as industrial defect detection, agricultural
recognition, and complex scene analysis. Its end-to-end feature learning capability, together
with efficient multi-scale feature fusion, allows the model to extract discriminative semantic
information directly from raw images without relying on handcrafted features. This makes
YOLOv8 a suitable baseline model for Northern Chinese rock art recognition. Given the
visual characteristics of rock art images—abstract structures, diverse forms, and complex
backgrounds—YOLOv8 can extract multi-scale features ranging from low-level textures to
high-level semantics through deep convolutional layers. This provides a solid foundation
for the automatic recognition of different categories, including Anthropomorphic_Face,
Deer, and Human_Horse. Without relying on prior rules, the model can learn carving
structures, contour relationships, and local symbolic features directly from data, thereby
improving the level of automation in the recognition process.

Structurally, YOLOv8 consists of three main components: the Backbone, the Neck,
and the Head, as illustrated in Figure 1. The Backbone is built on CBS (Conv–BatchNorm–
SiLU) modules and C2f modules, which enhance information flow through cross-layer
connections and hierarchical feature extraction. This design also helps mitigate gradient
degradation in deep networks. In addition, the SPPF (Spatial Pyramid Pooling Fast)
module expands the receptive field, improving the model’s ability to capture targets at
different scales. This is particularly important for rock art images, where object scales
vary significantly.

Figure 1. YOLOv8 network architecture model. Adapted from Ji et al. [13].

In the feature fusion stage, YOLOv8 adopts a feature pyramid–based multi-scale
fusion strategy. Through upsampling and feature concatenation, features from different
levels are effectively integrated. This enables the model to capture both fine-grained local
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details and global semantic information. Such a mechanism is crucial for distinguishing
rock art categories that share similar global structures but differ in subtle local features.

In the detection head, YOLOv8 employs a decoupled design that separates classifica-
tion and bounding box regression tasks, reducing feature interference in multi-task learning.
The model also adopts an anchor-free detection paradigm, combined with a Task-Aligned
Assigner and Distribution Focal Loss, which further improves localization accuracy and
training stability.

Despite its strong performance in many complex visual tasks, YOLOv8 still faces
limitations when applied to Northern rock art images. On one hand, rock art images
often contain blurred carvings, discontinuous boundaries, and strong background interfer-
ence, making it difficult to extract stable features. On the other hand, different categories
share similar overall structures, while discriminative information is concentrated in local
regions. This places higher demands on feature representation. Under such conditions,
feature extraction based on fixed convolution kernels struggles to adapt to highly variable
visual patterns.

Based on this analysis, it is necessary to introduce a mechanism that can adaptively
adjust feature responses within the YOLOv8 framework. To address this, the present
study incorporates Omni-Dimensional Dynamic Convolution (ODConv) into the model.
This enhancement improves the modeling of complex carving structures and fine-grained
differences, thereby increasing overall detection performance and robustness in rock art
image analysis.

3.2.2. Omni-Dimensional Dynamic Convolution (ODConv)

Omni-Dimensional Dynamic Convolution (ODConv) is a dynamic convolution
method based on a multi-dimensional attention mechanism. Its core idea is to overcome
the limitation of fixed convolution kernel parameters by introducing input-dependent
weight modulation, enabling adaptive adjustment of convolution kernels across multiple
dimensions. Unlike conventional dynamic convolution methods that focus only on the
kernel-number dimension, ODConv jointly models the spatial dimension, input channel di-
mension, output channel dimension, and kernel dimension. This design allows the model to
learn richer and more complementary feature representations. ODConv can be directly used
as a replacement for standard convolution in various neural network architectures, signifi-
cantly improving feature representation while maintaining computational efficiency [38].

Northern Chinese rock art images are characterized by subtle inter-class differences,
significant variation in preservation conditions, and complex carving structures. Traditional
static convolution, with fixed kernel weights, cannot effectively adapt to variations in
pattern structure, carving morphology, and weathering conditions within a unified feature
extraction framework. To enhance fine-grained feature modeling, this study incorporates
ODConv into the YOLOv8 framework by replacing standard convolution layers in both the
Backbone and Neck. This enables convolution kernels to dynamically adjust across spatial,
channel, and kernel dimensions.

Compared with earlier dynamic convolution methods such as CondConv and Dy-
Conv, which mainly focus on kernel-level dynamic selection, ODConv employs a four-
dimensional parallel attention mechanism. This allows convolutional layers to generate
adaptive responses based on the input image content and contextual information, resulting
in more discriminative feature representations in complex visual scenarios.

