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Multi-scale normalized detection method for airborne wide-area

remote sensing images

ZHU Sheng-jie '*,  WANG Xuan!, XU Fang!, PENG Jia-qi®, WANG Yuan-chao*

(1. Changchun Institute of Optics, Fine Mechanics and Physics, Chinese Academy of Sciences, Changchun, Jilin,
130033, China; 2. University of Chinese Academy of Sciences, Beijing 100049, China, 3. First Military
Representative Office in Changchun, Changchun, Jilin 130033, China; 4. Shanghai Electro-Mechanical

Engineering Institute, Shanghai, 201109, China)

Abstract: Aiming at the difficulty of object detection caused by the large target size variation, complex background noise and dense
targets in airborne wide-area remote sensing images, this paper unifies the target pixel size of the input image by optimizing the
segmentation method, and proposes a multi-scale normalized convolutional neural networks model (MNNet). To enhance the feature
correlation between localities, this paper designs a space global connection block (SGC), which effectively improves the detection
accuracy. For the problem that the parameters of the existing NMS algorithm depend on the empirical setting, this paper proposes a
self-adaption non-maxima suppression method (DNMS), which reduces the difficulty of model deployment. The test results on the RSF
dataset show that the average precision (AP) of the model in this paper is higher than that of other models by more than 5.0%, and the
detection speed reaches 57.7fps, which can meet the detection task of remote sensing images.

Key words: Pattern recognition and intelligent system; Computer vision; Object detection; Remote sensing image; Convolutional neural

network
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Fig. 1 Overall architecture of the MNNet framework
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Table 1 Optical remote sensing dataset comparison

i QIe Sl g St H br i SIEINa FME kMR Bt 4
ITCVDI3 Pl B 135 23543 561653744 1 1 x
DLR 3K22 Pl B 20 14235 5616>3744 7 2~5 x

DIORI] A HER 23463 192472 800>800 20 1~3 x

UCAS-AQODR4 AR 910 6029 ~1280>680 2 1 x
HRRSDI2] A HER 21761 55740 ~10001000 3 1 x
DOTA4 A HER 2806 188282 ~2000>1000 15 1~3 x
LEVIR] A HER 22000+ 10000+ 800>600 3 1 x

s 2 3 R PR 5 o >R P 2 T T ) 7 AT
et @IS USSRl LA
W_ W (hssv) (1)
v h

Hrh, w NTE CMOS/CCD _EgHH R, wel
HEsR bR RSt v GER, A NPIEE, BN
TR KAT R . Hop R £ BP0 v, WEE h 3t
AR F ] UL m i AR A UKo
11 1
VT @
BT Ep B E G, P )iz K5 (), T
ATYCNAFAE
v=f (3)
R A X(HF3), EETTR R p, W ERSEFR S5
EHE kRN
_w_wf
“p hop
SRR, B RES AT R MR R
Ko Pk, AT HE BRERIEE, HBAEE RN
T B R o oA e E AR DT o 4 X il it 2 B T B0
AT, W 2 s, RS, W RN
EI% (RI<R), BATTRFH XL MRS O 5 30 3L

k

[(h>>v) @

BRRTRR W TFRARNERG (R3>R), FATRH
S [R] FECRAE T AT /s AEE (R2=R) AR EF
Ao BB, 40 R T RS AR IR R R
X2 TR T, oy )E S BT R
BT HRAE

2 REBFE—REREE

Fig. 2 Schematic diagram of multi-scale normalized process
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Fig. 3 A space global connection block (SGC Block)
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Fig. 4 Schematic diagram of kernel density estimation
method
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Algorithm 1 DNMS
Input: B; = {b1,bs,....b5}; Si = {s1,52,.... sn }
Olltpllt: Bo — {dl,dg, ...,d]\/f}; So — {61,62, ...,eM}
L initialize: Set B — {hS «— {h T + {}
2: while B; # empty do

3: k — argmax(S;)

4 B — by,

5 for b, in B; do

6: I —dou(by,by)+1

7 end for

s Ni= ¢ (])

9: for i,, in I do

10: if 7,, > N; then

11: B—B+b,,S—S+sn,
12: Bi'_ — Bi- << bm: S’i — Sq'_ — Sm
13: end if

14: end for

15: B, — . (B);S, — 1. (S)
16: end while
17: return B,. S,

5 DNMS BB
Fig. 5 Pseudocode of DNMS algorithm
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2
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[€ log(c,) + (1— &) log(L—¢&)] +
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52

Inooti 2 215 [€109(6,) + - ¢ log(1 - 6)]
i=0 j=0
(20)
S° 180*B _ .
Langle :z z I:e| IOg(ei)"‘(l—@i)lOg(l—Hi)J (21)
i=0 j=0

o 7 24 i BB S PR AEAE B AR, 10%=1, 1"°°%=0;,
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PR, SR 7 3 S I SORE AN P i L, BRATTAE T
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Fig. 6 Schematic diagram of target size distribution (RSF
Dataset)
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Fig. 7 Pixel size distribution of objects after segmentation in
DOTA dataset
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Table 2 Parameters of neural networks for target detection

o wiew S0 swm fﬁg
YOLOvV3 9 3 61,949,149 236.32
YOLOv4 9 3 63,943,071 245.53

YOLOV5m 9 3 22,229,358 84.80
YOLOVS5I 9 3 48,384,174 184.57
YOLOvV5x 9 3 89,671,790 342.07
SSD300 9 3 23,745,908 90.58
Faster-RCNN 9 3 137,078,239 52291
MNNet 3 1 31,443,246 119.95

