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FE1 CMCD-YOLO M %5454
Fig. 1 Structure of CMCD-YOLO network

K2 MSAFHead Btk 454y
Fig. 2 Structure of MSAFHead module
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Fig. 3 Structure of DualConv module
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Table 1 Lesion categories in the dataset and the corresponding

number of annotation boxes

Lesion category Train Test Total
ASCUS 1835 222 2057
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Fig. 5 Sample example of dataset
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Table 2 Comparison of different detection heads

Detector Detection  mAP50/ mAP50-  Recall /
Head % 95/% %
P3 P4 P5 Detect 61.5 35.4 60.9
P2 P3 P4 P5 Detect 62.0 35.7 61.5
P3 P4 P5 MASFF 62.3 35.9 62.9
P2P3P4P5 MASFF 62.5 36.1 63.4
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Table 3 Ablation experiments of CMCD-YOLO model
Group DBB DuCC3k2 MSAFHead mAP50 /%  mAP75/% mAP50-95/% mAR50-95/%
1 68.1 35.3 36.5 62.6
2 N/ 68.9 36.2 36.8 61.5
3 N 68.2 36.3 36.3 63.3
4 NG 69.3 34.2 36.9 66.0
5 NG NG 69.5 37.0 37.1 64.5
6 NG NG 70.1 37.3 37.5 66.6
7 N/ N 69.7 36.0 37.0 66.3
8 N/ N/ N 70.8 38.3 38.0 66.9
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K6 AR HMCHH-TCT-CellDet 54 4 b i 7] ¥4k 45 5
Fig. 6 Visualization results of different models on HMCHH-TCT-CellDet dataset

YOLO AU T YOLOvVI3 H A6, ik FAE &
fERE0.70 1 B & T YOLOv11 % 0.60 1 YOLOv12
1 0.61, % 5k E{Eh CMCD-YOLO B 5% 4 0.71,
A YOLOVIL % 0.62. YOLOvV12 1 0.64, YOLOvV13
1 0.69, [ FEAL F i 5E . X s ik T CMCD-YOLO
T il A5 A G 0 PR R0 G SO 1 A I 24, E A
02 2% S R Z2 R A0 R 285 v v A R S AT

£ CDetector B 4G 5 T A4 25 S an & 7 Fros .
CMCD-YOLO B B &1 %k 11 2895 78 K i JF AR TR 4 37 5
JE B Y Ak R A BE f o T 78 4T (HSIL-
LSIL EH& Y R ) BR80T W 28 5 & 0 728 40 i 1)
FE A S SO R D U B B RO A I8 RIA L

Wil B FRANE 2 EE Y = IR, 7R T8
AT (EAG L EAMBES X ), YOLOVIL,
YOLOv12. YOLOvVI3 ¥ 77 16 A& [7] #2 B2 i % &, 1
CMCD-YOLO 5 BN AT X 12 5 & X5l A9 4 e Se 8 1
HEBR U, A e R A R R R B A,
Sy VR AR A0 T A 2 1 BT R O A 1 e
Z5 b, CMCD-YOLO BRI 78 Z 250 2 R M2 44
S ) S BRLRS I v, T v RS B S IR R R
AN E AU AR I PR O A $ I UL AT R B AR AR
FLA B RN A . R Y R A I 4
SRS B WORS E O A R B R T TR
BEF R RS

