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Sensing algorithm for tomato harvesting robot based on YOLO-TM
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(1. College of Mechanical and Electrical Engineering, Henan Vocational University of Science and Technology, Zhoukou 466000,
Henan, China; 2. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, Henan, China, 3. Col-
lege of Information and Management Science, Henan Agricultural University, Zhengzhou 450046, Henan, China)

Abstract: To address the issue of insufficient detection accuracy in tomato harvesting robot operations caused by factors
such as inter-class and intra-class occlusion, complex lighting variations, and larger scale differences, this paper proposes
a tomato maturity detection model based on YOLO-TM (YOLO-transformer for tomatoes maturity detection). First, a
multi-head self-attention (MHSA) mechanism is introduced into the backbone network to enhance global feature extrac-
tion and suppress background interference. Then, a bidirectional adaptive feature pyramid network (BAFPN)is construct-
ed to improve multi-scale feature fusion capability. Furthermore, a L.« regression loss function is designed to optimize the
localization accuracy of small-scale tomato targets. The experimental results show that YOLO-TM achieves a mean aver-
age precision(mAP)of 95.3% and an inference speed of 94.6 frames per second (FPS)on a self-collected tomato maturity
detection dataset. Compared with the baseline model YOLOv11, YOLO-TM improves mAP by 4.2 percentage points, and
achieves a field picking success rate of 94.0%. Compared with Faster R-CNN and other mainstream YOLO series models,
YOLO-TM significantly improves detection accuracy while maintaining high real-time performance, demonstrating supe-
rior adaptability in complex greenhouse environments. This study provides a strong theoretical basis and technical support
for the automated precise picking of tomato and the development of visual perception systems for intelligent agricultural
equipment.
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Note: A represents fruit scene under frontlighting conditions; B represents fruit scene under backlighting conditions; C represents fruit scene par-

tially occluded by branches and leaves; D represents overlapping fruits scene.
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Fig. 1 Tomatoes image sample example
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Table 1 Label distribution
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Fig.2 YOLO-TM network structure
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Note: @ denotes element-wise addition; & denotes element- wise
multiplication; / represents the number of heads in the multi-head atten-
tion module; /g refers to the feature dimension allocated to each head,
pw and ph indicate the width and height of the matrices in the relative
position encoding, respectively; R, and R; represent the relative posi-
tion encoding matrices for the width and height directions; R represents
the joint relative position matrix; O, K, and V denote the query, key,
and value vectors.

B3 ZABEENMEEHE
Fig. 3 Multi-head self-attention network structure

diagram
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Fig. 4 The networks structure diagram of PANet (A) and BAFPN (B)
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WA 32GB CUDA 11.1
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Fig. 5 Relationship between model performance
and 4 value
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Table 3 Comparative experiment of different loss functions

PR X PRI | PR . NS EAE
HERFIZ P/% HalZ R/Y% HERfZE P/% 2 R/Y%

Loss function et P A% RI% mAP/% Loss function i P WL RI% mAP/%

GloU 92.3 90.6 91.7 GIoU+NWD 93.3 914 92.5

DIoU 94.5 92.3 93.8 DIoU+NWD 95.6 934 94.7

SloU 95.7 93.6 94.8 SIoU+NWD 95.8 93.7 95.1

CloU 95.6 93.7 94.7 CIoU+NWD 96.2 94.1 95.3
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Fig. 6 Comparison of training and validation loss curves

between YOLOvV11 and YOLO-TM
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Table 4 Comparative experiment of different loss functions

TFYIREE AP/% SEHK _ SR RS
YOLOvIl MHSA  BAFPN L.  RpiSh  2Ppist e EE * ;EE ﬁgﬁfs) Paiﬁi/ ;Mﬂz

Raw Medium raw  Ripe mAP/% ‘ FLOPs/G
vV x x x 90.2 90.8 92.1 89.8 91.1 99.7 2.6 6.5
vV Vv x x 92.0 922 92.9 91.6 92.4 98.6 2.7 6.8
vV x Vv x 91.6 91.7 92.3 91.2 92.1 97.9 2.8 7.4
vV x x Vo915 91.6 92.6 90.9 91.9 99.4 2.6 6.5
vV vV Vv x 94.9 94.8 96.4 932 94.8 96.6 2.9 8.0
vV vV Vv V.o 954 95.8 97.4 94.1 95.3 94.6 2.9 8.0
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Note: A. Precision-Recall curve of the YOLOv11 model; B. Precision-Recall curve of the YOLO-TM model.
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Fig. 7 P-R curves of the model before and after improvement on tomatoes fruit maturity data set
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Table 5 Results of contrast experiment

TR e EEIES 2 RS EE A LRl i s SHE ESS e RV € ¢
Algorithm Precision/% Recall/%  mAP/% FPS/(Mis™) Params/M FLOPs/G
Faster R-CNN 86.4 85.1 85.8 6.8 102.7 168.4
RT-DETR 89.8 90.2 90.6 94.2 20.0 99.1
Deformable-DETR  90.9 90.8 91.2 68.6 40.0 173.0
YOLOV9 90.3 89.6 90.2 100.8 2.0 7.7
YOLOvVI10 90.8 89.4 90.3 100.4 2.3 6.7
YOLOvI1 91.0 89.9 91.1 99.7 2.6 6.5
YOLO-TM 96.2 94.1 95.3 94.6 2.9 8.0
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Note: A represents a front-lit scene with overlapping fruits; B represents a front-lit scene with occlusion from branches and leaves; C represents

a scene with both overlapping fruits and occlusion from branches and leaves; D represents a backlit scene with occlusion from branches and leaves.
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Fig. 8 Visual comparison of detection results of different algorithms
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Fig. 9 Confusion matrix contrast diagram
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