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Abstract: Accurate monitoring of the survival status of pepper seedlings post-transplanting is the key to
improving the transplanting success rate and evaluating growth status, and also a prerequisite for realiz-
ing the automatic field management of peppers. To this end, this study proposes a fast detection method
for the survival status of pepper seedlings named YOLOv11-VCL, which is based on the improved
YOLOv11n. Firstly, aiming at the common interference problems of complex background and illumina-
tion conditions in field pepper seedling detection, the coordinate attention (CA) mechanism is intro-
duced into the cross-stage partial v3 with kernel 2 (C3k2) module of the backbone network. Meanwhile,
to further optimize the recognition efficiency and accuracy of multi-scale feature fusion, the vision trans-
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former (VIiT) attention mechanism module is added to enable the model to detect pepper seedlings more
accurately in complex field scenarios. In addition, efficient intersection over union (EloU) is adopted to
replace the traditional localization loss, and the multi-task weight adaptive strategy and data augmenta-
tion methods are integrated to optimize the model training so as to improve the localization accuracy.
The results showed that the YOLOv11-VCL network model achieved excellent detection performance
for pepper seedlings under different illumination and complex background conditions, with the preci-
sion, recall and mean average precision (mAP) reaching 95.8%, 90.6% and 95.1%, respectively. The
detection results were significantly superior to those of the YOLOv5n, YOLOv8n, YOLOvVIn,
YOLOvV10n and YOLOv11n models, and the missed detection and false detection rates of the improved
model were significantly reduced. The improved model has a parameter quantity of 3.3 M, GFLOPs of
7.5 and a frame rate of 146 frames per second (FPS), which can meet the operation requirements of
edge computing devices for precision pesticide application, and effectively facilitate the realization of
automatic field management.
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Conv: BFUZ sk HBUZ R 550 451 ; C3K2: 15 [y BERI I v3+2x2 B AR AR B s CA AR bR 75 7 5 SPPF « DRk 23 1] 4 7 H b AL
He s VIT I8 AR e g8 45 ; Concat : 45 AIE PR ; Upsample: |24, Conv: Convolutional layer; k: kernel size; s: stride; C3k2: cross-
stage partial v3 with kernel 2 module; CA: coordinate attention; SPPF: spatial pyramid pooling-fast module; ViT: vision transformer

module; Concat: concatenation.
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Fig. 1 Schematic diagram of the modified YOLOv11 network
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C2PSA: C2-based pyramid split attention.
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Fig. 2 The improvement of the YOLOv11n model by
introducing a ViT module
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Fig. 3 Structure of the C3k2-CA module
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MR KR, mAP@O.5 M4 T R A BRI T 4.7 &
g 8, 155 95.1% , FLAS RS B K H& 71, A iff %k
3] 95.8%, 7 101 %355 90.6% (£ 2) . FHIZHAIN
ACRDRG RN BB , A SR IR O, R REXT 4
BT /N R SR P R S T HE ), ek
HFRTRA LS

FR2 B YOLOVIL-VCL #= A AT Bk I8 M BE LL 1

Table 2 Performance comparison of ablation experiments on the improved YOLOv11-VCL model

o \ . A "
R *%E%E/% Al %1% MAP@0.5/% Computational SH
Model Precision/% Recall/% - No. of parameters/M
complexity/GFLOP

YOLOv1ln 92.5 85.4 90.4 7.1 3.6
YOLOv11n+C3k2-CA 93.1 86.2 91.6 7.4 3.7
YOLOvV11n+ViT 93.2 86.6 92.9 7.6 3.7
YOLOv1ln+EloU 94.2 87.4 94.1 8.4 3.9
YOLOv11n+C3k2-CA+ViT 93.8 86.9 92.4 1.7 3.8
YOLOv11n+EloU+C3k2-CA 92.8 85.5 915 7.2 3.6
YOLOv11n+ViT+EloU 94.5 88.9 93.5 8.1 3.9
YOLOv11-VCL 95.8 90.6 95.1 7.5 3.3

C3K2: I [ BeJmi il v3+2x2 o B s VT 0t AR e A e s CA AR B T HIL TR 5 EloU : iR RS Ui 2K iR ; GFLOP:
REFP AR T S8 55 FPS . 1 #P %L . C3k2: Cross-stage partial v3 with kernel 2 module; ViT: vision transformer module; CA:
coordinate attention mechanism; EloU: efficient intersection over union loss function; GFLOP: giga floating-point operation; FPS:

frames per second.