22 NHIMERSHELE

NT B O M RE AT VP, FRATAE Intel
Core i7-10700F 2.9GHz CPU. 16GB P71 NVIDIA
GeForce GTX 2060Ti GPU (6GB %)t H AL it
AT T, FHFE Pytorch HEZESZHL . 781112k [H]
K BEMLFRERR B R [(SGD) I 5 4k 28, FLa!
52 5] FWE N 0.0001, 25K kaiming F7 % #1461«

NT SR G R T VR A R, BATT M ETR
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Table 3 Comparison of different NMS methods on RSF
dataset

AP@0.75 of NMSs
e

Greedy NMS Soft NMS Softer NMS DNMS
0.25 60.65% 61.90% 61.30%
0.35 62.70% 63.50% 63.60%
0.45 64.10% 65.50% 65.60%
0.55 64.30% 65.40% 66.00% 66.37%
0.65 64.11% 65.55% 66.25%
0.75 62.95% 64.70% 64.00%
0.85 61.39% 62.00% 62.70%
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Table 4 Comparison of different network methods on RSF dataset

TR FFMLE KR FERCIES F1 {8 AP@0.50 AP@0.50:0.95 i
HOG+SVM / 6.52% 21.19% 0.0997 / / 1.3 fps
SSD300 VGG-16 25.55% 47.34% 0.3318 0.2946 0.1245 45.5 fps
Faster-RCNN ResNet50 39.18% 57.36% 0.4656 0.3921 0.1634 7.2 fps
R-CenterNet Hourglass / / / 0.4640 0.2021 50.2 fps
RRPNPI VGG-16 48.93% 54.72% 0.5166 0.5813 0.2472 39.4 fps
SCRDetl3 VGG-16 50.37% 58.42% 0.5410 0.6527 0.2537 27.6 fps
DODetB3!] ResNet50 + FPN 54.32% 66.73% 0.5988 0.6677 0.3223 25.1 fps
YOLT Darknet19 22.94% 61.23% 0.3338 0.5022 0.1681 52.3 fps
R-YOLOV3 Darknet53 21.18% 68.65% 0.3237 0.5334 0.2034 51.3 fps
R-YOLOv4 CSPDarknet53 39.72% 79.25% 0.5291 0.6531 0.2538 56.4 fps
R-YOLOVSs CSPDarknet53 34.28% 80.96% 0.4817 0.6599 0.2720 71.4 fps
R-YOLOvVSm CSPDarknet53 36.82% 79.68% 0.5036 0.6356 0.2836 62.1 fps
R-YOLOvS51 CSPDarknet53 40.11% 73.21% 0.5182 0.6033 0.2354 48.5 fps
R-YOLOv5x CSPDarknet53 33.29% 77.59% 0.4659 0.4825 0.2009 30.7 fps
(witll\qdoNuIt\IthC) CSPDarknet53 51.34% 74.12% 0.6066 0.6536 0.2934 68.9 fps
MNNet CSPDarknet53 59.79% 71.17% 0.6498 0.7179 0.3412 57.7 fps
5 RERUBIRWEER(DOTA HIRE)
Table 5 Comparison of different network methods on DOTA dataset
LR FF ML K FE T F1 {4 AP@0.50 AP@0.50:0.95 UES
HOG+SVM / 9.12% 25.34% 0.1341 / / 1.6 fps
SSD300 VGG-16 28.46% 50.23% 0.3633 0.3282 0.1531 42.5 fps
Faster-RCNN ResNet 40.64% 61.20% 0.4884 0.4561 0.1983 9.7 fps
R-CenterNet Hourglass / / / 0.5024 0.2042 52.2 fps
RRPN VGG-16 56.93% 63.32% 0.5996 0.6302 0.2624 34.4 fps
SCRDet VGG-16 57.29% 65.82% 0.6126 0.7221 0.2882 25.9 fps
DODet ResNet50 + FPN 63.32% 73.73% 0.6812 0.7489 0.3564 27.4 fps
YOLT Darknet19 22.23% 64.21% 0.3302 0.5542 0.1902 52.3 fps
R-YOLOVvS5s CSPDarknet53 33.35% 83.24% 0.4962 0.7329 0.3020 69.2 fps
(witl\}i[;ft\]thC) CSPDarknet53 57.51% 81.45% 0.6741 0.7025 0.3234 67.9 fps
MNNet CSPDarknet53 65.29% 79.78% 0.7181 0.7875 0.3912 60.7 fps
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Fig. 8 Curve of loss value (L;,;,;) during training (RSF
validation dataset)
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Fig. 9 Detection results of the MNNet model (ITCVD dataset, RSF dataset, DOTA dataset)
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