K7 ANREEAE CDetector St 45 8y T ML 45

Fig. 7 Visualization results of different models on CDetector dataset
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Table 4 Comparison of object detection results of different

algorithms on HMCHH-TCT-CellDet dataset
mAP50 / mAP75/ mAP50- mAR50-

Method % %o 95/%  95/%
Retina Net 54.8 20.3 25.7 34.4
FCOS 61.6 21.2 27.6 37.7
Faster R-CNN"" 67.4 25.0 31.5 45.2
Sparse R-CNN 50.1 19.0 23.2 32.0
DETR 47.1 12.2 19.4 36.5
D-FINE 69.9 35.6 36.6 62.6
YOLOvV7 37.3 5.4 13.3 22.6
GD-YOLO 67.2 34.6 35.3 62.3
YOLOvS ™ 67.4 34.0 35.3 62.6
YOLOv9™ 68.5 36.0 36.9 63.6
YOLOv10™ 65.3 32.3 34.0 61.8
YOLOvI1™ 68.1 35.3 36.5 62.6
YOLOv12 67.9 35.8 36.1 65.2
YOLOv13 68.3 36.1 36.6 65.0
CMCD-YOLO (ours)  70.8 38.3 38.0 66.9
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Table 5 Comparison of object detection results of different

algorithms on the CDetector dataset

mAP50 / mAP75/ mAP50- Recall

Method

% % 95 /% /%

Faster R-CNN" 57.8 30.5 27.8 63.8
DETR 47.1 10.8 19.4 36.5
YOLOv7 60.6 15.8 33.0 61.5
GD-YOLO 61.0 27.4 34.2 61.5
YOLOv8 ™ 60.6 30.6 34.2 61.2
YOLOv9™! 61.4 34.9 35.0 62.9
YOLOv10" 60.9 32.2 34.5 62.6
YOLOv11™ 61.5 32.8 35.4 60.9
YOLOvV12 61.8 32.5 35.6 63.7
YOLOv13 60.6 33.7 34.7 59.1
MSFF-Net'*¥ 63.2 — 36.4 —

CMCD-YOLO (ours) 63.6 35.3 37.0 64.3
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Cervical Cancer Cell Detection Algorithm Based on CMCD-YOLO
Zheng Xin'*', Zhao Luxian"’, Zhang Liangliang', Chen Yiren', Liu Deyang'
'School of Computing and Information, Anqing Normal University, Anging 246133, Anhui, China;
*High Performance Computing Platform, Anqing Normal University, Anqing 246133, Anhui, China
Abstract
Objective Cervical cell detection is critical for early cervical cancer screening. However, existing algorithms fail to meet clinical
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precision demands due to the small size, clustered distribution, and high morphological variability of abnormal cells in cervical
cytology images. To address these issues, we propose CMCD-YOLO (complex small cervical cell detection-YOLO), an improved
model based on YOLOv11. First, an additional P2 detection layer is added to build a four-scale feature pyramid (P2-P5), and the
original detection head is redeveloped into a multi-scale adaptive fusion head (MSAFHead) for adaptive weighted fusion of multi-scale
features. Second, the conventional C3k2 module is redesigned as DuCC3k2, integrating 3X 3 group convolutions (for local textures)
and 1X1 pointwise convolutions (for global context) to realize collaborative feature extraction. Moreover, diverse branches blocks
(DBB) are inserted into the backbone and neck to enhance spatial information capture. Experiments on two public datasets (CDetector
and HMCHH-TCT-CellDet) show that CMCD-YOLO outperforms state-of-the-art methods, achieving 2.7 and 3.0 percentage points
improvements in mAP50 (mean average precision at an intersection over union threshold of 0.50) and mAP75 (mean average precision
at an intersection over union threshold of 0.75) compared with the baseline YOLLOv11, and providing a more accurate solution for

automated cervical cancer cell detection.

