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Fig. 1 On-site image of the mobile inspection robot
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Fig. 2 Example images of cluster tomatoes at different

maturity stages
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Table 1 Sample counts for three maturity stages of

cluster tomatoes

BRI IR BRSO GH /%)
LA 93 841 148 1082(32.07)
AR eR 104 934 166 1204(35.07)
21 S 107 831 149 1087(32.86)
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1.3 LampCT-YOLO
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Fig. 3 Data augmentation examples for cluster tomato images
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Fig. 4 Structure diagram of the proposed LampCT-YOLO model
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Fig. 6 Schematic diagram of LAMP channel pruning
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Table 2 Ablation experiment of SegNext attention mechanism for cluster tomato maturity detection

oAy LI % TR TEGIN%  mAP/%  FPS/(Wi/s)  HHFIE/GFLOPs S8/MB AE LK/ VMB
YOLOV10 79.1 81.8 87.5 37.37 106.700 45.811 107.7
YOLOVIO+SegNeXt 84.6(+5.5)  89.5(+7.7)  88.4(+0.9) 87.5(+4.7) 35.8(-1.57) 228.765 53.522 107.6(-0.1)
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Table 3 Ablation experiment on the pruning of the lamp model

R IRV % RhIY% LLEARI/%  mAP /%  FPS/(Wi/s)  1HFLE/GFLOPs 2 EUht/MB  AUE SCFR/NVMB
YOLOVI10+SegNeXt 84.6 89.5 88.4 35.8 228.7 53.5 107.6
YOLOV10+SegNeXt 75.4 75.0 82.2 37.7 115.2 21.1 522

+DWConv (-9.2) (-14.5) (-6.2) (-10.0) (+1.9) (-113.5) (-32.4) (-55.5)
YOLOVI10+SegNeXt 81.4 84.3 91.9 66.9 114.2 19.7 40.0
+Lamp (-3.2) (-5.2) (+3.5) (-1.6) (+23.1) (-114.5) (-33.7) (-67.7)

TE A5 RPN ZB TR TR YOLOV10 By REZEfL it

25, IR T A A A R I3
JEURS I RE IR XS F TR EE ] A B S AL LAMP
WA RN, 45 R R, DWConv B R /N T

s IIRRTE RN TR

FERUAT (ACE SO/ E 52.2 MB, S50 E R
21.1 MB, 18 &K/ 32.4 GFLOPs), {H#: Mk, B
TR, mAPSO{Y K 77.5%., MILZ T, LAMP
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Fig. 7 Visual comparison of attention mechanism before and after opti-
mization of LampCT-YOLO model
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Fig. 8 Comparison chart of parameters of each layer of the LampCT-YOLO model before and after pruning

87.571%), X[Vl 7E, ME—LUll]cghsh e
ZER ) A T RS R o

87.650
87.625
87.600

87.575

mAP50/%

87.550
87.525
87.500

87.475
— HH: 87.549%

87.450 —_— s

B9 LampCT-YOLO#ER FAZ K Al 5 5 A R A
Fig. 9 Confidence interval and distribution violin plot of
LampCT-YOLO model

I 2 R I 127k AN CREAS DR e A
HERRR, b B FARTT TR R R IR Z R T
RS AT AT, R B R R S R A AT
(-

2.5 5XRBRENEERIEER

AT PEAS AR A R R PR RE AR
PRI T M F A YOLO R FIALRIE Ry X X4,
£, 45 SSD (Single Shot MultiBox Detector) . Faster
R-CNN (Faster Region-based Convolutional Neural
Networks) . YOLOv7. YOLOv8 ™ | YOLOVIO,
YOLOv11 * 1 YOLOv12®" . H ¥ YOLOvS =
YOLOvI12 £ &1 ¥ % HU nano, small, medium,
large . extra-large iX 5P WRAS (ARFEAS[R] A9 X 28 T i
MTEREE), AR AL ATk

HRAE R 4 FTAILAR S AL AL T 323 YOLO %

IR K EE )T, H mAP, ik 87.5%, =T HTA
X LA AR 3R I 50 7 i s A D el i I A
YA W5 0 SR BE o BE R O 1T BB A5 1k )
66.2 Mii/s, AH bt LA AR 7Y 5 35 b F 30~45 Mit/s i 7K
T, BB EN SRR RS RN
19.77 MB, L K/NHR40.0 MB, 1545 7 BB
BRI GRAOKE, BIATERT R . R R
Z VST S A, 38 TR s Y Ak
HBE

[E A, HIEIFEAE AR YOLOVIO BB 7E 5] A
SegNeXt Vi & Sy HL i 5 Lamp B2 5 5 i P RE e 9E
ARWFFE 43 HIAE YOLOV10n 5 YOLOvV101 F#EfT 1 %
oo 25N S Fis .