The core of ODConv lies in introducing four types of complementary attention to
the convolution kernel. All four attention branches are jointly optimized during end-to-
end training through backpropagation, enabling the model to adaptively learn content-
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dependent feature responses without manual weight assignment. The mechanisms are
described as follows:

1. Spatial Attention (αsi)

Spatial attention assigns adaptive weights to the spatial positions of the convolution
kernel, enhancing the model’s ability to focus on critical local structures. Let a single-branch
convolution kernel be denoted as wm

i ∈ Rk×k×cin , and the spatial attention weights as
αsi ∈ Rk×k×1, which are dynamically learned from the input features, as shown in Figure 2a.
Through a broadcasting mechanism, the attention weights are multiplied element-wise
with the convolution kernel to obtain the spatially weighted kernel:

W(s)
i = αsi ⊙ wm

i (5)

Figure 2. Schematic diagram of convolutional kernel attention modulation across different di-
mensions: (a) spatial-dimension attention modulation; (b) input-channel attention modulation;
(c) output-channel attention modulation; and (d) kernel-number attention modulation. Adapted
from Li. C et al. [38].

After the operation, the feature dimension remains Rk×k×cin . This enables the convo-
lution to focus more on informative regions while suppressing responses from irrelevant
spatial locations. As a result, the model can adaptively select appropriate convolutional
kernel combinations based on the overall content of rock art images, thereby enhancing
feature representation without increasing network depth.

2. Input Channel Attention (αci)

Input channel attention assigns adaptive weights to the input channel dimension of
the convolution kernel. This mechanism strengthens informative feature channels while
suppressing redundant or noisy ones. Let a single-branch convolution kernel be denoted
as wm

i ∈ Rk×k×cin , and the input channel attention weights as αci ∈ R1×1×cin , which
are dynamically generated from the input features, as illustrated in Figure 2b. Through
a broadcasting mechanism, the attention weights are multiplied element-wise with the
convolution kernel to obtain the channel-weighted kernel:

W(c)
i = αci ⊙ wm

i (6)

After the operation, the feature dimension remains Rk×k×cin . This improves the
model’s ability to select and represent informative feature channels. For rock art images
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with severe color degradation, this mechanism can adaptively enhance channels that retain
weak color information while suppressing channels dominated by noise.

3. Output Channel Attention (Filter Attention, α f i)

Output channel attention assigns adaptive weights to the output channel (filter) dimen-
sion of the convolution kernel, thereby improving the model’s ability to select high-level
semantic features. Let the full convolution kernel be denoted as Wi ∈ Rcout×cin×k×k, and
the output channel attention weights as α f i ∈ Rcout×1×1×1, which are dynamically learned
from the input features, as shown in Figure 2c. Through a broadcasting mechanism, the
attention weights are multiplied element-wise with the convolution kernel to obtain the
filter-weighted kernel:

W( f )
i = α f i ⊙ Wi (7)

After the operation, the dimension remains Rcout×cin×k×k, which enhances the response
of discriminative output channels. This mechanism helps distinguish between shared low-
level textures across rock art categories (e.g., weathering patterns) and high-level semantic
features that are more discriminative (e.g., deer antler contours or facial ornaments).

4. Kernel Attention (αw)

Kernel attention performs global adaptive weighting over multiple parallel expert
convolution kernels to obtain an optimal kernel combination for different inputs. Assume
there are n expert kernels {W1, W2, . . . , Wn}. The kernel attention weights αw ∈ Rn are
learned through global average pooling followed by fully connected layers and normalized
using a Softmax function, as illustrated in Figure 2d. By computing the weighted sum of
these expert kernels, the final dynamic convolution kernel is obtained:

K = ∑n
i=1 αw,i · Wi (8)

This mechanism expands the feature representation space without increasing network
depth and improves the model’s adaptability to complex inputs. It is particularly effective
for capturing the local continuity of discontinuous carving lines in rock art images. It
strengthens the response along carving edges while suppressing irrelevant features from
smooth rock surface regions.

The four types of attention are broadcast to match the dimensions of the expert
convolution kernels. They are then combined through element-wise multiplication and
weighted summation to produce a content-adaptive dynamic convolution kernel:

K = ∑n
i=1 αw,i ·

(
α f i ⊙ αci ⊙ αsi ⊙ Wi

)
(9)

Compared with conventional dynamic convolution methods that mainly enhance
features in continuous textures or regular structures, ODConv introduces attention mod-
ulation across multiple dimensions. This enables more flexible feature responses under
complex visual conditions. This property is particularly important for rock art images.
On one hand, carving patterns often appear as discontinuous linear structures, which
require strong local adaptability in the spatial domain. On the other hand, discriminative
cues between categories rely on subtle structural differences, such as angle variations and
branching patterns. This requires fine-grained feature selection at the channel and kernel
levels. By adaptively modulating feature responses across multiple dimensions, ODConv
is well suited for rock art images, which exhibit highly abstract and structurally unstable
visual characteristics.
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3.2.3. YOLOv8-ODConv Network Architecture and Integration Strategy

Based on the original YOLOv8 architecture and considering the visual characteristics of
Northern rock art images—abstract structures, diverse forms, and complex backgrounds—
this study develops an improved model termed YOLOv8-ODConv (see Figure 3). The
overall architecture consists of three components: Backbone, Neck, and Head. ODConv
modules are introduced at key stages of feature extraction and fusion to enhance the
modeling of complex carving structures and fine-grained feature differences.

