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Performance Optimization of Lightweight Transformer Architecture
for Cherry Tomato Picking
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Abstract; To further improve the recognition accuracy and speed of truss-harvested cherry tomatoes,
targeting the scenario of automated tomato harvesting in facility environments, a lightweight cherry tomato
truss recognition model was proposed based on an improved transformer. Firstly, a cherry tomato dataset
encompassing various lighting conditions and harvesting postures was constructed, and the postures of
cherry tomato trusses were categorized. Then a lightweight truss-harvested cherry tomato recognition
model based on an improved RE — DETR was proposed. This model introduced a lightweight backbone
network , EfficientViT, to replace the original backbone of RT — DETR, which significantly reduced
model parameters and computational complexity. Additionally, an adaptive detail fusion module was
designed to efficiently process and merge feature maps of different scales while further lowered
computational complexity. Finally, a weighted function sliding mechanism and exponential moving
average concept were introduced to optimize the loss function, which addressed uncertainties in sample
classification. Experimental results demonstrated that this lightweight model achieved high recognition
accuracy (90.00% ) while enabled fast detection (41.2 f/s) and low computational cost (8.7 x 10’
FLOPs). Compared with that of the original network model, Faster R — CNN, and Swin Transformer, the

average recognition accuracy was improved by 1.24% ~ 15.38% , the frames processed per second
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(FPS) was increased by 25.61% ~255.17% , while simultaneously achieved a substantial reduction of

69.37% ~ 92.37% in floating-point operations.

The model exhibited strong robustness in overall

performance, balancing accuracy and speed, and can serve as a reference for tomato harvesting robots in

completing visual tasks.

Key words: cherry tomatoes; object detection; deep learning; RT — DETR ; lightweight; Transformer
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Schematic of artificial cutting method for

cherry tomatoes
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Fig.2 Example of different labels for cherry tomatoes
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Tab.3 Comparison results of ablation experiments based on self-built datasets

F T W% ADI AP/% mAP/ NAE i
WL FocalLoss EMASVLoss FHERE R
RT-DETR  EfficientViT ik R F B % +/MB
1 Vv Vv 92.7 83.6 89.7 89.5 88.9  5.58x10" 65.8
2 Vv Vv 92.6 82.5 88.5 90.3 88.5  2.84 x10" 25.7
3 Vv vV 93.2 84.2 91.0 90.5 89.8  2.72x10'" 25.6
4 V Vv vV 9.1 83.2 91.0 90. 6 89.7  8.70 x10° 22.6
5 vV Vv vV 93.0 84.8 93.0 89. 1 90.0  8.70 x10° 21.6
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Fig.9  Visualization of ADI detail fusion module effect
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Tab.4 Comparative experimental results of different models
F Y P/% R/% mAP50/% B R W77 & Al it/ MB Wi %/ (£os")
RTDETR 89.5 89.9 88.9 5.58 x 10" 65.8 18.5
Faster R — CNN 79.5 77.9 78.0 1.14 x 10" 98.5 32.8
Swin Transformer 90.2 83.7 87.0 9.84 x 10" 70.2 11.6
A SRR 90.5 86.9 90.0 8.70 x 10° 21.6 41.2
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Fig. 12 Visualizations of detection results of different models
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