. hEASEER
Eh: PEMNSRKELSHENKSDERRE
ESCI/Scopus s BEAAMNEEARGERAT

6P 32 2 @ &) T PEYBELERS S
o FEEEREFHUBEERSS
T8, NER

HTMPSOCHIAZ B H AP R 4t e
M, EFIR, MR, L, i

FIUHASE:

TR, BT MR, 25, JET-MPSOCHIAT S IR HARG I RGBT HI . Wi 5 o, 2021, 36(7): 1006-1017.

REN Bin, WANG Yu—qing, CONG Zhen, et al. Design of aerial image target detection systembased on MPSOC[J]. Chinese Journal of
Liquid Crystals and Displays, 2021, 36(7): 1006-1017.

TEZL AL View online: https://doi.org/10.37188/CJLCD.2020-0310

LT ARG H A SCEE

Articles you may be interested in

FET IR 7 > BT X /I FU AR
Detection of small target in aerial photography based on deep learning

T 5 B, 2018, 33(9): 793-800  https://doi.org/10.3788/YTYXS20183309.0793

BT YOLO—v3R5E 8 [T 47 1) 10 A2 5T I S A
Real—time ship detection in satellite images based on YOLO-v3 model compression

Wi 5 . 2020, 35(11): 1168-1176  https://doi.org/10.37188/YJYXS20203511.1168

BT YOLOvARY =3 [ 214155 B ARl
Detection of space infrared weak target based on YOLOv4
W5 iR, 2021, 36(4): 615-623  https://doi.org/10.37188/CJLCD.2020-0227

BT TR ARG Y H AR A I 512
Object detection algorithm based on attention mask fusion

Wi 5 . 2019, 34(8): 825-833  hitps://doi.org/10.3788/YJYXS20193408.0825
FETUREE ] 73 B R 2SSl b s RO Bk

Traffic sign recognition algorithm based on depthwise separable convolutions

Wi 5 7R, 2019, 34(12): 1191-1201  https:/doi.ore/10.3788/YJYXS20193412.1191


http://www.yjyxs.com
http://www.yjyxs.com
http://www.yjyxs.com
http://www.yjyxs.com/CN/10.37188/CJLCD.2020-0310
http://www.yjyxs.com/CN/10.3788/YJYXS20183309.0793
http://www.yjyxs.com/CN/10.37188/YJYXS20203511.1168
http://www.yjyxs.com/CN/10.37188/CJLCD.2020-0227
http://www.yjyxs.com/CN/10.3788/YJYXS20193408.0825
http://www.yjyxs.com/CN/10.3788/YJYXS20193412.1191

6k BT I GRESRTAZN Vol.36  No.7
2021 4E 7 A Chinese Journal of Liquid Crystals and Displays Jul. 2021

XEHS:1007-2780(2021)07-1006-12

ET MPSOC Winz= Bl & Birtailll & Figit

' oW, EFERY LA R, REEL. B M
(1. #ERFR KALFBEINRE DEFRE T, T4 K& 130033;
2. PEMFR AF, I 100049;
.PEARBHEHGRIENNS 046 Bl EFTEA, F4H K& 130033)

FEE AR A 6 AR AR P & i AL 2 PR AL 3R e X T B s A 0 A R R ARG 0 SR ) RGBS H
PRA R DA TO ki SR, St R e, 5 T IR 3 09 B AR R B AR B i PR RE R BLAS B T2 R Az ¢
. AXBBEAESER L 08 E 245 5 B shum B R . &1t 1 )8, A SCH 1 T —Fp3EF Yolo V3 B
MPSOC V&7 & . ARG 9 k 3908 5 28 50 1k AR BOHT (1900 46 A5 A , 22 )5 38 2 ole 48 R AT 1 1) R/ 4 v 38 i /I B
B B RS A 2 30 ok B T R B A B R T vk R 4 GRS s S LT VISDRONE #0441 78 MPSOC F & 3547 T Wik,
UG EE R ME Y Yolo BVEM MAP R T 1390 IRA R WA TH KB, FkSd R G M Eie T 1
i AR RN SRR 1 37 %6 » SEAS TG /2 1 X T 2 [R5 A G 00 1 34 11 23R [R) IR Sl IR B 2 20 5 42 MPSOC i se B it 1
AT IR R TT 2

X B W.MmEEML; BiRdw; BAES; MPSOC

RES2ES:TP391.4 X HEKFRIAAD : A doi:10.37188/CJLCD.2020-0310

Design of aerial image target detection system
based on MPSOC

REN Bin'*, WANG Yu-ging'* , CONG Zhen?, NIE Hai-tao', YANG Hang'