Figure 3. YOLOv8-ODConv network architecture model. Adapted from Bai. L et al. [23].

In the Backbone stage, the model follows the hierarchical feature extraction design
of YOLOv8. It extracts multi-scale features, ranging from low-level textures to high-level
semantics, through a feature pyramid structure. Unlike the original YOLOv8, which re-
lies on standard convolution, ODConv modules are embedded into selected convolution
layers from stages P1 to P5 (as highlighted in red in Figure 3), and are combined with
C2f blocks. This design preserves the lightweight nature of the network while introduc-
ing input-dependent dynamic convolution. As a result, convolution kernel weights are
adaptively adjusted according to feature content, improving the representation of diverse
carving patterns.

In the Neck stage, the model adopts a combination of Feature Pyramid Network
(FPN) and Path Aggregation Network (PAN) to achieve multi-scale feature fusion and
information propagation. First, high-level semantic features are fused with low-level detail
features through upsampling and concatenation, enhancing the representation of small-
scale targets. Then, further feature integration is performed along the downsampling path
to strengthen information exchange across different scales. During this process, ODConv
modules are inserted at key fusion nodes to dynamically model the fused features. This
allows the network to adaptively adjust spatial and channel responses within multi-scale
representations, thereby improving feature discrimination under complex backgrounds.

https://doi.org/10.3390/app16115522

https://doi.org/10.3390/app16115522


Appl. Sci. 2026, 16, 5522 16 of 29

This strategy is particularly effective in reducing the interference caused by the overlap
between carving structures and rock surface textures.

In the Head stage, the model adopts the decoupled detection head of YOLOv8, which
performs classification and bounding box regression separately for feature maps at different
scales. With the enhanced feature representations provided by ODConv, the model can
effectively detect and localize rock art objects across multiple scales, including Anthropo-
morphic_Face, Deer, and Human_Horse.

The placement of ODConv modules was determined according to the functional
characteristics of different network stages. In this study, ODConv was used to replace
standard convolution (Conv) layers. In the Backbone, ODConv was primarily embedded
into shallow and intermediate convolutional layers to enhance the extraction of local
structural details and discontinuous carving patterns commonly observed in rock art
images. In the Neck, ODConv was introduced into key feature fusion layers to improve the
adaptive aggregation of multi-scale features under complex background conditions. This
design preserves the original multi-scale detection architecture of YOLOv8 while balancing
feature representation capability and computational efficiency.

In addition, this study did not conduct a comprehensive sensitivity analysis for all
possible ODConv insertion positions. Future work will further investigate the influence of
different insertion strategies on model performance and computational efficiency.

From the perspective of the overall integration strategy, this study does not perform a
large-scale redesign of the YOLOv8 architecture. Instead, a “local replacement and hierar-
chical embedding” approach is adopted, in which ODConv is introduced as a substitute for
standard convolution at key locations in the Backbone and Neck. This design preserves the
inherent advantages of YOLOv8 in multi-scale detection while enhancing the adaptability
of feature extraction through dynamic convolution. As a result, a favorable balance is
achieved between model performance and computational efficiency. Previous studies have
shown that incorporating ODConv into object detection frameworks can effectively im-
prove recognition accuracy in complex scenarios, particularly in tasks involving multi-scale
targets and fine-grained feature modeling.

Based on this design, the YOLOv8-ODConv model introduces dynamic convolution
into both feature extraction and fusion stages. This enables the network to adaptively model
the complex and variable carving structures and abstract representations in Northern rock
art images, thereby providing more stable and discriminative feature representations for
subsequent detection and classification tasks.

3.3. Experimental Environment and Training Settings

The proposed model is implemented based on the Ultralytics YOLOv8 framework.
The experimental environment consists of Python 3.8, PyTorch 1.10, and CUDA 11.0. All
experiments are conducted on an NVIDIA RTX 4060 Ti GPU with 12 GB of memory.

For training, the number of epochs is set to 200, the batch size is 4, and all input images
are resized to 640 × 640 pixels. These settings ensure stable training while maintaining a
balance between computational efficiency and memory usage. In addition, to avoid poten-
tial data leakage under small-sample conditions, strict data independence is maintained
among the training, validation, and test sets. This ensures the objectivity and reliability of
the evaluation results.

For all experiments, the models were trained using the same experimental settings to
ensure fair comparison. Specifically, SSD, YOLOv5, YOLOv8, YOLOv8–Backbone–ODConv,
and YOLOv8-ODConv adopted the same dataset split, training epochs, batch size, and
input image resolution. The optimizer used in this study was SGD, with an initial learning
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rate of 0.01. Pretrained weights provided by the official implementations were used for
model initialization.

3.4. Evaluation Metrics

To comprehensively evaluate model performance, several standard metrics in object
detection are adopted, including Precision, Recall, Average Precision (AP), F1-score, and
mean Average Precision (mAP).

In detection evaluation, a prediction is considered a True Positive (TP) when the
Intersection over Union (IoU) between the predicted bounding box and the ground truth
exceeds a predefined threshold. Otherwise, it is classified as a False Positive (FP) or False
Negative (FN), depending on the prediction outcome. Based on these definitions, the
evaluation metrics are computed as follows.

