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A survey on deep learning based visual object detection

Cao Jiale', Li Yali*, Sun Hanging', Xie Jin’, Huang Kaiqi*, Pang Yanwei'"
1. Tianjin University, Tianjin 300072, China; 2. Tsinghua University, Beijing 100084, China;

3. Chongqing University, Chongqing 400044, China; 4. Institute of Automation, Chinese Academy of Sciences, Beijing 100190, China

Abstract: Visual object detection aims to locate and recognize objects in images, which is one of the classical tasks in the
field of computer vision and also the premise and foundation of many computer vision tasks. Visual object detection plays a
very important role in the applications of automatic driving, video surveillance, which has attracted extensive attention of
the researches in past few decades. In recent years, with the development of the technique of deep learning, visual object
detection has also made great progress. This paper focuses on a deep survey on deep learning based visual object detection,
including monocular object detection and stereo object detection. First, we summarize the pipeline of deep object detection
during the training and inference. The training process is composed of data pre-processing, detection network design, and
label assignment and loss function in common. Data pre-processing (e. g. , multi-scale training and flip) aims to enhance
the diversity of the given training data, which can improve detection performance of object detector. Detection network usu-

ally consists of three key parts like the backbone (e. g , Visual Geometry Group ( VGG) and ResNet), feature fusion
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module (e. g , feature pyramid network (FPN)), and prediction network (e. g. , region of interest head network ( Rol
head) ). Label assignment aims to assign the true value for each prediction, and loss function can supervise the network
training. During inference, we adopt the trained detector to generate the detection bounding-boxes and employ the post-pro-
cessing step (e. g., non-maximum suppression (NMS)) to combine the bounding-boxes. Second, we illustrate a deep
review on monocular object detection, including anchor-based, anchor-free, and end-to-end methods, respectively.
Anchor-based methods design some default anchors and perform classification and regression based on these default
anchors, which can be further split into two-stage and one-stage methods. Two-stage methods first generate some candidate
proposals based on the default anchors, and second classify/regress these proposals. Compared to two-stage methods, one-
stage methods directly perform classification and regression on default anchors directly, which usually have a faster infer-
ence speed. The representative two-stage methods are regional-based convolutional neural network ( R-CNN) series, and
the representative one-stage methods are you only look once ( YOLO) and single shot detector (SSD) . Compared to
anchor-based methods, more robust anchor-free methods perform classification and regression without any hand-crafted
default anchors. We split anchor-free methods into keypoint-based methods, and center-based methods. Keypoint-based
methods predict multiple keypoints of objects for localization, while center-based methods predict the left, right, top, and
bottom distances to the object boundary. The representative keypoint-based method is CornerNet, and the representative
center-based methods are fully convolutional one-stage detector (FCOS) and CenterNet. The anchor-based methods and
anchor-free methods mentioned above require the post-processing to remove the redundant detection results for each object
in common. To solve this problem, the recently introduced end-to-end methods directly predict one bounding box for each
object straightforward, which can avoid the post-processing. The representative end-to-end method is detection transformer
(DETR) that performs prediction via a transformer module. In addition, we review some classical modules employed in
monocular object detection, including feature pyramid structure, prediction network design, label assignment and loss func-
tion. The feature pyramid structure employs different layers to detect multi-scaled objects, which can deal with scale vari-
ance issue. Prediction network design contains the re-designs of classification and regression, which aims to better deal with
these two sub-tasks. Label assignment and loss function aim to better guide detector training. Third, we introduce stereo
object detection. According to the coordinate space of features, existing detectors are divided into two categories: frustum-
based and inverse-projection-based approaches. Frustum-based approaches directly predict 3D objects on features in the im-
age frustum space. Stereo R-CNN and StereoCenterNet construct stereo features in the image frustum space via concatena-
ting a pair of unary features concatenation. Plane-sweeping is another method of constructing frustum features as cost vol-
umes, which is used in instance-depth-aware 3D detection (IDA-3D) and YOLOStereo3D. In contrast to the frustum-based
approaches, inverse-projection-based approaches explicitly project the pixels or frustum features into 3D Cartesian space.
There are mainly three manners of the inverse projection; projecting all pixels to the full 3D space as a pseudo point cloud,
projecting the cost volume features to 3D feature volume features, or projecting the pixels in each region proposal to an
instance-level point cloud. Pseudo-LiDAR is a pioneer method that transforms stereo images to their point cloud representa-
tion, which embraces the advances in both disparity estimation and LiDAR-based 3D detection. Deep stereo geometry net-
work (DSGN) projects the frustum-based cost volume features to 3D volume features and further squeezes them into bird’
s eye view (BEV) for detection. Disp R-CNN leverages Mask R-CNN, a representative 2D instance segmentation model,
and generates a set of instance-level point clouds for each stereo image pair. Based on the summary of monocular and stereo
object detection, we further compare the progress of domestic and foreign researches, and present some representative uni-
versities or companies on visual object detection. Finally, we present some development tendency in visual object detection,
including efficient end-to-end object detection, self-supervised object detection, long-tailed object detection, few-shot and
zero-shot object detection, large-scale stereo object detection dataset, weakly-supervised stereo object detection.

