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Target Intelligent Recognition of Aerial Photography Images
Based on Embedded Platform

TIAN Xiangrui', JIA Yinjun', LUO Xin', YIN Jie', XU Peng’
(1. School of Automation Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China;
2. China Academy of Electronic and Information Technology, Jiaxing 314001, China)

Abstract: Target recognition and tracking based on multi-rotor UAVs have the advantages of low cost and high flexibility, It can
carry out the high-intensity monitoring of low-ground and low-altitude targets. It has a huge application prospect in the national de-
fense and military field and civilian field. Embedded devices with low power consumption, light weight, and high reliability are often
used in UAV airborne computers. The computing power of such devices is limited. and the existing target recognition algorithms
based on deep learning are difficult to run on the devices in real time. Therefore, it is of great significance to research on the technolo-
gy of aerial small targets recognition based on deep learning and run in real time in embedded equipment. On the basis of YOLOv4, a
lightweight backbone network which is suitable for overlooking small targets is improved and designed, and the network is pruned
based on the coefficient ¥ of the BN layer, and the TensorRT is used to accelerate the algorithm of hardware. Besides, an image data-
set of small military target is produced, and it is used to test the original YOLOv4 and improved algorithms on the airborne embedded
computing platform. Compared with the original YOLOv4, the accuracy of the improved algorithm is increased by 2.3% , and the
speed by 3. 3 times.

Keywords: target recognition; YOLOv4; deep learning; UAV; network lightweight
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SRR AR B A . B R IC LU ST L 0w 2
V& . NVIDIA Jetson Nano. NVIDIA Jetson TX2 %% 45, H
ti, PERE IR SR 1Y NVIDIA Jetson TX2 {4 & W4~ CPU, il A
256 4~ NVIDIA CUDA #.0>8) GPU. 855 1. 12 GHz, i
52 NVIDIA GeForce GTX 1080 GPU By & R R % 4%,
P4 256 4~ CUDA #%.0>, THiskm 2.8 GHz, Wi, A
KT AHREEMRTEREPWRS S, NIREY R
P BE A R B B A KA 5L I8 & R DLk
F R AR, MERAXTS L HEEARE R
2 ) 2 R AT PR TR S MR A 2, RE EE X W 4% AT R
A HOHE DAER o S

B AL G2 1) B br ok D B ik 8 B W . 0 SIFT,
SURF fil HOG %, H#FZAN T IFE, BT iRk e
BE LG s e O =, #EATRRAE SR I, ARG X Y
MR ZR R )2 43 2545, SERLH AR, X T
B0 G0 1K T KGR MR A 251 . 2012 4F Hinton #(#2
JIr s 45 00 A AR & FR #2245 (convolutional neural net-
works, CNN) %1t T AlexNet M4, £ 2012 4F % Ima-
geNet e P IS HEZE, CNN &S A #S sy m. B,
CNN ZEEG 325 BAREAN . B AR B ER 55 11 55 LA 5 <0 35
WA T E N Y, AR SRR R RS B IR 2
UWHHEM SR, ML B G, BETRESY
B E BRI L R4 RS, — 28R el ot Selective
Search, Edge Boxes™ %% ik yb 7 ik K i Ay 8 %, H R4
FRESRI S HAn ki, fUE B k4 R-CNN, Fast R-CNN
K Faster R-CNNU 45, 2 J 0000 B 5 . (IR 18,
MELLRE T I AL A I F & #4752 B ki, 53
— 2RI H AR AT R SR IOR 52 90 B AR 09 4328 530 SHHE |
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PETt . 55X I A M SR A 0 T A HL B AR A B A
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BBox) . X BBox W) B AE & confidence JZ WA K %f 1% BBox
B R . ANt (DL K, Pro (Object)
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{3 Faster R-CNN A9 anchor #L#l, {# ] Kmeans B2 5H
B R/PNEIER anchor, YOLOvV2 ¥k A BR4R BN 13 «
13 K/NIRFAE ], X Rp Ak ] 11 A4~ B A% 2E 4T B BBox.  4n
B 1 fiaR, B4 BBox Flillih FAEMIM BE B (4. s Los
L) MEAEE ¢, t., ¢, 4 Sigmoid PRELML F] 0 B 1 Z ],
I G B 2 TE cell N, EARBERIE MR E . s o, FOR
% cell P BSRFAE B ZE M AR AR IR S, po pi A4 FE anchor
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Ko EAXM W PR, o i Sigmoid K%L,

