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Abstract

Chinese herbal medicine, as a vital component of Chinese civilization, has a rich history spanning
thousands of years and plays a significant role in traditional medical systems. With the rapid ad-
vancement of modern technologies, the quality assessment and classification of Chinese herbs have
become critical tasks in driving industrial modernization. However, conventional methods for col-
lecting, sorting, and classifying herbs are typically labor-intensive, inefficient, and prone to human
error. To address these challenges, this study proposes an enhanced object detection model, termed
YOLOv8s-LCD, based on the YOLOv8s architecture. The proposed model integrates multiple atten-
tion mechanisms and large kernel convolution modules into the YOLOv8s backbone, incorporating
Large Kernel Attention (LKA), Dynamic Head (DyHead), Coordinate Attention (CoordAttention),
Convolutional Block Attention Module (CBAM), and RepLK convolutional blocks. A custom dataset
comprising 10,000 images across 45 commonly used Chinese herbal categories—including Poria
cocos, Paeonia lactiflora, and Panax ginseng—was developed for evaluation. Comparative experi-
ments were conducted against the baseline YOLOvS8s, as well as three existing variants: YOLOv8s-
ECA, YOLOv8s-GCNet, and YOLOv8s-CondConv. Experimental results demonstrate that YOLOv8s-
LCD achieves superior performance, attaining improvements of 3.7% in mAP@0.5 and 4.2% in
mAP@0.5:0.95 over the original YOLOv8s model. These findings validate the effectiveness of com-
bining multi-attention mechanisms with large kernel convolutions for enhanced feature extraction
and detection accuracy. The proposed method offers a robust and efficient solution for the intelli-
gent recognition of Chinese herbal medicine, with strong potential for real-world deployment and
industrial application.
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T — BB TR EE B RRAE A & (0 T B2 S AR MR U B VPAN 7 Pan 253192 HH T —FP LA YOLOVS 3k
WhAEH, BINREG TR R AEEE LRI R 19 444 5.0 (Gated Linear Unit, GLU), S R4,
SEALAE TR ELVR A M AR ML SR BN BE ST 0776 Zhang S (413 T —Fh R AR 2204 W 4% 25 B B AR B
AR, R R R AR AR SRR DA ST RS 2 o) SRS SRAR T B B U HER R 10 T ik . SR, XK
J7 R E W T LRSI ZACRET5S, X R AR RAEE . TR L &) B2 BRI
RSB, IR RERR . BEAG IR BN 28 [ R, SRR I 25 (CNIN)TE BUR 7 28 5 AT 25 HH LA T
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YOLOV8s-LCD. Z#EA7E YOLOV8s M 4eHy |, fla 7 2 Mid S bl 5 KRGS K, R
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ek, FERE C2f SR E MM BHR T, A REeT TRHMIERIBRE I 5 1HE S E . SHFIK, YOLOvS 4%
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ANERSS H AR I BE 7 - YOLOV8 H1 Neck £ R 1 B 5, A1/ IR T-1% 4t 1) FPN + PAN 2244 (Feature
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Figure 1. Overall structure of the YOLOVS network
Bl 1. YOLOVS WI4ZEE{KLEH
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3. YOLOvSs R Xi#
3.1. LKA X#ZEE DS

LKA (Large Kernel Attention) K% {F & JJHEH & — Pl - 2458 1 40 0 28 1k 52 BB 0 A A5 0 o A RSt e 7
PR EITE R IV, B H RepLKNet $2tt, BEAREINHEEMATHRT, MR KREH
PRI A R BRSO ERRRE )T RGBT, 0 RS B AR B 185, T ELREE A R (i
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FUZ 7 f#(Kernel Decomposition) 50, 1 J5 AR V158 P8 K 1 RAZ B U N 2 AN TR 2 8 FERUIRI B
PR G, BAERMS, LKA @ =% 41): Depthwise Dilated Convolution (V4 1l 4 5 251 5 A7)
I 5\ # (dilation rate) 7E NGNS R (AT I TG 24 R I& 328 ; Depthwise Convolution (¥ 7] 73
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Figure 2. Structure of the Large Kernel Attention (LKA) module
2. LKA K#ZEENHERE

