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Abstract Object detection is one of the fundamental problems in the field of computer vision. Currently, supervised
learning-based object detection algorithm is one of the mainstream algorithms for object detection. In the existing resear-
ches, high-precision image labels are the precondition of supervised object detection to gain good performance. How-
ever,it becomes more and more difficult to gain accurate labels due to the complexity of background and variety of ob-
jects in a real scenario. With the development of deep learning,how to receive good performance with the low-cast image
labels becomes the key point in this field. This paper mainly introduced object detection algorithms based on weakly su-
pervised learning with image-level labels. Firstly, this paper described the background of object detection and pointed
out the shortcomings of training data. Then.it reviewed weakly supervised object detection algorithm based on image-
level labels from three aspects: image segmentation, multi-instance learning and convolutional neural network. The
multi-instance learning and convolutional neural network were comprehensively illustrated in several ways like saliency
learning and collaborative learning. Finally, this paper compared mainstream algorithms based on weakly supervised
learning horizontally and compared them with object detection algorithms based on supervised learning. The results
prove that weakly supervised object detection algorithm has achieved great progress,especially the convolutional neural
network has greatly promoted the development and gradually replaced multi-instance learning. After taking fusion algo-

rithm, its accuracy rate is remarkably increased to 79. 3% on Pascal VOC 2007. However, it still performs worse than
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supervised object detection algorithm. To achieve better performance, the fusion algorithm based on convolutional neural

network is becoming a mainstream algorithm in weakly supervised object detection.
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Fig. 1 Object detection framework
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Fig. 2 Comparison between supervised learning labels and weakly

supervised learning labels

P 2 v, e A1 R B S HE 7R MR IR AR o il (9 1 HE 7R
FG, T R R UG I A TR il B 2o 8 i T HA4 H
FREPREE (Y 28 iz Bl 0 528 B AR S N s %0 B ZAT A
— R 5 M 2(b) I A X 78 B BEAT AR 1 AULEE T %
FA R R &L AR RRZE P& EARN
FRZE R AL AR HAR) . Felzenszwalb 550 ¥ 40 /- 28
T el 22 7 A5 25 20 N ) E AR A AT . 2R LT R B A
T e 32 XS A T L 20 9] 2 > B A I G SR BRI T IR R

CER AN, Wel SFUY LSS T OC T8 MBS T AR R
FRNFETL . M Ah R 2 R Sy X 2 I A A DL A £
ABIEES] . Wang PSR T — ROk i BRI R — R S
BB R A EORNIE AL e B S R K. Bilen
DT T S S HE R AR, O HL A R AR E B AR X
B AR BLBE

JE R ZHO7 0 55 B 128k 2R B2 3 B & £ R
B2 ) 2 AR PR IR, AR 2 2% 38 I & R FR A Ak 1
[F) R, PR o 28 RO 45 SR AR KRR B B BRI TR A AL i i ol . —
B T K R Z R R LA . Kumar 55097 $2 H 3%
J2 L PR R AR il A B0 00 b A g I 2 4R TR i B 2B 2T SR
Deselaers %V il 23 H 45 13 40 2% X B b5 X 38 3k 17 91 46 1k
Cinbis %57 $& H 804 45 1) £ 0 4y B A AL, ik T R R AR 1L
7 575 — L 7 0 2% 3K A% e 1 U4 Ak 18] ST, Cabral 4507 48
BB 1] TR AN TR 43 18 AL, 3 sk 3 R O kT DUOKE — Tk
& 227 JCN TR] 9 o A 286 ) A0 S 48 2, T S 1K Bk 8 AT
k.
2.2.2 ZHRENRFIN L THENEE

B B AR IR S — R A e R LR 7E R TR AR
WP BEREEMER., TINS5 Tk
SR S o OOPLEDS ER AT R T E B R
3PIR,. TXF B 4,24 AANTHE Bk Tk B R A S B A
TR T B AL IR Ao B LI AR AT g T LA Rk e i B
AL e 1 DR o IR M 0 B R . Oy TR AR — R B
Ty B AR OO MR IAT A R R T AT W
2310 B AR A I A AT S F A A A SR A E B
CPIRTE A (R oAl IRV b 8 & I i DAl SR A I /S
S FE X R X SRR AT Y e Ak AT A5 3 B A X 0. W3
PR 3T (4R B R Hb AR FE T 55 B A 30T B ARSI A R

