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Lightweight Detection Algorithm for Tibetan Medicinal Plants
Based on Improved YOLOvVS

LUO Zhiling, LI Dong, LIU Xiaojing
(School of Computer Technology and Application, Qinghai University, Xining 810016, China)

Abstract: Due to the harsh growth environment of Tibetan medicine, it is very difficult to manually identify Tibetan medicinal plants. A light-
weight detection algorithm LTP-YOLO based on improved YOLOvS is proposed to detect Tibetan medicinal plants in outdoor environments.
Firstly, replace the YOLOVS feature exiraction network with MobileViT to reduce the number of algorithm parameters and computational com-
plexity. Secondly, the introduction of the content aware feature recombination upsampling operator CARAFE helps the algorithm perceive con-
textual information during upsampling. Once again, a multi—scale fusion attention mechanism MFA is proposed to establish local cross channel
interaction to improve the detection accuracy of the algorithm. The experiment shows that the proposed algorithm reduces the parameter size
from 3.02 MB to 1.28 MB and the computational complexity from 8.2 GFLOPs to 5.8 GFLOPs on a self built Tibetan medicine plant image data-
set. Compared to YOLOvVS, the mAP@.5 of the proposed algorithm is superior, demonstrating its ability to meet the high—precision and low
computational deployment requirements of mobile devices, and demonstrating broad application prospects in various intensive plant detection
tasks.

Key Words: Tibetan medicinal plants; deep learning; object detection; lightweight algorithm; YOLOv8

HOh R ) A AR BT TR SO AR 2 (. SR, R
?Hﬁ%L%ikf%ﬁﬁﬁkﬂ%&%%&ﬂﬁU&i
WU TARXMERE R . O T it LA [RDEE, A S0 He Hh —Fh g
TR R P s R AR WM Rk Z—, N AR R A A RN T5 vk O U B e s B

0 35

T

%5 B H9:2024-09-02
P - #mRES . ;]
He£mB. lz«wkﬂ%c"%/\iﬁa(6z366o43) FEAAFHIT 2023 F+ KB R A4 H-F &R B FRM(ZYYSDPT-2023-02)
EEEN . ¥ &£45(1995-), 8, FHKFiHH #MM:L%FJﬂ%rfazﬁﬂ%mi,ﬁﬁmﬁﬁﬁfﬁﬁ‘#v 5 B AR 5 A (1987-), B 1%
+,FHERXFHENFERE BN LRI A FI0 B A ZE R ﬁnl:a—@%ﬁuﬂ X B4 (1980-) , %, A+,
FHERFTENERE BB FRHGE AL A F 07,5157 77 & A EAALE w{a % RKBIRAEE 2 B,




%14

B ZEAR R 3 TG YOLOVS (Y2t Ak g2 b S i vk - 87 -

AR BE 2 TR R 2 A AR, A RHE S T2 R S
(Al

AT R Bl TR B 2 20 B I AN T BT, 5 AR 22 I
ZEAE BRI O T R IR S, B IR BE 2 ) 1 H ARk
DA EAEAE P R I 37 557 b 8Ok F23aE , £ 53 4 L Faster
R-CNN AR A0 B 25 LA YOLO AU B B B
Bk Hob, R B AR T W B A 2 T R AE
{4 A 1 5 T 1 20 TR TEAGI B B S 0R BRI

TEAE PRI L AR5 b A8 A SCRER s i ik
WAS T B n ARG B2, E R 22 B A S 6 % vh AT
W, 7E BF AR A 2 H AR IR B 1Y SE e /b, A, H AT
T E AR I B R S5 R 52 A TR RO, ME DL B
A R s e b, BRI i B AR TE B M A
HIIRZ75 A I VAAE I

