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Image Semantic Segmentation Algorithm Based on Deconvolution Feature Learning

ZHENG Fei, MENG Zhao-Hui, GUO Chuang-Shi
(College of Computer and Information, Hohai University, Nanjing 211100, China)

Abstract: With the development of deep learning, many complex problems in semantic segmentation tasks are solved,
which lays a solid foundation for image understanding. The proposed algorithm highlights two aspects. Firstly, our
algorithm fuses multi-scale features from different levels of deep convolutional network b?y qsing multi-level
deconvolution network. Then our algorithm upsamples these feature maps by deconvolution, meanwhile zooms them up
to the original image size to predict semantic categories pixel-to-pixel. The second one, we propose a new method for data
processing which is batch centralization algorithm, in order to improye the perforrﬁance of network structure in this study.
Through experimental verification, the mean IoU of semantic segmehtation on the SIFT-Flow dataset reaches 45.2%, and
the accuracy of geometric segmentation reaches 96.8%. The mean IoU of semantic segmentation on the PASCAL
VOC2012 dataset reaches 73.5%.
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Long 25017 2014 454 (45 B A M2 M 2% (Fully
Convolution Network, FCN), #& % B 2% 218 X 4 E| TAE
MIFF L ZAF. FCN 2 —AN 0k # g UG 3k AT 1R sm 4 % i
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ROCR. SR FCN FEIbAL T 72 25t il 5 B & 2%, AT A
Fishe 2R 10 VGG W48 1) 5 Ji P AN AL )2 25 4,
RIERKAL R ERZE BB kB E (Dilated
Convolution), X 5 7 A F4 7k REE I ik B RUE K
PRAE X 265 1) Ja% 32 B AN 52 52 e, DT B RV S 1 1) 1
% . Chen S5 7E 15 X 43 ) TAE A Wy st flsic ik, &2
AP T ZRRRASI T % Y1 ) DeepLab vt
A DeepLab v2!" =B T = ATk, 1 JeH A LB

(Atrous Convolution) SEILIZ 4 2 125 FE U, H k42 |

Wy L2 ) & F AL 7Y (Atrous Spatial Pyramid
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2 A5 25 F0 A 2R @T%ﬂ*ﬁéﬁﬁ?ﬁﬁﬁi%ﬁ%%ﬁé%
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WAL IR 2 REZEME UE R, 7 R 4%
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FRIURHIE (1) 73 P, 8IS w7 LB BRI HTRG T 5 FE I
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BRI T 180 AN PR 2 B Fr 2R B, T 2 MRHAE 1B
2N Fr, X BE) B SRR T R R, 2011
Zeiler M D Z5UVSHR T 10 S B AR 0 468 FH oK 2 T &y
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JAMZ G, Y FoR BC RACHRSS s, RN
K AVBEAR, w, WL b2 /MR TE B2 TE AL
. f{x) £ Sigmoid BT FRE, FICF S e 28 70 4\ 19
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3x3 [ . EIEH 21 1 i E/E, Deconvl-5-
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A J5 T B — 2 S AR 00 4, 44 A P I 1 5
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VOC 1 21 235 SUPREE. BG4 21 SRASE B th A x
Wi B 15 Z A%\ Softmax 2 HEATIE KM TN,
I FE T 000 46 SR AR 2 v B B 4 ARk R B A R

m K

- D0 =50 oe(Pra ) + Ziap
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4 1 A0, 3 B ORI AR 22 (0TI, 45 A P,
(x0), FHR b, w FoREHE R (h, w) FIRLE, 0 TR
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H A S0 (5) AT LA Hh 05 24 S PSR 52 -
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4.1 HIRENA

AT S5 A5 FH 3 1) #iE 52 PASCAL VOC2012
F1 SIFT-Flow.

(1) Pascal VOC 2012

PASCAL VOC Bk 852 ML 3 %5 1) 43 S5 105 A
FRr U PR — > IR, S pE TR AR R A ) M e
78 5 T A9 4R AR VB I 17 f R 4. PASCAL
VOC £ HE 20 MY 4.

B bR B R AR 75 AR 2, fH R
Ao B A EUE o B RAR 5. 0T A4k AT 55,
VOC2012 HFIIZREE . SiFAE AN 5 vOC2008-
VOC2011 FIRTA XM B X T EG 3#I14E 5%, VOC2012

(YIS RBESE AL & VOC2007-VOC2011 FIFTH
Fr, MR AE H AL A VOC2008-VOC201 1. F 143 FME 5%

HIbr 2B A B2y, H— i 7 ¥ (Semantic
Segmentation) i = MEZ 231, W 6(b) i
Ty Fo R S 4 % (Instance Segmentation) #riE: Hi 4
—MEEBET— A Gl 6(c) Fior.

