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Abstract  The existing aerial photography image object detection algorithms have several problems, such as
complicated models, too many hyperparameters, and poor detection accuracy. Therefore, this paper proposes a
lightweight multiscale feature fusion network for object detection in aerial photography images. The proposed network
employs the idea of Anchor-Free and reduces the hyperparameters related to Anchor through pixel-by-pixel prediction.
First, MobileNetV3 is adopted as the backbone network for feature extraction, and the Ghost bottleneck module is used
as the base block for multiscale feature fusion to reduce number of parameters and computational costs. Then,
deformable convolution is introduced to construct a deformable receptive field block to improve the robustness of the
detector to the deformation of aerial photography objects. Furthermore, the label assignment strategy SImOTA is
employed for dynamic sample matching, which alleviates the problems of dense distribution and heavy occlusion of aerial
photography objects. The proposed network is evaluated on VisDrone2019-DET and NWPU VHR-10 datasets. The
detection accuracy AP™ of the proposed network reaches 26. 6% and 94.4% , and the detection speed reaches 59. 9 and
79.6 frame/s, respectively. Compared with other mainstream object detection networks, the proposed network has
fewer parameters and computational costs while maintaining high detection accuracy and speed, making it more suitable
for airborne computing devices.
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Fig. 1 Overall network architecture
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Table 1 Detailed structure of backbone network

Input size Operator Exp size Output size SE NL s
640X 640X 3 Conv2d 320X 320X 16 HS 2
320X 320X 16 Bneck, 3X3 16 320X 320X 16 RE 1
320X 320X 16 Bneck, 3X3 64 160X160X 24 RE 2
160X 160X 24 Bneck, 3X3 72 160X 160X 24 RE 1
160X 160X 24 Bneck, 5X5 72 80X 80X 40 1 RE 2
80X 8040 Bneck, 5X5 120 80X 8040 1 RE 1
80X 8040 Bneck, 5X5 120 80X 8040 1 RE 1
80X 8040 Bneck, 3X3 240 40X 40X 80 HS 2
4040 X80 Bneck, 3X3 200 4040 X80 HS 1
40X40X 80 Bneck, 3X3 184 40X40X 80 HS 1
40X 40X 80 Bneck, 3X3 184 404080 HS 1
40X 40X 80 Bneck, 3X3 480 40X 40X 112 1 HS 1
40X40X 112 Bneck, 3X3 672 40X40X 112 1 HS 1
40X40X 112 Bneck, 5X5 672 20X 20160 1 HS 2
20X 20X160 Bneck, 5X5 960 20X 20X160 1 HS 1
20X 20X160 Bneck, 5X5 960 20X 20X160 1 HS 1
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Table 2 Implementation flow of SImOTA label assignment

Algorithm 1: simplify optimal transport assignment (SimOTA)

Input: 7 is the number of initial selected candidate boxes C, m is the number of ground truth objects in image Y, P/ is predicted class

box

score for candidate box a;, P/.l
G/ is bounding box for g, (i=1, 2, -+, m), e=3
Output: get 4 candidate boxes as positive samples of g;
1 calculate class loss: L,*=BCELoss (P/**, G")
2 calculate regression loss: L,;“=GIoULoss (P, G")

3 calculate cost: ¢, =L, +eL,*

4 select the top10 candidate boxes with the highest IoU for each g,

5 sum these 10 IoU and take integers to get the top 4 for each g,

6 for i=1 to m do

is predicted bounding box for ¢, (j=1, 2, -

, ), G is ground truth class for ground truth g,

7 select the top 4 candidate boxes with the least cost within a fixed center region for g,
8 if a candidate box a, matches multiple ground truths then select the least cost ground truth matching g,
9 else g, is selected as a positive sample of g,
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Table 3 Comparison of evaluation results of different models on VisDrone dataset

. ; X Speed /
Model Backbone AP/%  AP/%  AP"/Y%  Parameters/10° BFLOPs peed s
(frame-s ")

Faster R-CNN' VGG16 15.2 20. 4
CenterNet ™ ResNet50 12.4 22.7 12.4 32.67 246.01 45.2
YOLOv4™ CSPDarknet53 16.8 31.2 16.7 64.36 321. 30 28.8
YOLOv4-tiny*" Tiny Darknet 10. 6 19.8 10. 4 6.06 36.99 65.2
Proposed model MobileNetV3 15.1 26.6 15.5 7.79 37.35 59.9
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Fig. 4 Comparison result of P-R curve. (a) P-R curves of the proposed model for ten classes of objects;(b) P-R curve for the bus;