(1. Changchun Institute of Optics, Final Mechanics and Physics» Chinese Academy of Sciences ,
Changchun 130033, China ;
2. University of Chinese Academy of Sciences, Beijing 100049, China ;
3. Department Medical Engineing , The 964th Hospital , Joint Service Sup port Unit ,
Chinese People’s Liberation Army, Changchun 130033, China)

Abstract: In recent years, the traditional aerial image target detection algorithms have been unable to
meet the requirements of detection accuracy and speed, while the rapid development of target
detection algorithms based on deep learning provides a new idea for target detection. However, this
kind of algorithm is often accompanied by large scale and highly dependent on GPU devices, which
makes the migration of the mobile end of the algorithm difficult. Aiming at the above problems, this
paper proposes a MPSOC platform implementation scheme based on Yolo V3 algorithm. Firstly, the

anchor frame of the original network is re-selected by means of k-means clustering, the detection ac-
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curacy of the algorithm is increased by adjusting the convolutional layer, and then the model scale is

compressed by sensity-based pruning operation. Finally, VISDRONE data set is used to verify the Xil-
inx ZYNQ series MPSOC platform. The experimental results show that MAP of the improved Yolo

algorithm increases by 1.3% , and the false detection rate is also greatly reduced. After the model is

compressed, the detection speed is doubled and the volume becomes 37 % of the original. It basically

meets the design requirements of aerial image target detection, and provides a feasible solution for the

implementation of deep learning algorithm in MPSOC.

Key words: aviation image; target detection; model compression; MPSOC
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’ YOLO V3 detection ‘
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Fig.1 Yolo V3 network structure diagram
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Tab.1 The distribution of the VISDRONE dataset
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’ YOLO V3 detection
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‘ YOLO V3 detection
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(¢) Solution idea three
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| YOLO V3 detection ‘
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(b) Solution idea two
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YOLO V3 detection
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(d) Solution idea four
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Tab.3 Sensitivity analysis results of each convolutional layer

BRUZS

0.05 0.15 0.25 0.35 0.45 0.55 0.65 0.75 0.85 0.95
Convl,3X3 41.17 41.07 41.02 41.00 28.30 9.21 14.43 12.97 2.87 0.0
Conv2,3X3 40.06 38.43 37.63 37.11 32.30 28.85 19.33 10.43 4.24 0.0
Conv3,1X1 40.95 40.96 40.73 40.62 40.22 39.72 38.91 38.18 35.88 33.53
Conv4 ,3X3 38.21 35.79 33.87 33.33 20.87 15.55 3.73 4.68 0.91 0.0
Conv5,3X3 41.11 40.67 39.66 37.52 34.06 31.22 22.83 19.09 2.32 0.0
Conv6,1X1 40.86 41.05 40.79 40.18 39.83 39.22 38.41 35.64 33.67 32.97
Conv7,3X3 40.35 35.24 33.07 27.26 20.03 16.28 6.80 0.91 0.0 0.0
Conv8,1X1 41.06 40.87 40.53 40.17 39.81 39.44 39.58 38.94 38.31 35.49
Conv9,3X3 39.89 37.01 30.09 10.11 9.94 9.04 4.13 1.56 0.91 0.0
Conv10,3X3 40.5 36.78 34.12 28.22 23.46 16.00 4.27 0.91 0.0 0.0
Convll.1X1 41.15 41.12 40.99 40.90 40.84 40.99 40.74 40.59 40.81 38.73

Convl2,3X3 40.35 37.51 33.44 30.19
Convl3,1X1 41.15 41.02 41.06 41.03

Convl14,3X3 40.01 40.15 37.17 33.98

Convl5,1X1 41.15 41.10 41.05 41.04
Conv16,3X3 38.82 31.88 22.87 15.70
Convl7,1X1 41.10 40.83 40.48 40.70
Conv18,3X3 37.89 33.28 26.92 14.90
Convl19,1X1 40.95 40.84 40.49 40.36

Conv20,3X3 40.47 34.46 26.48 18.80
Conv21,1X1 41.11 40.99 40.91 40.56

Conv22,3X3 40.35 36.21 27.19 18.38

Conv23,1X1 41.05 40.90 41.10 41.04
Conv24,3X3 39.57 31.82 17.40 12.36
Conv25,1 X1 41.02 40.83 40.79 40.83
Conv26,3X3 38.42 32.41 24.10 13.05

