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Multi-Scale Feature Fusion Based Adaptive Object Detection for UAV

Liu Fang, Wu Zhiwei”, Yang Anzhe, Han Xiao
Information Department, Beijing University of Technology, Beijing 100022, China

Abstract In the aerial image of unmanned aerial vehicle(UAV), the target is usually small, and the shooting angle
and height are variable. To address the problems, we proposed an adaptive drone object detection algorithm based
on the multi-scale feature fusion. First, lightweight feature extraction network was established using the advantages
of deep separable convolution and residual learning. Second, a multi-scale adaptive candidate region generation
network was constructed, and feature maps with the same spatial size were weighted and merged based on the
channel dimensions, which enhance the feature expression ability to objects. Based on these multi-scale featured
maps, the use of semantic features to generate target candidate frames can be more matchable with real objects.

Moreover, simulation experiments demonstrate that this algorithm can effectively improve the accuracy of UAV
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detection and have better robustness.
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Fig. 2 Schematic diagram of convolution decomposition. (a) Standard convolution process;

(b) convolution process after decomposition
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Fig. 4 Deconvolution cascaded structure

x2 RERKESH

Table 2 Deconvolution layer parameters

Layer Type Kernel Stride Output size
hl Deconvolution ~ 3X3 1 14X 14X 256
h2 Deconvolution 3X3 1 28 X 28 X256
h3 Deconvolution ~ 3X3 1 56 X 56 X256
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Fig. 6 Visualization detection results of the proposed algorithm in different situations. (a) Small target detection results;

(b) dense target detection results; (c) detection results of target under different illuminations
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Table 3 Feature extraction network comparison

Model Size /MB Ratio /% Accuracy /%
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Table 4 Effectiveness test of each module
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HE AT H bR 000, I A B AR 4 38 B o A HL AL 47 2L
P h B RE 248 /N H AR 2 1 S PR 1 L
WXF R 2226 H bR kG U AR B 22 . MIAHAL T Faster-
RCNN, A< 3C I 48 505 B N7 A 95427 A1 HoAth
KA AP ERA 1~7 A EH AR, Xt T
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BN EAR RS A T R, R

for different methods % WY B B 8 R T 22 RUBE 3 I A 328 DX 3l A i 1) 2%

Method mAP  AP*  AP” FIE P AR AN ) RUBE () il & R AE  [) B el R n AR

(DFaster-RCN(Resnet50+RPN) 18,63 35.87 17.86 G5 W 2 B RO R AR #E AT H bR B0, JF R T E

@LResnet+RPN 18.52 35.75 17.44 FRAEHE 5 W 25 >k B 38 I A i H A fige 18 4E , 1R K 2

@ LResnet+DC+ RPN 21.03 38.46 18.03 BE LM T XA R HAR R IER B . & T
@LResnet+DC+GA-RPN(ours) 22.12 38.76 21.53 A0 B by A kS B

F 5 VisDrone st 55 48 88 45 258 BIAG I 45 S 6 He

Table 5 Comparison between the results of ten categories from ours model and Faster-RCNN on VisDrone dataset %

Method Pedestrian Person  Bicycle Car Van Truck  Tricycle Awn Bus Motor
Faster-RCNN 18.34 7.62 6.76 43.31 27.53 19.95 10.13 7.65 36.87 8.79
Ours 22.43 7.61 8.56 50.18 34.63 24.34 14.11 9.08 36.25 14.88
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Table 6 Comparison test of UAV aerial data with

mainstream object detection algorithm

Frame rate /

Method ~ mAP /% AP*/% AP™/%
(framess™ ')
FPN 16.51 32.20 14.91 6
YOLOv3 20.30 44.12 15.80 44
RetinaNet 11.81 21.37 11.62 11
CornerNet 17.41 34.12 15.78 13
Ours 22.12 38.76 21.53 24
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