3245 DR G AR 1) A A PR 5 S A 22 5, AT SRR X
2 A R HEA T B ARASI o SRy, AR SRR T H R SR I 0 B
B B B AR R 3L YOLOVS , 8 01 A FR (9 %8 sl A I 152 4%
IR D — o ELAT R A 1100 B A %) 9 245 6 AL 0 A
B LTP-YOLO. 156, WA At AL R AR £ HU R 255
A i BRS80S f5 A 1) Mobile ViT R &4 YOLOVS i)
RS IR 285 LA i /0 312 2 B A5 R T 3
BRI RE BT AR shie s b H
WL I bR R 2 R0 R AR T2 9 2% 45 749 (Content—
Aware ReAssembly of Feature, CARAFE) i 5 ¥ 76 8 KA
JERSZ T IR BT SOE BRI SRR A S B, I3 o A
TSR A AR S I A 0 A AR, DT S B E A 28
AR AL B SR AR SCHR Y 22 ROBE Rl B T R O AL
(Multi-scale Fusion Attention, MFA ), f#i 55y 7 7% A 1 1 [
AL G BT 7 R B A B, MR A AR R A R
AR H AR AR E

AR F B TTERA LA U s QO T HR 0 38 5 5 R 5
T A 43 il DLGECZG B R AR 10 940 SR IFMR 2 WY R 2h
R RGBSR B, S AR DI S8 AL T D i) i dl S 4%
QH YOLOVS I RFAE 4 I 265 25 48 Ay 4% et A1 % 4% Mobile V-
i, B Rl b 1 B3 S i A o (G R T (58 b
FAES 12 R SR I B4 s @5 1AL RABE 28I
FEAEH 20 ) 4% CARAFE, 3138 i 22 B il & 0 = 0 AL
MFA 32 732 A6 IR 8, fo A SCR vk A0 24 o AR A A
%5 T ER R AE T YOLOV8 ik

1 tHXIME

FIRI , AL 7 JE A F AR I 530k 32 2800 L S ]
QAL BRRITTRE 7 2] o A% G PR G A BB 38 ok A IO ) 50
T3 AT BAE @ IR AN SRR 1 8 5 AR AT 52
SEIRAF R T O A B v ELRS 2 LS B U K -F
DA e T vk il R SE BRI A5 5K o B BIL AR 27 2T R K e

FHOCTE (R BE S 42 T, 3 TR B 2 2T 1) H ARG I 353 S A )
ARG SR SR AL T DR A Ak 4 A ke €, A L Faster R—
CNN J 102 19 XU B 536 L LA YOLO A0 36 iy #A i B 5
A, i YOLO 45 B BER AR T AU BE AR 25
T AE A W TR R AR , 76 W R v R I LR R
W R T A o R PR LA A A i A A A R S
AR, SEOZBRIE LS 2B A R Bshit & L.

b, AN D2 AR IR A s R AGI : fiE 4
T4 YOLO R A A7 e A wkatt o i, 0 422 0 45 i
T3 45 B e YOLOVS HP A 3x3 5 1, LA fift ke 9 2% TU A% Fl
THE R E ey ) 8, 25/ RE 44 ] Bottleneck Trans-
former 548 YOLOvS H A4 C2f A5 B | 78 [ I 45 B9 [8] eF 42 T
PEARURSAE R ICRE J7 o [RIAF, 76 [ SR 15 5 A5 R A 4G 4
JE— T HAT B R AT 55 o R gk 7 Bl A Faster R—
CNN B3 H AL FF AL RN 45 R B BEB) mAP K 74% . Zhou
Llol e YOLOVT B rh 8] A RepGhost M 2% 5 ECA 14 Y=l
ML 4 8 — b itk A8 T ARG B3k o B AR 4 3 A
SR A P TS A0 UG 1) A, Bodla 25 HY Soft—
NMS 73 , 2R FH — 7l 8 Ukl (%) 580 32 6 000 Jr A T A, B o o
Yok B 25 3 1R 1% JEL At 000 A A5 4 (5 B 000 A 1 I L
W BT 2R ) s RO A8 Ak B I 1 300 /D B A T
6 15) B, Duan 2518/ 2 H £ T Anchor—free 4 CenterNet 2 1
B R DHERNAHAE B B bR o0 a5 AR bR K e A
FE.

