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Abstract

Gastrointestinal polyps are common lesions in the digestive system, and some lesions carry a risk of malig-
nant transformation. Timely and accurate detection is of great clinical significance. However, due to factors
such as weak polyp texture, low contrast, and complex backgrounds, traditional endoscopic examinations
still have a certain detection missed rate. To address this, this paper proposes an improved network for gas-
trointestinal polyp detection based on the lightweight object detection model YOLOv5n. The proposed
method introduces the ContextGuidedC3 module to enhance multi-scale contextual information modeling.
Additionally, the CARAFE (Content-Aware Re-Assembly of Feature Elements) operator is used for content-
aware upsampling, improving the reconstruction quality of high-resolution features and the expression of
small target edge details. Experiments were conducted on the polyps dataset and compared with lightweight
models such as YOLOv5n, YOLOv&n, YOLOvV10n, and YOLOv11n. The results show that, compared to the
original YOLOvV5n, the proposed method improved the Recall from 85.7% to 90.3%, mAP@0.5 from 92.4%
to 94.2%, and mAP@0.5-0.95 from 67.3% to 69.6%. The method also demonstrates better stability and
robustness in terms of confusion matrix, visualized detection results, and PR curves. This indicates that the
proposed method effectively improves the detection accuracy and small target recognition capability of gas-
trointestinal polyps while maintaining low computational overhead, and has potential clinical application
value.

Keywords: Gastrointestinal polyps; Medical imaging; YOLOv5n; CARAFE upsampling operator; Con-
textGuidedC3 module

1. Introduction

Gastrointestinal polyps are common lesions in the
digestive system, some of which carry a potential
risk of malignant transformation, serving as im-
portant precursor lesions for colorectal cancer and
other gastrointestinal tumors. Clinically, gastroin-
testinal endoscopy remains the gold standard for de-
tecting and removing polyps. However, in practice,
due to factors such as small polyp size, the
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similarity in color with the surrounding mucosa, di-
verse shapes, and differences in endoscopist expe-
rience, polyp miss rates still occur[!]. Therefore, im-
proving the sensitivity and accuracy of gastrointes-
tinal polyp detection holds significant clinical im-
portance.

In recent years, with breakthroughs in deep learning,
especially Convolutional Neural Networks (CNNs)

in image recognition 2, computer-aided diagnostic
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systems based on artificial intelligence have shown
great potential in medical image analysis 1. For the
automated analysis of endoscopic images, deep
learning methods, with their strong feature repre-
sentation ability, can automatically learn the shape,
texture, and edge features of polyps from complex
backgrounds, enabling efficient detection and local-
ization of polyps B 4. Numerous studies have
shown that deep learning-based gastrointestinal
polyp detection systems have achieved accuracy,
sensitivity, and real-time performance close to or
even meeting clinical requirements [> 31, offering
feasible solutions to assist endoscopists in reducing
miss rates and improving examination efficiency.

Despite significant progress in existing studies,
many challenges remain in practical applications.
For example, Rostami et al. [*! conducted a system-
atic review of the performance of YOLOV7 in co-
lonoscopic polyp detection and evaluated its feasi-
bility for transfer to hysteroscopic polyp detection
based on technical similarity. However, direct ex-
perimental validation based on hysteroscopic im-
ages 1is still lacking, and conclusions are mainly
drawn from indirect inferences from colonoscopy
research results. Haider et al. [ proposed four vari-
ant models of YOLOV9 (Gelan-c, Gelan-e,
YOLOV9-c, YOLOvV9-¢) for training and evalua-
tion on colorectal polyp detection tasks, validating
the model's performance through data augmenta-
tion and multiple evaluation metrics. However, on
the large-scale dataset LDPolypVideo, the best
model’s mAP@50 was only 55.56, indicating that
its performance was relatively average and that the
model's generalization ability in complex real-

world scenarios remained limited. Sun et al. ["! pro-

posed a lightweight polyp detection model EP-1.

