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REAREL , NEASK K] )7 FE I A5 8 38 0 B2 AR B 5
PESE , JXEAE B ARSI A A 2%
B AR HE PASCAL VOCChallenge HEF 7457, 52
BRI T SR PR BE 2% 2] HOR R RITE KR o3
AT 14 = 0 4 S PASCALVOC 20127 F iy
FEPFIN L 3 2800y BL il b, #Ah o3 A 1 BRI
BIREmS JIRJERESE SEBLER AU TR R M
TR AR S R RSN,

ARSON PR T Lo G B o > BB JEAT T 45
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NI AT Z AL, 70 AR S AR 2 i, 38
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(1) Az

2015 4, T 1 o3 F Y 4 4 ALK 45 (fully
convolutional networks , FCN) f SC#k[ 11 42, FCN
B H— 4> B 25 (pre-trained ) #7328 9 2%, If- 4%
EIEIREE N BRI B R BB R B
7£ PASVAL VOC2012 | HU/5 T 152 & % ( mean
intersection over union, Mean 1U)62.2% [ 328, 4%
596 22 T A ] st A U 0 451531 (simultaneous de-
tection and segmentation, SDC) 51.6% , Jf- H. iz B i}
R MR R BB E o0 F sl i A T Pk & e
e, DeconvNet ' . DeepLab[M] . CRFasRNN!"' . Di-
alatConvNet"'®’ ResNet-38""7) PSPNet" ') 4545 71 £ 4k
PP, BOALRR SRR TESE 2 45 i, PSPNet 78
PASVAL VOC2012 FHUAS T30 2% 85. 4% 1Y)
PERER I, 1 BKJE PASCAL VOC 2012 HEA7 8555 —
Ho

(2) siiEe2d

TREE 5 D HOR WP HAAE T H S B G 1 R EUL
P A] DI S WA 23 ] AT i, N AR T 80
I EBROR AT RE Ty, (AR X il S mT LA S5 4
PR F, H A B ) 7 R SR AR AR T 1 &
BEARAE | N T A 55 I ) AR A 8, T 83 M 2 >
J5 s P DLIATE T A R A 12 R 58 BN 25 1 2ok
P, RIS o SCHRL 19 82 1 4k T A I AE
(bounding boxes ) (Y5 J7 ¥, I 45 & FCN #E47™
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P& (Label) (1 SCor 807 ik A 52 e . SCHR[ 22 ]
WL Web £EIEE K R 5 H Anbr 280 OC 19 L4
A AT ERR S, 50 MR SRR R 1ot J3E 56 1 1% 1 o
ARTR 73 ( discriminative parts ) I 5¢ I ZRid 2 , e
FALFE PASCAL VOC2012 S5iF 4 - 13538 B 3 11
TN 58.1% , M ik 5 iR K 58.7% . L
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T EERE
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(1) i X% FCN

TSR A B2 (FON) A0 MR 2 5T
AT N4 AR ERST, 20 A SOR e SA
2 PR AR RO A 27 ) BRER BB R AL
WL 2 FCN 21 Lo BRI~ TR B T L 2 48,
EHIE TR0 T R S0 AR B HESE « Bl
O FE A 4y KM 4% (4 AlexNet'™' | VGG-Net'™'
GoogleNet ™ 42 UL fiF , 1 3447 2328 F0 /4= it 43
HI L, o Jm R AR R 3 5 PR IR AT UG Ak
SegNet ””) DeconvNet' "’ | DeepLab' "' 4 [ 4& 45 #4 ,
FURARTIAE LY 5 FCN (45 —2, FON 21 T
R IE 8 % (pixel accuracy ), F- ¥ R 3 1L %
(mean pixel accuracy) ,F1J35E % (mean 1U) |, Ji R
IFLEE 2R (frequency-weighted TU)4 TZ K505
2 0 T AL A R RE R B, Ak i R &
LA RFRENL Y (CRE) | 2 3% 4% 4 PR B HL 3
(DenseCRF"™) [ Hh/RELKRBEHLY (MRF) |55 1 4 1F
BERLY (G-CRF ™).,
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(2) DeconvNet

SCHRL13 ] B AR T 3 B4 H B 45 FRU R
2% ( deconvolution network , DeconvNet ) , DeconvNet
B AZ 24, R EFE (deconvolution layer) |
ERAE)Z (unpooling layer) B3 e B R (recti-
fied linear unit) f4 i, %5 & — 8 K11% , DeconvNet 1
Jor A RS 22 A e 70 B 18T i I o X S i i 53 )
KGR — 18 I 26 8R . A TR BT
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Ak, 55T FCN /975 A0 E, DeconvNet Sl T4
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(3) DeepLab
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N S AL ZE RV E: RN 3 A R SN N
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CRF Ak s 145 5, 45 S B 479 %™ . DeepLab
VIR B U 22 2% ( deep convolutional neural net-
works , DCNNs ) J22 (i 17 5 5¢ 4 1 3 1) 5 BB L%
(CRF) %55 2 e IR E A% BE 0], DeepLab i
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TR HEAS A [ ROBE R AR IE B 55 R AL 2 () 4RI
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= =

