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Fig. 1 Overall architecture diagram of model
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Fig. 2 Architecture diagrams of transformer encoder block. (a) Generic structure; (b) improved structure
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Fig. 3 DW convolution diagram
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Fig. 4 Changes of dynamic IOU thresholds
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A AT DA N R 2 R B 1 2 R 4R i TR A 2T B
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A SO 5L F PyTorch HE 22, i H 8 4~ NVIDIA
GeForce RTX 2080 Ti g R#AT Y% IbamEsE T
REAILAS BE N B (SGD) B JF IR E S S8 0.9, %)
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3.3 fbbnug

T R EAR SC VR B A R FRATTAE B 4 8 R
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FEAH R B 858 v A TN G ik, S g0 25 R a3k 1 iR o
o A 6T % 40 5 T CNN A — B Be A B YOLOWVS3,
RetinaNet ™ _ DETR™' \FCOS"™ I GiraffeDet ™ P J
By BE AR Sparse R-CNN'  Cascade R-CNN"/FlI
Iter Sparse R-CNN'™'. 5 Z i F (1 H Az 6 0 45 5 AR
oo, FRAT BT #2038 B T AR R T ORS B
Sparse R-CNN 7£ Jir 4 i F (19 B b 4 i 45 A v AR 1
T F R R, 5 Sparse R-CNN A HE , 7R SO 78 45 A4~
Febn AR TR, B2 AP FI AP, 4 B4R 5 T 3.0%
F5.8% iK% T 26.1% F146.8% , & P H K &1 W FH
HI St 78 APHR bR b, A SCTy 2k 37 o H At X6 e A, iE

R AR SRR 2

Table 1 Experimental results of various models

Model AP AP, AP, APy AP, AP, Number of parameters /10°
YOLOv3 18.0 35.4 16.8 0.0 6.3 25.9 61.5
RetinaNet ™ 23.5 43.7 22.5 0.3 10.6 32.2 37.9
Sparse R-CNN"™! 24.0 42.1 23.2 0.2 10.8 33.4 108.5
Cascade R-CNN" 22.1 39.3 21.4 0.2 7.6 32.6 69.3
DETR™ 23.5 46.3 21.6 0.5 9.2 32.6 41.5
FCOS™ 23.1 41.0 22.5 0.2 12.2 32.4 32.1
GiraffeDet " 23.9 44.3 23.1 0.3 10.9 32.6 47.8
Iter Sparse R-CNN"™ 24.8 43.8 25.3 0.7 11.7 33.0 123.4
Ours 26.1 46.8 25.5 1.8 13.5 33.5 48.3
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P attF PN A 38 23 20 - — 2 A5 4000 B2 5 )
T2 SR D 2 PRAR A E TE B, BE 8 X i B3 Y
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OB R ik Fil 5 I 4 3 ek il 5 0 AR R 9 R AR A A 7]
DX 3P Y U AR N . AR N A SR Ak 2 R L 4
T AT T IEAR T atFPN, X 36 B A SCH i 0y
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PR BE O HAE /N B ARSI D7 it R B . (A
SCHI B H B D7 V5 R 5 A R b B T 0 e 0 O A Y
HiR TR Ty

F 2 ARSCEAIA attFPN B [
Table 2 Comparison between proposed model and attFPN

Model AP AP, AP,
attFPN 25.0 50.3 22.2
Proposed model 26.1 46.8 25.5

AR STy A A T % 1 T AR Ak 2 S X b 5] 5
7N B AR E MR Sparse R-CNNAE R LT 4 . K
W25 X5 Ll VAT DA Y, AR SC O v BE A% B in o At L A
W H bR DXCBR, F0 L S AR 2 8 R #53E . 1T Sparse R-
CNN AJ G823 7 AR Al BH M o — S T 5 20 H A ) oy 9 22
2 T 35k R X A Y %) UE B K 7 AR B2 e Itk b, Sparse

15 U [ A 70 Ak D 80 % b o (@) JL S AR 4% 5 (D) T #2777 5 (¢) Sparse R-CNN
Fig. 5 Comparison of detection effects of different models. (a) Ground truth; (b) proposed method; (¢) Sparse R-CNN

0307108-6



#5514 F38/2024 £ 2 B/HE#N
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Table 3 Comparison of experimental results under different

backbone choices

Backbone AP AP, AP, AP, AP, AP,

CNN(Resnet-101) 23.7 42.1 242 1.1 12.8 31.4
Transformer 26.1 46.8 255 1.8 13.5 33.5

B . R el #F 1 Transformer 4 5 %% 1 J7 3 A 38 T )R
Fe M BEARLLE AP AP, Bor 3R & T 1.8% #12.3%,
TEH A A AN 5 bR LA ik H £ B, 7E AP
FAP, 4845 b, R34 TOU {8 5y #5554 85 T [ 5
TOU [ {H R 2 3R 5 7 0.6 % F10.9% , 3% # B % ]
AW 10U [ {E e % 75 B 455 50 00 47 M 2= o) KR g
FRAE . AT LAWER 2], A SCT7 ) AP VAP, AP MHE T
AR RO T B BG4 i 2.0%6.3.0%
1.7% . X segh BLAR R B, A SCHE S W) Transformer 4
fith 25 A3 4 TOU [ {6 B 08 A3 232 TS 78 0 7 30 5
2 A %) A6 0