3.2. RepLK X#%EFR

RepLKNet (RepLargeKernel Network)/2 Hi i 1 FHs(SenseTime) - 2022 4EH H 1 —Flol B G AR 42 0
ZRIEN, HozoO BRI WY KBRS (B 31 x 31, 51 x 51 55) DA M 25 (1) 52 B, AT 42
FHRERI 4 5y bR SR B AR RE T] o 5 A& Gr s AR AR 28 X 4557 38 5 FH (1) /NS B (W 3 % 3)FH L, RepLK Net
(R AZ B A5 AR AL P B 5 1 5l R B R B O A A A S5 I R AR e R . R T
FEARFFIX PP 4 R R A RE DRI, sl NREZSHATHHE T4, RepLKNet 5| AN T 4519 H S L
(Structural Re-parameterization)FZ A, BIFEYIZRMr BT H A& 70 SCE5 M 2 A 28 IR TRk R 77, TiAE
FHE PR i B B 2 0 A58 T PR A (U R — R AR, DA SIS PR 4 2 58 T AL ) o B B R
i X R YIS - RSB BT T TR R R EE A, OREE 1ORE RS R R T
Ak, RepLKNet 7£ 2 MRMAE S (W /325 BERE, 5245 5 3155 & e I s R O VERE R I, R
A RAEAMA Transformer BT R AIHLHIFIATER T, URBGEHMERXS] 75 FRAK Transformer A
FHBTMMBOR . Kk, RepLKNet M2 HANHES) 7 CNN MR R JE, WoAMEREIERE. SRR m
PR R AL T Ty 1), R ZE M 3 s .
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Figure 3. Structure of the RepLK large kernel convolution
3. RepLK X#%E&FRIZEH

3.3. DyHead ZiSERNIER

DyHead (Dynamic Head)/& H1 il K 540 5 K] 43 £ (UC Berkeley)-5 WF. 5 ih(Amazon) Bk & 5F 52 I BA T
2021 4 H I —Fh s o - A S LR, FZNH T BAsiiE 5, DR FHRHE S 758
HA R RBEANE X2 2 B RIS FLRE ST o AR A T B R il I 7R 23 [A) L dE AT 25 4 52 5 NI
BN, SEEUN 2 4 FEERFIE B AS EAL 5E B R G, AT skl St AR 2RI REEZE 57 18 X
SOREE. BN RNE R . SESGFSL AL, DyHead Ae08HLHE %N BRI P 2 R 0% M i 50 E
R AT, AT SN O T oS DX ECE HE I B SURFE . BAERFFBUR T EAUN I EIE, A 22
TE 7B/ B bR R AR 2 KB s iR PERE . DyHead 38 % /E N E B 58 FPN/PAN itk
RN FE 5T, W2 4T W YOLOVS. FCOS. RetinaNet. Faster R-CNN UK MAESE F, A Ttk
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Figure 4. Dynamic Head approach
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Figure 5. Implementation and Application of DyHead
5. DyHead SEII 5N F

3.4. CoordAttention 22%¥5;F = 114151

Coordinate Attention (AEFRVER ))& — MR ERERE IV, HAENET T fHSLERE T 2021 442
., BEM L gumEEE S I (0 SE. CBAME T [AIE BRI I RIFR . AL GuiliE e /s
ZHE TRAEEI A B R, (OGESRIBE SR, SEOLERI AR B3 2 M HRHER B ARndiK .
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YERLEE H AR RIAEE. ik, CoordAttention GIFTPEML G N2 (A7 B Ymfith, K NFFIE VR AN 23 )4
JEE (R B R B8 58 ) 43 R T 77 10 i, A A5 2 O LA B8 ) 4R 2 (AU B A B S AR G & - Jl i
Fhoy B SR 19S5 3, CoordAttention REMSFELRFFTTH L AER M F, A REL AL B br7s [ 45541
HAERE ST, SCBUEREAR) B AR A 51 LA T TR AR H bR KRR Akt B
PRIRTIN AR, B R S RO A e 5 1, |2 B TR R I 2 R RS Bl R DA R, AR
YOLOV8. MobileNetV3. EfficientNet 5545 #4H @Il tH R IFAITEREIE o HAHSC AN N s