2.6 YOLOV11-VCL # 8 SERR#E IS R

X Ji 4R YOLOvA1n A5 Y il i iF %) YOLOv11-
VCL BRI E AR g5t T BRI &5 S b 47 4307, I8
i ML B AR R T R (E 4) .
YOLOV11n 1 YOLOV11-VCL #5753 i 55 J6 T4k
Bm AR Y RE A T BURGE , {H YOLOV11-VCL
IR I B {5 8 O v (1 4-A) 5 FE DA B
YOLOv11n ##1 H Bl A, 1 YOLOV11-VCL 5 Al
WD TR R TR UL (8] 4-B) s TERE AL B
Yyse, YOLOvV1Ln 51 & A Y £, YOLOV11-VCL
TN (RS B 2 0 5 (18] 4-C) 5 75 30 2 B e 1R 46
o, Brkh T B R ih S R EUE R A 4, YOLOV11n
AR [R] il = A U 56 S RFAE AL T B0 A AN o7
ANHE T YOLOVL1-VCL B Y N 3 F 42y i SCHEfff
e W7 5% BB HRAE (18] 4-D) 5 76 Z R/ B ARKS:
M5, YOLOVIIn LAY Kl /N H ARG B £
(T 4G FIARAS , T YOLOVI1-VCL R U4 T T 46
K BE (1K 4-E) s 72 P4 40 #3755 YOLOvALn A 7Y
X404 308 24 RS RS PRIHE , 1T Y OLOV11-VCL A5 7Y
BB TN Y T RO A A DU e T (181 4-F) .
X FH] YOLOV11-VCL B fE Z R 2 A2 5 T ik

DU S4B S P T ) 4f YOLOVIIn A

Ry it — AR A 5% i e Y YOLOv11-VCL
BRI 3, AN At 2k ith S e ik 03 2 ith £
FF50AT AR o i v %) 0 SR AE [T D 4 2 D % 43
AR B Bt 6 A RS i 2 IR RS TR
(1) a3, FRIARIAUTE YN SR A b XU A% 3h HE
543 2850 5 e 1 3128 A W 8k (11 5-A) 5 1 38 W45 2%
i £ 5 U1 bt 2k 2R 0 F Rk B — S B #e
(I 5-B) , Ui AR H B 8L, %o R AR AR 2
Rz RE 1 o[RBT T BT ISR Y
MAP $8 15 , mMAP@O.5 iz & 3T 95% (141 6) , (R 3 T
RIS R Ao AR AR SRR A (ARG B, B e
BERIFEANA] oU F™ AR B T R R3S R4t

3 Wi

AHFSE 4R B YOLOVIL-VCL K5 Y | &1 X 4 4k
ST AR ARG Hh Y B ARk AR R A 58 B R B4
M S5 A% O MERS MY T 2 R R E SR AL RS 2R
FE 5 0 0% R B0 Ak 1Y = 4 o gE A &R L i e
YOLOVI1n 224y rh 5] A VIT B b | plr itk C3k2-CA B
B KA PREICRE IS, SEBR T ARG RS 5 5K
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WAL gl H bk B AL &2 22 5 T B PERe IR a
(Xue & Wang, 2025;Shi et al.,2025) .
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Fig. 4 Detection of pepper seedlings by YOLOv11n and YOLOv11-VCL models under different scenarios
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5595155 (2025) AT A A A58 AH L, A Bt
SRR Z & TR E T R AR i B 45 3
o Z2 PO IR B % B LGP A, JF A B
3% UGV | e I 7S S N B e S s T B
PR Z R AR T 38 T ARO B AR T A 7%
F A 9 S PR oK o 3X 5 Shi et al. (2025) 5 1)
R P SE PR A P Gy e Az DR s B R
5T B B YOLOVI1-VCL B %14t % YOLOv11n
AT ZEA R R L 5L VAT B DL Ak 42 5 R i J
P, fR D T SR B FME DL AR 2 AR
P B 44 i ¢ 2R A4 HfE 5 (Xue & Wang, 2025) ; ik ik
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