3 B E AL

Fig. 3 Sliding window mechanism

Bl 4 PLoE R HL]

Fig. 4 Visual attention mechanism

THRHLTE A A o 10 2 90 B B A B9 1 D0 T Ak 2R — i 4]



52 i BN R

2019 4F

A RS LB R T R R SR B PR BT, O TR 5 Z ARG
PRI, A1 23 T M B 2 0 1 5 2ok JE UG R 19 B 5 19
AESE AR . R0 25 PR R A 7 7T B A5 3 JL B 3K 2% R
B DXk, 38 Ao sk 2 X 4l Y W 2= ) e 2] DLk B H bR 1Y i
HE ., Navalpakkam %50 $8 1 38 a3 2 > B R 19 B bR 2 S 4%
HERTE BURFAE ], PR X SE R AE 18 B R I b AT RS RS
T R AE B AL R AT A5 3 8 K. Borji AFTVFE T
Bfill BT —AREE S5 A TR 2R 2 R AR A S PRAE O 8
it AR R AT B B AR RO B, Shi S04 A R
R ZhRic ) R W 2 S R A S W T S S KRR
TR TS G 0 O A

S 4 o 2 PRI A R N RO R R AR R 4
O B K LR B AR A R AT R R, 4R B 5 ] R
] Ay 2 M B AR X R, Teed 07 42 Ted AEAY Gl o 168 7
) FI5E B 3 A FRAE XS R HEAT 43 )2 T 50 [ R AE X R 119 2
2 DX, A A A A B f 2 g5 R ST IRHE SR I 5 BT
Teti AR S B 4 1 0% A0 5 1 B AL 2R 0 UG AT 2 A4
AIE 30 3 R0 22 RURE 19 43 iRt 9K 0 3 2o i O A B AE 18], B S T

ARSI AR R R BTSN AT T
BRIRIARE . Tsauro 550 Se Hi2 UG R4 98 J5 i i
SRR AT AR T 2 A e ) — AR A5 2 R R
FE L Hou S50 4 MK 550 e o 0450388, of Pl A0 1 40 3% i
30307 - LIS B G TR 50 0T (9 35 180 DA <52 300 P AR A DU
Goferman 555 5 e 19 81 PSR 8 LA B 42 Jmy 1) 3 16T, SR 1
G55 JRy I .2 T AT 14 DX R4S 300 T LA R IB145 37 B A DX ek

e o 25 5 27 ) 2 2T AR O s MR B O Tl I 22 LB
RO e 15 B ST KR . Wed SEUVA O
AN 2 T B B R TSR 2 () i T Y T 9 2 [ B R
Andrews S5 F I St (9 325 0] LR 2 7R ) 8 77 15 %R
BT B, I 15 U 25 SR ) B HLEAT 25 A, Chen 450
R FETARABh P A i e A PR P IR B 80 1 o 2 0] O ELAEBR TR
HETUARGE B LD 7R AL e i 324 ) LAY R Al L 4R
KI-SVM. ¢ [ B A — Ao 48 A ), O 5% A% % ) 7 i itk
1722 . Russakovsky 555 4@ 7 — 4> 23 [] H A2 280 ] o 4]
Wi A AR AR A B OF FE AT S5 A SRR 0 0T . LR T ik
BRAE 55 W 2 ST U TR IOR .

IREALEE
; Y = EE
FREREFEN oy [ L#E %i—ﬁéﬁ

ERIEATEFH

B 5 Tt BEHES

Fig. 5 Itti algorithm framework

2.3 ETEHERHEMENHEBEBRENSE
2.3.1 ATFE—EBRAZEMEGIN%ET %

W 2 Pl 28 090 265 1) A BT 2 R o T b I8 b 3 LA A A R
o REWRESSEARMELTREBF=IN, AREHEN
464 R A Il 4 e S BE 0 AT LA AR e e A 1) R G S T AR
B LWL O %0 BRI R E R AESL . TR 4%
£ 20 3 {0 FEAE AT LLAR G b 5T B B I Atb (4 R AT 55 op L R A
TR 2 0 2% [F) FE 5 T 53 W B 2% 30 . Zhou PR, & )R
- 357 b A 2 S AT LA of 1E T Ak X T A A R GO0 B
ZRIREA R B AR B AR E L BES . B 6 iR, A
T A T 4 45 4 R 4 AR S BUR , HE i )2 2wl A
T &R R O B EAIE RS a2 e R I
SR TT L T HE )2 A R R A AR AR AE A Oy X R 4R
WEE XAk, B ERREE RGP REMT
5%,