Conv27,3X3 40.75 39.34 38.25 36.23
Conv28,1X1 41.13 41.05 40.92 40.93

Conv29,3X3 40.83 39.25 37.27 33.48

21.28 14.47 6.68 1.82 0.0 0.0
40.41 40.51 41.00 40.54 40.58 40.01
27.79 13.02 6.65 0.0 0.0 0.0
41.44 41.19 41.10 41.02 41.12 40.66
6.07 2.21 0.0 0.91 0.0 0.0
40.52 40.19 40.05 39.63 39.07 38.53
7.83 1.36 0.23 0.0 0.0 0.0
40.22 39.98 39.48 38.84 38.48 38.44
4.32 0.91 0.0 0.0 0.0 0.0
40.39 40.17 40.05 39.61 39.06 38.27
9.66 7.09 0.95 0.0 0.0 0.0
40.88 40.80 40.17 39.54 39.01 38.78
1.93 0.30 0.0 0.0 0.0 0.0

40.12 39.36 39.03 39.29 38.66 37.78

34.10 30.58 23.43 15.71 9.51 5.50
40.84 40.86 40.64 40.99 40.17 39.84

28.90 22.07 14.44 8.83 5.64 4.88
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LRIZ4
0.05 0.15 0.25 0.35 0.45 0.55 0.65 0.75 0.85 0.95
Conv30,1x 1 4113 41.07  40.96  40.90  40.88  40.53  40.68  40.62  40.36  40.01
Conv31,3X3 40.54  39.74  37.62 3436  28.91  22.37  16.57  10.87  5.21 5.02
Conv32,1x 1 41,12 41.06  41.11  40.90  40.98  40.61  40.18  40.23  39.15  38.52
Conv33,3X3 40.41  38.64  36.14  31.68  28.62  19.37  11.22  7.62 5.05 5.91
Conv34,1x 1 4110 40.90  40.60  40.77  40.73  40.60  40.04  39.54  39.43  38.94
Conv35,3X 3 40.28  38.77  35.60  32.74  28.26  23.04  15.01  5.63 3.95 3.85
Conv36,1x 1 41,13 41.09  40.86  41.03  40.99  40.94  40.84  40.81  40.93  41.00
Conv37,3X3 40.29  38.96  36.53  28.98  24.41  17.87  10.21  5.06 4.40 4.67
Conv38,1x 1 41.05  41.00  40.99  40.81  40.69  40.62  40.40  40.04  39.70  38.66
Conv39,3X3 4050 39.21  37.36 3492  30.42 2550  16.43  8.36 5.31 4.52
Convd0,1X 1 41,10 4111 41.10  40.81  40.85  40.71  40.61  40.69  40.88  40.87
Convdl,3X3 40.47  39.25  37.64  33.53 2519  17.15  8.13 5.48 5.33 4.64
Convd2,1X 1 4111 4113 40.97 4094  40.99  40.91  40.89  40.88  40.90  40.68
Convd3,3X 3 39.98  39.30  37.78  35.96  33.18  26.88  19.57  14.33  7.12 5.40
Convdd,3X3 40.89  40.71  40.57  40.25  39.60  39.22  38.25  37.37  34.81  27.73
Convd5,1X 1 4117 41.08  41.06  41.10  41.07  41.01  41.00  40.77  40.80  40.35
Convd6,3X 1 40.91  40.63  40.23  39.02  38.00  35.97  33.03  28.75  27.16  23.24
Convd7,1X 1 4114 4114 40.98  41.05  41.07  41.05  40.97  40.97  41.22  40.70
Convd8,3X 3 40.91  40.72  40.36  39.73  38.70  37.65  35.62  33.00  29.21  25.51
Conv49,1X 1 41.14  40.88  40.83  40.75  40.78  40.44  39.95  39.56  38.20  37.77
Conv50,3X 3 40.82  40.53  39.86  39.05  37.84  36.39  34.56  31.43  28.49  25.40
Conv51,1X 1 4115 41.06  41.05  41.10  41.02  41.00  40.76  40.77  40.70  40.29
Conv52,3X3 40.96  40.75  40.48  39.51 38,97  37.09  35.85  31.73  27.76  24.51
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Tab.4 Model performance comparison
JE4f Yolo V3 s Yolo V3 it Yolo V3484 Yolo V4

MAP 50/ % 36.1 37.4 30.6 28.1
W /ps (608X 608) 45.4 17.2 34.4 30.4
R/ M 246.5 246.5 91.9 256.2
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