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Survey on Deep Neural Network Image Target Detection Algorithms
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Abstract: With the exploration of the excellent feature extraction capabilities of deep convolutional neural networks,
target detection has made a great stride. At the same time, the target detection technology combined with deep learning
has achieved remarkable results. It has been widely used in such real scenarios as automatic driving, intelligent
transportation systems, drone scenarios, military target detection, and medical navigation. The study reviews the
shortcomings of traditional target detection algorithms and introduces commonly used detection data sets and performance
evaluation indicators. It also summarizes classic target detection algorithms based on deep learning and elaborates on
current target detection and existing difficulties and challenges. The feasible research directions in the future are
prospected.

Key words: convolutional neural network (CNN); feature extraction; deep learning; object detection; computer vision

H b2 BB 2 2R 10 E AR A, e H g 2R
R B bR B ARSI ) H A2 A I e S
JITA A, O 368 3 Al o 5 PR S 3 A TRR o R s
SENL. AT AR ER T BRSNS SR T S, 38 E A
L] PRl 2 430 S, R — AN B 22 5
fe 7. BLAC A 0 A 7R R A 1) K B A e R kAT
IR, FFAE S MRS AE B EAT PRAG. B el 12

B 52 PR P LA B A B, XL X R I R AT 4 .
XTSRRI, SEBLZRE AR S5 2y %, 2 L A
RN AT LUR 5B — 255 WA A, SR TN 155
HURBEIX JLF- 52— AN AT e 58 B IAR 55 R Hit 5
HUE AL AN TR AIL B PAY 01 SE 451 ot AR AE, (H 2 AR &5
20 SE B, JANE M 207 ke T AL B
BRI R EAT E L AR G, AR AR 2 KR 1 B Kol £

@ kit 1): 2021-10-14; 1& 2 [E]: 2021-11-08; SR FHHF[8]: 2021-11-30; csa ££ £k Hi I 8]: 2022-05-31

Special Issue g4k 35


http://www.c-s-a.org.cn/1003-3254/8595.html
http://www.c-s-a.org.cn/1003-3254/8595.html
mailto:cas@iscas.ac.cn
http://dx.doi.org/10.15888/j.cnki.csa.008595
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

20224F #5314 7

FAEAG T AR AR

1 A& H brtil

ST B A hss AT W TR, TSR SRR A R
5K, 3 X BRI AT R A AR AR BT, S AL AR
VRN BB AL B AT o DhRe i, SR e HEAT IR I
g, AR GLREN TR R Nl 5 7 AN R X
BRGEHR . SRMURFAE. 702K ae . Ja AR DR f A 4
RIX 6 B, AR I 1 R,

| SIFT. HOG | | NMS |

| WEEE | | SVM. AdaBoost|

1 AR48 HARK R

TS N BB AT Xk £, A T B
% [ (sliding windows) 5577 U0 AN B AT ER, B
MREFEH T RE & E BArrIAr B, H R Zx Pkt
M) B AR AT REARAE X AT RRAE R IR, 3 238 5d HOG
(histogram of oriented gradient). LBP (local binary
pattern) % SIFT (scale-invariant feature transform) 2§ F
TWHRHER 720, H 2 R I EHR R g . REZA
7 E A R AE . SR A8 SCRE I B AL SVM (support
vector machine)!''. AdaBoost 57> 2 E % B4 b
B HOHFAE 17) B 04T I 5. B, Bk NMS (non-maximum
suppression)*! Ji5 AbHBVEFE T4 5 IR HEAT THDNAE 57
1%, 49 3] e A el 45

45 B bkl i 78 R A B a0t e TR RO,
1998 4 Papageorgiou %5 NP $2 H 1 #Fxof F A5 5 ab
MNTITHE)™ 21 H bokor 388 FH b 2R 25 44, 145 04 B3
B 2] Haar $54E, 85 1/ SVM X $2 BURFAE#EAT
5325 2]. 2001 4 Viola % AR VI KIS, 2 5xd
BIAG X SR AT 1 B0 B e B RO R X I3, 2 J 1 U
AN D) Haar RAE, DUAR 2 BITHEL3EAT R AEIL 4%,
i JE R T7 iy 2888, AT LS B A S8R 1
SN AT I B B — IRAE N Asr bk 3 7 S i
KRR (A AEATT LIRS AT, 78 [F) S50 B Hos
EEAT AT HoAh S B L A5 L 2 L E 5.
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2004 4 Lowe &8 N iE T R A AR RFAIE A2 e
STFT®!, ik i P45 X 330t A7 66 155 4 5 47 0 o 453 By
fiE, ZHE DURFIELE TN Y6 A8 A B Im F% 2 1) 15 e
FE S IR A] DU AT FR) & . 2005 4F Dalal 55 A
Wit 1 s AR B BT HOGY, A ATiA & R
0 DX 35k P P A T DURE o FE A S SRAR T 4R, X REHR HL
RIRHIE AT LAAS BN G 250R. 2010 4 Felzenszwalb 55
A 42 DPM (deformable part model) B iE), Ho
HOG H SVM M45 &, FIH T 2 R 75 (10 F THREAH
AT B G IR B brfsrill 77, R gihlds %~ B
R Sl RPN SN P (=

IR AR SR I K T LA 2 20 0 H Al SR R
FRIR e, B —, T BT BEAN X3 3 e 1 0 7 0 4
Ry R EJC FHUAE, Fort S8R B SRS 56
=L BRI RE SR BT, PR R, SR BRMEROK,
1F 2 RFAEA BT GBI, S5 =, SVM S r K& 2 0y
B KAR, I TA] AR AR R, AR T 52 bRB .

bt 5 T B2 HURFAE 3% A A ar T S0 PR e A AT, H
B 75 0 5 — BLAL T <~F B 317, H 2] 2012 41
AlexNet [1251°) {1y H R 45 1R FE 2 >) B 357 O 37, 3
7t ImageNet B 5r FAT 55 LT 88— 42 BRI 4
A T %, T IR 280 7 B REAE 2% = BE
71, Re g IO PG b ST S GO (3 SURHE, T2 AT
B B AKX Bl 2 2 e 70 F B H AR AR AT 55 . ELF
2014 4 Girshick % N" S THER, 2 TR TIX
IR WG M Bk, B, BT IRES M E
o A 0 I 4 DA R I oK A 0 38 2 ) W HEE . I HLBE &
VGGNet!'", ResNet!'"! 1 GoogLeNet!"*! 541 75 k1 % 1]
P i, 2028, WAl R 43 1 S5 A0
M I R FE A ST SR ), KRS TS RVE )
KA B 2 B3R T H BRI SRR R IR I T 2k, VR R A
>R R AR U A5 3 A R B BORT B B b s 4 i
) — LE B A

2 BIRPPA 4R R
2.1 HiiEE
AL KA H BB 2= s SExt T A Seadk i)
HERK L S EE G 10 £ KA 7% Bix
AR 5 B 4E, Wi Pascal VOC 07/12. ImageNet.
COCO. Open-Image Z5 k% 28 187 FH 1) 504 45
Pascal VOC $#5 41" #6F 2005 £, )l
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4 AT I BV B SRl oy IR AT 55, 08 1578
FRINZRFNINR B, IX LB FRIE T 2209 AN Gl
2007 4, AR08 R T 20 AN, H SR
RSN, BT sk FIIZEEA 12k FFricy)
s, TRV 30T 3 SR N A S s AR I 25 A B AT 45