B3 Deeplab Z&5#y

(4) CRFasRNN

RG2S BRI R AR A PG R
PARBAT 55 HIRZ o I L TR B 25 > AR BR A R o)
REBEN AR N TR, SCHRL 1S ] 51 A
T M ERMEMIE A, 4G T BERE K
2% (CNN) M A PEREHLY (CRF) B [EE A Y
o G CRF LY CNN S22 4L i, A LLid
Ao KLY F2 1o 4 5 o AR 2 ) 4% 3 4 3 39 i
AV R, s 1 5 Ak BE T VR B SR oo i B g
(end-to-end ) i1 25 ¥ 25 W] LA 3] DA 546 iy A 31 e ¢
0%t 4 DR T FUA B 5 2 b B (AR AR AT LA
HRAERE A FAASE R R R R IR LG

(5) DialatConvNet

T Sy 2 2R 1 AR T [l AR 251 | 5 1R
RN, SCHER 16 ] 52 —Fh e 7] 74 4 Tt
AT B 2 A LAl T 5Kk 45 A1 (dilated con-
volution ) 3k RGEH I G 22 RUEE 1Y B R SCfF B A5
ROPER P kGBI RAE R R ez B B
W0 28 R A 34 0 e B e

(6) ResNet-38

TSR LIRS ) e 22 O 245 P A L 22 A 3 sk P WL 5%
JITAfE Sl , RIS R BE R T 1 R 45 A PR BE . fELTRT B
IR BE AT REAS S22 m St i i A T ik . IR ZE
UK E PO 28 ) e At e W, e AT S B b R] REAS 2 A —
AR BE I 45, TR AE Ry VF 22 ARG 05 8 I 8% 1) — >
FEAE . ResNet-38""7J&:— Ty AR LA 5% 9 I 45
UKL . ResNet-38 Multi-scale, 7& Image-Net 4325 % ¥
R 1 T R UL, I ResNet-2001
ResNet-38 [0 2% iR F il 1 HL LS, A0l IR
i ResNets,, 1] H. 545 %50 ) FH N A7
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(7) PSPNet

Gy i G BR A i T i A R 3
AKULAE R AP, SCAk[ 18 ], 8 o 25 (Al AR
DL Rz a) g S A W 4, AN ) XA F R SO
GaF BT XFEEMAE J1. PSPNet S8 &K 44 fil il
453 TR AR HESE . CNN B BE R 19 J2 4 5t
B ResNet-1017" , JR 8 &9 ik BB, L RAEH
B R OSRMEAG A . A/ N B RN A4 4 SRy RR TR 1Y
AU, 5% 1] 3 A5 5 ( pyramid pooling module ) Hifi ]
Ix1 B 5 AU . Bt J5 B9 PSPNet % K J& PASCAL
VOC 2012 HEATA55E — 44 o

3.1 WikHR
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WL, F G WAEIE K — P, R T HEZR AN
Caffe Tensorflow , Theano | Torch . Keares %} & ~F G
AR SR AN L BME A —HE . AR SCIRIE 250, 4%
HE S I A A il 2 ) S PR, L T L
1 EERICE WA 20 B SCER AW, BT A K
PEE5 BT , R AR 8 ME B2 78 0 A 3R AP RE
PAHERESS M Z WA S5 2R . S8 BRI SO, RY
AR IEATR L 7 ) 7, Z 5 B X2 AR Y
DU, 18 24 2R A B AT PRE s 47 AR o
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ARSCrp T A AR B 7E PASCAL VOC2012 £ 56
WEEE F i, PASCAL VOC2012 4Ff The PAS-
CAL Visual Object Classes (VOC) Challenge, PAS-
CAL VOC B AU ATE XTI BN FARS I (14 FE v
AL IR o7 > A AR Bt T s v ) PSR R
Padle, LURAREPPAG R o DA 2005 4F- 2 BL7E A9 4347
LR B HAR B I £ © B4 52 % A6 I Y
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VOC2012 3t 21 A28 5] (WL IR 4) (11530 T &
B, o oI 1E 6929 i, T BRI 43

