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FC-YOLO: a fast inference
backbone and lightweight
attention mechanism-enhanced
YOLO for detecting gastric
adenocarcinoma in
pathological image
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Xusheng Yan1,2, Wenyue Sun3, Xinxin Wang1,2* and Yunfei Gao4*

1Basic and Forensic Medicine, Baotou Medical College, Inner Mongolia, Baotou, China, 2Key Laboratory
of Human Anatomy at Universities of Inner Mongolia Autonomous Region , Inner Mongolia,
Baotou, China, 3School of Computer Science and Technology, Baotou Medical College, Inner Mongolia,
Baotou, China, 4School of Medical Technology and Anesthesia, Baotou Medical College, Inner Mongolia,
Baotou, China
Background: Gastric adenocarcinoma (GAC) is a leading cause of cancer-related
mortality, but its histopathological diagnosis is challenged by image complexity
and a shortage of pathologists. While deep learning models show promise, many
are computationally demanding and lack the �ne-grained feature extraction
necessary for effective GAC detection.
Methods: We propose FC-YOLO, an optimized object detection framework for
GAC histopathological image analysis. Based on the YOLOv11s architecture, FC-
YOLO incorporates a FasterNet backbone for ef�cient multi-scale feature
extraction, a lightweight Mixed Local-Channel Attention (MLCA) mechanism
for feature recalibration, and Content-Aware ReAssembly of FEatures (CARAFE)
for enhanced upsampling. The model was evaluated on a public dataset
comprising 1,855 images and on a separate, independent clinical dataset
consisting of 2,500 pathological images of gastric adenocarcinoma.
Results: On the public dataset, FC-YOLO achieved a mean Average Precision
(mAP) of 82.8%, outperforming the baseline YOLOv11s by 2.6%, while maintaining a
high inference speed of 131.56 FPS. On the independent clinical dataset, the model
achieved an mAP of 85.7%, demonstrating strong generalization capabilities.
Conclusion: The lightweight and ef�cient design of FC-YOLO enables superior
performance at a low computational cost. It represents a promising tool to assist
pathologists by enhancing diagnostic accuracy and ef�ciency, particularly in
resource-limited settings.
KEYWORDS

gastric cancer, pathological images, prediction, deep learning, target detection
frontiersin.org01

https://www.frontiersin.org/articles/10.3389/fonc.2025.1657159/full
https://www.frontiersin.org/articles/10.3389/fonc.2025.1657159/full
https://www.frontiersin.org/articles/10.3389/fonc.2025.1657159/full
https://www.frontiersin.org/articles/10.3389/fonc.2025.1657159/full
https://www.frontiersin.org/articles/10.3389/fonc.2025.1657159/full
https://www.frontiersin.org/articles/10.3389/fonc.2025.1657159/full
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
http://crossmark.crossref.org/dialog/?doi=10.3389/fonc.2025.1657159&domain=pdf&date_stamp=2025-09-29
mailto:57667478@qq.com
mailto:gyfzfl88@hotmail.com
https://doi.org/10.3389/fonc.2025.1657159
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/oncology#editorial-board
https://www.frontiersin.org/journals/oncology#editorial-board
https://doi.org/10.3389/fonc.2025.1657159
https://www.frontiersin.org/journals/oncology


Zhang et al. 10.3389/fonc.2025.1657159
1 Introduction

Although the global incidence rate of gastric cancer has declined
over the past few decades, it remains the �fth most common cancer
type worldwide and the fourth leading cause of cancer-related
mortality (1). In terms of pathological classi�cation, over 95% of
gastric cancers are adenocarcinomas (2). Early detection, accurate
diagnosis, and timely surgical intervention are critical to reducing
gastric cancer mortality. Histopathological diagnosis serves as the
gold standard for con�rming gastric cancer, and its outcomes
signi�cantly in�uence treatment planning, underscoring the
necessity of robust and ef�cient pathological diagnostics. However,
there is a severe shortage of pathologists globally, including in China
(3). Additionally, due to the complexity of pathological images, the
analysis and diagnostic process is inherently challenging and time-
consuming, which may compromise diagnostic accuracy. As
caseloads increase, pathologists face heightened workloads and
occupational overload, further exacerbating diagnostic inaccuracies
—a problem particularly pronounced in remote and underdeveloped
regions. Therefore, the development of computer-aided diagnosis
(CAD) tools capable of assisting pathologists and enhancing both the
ef�ciency and accuracy of diagnosis holds signi�cant
clinical importance.

