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Multi-branch deep feature fusion method for traditional Chinese
medicine intervened human cerebral stroke aided diagnosis
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Abstract: Objective Stroke is a severe human cerebrovascular disease that causes brain tissue damage due to sudden rup-

Y75 B #5:2021-08-20; & [E] B #A:2021-11-23 ; FREN A< B #A:2021-11-30

* BIE1EH M qiangyan@ tyut. edu. cn

E€WAE : HEKARREEETH (61872261 ) ; MEIUIIL I H AR 15 78 55 15 5K 5 5L 50 % FFHGRT H ( VRLAB2020B06 ) 5 4 i1 4 #E~2  F
i S 3 PO 4 B BT H (KLMEC/SXMU-201905 ) 5 1117648 d st & 1131350 H (201903D321034)

Supported by : National Natural Science Foundation of China (61872261) ; Open Project of State Key Laboratory of Virtual Reality Technology and
System ( VRLAB2020B06 ) ; Open Foundation Project Key Laboratory of Cell Physiology of Ministry of Education ( KLMEC/SXMU-201905); Key
Research and Development Project of Shanxi Province (201903D321034)

935



PEEREEF IR

JOURNAL OF IMAGE AND GRAPHICS Vol.27,No. 3,Mar. 2022

ture of blood vessels or vascular obstruction originated blood flow inefficiency. The incidence of ischemic stroke is high fre-
quency, high recurrence rate and high fatality rate. Traditional Chinese medicine (TCM) has its priority of stroke. In the
four-diagnosis-inspection, listening, asking and feeling the pulse- (in Chinese) of Chinese medicine, the prime step of
inspection shows that information extraction is one of the essential factors of TCM. But, TCM has its constraints of medical
standardization and manual factor issues. A deep learning technology is benefit to further recognize the constraints of TCM.
Method Our research illustrates a dual-branch cross-attention feature fusion model (DCFFM) based on facial images and
hand images. It can assists in predicting stroke disease well. The overall model is divided into three parts: facial feature
extraction module, hand feature extraction module and feature fusion module. For the facial feature extraction module, we
construct the subject branch and auxiliary information branch to extract facial features. In accordance with the guidance of
Chinese medicine doctors, we pre-process the facial image and use the key diagnostic area of the stroke in the face as the
input of the main branch. In addition, we also integrate the knowledge of inspection of TCM to cut out the image of the area
around the eyebrows, and use the Sobel filter to extract the gradient image as the input of the auxiliary information branch.
For the hand feature extraction module, this demonstration adopts the same double-branch structure to cut out the palm area
as the input of the main branch. In order to more stably and accurately reflect the pathological condition of the hand and
reflect the small changes in the characteristics of the hand, we convert the palm image from the RGB color space to the HSV
color space and transfer it to the differentiated auxiliary information branch. The proposed branches are respectively input to
their respective convolution blocks, and the depth characteristics of the input data are extracted based on the convolution
operation. Max pooling is used on the feature maps and batch normalization is used to prevent the model from over-fitting.
In addition, we use two loss functions to constrain the training of the two feature extraction modules, and use the total loss
to constrain the entire model. Between the two branches of each feature exiraction module, we built an information interac-
tion module (IIM) for further information interaction amongst the branches to reveal the model extract distinctive features.
It assigns a certain weight to the feature map of auxiliary information and then interconnected with the feature of the subject
branch. We use 1 X 1 convolution fusion to reduce dimensionality. Under no special operations circumstances, the IIM
can be trained in an end-to-end manipulation. For the feature fusion module, multiple convolutional layers are used for
overall fusion dimensionality reduction to generate the prediction result via the multi-branch deep feature fusion based on
fusing the depth features of the facial feature extraction module and the hand feature extraction module. Result In order to
aid model training and improve the stability and robustness of the model, our demonstration screens and extends the collected
3 011 face and hand image data. We remove some scrambled images with scars and conduct the data extension by horizontal
flipping. We remove some images of peeling, disability, background clutter and implement random option for the remaining
images to expand the data by horizontal flipping. It is determined that 3 964 images of positive and negative samples are
involved as the experimental data set. Our multiple sets of comparative experiments and ablation experiments have been
facilitated based on a variety of evaluation indicators to verify the performance of the model, such as accuracy, specificity,
sensitivity, and Fl-score. First, we compare the overall performance of the proposed method with the current mainstream
classification algorithms. Experimental results show that the accuracy of the method proposed reaches 83.36% , which is
3% —7% higher than the performance of other mainstream classification models. Based on ten-fold cross-validation, the
specificity and sensitivity reached 82.47% and 85. 10% respectively. The illustrated sensitivity shows a relatively large
advantage, indicating that the method in this paper has a better performance for the detection of true positives. Next, we
still verified the impact of facial feature extraction module, hand feature extraction module and IIM on the performance of
the model. This analyzed results show that feature extraction of face data and hand data can effectively improve the perform-
ance of the model simultaneously. In addition, the IIM has targeted the sensitivity and specificity of the model. Conclusion
Our method can use human facial features and human hand data to assist in stroke prediction, and has good stability and
robustness. Meanwhile, the demonstrated 1IM also promotes the information interaction between multi-branch tasks.

