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Abstract; Traditional Chinese medicine (TCM) is the primary approach for treating diseases and is also
the he foundation for the development and innovation of TCM, the authenticity of TCM directly impacts
the clinical efficacy. Therefore, scientific, reasonable, and efficient quality detection of TCM is a press-
ing research topic. Cratargi Fructus (CF) as a well-known edible food in China, which has been widely
used for the ability of protecting cardiovascular and lowering blood pressure in cooking and treatment.
However, it is reported that the difference in natural environment and cultivation conditions affects the
CF’s quality and CF from different origins are easily confused, thus, the species authentication is neces-
sary. Although physicochemical, biological, and manual identification methods are widely used, they
have a high professional threshold and are inefficient. Image processing methods are easily affected by
environmental factors, which reduces their reliability. Thus, there is an urgent need to study fast and
accurate methods for the identification of CF. Inspired by CoAtNet and Swin-Transformer networks, we
have proposed a hybrid neural network model with multi-scale features, combining the local information
of the deep separable convolution network in MBConv and the non-local loss of the multi-level structure
in Swin Transformer. By acquiring different features, the superficial features including shape, color and
texture as prior knowledge have fused the high-level semantic information. A fast and effective recogni-
tion method is developed to realize the effective identification of CF from different origin. Furthermore,
a new global spatial attention mechanism is introduced, which can focus and learn the fine-grained fea-
tures of images by forming a new structure of channel attention module and spatial attention module,
Our experimental results demonstrate that our proposed method has the highest identification accuracy
of 89.306%, which outperforms other baseline models. This study highlights the potential for impro-
ving the scientific and technological level of TCM identification and broadening research on TCM.

Keywords: Multi-scale features; Neural network; Cratargi Fructus; Fine-grained recognition
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Fig. 1 The method based on image processing and pattern recognition
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(A) The network structure diagram of the original MBConv
module; (B) The newly proposed MBConv module, proposing
that the new spatial attention module is added to the SE module
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Tab. 2 The detailed experimental results of our model

Class Precision Recall Specificity
(A 0.772 0. 824 0. 968
(B) b 7 fil 0. 592 0. 692 0. 968
(O T g4 FH 0. 951 0. 893 0. 993
(D) FE ¥ A= 0. 909 0. 923 0. 987
(E)1lIFg 0. 954 0.973 0. 992
(BT pig 5 B 0. 898 0. 902 0.971
[ONIE 35 0. 746 0. 639 0. 981
(D IRTE 0. 646 0. 708 0.971
(D ARG I 0.8 0.714 0.978
(DILHR 0. 947 0. 923 0. 996

MG 2 0] DU H S 6N (] 7= b ) LA S5 531
i, (B VT b A A TR BE B IR 0. 592, Hko2
(HD I A 3 A9 73 T 23R B g 3 500 A RS A
JE 33 2% BH T 00 A1) BE PR AR Eb S B i BH A B30
B2, (O g%, (D)W R A, (E) v, (F)
WML, (DVLHX LRI 4> I R A 5
AN SCARTHR T IR VB HEFE AN ROC [ 4%, ok fliy A
TS A [v) 7= i 1 A2 A 26 300 1 .

K7 5K 8 B/R T 89— KR MIRER S
ROC &A1k, B 7 s 1 5] 10 5T 53 51 6F
REN A B T AR RIZER], 51 s B AR . 47 8 m
BLSCRREE. AT FNE X I 4 2 7 DA B S v Tt
MY IERZS AR, K8, DL 0 1 9 BT XN A
) T AR ZE ], DL e e B R AR PR %6 ) 2%
5. ROC MZMER R 0 ~ 11 Rt 0 ik
fi%).

013003-7
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Fig. 7 The experimental results of confusion matrix

Some extension of Receiver operating characteristic to multi-class
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Fig. 8 The experimental results of Receiver Operating

Characteristic (ROC)

5.3 <[ CNNs Fixpxttt

R UEA S B Re AT A SO 5 £
AA[EIH) ConvNets £ Transformers 347 T HL#R.
H i, VGG, ResNet" |, DenseNet™ | Mo-
bileNet™**) | EfficientNet™ 1 CoAtNet™ 3%k $
Focalloss 1 R4 2k sREL. 2% JEIPAN AL 1 207
BEA R T UG AR AR U ZR i S8 X FL 5
B B R AN AR B AN [R] 7 b L AR AR A AR 19 53 26
S KA ST 1 5 AN [A) ConvNets J7 ¥k B X HE