Recent years have witnessed remarkable advancements in deep
learning for computer-aided diagnosis of medical images, particularly
in gastric lesion detection and diagnosis systems. Compared with
traditional machine learning methods such as random forests and
support vector machines, deep learning demonstrates superior
capability in capturing discriminative features from medical images
with enhanced �exibility and diagnostic accuracy. In routine clinical
pathological practice, histopathological examination of specimens,
typically through hematoxylin and eosin (H&E) stained slides, is
conventionally conducted under optical microscopy. Notably, deep
convolutional neural networks (CNNs) have emerged as pivotal tools
in computer vision and medical image analysis. The application of
CNNs in digital pathological image analysis for gastric disease
classi�cation has garnered signi�cant research attention. Models
based on the DeepLabv3 architecture, as employed by Song et al.
(4). and Lan et al. (5)., have demonstrated high accuracy in gastric
cancer detection. However, these models exhibit �uctuations in
accuracy under speci�c scenarios. Furthermore, their inference
times are often prolonged, which may impede diagnostic ef�ciency
in clinical settings that demand the rapid processing of a large volume
of samples, thereby highlighting a need for improvement in their real-
time performance. Huang et al. (6). designed Gastro-MIL, a CNN-
based model for the accurate diagnosis of gastric cancer directly from
digital H&E-stained images. While its diagnostic performance was
reported to surpass that of junior pathologists, the model’s processing
pipeline is notably complex. It requires extensive partitioning of input
images into tiles and relies on a multi-stage network architecture,
which likely contributes to increased computational overhead and
prolonged inference times. Kather et al. (7). trained a ResNet18 deep
learning model to detect gastric cancer and predict Microsatellite
Instability (MSI) in histological slides. Although their model is
characterized by a low parameter count, it demonstrates notable
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de�ciencies in accuracy, achieving an Area Under the Curve (AUC)
of only 0.69 in a predominantly Asian cancer cohort, which suggests
limited generalization capability across different ethnic populations.
Zhang et al. (8). proposed a model named VENet, which accurately
segments glands in pathological images. However, the model employs
a complex network architecture and loss function, incorporating a
multi-scale training strategy and an iterative optimization process,
which increases computational complexity and results in high
deployment and training costs. In a related study, Shi et al. (9).
introduced GCLDNet, a deep learning model that, despite its
excellent performance on the BOT dataset, may suffer from
reduced detection accuracy for minute lesions. Furthermore, the
model lacks validation on clinically acquired samples, and its large
parameter count restricts its application on low-resource devices.
Liang et al. (10). employed a weakly supervised learning approach for
the subcellular-level segmentation of gastric adenocarcinoma,
achieving an accuracy of 0.9109 on the BOT dataset. Although this
method reduces the annotation burden for pathologists, its
recognition capability in speci�c scenarios is insuf�cient, making it
prone to misdiagnosis. Additionally, the model requires a lengthy
training period, and its inference time is highly sensitive to parameter
settings. Ning et al. (11). synergistically utilized U-Net and QuPath
for diagnosing gastric adenocarcinoma; however, the model’s
generalization ability is constrained by a small sample size, and it
similarly suffers from a complex processing work�ow that prolongs
inference time. Fu et al. (12) integrated Transformer and CNN
architectures for the multi-class classi�cation of gastric cancer
pathology images, which enhanced model accuracy but
concurrently increased computational overhead. Furthermore, the
windowed attention mechanism and feature fusion process inherent
to the Swin Transformer component increased per-sample
processing time, leading to extended inference durations.
Meanwhile, the application of the YOLOv4 model by Tung et al.
(13) for detecting gastric adenocarcinoma, which lacked speci�c
optimizations for histopathological features, was hampered by
issues such as prolonged inference times and poor generalization
capability. In a more recent study, Ma et al. (14) proposed an
ensemble deep learning framework that fused VGG16, ResNet50,
and MobileNetV2. This framework demonstrated exceptional
performance in gastric cancer classi�cation, surpassing standalone
models. However, the fusion of three models resulted in high
computational complexity and increased per-image processing
time, posing challenges for real-time clinical applications and
deployment on edge devices. Lomans et al. (15) trained an nnU-
Net to assist in the pathological diagnosis of hereditary diffuse gastric
cancer. Although its performance in lesion size estimation and cell
type quanti�cation approached that of pathologists, it exhibited
insuf�cient adaptability to the complex tumor microenvironment.
Moreover, its reliance on large-scale, meticulously annotated
data restricts its broader adoption in resource-constrained
medical institutions.