CNN [ %

j AlexNet 7] tH:
Sl
vopy OGN 7’1\4 /
2000 2004 2006 2008 2012
RETERT LRHE BTIR 2]
E’J*ﬁ‘lﬂﬂﬁ&ﬁﬂ“,ﬁﬁl PRSI S0 3

2012 K HERAEY R 11k MR RGN 27k 1
PRI A, [E B 40K 7 200 DA R N A 5% e st A 4
145 B3R 4E KN, Pascal VOC Bl 7 ¥k B mAP
(& E 1oU=0.5) RIFAGBLEL 1 PERE. H AT, VOC 07
I VOC 12 =2 PRI 38 I 6.

sSD RetinaNet FTHERA

Overfeat YOL7 YOLOv2/ YOLOv4

;OL(M / YOLOVS

2013 2014 2015 2016 2017 2018 2020

R-CNN R-FCN \ Mask R-CNN
SPPNet N
Pyramid BT % X 35k
Fast Networks
R-CNN Fagter
R-CNN

K2 HARkaii 2% e pife

ImageNet s ILSVRC ik F6!"Y FI5E4E, % L 3§
FEAEH 2 N ImageNet #4840 FE AR A A
WKL FE ) B4 52, ImageNet A 1400 £ Ji R E&, &
T2 AZANFN, vTHT 2. Rl e BRIt
P RE AT S, Hor A AT 55 B £ S T 200
FABERT R, MR TR 500k MG, B T R
W30 FAEHR B FRIC T . ImageNet 2t 41" 1 4 A Ay
A ORI £, #HES) 1B A B AR IR 1) K
Ji&; 3 —J7 1, o PR R B EE SR AN 2R ) H H X Tl
SRR T BRI A P

COCO ¥4 & H i vl F f5e LA Phg vk i B dis
£, COCO H i 4 vh iy B Jy 2 IR 1) 1 AR v vk
R, BADNERENRZ . BA KR B AR 2 555,
H 2015 fFEBFEA AT COCO LM LETE. &
SRZER L AR B L TmageNet 2>, R 80
F, B RRIR B 5 2 1 HARSES, 4 COCO-17
FLE 164k EIMZ DL 897k HIbRICHEAS (R H 80 3%
). A1 VOC. ILSVRC AL, COCO e K [k g it 2
SF 4 H ¥5 K F per-instance segmentation 5% R 5 Bl
FOREH I AL, thAh, COCO I & T 2 /N H #x
GLITAR AT DA BEAS B 1%), 78 A7 B Ax S I 48,
HAs oA SN 4ein T I et . H AT, COCO #df £ 2
o U A3 P o o S 4 2

Open Image!'” #& OID (open images detection) Fkik

T B AR, ZEIR R FEH T WAMES: (D) Fr
THEFC) B PR AT (2) PR ¢ A, B A B A Ry
KRBT HAR. 6T B bk SR ut, 23 dE 2 S 1
600 MIAZEHILL I 1910k 5K & (B4 15 540k AN
I FHHE), IXAHAS© A B RO B Ar e A 8 4.

AR LR EA AT S R AT DR E R, B
A AT 25 #5875 L2480 F B0 SR I e Y, Bl S i &5
0 TR P 4 e A LR A2 e, DR 3RAT T E VI 5
PRV o T Hm AR IR Bt R B R E . R 1 XA
[ (R U B SR AT T S
2.2 BB TESR

e 00 {58 FH 22 A 448 0 e 06 S50 A PR e ks
TEE (frames per second, FPS). ¥5#if (precision, P).
H A% (recall, R). X FF:LL (intersection over union,
IoU). P4 FE (average precision, AP). V¥4 6]
(average recall, AR) FI°F-¥J¥% FF #4518 (mean average
precision, mAP). H 1, mAP — & AE N SSUER IR 1 E
&, IoU 1EA B brsE A i FE 2 E.

o WU ASE Y 1) P B 3 B R R A IR P U7 THT, mAP
B K, IE ARG 0 P s P v o U A R, A 7Y
MITHEVERE, JC FPS (B MK, U BH AR T A 0 Tk 5 A bk,
HAAEREE, — BRSO, PR M R B A ST 8
5 P B mAP A FE FPS e I, 2R ke (ke
T LR A RS - I A HARSS ).
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B A TR L B20 R, B IEG TS 2 A R S g

PASCAL VOCO7 20 25002510 4952 onsK I R PR RS 5
PASCAL VOC 12 20 5717 5823 10991 ZPASCAL VOC 07/, 4 5 2 1 B E, FRid T 5 2 1 SLfilx R
BRI Z, Mg 7201 2 A0, #id 14002 JiE B, & B ar it R Fi
ImageNet 200 456 567 20121 40 152

REEHRAR; BoRAEECR TR, 1 7 I ghit 5

BRI B A 802, BRI T H 2 B H A b R HARX S, i

MS-COCo 80 1IBZT 5000 40670 gt b prarein 2, PR A SCBIRRYE: AN SEBEIE T RS R
3900 7718 FE 4 PR B, VIS 2 FR VR b S R0 L At AR AT T 3

Open Image 600 1743042 41620 125436 B & A0SR bR B S EdE S RIS ZRL, BEAEHZ MR
HE AR

3 BETIREEEE I B bRAs il

TR 22 D 45 (1) A 0 92 T A R S B,
UV 7B B BB U A o B N, 3X R TR AR AE
i B AE AR i A2 . PRI B A s ) 53k S 4 FH 22 A [
SE RN B B 7R B, PR A — R
I HE, XA AE 4R B 5] IR 077 328 I 314 ok b 38 40 61
FEARGE G, SR G XTI B 0k X 30dE AT — )18 IR [ 45
B A 225 S, ARSI RS PR 25 v, ARSI I Rk —
LT ARG I v DU g PR R B S0 X R 40 BC B B T
R T (R B TT R R, AN BTSR[] E B E KA
—IHEAE, SR 5 BB X S R HERE AT 0 A BAB IE,
A FH AR R window T RGN R AR AT DL A2 S
P, H A T 21 05 46 10 32 HE 1) 4 5 BBORE 2L (V08 1+
B a0 SO B = e W = 7 U @ B R0 0 o S o
PO ACAN S, DA S RS WU FEE AR AR 00 T 1 A
Al
3.1 BMEENEE
3.1.1 R-CNN

{f A region with CNN (convolutional neural
networks, CNN) &5 FF 5 2 /E, R-CNN™ J& Girshick
S NAE 2014 42 H BRI B A 5 286 R I IX
R B R AN NN — R Ao AT 55 e 4 0y 73 28R 58
AL, 2B F B D 3 ML (1) ] SS (selective
research)!"”) 7E i A B 4R HL 2 000 A 1% [X 35
(2) TR X 3 20 0 3 BT 38 N ONINF™= 2 [i] 5 K 3
FRERAE ) B (3) 18 ) AlexNet £ 6 1 25 i 35 - 22 4,
W B2 I KR AE ) AR 2% B4 3 I SR 2R v oy S AR
SVM, AEEAN X8l A= 43 5, AR ToU i SATERK
KA NMS SRHERR AR L 8 B A ) X .

