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Apple maturity detection algorithm based on FPB-DETR
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(School of Information Science and Engineering, Hebei University of Science and Technology, Shijiazhuang, Hebei 050018, China)

Abstract: To address the low accuracy and efficiency of apple maturity detection under large-scale, lighting, and occlusion conditions,
an improved FPB-DETR detection model based on RT-DETR was proposed. Firstly, a frequency-adaptive dilated convolution (FADC)
module was introduced into the backbone network to precisely focus on subtle color gradients, immature spots, and texture stripes on
apple surfaces by resolving the conflict between effective receptive field and feature bandwidth, as well as overcoming the limitations of
fixed dilation rates. Secondly, a polarity attention mechanism (polaformer-attention-based intra-scale feature interaction, Pola-AIFT)
module was designed to mitigate the issues of negative value neglect and excessive information entropy, suppressing interference from
target apples under varying environmental conditions. Finally, a bidirectional feature pyramid network (bi-directional feature pyramid
network, BIFPN) structure was introduced during the multi-scale fusion stage to optimize feature fusion efficiency and key information
focusing capability, reducing ambiguity interference in maturity feature transmission. The results show that the precision, recall rate and
average accuracy of the FPB-DETR model proposed in this study are 92.5%, 92.7% and 96.8%, respectively, which increases by 2%, 1.7%

and 1.8%, respectively compared with the original model, and are superior to those of Faster R-CNN, YOLOvS, YOLO v8, YOLO vl11
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and YOLO v12 object detection models, significantly enhancing the detection capability of the model; The average detection time of the
model is 31 ms, which meets the real-time detection requirements for apple maturity. This study demonstrates the effectiveness of
innovations in three aspects: feature extraction, attention mechanism and multi-scale fusion, providing reference for the optimization

design of intelligent harvesting robots.
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Fig. 1 FPB-DETR network architecture diagram
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2 HEBLRR S T SR I SE A A sA i e 5 S A
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Tab.2 Model comparison results

- mAP@0.5 mAP@0.5:0.95 R P FPS Params GFLOPS
- (%) (%) (%) (%) (Mi/s) M) (©)
FasterRCNN 87.0 61.0 89.0 68.8 78.5 42.0 78.3
YOLOv5Sm 86.1 60.9 80.5 80.4 117.4 25.0 64.0
YOLOvV8m 88.5 52.8 80.3 86.1 128.0 259 78.8
YOLOV8-BIFPN-GLSA 86.2 60.7 78.8 81.8 130.2 25.6 80.4
YOLOv1Im 91.2 65.1 85.9 85.8 140.1 20.1 68.0
YOLOvI2m 88.0 61.1 78.9 85.9 136.7 20.2 67.5
RT-DETR 95.0 71.7 91.0 90.5 99.0 19.8 57.0

FPB-DETR 96.8 74.5 92.7 92.5 142.9 204 56.7
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Y 2 HI%dE, FPB-DETR K mAP@O0.5 i£%] 96.8 %, mAP@0.5:0.95 N 74.5 %, R N 92.7 %, PN
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THHEEIREE 56.7 GFLOPS, KT ZH0on tbiiAY, RMHBAGMRITHERE . L5845, FPB-DETR
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Fig.7 Detection diagram
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