Methods CMCD-YOLO is built on the YOLOv11 framework, retaining the CSPNet-based backbone and neck while introducing
three synergistic improvements to enhance small-target detection and feature discrimination. First, MSAFHead is developed by
adding a P2 small-target detection layer to complement the existing P3-P5 layers, forming a four-level feature pyramid (P2-P5) that
preserves fine-grained spatial information of tiny cells easily lost during downsampling. The MSAFHead aligns multi-scale features
via upsampling and convolution, dynamically learns spatial importance weights through softmax, suppresses conflicting or background
features, and emphasizes discriminative cues such as lesion cell textures and adhesion traces. Second, the original C3k2 module is
replaced with DuCC3k2, integrating dual convolutional paths: 3X 3 group convolution captures local details like nuclear chromatin
distribution, while 1X1 pointwise convolution aggregates global context such as cell contour morphology, enabling collaborative
extraction of local and global features. Third, DBB are embedded in the backbone and neck, incorporating parallel branches (original
convolution, 1X 1 convolution, average pooling, and 1X 1-kX % combined convolution) to enrich feature diversity, expand receptive
field differences, and enhance sensitivity to subtle morphological changes like cell edges and nucleocytoplasmic ratios. Experiments
are conducted on a platform with an Intel Core i7 (2.50 GHz) processor, 64 GB memory, and NVIDIA RTX 3090 GPU (24 GB
VRAM), using PyTorch 1.12.1 and Python 3.9.7 under Windows 10 and CUDA 11.3. The model is trained for 200 epochs with a
batch size of 4, 640 pixel X 640 pixel input resolution, 0.01 initial learning rate, and SGD optimizer, evaluated via recall (R),
mAP50, mAP75, mAP50-95 (mean average precision averaged over intersection over union thresholds from 0.50 to 0.95), and

mAR50-95 (mean average recall averaged over intersection over union thresholds from 0.50 to 0.95).

Results and Discussions CMCD-YOLO addresses the challenges of small, dense, and morphologically variable abnormal cells in
cervical cytology images, with its three targeted enhancements validated through quantitative and qualitative analyses. Ablation
experiments on the HMCHH-TCT-CellDet dataset confirm each module’s effectiveness: the full model achieves mAP50 of 70.8%
and mAP75 of 38.3%, representing 2.7 and 3.0 percentage points improvements over the YOLOvI1 baseline, with monotonic
performance gains as modules are incrementally integrated. On the CDetector dataset (11 cell categories), CMCD-YOLO reaches
mAP50 of 63.6% and recall of 64.3% , outperforming MSFF-Net and YOLOv13. Qualitative visualizations show CMCD-YOLO
exhibits higher detection confidence up to 0.71 in dense clusters and complex backgrounds, reducing missed detections and false
positives compared to YOLOv11l, YOLOv12, and YOLOv13. It accurately identifies overlapping or morphologically diverse lesion
cells by leveraging the P2-P5 pyramid’s fine-grained information, DuCC3k2’s local-global feature fusion, and DBB’s enhanced spatial
perception. These results demonstrate CMCD-YOLQO’s ability to provide a more accurate and reliable solution for automated cervical
cancer cell detection, supporting early screening automation. Limitations include constrained feature decoupling in extremely dense,
overlapping cell clusters and higher computational overhead affecting real-time inference on edge devices. Future work will optimize

the accuracy-efficiency trade-off and enhance feature processing mechanisms for extreme dense scenarios.

Conclusions CMCD-YOLO effectively tackles the core challenges posed by cervical cells—including their small size, dense
distribution, and morphological variability—through targeted structural optimizations. By integrating a dedicated P2 small-target
detection layer, the MSAFHead, the dual-convolution DuCC3k2 module, and DBB, the model achieves superior multi-scale feature
fusion and precise fine-grained feature extraction, all while maintaining efficient computational performance. Rigorous experiments on
two public datasets, CDetector and HMCHH-TCT-CellDet validate that CMCD-YOLO outperforms mainstream detectors,
delivering reliable technical support for the automation of early cervical cancer screening. Future research will focus on three key
directions: optimizing the balance between detection accuracy and computational efficiency to enable edge device deployment,
enhancing feature decoupling and bounding box assignment mechanisms to reduce missed detections in extremely dense cell clusters,

and exploring weakly supervised training strategies to further improve the model’s generalization across diverse clinical scenarios.

Key words cervical cell; object detection; YOLOvV11; adaptive feature fusion
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