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Fig. 2 Structure of directional Transformer. (a) Directional Transformer layer; (b) directional convolution; (¢) calculation process

i & 2 (a) ff 78, Transformer i i 45 i 5 AR F
Softmax PREN 1 X 148 FURAS 1 45 1f) (Q) FEE{H (K)
AT AR B B A IR S s A RRE(E (V) L
H 7 1) 45 BB B CRRAIE (4 25 8] ROST T 46 3 S5/ o BF
BRI 1 X 1 B BUR A A (K AR E(E (V) .
e 27 7] Transformer %y AR AF & X 19318 R

T

K
X= Softmax( Q v, (4)

dK
K d B (K B4R . W E 2(b) i, J7 a5 1
33X 3.1 X3 3X 1, ALY HKER3IMEMIX3E
FEIATIRG , o 2 a5 G 2 HE R, Hr .
1 X M A3 < 1k 5 B H T3k X6 7 i s
5 B 573k 3R 3F 5 BB B AE R 3K 7 i {5 8 1 [+]
B TR B2 B AT AR ) XOk B R ETE AR
K/NEY 2 TAE B o T 1) 46 BRUKE v 2 R R T 45 #1) e
I B, DI B AIG Transformer 7158 82 2% B2, $2 71 W
2 %oF PRI AG T Bt 0 T 2 1) 5 R M B v o SO I g ) A
TR ZNIRIE o B 2(b) Wy« 47 R R X 5 A4 3
FEAEAR N, 22 53 SC 4540 38 33 30 & 8 245 Bk 58 = FR AR
Fikne 1 AENGRLE RS 54 4 326 PR L H A0 I il
G BT RELG IR B ad R0 A R AN Sk
A B G FERAE A vl Sk A B S
3 X 3B A R B 1T 53 &, T 4R A5 B 5 %) R AIE 42 B RE
J1 o J7 1) A FULE HE B B HL AR B A R 4 & 2(e)
Fi R ¥ BN (192805 6 BUZ 09 I & 145 5, 98 5 K il
A 1 U A 0, A5 B — AN B2 AT SE B BN f

Iy SR o
2.2 BEHLCNNEBR

FF CNN Y7 ik o 3L F Transformer ) 5 7% 32
R e N S PO AN €7 e - O TS 8 i
BEARIG N T S A T AE 5 A 5 R R i
JEER I K o AL 7E Transformer #8432k H 5 0] 45 1
TR R R SE o R CNN il AT (0 % B ] 43 25 45 FH
TR L5 A8 A2 B B A TR S R e R T DL
i I ASE TR SR (H 220 T R AL ) TS AROR bl
o3 4 U Ay AR 3G 22 R T SAORE B 1Y) 4 AR
AR MBS ECRE AR . T 0T B8 R AR T3 98
THFE, 7E CNN# i it B 8, DL & 7 1 B 1
o250 S A BRI TR B i ACRRAE (81 3 AT 43 B %
FEAS G FRAL BEIE R & 25 HEAT RS 25 a0 3 T o
TR F T A AR A RRAE G 5 0 35 5 B, e b B B
BEANFEARRE R L 10 6 BU A 5508 5 T W 45 1
FEAF SR BURE 77, R AR R T s B R . Hod iR
B T A R R S, U AR B A A5 ) 4 R E
T Y38 DL A A 3 3 2 1 o 9 0 1 Ml 2 AR A
4D 308 S, D 55 A R T I A S

WE 3(a) s, 8 & B TR

X=wXx+b, (5)

A F1X A3 B R AR R AR T w 6 R T 2
ASECEMAT I SN R H K We X C X
O, o H R W 43 51 R 45 BB e BE RSS2, C R O
S350 A i N R AR P T R 3l s B R

1310001-3



243 % F 13 /2023 £ 7 B/RFZEH

(a) input feature map

7777777777777 HXW XCXN
[[TLTTETE %;, o

11111 e

”
< -
” global average pooling

Sigmoid function
\\‘ extended dimension

<wxcB
IX1XCBXN

o B

B

Conv, Conuw, --- Conwv,

ﬁ HXWXC/3

HXWXC/8
X1XCBXN

Con v,

'HXWXC/S

Conw, --- Conw,

/174747777
mxwxc [

global average pooling

Sigmoid function

K3 i REH L ()l (b) i e M

Fig. 3 Structure of lightweight convolution. (a) General convolution; (b) lightweight convolution
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Table 1 Specific results of ablation experiments

Parameter Calculation Total
Model ! , A% AUC /% R/% Fy /% P/Y%
amount amount time /s