Key words: inspection diagnosis of traditional Chinese medicine; stroke; image identification; feature extraction; feature

fusion; convolutional neural network
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Overall network structure of DCFFM
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Fig.2 Hand image preprocessing ( (a) full palm image; (b) palm area image)
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Fig.3 Facial image preprocessing ( (a) facial image;(b) face key area image;(c) image of brow center area)
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Table 1 Statistics of the number of captured images
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FEEUE O X I SCHL R AE 1R R [ 5 9 ) A
HEATES A5 BB B ERE A Bl T AR OB 1 58 1 AT
%, BARITE R

G=.6 +6 (5)
K, 6, WEURIIK PR, 6, RGBS
B XFFEBEUE , T3 00 % Fr FN A PR AR A 1Y B
o JERRBT TR izl A LS H T L,
LS FMENR ST RCB Bl s i), 5 52 Y6 i
WP FH R 08 LAY 2, T HSV (hue , saturation
value ) B 6,25 [0 1 5. 4H (hue ) 1R FTEE (saturation ) F1
HIEE (value) 3 #5434 A%, Cheng % A (2001 ) ik BH
HSV 2825 [a] AT DAAR G b B8 1R s 2[R 22 52 i), 5
be 3 25 N (2019 ) ) T 1 B30 6 2 (8] i 47 7 12 2% W
RIBESE . PRI, AR SCHEE RGB B3 8,23 (] 1) 0 1R
FeAkhy HSV (0,23 18] IR AE S 3l B A5 B 23 S0
A, DT BRGS0 e s -0 A B HLAR 0, mT LA
PRBEH FAREE R NV, BT 1 Ze 0 s iy R 2
REFRE Y JE O 8 FE R LA S %0 HSV B8 %5 (1]
K.
XF T BE B TE T RS T A SCIZ W R,
JE ORI I BCRE R IR LA S 50 BB TR SRR AE 2 1%
Gerp BRI T REIZ R A, PROHCTE T R AR AR IR
B JE Ol B 3 S R Sobel S5 U8 I A% 47 55
SR AN SR A A 2 €, 2 (] 45 5 ik, X RE T LA SE 4
KA L I SRR | DT S Gl 5 B T ¥ AL 2
I, X T AR IE 4 IRURE B, R SC R A R A AN []
P A5 A AT S0, PR 0 BOB% 0 A H T 4



$27E /538 /2022 F3 B

ERIA, BE3, BE, EHER, BRE, FTEZ, MXIS
2R B S I P ERZE P2 ER

e 2 5 T PRI IR SR AE

(AR TE A, AR SCHE R e HLAEH]
T A3 ABATBR AT AGI AR Z B0 3 32, e,
FRI> i ABE X, € RP"C B3R X, C
RO BRI SR AR X, C R B A
X, CRY"C o S R iy 3K, HFL W 53318 43
TR RS, C ShEE A, B BRS04 Sl
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Fig.4 Information interaction module (TIM)
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L, =~ [y, xlog(p,) + (1 =y,) xlog(1l -p,)]
(7)
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(8)
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BRIVERE A SCR FH IR 27 ] SRS TR
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FBIEBIECE , T, AIEF I ABEE , F, R
AR ZFRIE B TBIEE |

