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Abstract: Aiming at the problems that a wide variety of Chinese medicinal materials have small samples, and it is
difficult to classify the vessels of them, an improved convolutional neural network method was proposed based on multi-
channel color space and attention mechanism model. Firstly, the multi-channel color space was used to merge the RGB color
space with other color spaces into 6 channels as the network input, so that the network was able to learn the characteristic
information such as brightness, hue and saturation to make up for the insufficient samples. Secondly, the attention
mechanism model was added to the network, in which the two pooling layers were connected tightly by the channel attention
model, and the multi-scale cavity convolutions were combined by the spatial attention model, so that the network focused on
the key feature information in the small samples. Aiming at 8 774 vessel images of 34 samples collected from Chinese
medicinal materials, the experimental results show that by using the multi-channel color space and attention mechanism
model method, compared with the original ResNet network, the accuracy is increased by 1.8 percentage points and 3. 1
percentage points respectively, and the combination of the two methods increases accuracy by 4. 1 percentage points. It can
be seen that the proposed method greatly improves the accuracy of small-sample classification.
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Fig. 1 Five types of Chinese medicinal material vessels
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Fig. 2 Network improvement structure
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Fig. 3 Microscopic features of Chinese medicinal material vessels
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Tab. 1 ResNet-v2-101 network structure

W2 =4 i iy RF AR, JHIE

Input 224x224 None, C
Convl 112x112 7X7,64
3X3 MaxPool , 64
[1x1,64]
3% 3,64
1x1,256|% 3
CA, 256
| SA,256 |

(1% 1,128]
3% 3,128
1x1,512(x4
CA, 512

| 54,512 |

Conv2 56X56

Conv3 28%28

[1x 1,256 ]
3 x 3,256
1x1,1024|x 23
CA, 1024

| SA,1024 |

Conv4 14x14

[ 1x1,512 ]
3x 3,512
1X1,2048 |x 3
CA,2048

| SA,2048 |

AvgPool 2048

34-d Fully Connected, 34

Softmax, 34

Conv5 7x7

Output 1x1

F2 CHERBTEERE BA:%
Tab. 2 Three-channel color space accuracy unit: %
i, 75 1] HER R i€, 75 1] MiRTES
RGB 89.8 YUV 91.4
HSV 91.4 XYZ 85.3
YCrCh 91.2 HLS 91.1
Lab 90.7 HCrCh 80.3

K RGB B0 43 [] 5 At 25 2 235 1) 5 B¢ 114 7 =0 1R
1G4 AL SR S R AT LR . 4S50 UERT , RGB-
HSV 114 6 38 38 B 2,2 [A) 4 I 46 5 A 7T LAAS 2 e i 20 2518
JRR, L HEH 28 B RGB 44 %5 [H] 19 89. 8% 42 =1 #1] 91. 6%
TS HE TN 3 i o AR B0 A ) 1 SRR AT DA, 5
b £, 25 () AR EE HSV Z0 6045 1) A 5 B2 €0 LRI A0 R 2 4
FR =R AR R R E N O R A R AR L, MR T
RGB Bl 223 ]38 1 = J5 i A 15 21 A9 R IR 6, ISV 68 23
BT AR b e ik S0 )8 A By As 2z 5, AR
i RGB B .25 ] | X6} 38 18 {5 2. A AR I8 , RGB-HSV (175 38 18 Bl
0,23 (1) 1 ARy v 24 1 G R i o 2 T A RRIE (S B ST
L5508 /INEEACEHIE ) TR 3
3.3 FEEAM IR
3.3.1 i EFE AR

TAM Sz 3 i 455 4 o) 1 27 b Ak T 4 J) e Kb Ak R G, T8
Tt A 3% 45 245 B 09 38 JE AU A G, AESS R PR AR R R R LG d
X—AR bt BRSO IR W, R4t d SHOE S 4%
FEARFAG 1 FOR AR e . SRR ES IR NE 4 TR
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Tab. 3 Six-channel color space r accuracy unit: % 7 i, Hotp Cony R 2 Ji B BT LENL B . 520 %) LG &
(01,75 7] R R 0,75 7] HiHTES 3%3.5%5 Fll 7x7 BRWE AR el o SEIREs RNk 6 iR .
RGB-HSV 91.6 RGB-XYZ 9.5 , Spatial
RGB-YCrCh 91.1 RGB-HLS 91.0 nput AvgPool Conv Attention
(Hx WxC) HxWx1
RGB-Lab 90.9 RGB-HC:Ch 90.9 R halubol RN ) HXWxD)  HxWx1)
RGB-YUV 89.7