In summary, mainstream deep learning models for the
detection of gastric adenocarcinoma in pathological images
continue to face several critical challenges. High-accuracy models
are often characterized by high computational complexity and
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prolonged inference times, which constrains their practical
deployment in resource-limited hospitals and impedes their
ability to meet the real-time requirements of clinical work�ows.
Conversely, lightweight models typically lack the requisite accuracy
for reliable diagnosis. To address these limitations, we propose the
FC-YOLO model to establish a deep learning framework capable of
concurrently achieving high accuracy, rapid inference, and a
lightweight design, tailored to the unique challenges of gastric
adenocarcinoma pathology detection. This model incorporates
three key modi�cations to the YOLOv11s baseline: �rst, the
backbone network is replaced with FasterNet to more ef�ciently
extract multi-scale features while enhancing inference speed;
second, a lightweight MLCA attention mechanism is introduced
to bolster the model’s focus on critical diagnostic regions; and
�nally, the CARAFE upsampling operator is employed for a more
precise restoration of lesion boundary details.

The contributions of this paper are as follows:
Fron
1. This study proposes an enhanced object detection framework
for pathological images based on YOLOv11 architecture. We
systematically integrate three key components: the FasterNet
backbone network, MLCA attention mechanism, and
CARAFE upsampling operator into the baseline model.
This multi-component integration strategy signi�cantly
enhances detection accuracy while maintaining
computational ef�ciency, offering a robust solution for
target detection tasks in histopathological image analysis.

2. Our model achieves an mAP of 82.8% on the BOT gastric
adenocarcinoma dataset , demonstrating a 2.6%
performance enhancement compared to the baseline
YOLOv11s architecture. This advancement establishes a
novel framework for pathological image detection in gastric
adenocarcinoma diagnostics, addressing critical challenges
in clinical histopathology analysis.

3.Extensive comparative and ablation experiments have
comprehensively validated the effectiveness of our model
in detecting gastric adenocarcinoma within pathological
images. This study presents an innovative modi�cation of
YOLOv11s for this purpose, and its �ndings are anticipated
to be of considerable value to future researchers in the �eld
of object detection who are focused on the identi�cation
and prediction of tumors in pathological imagery.
2 Proposed method

2.1 Pathological image recognition model
based on the YOLO network

The YOLO (You Only Look Once) framework represents a
breakthrough in object detection neural networks, capable of
simultaneous object localization and classi�cation through a
uni�ed network architecture. Unlike conventional region
proposal-based methods, YOLO demonstrates superior processing
tiers in Oncology 03
speed by employing an end-to-end detection paradigm. Built upon
convolutional neural networks (CNNs), this framework processes
entire images in a single forward pass rather than analyzing
multiple image patches sequentially. This uni�ed approach
eliminates redundant computations inherent in sliding window
techniques, enabling real-time performance while maintaining
detection accuracy (16). Through continuous architectural
evolution, multiple YOLO variants have been developed to
enhance detection capabilities. In this study, we adopt YOLOv11s
as our foundational framework, speci�cally optimized for
histopathological image analysis tasks. Our rationale for selecting
YOLOv11s is rooted in its integration of several state-of-the-art
architectural optimizations. In comparison to the well-established
YOLOv8 model, YOLOv11 introduces the C3K2 module. This
module optimizes information propagation throughout the
network by partitioning the feature map and applying a series of
smaller kernels, which enhances feature representation using fewer
parameters and at a lower computational cost than the C2f module
in YOLOv8. Furthermore, its innovative C2PSA module re�nes the
model’s capacity for selective attention to regions of interest by
applying spatial attention to the extracted features, all while
maintaining a judicious balance between computational cost and
detection accuracy. This architectural design affords YOLOv11 an
advantage over YOLOv8 and its predecessors in scenarios requiring
the precise detection of �ne-grained object details. Consequently,
this highly favorable performance-to-cost pro�le establishes it as an
ideal starting point for our task of detecting gastric adenocarcinoma
in pathological images, facilitating the integration and validation of
our novel optimization modules without being encumbered by the
overhead of an excessively large base model.
2.2 The architecture of the FasterNet
network

