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Lung nodule detection in computed tomography imaging based on neck

redesign and dual perception
ZHANG Wengian®, YAO Wei', CHEN Xiaoxiao®, LIU Huangchi*, XU Shengzhou *

(South-Central Minzu University, a. College of Computer Science; b.Hubei Provincial Engineering Research Center for

Intelligent Management of Manufacturing Enterprises, Wuhan 430074, China)

Abstract Lung nodules, as important imaging manifestations in the early stage of lung cancer, are difficult to be effectively
detected during the detection process due to their small size and blurred boundaries. Existing methods have insufficient
representation of fine structures and boundary details, which tends to result in missed detections and false positives. To address
limitations in small-object perception and feature representation, a novel detection model based on neck redesign and dual
perception is proposed, termed RDNet. Specifically, to address the insufficient information transfer in the original neck
structure, the neck is redesigned to supplement shallow spatial details and reduce information loss for small nodules. Parameter-
Sharing Detection Head (PSDH) is introduced to reduce redundancy and computational cost while ensuring consistent
representation of multi-scale detection outputs. Additionally, a Dual-Perception Fusion Module (DPFM) integrates multi-scale
semantic features with structural details is presented to enhance feature representation ability of the model. Experimental results
on the LUNA16 show that RDNet achieves an AFROC of 1.824 and increases Recall by 8.33%, outperforming existing methods
across multiple metrics. These results confirm the effectiveness and value of the proposed method. Furthermore, experimental
results on the Tianchi demonstrate that RDNet has strong cross-dataset generalization capability.
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Tab. 1  Detection results of lung nodules by different methods
Model Year AP /% Precision/% Recall/% AFROC Parameters/M GFLOPs
SSD 2016 62.56 72.82 56.80 1.725 13.06 15.03
RetinaNet 2017 76.67 77.84 52.00 1.771 32.20 127.21
Faster-RCNN 2016 63.11 64.49 71.20 1.573 41.35 121.28

YOLOvS 2023 83.70 85.27 74.07 1.783 3.01 4.10
GELAN 2024 81.44 80.08 77.20 1.805 1.88 3.54
YOLOv10 2024 77.64 83.01 64.50 1.760 2.71 4.20
RT-DETR 2024 72.96 73.71 67.60 1.789 27.42 52.58
YOLOvI1 2024 82.53 84.01 75.68 1.794 2.59 3.22
YOLOvI2 2025 81.56 77.53 77.28 1.705 2.52 2.99

RDNet 2025 85.57 88.01 82.40 1.824 1.38 4.50

Case 1

Case 2
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Case 2

YOLOv10 RT-DETR YOLOvI1 YOLOvI2 RDNet
6 ANIR) 7 i B it 1 ARG 225 28 1)

Fig. 6 Figures of lung nodules detection results by different methods
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Tab.2  Ablation experiments with different modules

Model AP /% Precision/% Recall/% AFROC Parameters/M GFLOPs
Baseline 83.70 85.27 74.07 1.783 3.01 4.10
+ S E A 85.57 85.43 78.40 1.736 5.38 28.31
+ i H A4+ PSDH 84.47 85.27 78.00 1.809 1.58 5.09
+ M F 4+ PSDH + DPFM 85.57 88.01 82.40 1.824 1.38 4.50
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Fig. 7 Feature response visualization of neck structures
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Tab. 3 The internal ablation experiment of DPFM

MP SA EA AP /% Precision/% Recall/% AFROC Parameters/M GFLOPs
v 80.51 87.35 74.00 1.822 1.31 425
v J 80.66 82.37 74.76 1.798 1.37 4.48
v N 83.00 87.97 73.20 1.806 1.37 4.49
v v J 85.57 88.01 82.40 1.824 1.38 4.50
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Fig. 8 Ablation study heatmaps of the DPFM
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Tab. 4 The lung nodule detection results of the Tianchi dataset

Model Year AP /% Precision/% Recall/% AFROC Parameters/M GFLOPs
YOLOvS 2023 73.87 83.21 67.07 1.849 3.01 4.10
GELAN 2024 69.02 81.62 60.15 1.759 1.88 3.54
YOLOv10 2024 59.47 67.54 53.98 1.646 2.71 4.20
RT-DETR 2024 63.37 74.74 62.78 1.798 27.42 52.58
YOLOv11 2024 73.11 84.94 65.41 1.852 2.59 3.22
YOLOv12 2025 74.27 83.13 68.42 1.825 2.52 2.99

RDNet 2025 76.50 78.59 74.44 1.854 1.38 4.50
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