Fd o NTRBEH I RS g 25

Table 4 Ablation experiment results of different modules
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Table 5 Comparison among models based on dynamic IOU
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Abstract

Objective Cervical cancer is one of the most common malignant tumors and poses a serious threat to human health. However,
because the onset of cervical cancer is gradual, early and effective screening is crucial. Traditional screening methods rely on manual
examinations by pathologists, a process that is time-consuming, labor-intensive, error-prone, and often lacks an adequate number of
pathologists for cervical cytology screening, making it challenging to meet the current demands for cervical cancer screening. In recent
years, several deep-learning-based methods have been developed for screening abnormal cervical cells. However, because abnormal
cervical cells develop from normal cells, they exhibit morphological similarities, making differentiation challenging. Pathologists
typically need to reference normal cells in images to accurately distinguish them from abnormal cells. These factors limit the accuracy
of abnormal cervical cell screening. This study proposes a Transformer-based approach for abnormal cervical cell screening that
leverages the powerful global feature extraction and long-range dependency capabilities of Transformer. This method effectively
enhances the detection accuracy of abnormal cervical cells, improving screening efficiency and alleviating the burden on medical

professionals.

Methods This study introduces a novel Transformer-based method for abnormal cervical cell detection that leverages the powerful
global information extraction capabilities of Transformer to mimic the screening process of pathologists. The proposed method
incorporates two innovative structures. The first is an improved Transformer encoder, which consists of multiple blocks stacked
together. Each block comprises two parts: a multi-head self-attention layer and a feedforward neural network layer. The multi-head
self-attention layer captures the correlation of the input data at different levels and scales, enabling the model to better understand the
structure of the input sequence. The feedforward neural network layer includes multiple fully connected layers and activation functions
and introduces nonlinear transformations to help the model adapt to complex data distributions. We also introduce Depthwise (DW)
convolution and Dropout layers to the encoder. DW convolution layer performs convolution operations with separate kernels for each
input channel, capturing features within the channels without introducing inter-channel dependencies. Dropout layer reduces the
tendency of neural networks to overfit the training data, thereby enhancing the generalization of the model to unseen data.
Additionally, we design a dynamic intersection-over-union (IOU) threshold method that adaptively adjusts the IOU threshold. In the
initial stages of training, the model can obtain as many effective detections as possible, whereas in later stages, it can filter out most
false positive predictions, thereby improving the detection accuracy of the model. Using the proposed method, the model can obtain
precise information regarding the location of abnormal cells.

Results and Discussions To validate the effectiveness of our proposed method, we compare it with common general-purpose
object detection methods. The average accuracy (AP) and AP, of our method are 26.1% and 46.8% , respectively, surpassing those
of all general object detection models (Table 1). In particular, our method outperforms other comparative models by a significant
margin in AP metrics, demonstrating that our model not only detects normal-sized targets but can also detect extremely small targets.
Additionally, in a comparison with attFPN, a network specifically designed for abnormal cervical cell detection, our method
surpasses attFPN in terms of AP by 1.1% (Table 2). Visual inspection of the detection results reveals that our method more
accurately identifies target regions with lower false-positive and false-negative rates (Fig. 5). Ablation experiments indicate that
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adopting the improved Transformer encoder method increases AP and AP, by 1.8% and 2.3%, respectively, compared with the
original model. The use of dynamic IOU thresholds results in a 0.6% increase in AP and a 0.9% increase in AP, compared with the
original model (Table 4). Furthermore, a comparison between the dynamic and fixed IOU thresholds in terms of loss and AP during
the training process shows that the model with dynamic IOU thresholds experiences a faster loss reduction and achieves a higher AP in
the later stages of training (Fig. 6).

Conclusions This study introduces an automatic identification method for abnormal cervical cells utilizing Transformer as the
backbone. We further propose an enhanced Transformer encoder structure and a dynamically adjustable IOU threshold. Various
comparative experiments on datasets demonstrate that the proposed method outperforms existing approaches in terms of accuracy and
other metrics, thereby achieving precise identification of abnormal cervical cells. Through ablation experiments, it is proven that both
proposed modules enhance the accuracy of the model in identifying abnormal cervical cells. Overall, the proposed method significantly
improves the efficiency of medical image screening, saving medical time and resources, facilitating timely detection of cancerous
lesions, and presenting considerable clinical and practical value. Future research may focus on the application of semi-supervised and
unsupervised learning in the field of medical imaging to enhance image utilization, improve model detection performance, and better

meet clinical requirements.

Key words medical optics; cervical cytopathological images; object detection; medical image processing

0307108-11



	1　引　　言
	2　本文方法
	2.1　模型整体架构
	2.2　Transformer编码器
	2.3　动态IOU阈值

	3　分析与讨论
	3.1　评价指标
	3.2　数据集和实现细节
	3.3　对比实验
	3.4　消融实验

	4　结　　论