%4 RGB-HSV+TAM ARIEZELHIERERITLE B4:%

Tab. 4 Accuracy comparison of

different compression ratios of RGB-HSV+TAM unit: %
JR4i L d R 2 R4 I d R
2 92.9 8 93.0
4 93.8

FHLUR A SOKE X [ 52 56 2017 4F ImageNet 3 38 7 4° SEnet
451 2018 4F ECCV fy CBAM 3 J8 IF: 2% ) B 20 5k 45 i TAM
PG AR AN ) 3 T 25 R 15T 6 BT, L SEnet
ZER 1Y Pooling ) 2R FH AvgPool 5%, MaxPool 1) 77 3 1E1 T 4 et
e, AT Z5E A SO B TAM 254 7] LIS
I W25 G 4 R AL RN 4 Ry e R A R D AR, SR T AR
RS B/ANEAUER RIS, SEgaE R AR 5 R .
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Fig. 6 Different channel attention models
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Tab. 5 Accuracy comparison of channel attention models unit: %

|

ReLu
—_— — B

’

Tk WA R
RGB-HSV 91.6
RGB-HSV+SEnet(AvgPool ) 91.8
RGB-HSV+SEnet(MaxPool ) 93.3
RGB-HSV+CBAM i i # 51 92.3
RGB-HSV+TAM 93.8
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Fig. 7 Spatial attention model of single-cavity convolution kernel
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Tab. 6 Accuracy comparison of different expansion coefficients

B kR HERI/%
3x3 1 91.8
5%5 2 91.8
7x7 3 91.8
9x9 4 90. 1

e LA SRR L, 2248 BURL Y S5 H RS R 3R 3%3 . 5%5 Al
TXT7 3% Z A B AT BT, 38 A % s ) s B SR B % 0T
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Fig. 8 Two-way parallel spatial attention model
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Tab. 7  Accuracy comparison of
multiple convolution kernels unit: %
R e LR MRS
3X3+5x%5 91.5 3x3+7X7 92.0
5X5+7x7 91.4 3X3+5%5+7x7 92.6

T A SC T4 MBAM 4544 55 2018 4 ECCV BT 4& Hh Y
CBAM %5 [A] 7E 3 T AR L) K 43 5901 5K FH 4 Jay Y- 2 b Ak A 4 J) e
Ak 14 25 18] 7 BT BEAT L, AN R] A 2 () 0 2 D PL
HERLUNE 9 7, HoH Pooling 1T R I AvgPool 5% MaxPool i) J5
AT 4R AL IR o 8 S0 T LI R e AR SO R
{9 MBAM 45 #5 HA 58 119 245 [ A R 43 BC AL 1 L R 6% B 4t ik
B IREARSIMER R T H . IR A5 RN 8 PR .
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Fig. 9  Different spatial attention models
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Fig. 10 Line chart of training loss
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®8 FEEBNRERAERILE AL % Tab. 10 Identification results of multi-channel color space and
Tab. 8 Comparison of spatial attention model attention mechanism models
identification results unit: %
; N 7 MR %% U2k loss (H(1E-4)
Irik HIZTHES
RGB 89.8 7.704
REB-HSV - o1.6 RGB-HSV 91.6 7. 641
RGB-HSV + CBAM %= IS 68.5 RGB+TAM+MBAM 92.9 5.809
RGB-HSV + CBAM (AvgPool) 88.8 RCB-HSV+TAM+MBAM 93.9 4732
RGB-HSV + CBAM(MaxPool) 79.8
RGB-HSV + MBAM 92.6 4 2+ _‘Lf_
g =

3.3.3 Ao EE A

RSO 38 T N2 ) B AR ARG A B UE X R AL [
8 P BE X /N A B 1) A SR AR . S A R n 5k 9
TR GRS LU AT AR SR T 2238 1 6 7S () R R
HLTIASE TR A S A 38 38 A 25 (] B AR A A B 7 RO,
MG RGBT INEEABE AR A B A 43 i AL
RAA —E T

®9 BEEMTEERANFBERNER B9

Tab. 9 Identification results of channel and spatial attention

mechanism models unit: %
ik HERR
RGB-HSV 91.6
RGB-HSV+TAM 93.8
RGB-HSV+MBAM 92.6
RGB-HSV+TAM +MBAM 93.9