YOLO based on YOLOV10. This model introduced
the GBottleneck module, designed a lightweight
detection head GHead, added small target detection
layers, improved the SE_SPPF attention module,

and adopted the Wise-IoU loss function, achieving?2.

high precision and efficiency on multiple public
polyp datasets. However, the model still experi-
enced false negatives and false positives in extreme
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high-brightness or low-resolution scenarios, and its
generalization ability needs further improvement.
Keshavarz et al. ¥ proposed a lightweight deep
learning model based on pre-trained ResNet50,
combining transfer learning and multi-task learning
to perform both polyp classification and bounding
box detection, balancing the two tasks with a
weighted loss function. However, non-polyp image
data still relied on external supplementation, and
the dataset remained limited in terms of diversity
and scale. Viet et al. [ applied the YOLOVS object
detection algorithm to train and validate a dataset
containing 50 colonoscopy videos and 20,616 im-
ages, evaluating its accuracy in detecting polyps in
real videos through recall rate, precision, and F1
score. However, at higher IoU thresholds, the mod-
el's precision was low, and false positives were still
present. Chen et al. ['% proposed the YOLO-MF
model, which embedded a dual-feature perception
module (DFP) in the YOLOvI11 backbone network
to enhance multi-scale feature extraction ability and
introduced a fine-grained feature calibration mod-
ule (FGFC) in the neck network to alleviate the loss
of small targets and detail information, effectively
improving polyp detection accuracy in complex
scenes. However, this model has not been fully val-
idated for computational efficiency and real-time
performance, potentially facing challenges in infer-
ence speed under high computational load scenarios.
To address the shortcomings of existing gastrointes-
tinal polyp detection methods in complex scenarios
with weak texture, blurry boundaries, and strong
background noise, this paper proposes structural
improvements based on YOLOv5n. The main con-
tributions of this paper are as follows:

To address the weak texture and unclear boundaries
of polyps, we have made targeted improvements to
the YOLOVS5n structure, enhancing its feature rep-
resentation ability and detection accuracy while
maintaining model lightness.

We propose the ContextGuidedC3 module to
strengthen multi-scale contextual information mod-
eling. In the C3 module, a context-guided mecha-
nism is introduced, and multiple ContextGuided
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units are connected to effectively integrate local de-
tails and global semantics, thereby enhancing the
model's discriminative ability in complex back-
grounds.

We introduce the CARAFE upsampling operator.
By dynamically predicting reassembly kernels, it
can adaptively restore edge and texture information
based on feature content, significantly improving
the localization accuracy and boundary fitting of
small-scale polyps.

2. Method design

To enhance the feature representation ability and
object detection performance of lightweight detec-
tion networks in gastrointestinal polyp recognition
tasks, this paper is based on an improved YOLOv5n
[ network structure. The overall method is shown
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in Figure 1. In the backbone network and feature
fusion module, the original C3 module is replaced
with the ContextGuidedC3 module proposed in this
paper to strengthen the model's multi-scale seman-
tic representation and contextual dependency mod-
eling ability. This enables the model to more effec-
tively distinguish polyp regions with weak textures,
blurry boundaries, and strong background noise.
Additionally, the CARAFE content-aware upsam-
pling operator is introduced in the upsampling path
to dynamically predict the upsampling kernel,
thereby improving the reconstruction quality of
high-resolution features and providing higher edge
clarity and localization accuracy when processing

small-scale polyps.
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Figure 1. Improved YOLOvS5n Network Architecture.

2.1 ContextGuidedC3 Module

In lightweight detection networks, efficiently inte-
grating local detail features with global contextual
information is crucial for improving object detec-
tion performance. The traditional C3 module has a
simple structure and low computational cost but is
insufficient in utilizing long-range dependencies
and contextual information. To address this, this pa-
per introduces a context-guided mechanism based
on the C3 module, proposing the ContextGuidedC3
module. By concatenating multiple ContextGuided

units in the bottleneck section, it strengthens the
multi-scale contextual modeling ability. This im-
proves the representation of polyp edges and tex-
tures while adding minimal parameters, thus en-
hancing overall detection performance.

As shown in Figure 2, let the input feature be X .
First, the module performs initial feature extraction
and channel adjustment on the input through a con-
volutional layer, resulting in the feature F;.