SR T ARFEMA K YOLOVIO AR 7E 5] A
SegNeXt 1 & J1 ML A Lamp 155 J5 P GE A9 X Ly 25
. T nano A P 5] A SegNeXt Ji A FE B BE A 42
Tt (HEE RS2 A 2 B B, BT A R
H— 5| A Lamp L f5,  BRARIEHE A fr e,
{EASIUAS FE B — 2 F R, MHELZ T, large MUARTE
51 A SegNeXt vE & I L5 A5 B B 27+ (mAP,,
i 82.6% $E Tt % 87.5%) , KW large MU AL R H A
BOE YRR AR SR IS R N e . Ak, AE Ak
& Lamp B 5, large WUAS 76 DR F5 4 0 0 1) ) Hsf
KRBT T HEH B (FPS fh 35.80 Wi/s bt =
66.90 ii/s, $ET+46.49%), FuilE | AHFFT £ H 518
TEMERE SRHCR M HUS T 81 A

WAL, R T R — A I AR R R I B B
FaEte, AT LAMP #si EWALALE, 3F
20 TN g i<k (& 10) . NI 10 AT LA
H, 328415¢ (box loss. cls loss. dfl loss) 7
B R B P AR N Rt w R RRRE, 5
W B/ N B S THRE . U LAMP IEN{EIT



142 BB (FIHESL) Smart Agriculture Vol. 8, No. 2
x4 BINESANHEEEE R BIRENERX LK
Table 4 Comparison of the attention-enhanced model with mainstream object detection models
I 24 mAP, /% FPS/(i/s) HHALL/GFLOPs BAIZHE/MB BUE S R/NMB

SSD 77.3 43.22 37.8 21.472 91.6
Faster RCNN 80.7 15.75 177.3 115.684 108.3
YOLOV7 76.0 48.25 51.6 36.490 71.3

YOLO8n 84.5 39.89 8.1 3.006 6.3
YOLO8s 84.0 43.82 28.4 11.127 22.5
YOLO8m 82.5 45.41 78.7 25.841 52.0
YOLOSI 83.6 39.91 164.8 43.609 87.7
YOLO8x 82.4 37.54 257.4 68.126 136.7
YOLOvV10n 82.8 43.57 6.0 2.207 5.6
YOLOvV10s 81.9 44.49 21.4 7.219 16.5
YOLOv1Om 82.5 44.57 589 15.315 335
YOLOv101 82.6 37.37 228.7 53.522 107.7
YOLOv10x 79.0 41.60 160.0 29.399 130.4

YOLOvlIn 85.9 43.99 6.3 2.583 5.5
YOLOvlls 85.3 43.12 21.3 9.414 19.2
YOLOvIlm 85.3 37.89 67.7 20.032 40.5
YOLOvl1l1 85.9 37.15 194.4 56.830 114.4
YOLOvl11x 84.0 37.21 194.4 58.362 114.4
YOLOvI2n 84.1 39.71 5.8 2.509 11.2
YOLOv12s 82.0 40.57 19.3 9.074 18.6
YOLOvVI2m 84.6 41.98 59.5 17.579 39.7
YOLOvVI21 79.9 36.23 82.1 26.396 53.7
YOLOv12x 81.3 33.39 184.1 59.248 119.5
YOLOVI0 | + SegNeXt 87.5 66.20 114.2 19.765 40.0

%5 YOLOV10 R EMIEEEIZE SegNeXt 5 Lamp #EHAE A TR N IEBE 5 47

Table 5 Detection performance analysis of different YOLOvV10 models with SegNeXt and Lamp modules

REI 2 TR mAP, /%  FPS/(Ii/s) T /GFLOPs FEISHG/MB - B SCIFR/VMB
YOLOVI0n 82.8 43.57 6.000 2.207 5.6
YOLOV10n+ SegNeXt 85.5 41.50 8.600 2.450 6.3
YOLOV10n+ SegNeXt+Lamp 84.8 51.20 6.500 2.000 5.1
YOLOv101 82.6 37.37 106.700 45.811 107.7
YOLOV10 1 + SegNeXt 87.5 35.80 228.765 53.522 107.6
YOLOV10l+ SegNeXt+Lamp 85.9 66.90 114.252 19.765 40.0
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Fig.10 Training loss convergencecurve of the

LampCT-YOLO model
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Fig. 12 On-site operation diagram of intelligent inspection equipment
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Table 6 Comparison between mobile device detection results of
the LampCT-YOLO model and manual counts
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An Improved YOLOv10-Based Tomato Ripeness Detection
Algorithm with LAMP Channel Pruning

ZHAO Licheng'?, LU Xinyu’, WU Qian’, REN Ni*, ZHOU Lingl{’,
CHENG Yawen’, HU Anqi’, QI Chao™

