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Lightweight Cotton Boll Detection Model and Yield Prediction
Method Based on Improved YOLO v8

LIU Xiang'? XIANG Ruoxue'” BAN Chenglong'® TIAN Min'? TAN Mingtian'?> HUANG Kaiwen'"
(1. College of Mechanical and Electrical Engineering, Shihezi University, Shihezi 832003, China
2. Key Laboratory of Northwest Agricultural Equipment, Ministry of Agriculture and Rural Affairs, Shihezi 832003, China)

Abstract. Cotton boll count is a critical phenotypic trait for estimating cotton yield and plays a vital role
in precision agricultural management. However, accurately detecting cotton bolls in densely planted fields
remained challenging due to complex backgrounds, occlusion, and varying illumination conditions. High-
resolution UAV imagery was employed to capture cotton field scenes in a densely planted area of
Xinjiang. A comprehensive dataset was developed through image segmentation and augmentation
techniques, ensuring diverse representations of field conditions. To address the trade-off between
detection accuracy and computational efficiency, an improved lightweight detection model IML — YOLO
was proposed. The model integrated a novel GRGCE module that combined efficient ghost convolution
with a RepGhostCSPELAN structure for feature extraction, a CAHSFPN feature fusion mechanism to
enhance multi-scale representation, and a Focaler — MPDIoU loss function to refine localization accuracy.
Extensive experiments demonstrated that IML — YOLO reduced computational complexity by 32. 1% ,
decreased model size by 47.5% , and lowered parameter count by 50% compared with that of the
baseline YOLO v8n, while boosting mean average precision by 10. 1 percentage points. Furthermore,
when applied to cotton yield prediction, the model achieved an average relative error of only 7.22% .
These findings indicated that the proposed IML — YOLO model and yield prediction methodology can offer
an effective solution for real-time cotton boll detection and significantly contribute to the advancement of
intelligent cotton management.

Key words: cotton boll detection; yield prediction; YOLO v8; feature fusion; UAV remote sensing
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Tab.2 Impact of different feature fusion modules on model
LAY K50 2/ % 7 111 %/ % RN/ % BAIERWEC AL TR /MB SRR
YOLO v8n 83.2 80. 4 86.7 8.1x10° 5.96 3.2 x10°
AFPNI—YOLO 86.9 85.3 92.0 8.4 x10° 5. 60 2.6 x10°
BiFPN!**/- YOLO 83. 1 81.9 90.7 7.1x10° 4.04 2.0 x10°
CGRFPN!?'!-YOLO 86. 8 88.2 92.4 8.2 x 10’ 6.83 3.4 x10°
ASSFI2I-YOLO 88.7 85.6 93.3 8.5 x10° 6.06 3.1x10°
CGAF'®' - YOLO 89.8 86.2 93.7 8.5 x10° 6. 60 3.2 x10°
CAHSFPN - YOLO 90. 3 89. 1 94.2 6.9 x10° 3.90 1.9 x10°
(O VC R BE o 5 LA FH PP R SRR N A 2 B R R
KBIZ J T ARG 02 2% 75 50 O A ME T BE L2k
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Fig.6 Heat map comparison results
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Tab.3 Impact of different loss functions on model
[ G W B2/ % /% R B % 7 RUB KA N 4t/ MB ZHi
YOLO v8n 83.2 80. 4 86.7 8.1 x10° 5.96 3.2 x10°
Focaler — ToU — YOLO 84.7 83. 1 87.9 8.1 x10° 5.96 3.2 x10°
MPDIoU - YOLO 86.0 84.4 87.6 8.1 x10° 5.96 3.2 x10°
FMPDI - YOLO 90.7 87.3 89.3 8.1 x10° 5.96 3.2 x10°




