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Dynamic Receptive Field-Based Object Detection in Aerial Imaging

Xie Xueli, Li Chuanxiang, Yang Xiaogang, Xi Jianxiang®, Chen Tong
College of Missile Engineering, Rocket Force University of Engineering, Xi'an, Shaanxi 710025, China

Abstract The accuracy of existing image-based methods for aerial imaging of flat-view images is limited. In this
paper, a dynamic receptive field-based single-stage object detection algorithm is proposed to address this problem.
First, the feature pyramid network is constructed by using SE-ResNeXt. This network is used as the backbone
network to extract features efficiently. A bottom-up short connection path and a global context upsampling module
are proposed to enhance the structural and semantic features of the detection layer. A dynamic receptive field-based
detection subnet is designed to dynamically select the receptive field of an appropriate scale for object detection.
Experimental evaluation is conducted on a realistic aerial dataset, and the results are compared with those of other
related algorithms. The results show that the improved algorithm performs better on the dataset, and the
performance score is evidently increased. It also exhibits good detection capability in scene images such as dim light,
down view, oblique view, and dense objects.
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Average Precision (AP):
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AP Across Scales:
Apsmall % AP for small objects: area < 322
Apmedium % AP for medium objects: 322 < area < 962
Aplarge % AP for large objects: area > 962
Average Recall (AR):
ARG % AR given 1 detection per image
ARMax=10 % AR given 10 detections per image
ARMax=100 % AR given 100 detections per image
AR Across Scales:
ARSmall % AR for small objects: area < 322
ARMedium % AR for medium objects: 322 < area < 962
ARlaree % AR for large objects: area > 962

B 10 COCO H A o1 # 5 Ar 1 i 2!

Fig. 10 Detailed explanation of COCO object detection and evaluation indexes™"

4.3.2 Focal Loss A% 525

RetinaNet 2 1} Focal Loss fi# P& 2 5l A 2 1 7]
LIS T BERR . Focal Loss E LW, 7E
VISDrone-g 54 H . /N H bR i K 2 80, GE VT L 1Y
IEREA B HE R D, Ho/IN H bR B & R AR A 24055 . )
TME o B RE AR, AR SC B E M B AE M R TR
RetinaNet, 52 9% N S 50 1 /9 405 0 2 H 97 % 48,
—EREE EINE TOEAREA KRR A DR B
R RBOR G R M, ALREZHSH
HEAT SE g, SCE A R MK 1 PR, BiE S 8O R,
AP AP 1 Fr o BB KR B/ NS . U
Hii K AP AP, YR @, =0.25,7 = 3.0 fE A
S8, ZH S T G RetinaNet, 18 15 15 B
BEOR L 5 i ST 23 B P —E

# 1 Focal Loss #3156 %

Table 1 Focal Loss parameter tuning

a, b4 AP /%  APs/%  Fion
0.20 2.0 23.93 38.18 47.24
0.25 2.0 24.37 39.95 48.43
0.25 3.0 25.14 42.62 52.47
0.30 3.0 24.82 41.23 50.72

T £ R 3 BRI RO /E XS b . 3R 2 T LR
MeHEHMMMR M AENEREELSRA. 5
RetinaNet " # v, DRF-RetinaNet ) AP 27} 6.17
ANE AP - TF 13,97 AN 2r A, H R A
GCU F1 bottom-up ZH 447 >k 1K s, 22 L P 35 B
R Al A 2 R i K U B A A0 ) A A AR
HAMKEFR . Bottom-up FIEELGTZE KR K T2
B 15 8 . GCU Rl A5 BEHE & 1 )2 A 1) JiS )2 AR Ak
AL R R S AX A ge 3 58 FPN B FRE(R
B AT R OB AT 200 B bR AR E
2 B EPEREXS

Table 2 Performance comparison of model components

Module Whether or not it contains
RetinaNet” v
SE-ResNeXt N N N N N/
Bottom-up N/ N NG
GCU N4 N N
DRF detection subnet v/
AP /% 18.97 20.22 21.33 22.05 23.17 25.14
AP,/ % 28.65 30.64 32.78 34.33 37.83 42.62

4.3.3 MERIFRE R

AR S 30 2 8 3ok s SC AR HROR 43 B A AR LR B
M R 1 5% W, A SCX) SE-ResNeXt, bottom-up.,
GCU FI DRF 45 I -~ 00 2% 2 21 {4 AT TH BR S 5 . H
T GCU BRI B 7 BE B X 1L DRF A il

Note: * indicates that anchor parameters have been adjusted
according to section 4.2.
4.3.4 FEx g

AL B ¥ DRF-RetinaNet 5 RetinaNet, 2 %
JH % BY RetinaNet, SSD, Faster R-CNN,R-FCN 71
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% {5

YOLO v3 % 6 Ff 5 3% #E 17 %F He, o b RetinaNet,
SSD 1 Faster R-CNN % | mmdetection &
(https://github. com/open-mmlab/mmdetection)
528, R-FCN,RFB-Net fil YOLO v3 & M GitHub-
pytorch MUAS S, 25 5Bk I IE Y 2 5 LIl 25 2l
S, I AR D A AT A

3 R AR A AR M A B R Pk RE R L, AT
PIE i DRF-RetinaNet 53 1% 19 14 68 $2 7+ 9] 1., AP
KE] 25.14% , APs, 15 5 42.62% , Bk i 4b B
210 9 frame/s, THEEAEHE S BUE 1 RetinaNet &
% (RetinaNet ) PEREFRIFHRTH, AP A F] 18,9740 1L
JEif RetinaNet Il 2.62 4~ H 43 4., Ui B anchor-
based H bR A6 W 75 26 x5 AR 26 A B A B0 1y B
PE o DRI 7E HE AT AN (] 26 78 0 I A 55 17 75 % AH G 5K