(¢) P-R curve for the car

KT B 3E BT 3 9 D-RFB #l Ghost-PAN 45 #4 1)
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RFB &, Fr 4 S8 ik I AS B2 AP 42 A T 1. 54 E &
B SRR ) REB AH He, D-REB fiff T 32 455 7 14 4
RS BE AP M 22. 6 %0 $2 T+ 51 23. 4 %0, X BB AT AR JE 45
TRt 45 PRI % B A B 4R AF 32 35 BE 1 3, @il & 1 AT AR
TV A FR 114 Jak 37 B RS B T 38 ) RUBE AR 245 22 728 19 i 14

K% B bR 9K 5 51 A Ghost-PAN Z5 44 5, Fir 42 451 %4
4G TR BE AP™ A 20. 1% #2713 23. 4%, [A] it 5 5 B
1) PAN %5 ¥ #1 e , %2 2 fL 9 Ghost-PAN 25 M #2751
JUT AR R TR (1% A B T RGO AS O A KR B R R
5] A SImOTA Fil Focal loss Jii , B 5 %) 1F 1 B A4S A 2y
A ] 0 A5 1) 20— A 1 gt e, DAL ARG 00 RS BE AP 40 i) 2
T T L8 EH AL AN E 5T A

[ 5 & B 2 B 8 5 Faster R-CNN, YOLOv4,

F4 o HREIIERAS R
Table 4 Results of ablation study

MobileNetV3-+ . . Focal “ Speed /
Decoupled Head D-RFB RFB Ghost-PAN PAN SimOTA s AP™ /% (frame-s)

NG 18.6 72.3

NG NG 20.1 68. 2

N NG NG 22.6 61.2

NG NG NG 23.6 54.3

NG NG NG 23.4 59.9

NG NG NG N 25. 2 59.7

N N NG NG NG 26. 6 59.9
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Fig. 5

Comparison of detection results of different models in different scenarios. (a) Multi-scale, occluded scene; (b) small object,

dense scene; (¢) illumination change scene
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640150 %, HARSCI 5 RN L SR . MWESTTLUE
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R-CNN F1IC45# M A5 80 CenterNet., Fr 424 878 5 oU
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Table 5 Comparison of evaluation results of different models on NWPU VHR-10 dataset

: n ‘ Speed /
Model Backbone AP /% AP* /% AP” /% Parameters /10°  BFLOPs P )
(frame+s ")

Faster R-CNN' VGG16 81.8 20. 9
CenterNet"™ ResNet50 45.4 84.1 40.7 32.67 109. 34 55.3
YOLOv4™ CSPDarknet53 58.0 96. 2 62.7 64. 36 142. 80 44.2
YOLOv4-tiny'*" Tiny Darknet 29.8 72.9 18.0 6.06 16. 44 84.3
Proposed model MobileNetV3 59.2 94.4 64.9 7.79 16. 60 79.6

6 VRANF T P 4R AR R H b T U R R A
NWPU VHR-10 46 £ b Xt 10 A4~ H A5 28 50 14 45 00 4
B MR 6T LI, BT e Xt RHL MRk B2
T Ty ARG IR B2 40 ey T ARG IS R, X R R )

PR CRHL B BRI B4R 37 A 0 Bk 375 ) A A6 DN RS T2
75 T 9500, R AGER Mi /IN B W A RIS 354 ) 19 ARG DK B2
Wik 9000 A Lo X R W T P B FLA B0 1 22 RO A
I RE T FZ AL RE 1,38 5 T R E B H AR A G
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#6  ARBEAENWPU VHR-10 B8 5 1 xE 104 H AR 5 93 25 23
Table 6 Evaluation result of different models on NWPU VHR-10 dataset for 10 classes of objects

unit: %

Target category Faster R-CNN CenterNet YOLOv4 YOLOvV4-tiny Proposed model
Airplane 97.71 99. 81 99.79 99. 30 99.95
Baseball diamond 94.14 91.87 95.81 90.71 98.63
Basketball court 78.38 78.45 98. 39 65.47 89. 49
Bridge 72.56 81.52 87.13 34.85 89.07
Ground track field 96. 98 71.77 97.18 73.85 99.21
Harbor 84.01 75.08 96.75 49.18 89.68
Ship 72.80 87.67 96. 52 90. 37 93.02
Storage tank 81.83 92.01 96.91 86.49 96. 65
Tennis court 83.44 85.33 99.95 77.12 96. 40
Vehicle 56.17 77.51 93.89 61.54 91.47
mAP 81.82 84.10 96.23 72.89 94. 36

6 R T IR BERZE NWPU VHR-10 8454
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El6  FrREAAE NWPU VHR-10 5048 5 F i 25 5
Fig. 6 Detection results of the proposed model on NWPU VHR-10 dataset
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