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Pneumonia Assisted Diagnosis Based on Hybrid Model of CNN and Transformer
YUN Kai', JIA Rong-Hao', WEI Guo-Hui', ZHAO Shuang’, LI Xue-Hui', MA Zhi-Qing' A

'(School of Intelligence and Information Engineering, Shandong University of Traditional Chinese Medicines Jinan 250355, China)
*(Laboratory Management Office, Shandong University of Traditional Chinese Medicine, Jinan 250355, China)

Abstract: Pneumonia is a prevalent respiratory disease for which early diagnosis is crucial to effective treatment. This
study proposes a hybrid model, CTFNet, which combines convolutional neural network (CNN) and Transformer to aid in
the effective and accurate diagnosis of pneumonia. The model integrates a convolutional tokenizer and a focused linear
attention mechanism. The convolutional tokefizer performs more compact feature extraction through convolution
operations, retaining key local features of images while reducing computational complexity to enhance model
expressiveness. The focused linear attention mechanism reduces the computational demands of the Transformer and
optimizes the attention framework, significantly improving model performance. On the Chest X-ray Images dataset,
CTFNet demonstrates outstanding performance in pneumonia classification tasks, achieving an accuracy of 99.32%, a
precision of 99.55%, a recall of 99.55%, and an F'l1-score of 99.55%. The impressive performance highlights the model’s
potential for clinical applications. The model is evaluated on the COVID-19 Radiography Database dataset for its
generalization ability. In this dataset, CTFNet achieves an accuracy above 98% in multiple binary classification tasks.
These results indicate that CTFNet exhibits strong generalization ability and reliability across various tasks in pneumonia

image classification.
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focused linear attention mechanism
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5) WA T BRI, 1207754 B 3 RR2E S 2. X Fh
BHAS S S AR H A LR R LR I ot R AR EL
MR R S 40 (0], AR A 7E 1200 J) B e M A T, e o ok
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4 ~ TP+TN )
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.
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5 CTFNet AL R AR A TR VA HLFE 3 iy

5 =
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g 350 S 350
£ £
£ 139 16 300 E 137 7 200
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2 -200 8 -200
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£ 2 430 100 5 9 100
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1.0 —
,/
,/
08 L
2 e
s 7
g 0.6 ,/’,
=~ 77
8 ’//
S04t o
& .= w/o CT, FLA (AUC=0.9894)
0.2 /’ w/o FLA (AUC=0.9971)
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o L L7 — CTFNet (AUC=0.9999)
0 0.2 0.4 0.6 0.8 1.0

False positive rate
6 CTFNet #£24 J HA & ROC £k
3.2 BREBSEMEMRR
N B IRAIE CTFNet BEAY ()45 250, Fodl THs
5 2B T T . % 2 IR, CTFNet & #1L
FIX Ee Ty v, HER R IA F] 99.32%, KGR AN A [0 i
it 99.5%. CTFNet ZEHFAESEHCT7 T IR AL D> T %K

True label

B R AR AE 5 ¢ B CTFNet A8 4R 17 Mot b3k
B LAY BT B B R SR R, R HY LR 4y 2R
PERE.

# 1 CTFNet R F H AR G LEER (%)
Model Accuracy Precision Recall Fl-score
w/o CT, FLA 96.93 96.41 99.54 97.95
w/o FLA 97.27 98.41 97.97 98.19
w/o CT 97.79 99.54 97.52 98.52
CTFNet 99.32 99.55 99.55 99.55
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fk_EHOMEAR TR IE MR AR, (A E R0 2, CTFNet
Ly S R A b T 4 A, TS BRAE B A3 1788
AR Ay 134, BRI AR AR MR 2 B HLIO AL g 16 4,
TRANS S AL PE RS L HORETR y 18 A, Fe W HL7E IE 614)
K7 T AR B Rt Mk . [ 6 122 T %R g ROC
i1 2k, CTFNet B AUC (Hh £k FAR) 23T 1, IEse
T HLAE X 43 9 A I S S0 7 T PR A0SR AT S
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S 350 S
R VY 2 £ & 330
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£ U 100 5 2 -100
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Predicted label {redsivcted label
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-

R 45 BB 4 T BSR40 0 20
P B A 1 AR RE 7. 0 OR T v T S 1 I PR e 3R 3
R, FEID TR BE MR BA PR IR R A, Tk T i 98 1
WS W DAME T K (3G 7 B 2, [ 7 J87R T CTFNet
1A 5 ResNet”!, SwinT?!, Dei TP AL Il ik AR
R b, A IR AR P R R A A R AT
LAY 2.

N T VR4l CTFNet BB SR B2 AL RE 70, FRATTHE
COVID-19 Radiography Database %3 £ 47 525656
UE. BATRE T WA HAT55: X rE COVID-19 Ji
i 9 AE R B8, BA KX 43 COVID-19 9 35 : fith %8
FIE & B8, 1R S86 sp AR T W FP AN [9] )1 5
G — P2 N# Chest X-ray Images #0455 R 17 1 Tl
YR E (with pre-training weights), 7 —F | & 58
MELFF R 2k (from scratch). HHER 3 IS5 SR 0T 40,
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