While the standard backbone in YOLOv11s is effective, it
represents a general-purpose design. When applied to
pathological images—which are characterized by complex
backgrounds and a high degree of similarity and redundancy
between adjacent regions or across different feature map levels—
this generic approach can lead to exhaustive convolutional
operations. This results in an inef�cient allocation of
computational resources and a constrained capacity for extracting
critical features. To address this limitation, we introduce the
FasterNet network architecture. In contrast to standard
convolutional backbones, FasterNet is architected around the
principle of Partial Convolution (PConv), a design that reduces
redundant computations, thereby enhancing computational
ef�ciency while simultaneously promoting hardware-friendly
implementation. This novel neural network family demonstrates
exceptional computational ef�ciency and robust performance
across diverse vision tasks. The architecture prioritizes hardware-
friendly design through structural simpli�cation, as illustrated in
Figure 1. The framework comprises four hierarchical levels, each
initiated with either an embedding layer (4×4 convolution with
frontiersin.org
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stride 4) or a merging layer (2×2 convolution with stride 2) for
spatial downsampling and channel expansion. Each stage
incorporates multiple FasterNet modules, with increased module
density in the �nal two stages where memory access costs diminish
and computational intensity (FLOPS) escalates. The core FasterNet
module employs a partial convolution (PConv) layer followed by
two point-wise convolutional (PWConv) layers, forming an
inverted residual block with expanded intermediate channels and
skip connections for feature reuse. Strategic architectural
optimizations include: 1) Streamlined deployment of
normalization and activation layers (post-PWConv only) to
balance feature diversity with reduced inference latency; 2)
Preferential use of batch normalization (BN) over layer
normalization (LN) to leverage operator fusion capabilities with
adjacent convolutional layers; 3) Dynamic resource allocation
through multi-scale feature fusion - preserving moderate
computational capacity in shallow layers for microscopic pattern
extraction while intensifying FasterNet module density in deeper
layers for macroscopic feature interpretation. These design
principles collectively enhance detection accuracy while
maintaining computational ef�ciency, particularly crucial for
high-resolution pathological image analysis (17).
2.3 FC-YOLO for attention

The complex backgrounds and irregular target morphologies
inherent to pathological images pose signi�cant challenges to
conventional attention mechanisms. Traditional attention
methods, which establish channel-wise dependencies through
global feature compression, often neglect critical local spatial
context, thereby limiting their capacity to effectively represent
features of heterogeneous lesions. While a recent study by Zubair
et al. (18) proposed a multi-channel attention framework that
enhanced the effectiveness and comprehensiveness of feature
extraction in gastric cancer pathology images, the integration of
this framework results in excessively high computational
Frontiers in Oncology 04
complexity. The parallel multi-channel computations and the
stacking of attention mechanisms contribute to increased
inference latency. Furthermore, this approach necessitates high-
performance GPUs, rendering its deployment challenging in
primary hospitals with limited resources. To address these
limitations, we introduce a lightweight hybrid local attention
mechanism, the Multi-scale Large-kernel Convolutional Attention
(MLCA), which we integrate into the model’s backbone network.
This innovative design enables ef�cient channel-spatial joint
attention modeling with local-global feature synergy under low
computational budgets. As depicted in Figure 2. The core principle
of the MLCA mechanism is predicated upon a two-stage pooling
process. Initially, the mechanism converts input features into a
vector of dimensions 1 × C × ks × ks via a local pooling operation,
designed for the ef�cient capture of local spatial information.
Subsequently, feature extraction proceeds along two parallel
branches: one branch is dedicated to extracting global contextual
information, while the other focuses on preserving �ne-grained
local spatial details. The one-dimensional vectors generated by these
branches are then processed by a 1D convolution (Conv1d), after
which their resolution is restored to the original dimensions. A �nal
information fusion step realizes the objective of the hybrid attention
mechanism. Notably, the kernel size, k, of the 1D convolution is
proportional to the number of channels, C. Its primary function is
to capture local cross-channel interactions between each channel
and its k adjacent neighbors. The formula for computing k is
provided in Equation 1, where k represents the kernel size, C is
the channel count, and g and b are hyperparameters with default
values of 2. To ensure that the kernel size k is always odd, it is
incremented by one if the calculated value is even. Furthermore, the
MLCA mechanism simultaneously considers channel information,
spatial dimensions, and multi-level features from both local and
global perspectives. This design effectively addresses a common
limitation of traditional channel attention mechanisms—the neglect
of spatial feature details—thereby reducing the computational
burden of spatial attention modules while enhancing the model’s
representational power and detection performance. Through the
FIGURE 1

