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Abstract: X-ray images play an important role in the diagnosis of pneumonia disease, but they are suscep-
tible to noise pollution during imaging, resulting in the imaging features of pneumonia being inconspicuous
and an insufficient extraction of lesion features. A dense dual-stream focused network DDSF-Net is pro-

posed in this paper for the development of an aided diagnosis model for pneumonia to address the above-
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mentioned problems. The main steps of this method are as follows. First, a residual multi-scale block is
designed, a multi-scale strategy is used to improve the adaptability of the network to different sizes of pneu-
monia lesions in medical images, and a residual connection is used to improve the efficiency of the network
parameter transfer. Secondly, a dual-stream dense block is designed, a dense unit with a parallel structure
for the global information stream and the local information stream is used, whereby the transformer learns
global contextual semantic information. The convolutional layer performs local feature extraction, and a
deep and shallow feature fusion of the two information streams is achieved using a dense connection. Final-
ly, focus blocks with central attention operation and neighborhood interpolation operation are designed,
background noise information is filtered by cropping the medical image size, and detailed features of lesions
are enhanced by interpolating the medical images with magnification. In comparison with typical models
used for a pneumonia X-ray dataset, the model introduced in this paper obtained better performance with a
98.12% accuracy, 98.83% precision, 99.29% recall, 98.71% F1, 97.71% AUC and 15729 s training
time. Compared with DenseNet, ACC and AUC were improved by 4.89% and 4.69%, respectively.
DDSF-Net effectively alleviates the problems of inconspicuous pneumonia imaging features and insuffi-
cient extraction of lesion features. The validity of this model and robustness of this paper are further veri-
fied by a heat map and three public datasets.

Key words: medical image processing; pneumonia X-ray images; dense network; residual multi-scale

block; global and local information flow; focus block
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Ik 2 )RR 38 T8 (8] AH EARR OC & , DL /IS B ) AR
M P9 B $2 71 s EfficientNetb0 il EfficientNetbO
AR BE 98 BE 5 4 B 3 HEAT AR, DABE R R

BRATANHE IR A8 5 T A 4 R BT R 4% %5 ] 1Y
RegNetx032 DL #8219 2 85t AR A5 547 09 1Pk g
F F Transformer 42 4 A9 SwinTransformer LA
RegNetx032 T 6 £ i % I IH #4E 345 1 i CNN
LKL 1 S A B s NG BUA B S e o R kA T ek
7 NA Transformer, £ F 4 3 B9 2% 25 F1 I 94 i &
i 45 9% 5T FE R IR O — 2, JF 3R A3 S AF i MR .
AR SO AL DDSF-Net 78 48 26 458 A1 3 {4 K /N i) 458
A2 s R R E & B S 76.31M,
4.149G, #E i % 35 #] 98.01% , AUC {H ik %
97.99% , Z 4 M K T DenseNet, 1fi 1158 & /N g
TR MERR R R A R FL40M AUCHH
i DenseNet 43 9 #2 7+ 4.89%,2.59%,5.83%,
3.98% M 4. 6900, 5 28 MW 28 A b, A< SO AY (1Y)
HImME R T .