YOLOv3 % I B 5% 25 ) 2% FIRRAE B 4 5 35 19 LA
fii T FPNUY L B [R) ROBE RS AE R R H A, 33T T
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HEHEE, PR T MKUEN AR, 5 YOLOV3 —#f, BiE THI S
FIEE R B R 2 A RERRAE B OR YU H AR, ani&l 2
i PANet 4 rn, fJa. BN T 25 8] 4 F 38 (spatial
pyramid pooling, SPP) HLH, §"J 7 BRI &R Z B,
— AR A MER R . RS ECR T T CutMix, $2
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AW E R RE, SERMEFHTHFELNER, I
HAEE X /N BAREr, M SRS BERENFR LR,
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R L BTN R S TR R T X 2% TR

TR JBE RN B8 JBE 25 5% W g 26 (R S R R /N R B 3 BE . AT AR
A (6) AT

params = C, X (B* X C,+1)
FLOPs = 2XC, Xk XC, XWX H

Her: C,. C; 405 J ki i AR IE KGR E 5, b B
BRAN W H ALK S5, £ERZ0NS8E (pa-
rams) PE TR RN, HEMEE N FEHSERZN
ITRE (FLOPs) M. W, xbreen fss, @i
XTI RS B8 B AT AL . T R B ORORE AT T
T2 )BT .
2.2 §t3$/s HERIR BB R 48 R B s

TAPES AR B bR, B TFEERE, 1538
EEMG T AR e D, R ABOIR & UM 2 W 4% AR
TR IR S R s U E B B s B A2 BB
LR, YOLOvA ZER R EGR M B b, S0 640 + 640 11 )5
IR MR EEHCA 20 * 20 MORRIE IR, B4/ T 32 £, RIZEXELL
P 32« 32 R R K UIT Ry BHaw, xHERU ST/ B br
R R R AT 2R BTN . B ASREXT H AR 7 B HEAT HEA [0

X E AR AR B R R 2B R AR L,
Sa, XA 2 BRI T AT . B 2 R IR T R4
HJ5 A4~ Resblock =22 FFp 8 RSF H BRI FRAE SR B, X2
N EARE B R R B E BT LK 8% 25 Bt Resblock4
HE. HK, HTFRMEDBEERE MY (PANnet) HRHE
B4 = KB R LORAE, i P R e 20K R AE B P 52l TR
KN, ABFEVR S i A v R P M A (B S8 G, 75 R AE ] A8 A
R, s 2 R I /N E AR, B UK A R S 4R T, RS
RN BIRE B . MGG R A SPP B, FfAE 2 5l 10
MERZIATFE MR, )5, 85t = A ROE R 25 58
BRI, S 25 A 4 BIER

T IS 0 R 28 A A HEBE B VisDrone ™ FHETT I 45
VisDrone B K K241 AISKYYE [ BA #4738 SE il 1E . &
— NS T HAR RS . BAREREE . AR RS Z A D5
AR . IR ESNE T 260 T A RAE, Hop HAR
WA m A 10209 5k EME. B & 7 10 DA, 5.
A AN RE MEE, AR %E, R4, BIEE. 8
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Oursl. 0

I (640%640%3)

[ Darkne tCBN (640%640%32) |
[ Resblock (320%320%64) x1 |
IResblock(lsti*wonzs)xz |
[ Resblock (80%80%256)x8 |

[ Resblock (80%80%512)x4 |
|

v
Conv_x3

SPP
b h &
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Liogi s
[ YOLO (80%80) |