R-CNN H7E VOC 2012 E3R5 T 53.3% [ mAP,
FHELT VOC 2012 EE 4 R5ETH T 30% 15t
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£ VOC 2007 A ER K, mAP AL DPM ] 33.7%
PRI T 58.5%; 7E ILSVRC 2013 ¥4 M OverFeat™
) 24.3% KIEHETE 2 31.4%.

S R-CNN 7E mAP J5 1A % W B4 &, HE
SR R AR B S (1) B S IR S0 R P 6 24k [X 35 43 )
CRFAE S, THE S BIE 4, BARIEX S WA EITZ
HE IR, A MO AR TE T 5 25 A e ek
Wt (47 fps); (2) Bk B $E BB B RFAE 7] & A A
Tk, e B AR NS . DL RIS TR
JEEFIMNZ 2% (deep convolutional neural networks,
DCNN) R BARA AT, T Z R AR IS T 5 5k
3.1.2  SPP-Net

BT R-CNN 43 7005 146 DX Il 4R A1 B2 BT 5 350
[ TL A S 1) B, 2015 4F He %5 A3 H ) SPP-Net!?!)
CRRE 2 [ & 7 B W 48 SR T — IR AR 7 1R M ok,
B — PR BEAS UG AR FR R AR SR BURFAE [, 8 e T
R-CNN HE G i H B ERAE, KR Tk =,
P A B[R, SPP-Net BEALIE i v T 1448
CNN F2HURFIE B B 23R A N BEAG R/INE E ( il f
236 R 2% 1 B G UR ST I8 5 S — A crop AT wrap
X, H R IR RS 5 5 BU L R DL K R R,
SPP-Net 15 838 i 7 % 4% (1 B Ji — AN 45 F0Z Rl 4 i
JRZ AR I —A 73 8] 4 - B i Ak = SPP (spatial pyramid
pooling) SRHr tH [F & J~F AL ) £ FH TR I 25 (1 1]
25, G 70 N MR BT AL, R DU AT K
INYRELL IS, 32 s 1AL T AR YA 1) & .

SPP-Net # M 7E ILSVRC 2014 4F (k% 38 H brs:
MHTS5 13-4 T 58 2 44; 75 VOC 2017 ¥ mAP i& 3
T 59.2%, A1 R-CNN FIRE fff B2 AH 24, {H O FE 40 2 R-
CNN ff] 24-102 1%. R % SPP-Net [ E 2w TR Z,
TERATHSRAS BRI 2 ST P () 75 3R b4k, TR &
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ZERIZRAL T R-CNN, SPP-Net 5% R-CNN [#{k £,
MZREENGE AR THERA R ISR
A4, H SPP-Net fEfQRT A B T SPP 25 4%
FEIZ, KR I 4% (1 47 T S MR K.
3.1.3 Fast R-CNN

N T AR A B 1) M B, Girshick 2 ATE
2015 4E42H T Fast R-CNNP? R 246 (1) 324 T
— BB EE, ¥ SVM 4281 BBox (bounding
box) [ K& AL R AE CNN B BLll 4k, 1k T R-CNN
H1 SPP-Net W A7 1E 1) 2 A& E IR I /& (2)
SPP Z &4k i% Rol pooling JZ, FI|F Rol X 4FAE 4T
H—ALEAE, S8 f5 5375 A Bl Softmax 432541 BBox [A]
FPEAS 5 A2 53 e B A B &5 (3) 1R T
multi-task 15125, YIZRETRE 23 AN RN 45 2k 45 & e K 5
WS (4) ERERZ TN T HW A 5 E 5 SVD
(singular value decomposition), 5 K 4= 7 4% )2 K 4,
T 93/ 7 432 4 J2 B3 1 A 47 1 B ).

Fast R-CNN X 7 VGG16 AL, 1F [F#E (134155
B & R, IR L R-CNN $R 9 %, Eb SPP-Net R
3 %, MRGE E EE R-CNN R 213 £i%, L SPP-Net K%
P10 1%, [FZE VOC 2012 HdlE 4 E AT LE 3 66%
) mAP, 7E VOC 2007 | mAP 7] LLiEF] 70%. 7] LLE
th, Fast R-CNN 7E 42 w18 5 (1) [|] I ORAIE 7RG E.

H R Fast R-CNN B & % T R-CNN F1 SPP-
Net HJH0H, For I3 FE K08 FE 428 vy, (R T
Selective Search A= il [X 3k H2 13, 3 5 AN A i 40 b 57
B 7 PR, ISR I Faster R-CNN ik 1% v .
3.1.4 Faster R-CNN

fF Fast R-CNN [t 4N A Ji, Faster R-CNN™ 4 12
HEFH T g R e TS DO 9 AR DX I U SRR 2 i i
HE f 1) £, 2 17 f¥) Fast R-CNN 3R 7552 IR 6 0528 F5E ) i
P A2 MG AE X IR FE WL E AR B g ], By DL AR 056 18 A
RGBT R — B PR T BRI A5V T B A e KR 4 T
[F 2. Faster R-CNN 5] A X3 #2144 RPN (region
proposal network) 3% Selective search J5y2, [ i 7l
AN B AE 14 73 S8 45 43 AN B3 #2283t i 380) 3 (14 V1]
g5, PTLVAE R R A I AR, KRR T
BRI F SR . 2 A PR B2 R R 4 5 R R
Yt N MR K/NARAL IR )8, RPN 5]\ T anchor [
&, I AE anchor i H 2 AN REFZ AN T8 Lok e
S FAE, SRR EATHEAT 31 VH A i 0] 5. di i A

I By B 3 = 4 R AR & LR AE, Faster R-CNN K
RPN FI Fast R-CNN fili & gli— 48— 1IN 45, QR ER
W AR XA R 2 2 DL B e A S R A BB T
—NFTHESE

Faster R-CNN {# FH I & M 25 828 VGG16!" k453
T Sfps M (B ATE IR, [ AE VOC 2012 F
A PLERTS 70.4% (1) mAP, £ VOC 2007 F3k15 73.2%
i) mAP. R% Faster R-CNN %4 | Fast R-CNN ] i#
FERREN, 3RAT T B2l S A A 3 B, (& ATY A7 76— 2 i)
f: (1) A anchor AL 82 B 14 i G HEA 5 [ e 1 RO
FECA, HANE T A H AR, 502/ H B s i
BARAIT; (2) 7759848 ] Rol Pooling {175 J5 45 W 28 43 4iE
R FFREAAR M, BN e 2% 58 S ks U, (3) 7£ Rol Pooling
o R R AR & 7 A — R 2 IR R TR A
AEE Bl S5 [ 5 P B 43 T RAR 22 5, AN T 52 10 2 67 AT 55
3.1.5 Mask R-CNN

Mask R-CNN™ J& He 25 A7E 2017 £E42 H (1 — AN
B RE E R RS RIHESE, H HARE 5P
JE B H AR A GE AT L, 0 B ARSI N AR SR A
WL Je NARZEZS Al H S5 s PN AT 55 1 H i 3 0
— AN 5P 130 FAE AR50 2947 1) mask 43 SORY
J& Faster R-CNN, 34 3 N SZI B RS S Rk I 5.
Faster R-CNN HJ Rol Pooling H i IR 5 AL 1 5
N TARZE, R T RFAE B A R P XS AN T AL, 12% G55 s 5o
T SREEMAN K, E 2 X AR RN 4 B IR T B A o
PR 54T 25 A 6 AR K AT B2 . BRI Mask R-CNN
{7 RolAlign >k ek ix —5f#. RolAlign HUH T &
TRBEAE, SR e M 25 M 7 v S AR B A B 1R &R
18, SEHUG R 55, B RS HERREETE T 10% 3 50%.

