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Abstract

Accurate classification of cervical abnormal cells is a crucial step in the early auxiliary screening of
cervical cancer. To address the limitations of traditional methods, including insufficient exploration
of correlations among abnormal cells within the same background, inadequate utilization of contex-
tual environmental information, and loss of feature information caused by image scale variations,
this paper proposes a cervical abnormal cell classification network based on background information
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enhancement. The proposed method introduces a graph convolution mechanism to strengthen the
feature relationships among cells within the same background. A background feature perception
module is designed to improve the model’s ability to capture contextual information. In addition, a
multi-scale dual-receptive-field fusion convolution module is employed to effectively integrate fea-
tures at different scales. Experimental results on multiple datasets demonstrate that the proposed
method outperforms several mainstream approaches in terms of classification accuracy and recall,
showing good stability and robustness. The proposed approach provides an effective technical so-
lution for automated early screening of cervical cancer.
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Figure 1. Architecture of the CAC-BIE model
[ 1. CAC-BIE &AL
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Figure 2. Structure of the MS-DRF module
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Figure 3. Schematic diagram of the GCE module
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Figure 4. Schematic diagram of the GCA module
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4.3. 3FEEIRLE

N T IRUEAR ST AR R, FRAT TR A SR ) e B 55 30 A SR AE 5 2048 i 3 S el B A AR
(153t 77 72:4F CACD-FU Fl HMCHH-TCT-CellDet ##i4E Fidb47 1 & mixf b, SRiess Fin N RFTR:

M L ATBLE H, £ CACD-FU #dlfE I, ASCEAE ST fa s HIMIAS mAas R . MHECIERE
SCUFF) DenseNet121 A7, UEHIRIET: 0.76%, F1 {EHIET: 0.61%; [FIFf A% T ResNet50. VGG16.
EfficientNetvl S AT A WM ZHR AL, ARSI VETE 7 FUE R LR G e B3R B BAR A . X 5%
B BT B RE 5 BE AT RO BRI AN I P B R, $E e e AR IR B RE A . R 2 TLUE L, 7R
HMCHH-TCT-CellDet #5454k I, A SO A [RI A B B HE 1 BE - 5 DenseNet121 AHLEL, #ERfZEFETH 1.10%,
FL{E$RTE 1.96%. SLIGEE K, ASTNEEAREREE L EA Rt et 5iz e

Table 1. Comparison results on the CACD-FU dataset
# 1. CACD-FU Xttbitie 45 Rk

WARrS Acc P R F1
ResNet50 0.8988 0.8785 0.8965 0.8869
Xception 0.8811 0.8584 0.8765 0.8668

EfficientNetvl 0.8922 0.871 0.8892 0.8795
VGG16 0.8859 0.864 0.8823 0.8726
Inception 0.9099 0.8914 0.9096 0.8999

Shufflenet 0.9046 0.8852 0.9034 0.8937
Densenet121 0.9228 0.9068 0.9231 0.9145
AR 0.9304 0.9155 0.9263 0.9206
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Table 2. Comparison results on the HMCHH-TCT-CellDet dataset
% 2. HMCHH-TCT-CellDet XJtbik i 5 R %

WARrS Acc P R F1
ResNet50 0.9507 0.9049 0.9249 0.9148
Xception 0.9399 0.8793 0.9156 0.8971

EfficientNetv1 0.9237 0.8309 0.9204 0.8734
VGG16 0.9615 0.9293 0.9367 0.9330
Inception 0.9324 0.8509 0.9257 0.8867

Shufflenet 0.9705 0.9497 0.9468 0.9483
Densenet121 0.9800 0.9730 0.9566 0.9647
AR AR 0.9910 0.9864 0.9821 0.9843

4.4. JHREASEH
NS IEASCHR H A A% oA T 5 20 5 0 2 i 20 SR PR RE O B AR ik, JATT4E CACD-FU U 73 634l
& BT T RAGMHBSRY, SEREAIR IR 3 R,

Table 3. Results of ablation experiments
3. HRILIGERR

Baseline MS-DRF GCA GCE Acc P R F1
v 0.8507 0.8549 0.8601 0.8442
v v 0.9099 0.8793 0.9156 0.8971
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