Key words: visual object detection; deep learning; monocular; stereo; anchor
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Fig. 1 Training and inference of deep learning based visual object detection ( (a) training stage; (b) test stage)
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Fig.2 Development process of visual object detection based on deep learning
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Fig.3  Architectures of anchor-based object detection methods ( (a) two-stage architecture; (b) one-stage architecture)

AN]SR Be 5 v (3 (b)) B4 i U HE #1743
FEREA . — M, PR B g 2 R A
K RE , T BRI B O v FAT B LR
2. 1.1 PR B AR5k

[X 3k o FH A 28 ) 4% ( region-based convolutional
neural network , R-CNN) Z& %1 TVE &P B Bt B F A6 ]
Jridi i FZACENE T A, R-CNN ( Girshick 4%,
2014 ) B S FH L B 1R 18 R J7 ¥ (Uijlings 5%,2013)
A2 2 000 /> 5 T BE 2 1 1A% 18 i e A6 DU ATE , 9K )5 )
FH TR 3 A5 Bl 228 00 246 i BRioK S fge A DM ATE ) 8 8 A
ik, f5e i I SRR ) S AL AT - 2R NS 2078k
FEG I S T B RBY R, RIEERTE T H An i
APRERE o 1T R-CNN 23 531§ JBCAg > e AEE 14 9% B2
P, DR IH A 7 A1 B S 0 Y [ 0k — [l
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2 T R-CNN A9 2k # T /E Fast R-CNN, Fast
R-CNN B 516 $2 HURE R P10 R BE R AIE 98 I 1) J%
DL X 3, (region of interest , Rol ) Ak $5 1F F i 158 K6
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REREE B, 2T IS, Zhe 25 A (2017) 42 1
T CoupleNet, 4 Rol i fk 45/ 4 B F#4iE A1 PSRol
WALRAESR W R E AT R G T TR 22 43 26 F0
[B1J3, Dai 55 A (2017) #2 i T A 222 Rol it fL #
1, REAS T 4 b 220 T ) 1A 42 . He %5 N (2017)
$ 1 RolAlign Y ALERAE , i Ut Rol WAL #21F A i Ak
BRZLORMFFEAVC B 0] &, e Abh, —SERF 5T N 5
RIERIREE MM [ BT P a9 A, Cai Fl Vas-
concelos (2018 ) 2 H gL Bt H Fr /6 M 22 #J Cascade
R-CNN,¥f Z 4> Fast R-CNN 3k [ 4% 2% e ok, 24 Ay
PN HT— G 53 TN A 55 SRk — 2 A o S AN [l
9, &M, Zhong 25 A (2020a) Fl Vu 28 A (2019)
H GRS AR T T e T A