B-[0ipo =%

T
CONV

Bl 6 H CNN A4 Jr F 1t fe )2 28 i CAM fyad #
Fig. 6 Process of generating CAM by global average pooling
SR, 052 b 2 T 0 4 BRI 4% 1) 355 B A A ) B v
R () H 26 T 2R 4] 2% 2] [ L. Cinbis 55574 £ 4]
) B R A RAR S 5 SE BT HARSE 7, 25 R AE W 4 7R
P28 W 45 2 S 1 UG AL T L)L T 4 b A 3 IR AL . Oquab

SEUTHR e 4 R AR 2R X I, R B — b B R A T DL A 1T
BT 2 N % 78 & & X B0 i 45 R ok 90 8. Oquab
SRR Z T A LR b, DA RE I S5 v o o T T IR
PR . BEJE 2% AT SO T — A T R B 2 I 445 A
R RH A 5905 245 B B i, JF BLAE Pascal VOC I Hufs
TR . %% Hong S0 MEWUT W45 284, (f H AT
PAZE B E #4525 1) [R) ik X6 7% i) 30 47 HLWE %2 432 . Bilen 455V
T — A 55 M R ARG P 45 3 e 1 B ) % e R % 1)1
AR X, A 2 E MR EHEEAT H R
55 Wa B 2 2 AR T SR 45, B s R 2 B L 5
Z5 HoA 91 LAk S8 A 53 04 B b2 M 3R F R AR 2 1 R v AR
B H AR A7 BRI,
2.3.2 ATERWEMEGaEHE

S 4 U 8 (9 4 B 2 A 55 WA ) R L AT T AR K i
A (H 2 B 4 i S AT 55 RS A5 00 I 5 4R R AT U R Y & SRR AR
AN T B R W 24 20 o Z 00, T BRI 8 I 4% 109 55 1 B
DU 7 44 R A e AR MUK & B AR KOk Rom I . B
SRUL By W BUAR T — 8 MR L AH 2 4 BUR 28 T 46 AL
ASU R 0% 32 DX 35 1 2 AT 3 285, R O AR AR A R T A ]
Dl TEGEA B AR E 0 MR 2405 5. G 28 XY % 218
A L VRIS 38 5 AT A B R MR LT 3 X b T g
A TUA AL E B AR 30T hE 0 B e) B AR, [R] Bt 42 8
TSR 5 2) 1% G0 Y 6 I ASE FRY G 3 358 I T 0 R 2% A TR B R
S 05 WA AL 1 I AR KL R L AR B R R A )
RS i S Pl o LN NG 3 U e 3= Sy R PR L X 2 W ]



>

511 3

Jal /N A < 58 e 2 20 TR R L B A I Rk £ 5k 53

TR JEE S0 2R e 6% T 4 3t B8 30 5 M B AR A 55 I

Il (B g R B N2 AP R O AN R — PR T R
Ayt LT A B A 3 5 B R TR XIS L
SRR RN A A o N BIAR £ ol B 0 2 AT 5
5 SCAER 1A [a] A4 O [ DX A7 2 > 9 T8 R D AL 2
A B A PR T — R M 2R S Rk Rk
A5 TR 25 T 245 1Y AR IR AT S 338 0 40 20 T 26 i A L SRR A — IR
325 U1 b 222 IR 2 L 2 G 3 IR JR) 3 DX 3l A8 T — A 20 B R
SRTEHT I DX, I 2 20 2 R I d A A5 SR e TN £ 2R . %
J7 U5 B A L T R ML O ELAS G 3 U e 2 0 45 i R AU 7R
SR BB TIRKBSRTE . R T 4558 0 F g M 4, 5 W]
PRSI BRI T T R SR PR 0 AR A D RE SR A D T B
G B bR N S A A R R, AR YR AE R
F 4 T 2 P26 R 2 TR 25 P R IR 2 2 M 45, 24 TR
2% T R B IO S PR 1 R TT RE A TE AR A 8 DX I, 8 AR 2
108 4% U P o ) i 328 DX SRAE AT 026 o LA ARNTIE B2 Y T — bl
BRI TR AR B AL B ST R T AT Y
P 3 HRA SR A G I