Horse

TV/Monitor

K2 EEUHERE

GPU-Driver CUDA OPENCV  Matlab

Python

G 378 8.0.44 3.2 2016b  2.7.12

33 TRER

{503 M ¢ 9 1 S 6K T Bl 199 19 OF W %
(pixel accuracy) , Y4t HAS K AN, 1R K I
WA A 2 LA R R 383 11T ek
TVHREEIR, TR B % AR MR =
FRUT e, HLrh 758 2 (Mean 1U, 47 1935
L R Mean 10U) 2t 1 98 (0 P REAF 195 b7, &
P42 22 o 25 T A 00 0 o B R (i
ny FARAHH | WIRFSHH | AR, 0y TR R
FIRIEAEC, 1 = ) ny FRk0 i ARERCH
A BRI A

o GEEHRF: S 0/ o,

o VG EIEHH: (1/n,) Z inii/ti
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o FHILER: (1/ny) > n/ (4 + > ny =
n;)
I TE SIS
(2007 > g/ (6 + > ny = ny)
BERIEFR CEERERIER R P50 E R B
FINAL L B AR ABINERE R TN bR . &R

TIRPERER LI 30 BRILZAh, B RLAY Sh AT R0
KA FIGTIRSREE RIS 5, 3R 3 JBn T 4%
AL 52 B — R0 B SFE I LA LAY 1) e J=AE
20 S U T S i s 5 o, r Boli e SR
A 5y D AB T 5 038 MBS d5 i S 70, 0 BB iR i
B HE RO

®3 HERIMENEESH

FCN 0.90 0.81 0.71 0.90 0.14 CF PTH 5 2
PSPNet 0.95 0.89 0.89 0.92 1.25 CF MTL 4 3
DialatConvNet 0.91 0.83 0.74 0.86 0.39 CF PTH 4 3
CRFasRNN 0.94 0.86 0.79 0.90 4.63 CF PTH 4 3
ResNet 0.94 0.89 0.80 0.90 0.39 MX PTH 4 3
DeepLab 0.95 0.86 0.78 0.90 0.23 TF PTH 3 1

YA, P2 52 B R BE L M S AR Y
PEfE. B RLE (FON) BR R 3R BT R LR
WIS R R VIR A BB R S A R
B, AERT SRR 0 00 AT BE RS IR R,
2 U B3 50 B R TR S AR T2 o T
SRR AL LATE 1s ZeAq sg il Lo BT 55, G ple itk
H AL A% 3RS Bl A HEEAH X #2 K . CRFasRNN iy
T MR BB RURE IR SRR, AN & S
f£55 . felt i BLAY Caffe J2& T IR 7 I HESL, Py-
thon 1 T HL5) Bk K o) PRI 1 2R AT S BT
o AEARH AT S B 0 28 X L 5 T, A% R AR 22
AR, BT S AR Kb P2 A RS — B, A XU s A 22
5o RMASRTE, 7R SEBR N R b T 2 AT X HARAE
5 AN RIRERY I X B BOA BERTF 54T 55 22

4 % i

RICERA T BRI S BRI T 5, BB T iR
SO RN DT B 26, T 2 b 1 2 T IR 2
SRR A oI5 R SE PRI TR R A S B
B TREES IR 4 10y PRLAGE SCo3 3 AU A

TR DR R R — 2P R . AR
R R U T —E I (AT NG B F 2P,
RAHT BB LLR 3 AN (1) YR K gl 4 %
Z o WP HEIFT B RIARTE T EORE 0 BB R P, KL
PESRAIRIE 120 ) B, AR OK A RE 2ol i 55 M B 11 2k
FHENZE A, EATIAS REMARAS L figg e [, (2) 28K
PACINXE, B S ROR 2 2 s R s kAT, A
T WA O FZ TS TT 18] (3) BEAUA5H
B PR BSR4
O3 BEAT BRI AR A5 1 DRI, 2354 40 e 2%
18, 3L A% 27 > A e
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Survey of the deep learning models for image semantic segmentation
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Abstract

The concept that image semantic segmentation is essentially the dense classification in pixel level, as well as

its core position and practical significance are interpreted. Then, the commonly used classifications and latest

achievements in image semantic segmentation are comprehensively reviewed, and for some deep learning models for

image semantic segmentation, the pixel accuracy, average pixel accuracy, mean intersection over union and fre-

quency-weighted intersection over union on the PASCAL VOC 2012 dataset are compared in detail. Meanwhile, the

models’ other performance indexes including the average time-consuming, program framework, language used,

code readability, difficulty of deployment are shown. Finally, the developments of image semantic segmentation are

summarized and discussed, and the challeges facing the models such as lack of training data sets, difficulty of pa-

rameter optimization and single structure are pointed out.

Key words: deep learning, semantic segmentation, PASCAL VOC, convolutional neural networks
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