The overall architecture of FasterNet. The asterisk (*) in the “Partial Convolution (PConv)” diagram denotes the convolution.
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application of two-stage pooling and a dynamically optimized 1D
convolution, MLCA not only improves processing speed but also
circumvents the potential accuracy degradation associated with
channel dimensionality reduction. Ultimately, MLCA strikes an
ideal balance between model complexity and performance gain,
signi�cantly enhancing both the scalability of the attention
mechanism and the ef�cacy of object detection (19).
Consequently, the MLCA mechanism has the potential to
improve the detection sensitivity of gastric adenocarcinoma foci
by suppressing staining artifacts and interference from
in�ammatory cells, all while maintaining computational ef�ciency.

k = F(C) = �
log2C)

g
+

b
g

�odd (1)
2.4 CARAFE for FC-YOLO

In histopathology, the precise delineation of lesion boundaries
is of paramount importance for diagnosis. However, the feature
fusion module in YOLOv11s utilizes conventional upsampling
methods, which are characterized by �xed convolutional kernel
weights that remain agnostic to the input content. This static
approach can result in the imprecise demarcation of cancer cell
boundaries within pathological images and may also lead to
suboptimal contextual awareness. To address these limitations, we
implement CARAFE, which enhances contextual perception
through large receptive �elds (up to 5×5) and dynamically
predicts upsampling kernel weights based on feature semantics.
This adaptive mechanism signi�cantly improves the model’s
capability to exploit discriminative features in histopathological
images with complex backgrounds, particularly for detecting
subtle malignant patterns obscured by stromal interference (20).

The CARAFE module comprises two synergistic components:
an upsampling kernel prediction module and a feature reassembly
Frontiers in Oncology 05
module, with its primary work�ow illustrated in Figure 3. In the
initial stage, the input feature map c which contains target location
information, undergoes channel compression. Subsequently, these
compressed features are fed into a lightweight content encoder that
dynamically predicts a unique reassembly kernel for each location.
These kernels essentially de�ne a set of weights for the neighboring
pixels within the original feature map. A kernel normalization
module then applies the softmax function to these weights,
transforming them into a probability distribution. This
mechanism enables the dynamic enhancement of minute details,
such as alterations in cellular morphology, while simultaneously
suppressing less relevant regions. In the second stage, based on a
given upsampling rate s, the reassembly kernels predicted in the
preceding stage are applied to the original feature map. Through a
weighted reassembly of information from the local neighborhood of
the original feature map, a new feature map c’ with dimensions of C
× sH × sW is generated, thereby accomplishing the upsampling
task. The integration of the CARAFE upsampling module enhances
the feature extraction and fusion capabilities of the network’s neck,
effectively mitigating detection challenges posed by complex
background interference and densely distributed small targets,
such as cancer cell clusters, within pathological images.

The CARAFE upsampling procedure operates through a
systematic pipeline to achieve feature map resolution
enhancement. Initially, the input feature map c with dimensions
H×W×C undergoes channel compression via a 1×1 convolutional
layer, reducing the channel depth from C to C_m (where C_m < C)
to optimize computational ef�ciency. Subsequently, a content
encoder comprising convolutional layers generates a
reorganization kernel tensor of shape H×W×s�×k_up�, where s
denotes the upsampling factor and k_up represents the receptive
�eld size governing feature recombination. This tensor is spatially
expanded to dimensions sH×sW×k_up�, followed by kernel
normalization to ensure the summation of convolutional weights
equals unity. Within the content-aware reassembly module, each
FIGURE 2

Left: Schematic diagram of the MLCA. Right: The structure of the MLCA. LAP (Local Average Pooling) which divides the feature map into k * k
patches and applies average pooling to each patch; GAP (Global Average Pooling), which uses adaptive pooling to reduce the feature map to a 1 * 1
output size; UNAP (Anti-average Pooling), which mainly focuses on the �gures) properties and scaling to the needed size.
frontiersin.org

https://doi.org/10.3389/fonc.2025.1657159
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org