R T X A RS B AR Ak BIFTE N DB T R
T4 4 7 85 i 77 ¥ ( Singh Fl Davis, 2018 ; Singh
85,2018 ) Al T RR AR 4 85 19 U7 % (Lin 5§,
2017a) . HET MR 4755 0075 R A IR RUEE 1
PGS I AN T RUBE fg A, /0 RUBE PG ARG ) DR R
FEW AR R GG I N R YA T 15 4
SR 5 1 B ARSI I 265 i A 22 A [ IR
JEREUR T AR BOR B TR E & 8 7
V2 SR FHERA G I 100 28 PN FAS [+ 2 A I A [ RS B9 4)
I TR AR R AL (AR IR NE 4520205 22 30U 5%,
2019) . PRItk BIF9E N 51 B 22 OC T TP AiE 4 7 0%
771 (kA TD 45,2019)
2,12 FRRYE ARk vk

YOLO ( you only look once) %1 T 1F J& BB Bt
H ARk 75 4 AT TAEZ —. YOLO ( Redmon
& 2016) ELERR RS 53 8 N x N R/ 5 X, I
To A A DA TE D A B 3 2801 DL R A5 g
Pt , YOLO &5+ fj e, AR A H s,
5, YOLOV2 ( Redmon Fil Farhadi, 2017 ) , YOLOv3
(Redmon HI Farhadi, 2018 ) , YOLOv4 ( Bochkovskiy
4§,2020) F1 YOLOVS ( https://github. com/ultralyt-
ics/yolovs ) ZE MR 2 M | RA5 T 7 2 B9 ¢ 1 (9K F
%6 ,2021) , YOLOV2 51 ALFEHLIH — b /E | i 4r
PrAdim AR B AR PRAE S Ok, i HBE R TE R 5 5L
PRSI (155 00 T P2 T HARFL IR, YOLOv3
2 Darknet-53 FEAil 5 9 25 1 22 ROBE 7 0 45 24
HE ., YOLOvA X 5 AL 3| A6 00 100 2% 15 1 1 5
W 2 S5t RE AT R G 0 A , O T X e A BT T

THEARE ROEAERENEE, YOLOVS $#24t
4 PSR R /NG B ARG U2, LA 36 2 S [ R 1)

SSD (single shot detector) ( Liu %,2016) J& 5 —
AMRFAE W HBY B BRI % . O T AR R R
JERPIA , SSD 2R FH A [R]2 89 A T RS A (] R
AR, S5 20 2 a0 B RRAE RS DU /N ROBE 4R
RGO BERAR B RRAE A U R ROE Yk, s, oF
FENGUTE SSD WY FEali PR T K= TAE, Fu %
A(2017) F1 Kong %5 A (2018 ) 3 i 25 5 FRIRAE Ry
SSD 5| A E T XfEB . Zhou A (2018) #2H RN JFE
Bedt 53 o e v SCRRAE L 4 AN T) RUBE ) REAE 1]
R AN [ RBE AR e T RRIE T B8 S — 3k
ZNEDE R G A K, Liu %5 A\ (2018a) $2 H A A
IR K e ) B B2 SR O [R) B2 1P Y | R SCfE B
Zhao %5 N\ (2019) ,Kim % A (2018 ) 1 Wang 55 A\
(2019b) 7346 th Z R 2540 AT 450 T EMR 4 F
PEEER R IR AR 4 IS 250 09 1R SCfF .. Zhang
45 N (2018b) .Cao %5 A (2019b) Fl Nie % A (2019)
P TR T GBS AL Y R B E A Ay B
H ARl 2 7 K5 B2, Zhang 4§ A (2018c) | Dvornik
25 N(2017) F Cao 25 A (2019a ) B 46 0 #1153 1 B
AMES, E T ZAE 552 2 M HERE, Li 58 A
(2020d) #2417 R IR B A3 AS [R] 2 AR g o8
U M OGN R RUBE B9 . Sl T RIS 7]
AL, Lin 42N (2017h) 21 T R AR (focal loss ) BR
B, AEN R R g O AR A 30 R A
2.2 FHREBRKENEAE