PR A H R T EELZ e T ER LA
D MBI M MTE SIS BEPD AR, —
AR WA, — A2 B AL G 5 i 2 R UM A
eI ARRDT RN, ZHT R 2 AF AL B BT W
A G I 4% 22 [E] B 5 THT 9 BB AR T A A D R ) 4 R
M T 55 W R & . A T X A (AR, Wang SEE 4R
155 W DA 2 2T (WSCLD HE 28 K 55 i 8 2 ~T 4 5% A o 1
B2 T 46 3 4 G — A Gl — B R 2 TR W
2% 58 2 o I 4l EL A AR AR AR 5 2R L 3 o AR A 4 AT
TERARAE P A~ W 46 19 — B, AT 56 B 55 W B DA 2T . B
PR ST R 4R o BARA R Bt T — N E B R R 1 .

AR
WA Loss

A

7 55 M P [R] 2 2] (Y HE B
Fig. 7 Collaborative learning framework for weakly supervised

object detection

BR T LA 7 IR G T AF B AT 2 3 B T AR T S I A A
MHESE . Tzeng 5514 T — b x4 40 50 80 17 0 v, H 3l
o 18] S TR S e S5 AR e S O A S0 R ISR e 4 2 R K i
A6 AR 58 G 17, DA JR 1 B AR AR ALK 3 R T B b R
T W 5 2 . Tnoue %1% B3 b WGE RS HOR B R (R 5
e £ AR ORe SRR B H R i A O BB 2 B4 PR AR B T
FRicxt B AR 7 A SR BlARTE . i TR A ) B IR
PR B R 7, DRI IHG o 1 45 FRUAT 28 190 2% 1Y 55 M 2% 2 1 B A A
B EMRIRA IR I A == 7]

3 SREEXfEE

AR 30 F BT 2 A I E AR A R R T i

JF#E Pascal VOC2007 548 BT H#E 4T T g, H, Bilen
SECUSR I T WA O, O 1T AN A AT 1 i 4
W2, i 2 5L T B bRl FHE A 8] OF AR R4 T B e 2 ST
Kantorov' V75 45 Bl 5 I 45 (14 36 Ay 138 7 1 F S0fE B
Cinbis %7 R T4 58 (W £ 75 9 2% 2] J7 i s Tang %575 i 1k
T Bilen SR A ik 1 MBS Li SR T — 4
FT 43 AL 388 5 3 B — A Bl 1 9 o 1o A9 0 DX B 1) B 2 20 4G
TAERL ; Jiel ™ A1 Wang"™ 58 5o 45 R 38 18 7F 48 4 22 K Sl 45 21
HHIG T — A T H b 50 bR 2% 04 8 50 3E 77 B VR 2
Tzeng T H Inoue 5570 3L F 3ol 38 B $2 1708 160 it oy 26 5
Zhang™* WL A T 25 B 2 0 4 0 33 19 4 20 0 45,3 5k % 45
HLBE LR T T H A RE

MM AR SCIRAE Pascal VOC2012 i & F¥ L FEES
WEB 24 3 T B ARAG I S AT T 4, BT Tang %50
M Wang™® £ Hi ) 5 Fh 85 W B B b A 5575 DL K FasterR-
CNNE#RT YOLOM™ 75 it 22 B (19 58 W B 24 S J 1k,

3.1 BUEBZFITHIRRNE XML

U5 W FAR R DU = AR 1] T A O 1) — A SR L
R LR B2 3] 255 IR B B 2 W 45 AT L3 0 — 1
W 55 B 5 3R B o L SRR AR A AR AT IMESE S, A
SCETRICT PIAST R bR O 350K 0 R 3 H (mAP) AE {7
HEGf 28 (CorLoc) . BN 2 ARG I ASE 80 ey (g 4328 R Ao 4 75 22
HEATITAS EJ A BUR AR T g B R R 2800 B9 R [\ B s L BT
ARG 43 25 [ 380 o 4 s o B S R A B A A6 0 i) f8E 1 L %
FATEEH mAP, BbAb, 3 T 55 MB 2= >, O %A 4 1 H ks
B3 FHE 9T L CorLoc 2 87 12 4G ) 45 SR 19 T2 B2 o