(h)= 3 x (i)

0<i<Ww

2 (W)=t Y x(jw)
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3.5. CBAM FEHHLHI

CBAM 7 /3#L# (Convolutional Block Attention Module) [6]/& —Fh&h & Tl & 1 52 ER /)
AR B E R I A R AELIR 3 o G e e R S R 2 () PN R BV R R R, s e
H & R DG B RIEEIE 7 A OGRS A E T, TSR G R TR T, DR
FHETYRRAE R R Ae 77 SR TP R . CBAM REHR 32 A0 5 />R i3 4 2 778 (Channel Attention
Module) #1755 []7F & J1#5 R (Spatial Attention Module), M5 5 BETT . FEIBIE A Z IiEd, 458
4 R B ORI AL AN 4 JR) P S0 A R 4 N RFAE BT 4, SRR RIS R R n) & . B/, XA &
— AN L 2 BEEIHLMLP)EAT A EE AN, T2 Sigmoid R A A BB TE VR R OAUE, X NRHAE IR
B YET E AT IR 5 . AEAS AR R e, E eI 2 O RRAE T REAT B A AT Ak
BAE, BHEG WA T RE R E . REH ZEIHEREAN A Tx7 BRUZ, JFilid Sigmoid HUE ik L
AR RN A B, R 0T I Y 5 S PR RRAE A S R B Bt — R AU, R A 6 Fs .

M, (F)=o(MLP(AvgPool (F))+MLP(MaxPool (F)))

M, (F)=o (™" ([ 4vPool (F):MaxPool (F)]))

Convolutional Block Attention Module

Channel
Attention

Input Feature r Module —\

Refined Feature

Figure 6. Structure of the CBAM attention mechanism
& 6. CBAM BS540
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3.6. YOLOVS-LCD &8

kT YOLOVS 1£ 2 RFE Hbw, JUHZ/NEF K0 40 PR BL 25kl g /), A0
H T — PR T 2 2 LI R0 2544 1 s AR (4 e 7Y H AR RS I A A ——YOLOVS-LCD. iMA G T 1
RKERMAEIGEREE A KIZFER I AAREE L] B REREE . CBAM & JI4LiH| LA
BRI, CARTHSEAY () 4 R B RE 77 S TR0 B8 T BB AE FIE R A RE T fE RSB |,
AT IR T RS M sk C3 LKA, C3 Coord. C3 RepLK. DyHead il CBAM. EAATE,
C3 LKA. C3 Coord 5 C3 RepLK FHUZELE R A YOLOVS C3 B 3Emt b 51 AN VE R ML Bk 35
FAGER, IR BT SRR 3G SR 0 R B R . 12 SR AN 5 T IR 2 X245 1) 2 (R AR e A e T
M HR Ry T AR BN rp R 24 rh R PR 5 R H AR ARSI U o 538 I STANAE SR i S LN R LA [
KRICRH T RGBT A0S, K YOLOVS H AN SHE U2 P 1 C3 FEE, A& o Th R
5 C3_LKA. C3_Coord 5 C3_RepLK #iHt, iR 2 J2 AL Bl v Sl 25 18 38 5 SO0 B 2 (] X 15 B3R
kB HI R RIETIR T . 7E Neck Bidir 5] N\ DyHead 5K9H1 CBAM #idk, @it 5| SAAIAE 4 (6], (#iE
SARSSYEREFATEIA AL, SEIE R B IE R 2 REERHERL G . SUEFRIR, JEREEL G R BEIE 5 23 )
W), S PR R R A S p Al HAR R ARE 71, RHEAE BB E 2T R TRA R
EH, BK L, YOLOVS-LCD 7E{R i YOLOVS M4 31 FhE e 5 i A ME BT IR R, B gn e
SO SRR NSRS, BRI T NKERRERHERIRIERE ), A& BRIk e 5 8 &
Rt FESREGSY, ASCHEET YOLOvSs ZEMig @ bbby, 40l 5 I 4k YOLOVS KA [EISEH2H A iR
AHEAT X LSRRG, ARG b G5 AL B SR ATL AR RS B . B 53 4 i R B R I 25 s, L2 i
Bl 7 s