AT 5B LA e 6 38 MR AE 280,

F A NS FIEX AT R BE B b R s 5, w]
PLE H DRF-RetinaNet % F /N B A5 i & 90 v i %
AP K E] 13.62 % , AP™ ™ 3K F| 40.34 % , AP ik
F 55.95%  F 1 o X F) 52,47, 5 25 85 H Ml 44 1
[v) s JHC At RUBE 11 H bR AS I B A AR R T, L
P4 B HE S 805 19 RetinaNet X /N H 5 B9 46 I 250 5
HA — F M- 5, RetinaNet B AP 35 JF 14
RetinaNet B AP™" /i1 T 2.55 I~ H 43 &5, YL A
SO F RO e A B BE T 0 A HE 2 808 A A4 1E]
% B ¥3 50 1 P . DRF-RetinaNet 76 38 B |- {if 55 50
W B 0 25 1 L EORG B B W A R
AR LAT ER BRI Ak

3 AMEREREN L

Table 3 Performance comparison of each algorithm

Method Input size Basebone Network AP /% AP: /% AP/% AR /% AR, /% ARy/% Time /ms
Faster R-CNN 600 Resnet-50 16.72 24.32 14.15 4.21 12.47 16.65 137
R-FCN 600 Resnet-101 19.35 30.18 19.52 5.65 18.73 22.56 178
SSD 512 Vgg-16 12.23 17.29 11.54 3.71 11.22 15.41 54
RFB-Net 512 Resnet-50 14.87 22.17 12.06 4.34 13.15 17.38 75
YOLO v3 416 Darknet-53 14.75 21.86 12.17 4.12 12.93 17.41 67
RetinaNet 608 Resnet-50 16.35 23.18 13.92 4.85 14.75 18.36 85
RetinaNet " 608 Resnet-50 18.97 28.65 17.42 4.92 17.25 20.52 88
DRF-RetinaNet 608 SE-ResNeXt-50 25.14 42.62 24.71 7.82 24.22 31.24 103
Note: * indicates that anchor parameters have been adjusted according to section 4.2.
R4 BEXSAIE RBE B AR I 8OR X 1
Table 4 Performance comparison of algorithms for different scales object detection
Method AP™U/ %G APTERR/YG APRR /Y AR™I/Y 0 AR™R/Y AR /% Fin
Faster R-CNN 7.14 24.42 36.73 10.62 26.75 41.41 33.15
R-FCN 9.85 26.13 40.25 14.57 32.71 47.79 40.67
SSD 5.85 20.03 34.07 7.63 24.97 38.68 26.41
REFB-Net 6.62 22.18 34.28 9.55 25.77 40.82 33.13
YOLO v3 6.25 22.26 36.17 9.72 25.72 40.27 32.73
RetinaNet 7.27 23.95 36.72 10.31 26.63 42.23 32.69
RetinaNet " 9.82 25.35 38.31 14.93 31.91 44.82 37.92
DRF-RetinaNet 13.62 40.34 55.95 17.42 49.97 61.53 52.47

Note: * indicates that anchor parameters have been adjusted according to section 4.2.

K 11 JB7x T DRF-RetinaNet 5 RetinaNet ™ ¥
ATRRAE G LE 2 SR, L L R AN H s RO AR 1k
DX TR 3 A o 5 — AL ] E b R R X 5 A i Al A 4

FwHBRRE®RL/N, NZHEFTLESE
RetinaNet” ff 76 % Z 0 s & B 4. 1M DRF-
RetinaNet A8 1% T & M id N R EE AR 4k, B T 4 79
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/N E B A A RE 5[] R o) 0 8 AR A S 00 280 R AT
LIl X7

MRS rh e B 4 2 LR 37 5 R AT ROR J
N P12 R BT T H b R AR L 1A 13
o AR EHAR AR TN AR L B 14 SR R RLIEMR B AR A
TR L 18115 D9 LR B AR AR . & T AE
L 7&3"5&%%@5}%2&1;@&5 BN R L

%7%7251‘{1‘&']

Kl 11 DRF-RetinaNet fil RetinaNet " i Al #ALXf b . (a) (¢) (e) DRF- RetinaNet £ jill 4%
Fig. 11 Visual contrast between DRF-RetinaNet and RetinaNet”
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Sl o AEL T 525 £ 2 A 2 1 2 AR E TR JE S H AR R
JEAR /N IEL G OXE R BE R, &K Ok L. DRF-
RetinaNet H bl 5k xf Foue A . B ir RE
ﬁ—%.?”‘rﬂﬁ,ﬁjﬁ Eﬂﬁé BETE .

8! '_' il \\\\\\\\\\\\\\
¢
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(b)) (D () RetinaNet ™ i il 25 5
. (a)(c)(e) DRF-RetinaNet's detection result;

(b)(d) (D) RetinaNet's detection result

Bl 12 W75t B Ar e i 2 R
Fig. 12 Detection results of dim light
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Fig. 13 Detection results of dense objects

Bl 14 R AL B B bR Ok

Fig. 14 Detection results of oblique view

P15 AP 5 B A R

Fig. 15 Detection results of down view
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ResNeXt $& 5 B i £ 5 A, 51 A bottom-up %
FARTH S R IE M S5 M 5 B B2 GCU B A
RN B SR SCRRAE ) R AR R I ROCR Bt
T DRE B i 4 I B 4%, St 17w il 2 ROEE
B2 B S A VR . ISR AR R S b AT SR

M, 25 R 7R DRF-RetinaNet 5 3 HAA B W A9 14 68
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