Mask R-CNN HSR7E Lt Faster R-CNN ¥ 7 — /&
TEAS, (A FIRE R RS, HIg 47 3 B v] LAk 3 Sfps,
HFEEAH LT Faster R-CNN #2517 2 M. (HAEHE
NS FEE AT SR AN BB ST MR R, HL S 23 B AR T 1
Rt T 5 5.

WURY B H B A A B T Bk 45 44, R F “region
proposal+CNN feature+SVM” ] L% B AH, 454 CNN
W28, RORF iy 1 n il RO RS B2 5 5 42 1K) SPP-Net. Fast
R-CNN. Faster R-CNN & K#TFH 7ix — %, 754
MR FAT G B EAR R 2 A S fps, HLSL
NPT 5 B AN AL, 3R 2 R4 1 3 Tk adk X85k e A
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®2 o W BUTIARITERE LR

A = SRS G/ FPS Map (%)

PEs B

2 HHregion proposalffiti, ¥ H 5CNN4GE &, RrfEFE A TH R E B %, [ E M

PERE AR Gk R

BIUG RN BUBRIB TR, I 2 T4 K

K — RGBTSR, WINSPPZE S 2 gk tHERA . IRt

153 X IR — 1k

A A i FEE 1

() IR 23 AN SE i, Y2 U RIS IR AL A A AT SSHEAT XA HR, Arld FE T3 48 %2

R-CNN AlexNet VvOC 2007 0.03 58.5
SPP-Net ZF-5 VOC 2007 2 59.2
Fast R-CNN VGG 16 VOC 2007 3 70.0 N
it 2 )
Faster R-CNN VGG 16 VOC 2007 5 73.2

Elfiegal

FIARPNAZS A IR HIE R 3] WA 5 A, 2 Al = (MRS, x5 or 5 7
il 2, InARIS Sk T BK

Mask R-CNN ResNeXt-101  VOC 2007 11 78.2

BOH B ALIRAE, KB RGN TE, 1-THERD 18N oF 84, 8 AN A ik 2 se i, 431
HERAE, S oy BIHERG . AR TR T =y 5t

PR R

3.2 HMEBRNEE
32.1 YOLO %7l

I THD T 3R P 3 e U 28 E AR A AR Sy — AN 4326
I R e v, o R AR B HH — SR i ik X R, 44
H A F N HARETE 5. 21, YOLO (you only look
once) i H AW Ry — AN T [8] U5 (PRSI vl 8, 76— >
F14 ) 245 B 5 i AN AR i N B W0 1D 5 6 AN 432K,
WA R B U I HE I 7R

£ YOLOP | g N BG4 43 il — A~ SxS R #%,
W 28 s A G2 2 BE 25 %0 R O T AE I BT, — A
W s B G TR 22 AN 10 FAE, A TR A4 el 5 AN e R
AR A FHER O x Ay, HERGLERE w A A, DL K BAE
FEAS 3 (ZIAHER S B AR B AT RETE). YOLO K R &k
H E15 53 25/ GoogLeNet A5 71, Z A5 71 {ifi F i /N5 7
WX 28 i) R AR B . ‘e 7E ImageNet 45 L i 47 T 25,
TR Rk B =R AR R 8 R N BE AL 4E Ak 1) 4
PR SE A B (0 2 AT B 0. TE VI ZRIN, A A% 3T
R —AN2, B e WS 58 i, {EHEER T (] 2 38 .
Pt Z AT TR AL, 6 FH 5 Ab 2 NMSS MHIBR
i R A 22 B AGII. YOLO 78K i A i B #0k
FABIE T 244 A B Sz AR R 4 L AT DLk
FI| 45 fps, EF/IMERL ) Fast YOLO HZE 7] DLk F] 155
fps. SR, A 2 Bk, BT/ SR
AR G E LR B 2, AR CREAS B T BT RE T X
G AR ). IX 28 ) B YOLO HJG SERAS 15 1)
T fRUk.

YOLOV2PT & 5%F YOLO ik, 7535 B FIAS 5 2
(AL T —AMET R AP, T YOLOV2 XARA YOLO9000,
VB 44 I, AR AL AT LSS T 9000 M4 3E. YOLOV2
F Darknet-19 HUfX T GoogLeNet ] 3= 2244, [F] i &5
& T2 2 NENGURZIIEBIR, tn: #LALBEFRHELL (batch
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normalization, BN)* SR IS S, 43 A R 48
PR VIR 52 I Fk 2K 402 (RIAH COCO %)
ARSI A v E R 1E 47 2 AL I 2k, H ImageNet H (1) 24
PN R R), E e R AR m S, IR A
Fast R-CNN H1[¥] anchor Bl i £ 41 55 4 1) 5 56 HE AT
Fe A B2, YOLOv2 753 FE AR FE_F 8R4t 1 T4 1)
B R AL G, BT 28R S 80 />, TR WiR bR
FiR, BCHAE. R, HHoR”.

YOLOV3™! LbZ BT ) YOLO KR A< A5 1 2 et
Redmon %5 A\ A 5 K1) Darknet-53 W48 B T RFAE S
HAR M. [RINESS & T S FEOR, nddRy 7. 2R
FENZR. HEARELSE. 732K 8 21 Softmax # 70
A XM 4y R A HUR. R YOLOV3 t YOLOv2 R, {H
5T S AL, Bk Z AT R . B R
— AN e S AN 2 R R SR

YOLOv4™ " it 7 —Fbeis B2 F IR ik £
WS, AT AR I fai s & B TR, ER AR,
B3 S S8BT S T 1y A 5 W R BN 1) (19 77 V. YOLOv4
FIFHEARE mEoAR . BN TT. %P, CloU-
loss®'. 2 XNt & JH—1kL CmBN (cross mini-batch
normalization). H XF FT I Zr 25 15 K okl 2k, W%
HOE N T R M HE BRI (8] (4 77325, RO Rk L, £
& Mish Bl B H B 40 M 4% CSPNet (cross-
stage partial connections)””'. SPP-Block”'. PAN (path
aggregation network)" B 1R R A, LA A INBUL 2
P MiWRC (multi-input weighted residual connec-
tions) Z¢. ‘& — > ImageNet Tt il 5] CSPNet-
Darknet-53 ‘5T, SPP #1 PAN i ##1 YOLOv3 /£ K
Forill k. R 22 BOAT BRSNSV 7 B 2 A GPU Kl 2k
B, {HAE YOLOv4 F] LLR 7 S e 54> GPU Ll
S5, "E IR T R S [R) S e KD v S e U 5 PR . 3K AR
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S B ) SIS B 2R AR 25
322 SSD

