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Lightweight Remote Sensing Object Detector based on YOLOX-Tiny
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Abstract To solve problems in the complex geometry scene, dense object distribution, and the large range of object size
variations in high-resolution remote sensing object detection and to address the limitations of model resources in application
scenarios, a lightweight remote sensing object detector based on YOLOX-Tiny is proposed. A multi-scale prediction
method is used to enhance the detection capability of dense objects. Moreover, a coordinate attention module is introduced
to improve the attention of important characteristics while suppressing background noise. The key prediction convolution
layer is replaced by deformable convolution to strengthen the spatial modeling capability. Finally, the loss function is
optimized to increase the localization accuracy of remote sensing objects. The effectiveness of the proposed algorithm is
evaluated on the public remote sensing image target detection dataset DIOR. The experimental results show that compared
with the benchmark algorithm (YOLOX-Tiny), the proposed algorithm improves the average precision (AP) and AP50
indexes by 4. 1 percentage points and 4. 42 percentage points respectively; on the premise of maintaining high accuracy, the
number of detection frames per second (FPS) reaches 46, which can meet the needs of real-time detection and is superior to
other advanced algorithms.
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Table 1 Training parameters

Name Value
Optimizer SGD
Momentum 0.9
Weight decay 5X107*
Nesterov True

Type is CosineAnealing,
Learning rate scheduler Learning rate 1s 0. 0025,

Min _Ir ratiois 0. 05

Batch 16
Epoch 100
Mosaic Img_scale is (640,640)

Random affine Scaling _ratio_range is (0.5,1.5)

Brightness_delta is 32,
o ) Contrast_range is (0.5, 1.5),
Photometric distortion ) )

Saturation_range is (0.5, 1.5),

Hue deltais 18
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Table 2 Comparison of progressively improved algorithms

Method Parameters /10° AP /% AP50 /%
YOLOX-Tiny 46.0 71.66
+ multi-scale prediction method 47.4(+1.4) 75.10(+3.44)
+ coordinate attention module 47.7(+0.3) 75.30(+0.20)
+ deformable convolution 49.8(+2.1) 75.60(+0.30)
+loss function(proposed optimized model) 50. 1(+40.3) 76.08(+0.48)
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Table 3 Improved algorithm detection results under different scales unit: %
Method AP APq APy AP, AP50 AP504 AP50y AP50,
YOLOX-Tiny 46.0 9.5 35.7 66. 3 71.66 24.1 58.5 90. 4
Proposed optimized model 50. 1 12.8 38.6 70.2 76.08 31.5 63.1 91.8
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Table 4 APS50 results under different categories

unit: %

Method cl C2 C3 ¢4 C5 C6 C7 C8

Cc9 CI10 CI11 Cl2 C13 Cl14 Cl15 Cl6 C17 C18 C19 C20

YOLOX-Tiny
Proposed

optimized model

68 84.6 79.9 86.6 42.6 78.3 71.3 86.5 66.1 80.8 78.8 61.5 59.8 79.7 69.8 61.5 87.5 67.4 40.1 82.3

74.4 89.1 83.8 88.3 47.2 78.6 77.5 88.8 76.1 82.4 81.2 64.5 62.2 87.7 74.3 70.9 88.8 70.3 49.1 86.4
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Fig. 10 Thermal map visualization results
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Fig. 11 Comparison of detection results between YOLOX-Tiny and optimized model. (a) YOLOX-Tiny;
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Table 5 Comparison of results in DIOR dataset

Method Year Backbone Parameters /10°  FLOPs /10° AP50/%  FPS Device
CF2PNF 2021 VGG16 91.6 >31 67.25 19.7 RTX 2080
ASSD™ 2021 VGG16 >40 >31 71.8 21 RTXTITAN
LO-Det™ 2020 MobileNetv2 6.93 6.424 65.85 60.03 RTX 3090
Proposed optimized model 2021  Modified CSPNet 5.6 7.695 76.08 46.0 RTX 2080T1
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