I Conv x10 }

[ Downsample+Conv x6 |'-'>| YOLO (40%40) |

[ Downsample+Conv_x6 J>{ YOLO (20%20) |

P4 TR BE At I I I 4% 25 A

T, BEME=ZFEM=00%. RAMNI%ETEN Inter
Core i7-8700CPU, NVIDIA GeForce GT 1080, Ubun-
tul8. 04 TS, MKHELLIL T Darknet, % CUDA. cuDNN
PR AT, %23 OpenCV PR 55 52 I IR G 0k . 5 22
ISR G, X MHAENKBSEHTERE., 5%, AX
AT 2, 5 AR T B Ok R A T A R A
B, 4SRN 22 5 X P8 AL AT — R, FRET T
FEARED, TR 2R, HYNAHEARRZH
B, BT — R RART T XA AR ST, YISk
ARG, NE BB T BN Z AR, R —RAE,
X 8 BT 5 2T LA R0 4% K B0 A 4 R S A O ) AR
UL AT DA fige At 58 6 B R BRI R A8 i Tl . A SO T/t
WHEBERNNETEH A, it (batch) &EH 64, 531
F A (subdivision) B E N 64, RIS EE, Kk
momentum ¥ &4 0.9, FLUR, XF Il GhHE A 3 17 40008 1 o
ORGSR AT LA N gRAE A, 32 E 4 YN ZRBOR, [ g
BB LT S G () R . 3 B B BE L BE 3% — 90
BEF]+ 90 SR ke A L&, # saturation K H Ny
1.5, exposure KB N 1.5, hue iIXE N 0.1, 435 *%F 545 E
PGB B WY B RN IR HE AT BE AL KL . SR T mosaic
BCRBGSE . 207 R ¥ 2 i B AT R TP B 5K
B EFE IRt AR T £ 5 B AR 5/ B AR,
e AT YIS BT X W45 34T I 4, ) R E N
0.001 3, FfH¥ei KIUNZREE B H v 20 000, 22 2] K55 JI7E
%5 12 000, 18 000 & i A% Ry B 2R 9 1+ 40 22— I 25 58 1k
Ja s AE K ERALE T A PL Manifold-2G | XF 8 ¥k #4700 3
Manifold-2G (&b P 8§ J& 95 5 5 0F & 19 Jetson TX2, A
256 4~ CUDA 15 # .0 ) GPU, CPU & 2% ¥ 4 th ¥ 4>
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ARM v8 64 fii CPU # 4. B fF &4 N Ubuntu 16. 04,
ZH T CUDA9. OpenCV3.0, A 3¢ #F & 7E Manifold-
2G BT, JREEAFRINLAUEHT . XA Sk T A S Bt AT
TR, PR B G MRS ANk 1 iR

1 ORERIEG LR

BT W 2% il & /BFLOPs | 2% &/MB | mAP | FPS
CSPDarknet53 141 256. 3 34.1% | 2.1
Oursl. 0 105 37.1 37.3% | 2.6

03 25 R 2 WA A S XN LR £ /0 B A AT 9 4 ik )
WM RIE R T 3. 2%, MSHERE RWIEM %I 15% . %
W3 T Bk A . BB U AR 36 BFLOPs,
WCHE R IE AT R SR T AR B/ T B AE W 45 9 B 1 4
SRk,

2.3 W% E s

TE 2.2 715 X 45 TR B 0 Bk b, T B R R AIR 36
BFLOPs, dtit @ ks s 3T goh . . X2 i
TR s O I R AR T, A M AR B RN Y [F i, AR
EHHEZWERZ N TABBERWRMEE. RS0 (D
SRR (AR B (1 B A OR RS, A5 0 2% i 2 IR B
o TR H AR R AE AR X — 2, AR UE — B
[P EF T 2 b P 4 T R S R % (1

Vi E BRCHE S U G A N R S R, H OSBRI 4 PR S
M Resblock 3@ B $X B 512 P&k N 256, A] f& K% Resblock
A4S A ik, By SPP B M fd i 8 R oK U A,
T SPP IR G B MBI EEMSE K. Fik, 7
SPP 5 Z Fii it i — ¥k T RHE (downsample) , HR¢1iE Kl
K/NHE B 80 % 80 AF Ky 40 % 40, {15 downsample F| |-
FAf (upsample) Z [ AR REFAL 4 M5 B)a, @il —K
PR RRAE BRI, TR SRR ERAE (OIS R AE
BEIR/INAE R 40 % 40, FEARFE /N HARRS], BHA S0 1
HHRENSHEE.