SSD (single shot multibox detector)””! J& &5 —/ME
DR 35 SIS T3 52 1) (7] I 8 5 P R 2% (40 Faster R-
CNN) RS B AH VL T i 54 2k ) 2% . SSD Jg # 7.7
VGG-16 [IEEA b, 30 74 Bh a5 Mok i m itk e 4 &
RFEA AR RE I, SSD 7 [0 265 r 850 5 iy ks ) 81 50/
FR R, TAUAR R Z 7 5T BRAHEFI GRS L A A2 . 7E I
Zrid#Erh, SSD 5 AE A FHSHE S BA fiefE Jaccard HE
FRIBRDMEAR DT, A S H )1 25 0945, 00T Multibox™,
(7 I 3 {5l B8 47 42 4 AR B 84 97 8. SR80 T DPM,
B R A R LA 4 2R BB SR I SR A2, 38
AT IR ORI 3R A B A . R SSD L YOLO
A R-CNN i seitt (M 4 ZR1G 2, th EHER, (HE
AR HE RS I 1) NP AR
3.2.3 RetinaNet

AT B ZRRG WU) 45% RT A Zke 0 25 FRG A R 22 5
Lin &8 A\ DA\ g 5250k I 85 i 5 P Jo DAL < TE A7RE A i
AN Al AT TR T — AN EE A 58 U2 2% (focal
loss), FRAEE AR, VR NAMRBER A i T B, £E
TR I ZHOH D T K H easy example 457 K DTk, F

FE. LR hard example. 2017 4F Lin 25 ANAE—
A7 R SR BRI 2 PR B T % R e B ) A R,
TR I 28 4 PR N RetinaNet™ ) B i o % A\ I 1 o7
B IR L AT B S SRR SR T A A 8 FH 3
TN T RE 4 7 35 P 4% FPNPY () ResNet /E 4 backbone
A B AN AHACL 1~ X — 73 S AL AE 5] 5. FPN i 4 —
J2 #4325 1 I, A5 L B A% DUAS [R] 1 B A DR R
I3 A TR AN 57 B B0 5 43 5, 1T A [B] ) 5 A
4B A R RS o (B3 B B ST AE. AT AR 2
N BN FON, [FIRPIASFIILZ25. 52
T R AR A AN R], Z AR A T — AN SRk R
FHE B A 88, I & BLZ 5 s B R 2%

RetinaNet Il 2k fj B, W Sicdt Bk, &) T S8 570
SRS 2% AH LL, B 75 A FE AE A7 I 8] 5 TH B A T 8 4
HvERE. I 5 N — BTG4 2K 2R 2K, RetinaNet 7EHEE
VIR 2 B A0 A 7 T A T AR PR

FAL A B R T HH B T I B, R T A A
e R T B A AT DA 2 S I R /R R, esiod AR
3 TRGH, RS FE AR EE T X0 BURVE AR — 2, (H2 s
P AR )R FE, BRI B I AE 48 () 7246 B2 7 T 6 A
wE

*3  RHEREIERMER L
[ B4 e/ FPS  Map (%) 55 (9=}
YOLO VGG 16 VOC 2012 45 70 o4 2% 167 54, 4 MG R 43 B TG A T 45, /J\X*J%M“ll%%ﬂd‘%ﬁ‘]iﬁ*ﬁfﬁ%, L
A H R R T AT 5 K 52 PR
ssD VGG 16 VOC2012 193 785 %é‘iﬁ);%ﬁﬁ%);ﬂ@##?ﬁ P, ST SR 7N S #%E@%iiﬂﬂ&&%%ﬁii?ﬁ@ﬁ; [X 35k ]
% R B AR EE /) T P8 K, 7Rt AR 8
YOLOvV2 Darknet-19 VOC 2012 40 73.5 RARIIT L= RRAE, RAB AU Xja:ﬁétg%%ﬂ ANRIE SR
T REA BN BEEGHE; FH TONIZE, MRS
YOLOv3  Darknet-53  MS-COCO 51 57.9 iiggggig i RETH; ERAR = TR AR Ak, BRI TRUINA FEAIR

BT V2 BT, AT BLE AN GPU L

YOLOv4 CSPDarknet-53 MS-COCO 23 43.5

ResNeXt-
101+FPN

RetinaNet MS-COCO 54 40.8

KEEEA e

YIER; B ERIRG 2 0 Fr P 1R
51 \Focal lossfift iR Bl 5 S2A T B R £ B BERE AU RIS 55 185 FURE AR AT

4 RIgEH R

L A 00 5 AL 25 AL s 48k P — A E A AT
B IR PP 22 W 4 5 2T 1) A I AR SR A7 A — 5 PR
AP an H ARSI AE AT A AN 7 T, A2 ARG /D H AR
(BB AT N S8 R ZARR D, 40 b sk A
5% &) AT NS DL RAT NI 555 ) AL £ AN e
W5, AAENEIA AR B A HARiE
i FERI E BRI Al RURESE ) 8L A2 SR AR Ty

I, ARG S 2R B AR SCAR BRI
AR SCAHES A 1R . SCHR [39] M H AR REEAR LR
FEAA M 55 MBI LA R ST A 45 4 Al
RERIR T BOFTH A AR BT ITE, 7 Hrix s sk
A1 OR 2, JF AL TR E . DRk mi DL SO& HI 3 55
SRR H ARG DB TSRS T R,
e D00 2 1 S B B SAG R KT AT 8 7 2T
EPN SRR G =R T e U S SERER N1
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(1) BEHAa: 5L b, V2 N7 A& 2@
A IR A AR R Bl i % R AR AT,
MAENEL, BEANL. ARG, BRI AL
JUE AR HARKG AR R 1k e L T MO AR T,
(EPENE 2 ¢ R LTS (6 A S DN S R NN o
(I RE A R, DR ATE i N SR P Aais AT,
I U T 2 52 2 0 R I X 2%, 40 S A 7Y
JEZ5 [¥] SqueezeNet! i FH 1 FE 7] 35 B 40 185 f) B B
57 MobileNet™ 414 # 5 ¥ % 1) ShuffleNet'™" 2%,
WL T Y 2 B S i el 7 ik, anseik [45] 32
H TR TR R A B g SSD Kl J7 32, STk [46]
P T BT R E GRS A I, STk [47)
PR T 5 R 2 O 4% N P S R N AR S e s A B
S AROR T DA B2 i AR A ) T e g, ST
1 R R f TR RN B, A L N AR BRI R 3 ik 4% |
TN AR PR A2 1T

(2) 5/ E SIHLAR -] (AutoML) RGN : B 7F 3
TR A 5 TN % (1 R A TR A 15 e ok ok 57 % B,
FEA 5 P THT I AR DK R S0 R0 1 24, 7 7E 35 7™ B AR
VT A S . [ BR R I E Sl
#%5>) (AutoML) HiAIKTG T E A S ARSI Tl
PUR T2 0, BRI AN Tk A stk 5
AR TR 3 R S AR A, LB R Y, e
R [49] /M4 T AutoML 8 FH TR A0 R4k m] LLSIE X
DEIF RS TBE ] SHAERME RS
VI A Bk AE ST B RRAS I R K TT BE IR 77 17 2 TR B AT
A 20 ) 4% 45 P SR B T8 B AR I ASE 2R AN T k2> A T xF
AL BT, 90 4 G e AR 4 MR ) 23 B 3 PR i AE
AR AR AL BT (R4 7 5. AutoML 2 N AR
0 AR AR,