Precision (P) measures the proportion of correctly predicted targets among all pre-
dicted targets. It is defined as:

P =
TP

TP + FP
(10)

Here, TP (True Positive) denotes the number of samples correctly predicted as the
target class, i.e., cases where both the prediction and the ground truth are positive. FP
(False Positive) denotes the number of samples incorrectly predicted as the target class,
where the prediction is positive but the ground truth is negative. Precision measures the
reliability of the model’s predictions. A higher Precision indicates fewer false detections
and more accurate prediction results.

Recall (R) represents the proportion of actual targets that are correctly identified by
the model. It is defined as:

R =
TP

TP + FN
(11)

Here, TP (True Positive) denotes the number of samples correctly predicted as the tar-
get class, and FN (False Negative) denotes the number of missed target samples, i.e., cases
where the ground truth is positive but the model fails to detect them. Recall measures the
model’s ability to cover actual target instances. A higher Recall indicates a lower miss rate.

Average Precision (AP) evaluates detection performance across different recall levels
and is defined as the area under the Precision–Recall (PR) curve. It reflects the overall
trade-off between Precision and Recall under varying thresholds. A higher AP indicates
that the model can maintain high prediction accuracy while achieving strong recall. The
F1-score provides a comprehensive evaluation of Precision and Recall by computing their
harmonic mean. It is defined as:

F1 =
2PR

P + R
(12)

Here, P denotes Precision and R denotes Recall. The F1-score balances these two
metrics and reaches a high value only when both Precision and Recall are high. Therefore, it
effectively avoids bias caused by focusing on a single metric and is widely used to evaluate
the overall performance of classification and object detection models.

Mean Average Precision (mAP) is used to evaluate the overall performance of a model
in multi-class object detection tasks. It is defined as the arithmetic mean of the Average
Precision (AP) across all categories. Here, AP represents the detection performance of a
single class and is computed as the area under the Precision–Recall (PR) curve. The mAP
is calculated as follows:

mAP =
1
N

N

∑
i=1

APi (13)

Here, N denotes the total number of target categories. In this study, two evalua-
tion metrics are used: mAP@0.5 and mAP@0.5–0.95. The mAP@0.5 is computed at an
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Intersection over Union (IoU) threshold of 0.5. The mAP@0.5–0.95 follows the COCO
evaluation protocol, where IoU thresholds range from 0.5 to 0.95 with a step size of
0.05, and the corresponding AP values are averaged to provide a more comprehensive
performance assessment.

4. Results
4.1. Training Process and Detection Performance of YOLOv8-ODConv

To evaluate the performance of the proposed YOLOv8-ODConv model in Northern
rock art image recognition, the variations in loss functions during training and the detection
metrics are analyzed. The results are shown in Figure 4.

Figure 4. Performance Metrics of the YOLOv8-ODConv Model.

From the training process, all loss functions exhibit stable convergence. Specifically,
train/box_loss, train/cls_loss, and train/dfl_loss decrease rapidly in the early stages
of training, followed by a gradual stabilization. The validation losses (val/box_loss,
val/cls_loss, and val/dfl_loss) show similar trends to those of the training set. Although
slight fluctuations are observed in the early stage, the overall trend is smooth and decreas-
ing. The consistency between training and validation curves, without noticeable divergence,
indicates good convergence and generalization ability, with no evident overfitting.

In terms of detection performance, both Precision and Recall increase steadily during
training and reach a stable stage after approximately 100–150 epochs. Precision approaches
1.0 in the later stages, indicating a low false detection rate. Recall remains at a relatively high
level, demonstrating strong coverage of target instances. Meanwhile, mAP@0.5 stabilizes
at approximately 0.98, and mAP@0.5–0.95 converges to around 0.78. It can be observed that
mAP@0.5 converges faster, whereas mAP@0.5–0.95 improves more gradually, suggesting
that there is still room for improvement under stricter localization requirements.

Overall, all metrics show minimal fluctuations during convergence, and the training
process remains stable. These results indicate that the proposed YOLOv8-ODConv model
can achieve effective convergence in complex rock art image scenarios while maintaining
strong detection performance and robustness. Even under limited sample conditions, the
model demonstrates stable convergence and high performance, highlighting its suitability
for small-sample, complex visual tasks.

To further analyze the model’s performance across different categories, a normalized
confusion matrix is constructed based on the test set, as shown in Figure 5. From the
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diagonal entries, all categories achieve relatively high classification accuracy. Among
them, the Human_Horse category performs the best, with an accuracy of approximately
0.97. The Anthropomorphic_Face category achieves around 0.94, while the Deer category
shows a relatively lower accuracy of about 0.86. Overall, the high values along the diagonal
indicate that the model predictions are consistent with ground truth labels for most samples,
demonstrating strong classification capability.

Figure 5. Normalized Confusion Matrix of the Northern China Rock Art Dataset.

