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A Small Target Detection Algorithm from UAV Perspective
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Abstract: The use of unmanned aerial vehicles (UAVs) for effective real-time monitoring of small targets,
such as people, cars, and objects in the scene area, can help maintain public security. To address the problems
of small-target occlusion, overlapping, and interference of complex environments in UAV images, a small-
target detection algorithm is proposed from the UAV perspective. The algorithm uses the YOLOX network as
the baseline system. First, the neck part of the network increases the output feature graph to reduce the
receptive field, thereby improving the performance of the network details, and the detection head of the small-
sized feature graph is deleted to improve the detection rate of small targets. Second, the anchor-free association
mechanism is used to reduce the influence of noise in the truth tag while simultaneously reducing the parameter
setting to speed up network operations. Finally, a true proportion coefficient is proposed for small targets to
calculate position loss, thereby increasing the penalty for misjudging small targets, which makes the network
more sensitive to small targets. Experiments on the VisDrone2021 dataset using this algorithm showed that the
mAP value increased by 4.56%; the number of parameters decreased by 29.4%; the amount of computation
decreased by 32.5%; and the detection speed increased by 19.7% compared with those of the baseline system,
which is an advantage over other mainstream algorithms.
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Table 2 Ablation experiment results

Configuration Version
Operating systems ~ Windows10
CPU 12th Gen Intel(R) Core(TM) i7-12700KF
GPU NVIDIA GeForce RTX 3090
Framework Pytorch1.7.1
Software Pycharm2020.312

22 HUREE

SIS BT 204 5 9 B AT I AHL/S B FRAS Bk %
B BPEEE VisDrone2021151, Z 84 42 h R K2
AISKYEYE BIRAMEFITEANUKREE T 14 DAFE T
W, EIEARPME, MRAMELR, L 400 4
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EBRINHN 0.5, — 3% E T 110 4> epoch, A 50 4™ epoch
NREEUIZR, batchsize ¥ 16, #>JHEE A 0.001,
FIkFEHR 092, ALZEH Adam, J5 60 > epoch 9
RIS, batchsize N 8, %] FEWE N 0.0001,
IFEA 092, ALZREH Adam. EHCEIFEHEZLY
f (mean Average Precision, mAP), Z#{& Params,
TH5A & GFLOPs DL dlli# % (Frame Per Second,
FPS) VRN TE R
2.4 HRRSEE

R G BSOS ) R S S M, A S L

Models mAP/% Params GFLOPs FPS/(frame/s)
Baseline 35.28 9.00M  26.8 117
N1 35.39 7.75M 202 121
N2 35.68 632M 179 128
N3 36.21 6.35M  18.1 132
N4 36.11 833M 23.0 123
L1 37.00 9.00M  26.8 119
L2 37.73 9.00M  26.8 118
L3 37.38 9.00M  26.8 117
Ours 39.84 6.35M  18.1 140
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Table 3 Comparison of experimental results of different
algorithms
Models mAP/(%) FPS/(frame/s)
Vistronger Det!'®)  33.85
TPH-YOLOvS!!71 3918
Sineglazov’s!!®] 37.20

CenterNet 22.92 81
Faster-RCNN 25.16 29
YOLOV3 27.38 61
YOLOv4 31.26 86
YOLOvVS5s 35.13 105
Ours 39.84 140
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Fig.6 Detection renderings in different scenarios (a) Road traffic scenarios; (b) Static vehicle scenarios; (c) Dark scenes;(d) Close shot
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