3.4 ZEERGTEMER AV HER

)5, e I 22 30 T 6 5 TR 2 0 LSS B0 /A
ARSI 45 (A RO K A T2 53 IR ; TR P 45 G
WE B AL R T, X o 24 40 A S SRR PR At 2 114
BEFF o ot b PO 4 6 A I 2RI G AT 2R P, BT LUWEE B AR
SCH R S 1) 22 3 T 60,23 (] 5 33 B D AL i 28 6 vl ARSI
Y5 loss RS, 35 B XF/INFEAS B A2 AT FR 1Y Epoch HP BT PRIk
Sy H R, IR R T LA 10 BFR . L8 g R a3k 10
J7R

BT X v 2R AR S BURRAE UG IS0 22 REA Bt A 2D Hf:
DL A () J1, R SCHE T — 5 T /IR AR 118 19X 4 e ad vk
——Z 3 B RN R HLRIBRL . SCm g R R, £
T 3 0 2 (A 3 2 ) P 285 RO A HSV (0 5% [ Ol S B X
2R R AR S ORI AR DGR B AN TE , RN T /NRE AR i
AN TR PR TR0 3 T ML A A 78 0 308 o V% A 3 1A TR 1 PN I
FOAI A AR Y 22 ROBE JOAR, ol it CBAM 4544, S8 T CBAM
FISERCR I T, I ELTE g bb 43 0 1) 45 v i 3 A 2s [R) )
AR, T 0 2538 2o [ 3222 2T i 0 X B ) SRR TG4
FRAEAE B o BRSO H IR S5 MRl A ) HERR A B T
EE R T IE I T A AN AR 2 SR 2 R
EOE/5 A

AR SCAR B T R 5 AT AR A — St DA 3R A /)N
FEA (N 22 4 U Bl B2 T 7 U8 48 ) 1 23 SR R A 175 7%
J1 S N E I N [ BT = K 11 Y P SN N SRy £ N Sy 1 1 A8
LA [R] 0 €8, 23 (] B B8 S AT BRHE LA (ARG 5 1Y =
T 0,2 ()45 30 7S 38 108 66,255 )RR 1) 1) 30008, DA 52 30
I/ 22 3 (0 25 [ ) PR T Ak 3 o [ 2 T SR AT AR
J7 1w,

S E 3k (References)

(1] FREY, BB, X, 2 P2 R e (M. dbat.
ANBRCIA AT, 1986: 14-608. (XU G J, XU LS, LIUBY, et
al. Microscopic identification of Powdered Chinese Medicinal Mate-
rials [M]. Beijing: People’ s Medical Publishing House, 1986:
14-608. )



1308

AL R

% 40 %

(2]

(3]

[4]

(3]

[6]

(7]

(8]

9

[10]

[11]

[12]

[13]

T N R SR E TR MR 2 M 2 5y 2 . AR N R SE IR 25
[M]. dbmt: AR DA RRAE, 1977: 4-308. (Chinese Pharmaco-
poeia Commission. Chinese Pharmacopoeia M]. Beijing: People’s
Medical Publishing House, 1977: 4-308. )

rie N RILFIE TR 2 M b 2 . P AR N IR AL [E 24 drp 2y
R WS G IM . )M ARRHR A, 1999 3-
374. (Chinese Pharmacopoeia Commission. Colored Collection of
Microscopic Identification of Chinese Material Medica Powder from
Chinese Pharmacopoeia [M]. Guangzhou: Guangdong Science and
Technology Press, 1999: 3-374. )

AR . T2 R S (M. PRI TR EOR
2005: 1-323. (ZHAO Z Z. An Illustrated Microscopic Identifica-
tion of Chinese Material Medica [ M ].
and Technology Publishing House, 2005: 1-323. )

R BRPE I . T2 WA E ML AN R R
thREAL, 2016: 17-335. (ZHAO Z Z, CHEN H B. Chinese Medici-
nal Microscopic Identification [M]. Fuzhou: Fujian Science and
Technology Publishing House, 2016: 17-335. )

T—T, 68, A, 5% . 3T SqueezeNet TREE W45 1Y HH 245 41 K}
AR AR R P T ()], W7 4l 2019, 38(2)
130-138. (WANG Y D, SHID, LIY L, et al. Studies on identifica-