HRNER 3 FR.
£3 HUMARBRBEME ConvNets FERBI LR

Tab. 3 The results of the comparison for the multiple dif-

ferent ConvNets

Name Top-1 ACC /%  Params/M FLOPs/G
VGGH 76. 375 138.3 15.5
ResNeth44] 77. 36 25. 56 4,12
DenseNet! 4] 80. 251 14. 15 3.42
EfficientNett15] 83. 347 5. 29 0.01
MobileNett4] 82. 387 3.5 0. 32
CoAtNetH46] 78. 944 17.03 3.33
ARSI Tr v 89. 306 15. 92 4.76

MFR 3 AT AR SO A T HoA 7 VA B
4 5B 2 A %L CoAtNet, $2FF 10. 362065 4H
B VGG T T 12. 931 %5 #H# ResNet, #£7+ T
11. 946 %05 #H %% EfficientNet, 27+ T 5. 959%; M
SEYEAE T A A SCER R B A i R T AR
I AR EEHR T 25 B 4015 FRAE. J34h, A 3
S L AN R BE AR 24 SRR A A R R
ARG AR R A SR 1K THIR S A% AR X
K HAP ARG A IR s M M AR TR . 2
AT BB KRR Y [R]BF  AERf Bt AT — 2 Y Bl Y
B, M AR SCSE 5 2k MBConv 5% B 2 {1t B 5
A,
5.4 A G Transformers 7555 B %4 EE

[F) B, Z A A [\ 9 3 T Transformers 583411
Bk 5 AR SCHR 0 YR A T H R A4S VT |
MaxViTH  Swin -Transformer™ ,FocalNet™® 5
CMT A, 2[R PE A A5 70 G O S, FE LR R 3 T
WO RS, AR U 2R S X LU S g b B O
AAE.

RABREARAXTES S N RHNET
Transformer [ 77 32 47 XF H s DA SZ 56 45 S AT 0,
ARSI MR A e P U HER 28, B¢ VIT 2
T 10.541% . MaxViT 5+ 7 9. 06 %, FocalNet $#
F 7T 8.259%., ¥ Swin Transformer, $£ F} T
3. 633 %0 MKIR SRR T AN FEIEALTY ; 55 5h, 432
FEWERE R AR SO 4t AR D7 A AT ViT
CvT 528 A P AR, 035 1 2. S 45 2R
B AR SO 10 53 J2 G 435 e 3 B T A
PG 0 3 S TE 0], 388 3 Al R A B2 RG22 )2 K
FRAE S Lh R 227 ) 3 B 224 RORRE 205 DA T 52 3
AHEBE 1 0 LA ™ kS 40 5326

013003-8



%14 WA, F. AT SRR AN 2 M %69 R F) 7 3kl 4 20 4 8 B A5 37 71

% 61 &

=R 4 ETFARRE Transformers M £& L5 LIEXF L 45 R
Tab. 4 The results of the comparison for the multiple dif-

ferent Transformers

Method Top-1 ACC/% Params/M  FLOPs/G
ViTi23] 78. 765 86. 57 16. 86
MaxViTH7] 80. 246 31.1 5.6
FocalNet 8] 81. 047 27. 67 4,41
Swin Transformer ) 85, 673 28.29 4. 36
CMTL] 82. 347 9.51 0.62
CvTLs0] 82. 726 20. 23 4.53
PVTLs 78. 620 24,52 3. 81
VN 89. 306 15.92 4.76

5.5 HRhICIg

5.5.1 EFEAMARRIERR N T RUEA SR
(VR AL A 25 FRATTZE A RIS 4 1 ke
Lz NG OIS =W N e 7 Sl TR E S <
(SPA)S AR S #2819 78 3 7 AL T B
(SLA). AP L g0 >R FH 468 ) A2 325, T Rl b iy
TR RS T ARSI AL, AR I 2RS4
FEXT O SE G PR RS . BT AR B ML A
[i] 7= b LA 1) SE S0 25 R an 3 5 BT,

x5 ETARFENNHINI L LEER
Tab. 5 The comparative experimental results based on dif-

ferent attention mechanisms

W AP Top-l ACC/%  Params/M FLOPs/G
without Attention  88. 054 15. 91 4. 74
SPA 88. 824 15. 91 4. 74
SLA 89. 306 15.92 4.76

MFE 5 T LU Y AR SCHE A 1 2 T AL A R
TR B 5 89. 306 %6 AHAL Tl ] SPA, AL
A REFE T 0. 482%. [ A, 5 AN I as o) 1 2
FIHUHIAH EL 7T LABR A A 2 (8] 7 R ML AR R
R PERE R S T 1. 252%. NS B R BEKE .
SERAIFA K, PRI A SR A T 3 b
A RS . eAh, SR T G b 56 E A 1
B RCR AT — 2B B R R B IS
P E R TER 9 i 9, K B R SR Bl
BLIE RS, Horp 3 — AN & SR R S 5 A2 I MB-
Conv FRH I 55 = A2 IA SPA A ; B
Ja— A AR SR H ) k.