(3) 55 W B S0 00 E R IN: H A Ao =5 R I
I B A B 2 ST 1, P AR AR A T bR TE
UG, briE TAEES 2 B AT L5E Rk, (22 2411
SR E B 0 22 B 1 AR AE 15 AR B BEAN U FE I ), HL
MR+ MCT, T HARZE S AR I 5 kA3 M
AR AT KRR 4, i 366 T o B 2% ST S B E A
AR AT 55 AR M VI 5t RS 80 SR e (AL T, Bl 4
P P R A 8 AR 5, a0 AR AR 3 ) B 4 |
AR R4y PR 25 2R O & oIt 70 A, 22 AT
Fe T V22 A TR P52 S B 55 M BRI, G STk [50] H
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MHFAEAL B T7 AR, S48 T 3T 2R 5],
TRWOE R FE TR L DU EE T O AR 2 1) 55 1
BB RISV SCHR [S1] /v 7 — e T U 2 )
FRAEI 95 B Bk, W E). 2% 2] U
FAN 2 N 48 45 3 AN D T3 A 1 H AR 55 B B AR
SR, LR T 55 W B R B M B SRR I T R SR,
IR 55 W B ) U T AR R SR, (H 2 AR X T 58
B 5 SRR AR K ) R R 22 TR AR SCik [50] Fir fe
BEITAFE, AR 1 55 W B 2% 21 mT DL 4k SR 5 45 5 55 e B
5 S M SE A R BE AT I AT

(4) 7N B FRRI: /N HERAS I B A v SRR 5 40
AR IR — AN B R ) R, AR 4 S AR (R
75/ BARAS UAE 55 Js o BRI B v SR ML i 490358 1) — Tt
EORHRRE. H ATEr /N B AR I SE B T 2 45
RS, ANSCHER (53] A TR LB B, — BB
Rl K RFRYNE DS RANIE R Ay Il e Y SR R A €7
IRIGA A T 2 RO J7 T S0k i 550925 SRR [54] 2Rk
T SN ARSI B, i IR S A R
Hor e T 5 KK, A48 74P 5 v 1) S BB IF k4T
AL, s Ja 4 1 /s AR DU FH AR s 4. X 63
A Rk H RGN B AR R I G e A7 A A — L8 [a]
XTEGR A ORUBE H A s 0 14 e 3 A A 5 OK 22 R,
WCAAAT SIS bR BRG HERU ST RS R S B AT
SRR — KRR, /N BARKIAE B Zh B . 2
TS R PEAT I R R T SR A A I I N T
S R R SR 7 B B [ I T[] — LT A
I FH 3 B, 455 ) FH 2 B 2R AT 22 SR DL i AT 82 LA Rl
TG AN B A S kAT B R SR AT 5%, ROR W]
PSR B = I 1) B 5 DL R s o e iR e
KRR

(5) PRAR H ARRL . 5 &S 0 BB AR L, TR A
EERITURYE, B8 7 RERN 2 RHE R, st
SR AMATURE M AT 5515 >R 1 AROR P DR . A G F e 00 A 23
KEZH RN T R Epas i BHE, 160 240 1 shaS
PS5 T 1) R A DG 1, T 58 4 R FH AR A I 4 SR A5
SRS R, B TV 2 AR I ) B,
SCHR [56] MARAAS I T ) 3 AR T7 T B Al (2
S IRIFIN 2 5 51— B DL R A R )
R, AT A H AR R, A T T IEAE
B BT RMAEREES & BRI DL & 5 5
BRI (A B 2R 5 A BE A1) Transformer A1
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MBI A 45 ) 55 4 FhRAL; SOl [57] WFFE 7 56 T
%

SE 3k

Burges CJC. A tutorial on support vector machines for

—_

pattern recognition. Data Mining and Knowledge Discovery,
1998, 2(2): 121-167. [doi: 10.1023/A:1009715923555]

2 Neubeck A, Van Gool L. Efficient non-maximum
suppression. 18th International Conference on Pattern
Recognition (ICPR'06). Hong Kong: IEEE, 2006. 850-855.

3 Papageorgiou CP, Oren M, Poggio T. A general framework
for object detection. 6th International Conference on
Computer Vision (IEEE Cat. No. 98CH36271). Bombay:
IEEE, 1998. 555-562.

4 Viola P, Jones MJ. Robust real-time object detection.
International Journal of Computer Vision, 2001, 57:
137-154.

5 Lowe DG. Distinctive image features from scale-invariant
keypoints. International Journal of Computer Vision, 2004,
60(2): 91-110. [doi: 10.1023/B:VISI.0000029664.99615.94]

6 Dalal N, Triggs B. Histograms of oriented gradients for
human detection. 2005 IEEE Computer Society Conference
on Computer Vision and Pattern Recognition (CVPR ’05).
San Diego: IEEE, 2005. 886-893.

7 Felzenszwalb PF, Girshick RB, McAllester D, et al. Object
detection with discriminatively trained part-based models.
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2010, 32(9): 1627-1645. [doi: 10.1109/TPAMI.
2009.167]

8 Krizhevsky A, Sutskever I, Hinton GE. ImageNet
classification with deep convolutional neural networks.
Proceedings of the 25th International Conference on Neural
Information Processing Systems. Lake Tahoe, 2012.
1097-1105.

9 Girshick R, Donahue J, Darrell T, et al. Rich feature

hierarchies for accurate object detection and semantic

12

13

15

19

20

21

segmentation. Proceedings of the 2014 IEEE Conference on
Computer Vision and Pattern Recognition. Columbus: IEEE,
2014. 580-587.

Simonyan K, Zisserman A. Very deep convolutional
networks for large-scale image recognition. arXiv:
1409.1556, 2014.

He KM, Zhang XY, Ren SQ, et al. Deep residual learning for
image recognition. Proceedings of the 2016 IEEE
Conference on Computer Vision and Pattern Recognition.
Las Vegas: IEEE, 2016. 770-778.

Szegedy C, Liu W, Jia YQ, et al. Going deeper with
convolutions. Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. Boston: IEEE,
2015. 1-9.

Everingham M, van Gool L, Williams CKI, et al. The Pascal
visual object classes (VOC) challenge. International Journal
of Computer Vision, 2010, 88(2): 303-338. [doi: 10.1007/s1
1263-009-0275-4]

Russakovsky O, Deng J, Su H, et al. Imagenet large scale
visual recognition challenge. International Journal of
Computer Vision, 2015, 115(3): 211-252. [doi: 10.1007/s11
263-015-0816-y]

Deng J, Dong W, Socher R, et al. ImageNet: A large-scale
hierarchical image database. 2009 IEEE Conference on
Computer Vision and Pattern Recognition. Miami: IEEE,
2009. 248-255.