FE TRl SOHE Y E BRASI 10k T R AR A K
I T A A e s HE 11 R N B8 L S S 80
[0SR Pt RS R 7 ol W pr Ry s = a0 24 e
fgURR R 257 AL RE Ty 25 S A1, XX — [l A
FEN G T O s HE R B ARSI vk, JO A
H ARSI 7 ik F2 200 R S . Fk T A 5 1Y B AR AR
W7k AL T RS0 B AR 5k, Bl 4(a) 45
W T BT O S TR AR IR T OB
H ARSI T 3238 5% 38 2 TR A AR 1Y) 22 SR A I
P B SR B X AR AT, Tl 4 (b) 458 T
BT NS IR ALK, BT R B
G 7 32k T A A RS A B A A i B T 25 A R
Bt K NS ASRT T 1 2RI 5

1703



PEERRBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 27 ,No.6,Jun. 2022

HOTHEA S A EEEY

(a) T T REETHITT IR

(b) FE&F AR R T I%

P4 Tl i HE H bRk o7 ik S A e

Fig.4  Architectures of anchor-free object detection methods ( (a) keypoint-based method; (b) center-based method)
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Fig.5 Architecture of end-to-end object detection
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il o AES5 BRI HLE REES I 1 1V 3 BEREA R F
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HOBH AR, X H FRIEA i 7 2 32 A A 1 R
% (concatenation ) F1°F- [ 494 7% ( plane-sweeping ) , ¥4
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. YOLOStereo3D
= PL—F-PointNet a2 SOMNet  (Liu %) StereoCenterNet
5 (Wang %) Pons 5 (Choe %) (shi )
# StereoR-CNN (Peng =) rel
2 (Li %) 4
=
o
- \ 4
3DOP MLF
= (Chen %) (Xu fll Chen)
H RT3DStereo
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Fig.6 Development process of stereo object detection based on deep learning(longer arrow indicates higher Car detection AP on KITTI)
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3.1
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CenterNet( Zhou %5 ,2019a) 1 L By B TG 4 #HE X H
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Fig.7 Frustum-based stereo 3D detectors ( (a) concatenation based method; (b) plane-sweeping based method)

Qin % A\ (2019) 4& 1 T —Fh T 3 4EH i HERY
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KA 2 REBCR I RHER . BJ5, Qin A (2019) fiff
FHACE W 5 A R AR BEAT 20 28 RN Il T IR 7E ML A =
()X TN 45 SR AEAT W B, SE 0 3 4k H AR
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volume ) , i 1 328 4 25 V- 1T Bl 5 8 TR B - 1 st 1
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Fig.8 Inverse-projection-based stereo 3D detectors ( (a) based on inverse-projecting raw disparity maps;

(b) based on inverse-projecting feature volumes; (c) based on inverse-projecting instance-level disparity maps)
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20 4 0 fige VEAE FEAT AL FNVE 43, TR Al B,
Pham £ Jeon (2017 ) #& i DeepStereoOP M 4% | 45 &
PRGN IR B2 A R e HE AT S MERA HF T

VE& $2H MLF ( multi-level fusion) , & & ™M
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(VR QERER 7 walllprpvas

FAT, RCH P58 H A ez i) 32 207 H I AALA
F 2 2 B 25 e, [ N YRR | R A 36 [ Uber
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KB TR AR R RE

5 RERBRERE

TR TURIE 3T (9 FAR R AR B T F

I, ARG, B ARSI ARATY SR AF R KK
23 (8], RS ARG I AR 1 & a5 an T

1) 880 1 vt 2 vy B AN, 204 7 T A
i Transformer 1Y 3 21| v B A5 A8 0 H2 AR BT T — &
B, Sy H ARSI I 1) A e TR BT 1, Al
P T R L T ASURE I JC A ROHE 19 H R A I 5 vk
ZEIT AL TENC SO |5 58 50 6 DR 4 )
[, A HE T AR 4% | Transformer 75 11408
SEO7 WA AE — E W I, A G 5T AR
Deformable DETR ( Zhu 25,2021 ) il TSP-FCOS ( trans-
former-based set prediction with FCOS) (Sun %5,2021d)
TE—EFEE G2k 1 ax e n) f B2 W R B sl
) Transformer 9 il A% W 28 T % Transformer 3% 5ill
o 265 1A 7 s 3] i A A 0 AT 2 AR 75 EEIFFE Y N 25
Z—5

