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Abstract

With the rapid development of remote sensing technology, the increasingly large remote sensing data
has rendered traditional image processing techniques inadequate to meet the demands. As a result,
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applying deep learning object detection techniques to the remote sensing field has become the op-
timal solution. However, the dense arrangement of small objects and drastic scale variations in remote
sensing images make the direct migration of object detection algorithms applicable to natural scenes
to the field of remote sensing ineffective. In this paper, we improve the YOLOX algorithm by incor-
porating an adaptive spatial feature fusion structure after the feature extraction network, which fuses
deep and shallow features to enhance the recognition rate of small objects. In addition, this study op-
timized the sample label assignment strategy to address the issue of angle offset sensitivity for nar-
row class target objects with high aspect ratios. Furthermore, the impact of the imbalance between
positive and negative samples was mitigated by modifying the loss function. We conduct experiments
on the DOTA remote sensing image dataset for training and testing. The results demonstrate that the
improved YOLOX algorithm achieves better detection performance, with a mAP of 79.07%, which is
2.75% higher than that of YOLOX. Furthermore, we conduct experiments on the HRSC2016 dataset,
which confirms the model’s excellent robustness.
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Figure 1. Improved network structure diagram of YOLOX algorithm
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Figure 2. Adaptive spatial fusion structure diagram
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Figure 3. SimOTA sample assignment strategy
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Figure 4. Effect of angular offset on objects with high aspect ratio
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Table 1. Ablation experiments on the DOTA dataset
F 1. 7£ DOTA HiR& L AHRA LIS

Fusion Improved SIimOTA Focal loss mAP (%)
X X X 76.32
x x \ 77.38
x \/ x 77.89
X ol V 78.46
V v V 79.07
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175256, JF5 E W J79% RetinaNet. SCR Det [9]. F3Net [10]415 45 YOLOX kAT Xt S2i 4l B
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Table 2. Comparison with dominant methods on the DOTA dataset

% 2. 7£ DOTA BUIRE L5 R A EHIXTEE

RetinaNet SCR Det F3Net JR YOLOX  ARIUIEHUR M4
Category
AP (%)
PL 88.67 89.98 88.89 90.30 90.44
BD 77.62 80.65 78.48 74.69 71.23
BR 41.81 52.09 54.62 58.10 66.91
GTF 58.17 68.36 74.43 67.06 69.04
SV 74.58 68.36 72.80 82.54 83.31
LV 71.64 60.32 77.52 87.30 87.28
SH 79.11 72.41 87.54 88.28 88.71
TC 90.29 90.85 90.87 90.29 90.59
BC 82.18 87.94 87.64 67.73 70.65
ST 74.32 86.86 85.63 86.59 88.27
SBF 54.75 65.02 63.80 60.12 69.54
RA 60.60 66.68 64.53 67.38 74.35
HA 62.57 66.25 78.06 58.50 67.41
SP 69.67 66.25 72.36 85.22 86.94
HC 60.64 68.24 63.19 80.74 81.40
mAP 69.77 72.68 76.02 76.32 79.07

Figure 5. Visualization results on the DOTA dataset (a is the original YOLOX visualization, b is
the visualization results of the algorithm in this paper)
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Figure 6. Comparative experiments on the HRSC2016 dataset
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