Lin TY, Maire M, Belongic S, et al. Microsoft coco:
Common objects in context. 13th European Conference on
Computer Vision. Zurich: Springer, 2014. 740-755.
Kuznetsova A, Rom H, Alldrin N, et al. The open images
dataset v4. International Journal of Computer Vision, 2020,
128(7): 1956-1981. [doi: 10.1007/s11263-020-01316-7]
VRIERNI, s, 25 M. VR ST i SR H e SR T 7T
ZER T EHL TR S M, 2021, 57(8): 10-25. [doi: 10.3778/
j-issn.1002-8331.2012-0449]

Uijlings JRR, Van De Sande KEA, Gevers T, ef al. Selective
search for object recognition. International Journal of
Computer Vision, 2013, 104(2): 154—171. [doi: 10.1007/s11
263-013-0620-5]

Sermanet P, Eigen D, Zhang X, et al. Overfeat: Integrated
recognition, localization and detection using convolutional
networks. arXiv: 1312.6229, 2013.

He KM, Zhang XY, Ren SQ, et al. Spatial pyramid pooling
in deep convolutional networks for visual recognition. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2015,37(9): 1904-1916. [doi: 10.1109/TPAMI.2015.2389824]

Special Issue & i 45it 43


http://dx.doi.org/10.1023/A:1009715923555
http://dx.doi.org/10.1023/B:VISI.0000029664.99615.94
http://dx.doi.org/10.1109/TPAMI.2009.167
http://dx.doi.org/10.1109/TPAMI.2009.167
http://dx.doi.org/10.1007/s11263-009-0275-4
http://dx.doi.org/10.1007/s11263-009-0275-4
http://dx.doi.org/10.1007/s11263-015-0816-y
http://dx.doi.org/10.1007/s11263-015-0816-y
http://dx.doi.org/10.1007/s11263-020-01316-z
http://dx.doi.org/10.3778/j.issn.1002-8331.2012-0449
http://dx.doi.org/10.3778/j.issn.1002-8331.2012-0449
http://dx.doi.org/10.1007/s11263-013-0620-5
http://dx.doi.org/10.1007/s11263-013-0620-5
http://dx.doi.org/10.1109/TPAMI.2015.2389824
http://dx.doi.org/10.1023/A:1009715923555
http://dx.doi.org/10.1023/B:VISI.0000029664.99615.94
http://dx.doi.org/10.1109/TPAMI.2009.167
http://dx.doi.org/10.1109/TPAMI.2009.167
http://dx.doi.org/10.1007/s11263-009-0275-4
http://dx.doi.org/10.1007/s11263-009-0275-4
http://dx.doi.org/10.1007/s11263-015-0816-y
http://dx.doi.org/10.1007/s11263-015-0816-y
http://dx.doi.org/10.1007/s11263-020-01316-z
http://dx.doi.org/10.3778/j.issn.1002-8331.2012-0449
http://dx.doi.org/10.3778/j.issn.1002-8331.2012-0449
http://dx.doi.org/10.1007/s11263-013-0620-5
http://dx.doi.org/10.1007/s11263-013-0620-5
http://dx.doi.org/10.1109/TPAMI.2015.2389824
http://www.c-s-a.org.cn

i E RSN

http://www.c-s-a.org.cn

20224F #5314 57

22

23

24

25

26

27

28

29

30

3

—_

32

33

34

Girshick R. Fast R-CNN. Proceedings of the 2015 IEEE
International Conference on Computer Vision. Santiago:
IEEE, 2015. 1440-1448.

Ren SQ, He KM, Girshick R, et al. Faster R-CNN: Towards
real-time object detection with region proposal networks.
Proceedings of the 28th International Conference on Neural
Information Processing Systems. Cambridge: MIT Press,
2015. 91-99.

He KM, Gkioxari G, Dollar P, et al. Mask R-CNN.
Proceedings of the IEEE International Conference on
Computer Vision. Venice: IEEE, 2017. 2980-2988.

77 BT, TR, A E R H bRkl ST LR R 15
HLIHFE SR, 2018, 54(13): 11-18, 33. [doi: 10.3778/j.issn.
1002-8331.1804-0167]

Redmon J, Divvala S, Girshick R, ef al. You only look once:
Unified, real-time object detection. Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Las Vegas: IEEE, 2016. 779-788.

Redmon J, Farhadi A. YOLO9000: Better, faster, stronger.
Proceedings of the 2017 IEEE Conference on Computer
Vision and Pattern Recognition. Honolulu: IEEE, 2017.
6517-6525.

He KM, Zhang XY, Ren SQ, et al. Delving deep into
rectifiers: Surpassing human-level performance on ImageNet
of the IEEE
Conference on Computer Vision. Santiago: IEEE, 2015.
1026-1034.

Redmon J, Farhadi A. YOLOvV3:
improvement. arXiv: 1804.02767, 2018.
Bochkovskiy A, Wang CY, Liao HYM. YOLOv4: Optimal
speed and accuracy of object detection. arXiv: 2004.10934,
2020.

Zheng ZH, Wang P, Liu W, ef al. Distance-lIoU loss: Faster
and better learning for bounding box regression. Proceedings
of the AAAI Conference on Artificial Intelligence, 2020,
34(7): 12993-13000. [doi: 10.1609/aaai.v34i07.6999]

Misra D. Mish: A self regularized non-monotonic activation
function. arXiv: 1908.08681, 2019.

Wang CY, Liao HYM, Wu YH, et al. CSPNet: A new
backbone that can enhance learning capability of CNN.

classification. Proceedings International

An incremental

Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition Workshops, 2020. 390-391.
Liu S, Qi L, Qin HF, et al. Path aggregation network for
of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Salt Lake City: IEEE, 2018. 8759-8768.

instance segmentation. Proceedings

44 % i+Z7IR Special Issue

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

Liu W, Anguelov D, Erhan D, er al. SSD: Single shot
multiBox detector. 14th European Conference on Computer
Vision. Amsterdam: Springer, 2016. 21-37.

Erhan D, Szegedy C, Toshev A, et al. Scalable object
detection using deep neural networks. Proceedings of the
IEEE Conference on Computer
Recognition. Columbus: IEEE, 2014. 2155-2162.

Lin TY, Goyal P, Girshick R, et al. Focal loss for dense

object detection. Proceedings of the IEEE International

Vision and Pattern

Conference on Computer Vision. Venice: IEEE, 2017.
2999-3007.

Lin TY, Dollar P, Girshick R, et al. Feature pyramid
networks for object detection. Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Honolulu: IEEE, 2017. 936-944.

B 22, S, MR b, B OARAS U R R 1) R SRR BT T R
ZER T EHL TR S M, 2021, 57(5): 36-46. [doi: 10.3778/
j-issn.1002-8331.2011-0205]

TRPE T, TR, RXAE . IR B BIRZR  2% 1 A I R
ZER . NV AL T LR S8, 2019, 40(9): 1825-1831. [doi:
10.3969/j.issn.1000-1220.2019.09.004]

FEHE, B R, ARG, 55 BT YOLOV3 [ &2 H brka
2% . B LR 5 8, 2020, 37(10): 208-213. [doi:
10.3969/j.issn.1000-386x.2020.10.033]

Iandola FN, Han S, Moskewicz MW, et al. SqueezeNet:
AlexNet-level accuracy with 50x fewer parameters and <0.5
MB model size. arXiv: 1602.07360, 2016.

Howard AG, Zhu ML, Chen B, et al. Mobilenets: Efficient
convolutional neural networks for mobile vision applications.
arXiv: 1704.04861, 2017.