From the off-diagonal distribution, a certain degree of class confusion is still observed.
Specifically, about 0.06 of Anthropomorphic_Face samples are misclassified as Deer. Ap-
proximately 0.14 of Deer samples are misclassified as Human_Horse, and a small portion
of Deer samples are predicted as background. In addition, some background regions are
incorrectly detected as target c.ategories. Among these, the proportions predicted as Deer
and Human_Horse are approximately 0.33 and 0.67, respectively. This indicates that false
detections still occur in regions with complex textures.

Overall, the model shows strong discriminative capability for the Human_Horse
category, while the Deer category remains more challenging due to its structural similarity
to other classes. This confusion can be attributed to partial morphological similarities
between Deer and Human_Horse, such as linear branching structures and antler-like
contours, as well as the weaker continuity of carving patterns in Deer images. These factors
increase the difficulty of feature discrimination during the extraction stage. Although
ODConv improves the modeling of local structural differences, some feature overlap still
occurs when dealing with highly similar abstract symbolic structures.

To analyze the overall performance of the model under different confidence thresholds,
the F1–Confidence curve is plotted, as shown in Figure 6. From the overall trend, the F1
score for all categories follows a pattern of first increasing and then decreasing as the
confidence threshold rises, reaching its peak within a moderate confidence range. This
indicates that at low thresholds, although recall is high, the number of false detections is
also large; at high thresholds, precision improves, but recall drops significantly, leading to
a decrease in the F1 score.
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Figure 6. F1–Confidence Curve.

In terms of category-wise performance, the Human_Horse category maintains a high
F1 score across most confidence intervals, demonstrating strong stability. The Deer category
shows a relatively smooth curve and maintains balanced performance within the medium
to high confidence range. In contrast, the Anthropomorphic_Face category exhibits a
more pronounced decline at higher confidence thresholds, suggesting a certain degree of
missed detections under stricter filtering conditions. Overall, the model achieves optimal
performance at a confidence threshold of approximately 0.40, where the F1 score reaches
around 0.93. As the threshold increases further, the F1 score decreases rapidly, indicating
that the model’s recall becomes limited under high-confidence constraints.

In summary, the F1–Confidence curve demonstrates that the proposed model achieves
a good balance between precision and recall within the moderate confidence range,
while also revealing differences in feature representation and classification difficulty
across categories.

The Precision–Confidence curve illustrates how detection precision varies with dif-
ferent confidence thresholds, as shown in Figure 7. As the confidence threshold increases,
the precision for all categories shows an overall upward trend and gradually stabilizes
at higher confidence levels. In terms of category-wise performance, the Human_Horse
category maintains a high precision across the entire confidence range. The Anthropomor-
phic_Face category exhibits a relatively stable curve and gradually approaches 1.0 in the
medium to high confidence range. The Deer category shows lower precision at low con-
fidence thresholds, but its performance improves significantly as the threshold increases,
eventually approaching 1.0 at higher confidence levels. Overall, the model achieves a
precision of 1.00 at a confidence threshold of approximately 0.92. Within a broad confidence
interval (approximately 0.1–0.8), the precision remains above 0.9, indicating consistently
high prediction reliability.

Figure 7. Precision–Confidence Curve.
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The Recall–Confidence curve shows how recall varies with different confidence thresh-
olds, as illustrated in Figure 8. At low confidence levels (close to 0), the recall for all
categories approaches 1.00, indicating that the model is able to detect nearly all target
instances. As the confidence threshold increases, recall gradually decreases and exhibits a
noticeable decline in the high-confidence range. From the category-wise perspective, the
Human_Horse category maintains a high recall level in the low to medium confidence
range. The Deer category also preserves relatively high recall in the medium confidence
interval, with a more gradual decline overall. In contrast, the Anthropomorphic_Face cate-
gory shows a more pronounced drop in the high-confidence region, with a rapid decrease
occurring after the confidence threshold exceeds approximately 0.75. Overall, the model
maintains a high recall level within the moderate confidence range (approximately 0.5–0.7).
However, when the confidence threshold exceeds 0.8, recall decreases sharply, showing a
clear attenuation trend.

Figure 8. Recall–Confidence Curve.

The Precision–Recall (PR) curve is used to evaluate the model’s precision performance
under different recall levels, as shown in Figure 9. The PR curves for all categories are
mainly distributed in the upper-left region of the coordinate space, indicating strong
detection performance. From the category-wise results, the Average Precision (AP) for
Anthropomorphic_Face is approximately 0.991, while the AP for Human_Horse is about
0.966, and that for Deer is around 0.961. Notably, all categories maintain relatively high
precision even at higher recall levels, demonstrating the model’s robustness. Overall, the
model achieves an mAP@0.5 value of approximately 0.973 on the validation set.

Figure 9. Precision–Recall (PR) curves.

It should be noted that the mAP@0.5 derived from the PR curve is calculated through
precise curve integration, which may show slight differences compared to the mAP values
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reported in Table 3, obtained during the validation stage. However, the overall trends
remain consistent.