Figure 7. Schematic diagram of module replacement in the improved model
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4. KBERS5
4.1. BERESHRE

ASLIGAE A PyTorch JRFE2:SIHEZLLL I vscode FFIREERIT R I EE AT AR M 3 5 I 25 REAFR
Intel Core i5-12400F ZbEE2%. 32GB RAM W17, ## NVIDIA GeForce RTX 3090 GPU, 3(#f CUDA 11.8
hniE . A7 TR A PyToreh 2.1.0 5 Python 3.10. 58/ 7 YOLOv8s-LCD #5241, YOLOv8s Jif 4 A Jz
MR A (YOLOV8s-ECA, YOLOvV8s-GCNet, YOLOv8s-CondConv) I 25 5 IR TAE, HRfR T SZ6 1) &2k
PESHRTE SRR & T IS FaE . Wdk | k.

Table 1. Configuration of experimental software and hardware equipment
1. IRREHEREE

CPU RAM GPU Cuda Pytorch python
15-12400f 32.0G NVIDIAGeForceRTX3090 11.8 2.1.0 3.10

4.2. TEIEER

ASEIS K mAP@O0.5« mAP@0.5:0.95+ R4 (Precision, P)~ A [F1#(Recall, R). Param(M)~ Flops(G)
DL fps CIAE bRt A2 (RS U PE RE AT 4555 VP40 . o, mAP@O.5 R T 7E ToU BI{E N 0.5 A5 5
IR, mAP@0.5:0.95 F 4xTHih %42 7R [H ToU N HIRGCINGE 1, BENS AR BUREAL X H A5 & AL B )
TR WERA S T E A AR (Y IERE A A 2 /D R SRR ONIER, 7 Rl U R RS A e Dk 1 1
FEAR &7 BT S bR IEREAR I LB . Jl X SR AR 256 70 BT, RERE A 0Pl YOLOV8s-LCD BEAL J FoAH ¢
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Table 2. Comparison of detection performance of different models

% 2. NEMRBFIRI M BERTEE

Model Precision Recall map@0.5 map@0.5:0.95 Param(M) Flops(G) fps
YOLOv8s 0.815 0.791 0.842 0.724 11.2 28.7 110
YOLOVS8s-LCD 0.839 0.831 0.879 0.766 8.2 24.0 98
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LI 4%

=
YOLOv8s-ECA 0.791 0.799 0.840 0.722 11.2 28.7 112
YOLOvV8s-GCNet 0.798 0.806 0.847 0.726 11.3 28.9 106
YOLOv8s-CondConv ~ 0.837 0.824 0.871 0.760 359 4294 50