tion of microscopic images of Chinese medicinal materials powder

Shenyang: Liaoning Science

based on SqueezeNet deep network [J]. Journal of Chinese Electron
Microscopy Society, 2019, 38(2): 130-138. )
HINTON G E, SALAKHUTDINOV R R. Reducing the dimension-
ality of data with neural networks [J]. Science, 2006, 313(5786) :
504-507.
LECUN Y, BOTTOU L, BENGIO Y, et al. Gradient-based learn-
ing applied to document recognition [J]. Proceedings of the IEEE,
1998, 86(11): 2278-2324.
SIMONYAN K, ZISSERMAN A. Very deep convolutional networks
for large-scale image recognition [EB/OL]. [2019-05-20]. https://
arxiv. org/pdf/1409. 1556. pdf.
SZEGEDY C, LIU W, JIA Y, et al. Going deeper with convolu-
tions [ C ]/ Proceedings of the 2015 IEEE Conference on Computer
Vision and Pattern Recognition. Piscataway: IEEE, 2015: 1-9.
HE K, ZHANG X, REN S, et al. Deep residual learning for im-
age recognition [ C]// Proceedings of the 2016 IEEE Conference on
Computer Vision and Pattern Recognition. Piscataway: IEEE,
2016: 770-778.
HE K, ZHANG X, REN S, et al. Identity mappings in deep resid-
ual networks [ C1// Proceedings of the 2016 European Conference
on Computer Vision, LNCS 9908. Cham: Springer, 2016:
630-645.
B, B EIRR, % RO KGR I R 2 R AR
] MR TR 4R (A AR ARD . 2001, 25(6) : 597-601.
(HAN H, WANG P, TANG Z M, et al. Multiple human face de-
tection in color image with complex background [J]. Journal of

Nanjing University of Science and Technology (Natural Science

Edition) , 2001, 25(6): 597-601. )

[14] ¥, Bk, SRR, & . T YCbCr g1 2 ] F- 3543
(] 7P RIER 2244 (A AR B2 , 2017, 23(3) : 61-66.
(YANG H L, XUAN S B, MO Y B, et al. Based on the gesture
segmentation YChCr color space[J]. Journal of Guangxi Universi-
ty for Nationalities (Natural Science Edition) , 2017, 23 (3) :
61-66. )

[15] BRELZL, XM, sk . JE T 2008 38 FE: BURH 28 0 28 i A 2326
0] HEHEAR 5K, 2018, 28(12) : 200-204. (CHNE C
H, LIU B, ZHANG H. Aurora images classification based on
multi-channel fusion and convolutional neural network [J]. Com-
puter Technology and Development, 2018, 28(12): 200-204. )

[16] VTRUEG . T RGB-H-ChCr H7 B €8 25 1] B4 Jk 6 ARG 7 v F 52
[J]. B4 %%, 2011(9) : 34-38. (JIANG F B. The study of
skin detection algorithms based on the RGB-H-CbhCr new color
space[J]. Science Mosaic, 2011(9): 34-38.)

[17] CHOLLET F. Xception: deep Learning with depthwise separable
convolutions [ C]// Proceedings of the 2017 IEEE Conference on
Computer Vision and Pattern Recognition. Piscataway: IEEE,
2017: 1800-1807.

[18] XIE S, GIRSHICK R, DOLLAR P, et al. Aggregated residual
transformations for deep neural networks [ C]// Proceedings of the
2017 IEEE Conference on Computer Vision and Pattern Recogni-
tion. Piscataway: IEEE, 2017:5987-5995.

[19] HU J, SHEN L, SUN G. Squeeze-and-excitation networks [(cly
Proceedings of the 2018 TEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition. Piscataway: IEEE, 2018: 7132-
7141.

[20] WOO S, PARKJ, LEE]J Y, etal. CBAM: convolutional block at-
tention module [ C 1/ Proceedings of the 2018 European Conference
on Computer Vision, LNCS 11211. Cham: Springer, 2018: 3-19.

[21] LI X, WANG W HU X, et al. Selective kernel networks [ EB/
OL]. [2019-08-20]. https: //arxiv. org/pdf/1903. 06586. pdf.

This work is partially supported by the Specific Fund of Traditional
Chinese Medicine Industry (201407003) , the Key Project of Increase
Level

and Decrease Central Government

(2060302).

of Expenditure at the

WANG Yiding, born in 1967, Ph. D., professor. His research in-
terests include biometrics recognition, machine vision.

HAO Chenyu, born in 1996, M. S. candidate. His research inter-
ests include computer vision, deep learning.

LI Yaoli, born in 1977, Ph. D., lecturer. Her research interests in-
clude identification and quality control of traditional Chinese medicines.

CAI Shaoqing, born in 1960, Ph. D., professor. His research inter-
ests include identification and quality evaluation of crude drugs.

YUAN Yuan, born in 1978, Ph. D., research fellow. Her research
interests include identification of traditional Chinese medicines, molecu-

lar pharmacognosy.