F, =Conv, (X), €))
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Subsequently, the input Fjyis passed through the
main branch, which is composed of multiple Con-
textGuided ['Z] units, to model multi-scale contex-
tual information layer by layer and enhance seman-
tic representation, resulting in the context-enhanced
feature F

F,=CG" (F,), @

Here, CG™(-) represents the concatenation of n
ContextGuided modules. Meanwhile, a bypass is
introduced from the input X , where a separate con-
volution is applied to obtain the featureF; which is
used to preserve the original structural information
and improve the stability of gradient propagation.
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Next, the output feature F,from the main branch
and the feature F; from the bypass are concatenated
along the channel dimension to obtain the fused fea-

ture Feoncat-

concat

F :Concat(F;,FS), (@)

Finally, a convolutional layer is applied to integrate
and re-adjust the channels of the fused feature, re-

sulting in the output feature X 'of the module.

X' = Conv, (F ), (5)

concat

This structure effectively fuses deep contextual in-
formation F, with shallow local structural features
F, enhancing the feature representation ability
while maintaining a low parameter overhead.

F, = Conv, (X), ?3)
X —— Conv —> ContextGuided—»i — ContextGuided T
x
-
—  Conv —I

Figure 2. ContextGuidedC3 module.

2.2 Sampling Operator on CARAFE

In object detection networks, the upsampling pro-
cess has a crucial impact on the reconstruction qual-
ity of high-resolution features. Traditional upsam-
pling methods, although computationally light-
weight, lack adaptability to image content and are
prone to causing blurriness in edge regions, which
affects the localization accuracy of small objects.
To address this issue, this paper introduces the CA-
RAFE upsampling operator ['3], which regenerates
the feature map in a "content-aware" manner. It
adaptively predicts the reassembly weights based
on the semantic information of the input features,
thereby better restoring detailed structures and en-
hancing the representation of polyp edges and
small-scale regions.

As shown in Figure 3, CARAFE (Content-Aware
Reassembly of Features) is an innovative feature
upsampling module. Its core idea is to redefine the

upsampling process as "content-aware reassembly"”
rather than simple interpolation. Traditional meth-
ods (such as bilinear interpolation) apply fixed
computation rules to all positions, whereas CA-
RAFE generates a dynamic, position-specific up-
sampling kernel based on the semantic information
of each position in the input feature map. Specifi-
cally, it first compresses the channel dimension to
reduce computational cost, then encodes the local
context, and predicts normalized reassembly
weights in real-time. This allows the generation of
kernels that preserve sharpness in object edges
while smoothing the background to generate ker-
nels that emphasize consistency. Subsequently, the
content-aware reassembly module uses these dy-
namic kernels to extract the corresponding local re-
ceptive fields from the input features and perform
weighted fusion, outputting a refined upsampling
result.
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Figure 3. Sampling operator on CARAFE.

3. Experiment
3.1 Dataset

The dataset used in this study contains two types of
endoscopic images: wireless capsule endoscopy
(WCE) samples ' and the publicly available co-
lonoscopy dataset Kvasir-SEG 3. During the data
preparation process, the raw images were first fil-
tered and cleaned to remove low-quality samples
(such as blurry images, strong reflections, and du-
plicate frames). Then, annotations were standard-
ized using the minimum bounding rectangle and
consistency checks were performed to ensure the
reliability of the annotations. After the dataset was
divided, data augmentation techniques (such as

3.2 Experimental Platform and Hyperparameter
Setting

This experiment was conducted on a high-perfor-
mance computing environment, using PyTorch
1.10.0 as the deep learning framework, running on
a software platform consisting of Python 3.8 and
Ubuntu 20.04, combined with CUDA 11.3 to fully
leverage the parallel computing capabilities of the
GPU. The hardware configuration includes an
NVIDIA RTX 4090 graphics card (24 GB VRAM),

rotation, translation, scaling, flipping, etc.) were ap-
plied to expand the training set. A total of 1611 valid
samples were retained, including 1288 images for
training and 323 images for testing. All images
were color normalized and cropped, and resized to
a consistent resolution to eliminate pixel differ-
ences. The test set was carefully selected to cover
different types of polyps, lighting conditions, and
endoscopic viewpoints, and included some chal-
lenging images (such as blurry edges, partial occlu-
sion, or high-noise images) to evaluate the model's
stability and adaptability under complex conditions.
Figure 4 shows image samples from the polyp da-
taset.