8 J&7~ 7 YOLOV8s-LCD B/ | J5# YOLOV8s Az H = Fh Btk it A< (YOLOv8s-CondConv. YOLOV8s-
GCNet. YOLOvV8s-ECA)TEAH [A] H B2 EUE L Al 45 R o ARFE % 2 AT UL, 25 RS RU 7 A B 24 K AT 55 A 1)
RIMFEREZES . ARILIEXT YOLOV8s-LCD 5 Ho At AH O b5 B 7E v 8 25 kar WIAE 55 Hh R ILdEAT T &
gistth, ZERAE 2 FiR. WA R RE, JR4E YOLOVSs 1EA4 5 53 5 IR IE N, (HIER
T 55 /AN REE B bAoA A e er A B A BEAS A 1 1) R SO AL o, YOLOv8s-LCD £ VU T5kS 2 45 b b
HIH A5 f A i & (Precision 0.839 Recall 0.831. mAP@0.5 0.879. mAP@0.5:0.95 0.766), [Fl A 12 ¥ #:(8.2M)
ATHEF(24.0G) 1 B FAC T HEA A, ROEHEMHR IR 2 98 fps, (HANCRIFHEILSERS, I TSRS
R PR R T4 . YOLOv8s-CondConv 7EA5 £ R I E423 YOLOvV8s-LCD (mAP@0.5 0.871.mAP@0.5:0.95
0.760), (HHSHEAEE REEINGS.9M. 429.4G), SFEMEBLEEEEZE 50 fps, FRE] T SZBRN .
YOLOvV8s-GCNet 7F Recall f1 mAP AT 3E26 15 74(0.806 0.847), FELRFFERAIEE (106 fps), [HXTE
45 5N BIANRLBEREAE Z) TS AS /o YOLOV8s-ECA U /EHE B F e R(112 fps), THEIFESJLTAAE,
{HILRS BEFRAR AR T4k YOLOVSs, Ut AUEIEER A 2 LB M MERE . 25 1, YOLOVSs-
LCD {EZ B [FIVE T SL80 1A IS B2 (0 B35 52 T, e mUB IR A 7Y & e FE AN S e AR 35, ARG
fiby SCHEARARLAE TR  24/ HAR 5 B SRR S5 o S B S 54T
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Figure 8. Visual comparison of detection results of different models

8. TEMER ARG RATIURI L
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R 5 BRI EE 4, @ T YOLOvSs-LCD #%Y, 5 YOLOv8s-ECA. YOLOv8s-GCNet.
YOLOvV8s-CondConv A Ji24f YOLOv8s #E B E4T 1 % Ll 5256 o SEaG 4 R B, YOLOv8s-LCD 1 Precision.
Recall. mAP@0.5 % mAP@0.5:0.95 VULji$abr b 35 HUAS % =1 . 45(0.839+ 0.831. 0.879. 0.766), KL
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B 05y THREHURERERE: — 7T, RAERUR IS R 2R 5] N T K BZ BP0 2 7y SCRAE . TR
PR FF R EALEE M, B9 TR B S TR ), X WU B TS AU S
E R AR BARS B2 BLAR AN 8 LR, AT e J e 7 5] R B e s 53— T, ARAR T R 00 2 Ui AL
BERENEEREERE, MY T ARE T A B , ERRAEX MK, Rl
BT 214 TS I BEAS 25 2% R s 415 S e ORr 2 1|] — Btk s FR4K, DyHead £ 2 REERHIERE G H BAR N A H
&R E A IS S R TR, HRTEAS IR B IE ST S YRR ST AN AS IR, X AT/ U B SS H AR
(G SIERLA JE B BOR, I A Bl 5 BEFER . = F R “ 4R - 6 885 - 2 RE
ERE”T WA REREIM ST 5T SRR R SOOI B R 2R, fRRE T B AR e A5/ B ARAS H 1 )25 2
o HZAH, (USBEE R BECA &5 KA AR, M HE 4R F N 3CH GCNet R RETEIL RIS ik
Y75, 1fi CondConv HH FEGRIIFEA HI&E N B /AT 2 22 HTHE I AT R AERIE )1 5%
R Z A T AR P . TR I, LA 52 BR T B o 25 S 14 5 SO Z00 AT e R ——1E
KECHETE R, B0 FHBUR B BT BN 7 FR B A FIE R 433 BLACR B e B I R/ 0 s
TC Sk S8 37 4K, . YOLOV8s-LCD Y AE 233 i JJ L 5 25 i B n B S M b [RIVE L N, MU T T 2 R
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