1B T MR A 5 B AR I 5k T 3
R0, P BRI 4 B O vk S B A 5 B AL Y L R ] 4
5 1 R SR FH 2 A S HEATUME 2 20 0 SR B A 1 g 2
B 35 5 B R 3 (H MK IR 2 34, 9%, 36, 3%, 27, 4% LL K&
41. 2%, iR T BpE 2 20 77 2 45 2 39.3%,39.5%,
A1. 7Y 48.3% . J& 2 i )2 2 F B 7 A A ) R0, HL 4
BRI 27. 4% H 55. 4% . )5 —F L RKE TEZM
B LR ARSI T vk AR 79. 3%,

SESEFRA LT OMESE S O U5 L 59 0B B AR I Y 45
RGBT B MR, DICERL61 ] B A SN 4 FL N
B, FC AR R TSRS A A (9 4 B 48 4% 25 1 mAP
34, 9% ABRFETIA T H AR FAE A A 8] OE AR AT P AR
25 RIKET 39, 3% MEREAF R T TF. Tang fi
b7 Bilen B M 4% 2548 . mAP i 41. 2% . X MR B &K 7]
TUMESE T MR HE T T B AT A AL 59 W B bR A T Y
K. Wang 76 Jie B B fill FoWr 25 RARF T 6. 5%, Tzeng
P2 T 5L T B8 R A X BT R 45 AR L R T 5 A bR AT B R
T I A5 L5 0 R 8 T 27, 4% H H X5 i Inoue %5 2
H R EM PR T — € W52, Inoue 55 BT 428 5 1 19 7 B RS
PR IE RSN T 55, 4%, 78 2417 38 T 04 55 W B R Iy 2k b B
14 TR LS . Zhang %548 4432 )2 0058 AL i) AN 45 BUE 22
W 2% A Rl A S B B R E A B T 79, 3% . WOR A
FEA 5 Y 8 M 2 3 O Ak F R — AN KOF-



N N
54 i BN R 2019 4
2% 1 Pascal VOC 2007 |85 80 2 10 LL %8¢
Table 1 Comparison on Pascal VOC 2007 test set in terms of average precision
A 20)
Method aero  bike bird boat bottle bus car cat  chair cow table dog horse mbike person plant sheep sofa train tv.  mAP
Bilenm” 43.6 50.4 32.2 26.0 9.8 58.5 50.4 30.9 7.9 36.1 18.2 31.7 41.4 52.6 8.8 14.0 27.8 46.9 53.4 47.9 34.9
Kantorovl®d 57.1 52.0 31.5 7.6 11.5 55.0 53.1 34.1 1.7 33.1 49.2 42,0 47.3 56.6 15.3 12.8 24.8 48.9 44.4 47.8 36.3
Cinbis[37] 38.1 47.6 28.2 13.9 13.2 45.2 48.0 19.3 17.1 27.7 17.3 19.0 30.1 45.4 13.5 17.0 28.8 24.8 38.2 15.0 27.4
Tangf-hﬂ 58.0 62.4 31.1 19.4 13.0 65.1 62.2 28.4 24.8 44.7 30.6 25.3 27.8 65.5 15.7 24.1 41.7 46.9 64.3 62.6 41.2
Bilen-61J 46.4 58.3 35.5 25.9 14.0 66.7 53.0 39.2 8.9 41.8 26.6 38.6 44.7 59.0 10.8 17.3 40.7 49.6 56.9 50.8 39.3
Lil67) 54.5 47.4 41.3 20.8 17.7 51.9 63.5 46.1 21.8 57.1 22.1 34.4 50.5 61.8 16.2 29.9 40.7 15.9 55.3 40.2 39.5
Jiem(ﬂ 52.2 47.1 35.0 26.7 15.4 61.3 66.0 54.3 3.0 53.6 24.7 43.6 48.4 65.8 6.6 18.8 51.9 43.6 53.6 62.4 41.7
Wangu‘U 61.2 66.6 48.3 26.0 15.8 66.5 65.4 53.9 24.7 61.2 46.2 53.5 48.5 66.1 12.1 22.0 49.2 53.2 66.2 59.4 48.3
Tzcngiss] 20.1 50.2 20.5 23.6 11.4 40.5 34.9 2.3 39.7 22.3 27.1 10.4 31.7 53.6 46.6 32.1 18.0 21.1 23.6 18.3 27.4
Inouel®®] 50.5 60.3 40.1 55.9 34.8 79.7 61.9 13.5 56.2 76.1 57.7 36.8 63.5 92.3 76.2 49.8 40.2 28.1 60.3 74.4 55.4
Zhang'®*) 90.2 89.0 93.1 88.3 48.2 79.3 93.8 86.4 60.3 72.5 71.5 83.2 90.1 81.2 90.6 59.2 78.4 65.3 91.5 73.6 79.3
Hi# 1 Al %0, 7E bike,bus,car,cow, mbike, tv 0 | £ T LA LR A o B O HR A% 0] B () A 2 X A 4% 2R 3 AR
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Table 2 Comparison on Pascal VOC 2007 test set in terms of correct localization