Table 3. Experimental Comparison Results of Different Models on the Validation Set.

Modules F1 Recall mAP@0.5 mAP@0.5–0.95 FPS FLOPs/G

SSD 82.5% 79.8% 85.6% 70.8% 102.5 23.7
YOLOv5 92.7% 86.7% 95.8% 82.1% 94.3 10.5
YOLOv8 93.0% 88.5% 97.3% 83.9% 91.4 8.6

YOLOv8–Backbone–ODConv 93.8% 88.4% 97.6% 83.7% 90.2 8.1
YOLOv8–Neck–ODConv 94.1% 88.6% 98.1% 83.8% 90.0 7.9

YOLOv8-ODConv 95.0% 89.3% 98.9% 84.6% 89.7 7.2

4.2. Comparison with Different Models and Ablation Analysis

To evaluate the performance of the proposed YOLOv8-ODConv model, SSD, YOLOv5,
YOLOv8, and YOLOv8–Backbone–ODConv are selected as baseline models for comparison.
All models were evaluated using the same dataset and under identical experimental condi-
tions. The results are presented in Table 3. Among them, YOLOv8–Backbone–ODConv is
used to analyze the effect of introducing ODConv only in the Backbone, while YOLOv8-
ODConv represents the complete model with ODConv embedded in both the Backbone
and Neck.

From the overall results, SSD shows relatively lower performance across all metrics,
with F1, Recall, mAP@0.5, and mAP@0.5–0.95 values of 82.5%, 79.8%, 85.6%, and 70.8%,
respectively. YOLOv5 demonstrates a significant improvement over SSD, achieving an F1
score of 92.7% and mAP@0.5 of 95.8%. YOLOv8 further improves detection performance,
with an F1 score of 93.0%, Recall of 88.5%, mAP@0.5 of 97.3%, and mAP@0.5–0.95
of 83.9%.

When ODConv is introduced only in the Backbone, YOLOv8–Backbone–ODConv
achieves an F1 score of 93.8%, mAP@0.5 of 97.6%, and mAP@0.5–0.95 of 83.7%. However,
its Recall (88.4%) is slightly lower than that of YOLOv8 (88.5%). When ODConv is further
integrated into both the Backbone and Neck, the YOLOv8-ODConv model achieves the
best overall performance, with F1, Recall, mAP@0.5, and mAP@0.5–0.95 reaching 95.0%,
89.3%, 98.9%, and 84.6%, respectively. In terms of detection speed, SSD achieves the highest
FPS at 102.5. The FPS values for YOLOv5, YOLOv8, YOLOv8–Backbone–ODConv, and
YOLOv8-ODConv are 94.3, 91.4, 90.2, and 89.7, respectively. As model complexity increases,
FPS shows a slight decrease. However, YOLOv8-ODConv still maintains a relatively high
inference speed. In terms of computational complexity, the proposed YOLOv8-ODConv
achieves 7.2 G FLOPs, which is lower than the original YOLOv8 model (8.6 G). Although the
FPS decreases slightly from 91.4 to 89.7, the proposed model achieves notable improvements
in F1-score and mAP metrics while maintaining relatively low computational cost. These
results indicate that YOLOv8-ODConv achieves a favorable balance between detection
accuracy and computational efficiency.

Overall, YOLOv8-ODConv achieves the best performance across all key metrics, in-
cluding F1, Recall, mAP@0.5, andmAP@0.5–0.95. The performance difference between
YOLOv8–Backbone–ODConv and YOLOv8-ODConv also indicates that the embedding po-
sition of ODConv has a significant impact on model performance, with the joint integration
in both Backbone and Neck yielding the most effective results.

4.3. Visualization of Detection Results

To provide a more intuitive comparison between YOLOv8 and YOLOv8-ODConv
in rock art image recognition, representative samples are selected for visualization anal-
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ysis. The results are presented in Table 4. The visualization covers categories including
Human_Horse, Anthropomorphic_Face, and Deer, highlighting the differences in object
localization and classification performance between the two models. The images were
annotated using the LabelImg tool by research personnel with a background in arts and
design. During annotation, care was taken to ensure object completeness. Due to the dense
distribution of rock art, adjacent carvings might partially fall into bounding boxes, which is
normal given natural carving interruptions. No additional transformations were applied,
preserving the original appearance of the images.

Table 4. Performance Comparison between YOLOv8 and YOLOv8-ODConv.

YOLOv8 YOLOv8-ODConv
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Table 4. Cont.

YOLOv8 YOLOv8-ODConv

    

  

  

As shown in Table 4, under the same sample conditions, YOLOv8-ODConv achieves
higher prediction confidence across multiple categories compared to the original YOLOv8.
For instance, in Human_Horse samples, YOLOv8 produces confidence scores of 0.88 and
0.90, whereas YOLOv8-ODConv improves these to 0.92. For Anthropomorphic_Face,
the confidence increases from 0.86 to 0.87 to 0.90–0.91. Similarly, for Deer samples, the
confidence rises from 0.87 to 0.93.