Zhang et al. 10.3389/fonc.2025.1657159
spatial position (i’, j’) in the output feature map c’ corresponds to a
k_up×k_up neighborhood region centered at (i/s, j/s) in the input
feature map. The output activation is computed as the dot product
between the predicted kernel weights and the unfolded input
features. Notably, kernel sharing is implemented across channels
at identical spatial locations, effectively balancing parameter
ef�ciency and feature discriminability. Through this mechanism,
the upsampled feature map c’ with dimensions sH×sW×C is
reconstructed while preserving structural coherence and
semantic granularity.
2.5 FC-YOLO

The FC-YOLO model proposed in this study employs a
hierarchical feature processing mechanism. Following standardized
preprocessing, input images are �rst fed into a FasterNet-based
backbone for multi-scale feature extraction. The extracted deep
features are then passed through an SPPF module, which fuses
contextual information via multi-scale pooling. Subsequently, the
features proceed to a C2PSA module, which incorporates Position-
Sensitive Attention (PSA) to enhance feature extraction and selective
residual connections to optimize gradient propagation. Finally, high-
level semantic features are outputted by the MLCA attention
mechanism. Within this stage, MLCA utilizes a local-global dual-
path pooling strategy combined with dynamic weight allocation to
intensify the feature response to atypical cells.

The enhanced neck branch adopts a bi-directional feature
pyramid architecture to promote multi-scale information
Frontiers in Oncology 06
interaction. On the upsampling path, features are �rst upsampled
by a CARAFE module and concatenated along the channel
dimension with the output from Stage3 of the backbone. These
fused features are then re�ned by a C3k2 module with cross-stage
residual connections. This process is repeated: the re�ned features
are again upsampled by CARAFE and fused with features from
Stage2 of the backbone. Throughout this process, CARAFE’s
dynamic kernel generation mechanism effectively recovers the
geometric structural features of minute lesions by modeling local
context. The downsampling path utilizes 3×3 standard convolutions
with a stride of 2 to progressively compress spatial dimensions.
Features at an 80×80 resolution are downsampled to 40×40,
concatenated with the re�ned features from the �rst level of the
upsampling path, and then fed into a C3k2 module to achieve cross-
scale semantic fusion. A further downsampling to 20×20 resolution
follows, where the features are concatenated with the original
MLCA-enhanced high-level features, thereby constructing a
feature pyramid rich in multi-dimensional semantic information.
The C3k2 module optimizes the parameter count by employing
bottleneck structures and depth-wise separable convolutions,
r educ ing the computa t iona l l oad wh i l e p r e s e rv ing
representational capacity. Inference is ultimately performed
synergistically by multi-scale detection heads. The entire
architecture achieves ef�cient detection of multi-scale lesions in
gastric cancer pathology images through the synergistic interplay of
MLCA’s cross-dimensional attention, CARAFE’s dynamic content-
aware upsampling, and FasterNet’s high-ef�ciency feature
extraction. A detailed illustration of the model architecture is
provided in Figure 4.
FIGURE 3

Work principles of CARAFE. CARAFE is composed of two key components, kernel prediction module and content-aware reassembly module.
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2.6 The fabrication of the dataset

Two distinct datasets were utilized in this study: the BOT
Dataset and In-House Clinical Dataset. The BOT Dataset, initially
comprising 700 gastric adenocarcinoma images, was expanded to a
total of 1,855 images through random data augmentation and
preprocessing. This expanded collection, serving as our internal
dataset, was subsequently partitioned into training, validation, and
Frontiers in Oncology 07
test sets at an 8:1:1 ratio, resulting in 1,485 images for training, 175
for validation, and 184 for testing. The In-House Clinical Dataset
was constructed from 2,500 pathological images of gastric
adenocarcinoma, acquired via microscopic examination from
samples of 50 patients at the Af�liated Hospital of Baotou
Medical College, Inner Mongolia University of Science and
Technology, between 2018 and 2023. This dataset was also
partitioned according to an 8:1:1 ratio, yielding 2,000 images for
FIGURE 4

The structure of FC-YOLO: Backbone (A), Neck (B), Head (C), V11Detect (D), C3k2 (E), and C2PSA (F).
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