5 2 9 R 28 7E il 28 X6 B £ 4 B
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Tab.2 Specific results of each model in pneumonia X-ray dataset
" S iHER Ik )
i A X WM/ KRR/ BRE/% F14a%0/% AUCH/%
(M) (G)  HfE/s
VGG19Y 1096.09 39.294 26613 89.074+2.4 94.81+£2.2 86.16+£2.9 90.28+2.2 89.69+2.8
ResNet101 324.28 15.664 21291 91.3241.5 93.46+1.5 91.6841.7 92.56+1.3 91.244+1.9
DenseNet121" 60. 88 5.732 16670 93.444+2.1 96.04+1.8 92.69+1.6 94.33+1.7 93.60+2.0
SeResNet101™ 360.47 15.692 22413 93.83%£1.3 95.1241.2 94.38%1.5 94.754+1.3 93.72+1.4
EfficientNetbh0' 30. 59 0.027 15155 91.524+2.5 94.614+2.4 90.78+3.1 92.65+2.6 91.68+2.8
EfficientNetb4' " 133.91  0.068 19299 93.974+1.9 96.18%1.7 93.48+1.5 94.81£1.7 94.08+1.9
RegNetx032"" 72.66 3.955 18492 94.63%£1.6 96.01%=1.5 94.83+1.6 95.424+1.8 94.59+1.7
SwinTransformer™  411.75 18.836 24327 95.2942.1 95.7542.0 96.2942.2 96.02+2.1 95.08+2.3
NATransformer™  240.63  9.308 19529 95.6341.8 96.7141.6 95.84+1.9 96.27+1.7 95.58=+1.9
DDSF-Net 76.31 4.149 15729 98.01+1.1 98.53+0.8 98.09+0.9 98.31£0.8 97.99+1.0
L
]
E VGG19-AUC=89.69% £ 0.6 1 —— VGGI9-PR=0.9456
z ResNet101-AUC=91.24% @ ResNet101-PR=0.9502
% —— DenseNet121-AUC=93.60% § —— DenseNet121-PR=0.9652
B —— SeResNet101-AUC=93.72% & 0.4+ SeResNet101-PR=0.9641
= ——  EfficientNetb4-AUC=94.08% —— EfficientNetb4-PR=0.9675
RegNetx032-AUC=94.59% —— RegNetx032-PR=0.9694
—— SwinTransformer-AUC=95.08% 0.2 1 — SwinTransformer-PR=0 9711
NATransformer-AUC=95.58% —— NATransformer-RP=0.975
— DDSF-Net(Ours)-AUC=97.99% 001 —— DDSF-Net(Ours)-PR=0.9887
0.0 02 0.4 0.6 0.8 10 0.0 02 0.4 0.6 0.8 1.0
False positive rate Recall

5 Fiige XOt A B 4R T A B ROC 26
Fig. 5 ROC curves of each model in pneumonia X-ray da-

taset
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15 3. 1 i 64 %030 45 o B AL 2 H 524 5K 40 55 il
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TIE A [ A5 TR0 8 A BBl /) s ok 9 SR BE 0 o AE /DN
I fili 58 K 45 vb Il 58 1) 5248 R A0 S W] A2 A
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R A SCBE LA PEREFNAL # o S5 BERITE /N F AR
ifi ¢ Xt R B 4R i X L 45 2R Rk 3 i, 25 #
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Fig. 6 PR curves of each model in pneumonia X-ray data-

set
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Tab.3 Specifications of different models in small target

pneumonia X-ray dataset

foi Ay MEFR KR K F1 AUCH
ResNet101™  86.24 90.00 88.73 89.36 85.16
DenseNet121" 88.07 92.03 89.44 90.72 87.48
RegNetx032"®  90.83 94.20 91.55 92.86 90.51
NATransformer™® 92.66 93.75 95.07 94.41 91.61
DDSF-Net 95.41 97.14 95.77 96.45 95.26
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Tab.5 Deep learning model for diagnosing pneumonia X-
0.8 1 ray images (%)
‘% - o A , HURE RSE MR AUC
2 DenseNet121% 91,00 87.00 88.13  90.00
% 04 EfficientNeth5"  83.00 92.00 94.64  95.00
Z —— ResNet101-AUC=85.16% Covid-caps®  90.00 95.00 95.00  97.00
021 ety ViT-B32/%! 96.00 96.00 96.00  99.10
e DDSF-Net 98.55 98.97 98.71 99.53

—— DDSF-Net(Ours)-AUC=95.26%

0.0 02 04 0.6 08 10
False positive rate

K7 /A RRRl 58 Xt B 4 v A AR ROC il 2%
Fig.7 ROC curves for each model in small target pneu-

monia X-ray dataset
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BkL20], 3 234 5K 1E# KA A 221 5K 58 e il &% K]
%o B AR R A k[ 21], 4 8 552 K IE
.5 674 5K i & E G R 7 598 5k B e il R %
S =SB 4ROk A STk [22], 3 510 5K E A
510 5K 0 6 Jili 28 18, A SCRE R DDSF-Net 5 it
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Tab.4 Deep learning model for diagnosing COVID-19
X-ray images (%)
BB URE R ERR ORISR FI
VGG19™ 82.96 93.96 92.33 — —

Covid-caps™ 90.00 95.80 95.70 — —

DCNN'™ 97.91 91.87 — 93. 36 -
GSEN™ 93.40 98.08 95.60 92.73 95.50
DDSF-Net 98.36 98.08 98.23 98.08 98.08
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