%5 1

XAE 55 JET Ut YOLO v8 ity e A0 A 4% U A5 580 15 7t F50 0 7 ¥ F 50 137

FEAFR . FMPDI — YOLO A5 7Y [y ~F- ¥4 85 i B AR ¢ T
YOLO v8n BEMEMCRI4RTL T 2.6 DA 35l 4R
2 Y ek 4 O R BROR — R ARCHR R AR RS BE Y
o X TR B R BE 0 AR R AR A AT 55 ok
Uk, AR A A, R AT DL S A S
PEREMYFTHE FEE A I BT it . T 7 JBoR T 3 Ak
PRI R £, L8 il 26 mT LLAE Y, FMPDI i S50 B e
PTEERRECH 60 J5 Uk sl TP 5, U] B Re g
TER D 2 ARUE N 3K B — A B By 458 2R AE, X T
AR T AR TR YRR o AR AN 2R AR A R .
2.2 IML - YOLO #5858 phit 16

AW HEET YOLO BERY 4T T Al 55, DL i
— A5 T 4 M B i B R TE BT AR AR R AT 55

Focaler-loU

MPDlol
FMPDI

60 80

7 B R R £

Fig.7

RIS o X IR 25 & 1 Al SO /Y 2ot SR . F
i 73k BE B BT T B A A R N 4 TR

Loss function curves

x4 HRRAKER
Tab.4 Results of ablation experiments
YOLO GRGCE HSFPN FMPDI  ¥§#fE/%  BEE/% EXWHEWE/% FEEEKE  NE5HE/MB Y4
\V X X X 83.2 80. 4 86.7 8. 1x10° 5.96 3.2 x10°
vV vV X X 91.7 88.8 93. 1 5.5 x10° 3.97 1.9 x10°
Y x 4 x 90. 3 89. 1 94.2 6.9 x10° 3.90 1.9 x10°
vV X x vV 90. 7 87.3 89.3 8.1x10° 5.96 3.2 x10°
vV VvV vV x 90. 8 86. 6 95.7 5.5 x10° 3.13 1.5 x10°
Vv V4 X Vv 93.2 86. 6 95.4 5.5 x10° 3.97 1.9 x10°
vV x Vv Vv 93. 1 85. 4 95.7 6.9 x10° 3.90 1.9 x10°
% v vV Vv 93.2 91.2 96.8 5.5 x10° 3.13 1.5 x10°
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Tab.5 Results of different detection models

H Ko/ % BEE/ % SFEREHE/ % FAEERE NAF S HR/MB e M/ (fs71)
Faster R — CNN!%*/ 60. 1 58.4 63.7 4.70 x 10" 108 2.83 x107 2.9
sspl2e! 64.2 62.8 66. 1 3.36 x 10" 45.2 1.43 x 107 14.8
YOLO v9!2") 85. 1 84. 4 92.7 1.07 x 10" 5.81 2.60 x 10° 49.6
YOLO v10!2%! 85.5 82.0 90. 6 8.20 x 10° 5.50 2.70 x 10° 50.7
RT - DETR%’ 88. 1 80.5 91.0 5.69 x10'° 38.5 1.99 x 107 27. 1
EFA — YOLO!3" 89.2 83.9 92.2 4.60 x 10° 3.30 1.40 x 10° 52.4
Le—YOLOPY 89.7 85.6 93.7 4.51 x10° 3.96 1.90 x 10° 53.5
IML - YOLO 93.2 91.2 96. 8 5.50 x 10° 3.13 1.50 x 10° 67.9

(AR /0N T L H AT e A R I R M RE G
i
KSR T 8 T H b I AL B (Y £ A P E XS

H o IML — YOLO 78 A5 MRS B 315 8508 5 S ik
MR B, ERME . AR RS
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Fig. 8 Detection results of different models
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Fig.9 Results of boll detection in experimental samples
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Tab.6 Results of comparison between actual and

predicted cotton yields

il bRy BNER/g MMIRE/ %
1 902. 57 818.4 9.33
2 702. 34 654.0 3.78
3 625.77 570.4 8.85
4 771.23 713.0 7.55
5 670. 45 626. 2 6. 60
3 it
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