18 33 AT AR BN R AR 25 T L AT DAY A8 U g%
FIR R R AL IS G oG 1 I 24 5 A8 1k
NP9 AT LA HY A R TR R LA 3R A 7 P45 ) K

MR X (ROD |, 5 SPA A FE A SCH Y 1 2
FIREER T K R T ) A9 ROT @ 6 X s
22 5 T TN MER R AR A (B W JE A& (G 1l
ZREEDFAICHD L AR T B, R [ B AY 5C i 9 ROT i
P A AN ] 31 BH AN ) 3 758 A 7R T 3R 2 114 X AN
— 3 BRHIE D 25 R . AR SO IE AR S 3R
IR G HLA DX 1 D3, DT B I 45 2 2
ST A BFHE , AR T EUGUREE X B R 4
T R S8 KT U B PR B 43 25 5 U B A
AU HERA .

Origin  No Attention ~ SPA SLA Origin No Attention ~SPA SLA

Q@@ oone
- A -
G888 - ol
®B) & ~np s ©) kY
S8 Oa0e
0088 ggag
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€CCCE ompld
®) , ' '
NN oy A KoV K oy
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B9 REZLEGEENTALE
Fig. 9 The visualization of the different attention mod-
ules for each class

5.5.2 RREABBESN sk NIUEEH] MBConv
BB 20 AR S L B 8 PR A 2
£S5 Swin Transformer fHRFEITLH A, % FEXT
FUSEER (9 23 P » B b BB ACIE 2 5 A SC P f
FIff) MBCony HE ekt — 5. H FLUXT L 3145
RN 6 Fn.

*x6 ETARSRERMIIE LR
Tab. 6 The comparative experimental results based on dif-

ferent CNN modoule

CNN #EiHe Top-1 ACC/% Params/M FLOPs/G
VGG 86. 431 31. 42 10. 51
ResNet[#4] 87. 272 56. 34 4,57
DenseNet[#4] 87. 654 89. 97 4.18
MobileNet[#4] 87. 817 10. 83 3. 94
ATy 89. 306 15. 92 4.76

XTI 6, VGG 45 2Rl 45 T, ResNet Sy 5%
224, DenseNet 5 7% % #:48 F1, MobileNet |
S TREE ] 3 B A B B 5 AR R 45 2R T R AR SR A
BB BRI S8R SRR A B
VKSR ACER A S5 o BT FH A MBConv 5 8 g
ARICENG A 4 5 ORLEE AR , AL ResNet, $2 5
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2.304% ;DenseNet, #2517 1. 652% ; A8 F Mo-
bileNet, #5517 1. 489 %, JaIE 1 BT {i A B i) )
S A

6 % it

AR SR X AN [R5 Hi 1 v 245 44 20000 R 2R AT
Mt %5, 52 CoAtNet 5 Swin-Transformer %%
Ja & &G MBConv #8523 v 8 B ] 43 25 45 TR N 2%
Xf R A B 4R 25 5 Swin Transformer R
ZJZ R EE R T R b I 45 A R B 2 1) A AR S
P& — T TR VR P 5 I £ AR 3 ot AR
BT ZBAFE B AR IEAR L B 5 SO A5 %
JERFEAE R S5 AR S & R 0E SUE B AT RRE
TG s SEBGE AN [] 7= b 11 A 20 7 32 PR 1) s A S
ol SE Ak SRR 25 A A3 AT AR SO O A e 1 200
HE % A 89. 306%, A # CoAtNet, # Ft
10. 362% ; /1% ResNet, # 7+ T 11. 946 %0 ; %%
EfficientNet, #2775, 959 %0 s NSZH G 7T & 1Y
AR SR D T A R T AR BRI 4
. N SEER B AT A A SCRE 0 5 ik e A AR B
G AN R AR, S0 22 A B U, 55 AR
SCHR I R S B UE T 4R A AR o
SEOGEE B A SCHE BT % T B WL AR
SPALFETET 0. 482065 55 ANUR i 23 8] v 28 J7 HL ik
A BRI PERE SR 75 T 1. 252%. 7 4hE i X A
Ii) A TR 5 ARUARE e 14 90 il 3 3IE S 1 AR SOl F MB-
Conv LRl 5 G Bk, 520645 B AR SC
PR 0 T AR R IR IE 5 TR R L
5B ARG T R = 6 0 4L R AR 20, AT
15 B 24527 > B0 UG FRE , R AR T EG R E8
X358 %) AR AE 2001 o P 20 S BHGT A [6] 72 b, L s 200
EUL I 5328 51050, R AL BB 3R THA BURAE H.
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