F igue 4. Image Samlesﬁfom the polyps dataset.

an AMD EPYC 7T83 64-core processor, and 90 GB
of memory, providing ample computational support
for large-scale data loading and model training. For
the training hyperparameters, the input image size
was set to 640x640, the batch size was set to 64,
and the total number of training epochs was 200.
The initial learning rate was set to 0.01, and the
number of data loading processes was 8. The opti-
mizer's momentum factor was set to 0.937, and the
weight decay coefficient was set to 0.0005. This
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configuration not only ensured stable convergence
during the training process but also contributed to
improving the overall detection performance of the
model.

3.3 Evaluation Indicators

The experiments in this paper use the F1 score, Pre-
cision (P), Recall (R), Average Precision (AP), and
mean Average Precision (mAP) as evaluation met-

rics %], with their calculation formulas as shown

below:
Precision = To R (6)
T+ Fp
Recall = o . (7)
Tp + FN

AP = jol P(R)dR, (®)
1 )

mAP =—Z AP(i), 9)
n iz

Fl— 2 x Precision x Recall (10)

Precision + Recall
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Where T, represents the number of correctly de-
tected objects; Fp represents the number of incor-
rectly detected objects; FN represents the number
of missed detections; n represents the number of
classes; and AP (i) represents the average precision
of the i-th object class.

4. Experimental analysis

4.1 Comparison of Results from Multiple Different
models

To wvalidate the effectiveness of the proposed
method in object detection tasks, this paper selects
commonly used lightweight detection models
YOLOv5n, YOLOv8n 17, YOLOv10n 8], and
YOLOvI11n '] as baseline comparisons, and per-
forms comparative experiments under the same ex-
perimental settings. The evaluation metrics used in-
clude Recall, mAP@0.5, and mAP@0.5-0.95, to
comprehensively assess the detection performance
of the models from different perspectives. The
quantitative results of each model on the test set are
shown in Table 1.

Table 1. Comparison of Results Across Different Models.

Algorithms Recall/% mAP@0.5/% mAP@0.5-0.95/%
YOLOv5n 85.7 92.4 67.3
YOLOv8n 88.2 92.5 67.1
YOLOv10n 83.2 89.5 62.2
YOLOv1lIn 87.8 92.8 69.5
Ours 90.3 94.2 69.6

Table 1 presents a comparison of the detection per-
formance of different models on this dataset. Over-
all, Ours method achieves the best results across all
three metrics. The Recall reaches 90.3%, which is a
2.1% improvement over the second-best YOLOv8n
(88.2%), effectively reducing the miss detection
rate. The mAP@0.5 improves to 94.2%, surpassing
YOLOvlIn's 92.8%, indicating that the proposed
method has an advantage in both object localization
and classification accuracy at lower [oU thresholds.
In the more stringent mAP@0.5-0.95 metric, Ours
also slightly outperforms YOLOv11n with 69.6%
versus 69.5%, demonstrating its robust perfor-
mance across different IoU thresholds. In summary,

the experimental results fully validate the compre-
hensive superiority of our method in terms of detec-
tion accuracy and stability compared to various
YOLO lightweight baseline models.

To further analyze the false positive and false neg-
ative cases of each model in the polyp detection task
from a classification perspective, relying solely on
the global metrics in Table 1 is insufficient. There-
fore, this paper computes the normalized confusion
matrix for the predictions of different models on the
test set, as shown in Figure 5. By comparing the
confusion matrices of YOLOv5n, YOLOv8n,
YOLOV10n, and Ours, we can more intuitively ob-
serve the models' ability to distinguish between
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polyps and background samples, as well as the dif-
ferences in error classification patterns across the

Confusion Matrix Normalized
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Figure 5. Normalized Confusion Matrix: (a) YOLOvSn, (b) YOLOvVSn, (c) YOLOvIOn,; (d) Ours.

As shown in Figure 5, YOLOvV5n, YOLOv8n, and
YOLOv10n all have relatively high accuracy in cor-
rectly identifying the polyp class. Specifically,
YOLOVS5n achieves a correct detection rate of 0.92
and a miss detection rate of 0.08, YOLOv8n
achieves a correct detection rate of 0.90 and a miss
detection rate of 0.10, while YOLOv10n's detection
rate drops to 0.86 and its miss detection rate rises to
0.14, indicating relatively weaker performance. In
contrast, the Ours model achieves the highest cor-
rect detection rate of 0.93 for the polyp class and
reduces the miss detection rate to 0.07, making it
the best among the four models. Additionally, it has
the lowest false positive rate for classifying back-
ground areas as polyps, demonstrating that the pro-
posed method performs better in both reducing false
positives and false negatives. Overall, the confusion
matrix results are consistent with the conclusions
from the previous quantitative metrics, further val-
idating that the proposed method offers higher

detection accuracy and better robustness in the
polyp detection task.

