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Abstract: In order to solve the problems of complex network calculation and low detection accuracy of remote sensing
aircraft detection algorithm, this paper improves the research from two aspects of improving accuracy and simplifying
model based on the mainstream network YOLOv4, and proposes a lightweight multi-scale monitoring network LDS YOLO
(light dense supervision YOLO). Aiming at the problem of insufficient extraction of remote sensing aircraft target details,
the structure of three groups of multi-scale fusion prediction layers is improved, and the dense connection mode is designed
between the four convolution blocks before the first up-sampling of each branch, which can enhance the fusion of aircraft
of different scales, enrich the feature details and improve the prediction accuracy. Aiming at the problem of low correlation
degree of target features, the consistency supervision loss function is introduced to improve the detection accuracy while
assisting prediction by supervision classification network. By adding lightweight modules containing global average
pooling layer, full connection layer and feature mapping layer, the channel structure is adjusted to reduce feature redundancy
of the weight model and reduce the number of network parameters. On the basis of ensuring the detection rate, the number
of model parameters is reduced to 3.6x10°, and the computational cost is 77 MFLOPs. The test detection rate loss is less
than 2.3% compared with the original model, and the speed is up to 17 frame/s. The anti-over-fitting ability and robustness
of the lightweight algorithm model are analyzed by comparing with the mainstream detection algorithm, and the validity
and feasibility of the lightweight remote sensing aircraft target detection algorithm are proved.
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Fig.1 Improved multi-scale fusion network structure diagram
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Table 2 Pruning results of three algorithm models on data set

preid) FLOPs/10°  Params/10°  Top-1£ilZ/%  CPU W{Z/(frame/s)
YOLOV3(baseline) 265.38 135.0 68.33 1.2
YOLOv3(pruned) 242.38 121.0 57.54 3.7
YOLOvV3(pruned-ours) 227.38 112.0 65.23 8.4
YOLOv4(baseline) 187.33 44.0 90.34 4.1
YOLOV4(pruned) 154.75 37.0 79.01 6.1
YOLOV4(pruned-ours) 129.12 28.0 88.75 9.2
LDS YOLO(baseline) 125.51 8.0 89.95 10.0
LDS YOLO(pruned) 104.16 6.0 79.12 14.3
LDS_YOLO(pruned-ours) 76.82 3.6 86.02 19.6
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Fig.10 Partial effect of test set of detection algorithm before and after improvement
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Table 3 Detection indexes of LDS YOLO in low-quality remote sensing images

%

. 10U mAP Recall
[EG b
FasterRCNN  YOLOv4 LDS_YOLO FasterRCNN YOLOv4 LDS YOLO FasterRCNN  YOLOv4 LDS YOLO
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Table 4 Comparative experimental analysis of

several algorithms under data

T . . Top-1

s FLOPs/10°  Params/10 ———
VGG-19-pruned" 195.0 14.3 88.80
ResNet-56-pruned"” 129.0 13.3 91.06
ShuffleNet(1.0)" 161.7 19.1 90.29
DenseNet-40-pruned"” 190.0 16.6 86.81
YOLOv4 131.0 9.4 95.32
LDS YOLO 110.0 10.1 94.32
LDS_YOLO-pruned 101.0 8.0 90.44
LDS_YOLO-pruned-ours 85.0 3.6 92.95
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Fig.11 Model comparison experiment results
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Table 5 Robustness data of each algorithm under difficult samples

ra— HETHR /%
YOLOv3 YOLOv4 LDS YOLO LDS YOLO prune LDS YOLO prune ours
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