D) EET AR EE TR AREN, ARE¥
TE RG34 55 HHUS T 5 2 W27 2T A >
19532 M fiE ( Chen %5 ,2020b; He 45,2020 ; Chen #1
He,2021¢) . H W) T BUR /3 24T 55 O R4
RV E RN AR T T, 5EIGRI ST
AR, FARASIAE 55 rhAE i RO ANH & B+
Yol o DRI, ey 50 4 b p M 2 o T 42 i B
T HARRGE — PR R, Xie 45 A (2021)
$ R RN 42 R Y 22 BRI 2R R s S T e B o
JTEREAE 55 LA PERE . Liu 2% A (2020a) F1 ] 4
AU B AN ) A2 4 SRy v L AR AR, O T
TH MR BARRI, Dai 5 A (2021d) 15 B HL
DI E R 007 8 5 i A AL - DX I, SE B H AR
My A B

3) KR/ HARKIN, 487 H ARG 75 vk K
22 T o) W) AR KGN 05 ZE MS COCO ( Microsoft common
objects in context ) ( hitps://cocodataset. org/) ( Lin
%%,2014) F1 PASCAL VOC ( pattern analysis, statisti-
cal modeling and computational learning visual object
classes ) ( http://www. host. robots. ox. ac. uk/pascal/
VOC) ( Eve-ringham %§,2010) . iX P A~ B X T
WA by 2 50 A7 BR ELAS [ 288 531 £ I AR AR S5 48 78 2
SR, IS HE S rh | WA % 28 5 8 i+ Dl R ELAS [+
R P ARBCRAETEAR AN A, 2 B R 20 A B
%, EXHk—B R, Gupta A (2019) Myt T4 5
1 000 ZEW) 44 (1) K R 2 43 A B4l 4& (https ./
www. lvisdataset. org/) , 5% A 51 FF Uf WF 5 AH 2% (1]
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B IR TEREAR R AE (Wu 28,2020a) 4225 (Wu
4F,2020a; Li 55,2020e ) 451 2 PR ( Tan 45 ,2020a,
2021 ;Feng % ,2021a) S5 J5 M T HHSC TAE

4)/NFEAR TR HARK I, AR FREA
H Al 3= 22 ST A 4R A e A i D L R R
R A 2 ) A X A P A ARSI PR L ARSI
PAE/INEEAR B R REAE B RGN B g a8 A
HEAR AR, J2 A H AR (Joseph 45,2021 )
WEEINRETT . BRI /NFEAS BAEAS H ARk 2
LR M AE. W5 A Bt (Kang 55,2019 ; Zhang
45 2021c;Sun %5 ,2021a; Chen 45,2021a) 7641 X J7
TR T REWIIE, S/ IMEAR TR HARR AT T
RS JE Al

5) KA H B bR I E s 4, Gl R
o B W H AR A R A 2 Y AT H B ARk
I A E PR 2 — . SH B R IEE S AL
TEAR YRR 2 48 3 4if5 5, T BLF EhR M
25 MPLSEEE, AN, MR 2 A T &H kA
= S BRI SL)  BI AR AR EAS B, BRI,
ST R FRA L E A5 B8 2 | I B 44t & o e i WL H
PR S35 P A 2R LA ST IR R & BB 9% R
FAXH B ARKL % et I ml e S 4%

6) S5 W BB H B AR, bk g r KR
B BT i (U H B Rl BeE S 2 — N 2 A H B Bt
FIRGE TR, WFFE AT 7E A e o o0 B AR vE A
0T R 08 5 SRS v 3 2 H Ar ks D - 43 2%
B, 55 B A E B ARSI — A4y
HEA P A5 7 1w

¥ O AW PTEAZANFZFONMEAL
st Y ERAMREE ZEEL L 5FEF
4% ¥ hitp . //www. csig. org. cn/detail /2448 ,
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