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Improved RetinaNet
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Abstract: Remote sensing image object detection has a wide range of applications in intelligent transport, such as
dynamic monitoring of road network operation status, intelligent law enforcement on roads, and intelligent
monitoring of road disasters. Due to the characteristics of small and dense targets, large scale changes, and arbitrary
direction distribution in remote sensing images, general object detectors have poor detection performance when
directly applied to remote sensing images. To address these challenges,this paper proposes a remote sensing image
object detection algorithm based on improved Retinanet. First, the model introduces Improved Downsampling
Module (IDM) on the base feature extraction network ResNet50, which performs multiple down-sampling
processing on features, and then dynamically selects the spatial receptive field using the convolution kernel selection
mechanism to model the multi-scale semantic information of the scene. Finally, the classification and regression
results of the target object are obtained. Experimental results show that the proposed method improves the mAP by
3.2% on the large-scale remote sensing image object detection dataset DOTA compared to the original Retinanet
network, enabling more accurate localization and identification of remote sensing targets.
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Fig.3 Schematic diagram of slice downsampling
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Table2 Experimental results of different kernel composition
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Table3 Experimental results of different network designs

3X3 5X5 X7 9%9 mAP/%
Baseline 68.43
\ 69.95
\ \ 70.45
Ours y y y 70.88
\ \ \ J 70.23

3.4 XJEESCIE

N T BAEAR ST IE IR, R SEIR T T 2y
T A S H eI EIE B AR . ks 4
Fiw, ASGERT 71.63% M) mAP, i HAth #py
BOFIOU BB Y . SRS MERERUAR b, 7R KBS 2R 5
AR WERE . PR AE H AR 28 (s A 52 7 T B 2
P, fEXT LT, RPN . 5 DRNIAHLL,
AXFFRT mAP 45 0.93%[MIRTF. SLihsh ik
B, ASSCHE S R R 8 A SR TR AR R HI )
PRI RS B2

N ST B IR TR RS IR RCR, AR
SRR BELERIE T 3 SRR, MR I AT AL .
WIS firoR, FHECIEZRARTY, A SR Ae 5 N Af
HhE AL . KT ZEAR . BRSO AR R
H b, 13282 AT B 2 tH IR A B A



HIR AT R AR
Journal of East China Jiaotong University

* 4 TEIEEE DOTA HiEgkE FHER
Tab.4 Result of different algorithms on DOTA dataset

Method PL BD BR GTF SV LvV SH TC BC ST SBF RA HA SP HC mMAP/%
ICNIS] 81.36 7430 47.70 70.32 64.89 67.82 6998 90.76 79.06 78.20 53.64 62.90 67.02 64.17 50.23 68.16
RetinaNet(baseline) 89.41 76.82 40.91 67.61 7751 62.66 7754 90.88 8234 8199 5815 6155 56.46 63.71 38.96 68.43
R3det( 88.9 7525 4496 66.27 7516 7253 79.35 90.88 79.88 83.22 4942 6163 63.84 62.84 3555 68.59

Rol Transformer  88.64 78.52 43.44 7592 68.81 73.68 8359 90.74 77.27 8146 5839 5354 62.83 58.93 47.67 69.56
CAD-Net(?6] 87.83 8237 4943 7351 71.08 63.48 7659 90.89 79.23 7335 4842 60.87 62.14 67.12 62.32 69.91
DRN[ 88.91 80.22 4352 6335 7348 70.69 84.94 90.14 83.85 8411 50.12 5841 67.62 68.60 52.50 70.70
Ours 88.43 77.72 46.81 6796 7727 748 8537 9091 7846 8471 59.82 64.02 6559 66.03 46.53 71.63
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Fig.5 Visualization results of the proposed algorithm on DOTA dataset
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