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Tab.1 Comparison of two —stage remote sensing image vehicle target detection
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Tab.2 Comparison of one — stage remote sensing image vehicle target detection
R U B HEI RS BE
YOLO! HEF K - means FRETAITSEHIME SOOI~ WELLBH TIURA  F1H Google Farth BCiR 4 LA
RN, B/ HARKIRS BE AR 0.95
[a1] XRREGE BT S KR BOTEEG R S X, A Y T, gk e
YOLT T B TAG A B G R B4R RT3 0.9
YOLOW3 42! U RALE S TR0 45 28, 1 moks A T I e AflmEs =5 DEM G EIE -

b R A P R AS I A F A
FIA EARA f BE A B8 4, 55 B 4

. [43]
Oriented_SSD S0 B T

ST AR R B T, RS

B

KSR 0. 743
DLR 44 K5 0 0.86; VEDAIL
HAHE TSN 0.8

1) 3T IBIBGE 4 i/ BARK I, B R B H R
G4 15 S A A B HE SR Bl S [ J2 R A
5 SRR R 28 K60 3K 3 A7 T B A TIDRS 2 o O
H DA AHE SR I T L e 6 22 RUBE LR 9 46 ) A
03, 2 AT LR A 7 O H TR e
BEH, LU T AR AR . Rl R R 2 9k
AF, AT A 2 4 AF B S0 8 S S5 0 15 8L AR
A1k, 98 244 235 g1 ) ek 45 1 415 1 194 R B3 457
EARKGI , et/ BARKG I BE 1% (HE %2
FEAE (14 E ATRGIDRG J8E 3 A B, 76 /N T 3 46 1 H
G p SR S TR IS . TEIE T EARKGI
HETRL TR IR 28 A6 000 Sk, A1 7E YOLOV3 [ 48 38 il A
INHG 104 1535 x 104 (R Z KL, T/ R
FE F bR, 1T LASE 5 /0 EARKG I A, (H3% 7 B 244 m
P 245 0 TR YN 25 B A sk 1]

2) HT B BRI L M BN BARK I . B
B b 3 B 5 5 A 3 R TS5 AL K R R
2 A5 TR e phe LA A8 14 B DR R, 7 T %
SHRE RO R B PR T R L S A
LRI EE T, AEL 0 A R 35 K4 B R 245 1 R 2R
JEMT R — YOLO BRI 5| AGHT (45 5 B BORI e 5 52
IR 2, ST N B AR B A B
EIRITEBIAT BN A, R A
FIFA N, ZEATGE S i R B S b, 4R 5 T O A
/N FRR BRI R

3)ETEBG LN ARG, A
Fy i ke L B 45 T 0 100 2% 45 g L 389 1 . 38 900 4

AR R PR BRI A AL 19 245 1 O 2 P 2
ik, F FHER 22 28 AU S A AU D BB RE T 2K, W] 42
e /N F ARG BE 77, DA T il 2 2 5 TR 2 4 11 s A6 4
BT ZONE AR B bRy 1) 2B BRI T
PR 2 A DN T 200 FART AL . 76 R 46 o
AR IR 7332, BT R FR 4 BRI 58 H AR e e A
ASTEARFAE , 1T 2 At LA R JRE R A JE 1 S o
PR RO B AR H A SLAICR AT 2, AR T
YOLOvS & 3, Fll i CIOU _LOSS it 2% p& £ AL #F
GIOU_LOSS #5125k p& %5, mJ ik 204 4 X3 19y /N H A
TE A

4) Fe T 2RI B AR BARK I, B
XHREIEAQTT S % W 0 L, 3 2 R S8
i ER AL STV ISLING. G 4182 S EPSY PP &4 IRV
JIHLE] 3 o AR TALFE, NG ]ET E E E ST
R SREIETT I, 9800 R SRS X 3 T 1R
ST, T 555 R 7 0 R 0 3 A B 2 4L
WRITEREWE G A S FEER. Ma Tt &
AT BB G EFEZRERER, M2
TG A B AR LS, R R 2075 50T REARAR 4
ARIASCR o LA b O o AT — R R AR 11
PUTAIE  (HARXT FUARFEI , HX 2 T 2 i s -+
PAURERSS o FEAFIER G B BES AR P RE
{7 1o 2 @ JBE 22 T SRR AR A S, 22042 4/ F AR 9
RS SURFIEAR L R E A BT
IS ML 2E 50T R, A B R R AT 5K
REAT R PR T S5 A5 B XGRS 2 2



.26 - A % %

BB R 2022 4

HIH AT DL, BT S8 SRR AR A A DN Bk 2 R
TR B BRI T2 6], R SEbR T
RO R A i A7 R, AT R e SRS I TR ABIETE o

3 ERERRAM

R SR AR BE A ) AR R SRR B 1) G A
R RO, S5 7 391 16 OB BE ) Faster — RCNN,
BLRY B SSD, FCOS il YOLOVS i 47 i3t 3 o
FCOS Sy JCHiHE H bR kil 53538, 73 o0, BT/ RUE
R R AT RIS XA S AR R R
HEAT R IR, 3 A AN R S AE A [ 37 50 T 1Y
HARAl P RE
3.1 BiIEERIKIEE