2.3 ZTWERESH

2.3.1  RMEREXS LI



$27E /538 /2022 F3 B
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TR 7 ok R S U 58 09 5 i,
TEAEAR ST A ROME 256 R 2w LR 3 0
R 32 0 28 137 ] 37 AR SCAE: 55 b, g T 0 42 JBOAR
5 TR SRR B S J31) R 48t kg HC Al 3 28 0 2% 7R H
M ARAEAAE GO0 T AT IR Ge it i 22 05 v Y
TERETE IR

K5 B TR E iR I by 2s 7, 3R 2
R TASCIT s DCFFM 5 H Al JLF 7325 9 45 7 1
WabE BURPE FERYEA Fl-score LROFBL, Hr,
DCFFM R R | R A e 5 AT Fl-score 333l
A 83.36% .85.10% .82.47% Fil 80.25% , E45-F6 b5
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Fig.5 Comparison of histogram of accuracy among

different methods
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Table 2 Comparison of results of each evaluation index among different methods

/%

Ttk figiNen R Frsek F1-score
ResNet-34 80.02 +£2.35 83.49 +£2.23 80.18 +5.34 78.36 £1.23
DenseNet121 78.63 +0. 36 81.42 +3.46 78.11 +1.40 74.12 +0.49
VGG16 76.26 +1.24 79.81 £2.42 76.49 +3.32 73.94 +1.22
AlexNet 74.01 £2.15 76.09 +2.20 73.29 £2.08 72.33 £1.87
InceptionV3 76.28 £2.27 78.25 +3.31 75.38 £1.17 73.97 +4.11
MobileNet 75.37 £4.13 77.39 +3. 67 74.33 £3.47 73.86 +2.92
Z8C DCFFM 83.36 +2.11 85.10 +0. 82 82.47 +4.16 80.25 +1.57

TE L PR R & 5 R L4 2R

R T 2B R AR SO AR R e
X R T e R A (B 4 04T 10 F7 38 L5
WE, 6 R4 5 vk USRS bEFE bRoxt e,
H L 6(a) R 10 738 LR UE R, AR J7 i 10 2K fold
BB S F7 LL 4, DCFFM 77 %6 AH b HoAt 5 e 78
U B A B R AR T o fold9 Oy 85. 13% , AH L
B R H ResNet-34 27T 1.85% . Rtz
Hh FE fold2 | foldS | fold7 Ay f M # 3t v T Hi Ay
25, 2D BRSO VA AR A L P 1 52 th
fit, E6(b) A 10 ¥rad XEIE R, A F 5k 10 &K
fold A4S MEFE A5 FL 38, DCFFM J7 B:B% T 7 fold6
- H ResNet-34 {i% 0. 75% , 7£ Hifth fold 3 F
ResNet-34 DL S H A 77 46, BR UL Z 40, 76 fold2 I+
DCFFM 145 51y 82.54% , B A T HoAth Jr 2.

HEARAT O] LAE B, R SO 2 7 1A L LA s 2L
A AP R A e
2.3.2  HHENE B4 SNSRI PERE Y 5 R

R T AR SO R B AR B SR sk,
T A5 8533, A F2 4453 S A A T A 56
(AR SR I 26 AT e AT, S a2 SR 3k 3
JIe7s , 2R T AN T B B B B S HERR T |
R B 5 PE A0 Fl-score 43 3 2 81.62% .
82.96% .79.03% F 78.47% , HA FK4 k47
FRIEFR I, B AR SR INAE 25 48 A L ARAT B T e, O
FRUERA SR A S AR R 2% LA b, SR as R,
By S s I N ki AR DO R e R (TRl
UM B AR5 3, 78— A w5 S B B RS
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Fig.6 Performance comparison of different methods under ten-fold cross-validation ( (a) sensitivity; (b) specificity)
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Table 3 The impact of auxiliary information branch on model performance

/%

Wikr WP A Bk F1-score
AR TeH B4y 32) 81.02 +2.02 82.96 +1.33 79. 03 4. 30 78.47 £1.12
AL 83.21 +2. 41 84.65 +1. 03 82.63 +3.16 80. 10 +0. 57
WL AR R R 45 S B A 4G
T AR AR AR SR EU 0 35 TR S M3 S0 £S5 M A, FEEBUE B AL 200