(1. School of Chemical Engineering, Huaiyin Institute of Technology, Huai'an 223003, China,

2. Institute of Agricultural Information, Jiangsu Academy of Agricultural Sciences, Nanjing 210014, China)

Abstract: [Objective] As a major crop in protected horticulture, cluster tomatoes grow in clusters with dense overlapping fruits. In

greenhouse environments, light conditions are complex and variable, and the fruit color transitions continuously from green to red

across different ripening stages, showing continuous gradation characteristics. These factors result in the low efficiency and strong

subjectivity of traditional manual recognition methods. Meanwhile, deep learning-based detection models often suffer from decreased
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detection accuracy, large localization errors, and slow inference speed when facing complex backgrounds and color interference, mak-
ing it difficult to meet the dual requirements of real-time performance and high precision in practical applications. Therefore, to meet
the practical application requirements of high accuracy, high real-time performance, and strong robustness for cluster tomato ripeness
detection, this paper proposes a lightweight target detection model for cluster tomato ripeness, namely LampCT-YOLO (Cluster Toma-
to YOLO with LAMP pruning), which is based on improved YOLOv10. Through structural optimization and lightweight transforma-
tion of the baseline model, the detection accuracy, inference speed, and robustness are effectively improved, providing a novel techni-
cal solution for cluster tomato ripeness detection. [Methods] Taking YOLOvV10 as the baseline model, first, the issue of insufficient fea-
ture extraction capability in complex scenarios was addressed by introducing the SegNeXt attention mechanism into the backbone net-
work. By adaptively adjusting attention weights and calculating the correlation matrix between different feature channels, the mecha-
nism automatically identified color channels strongly associated with the three ripeness levels of cluster tomatoes and assigned them
higher attention weights, while suppressing feature responses from irrelevant background channels such as greenhouse frames, soil,
and irrigation pipes. To achieve lightweight deployment of the model and meet the real-time detection requirements of edge devices, a
gradient-based global channel importance method—LAMP channel pruning technology—was introduced after model training. The
core principle of this technology was to evaluate the contribution of each channel to the model's detection performance by calculating
the gradient magnitude of channels in each network layer, thereby eliminating redundant channels. This significantly reduced the mod-
el size and computational complexity while effectively maintaining the model's high detection performance for the three-category ripe-
ness classification of cluster tomatoes. [Results and Discussions] Experiments showed that under the environment of NVIDIA A100
graphics card, for 240 cluster tomato images in the test set, the LampCT-YOLO model exhibited excellent detection performance. The
mean average precision at 50 intersection over union (mAP50) for the early ripe, mid-ripe, and late ripe stages of cluster tomatoes was
84.6%, 89.5%, and 88.4%, respectively, which represented increases of 5.5, 7.7, and 0.9 percentage points compared with YOLOv10.
The average mAP50 for the three ripeness categories of cluster tomatoes reached 87.6%, a 4.7 percentage points improvement over
YOLOV10, demonstrating outstanding performance in both detection accuracy and stability. In addition, the model was found to main-
tain high recognition accuracy when facing variations in light intensity, fruit occlusion ratio, and background complexity, indicating
good robustness and environmental adaptability. Regarding the lightweight effect, after applying the LAMP channel pruning technolo-
gy, the number of model parameters and computational complexity were reduced by 63.07% and 50.06%, respectively, while the infer-
ence speed was improved by 23.1%. This effectively met the requirements of edge computing devices for real-time detection and low
power consumption, alleviating the trade-off between model accuracy and inference speed. To verify the practical application value of
the LampCT-YOLO model, the model was deployed on a self-developed fruit and vegetable inspection robot, which conducted field
tests on 456 clusters of tomatoes in a real greenhouse environment. The results showed that the inspection robot successfully identified
78, 61, and 248 clusters of early ripe, mid-ripe, and late ripe cluster tomatoes, respectively, with detection accuracies of 84.8%, 87.1%,
and 84.4%, and an average accuracy of 85.4%. Meanwhile, there were 5, 7, and 10 false detections, as well as 9, 2, and 36 missed de-
tections for the early ripe, mid-ripe, and late ripe stages respectively, which to a certain extent reflected the practical application poten-
tial of the model. [Conclusions] The optimized LampCT-YOLO model not only significantly improves the recognition accuracy of
cluster tomatoes at different ripening stages but also greatly reduces the model complexity, successfully achieving efficient deploy-
ment in resource-constrained scenarios. This model effectively balances the dual requirements of detection accuracy and real-time per-
formance for inspection robots, and further constructs a reusable technical framework for the ripeness detection of protected horticul-
tural fruits and vegetables. It provides strong support for the transformation of protected agriculture from labor-intensive to technolo-
gy-intensive, and injects key innovative impetus into the large-scale and diversified implementation of smart agriculture.
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