In terms of bounding box localization, both models are able to detect the primary
target regions. However, YOLOv8-ODConv demonstrates more stable alignment between
predicted boxes and object contours in certain cases. These visualization results are con-
sistent with the quantitative findings in Table 3 and further confirm the effectiveness of
YOLOv8-ODConv in detecting Northern rock art images.

Some failure cases were still observed in regions with blurred carving structures
and complex background textures. In particular, partial confusion between Deer and
Human_Horse categories occurred when local contour patterns and discontinuous lin-
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ear structures were highly similar. These results indicate that highly abstract symbolic
structures and weak local features remain challenging for the current model.

5. Discussion
5.1. Mechanism of Performance Improvement in YOLOv8-ODConv

The experimental results demonstrate that the proposed YOLOv8-ODConv model
achieves consistent improvements over baseline models such as YOLOv5 and YOLOv8
across multiple metrics, including F1, mAP@0.5, and mAP@0.5–0.95. As shown in the
comparative experiments in Section 4, model performance improves progressively from
YOLOv8 to YOLOv8–Backbone–ODConv and further to YOLOv8-ODConv. This trend
indicates that ODConv contributes effectively at different levels of the network. The
performance gain mainly stems from the multi-dimensional dynamic modeling capability
introduced by ODConv during feature representation. Unlike conventional convolution
with fixed kernels, ODConv incorporates dynamic weight allocation across spatial, channel,
and kernel dimensions. This allows the convolution operation to adapt to input features,
thereby enhancing the response to discriminative information.

Further analysis reveals that this mechanism is particularly effective in complex rock
art scenarios. For example, confusion matrix results show high accuracy for Human_Horse
and Deer, while F1–Confidence and Recall–Confidence curves indicate stable performance
for these categories across a wide confidence range. In contrast, Anthropomorphic_Face
shows performance degradation at higher confidence thresholds, suggesting challenges in
cases with weak local features or minimal structural differences. From a feature perspective,
Northern rock art images often exhibit blurred carvings, discontinuous structures, and com-
plex background textures, which lead to feature overlap and redundancy. ODConv mitigates
these issues by adaptively modulating convolution responses, enhancing local structure ex-
traction and suppressing background interference. This improves detection stability under
complex conditions. Additionally, curve analysis shows that the model achieves optimal
performance at moderate confidence levels (approximately 0.6–0.7), while recall declines at
higher thresholds. This reflects an inherent trade-off between precision and recall.

In summary, the performance improvement of YOLOv8-ODConv primarily arises
from the adaptive modeling capability introduced by dynamic convolution, which is well
suited for complex and structurally diverse rock art images.

5.2. Performance Differences Across Categories and Visual Interpretation

Although the overall detection performance is strong, differences remain across cat-
egories. Based on confusion matrix and Recall–Confidence results, Human_Horse and
Deer maintain relatively high performance, whereas Anthropomorphic_Face shows lower
performance, particularly in terms of recall at high confidence levels. These differences are
closely related to visual characteristics. Human_Horse and Deer typically exhibit clearer
global structures, such as body proportions, limb configurations, and posture patterns.
These features are relatively consistent across samples, making them easier for the model
to learn. As a result, their detection performance remains stable across confidence levels. In
contrast, Anthropomorphic_Face exhibits higher abstraction and greater variability. Dis-
criminative features are often localized, such as facial contours or symbolic carvings. These
features vary significantly across samples and are more susceptible to weathering, blurred
carvings, and background interference. This leads to unstable feature representation, re-
flected in reduced recall at high confidence thresholds and increased misclassification in
the confusion matrix.

From a methodological perspective, although ODConv enhances feature represen-
tation through dynamic convolution, its effectiveness is still constrained by the intrinsic
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separability of features. Highly abstract categories that rely on subtle local differences
remain challenging. This highlights the limitations of convolution-based feature modeling
when dealing with weak structural constraints and high semantic ambiguity.

Overall, these findings reflect a common issue in cultural heritage image recog-
nition: semantic ambiguity, where categories lack stable and consistent structural dis-
criminators. This increases learning difficulty and places higher demands on feature
representation methods.

5.3. Role of Dynamic Convolution in Complex Visual Environments

Northern rock art images are characterized by dense carvings, overlapping textures,
and significant background interference. Under such conditions, conventional convolution
with fixed kernels lacks adaptability to input variations and may introduce redundant
responses, thereby weakening discriminative feature extraction. To address this limita-
tion, ODConv introduces dynamic weight allocation across spatial, channel, and kernel
dimensions. This enables the convolution operation to adaptively adjust feature responses
according to input content. As a result, target-related structural information is enhanced,
while irrelevant background patterns are effectively suppressed during multi-scale feature
extraction and fusion.

The effectiveness of this mechanism is supported by experimental results. After inte-
grating ODConv, the model exhibits improved stability across multiple evaluation metrics.
Specifically, the Precision–Confidence curve maintains high precision in the medium-to-
high confidence range, while the Recall–Confidence curve shows a more gradual decline
in recall. In addition, the confusion matrix reveals a reduction in off-diagonal misclas-
sifications. These observations indicate enhanced feature discrimination under complex
background conditions.