HEBRR, HILXT AT 32 IV a5 A,
(I, 3 3 AN (R B B b A7 S 38, 1 Rl
B B4y 3 AL, 5 0. 1,0.2,-++,0.9 £ 10
ABUE S BIBEA TR BT , 25 R a3k 4 Fk 5 s,
ATRAE S, A, BUE 0.7, A, HUE 0. 4 B BIAIR) 45
TPk BETE bR i,

F4 IOM A, FEIBEX B EE A R0
Table 4 Influence of different values of A, in
IIM on model performance
/%

A HERfTE U Fi et F-score
0.1 82.2 84. 31 81. 08 80. 27
0.2 83. 63 84.19 81.5 80. 71
0.3 82.26 84.77 80. 81 79. 62
0.4 82.72 85.01 80. 26 79.24
0.5 82.9 83.44 80. 1 79.33
0.6 81.29 83.06 79.4 78.09
0.7 84.01 85.13 82.25 80. 31
0.8 80. 28 82.03 78.35 77.29
0.9 79.31 81.76 71.3 76.51

L AR R R 45 S B A 4G

Table 5 Influence of different values of A, in
IIM on model performance

/%

A, HERfTE U e F-score
0.1 81.28 83.11 79.74 79.1

0.2 83.1 84.52 82.48 80. 15
0.3 83. 05 84.83 82.37 80. 17
0.4 83.36 85.1 82.47 80. 25
0.5 83.3 85.05 81. 05 80.77
0.6 82.1 83.42 80. 11 79. 08
0.7 82.72 83.8 81.49 80.2

0.8 81.33 83.06 79.53 77.18
0.9 80. 38 82.19 78.72 76. 08

T L AR SR R 2% 91 Bl 45

XEF AN T35 B B S S 32, ARSI T
FHRLA 0T e, 36 U T TA7 AR ik 4 RO e 5 T35
AL SR IS e P AN [R] B AR AR P A 4 B 175 870 300 T
RABIPERERI R . (BEARE A, LR TR
% BAE— B B0 SO R — AN B o S
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758, IR T i B B A T -5 3R A A 12
W AR, JE O 0 9 SURSRAE LR 20 A A IE 25
PRI G BRI A T B2 R T, PR L T
AL S OB 4 O B 73 PR Sobel S5E
T EA T SR AN SR A B AL B 25 W) 55 07 vk IR Al
PASE S Mo T 0 B8 SO AR AE , DA T B8 4 3t i 1
TR SE I, SR A5 R N 6 P, rT LA | i
FRAFAE S ORI 2R T Sobel I &4 0 i Bh 5 B
I SRR BT R R LA . X T TR SR U
e, AL R 25 (6] BEA TS 58, DR B0 SO
7% HF LR A 5 TR B3R UA RURHIE, 51
BB T s, AT LR, TR b S Ui e v
KT HSV B2 (6] 4 S i B 05 8 0 32 R Ak 817 3k
JER LIS

* 6 MEEBFHERBUEY th R [E R iR 28 X AR B M AR A 22 I
Table 6 The influence of different filters in facial feature
extraction module on model performance

/%

UENy  MEGRYE BUEME RERME Fl-score
Sobel 83.12 85.32 81.77 80.93
Canny 82.33 85.01 81.62 80. 1
Laplace 82. 47 84.91 80.72 80.29

T L AR R % 91 B fle 4

R7T FEHLRBERDAEREZE
XA EY 4 RE B 50
Table 7 The effect of different color spaces in the hand
feature extraction module on the performance of the model
/%

gizsE fERtE U R Fl-score
HSV 83.41 86. 02 82.51  81.03
YChCr 82.3 84.82 81.27  80.11
Lab 78.33 81.7 77.39  76.24

TE O AR R 2% 91 Bl 45

2.3.3 {5 E A H AR (TIM ) XHE R RE A 520

T UE B A SO A AE B 2 B E (TIM) 7
DCFFM A /R, S50 55 41E T DCFFM 433l 7E
A OM S5 BRIV B SRR BE R B, TR A
H A, SRR AN AR HoAth 53 32 (%) I 45 2544 J iy I,
FMMER IV 5540 B A B 20 SCRAE AN F2 0K 43 S RRAE
PEATPREE  SCIR S RN 8 R, FETRAN 1IM 5 |, %
RPEREIRIHA — & $2 7, BARUERG P AT F1-score 8
FREETHEAS B 8. H 7E SO R St B34 1%
AOEETE, X EERRSE TIM i 1 X 5l B 43 S — 2 /Y
FUEE A DA F2 4853 32 5 50 Bh A5 B 20 3 2 (B i 4R AE
R L — i Oy AT o — 20 A B SR B
BRI T A 8027 2