To further evaluate the detection performance of
each model in actual endoscopic scenarios from a
visual perspective, relying solely on the aforemen-
tioned quantitative metrics and confusion matrices
is insufficient to fully reflect bounding box regres-
sion accuracy and confidence distribution. There-
fore, this paper selects representative polyp image
samples and visualizes a comparison of the detec-
tion results from YOLOv5n, YOLOvS8n,
YOLOvV10n, YOLOvV11n, and the proposed method
Ours, as shown in Figure 6. By examining the posi-
tions, scales, and confidence levels of the detection
boxes output by different models, a more intuitive
analysis can be made of the differences in bounding
box alignment with the lesion boundaries, suppres-
sion of redundant boxes, and robustness to complex
polyp shapes across the methods.
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Figure 6. Comparison of Detection Results from Different Models on Gastrointestinal Polyp Images: (a)
YOLOv5n; (b) YOLOVSn, (c) YOLOvIOn, (d) YOLOvIIn, (e) Ours.
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Figure 6 shows that although YOLOv5n is able to
locate the lesion area, the predicted bounding box
positions are significantly off, and the overall con-
fidence is relatively low, ranging from about 0.68 to
0.87. This indicates that its stability under complex
textures or lighting interference is limited.
YOLOvV8n shows an improvement in confidence
for some samples, but multiple highly overlapping
candidate boxes can be seen in the image, resulting
in obvious redundant confidence boxes, which is
not ideal for intuitive interpretation in clinical set-
tings. YOLOv10n’s detection results are more vol-
atile, especially in the second image where the con-
fidence is only 0.45, accompanied by box displace-

ment, indicating poor robustness in detecting

F1-Confidence Curve
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polyps with weak textures or blurry boundaries. In
contrast, YOLOvlIn’s predicted boxes are more
compact and aligned with the target area, with con-
fidence maintained between 0.78 and 0.90, though
slight boundary offsets remain for some samples.
Notably, Ours method demonstrates higher detec-
tion stability and localization accuracy across all
images. The predicted confidence significantly im-
proves to between 0.85 and 0.92, and only a single,
well-fitted bounding box is output, effectively
avoiding the redundant box issue. These visual re-
sults are consistent with the quantitative evaluation
metrics, further proving the robustness and practi-
cal value of the proposed method in complex endo-

scopic images.

F1-Confidence Curve
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Figure 7. F1-Confidence Curve: (a) YOLOvSn, (b) Ours.

As shown in Figure 7, both the F1-Confidence
curves of YOLOv5n and Ours exhibit a relatively
high and stable "platform" structure in the medium
confidence range. However, there are differences
between the two in terms of peak height and corre-
sponding threshold values: YOLOvS5n achieves its
highest F1 value of 0.88, with the peak occurring at
a confidence of around 0.524, while Ours reaches a
peak F1 of 0.90, with the corresponding optimal

Precision-Recall Curve

polyp 0.924
—— all classes 0.924 mAP@0.5

RRRRR

(a)

confidence threshold at approximately 0.453. In
comparison, Ours not only outperforms YOLOv5n
in terms of peak F1 but also shows a flatter and
wider high-platform region. This indicates that
Ours maintains a better Precision-Recall balance
across a larger confidence range, is less sensitive to
threshold selection, and exhibits more stable and ro-

bust overall detection performance.

Precision-| Recall Curve

(b)
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Figure 8. Precision-Recall Curve: (a) YOLOvSn; (b) Ours.