B WOt S 1 2 B R FE S 4R VisDrone b A7 1 ARG
W, MElEs Rk 2 Pros. WA ZE R E . Bl m
BT MLETC ANALAR S/ B AR PUIME 55 . S8R b
B2 0 10. 4%, KEREBEES T 2.7 %0, Ff B 58 BE S R 0 465 Y
1. 8 4% . 18 fy F I 4% pie st i A3 3 % 4% 4~ Resblock it 473
EHCZTE, WETRAEIUAR, 5T X s A 46 B2 3 3 B0 17
PE— K TR

F 2 OTIEUGHERSS

BT M P55 /BFLOPs | 2%0f/MB | mAP FPS
CSPDarknet53 141 256. 3 34.1% | 2.1
Ours2. 0 65 26.8 36.8% 3.8

3 MEHERSENLME
Jo BV AR RE AT R H i T I8 LAY iy 2 Al A Uk
are METC AN B R R 2%, S — i . N RIE &R

Ours2.0

I\ (640%640%3)

[ DarknetCBN (640%640%32) |
[ Resblock(323*320*64)x1 |
[ Rosblock (160¥160+128) x2 |
[ RosbLock (B0FB0+Z56) x8 |

[ Resblock (40%40%256)x4 |
[

Y
Conv x3

SPP

9

+—l
Ll

YOLO (80%80)
[ DownsampletConv x6 }—»l YOLO (40%40)
¥

[ Downsample+Conv x6 }—*l YOLO (20%20) |

B 5 BB et Ja 2 45

GERRE . R T AHLAG it X LA S LR AT
Bk, Je UL R HLE % R T D AR AR . nl 521k v A ik
AR B, ZERRE AR, ASCRM T DI Manifold-
2GAEAMEIT & . LA E T NVIDIA jetson TX2
Bty 533 NVIDIA GeForce GT 1080 iy &5 2 /IR 45 #% 4
. 1080 4 2560 4~ CUDA 4>, CUDA 0Bz 7
REFASE Ty, X TR B 2 o) T e PR B AT RS IR . TX2
LA 256 A~ CUDA 0. B, BHETE TX2 S AU
VB AT IR A ST W4 SR AN DD SEBR Y, R
PEATB AR DA e i R L SR RS 26 0 B AL Y
PRI e 0 4 S I P E AT 1A OG AR
3.1 MEBTH

H AR A EIs AT R SR, XA
RIPEAT B AL AT E— 2D PR S HE B . SEF BN 2y REGIIC
ABIESATIIAL . BN 2K 24 1) 45— 2 195 A BObs v 1
AL R S A 1) R B B B T 22 07 [ R . AT
A3 W 4 TE 25 Sy w0 Al . I T LA R 28 I 25

= D

v, = yx,+8= BN, (x)
BN JZ 3 e WA 0T 27 2 19 2 B0 B R A R o 190 2% f) R
W, HEELBREAX (D fon, b o,y A
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WEEA S s oy AL BB ME S T2, v BT
A 7  MA AL A 1. d s (D) mTEL Yy BN,
P I X SRR U AR /N R A IR B T B AR
PR sk AT e A b i f) AR RO T G ) B R BEAT PR AL .
MR BRICAEIE . 46 0 J50 B0 BT 10 100 2% R A7 5T AL, 175
X 25 B BN RSB AT L1 GE WA E A7 7 . X 6 i 1L
SRR B AT HE T . RSB 2RI 5400, AR
B 1000 YR . X 100 2% 64738 18 57 B 99 B Y M 2%
A RN 3 Pis .
3 MR R

) £ P8 /BFLOPs | ¥4 /MB mAP FPS

Y A% R 65 26.8 36.8% 3.8
Lips 35 28 8.6 35.9% 7.3

WL BTBRIUAR A, W45 S8 ALY JFR 1 32,100,
AR B A 4. 3%, P45 AUAE 2% 0. 9 %0 1) B 3R
BT 0T o Do 2% 9 T 5 i 4 v B0 BT B AT Y 1. 9 %

3.2 {# A TensorRT & ¥ fin i

HFEST R & R RIR . 88 TensorRT Xf M
AATREE N, e, BOMARRIHERLE, R 2 H GPU Jg 3
CUDA #7258 45, CUDA #.0 19 )5 sl %t 5 — 2 4 Ak
H 5K 2 Y 25 B AR i AR A B B R R S R TR TR 2R ok
T NAE TE RO S ) A, B, A )2 1A) At B Y
U2, ImEZ. MG RBUZR A N —4 CBN 2, ol i ¥
PRGEAE . S — . TR R OR T B ) AL i, 7RI
PR R, AH AR 32 0V SUBOR G P AR SO,
16 37 1 pii BCFF-fits B AL T ST A2 %o A58 TR BE AT L2 3k 380 30 1) A0 G
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