£ (EETEA(IIM) SRR I

Table 8 The impact of IIM on model performance

/%

Tk WER A Rk F1-score
AL (JC TIM) 82.41 £0. 33 83.29 £.61 79.96 +2.59 79.52 £2.11
AL 83.10 =1. 38 85.02 +0.43 82.33 +1.26 80. 41 +1. 02

TE UL 7 R SR R % 81 el 4

2.3.4  THFREMERS T E RGO TROUERE A5 0
ZS' S po K SERREHEE QISR 2
17 7 I R SIS L, DA Tk B A 957 4 (] IR g
AT LS BEAR FLAR B T AN 2 AR LR, S 56 K
TET S AR5 A 1 B R 5 T 0 R A i IO B S 25
g5, CEAUOR BE — b 70 07 B e i 412 JBOR e k47 51
56, WL 5T A7 5 i 1 BOASE Bk 5 00 A7 5 ik 412 B
BERpPEREAE AL, SCIR A RN L 9 o, L
TR $ OB A AR & 1 38 24 ( DCFFM -face )
PO AR A e v SO R SRR R -score

I A 78.83% L 81.28% . 76.39% Fl 77.04% .
5 5T AR B P AL LR BT A R AR 4R HRRE B
(DCFFM-hand ) B, #E#f 14 | BUSAE R 521 FL-
score 77 W K 80.63% . 82.77% . 79.04% A
80. 11% . S ANKCHE [|) st g A IS, & {4 1 BE 75 v
B 2R U E R A I AR T S gt g —
A U BH UK A — ol 50 90 AR e ik B4R G i RS 1
[Fi] i 447 T 508 5000 0 ¥ A AT o B O R AT A Rk
filtG 8 IR W 3R AT 05 85 B R 6 A 4 T
BEARIPERE
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Table 9 The influence of single-part data and
multi-part data on model performance
/%

Tk IR G U O S

F1-score

DCFFM-face 78.83  81.28  76.39 77. 04
DCFFM-hand ~ 80.63  82.77  79.04 80. 11
AL 83.02 84.71  81.29 80. 27

T I R R IR £ 51 e 25

3 5% it

RT3 SO Sk DA RO R AR S
WAR TP ERISTE VA AN I BB, 458
B SIS TE I 7 TR AU 1 AR DG 27 R B T R S
FAREUGE G $2 tH—Fh 270 SR B R AR RS A B2
A PR BB T5 1:  AER T AR -5 TR A 4 U
e, TFAEAS BT SR SROBL S 3 45 48 T 5 BUAS [
IS 8 R AR, 5 K T 350 R T 190 e XA 2
TR S USRI E AR EAR B, O A vh BE B2 R
TR OO B RIRAEAE i B 5 2L —
AARBCARUE B 8 EE B A B (1IM) K 32
REOES 5 B AR IR AT AT 3005 B 28 L 5 4 P R AL R AT
PEAT Rl B A LS BRI 2 vh B, 22 2H SRR
AR S5V REAS A 8OR P T R AN TR B AT i A v
ARG BRI, $2 1 A9 5 B A BRI —E L Wl
TEFE T 203 3AE 55 WG B A H., AR SCTT 5L Res-
Net-34 DenseNet121 , VGG16 ( Visual Geometry Group
16-layer net) Fll InceptionV3 55 3= it 73 2 5 vk 78 ME A
P BB BRSSP Fl-score $8 05 LA — 21
B BEAEAT R W v B 2 U PR A b 2 AT A rh
2,

ARSIy 2 BB —E ROR (BB A R PE Y
FETHA LA 5 N2 556 b sy R i Bh 5
BEFE DT AT E— 2D I SE Ak T3k 2 )t J5 22T
YRR T LT W ST 1) 255 38 Z 3R 1 B
BRSO RS A HE— 2D 4 R R 5 2) B R F
SRR SR X AR AT 2 AE ORI AL
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