As shown in Figure 8, both the Precision-Recall
curves of YOLOv5n and Ours exhibit the typical
characteristic of maintaining high Precision in the
high Recall range. However, there are noticeable
differences in overall performance between the two.
YOLOvVS5n's PR curve starts to decline significantly
after Recall reaches around 0.8, with the corre-
sponding mAP@0.5 of 0.924. In contrast, Ours
maintains a smoother and slower decline in the high
Recall region, with overall higher Precision, result-
ing in an improved mAP@0.5 of 0.942. This indi-
cates that Ours can recall more targets while main-
taining a higher accuracy, thus achieving a better
balance between false positives and false negatives.
Overall, Ours demonstrates stronger stability and

detection reliability in complex scenarios, further
validating its effectiveness in model optimization.
4.2 Ablation Experiment

To systematically evaluate the contribution of each
improved module to the model's performance en-
hancement, this paper constructs multiple sets of
control experiments based on YOLOv5n and pro-
gressively introduces different structural compo-
nents for verification. Under the same training strat-
egy, the original model, the model with the CA-
RAFE upsampling module, and the complete
scheme with both the ContextGuidedC3 module
and CARAFE were tested. The performance of
each method on metrics such as Recall, mAP@0.5,
and mAP@0.5-0.95 is shown in Table 2.

Table 2. Results of Ablation Experiment.

number Experiments Recall/% mAP@0.5/% mAP@0.5-0.95/%
1 YOLOvV5n 85.7 92.4 67.3
2 YOLOv5n+CARAFE 88.8 94.1 70.1
YOLOvV5n+ContextGuid-
3 cdC3+CARAFE 90.3 94.2 69.6

Table 2 presents the ablation experimental results
with the progressive introduction of different mod-
ules based on YOLOv5n. It can be seen that the
baseline model YOLOv5n has Recall, mAP@0.5,
and mAP@0.5-0.95 values of 85.7%, 92.4%, and
67.3%, respectively. When only the CARAFE fea-
ture upsampling module is added (Experiment 2),
Recall increases to 88.8%, mAP@0.5 improves to
94.1%, and mAP@0.5-0.95 rises to 70.1%, indicat-
ing that CARAFE helps enhance the recovery of
high-level semantic information, thereby improv-
ing overall detection accuracy. On this basis, the
further introduction of the ContextGuidedC3 mod-
ule (Experiment 3) leads to a continued increase in
Recall to 90.3%, with a slight improvement in
mAP@0.5 as well, showing that context-guided
feature modeling can further enhance the model's
receptive field and discriminative ability for polyp
targets. Overall, both improvement modules play a
positive role in performance enhancement, validat-
ing the effectiveness of the designed network struc-
ture.

5. Conclusion
This paper addresses the detection challenges of
gastrointestinal polyps in clinical endoscopic sce-
narios, such as weak textures, blurry boundaries,
and complex background noise. We propose an im-
proved lightweight object detection model based on
YOLOVS5n. By introducing the ContextGuidedC3
module into the network backbone and neck struc-
ture, the model's ability to capture multi-scale con-
textual semantics is effectively enhanced, allowing
it to more accurately distinguish polyps from sur-
rounding mucosa in complex backgrounds. Addi-
tionally, the CARAFE (Content-Aware Re-Assem-
bly of Feature Elements) operator is introduced dur-
ing the upsampling stage. By dynamically predict-
ing reassembly kernels, it improves the reconstruc-
tion quality of high-resolution features, especially
excelling in the recovery of small-scale polyp edges
and details.

Experimental results on the polyps dataset demon-
strate that, compared to the original YOLOv5n, the
proposed method

significantly improves key
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metrics such as Recall, mAP@0.5, and mAP@0.5-
0.95. The model also exhibits better stability and ro-
bustness in multi-dimensional evaluations, includ-
ing confusion matrices, visual detection results, F1-
Confidence curves, and PR curves. Moreover, abla-
tion experiments validate the effectiveness of the
ContextGuidedC3 module and CARAFE upsam-
pling operator in enhancing model detection perfor-
mance.

Despite the promising results, this study has certain
limitations. The current validation is based on a da-
taset of limited scale and diversity, which may not
fully capture the variability encountered in real-
world clinical practice. Furthermore, the model's
performance under extreme conditions (e.g., severe
occlusion or poor image quality) requires further in-
vestigation. Finally, a more comprehensive evalua-
tion of the model's computational efficiency and
real-time performance on embedded devices is nec-
essary to assess its practical deployment potential.
Future work will focus on addressing these limita-
tions by expanding the dataset with multi-center
clinical data and conducting rigorous benchmarks
on portable hardware platforms.
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