From a feature modeling perspective, ODConv enables adaptive selection of discrimi-
native representations under varying visual patterns. This allows the model to maintain
stable feature extraction even in challenging cases, such as blurred carvings, discontinuous
line structures, and texture interference. This capability is particularly important for rock
art images, where category discrimination relies heavily on subtle local structural cues.

Similar advantages of dynamic convolution have been reported in other complex
vision tasks. For example, in robotic grasp detection, ODConv improves the representation
of key regions and enhances the separation between targets and background when com-
bined with feature fusion strategies. These findings demonstrate that dynamic convolution
can improve detection accuracy while preserving computational efficiency. Such behavior
is consistent with the visual characteristics of rock art images, where carving structures
are tightly coupled with background textures, providing cross-domain support for the
proposed approach [39].

Overall, by improving feature selection and suppressing irrelevant responses, dynamic
convolution enhances the adaptability of the model to diverse visual patterns, leading to
improved robustness in complex cultural image recognition tasks.

5.4. Limitations and Future Work

Despite its strong performance, the YOLOv8-ODConv model has several limitations
that warrant further investigation.

First, the dataset size is relatively small, and some categories have limited samples,
which may influence the generalization of the model. Although the original dataset is
relatively small, the combination of data augmentation and independent subset splitting
provides sufficient diversity for model training and evaluation. Cross-validation could
further improve reliability, but due to computational resource constraints, we adopted
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fixed splits and evaluated model performance comprehensively using F1-score, Recall,
mAP, and FPS metrics. Future work will focus on expanding the dataset and improving
cross-regional coverage.

Second, although YOLOv8 supports multi-object detection, the current dataset is based
on single-class annotations. This does not fully capture the “scene-based” nature of rock
art, where multiple elements (e.g., Human_Horse and Deer) often coexist within a single
image. These compositions involve complex spatial relationships and require stronger
multi-object detection and semantic understanding. Future studies should construct multi-
object annotated datasets for scene-level analysis.

Third, while ODConv improves feature representation, it introduces additional com-
putational overhead, leading to a slight reduction in inference speed. For real-time appli-
cations, such as mobile devices or field deployment, lightweight optimization strategies
should be explored to balance accuracy and efficiency.

Finally, this study focuses on visual features and does not incorporate higher-level
cultural semantics, such as symbolic meanings, behavioral relationships, or historical
context. Rock art contains rich cultural information that cannot be fully captured by visual
cues alone. Future research could integrate multimodal data (e.g., textual annotations,
archaeological records) and leverage global modeling approaches such as Transformers to
enhance semantic understanding.

It should be noted that the current experimental results are based on a single random
dataset split and single-run training process. Therefore, the reported performance should
not be interpreted as definitive evidence of statistical stability or robustness. Future work
will further investigate model stability through repeated experiments with multiple random
seeds and cross-validation strategies.

6. Conclusions
This study addresses the challenges of Northern Chinese rock art images, including

abstract structures, diverse forms, and complex backgrounds, by proposing an improved
object detection model based on YOLOv8, termed YOLOv8-ODConv. By introducing
Omni-Dimensional Dynamic Convolution (ODConv) into key layers of the Backbone and
Neck, the model enables adaptive adjustment of convolution kernels across spatial, channel,
and kernel dimensions. This enhances the representation of complex carving structures
and fine-grained feature differences. Unlike previous applications of dynamic convolution
in regular texture domains, this work demonstrates that ODConv is effective for modeling
highly abstract symbolic visual structures, providing a new perspective for applying deep
learning to cultural heritage image analysis.

Based on the constructed rock art image dataset, extensive experiments are conducted
to evaluate the proposed model. The results show that YOLOv8-ODConv outperforms SSD,
YOLOv5, and YOLOv8 across key metrics such as F1-score, Recall, and mAP. Specifically,
the model achieves an mAP@0.5 of 98.9% and an F1-score of 95.0%, while maintaining
strong real-time performance. Further analysis indicates that the model performs more
consistently on categories with relatively stable structural features (e.g., Human_Horse
and Deer), whereas performance decreases for the more abstract Anthropomorphic_Face
category. This suggests that feature separability plays a critical role in detection per-
formance for complex cultural images. Considering the inherent difficulty in acquiring
large-scale cultural heritage datasets, the proposed method demonstrates strong robust-
ness under limited data conditions, highlighting its practical value for real-world heritage
preservation applications.

Overall, the YOLOv8-ODConv model achieves high accuracy and stability in the
automatic recognition of Northern rock art images. It provides an effective solution for
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intelligent analysis of complex cultural images and offers technical support for the digital
documentation and study of rock art.

Future work will focus on three directions. First, expanding the dataset and incorporat-
ing cross-regional rock art data to improve generalization. Second, integrating multimodal
information, such as textual annotations and archaeological context, to enhance semantic
understanding. Third, exploring lightweight model designs to support deployment in
mobile and field environments.
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