SRINT , M RTHLY IR RS 7 1) R A e s T
I 43 2 DA A L AR /DA TE BT Ah b S bR I 245 4 R
Yy, SEEGFEI RV Y i A A A IR 4 R A R P
TR mAP fEIiA #] 90% L) L, (HTEEF SR 3R 58 bl T AL 43
i 5 4 HZ 5 1AM RS 6 R4 N & S8R R 1k
A7 KIS BRI RE . A T g DL ) R, AR SR —
Fl 3% T i YOLOVS 19 6 22 Al K 2 24 Al 0 4G Jr 92 LTP-
YOLO, #4525 25 k6 40 & 1 f7 % (% 14 OSTD 5 mf I,
TR

2 LTP-YOLO /%

2.1 BRENHFFERIME

MobileViT J& 3£ 520 H] 2021 4F & 2 ) 5 18 B 1
%, i L MV2 MobileViT block ZH i , % 4% 45 #4 4 5]
2R o HAKH 7 Transformer 5 7Y v | A 25 B 25 00 24
TR L fR AL B Vision Transformer(ViT ) A58 HOR & Bl
/b2 [i] UE 49 A 7 RIASS R 11 2 PR M S 1] 91, Mlobile ViT
%4547 CNN 5 Transformer I 2L, TR T Transformer 4%
MR PR ERWEE, HHERMEE THARER
CNN o 45 B

MV2 54 MobileNetV2 H ) EI5E 2246540 . (a1 5k 2%
it R E E e Gt Ix VBRI B DL G| A TE 2 4%



- 88 - L QRO |

2025 4

Cnncat]

C2f

Concat

| ) @)
'
]

CnncatH C2f ]—i—»[ MFA H Detect
]
]

]
]
]
]
1
I
!
]
(2 fHa{ MFA }—{ Detect
1
I
I
]
I
]
]
]
]
I
I
I

_________________________________

_________________________________

Fig.1 Network structure of LTP-YOLO algorithm
1 LTP-YOLO E::iM&LEH

II % {Conv (3 3) L 2+ MV2 > MV | 2 +{ MV2 —{ MV2 |+ MV | 2

< MV |2

" YOLOv8 | [ MobileViT ) [ MobileViT “ﬁ'm\«”MnhﬂeViT“
i Neck |° | Block _ Block 7 27200 Block
I}
X MobileViT
i 1 Block
i \;Cnnv (nx n) :
{(Conv (1 x 1)
Joiii i3

Fig. 2 Network structure of MobileViT
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Fig. 3 Self attention mechanism in MobileViT
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Fig.4 Network structure of CARAFE upsampling operator
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Fig. 6 Number of labels after data augmentation
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Table 1 Experimental results of different lightweight feature extrac-
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DarkNet53 85.7 70.1 3.02 82 204
FasterNet''*/ 83.8 66.6 1.76 5.1 232
ShuffleNetV2'' 79.9 62.7 1.72 50 250
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MobileViT—xxs '’ 85.2 68.5 1.25 5.7 88
MobileViT—xs 87.8 72.5 222 13.1 63
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Table 2 Experimental results of different attention mechanisms
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mAP@

T SIHLH mAP@.5/% Parameter/10° GFLOPs
[.5:951/%
- 85.7 70.1 3.02 8.2
SER 85.5 69.3 3.03 8.2
CBAM!?! 85.1 68.9 3.10 8.3
ECA! 85.7 69.9 3.02 8.2
SA 85.8 69.9 3.02 8.2
CA2 85.6 69.5 3.03 8.3
SimAM2™ 84.6 67.7 3.02 8.2
Triplet!?®] 85.2 68.5 3.02 8.4
GAM"™" 85.9 70.6 3.59 9.3
NAM'?! 85.6 69.5 3.02 8.2
SGE!>] 85.2 69.6 3.02 8.2
MFA (Ours) 86.2 70.2 3.03 83
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Fig.7 Grad—-CAM heatmap with different attention mechanisms
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Table 3 Module ablation experiment
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— — — 857 701 3.02 8.2 204
v - — 852 685 1.25 5.7 38
— N — 863 706 3.15 8.7 185
— Vo862 702 3.03 8.3 176
v — Vo854 687 1.25 5.7 85
- N voo867 707 3.20 9.0 154
J N v 858 698 1.28 5.8 84
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Fig. 8 Detection effect of different algorithms on various Tibetan me-

dicinal plants
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