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Small object detection in aerial images based on feature aggregation and
multiple cooperative features interaction
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(1. School of Physics and Electronic Information, Huaibei Normal University, Huaibei 235000, China;
2. Ahui Province Key Laboratory of Intelligent Computing and Applications, Huaibei 235000, China)

Abstract: Aiming at the problem that the target size of the UAV aerial image is too small and contains less feature information, which
leads to the unsatisfactory detection effect of the existing detection algorithm on small objects, a UAV aerial photography based on feature
aggregation and multi-collaborative feature interaction is proposed. First of all, in view of the insufficient feature extraction of the
backbone network, Swin Transformer is selected as the RetinaNet backbone network to enhance the global information extraction ability of
the algorithm. Secondly, in order to improve the detection ability of remote targets, a small target feature aggregation network is
proposed, which can fully integrate the details of small targets in shallow feature maps. Finally, in order to further improve the detection
performance of multi-scale targets, a new multiple collaborative feature interaction module is proposed to make the low-level feature
information flow to the high-level. Experimental results on VisDrone2019-DET, a public UAV aerial photo data set, show that compared
with the original RetinaNet baseline network detection precision increased by 7. 6% , the proposed algorithm has better detection effect for
small targets.
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Fig. 1 The architecture of RetinaNet
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Fig.2 The architectural details of the algorithm in this paper
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Fig.3 The basic framework of Swin Transformer
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Table 1 Ablation results of VisDrone dataset
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Table 2 Test results compared with other algorithms

Bk Backbone mAP/% mAPO. 5/% mAPO. 75/% FLOPs/G

RetinaNet! '’ ResNet50 12.8 24.00 12.50 152.16
Faster R-CNN!'! VGG-16 11.3 18.20 10. 60 445. 50
CenterNet! 2 ResNet50 12.4 22.70 12. 40 173. 87
RefineDet %" ResNet50 14.8 27.86 13.17 459.27
RFB-Net' 3" ResNet50 14.3 22.17 12. 06 376.92
De-DETR!""! ResNet50 14.9 30. 10 12. 60 327. 61
QueryDet! '] ResNet50 15. 4 30. 80 13.70 182.32
AR Swin Transformer 15.8 31.30 14. 50 165.23
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Fig.7 Comparison of detection results between the algorithm in this paper and the baseline in different scenarios
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Table 3 Ablation results on the NWPU VHR-10 dataset

Kiﬂﬁ%ﬁﬁl%%%%% s Zlijiﬁ{iﬁfl:/\m%?ﬂ IEH% ':F' il Baseline swin SFANet MCFIM  mAPO.5/%
N EAT SR ORI S RetinaNet v/ ¥

; . A vV vV 89.8
3.4 NWPU VHR-10 ##E&E E LI 4R Wi 1, v V vV 91.6

5 VisDrone2019-DET #9542 4 tb, NWPU VHR-10
Bl g v BRI ROSE VR AE B0 AF AR 8K 10 22 5, Al isp
FEARARA TN &, R T RAIEAR SR B i SR
R, /£ NWPU VHR-10 %4l 45 1 aE 47 17 3 Al A L
SEEG o FAL a 7F Backbone ¥ I, % ] Swin Transformer
RHUR ResNetS0; 5270 b FERLAY a AYFERE L HT38 /N H AR
FRIER A LS, KRB TINARIE 2 DA DA S8 o
LAY ¢ FERLAY b A LR B RN 22 S0 b ) 4R AE AS A
e, ank 3 FioR, BT A SC 534 4E NWPU VHR-10 1) 804
£ L HEATINAR, Hh 500 25 SR T A AR SO R A A T R
mAPO. 5 #2151 5. 3% , Y5 1 % ROBE AR b g K 1 i Jak A

FET ¢ Vv Vv Vv vV 93.2

£ NWPU VHR-10 48 4 I AR SO A At 32 3
P SEER g5 T b g 4 Fos, ¥ K& 10 A HARZEH),
AR LIE AR SCRL TR AR Y LAY | it i R A 4
SR RINORG 7 T Y A8 T AR A | RR B X TR E K
KA CHL BBk ARy A EE ) |, A8 SO R
BRGNS B2 55 1k 95% LA b5 % TR 2 /N Wy A (iR
P AN G40 ) | AR SCRSE TR () ARG IR Bt 3t T 93% , 3k 3 iF
AR AT K- 3 AR SOREA L 25 i i /N H
T R0 A0 22 R ARG I i 3, 356 FH T 00 Pl 45 i 32 Je P 1%
H bR BIRIAT 55

®4 S5HMEXAE NWPU VHR-10 #iE5% EILE
Table 4 Comparison with other algorithms on the NWPU VHR-10 dataset

H#ZE0  Faster R-CNNT'T CenterNet!!  ODDP! FMSSDI®! De-DETR'!  YOLOX-L'™  pPyramim!™ ARSI
KL 97.7 99.8 90. 8 99.7 99.6 99.9 99. 4 99.0
=2e] 9. 1 92.0 90.6 98.2 98.2 98.7 98.3 96.3
R 78. 4 78.5 90.9 9.8 93.2 96.7 91.3 92.7
Wi 72.6 81.5 78.8 80. 1 75.1 61.9 77.8 76. 4
EEST 97.0 71.8 89.6 97.7 97.1 94.7 98. 1 98.5
I 84.0 75.1 89.8 77.6 92.2 96.1 87.1 89.6
FR A 72.8 87.7 88.3 89.9 92.1 86.7 91.1 93.8
fitgith i 81.8 92.0 86.2 90. 3 92.5 96. 6 96.2 98.4
xRk 83.4 85.3 81.2 86.0 90.2 92.8 92.6 92.6
LR 56.2 77.5 78.8 88.2 93.2 88.8 92.2 94.3
mAPO. 5/% 81.8 84.1 86.7 90. 4 90.5 91.3 91.4 93.2
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Fig. 8 Detection results of the proposed algorithm on the NWPU VHR-10 dataset
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