(AL )

Method aero bike bird boat bottle bus car cat  chair cow table dog horse mbike person plant sheep sofa train tv CorlLoc
Bilen 6] 65.1 63.4 59.7 45.9 38.5 69.4 77.0 50.7 30.1 58.8 34.0 37.3 61.0 82.9 25.1 42.9 79.2 59.4 68.2 64.1 56.1
Kantorovt®) 83.3 68.6 54.7 23.4 18.3 73.6 74.1 54.1 8.6 65.1 47.1 59.5 67.0 83.5 35.3 39.9 67.0 49.7 63.5 65.2 55.1
Cinbist*7] 57.2 62.2 50.9 37.9 23.9 64.8 74.4 24.8 29.7 64.1 40.8 37.3 55.6 68.1 25.5 38.5 65.2 35.8 56.6 33.5 47.3
Tang[%] 81.7 80.4 48.7 49.5 32.8 81.7 85.4 40.1 40.6 79.5 35.7 33.7 60.7 88.8 21.8 57.9 76.3 59.9 75.3 81.4 60.6
Bilen61J 68.9 68.7 65.2 42.5 40.6 72.6 75.2 53.7 29.7 68.1 33.5 45.6 65.9 86.1 27.5 44.9 76.0 62.4 66.3 66.8 58.0
Lit67] 78.2 67.1 61.8 38.1 36.1 61.8 78.8 55.2 28.5 68.8 18.5 49.2 64.1 73.5 21.4 47.4 64.6 22.3 60.9 52.3 52.4
_]ic[m] 72.7 55.3 53.0 27.8 35.2 68.6 81.9 60.7 11.6 71.6 29.7 54.3 64.3 88.2 22.2 53.7 72.2 52.6 68.9 75.5 56.1
Wangl®)  85.8 80.4 73.0 42.6 36.6 79.7 82.8 66.0 34.1 78.1 36.9 68.6 72.4 91.6 22.2 51.3 79.4 63.7 74.5 74.6 64.7

3.2 BHUMEBZIESRUEZEINLE
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Table 3 Comparison between weakly supervised learning and supervised learning

(AL 2 00D
Method aero  bike bird boat bottle bus car cat  chair cow table dog horse mbike person plant sheep sofa train tv  mAP
Tangf-im 58.0 62.4 31.1 19.4 13.0 65.1 62.2 28.4 24.8 44.7 30.6 25.3 27.8 65.5 15.7 24.1 41.7 46.9 64.3 62.6 41.2
Wangu‘U 61.2 66.6 48.3 26.0 15.8 66.5 65.4 53.9 24.7 61.2 46.2 53.5 48.5 66.1 12.1 22.0 49.2 53.2 66.2 59.4 48.3
Zhang'®*)  90.2 89.0 93.1 88.3 48.2 79.3 93.8 86.4 60.3 72.5 71.5 83.2 90.1 81.2 90.6 59.2 78.4 65.3 91.5 73.6 79.3
Renl!3] 84.9 79.8 74.3 53.9 49.8 77.5 75.9 88.5 45.6 77.1 55.3 86.9 81.7 80.9 79.6 40.1 72.6 60.9 81.2 61.5 70.4
Redmonl 17 77 67.2 57.7 38.3 22.7 68.3 55.9 81.4 36.2 60.8 48.5 77.2 72.3 71.3 63.5 28.9 52.2 54.8 73.9 50.8 57.9
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Fig. 8 Visualization of detection results of four detectorst
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