SER ) DOTA 1 DIOR ™ 5% 2 A HUfi 4 47
M, Horp, DOTA B4R 34 2 806 FRiE &R
188 282 AMR{ESLM, IR R/IME 800 53R = 800 4
ZRF] 4000 2R x4 000 5K Z ], 25 [8] 73 P A K
0.1 ~4.5 m A5 40 KB A EE A 55 15
FARTE SR, A SRR 1Y S SREEAREE =3 8] 73 BE3 Ny
0.1~0.2 m, DIOR ¥¥afE4LF 23 463 7K 1& B4
1190 288 AMFR{E S, &R K/ 800 531 x 800
B, 2 E BN 0.5 ~30 m, 45 42505 KHL AL
ik k%55 20 Fi AR, 48T )50 DIOR %di 46 R 1
EE BRG] 0 B A5 R, PR 91 A SO 7R
GBI Y 25 ] A3 A5 L

ASLIAEF AL E . A RS Ubuntul6. 04,
GPU B5 ) GeForcel080 Ti(11 G) ,CPU #l5f In-
tel core 19 — 9900K, FCOS, Faster — RCNN, SSD I
YOLOvVS 4 1F 32 B 45 43 51 3% H ResNet50 — FPN,
ResNet50 , MobileNet £l CSP — Darknet53 , 2L I 55 7l

AT 100 YAk AU S5, B iR 27 > 88 O 0. 01, it
AEFRR/INBCE A 8 TEHEAT 2 80 Y45 2 > 8
BRI 2T 10% , HE 1T 2 90 Il 25 7 2 %
PERE N S 2 R 1%, A S5 S R B 5 AR
MR E R
3.2 MR

AR S I P E B 2 Ry 2O Rk
e e € RIEO I 52 IF L (intersection over
union, 10U) ME#f 2 ] 2 SF- ) fEH % (average
precision, AP)/f 4 B2 51 H FR A6 I ROCR 19 7 Hi 45
P, e b A 5 PN SRR B 1 d R T 0 48
b, B AR — 3 [0 (precision — recall, P - R)
MR T R ) T AR S AP {RBR R , BB I %L
RAF, 4 DR A X5 h

lANBI

10U = "B (1)
TP
P=1pyFp (2)
TP
R=1pywn (3)
1
AP = jP(R)dR , (4)
0

s A WESAHETA; B N FIHET AR ; TP S
IERRFN R IEAE AR R FP OB R R ) 1 IE A
AEE; FN AR RO B R A 10U h58
IR PONUERRZR; R ONHEIEE; AP PR,
3.3 KWERSW

D) /NREZESHRRI, AR 3 /LA S,
1€ DOTA F1 DIOR %44 I YOLOVS X T 25 5 46
PRI T AR R RE A H AR . YOLOVS
BN R HEARTE AR AN [F B 25 A 15

®3 MREFWHERENERTE

Tab.3 Comparison of small scale vehicle target detection results
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Tab.4 Comparison of intensive small scale vehicle target detection results

Hr

AR B o SSD 4

FCOS %53

Faster - RCNN 4% YOLOvV5 %%

1% 3 DOTA 493

K. 3

AllE e

1% 4 DIOR 327

: 95 el B - 119

KKkt : 358

‘Uﬂﬂ%ﬁi: 0 ﬁ?ﬂﬂ%ﬂl%: 6 EH%&%: 33 " Ko Kkt - 268
3) ZMENREEM AN i TEEE KR ZAEHR R E AR TR
BESR A, FMHEES RS Z MR AR SR MEEE . EFREEASIN, H

RZ,NFS AP LUIFR 4 Bl 2 S SRR R] LA

x5 ZAENMNREERBEFGD

s P AE [10] 2t AN ] R 8 114 B B 155 D00 , X LA R
RN

Tab.5 Comparison of multi — angle small scale vehicle target detection results
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Tab.6 Comparison of small scale vehicle target detection results under complex background
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Tab.7 Comparison of moving small scale vehicle target detection results
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Tab.8 Comparison of detection results of

different algorithms in public data sets
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A review and adaptability study of deep learning models for vehicle
detection based on high — resolution remote sensing images
LYU Yanan', ZHU Hong', MENG Jian®, CUI Chengling’,SONG Qiqi'
(1. College of Ecology Environment, Institute of Disaster Prevention, Langfang 065201, China; 2. College of Earth Sciences, Institute

of Disaster Prevention, Langfang 065201, China; 3. Beijing Geoway Information — Technology Co. , Lid. , Beijing 100043, China)

Abstract; Vehicle detection is a hot research topic in the fields of computer vision, photogrammetry, and remote
sensing. With the continuous development of deep learning technology, vehicle detection based on remote sensing
images has been applied in fields such as smart city construction and intelligent transportation. This study
systematically summarized existent vehicle detection algorithms based on remote sensing images and deep learning
models and highlighted the classification, analysis, and comparison of one — stage and two — stage vehicle detection
algorithms. Moreover, this study summarized the key technologies of vehicle detection in large — scale and complex
backgrounds and analyzed the advantages and disadvantages of mainstream deep learning models of vehicle
detection based on remote sensing images. Experiments were conducted to evaluate the YOLOvS, Faster —- RCNN,
FCOS, and SSD algorithms using DOTA and DIOR datasets. The vehicle detection precision based on the DOTA
dataset was 0. 695, 0. 410, 0.370, and 0. 251, respectively and that based on the DIOR dataset was 0. 566,
0.243, 0.231, and 0. 154, respectively. The experimental results show that the small target scale is still the main
factor restricting the vehicle detection performance based on remote sensing images and that the application of deep
learning models to the detection of small targets is to be further improved. Finally, based on public datasets and the
analysis of existing algorithms, this study proposed the solution and development trend of vehicle detection based on
remote sensing images in large — scale and complex backgrounds.

Keywords: remote sensing image; vehicle detection; deep learning; analysis method
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