Zhang XY, Zhou XY, Lin MX, et al. Shufflenet: An
extremely efficient convolutional neural network for mobile
devices. Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Salt Lake City:
TEEE, 2018. 6848-6856.

RRH, ERE, REE, & ETHIERENRER
SSD H kst ik, #f 5 BoR, 2021, 36(10): 1437-1444.
FXHE, FhA, AL T AR R I RO LA A A ) 5
% WOG S e T A EERE, 2021, 58(2): 130-138.

BATLA, FAL, TR0, 5. 5 TR B 0 2% 19 S ) A4k
JHE HRINEEI. TH SN AR, 2021, 47(4): 218-225.

75 %% T R MR S B S LG S X AR T L R Gk
L[ AL iR ] et B EURAE, 2020.

KT, T, ISR, A TR S FINLAA R AutoML
Jrik. WOk, 2019, 40(6): 1-9.

Wy, BRI, oo 5%, A5 T 59 B 2 0 H A el


http://dx.doi.org/10.3778/j.issn.1002-8331.1804-0167
http://dx.doi.org/10.3778/j.issn.1002-8331.1804-0167
http://dx.doi.org/10.1609/aaai.v34i07.6999
http://dx.doi.org/10.1609/aaai.v34i07.6999
http://dx.doi.org/10.1609/aaai.v34i07.6999
http://dx.doi.org/10.3778/j.issn.1002-8331.2011-0205
http://dx.doi.org/10.3778/j.issn.1002-8331.2011-0205
http://dx.doi.org/10.3969/j.issn.1000-1220.2019.09.004
http://dx.doi.org/10.3969/j.issn.1000-386x.2020.10.033
http://dx.doi.org/10.3778/j.issn.1002-8331.1804-0167
http://dx.doi.org/10.3778/j.issn.1002-8331.1804-0167
http://dx.doi.org/10.1609/aaai.v34i07.6999
http://dx.doi.org/10.1609/aaai.v34i07.6999
http://dx.doi.org/10.1609/aaai.v34i07.6999
http://dx.doi.org/10.3778/j.issn.1002-8331.2011-0205
http://dx.doi.org/10.3778/j.issn.1002-8331.2011-0205
http://dx.doi.org/10.3969/j.issn.1000-1220.2019.09.004
http://dx.doi.org/10.3969/j.issn.1000-386x.2020.10.033
http://www.c-s-a.org.cn

20224F #5314 57

http://www.c-s-a.org.cn

i H AR G N A

WE T3k, 5 HL TR 5 R, 2021, 57(16): 40—49. [doi:
10.3778/j.issn.1002-8331.2103-0306]

51 /NI, BR/MEE, BRIE B, 25, SRR 2E 5] R I B AR DI 5
REEIR . THEALRL, 2019, 46(11): 49-57. [doi: 10.11896/
jsjkx.181001899]

52 XFE, BRI 2T IR SN B AR R A SRR T
LTI S R, 2021, 57(2): 37-48. [doi: 10.3778/j.issn.
1002-8331.2009-0047]

53 XUBEAE, TIEF, 2 =¥, & 5 TR B ST 00/ B ARAE
WFLLRR. SR T3 E A, 2019, (1): 100-107.

54 U, SRR, PNEE, S B IREE SR ST 00N B ARAE

THELGER. b Tl RE24R, 2021, 47(3): 293-302.

55 X, X403, L, & 3 FIREE S ST/ B AR A i
WF 78 5 B 4238 . BT 22 ), 2020, 48(3): 590—601. [doi:
10.3969/j.issn.0372-2112.2020.03.024]

56 TImE, FRIM, SEFF 2. 3T IR B S ST AL B bRkl
ZEiR . T E LR SR 2, 2021, 15(09): 1563-1577. [doi:
10.3778/j.issn.1673-9418.2103107]

57 JE . BT B PR PR AT H FR R R 7T o R
WA BE AR, 2021, 16(2): 157-164. [doi: 10.3969/j.issn.1673-
5692.2021.02.009]

(B e 7Rk ist)

Special Issue & i 45ik 45


http://dx.doi.org/10.3778/j.issn.1002-8331.2103-0306
http://dx.doi.org/10.11896/jsjkx.181001899
http://dx.doi.org/10.11896/jsjkx.181001899
http://dx.doi.org/10.3778/j.issn.1002-8331.2009-0047
http://dx.doi.org/10.3778/j.issn.1002-8331.2009-0047
http://dx.doi.org/10.3969/j.issn.0372-2112.2020.03.024
http://dx.doi.org/10.3778/j.issn.1673-9418.2103107
http://dx.doi.org/10.3969/j.issn.1673-5692.2021.02.009
http://dx.doi.org/10.3969/j.issn.1673-5692.2021.02.009
http://dx.doi.org/10.3778/j.issn.1002-8331.2103-0306
http://dx.doi.org/10.11896/jsjkx.181001899
http://dx.doi.org/10.11896/jsjkx.181001899
http://dx.doi.org/10.3778/j.issn.1002-8331.2009-0047
http://dx.doi.org/10.3778/j.issn.1002-8331.2009-0047
http://dx.doi.org/10.3969/j.issn.0372-2112.2020.03.024
http://dx.doi.org/10.3778/j.issn.1673-9418.2103107
http://dx.doi.org/10.3969/j.issn.1673-5692.2021.02.009
http://dx.doi.org/10.3969/j.issn.1673-5692.2021.02.009
http://dx.doi.org/10.3778/j.issn.1002-8331.2103-0306
http://dx.doi.org/10.11896/jsjkx.181001899
http://dx.doi.org/10.11896/jsjkx.181001899
http://dx.doi.org/10.3778/j.issn.1002-8331.2009-0047
http://dx.doi.org/10.3778/j.issn.1002-8331.2009-0047
http://dx.doi.org/10.3778/j.issn.1002-8331.2103-0306
http://dx.doi.org/10.11896/jsjkx.181001899
http://dx.doi.org/10.11896/jsjkx.181001899
http://dx.doi.org/10.3778/j.issn.1002-8331.2009-0047
http://dx.doi.org/10.3778/j.issn.1002-8331.2009-0047
http://dx.doi.org/10.3969/j.issn.0372-2112.2020.03.024
http://dx.doi.org/10.3778/j.issn.1673-9418.2103107
http://dx.doi.org/10.3969/j.issn.1673-5692.2021.02.009
http://dx.doi.org/10.3969/j.issn.1673-5692.2021.02.009
http://dx.doi.org/10.3969/j.issn.0372-2112.2020.03.024
http://dx.doi.org/10.3778/j.issn.1673-9418.2103107
http://dx.doi.org/10.3969/j.issn.1673-5692.2021.02.009
http://dx.doi.org/10.3969/j.issn.1673-5692.2021.02.009
http://www.c-s-a.org.cn

	1 传统目标检测
	2 模型评价指标
	2.1 数据集
	2.2 性能评价指标

	3 基于深度学习的目标检测
	3.1 两阶段检测算法
	3.1.1 R-CNN
	3.1.2 SPP-Net
	3.1.3 Fast R-CNN
	3.1.4 Faster R-CNN
	3.1.5 Mask R-CNN

	3.2 单阶段检测算法
	3.2.1 YOLO系列
	3.2.2 SSD
	3.2.3 RetinaNet


	4 发展趋势及展望