Base 6.96X10° 2.87X10° 16670 93.444+2.1 93.604+2.0 92.69+1.6 94.33+1.7 96.04+1.8
1 5.09X 10° 2.18X 10’ 17285 94.304+3.3 94.26+3.5 94.49+3.4 95.14+3.3 95.78+3.2
2 4.68x10° 1.81x10’ 16381 95.83+2.3 95.63+2.2 96.74+2.2 96.47+2.3 96.194+2.4
3 3.75X10° 1.27x10° 15564 95.49+2.7 95.44+2.8 95.73+2.8 96.16+2.7 96.5942.6
4 1.26x10° 4.95X10° 13479 97.22+2.0 97.17+2.3 97.41+2.1 97.634+1.9 97.854+2.0
5 2.53X10° 3.98 X107 12047 97.54+1.7 97.53+1.9 97.64+1.7 97.91+1.6 98.19+1.6

FESCES 1 B A SR AR BRI T
26.88% F1 23.94% , iz 47 BB [H] JF K 45 5, & W
Transformer # CNN 118 8% 2 B A%, 1 1 4 % 1 AUC
E4y AR TE T 0.92% 0. 71% , = W% 4% B2 58 L
W B AT ARAS AP B R AR R . A 455 24T s i
RUAT DL 2 ) 2 R A, SQIEVE R K. TESE S 2, i
T 7 a1 B PR E 45 Transformer % AR S, %88 & ATTE
FE49 /I R BB AIG , v B R A AUCH 43 B+ 17 0. 92%
0. 710, BERI S bRz AT e A, SR Wy ) 5 R
AR RE AR RN B 2 R AT 7 s B . AET 456 3
T0l LA 2 A5 G v X K, BE A% T 47 b e it 4

Je FR 2 P R R B AR B0 T ) RRAE SR 4 % oK B
ik, 7ESEH 3p, S0 AT = BIRFE T 19.99%
F130.02% , 1M iz 17 B [ A 46 %6 T 4. 99% , CNN 1 43
HERBRIT AL, HES PR RERMK. LR
4 SR R R S B4 0T 73,07 % F1 72,68,
75 1) 35 B B B AR O S AR AT M R T O R, vE A
KM AUCH A ST T 1.81% F11.61% , LIRS
% Al LLF I N MG R g R AE I A8 AT I ) 48 08 T
17.72% , & W% B Ak 6 BUFE S iz 47 vp ml DL 5 4%is
io FELW S BRI SRR MR & 4R T %2
2.53X 101 3. 98X 107, Z % 115 = M3z 17 B [8] 43

1310001-5



3L 3L
WA T 79.91% .91.97% F110.62% , £ 1 X 14H
R B A A 2 vk o, ELVET SRR AUC {843 501 32 7
T0.32% F10.37% . M 45 AFTHE I, B fE T 4

case 1 case 2 case 3

pneumonia
X-ray

DenseNet
(1,3,5,6,7
error)

model 1
(1,3,6,7
error)

model 2
3,7
error)

model 5
(7 error)

243 % F 13 /2023 £ 7 B/RFZEH
i 2R A1 T Ml P X35, A G b 22 400 Bt 8 30 % DX 3k, ik A AR
FE T IRS e b 5 57 30 il 4 9 k- X 3k

P4 IR RS U AR il 58 XOt L i 34 7 18]

Fig. 4 Thermograms of ablation model on pneumonia X-ray
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Table 2 Comparison of evaluation indices with different loss functions

Model A /% AUC /% R /%
Cross entropy loss 97.54+1.7 97.53+1.9 97.64+1.7
Hinge loss'"”’ 97.88+0.9 97.86+1.1 97.984+1.0
Symmetric cross entropy loss'"’ 98.01+1.7 97.99+1.9 98.09+1.8
Focal loss™" 98.41+1.9 98.43+2.0 98.31+1.9
Class balance focal loss™"” 98.48+1.5 98.51+1.7 98.31+1.8
Balanced focal loss 98.87+0.8 98.85+1.0 98.9940.9
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Table 3 Comparison results of each model in pneumonia X-ray dataset

Model Pﬁ?jﬁr Ca:;:izfn UTria/l% A% AUC /% R/Y% F /% P/%
EfficientNeth0" 4.48%10" 1.35x 107 15155  91.524+2.5 91.68+2.8 90.78+3.1 92.65+2.6 94.61+2.4
MobileNetV 3" 1.66X<10° 6. 24107 14757  92.054+1.8 92.03+2.3 92.13+2.2 93.17+1.9 94.25+1.8

