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WA BEAS & R A (o) 0, S F 5 45 M T — Bt HLRORS B R T A A A 8 (RT-GCTR) . AR T SR F R R AZ B /1N gl 45 1
PH (WCLRF_Block) 3 5% £ R <) H AR 45 fE 8 8L, 25 & 2 RE £ 3k | 3 2 7 #LH (MSMHSA) 7 # 2 KB fil A #5 Be
(MSMH-AIFD , H & % B & £ R EHE . Jf 5] A SPDConv 5 CSP-OmniKernel #iti% i SCOK-CCFF 451F 4 #1542 F+
INEARKG IS RE . e gs L, RT-GCTR I i 1 Al i B4 2 B9 APS0 43518 92. 0% 1 92. 2% 4 F
HAb SR, 5 RT-DETR-r18 A b, RT-GCTR 11 2 505 F % 5558 58 43 s /b 26. 7% A1 25. 4%, 7 NVIDIA Jetson
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Green citrus detection method in complex orchard environments
based on RT-DETR

Qin Jianhua'® Chen Zhenlun'® Wan Baoxiong® Lu Tailiang® Lei Junle'?
(1. Key Laboratory of Advanced Manufacturing and Automation Technology in Guangxi Universities,Guilin University of
Technology, Guilin 541006, China;2. College of Mechanical and Control Engineering, Guilin University of Technology.,
Guilin 541004 ,China;3. Guangxi Key Laboratory of Germplasm Innovation and Utilization of Specialty Commercial

Crops in North Guangxi, Guangxi Academy of Specialty Crops, Guilin 541004, China)

Abstract: The intelligent harvesting of green citrus relies on fast and accurate detection technology. To address the
issues of insufficient detection accuracy and missed detection caused by the diverse sizes of green citrus, complex
orchard environments, and high similarity between fruits and backgrounds, this study proposes a lightweight and high-
precision green citrus detection model (RT-GCTR). The model employs a large receptive field wavelet convolution
module (WCLRF_Block) to enhance multi-scale target feature extraction. It integrates a multi-scale multi-head self-
attention mechanism (MSMHSA) to construct a multi-scale fusion module ( MSMH-AIFI) for adaptive feature
aggregation. Additionally, it introduces SPDConv and CSP-OmniKernel modules to design the SCOK-CCFF feature
pyramid, improving small target detection accuracy. Experimental results show that RT-GCTR achieves AP50 scores
of 92.0% and 92.2% on training dataset 1 and test dataset 2, respectively, outperforming other advanced models.
Compared to RT-DETR-r18, it reduces parameters and computations by 26.7% and 25.4%, respectively, and
achieves a detection speed of 10. 3 fps on the NVIDIA Jetson Orin NX. This study improves accuracy and real-time
performance while reducing complexity, making it suitable for edge device applications.

Keywords: green citrus; Transformer;deep learning;object detection
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YOLO-BP R %%, i i3 # 87 (cross stage partial darknet53,
CSPDarknet5) 5 T I & ¥ X 1] #7 1iF 4 5 3 M 4% (Bi-
PANet) 15 &% (A A I o RS 1 91, 5506 19 F 2 ks
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SOrRAESEGIF RRAE SR I 2 Z 0 A5, 58 52 %/ B Ax
RS SRR BARBOREE . 1AM, YOLO i TR
FRARAE 52 BT 4 B 28 R 45 B0/ R A2 BT AR Tl 3R R
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Network structure of RT-GCTR model
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Fig. 2 WTConv's working principle
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Fig.3 Network structure of MSMH-AIFI
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Fig. 4 Network structure of SCOK-CCFF
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Fig.5 Sample images from dataset 1
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Fig. 6 Sample images from dataset 2
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B v A 58 4 3 B AR 3 FHHE P % SR O 58 5 R 44 BT
TN G 22 5028 SR B i AR b 1 YA L Ol 4 2 IR PE A R

Sy 8 R B R R T R R 32 AL RE T B 4R 1 R
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Table 1 Sample distribution of the green mandarin dataset
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2 1200 9235  — - - -
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AW 5T K FAG B (precision, P) . 3 Al 3 (recall ,R) .3
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Table 2 Comparison of ablation experiment results for different models

SIS A B C P/ % R/% AP50/ % FPS Params/M Flops/G
1 X X X 92.9 80.7 89.5 70.9 20.2 58.6
2 N X X 93.3 84.1 91.6 78.8 14.2 43.7
3 X N; X 92.7 82.3 90. 6 73.7 20.1 58.5
4 X X NG 92.8 84.5 91.9 68. 2 20. 8 66. 9
5 N N N 93.9 84. 3 92.0 81.4 14. 8 52.2
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Fig. 9 Detailed comparison of different models
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Table 3 Comparison of detection results for different models on Dataset 1
il P/ % R/ % AP50/ % FPS Params/M Flops/G
YOLOv3-tiny 90. 8 75.8 83.7 148. 2 9.5 14. 3
YOLOv5 92.5 80. 3 89.0 145. 3 7.81 18.7
YOLOv6 90. 5 72.6 82.9 153.6 4.2 11.5
YOLOv8 93.9 81.9 90. 3 139.5 9.83 23.3
YOLOv11 91.9 78.9 88.1 150. 1 9.41 21.3
RT-DETR-r18 92.9 80. 7 89.5 70.9 20. 2 58. 6
RT-DETR-r18+P2 91.4 79.6 88.8 52.4 18.9 81.7
RT-DETR-r184SCOK-CCFF 92.8 84.5 91.9 68. 2 20. 8 66.9
RT-DETR-r34 92.2 84.0 91.3 51.3 31.4 90. 6
RT-GCTR 93.9 84.3 92.0 81.4 14. 8 52.2
P 10 111 AT AL T A ] A I ASE Y 7 52 2% R 358 v o Transformer Z R4 KM 55 125 % /1N H b 47 AiF 5 650 0%, {HL 3 L)

175 B AN 45 5, Horb s B AR DORBE 6 = MAIE il , R4
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Fig. 10 In scenarios with varying sizes of mandarins and light interference
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Fig. 11
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Table 4 Comparison of inference results of different

models on dataset 2

H5 A P/% R/% AP50/ %
YOLOv3-tiny 89. 3 73.3 83.9
YOLOV5 91.8 78.3 88.5
YOLOv6 89. 6 73.7 84. 6
YOLOvS8 91.1 80. 1 89. 6
YOLOv11 91. 9 79. 8 89.3
RT-DETR-r18 91. 6 82.1 90. 7
RT-DETRr18+P2  92.4 80. 7 90. 0
RT-DETR-r18+

SCOKCCET 92.8 83.0 91.2
RT-DETR-r34 93.4 83.3 91.4
RT-GCTR 93.6 85.2 92.2

MFE 4T LEH,RT-GCTR 7% B E (19 FE AL
TR R, RS B (P = 93.6%) . HE &K (R =
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In scenarios with high similarity between fruits and leaves and significant foliage occlusion
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Table 5 Experimental results of the model on NX

before and after improvement

FE A P/% R/% AP50/% FPS
RT-DETR-r18  92.6 80. 8 89. 4 8.6
RT-GCTR 93.4  84.1 91.9 10.3
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Fig. 12 Deployment process and prediction results
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