GhostNet'” 3.90x10° 1.48%<10° 15398  94.174+2.0 94.054+2.2 94.714+2.4 95.03+2.1 95.36+2.0
DeiT-S" 2.19%10°  4.24X10° 21986 92.78+3.3 92.63+3.6 93.48+3.1 93.85+3.2 94.22+3.3
T2T-ViT-19" 2.14%10° 4.33%X10° 22179 94.62+2.6 94.3742.9 95.84+2.4 95.46+2.5 95.09%2.5
XCiT-S24-16T™" 4.76x 107 8.95X10° 25142  96.02+1.9 95.944+2.1 96.40+1.8 96.62+1.8 96.84+1.9
ConvViT" 4.22X10° 9. 08X 10’ 15817 93.1743.9 92.99+3.8 94.04+4.1 94.20+3.8 94.36+4.0
Mobile-Former'"”’ 4.58%10° 9.26x10" 16124 93.37+2.8 93.284+2.7 93.81£2.8 94.43+2.7 94.88+2.9
Mobile-ViT™ 5.63X10° 1.75X< 10’ 18978  95.194+2.3 95.19+2.3 96.00+£2.4 95.27+2.3 94.55+2.2
EdgeNethS[m 5.58X10° 9.57x10° 16535 96.02+2.5 95.92+2.4 96.514+2.3 96.62+2.4 96.73+2.6
NextVit-8'# 3.18X 107 5.79X10’ 20136  96.75+2.1 96.634+2.0 97.30+2.2 97.25+2.1 97.194+2.0
LDTransformer 2.53X10° 3.98X 107 11783  98.874+0.8 98.85+1.0 98.99+0.9 99.044+0.9 99.10+0.8
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Table 4 Results of the first public dataset

Model TPR /% TNR /% A% AUC /%
DenseNet121'"% 91.00 87.00 88.13 90. 00
EfficientNetb0""’ 83.00 92.00 94. 64 95. 00

Covid-caps'™” 90. 00 95.00 95.00 97.00
ViT-B32"™! 96. 00 96. 00 96. 00 99. 10
LDTransformer 98. 55 98.97 98.71 99.53

52D NIFHARE ML R
Table 5 Results of the second public dataset

Model A/% AUC /%
CVDNet®! 97. 20 —
AF-CAP™ 99.16 98. 80

LDTransformer 99.63 99. 17
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Abstract

Objective Computer-aided pneumonia diagnosis with chest X-rays based on convolutional neural networks (CNNs) is an
important research direction. The presence of factors such as patient positions and inspiratory depth in chest X-rays images
can lead to confusion with other diseases, and existing methods ignore the directional and spatial features of images in chest
X-rays, such as the common onset of pneumonia in the middle and lower lobes of the lung. However, it is difficult to
extract the directional information and global semantic information of pneumonia X-rays by a CNN. Additionally, the
model is not sufficiently lightweight, and the time and space complexity is high. Hence, this paper proposes a lightweight

directional Transformer (LD Transformer) model for pneumonia X-rays to assist in diagnosis.

Methods

cross-stacking local feature extraction and global feature extraction, and its dense connections are used to achieve the

The densely connected architecture of CNN combined with the Transformer is constructed. It is composed of

combination of local and global information in deep and shallow layers. Next, lateral, vertical, and dilated convolutions in
parallel with the directional convolution are designed to capture spatial and directional information of different shape sizes.
The directional convolution is used to compress feature scales in the Transformer and learn global features and directional
features of images with low computational complexity. After that, the lightweight convolution in CNN is designed. It
employs a dedicated convolution kernel for each sample feature, learns features in chunks, and fuses them by a channel-
noted blender to reduce the number of model parameters and maintain efficient computation while effectively increasing the
feature extraction capability of the network. Finally, a balanced focal loss function is constructed to increase the weight of

small and misclassified samples and decrease the weight of overclassified samples.

Results and Discussions The LDTransformer model achieves high recognition accuracy with good robustness and
generalization in all three X-ray datasets of number, category, and difficulty. Smaller datasets make it difficult for the high-
performance CNN and Transformer models to learn sufficiently, while the lightweight model using a combination of both
can obtain high recognition accuracy (Table 6). Compared with various lightweight models of CNN and Transformer
(Table 4), the model in this paper has advantages in terms of the number of parameters, computation, and training time.
In particular, its lightweight design with a dedicated convolution kernel for each sample feature makes the operation
efficiency significantly better than that of existing models. Finally, the performance of each component of the model in this

paper is tested separately by ablation experiments and loss function comparison experiments, and the region of interest and
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accuracy of the model are visualized by the heat map visualization in the ablation experiments (Fig. 4).

Conclusions Considering the inadequate feature extraction and insufficient model lightweight, this paper proposes a
model for X-ray-aided pneumonia diagnosis to combine local and global information in deep and shallow layers. The
directional convolution learns spatial and directional information of different shape sizes. The lightweight convolution with
a dedicated convolution kernel for each sample feature is designed to reduce resource consumption, and a balanced focal
loss function is constructed to optimize training. The proposed model achieves the accuracy of 98. 87 % and an AUC value
of 98.85% under a small number of model parameters (2. 53X 10°), the lowest model computation (3. 98X 10%), and the
fastest total speed (12647 s) in the pneumonia X-ray dataset. It effectively extracts the directional features and global

features of pneumonia X-ray images with a high degree of lightweight.

Key words image processing; densely local and global features; directional Transformer; lightweight convolution;

pneumonia X-ray
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