(a) IR

(b) X (c) =B H

Bl 6 PASCAL VOC ##fi4:

ST FE R 5 R T 55— A2 25 0, il
S AR SR O 45 0 M8 R ST

(2) SIFT-Flow ¥(#i% | *

SIFT-Flow i 61 5 2688 K B M, S AF X4
Mo TR R, EE. EAME RS, Kby
i SUAY BV LA 43 2R AR 2. 1 XA B RR 2 0 R
AR 133 5% 33 M, LT EIRFR-1 %
TR 13 IR R AKTRER. WE 7 T
TR, T A o ot R P ) RN AR T bR
BT RR, 28 RFRRE, 6 RonBH, Eilid
Matlab 447 % 8 57 k.

42 HORFBPIOMCEESL
AL et b e EE (BC) R, Sigmoid
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BR B BB ME B B 50 o 1O 0 B X B R HE R R R
WEHL =1 4G, LL 0.25 (5 KT 2 Rk, 7
PASCAL VOC2012 % #54E L& RunlE 8 fiw.

(a) IR E

(b) X HIbRZE

\ Y8 7 _SIFT_Flow %#iitk

) |

80

70
60
50

40
1 15 2 25 3 35 4 45

B8 o U HETR R ) 5 )

] 8 TN, a=3.75 I AR SO I HE R 2 e AR,
BRI 5258 o BUE SN 3.75.

AR E A0 fE (BC) ﬁ?ﬁﬁﬂiim%ﬁiﬂ
I HERE. 72 SIFT-Flow A1l PASCAL VOC2012 14
L v 2 ALY S S R P I
ReLU 1 BN A7 UGk, F oK 9 4% 45 14 P ) ReLU Fl
BN f 2 BC AL BT I 4. BANIRL % 1
Fir.

F1HEE T REMH BC BIEN A E X5 E
SRR A HER 2, B R A3 B8 BC Lk
3 5, 4 254 (R PE R BE 4T

#1 BCHERIESR
Hmse SIFT-Flow PASCAL VOC2012
A H: (ReLU+BN) 41.8 70.3
AL (BC) 452 735

4.3 IBMNOEIXLE

AT Bl A SCSHETE SIFT-Flow A1 PASCAL
VOC2012 M4 ErvERe R I, DL RS HAR R %
FRIRT b e 45 .

S TEBE4E SIFT-Flow b iE4T X HLSEE, BRI
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AR SRS T B S EVR LA o E B R AR 2, BT DA
BAVHE X PRI 55 E AT IR AR ST A AL, g AN 4
RS NI GE . BUEEMNKE, NSEEQE
1612 K 7, BIFE RS 806 5k B fr, Wl £ 5
270 KB . A Caffe HEZESCIL ] 5 1 9 2% 45 1), 4%
AN 8] 4% 2 St o 3 P 45 40, FE B3 4 SIFT-Flow H B
JT 572 256%256, i N\ 2 W 28 s i A7 0 5. IR 4
T /N EBENLER Z T % (Mini-Batch Gradient
Descent, MBGD) $.i2:, i1 #2251 %y 1107, 1E 35
ZH 2 BN 0.0005, & (momentum) W HE N
0.99, batch K/NKEE A 5, EAZR 150 000 VK. 7EAH A
B 4E BRI Liu SPI057% . Tighe P4 52k

Farabet 251 [{1 57 L & Long 252 H ) FCN-16s i

ATXFLE, X R 2 B 45 SR BEAT 70 8T, WK 2 Bss.

F 2  SIFT-Flow | SEia 4k st e
ik Pixel acc.  Mean acc. I\;Iean ToU  Geom acc.
Liu 251 767 4 "
Tighe £+ 78.6 39.2 90.8
Farabet 252¢! 785 29.6
FCN-16s* 85.2 51.7 39.5 94.3
AL 88.3 53.5 452 96.8

SIFT-Flow _F [{i#5 73 %1 (b [a] 3843 A0 LA 231
(CHILER5Y) W26 45 B2 HOT /. Hoh Pixel ace. 4515
XAy B HIAG F T 2, Mean ace. 35 F B %, Mean
ToU H8 [ 2 AN A 15 S AR 0 vHE B FE 1 °F 2448, Geom
acc. 48 J LT 2 B G = HERf 2. o] LU A SCRIATE 1R
Ay ERG R AER R IE F 88.3%, JLAT 4 E] 4

EHEFIZRIE T 96.8%, R INELT.

FI7E PASCAL VOC2012 #i#fi 4 b ibq7 skhy, 1%
B 1747 RVNZRAE. 874 TR EBATA1 165 TRMRIE.
{5 Caffe HEZRSCHRIE 5 HOIFISS 45, Sels B 18 1 5
2R 500%SO0NIN B 4% 347 Y| 5. Y Zirh 473
K/ BENUBR S T FRENE, 213, @S i,
batch K/ LB AR I E A 13107, 0.0005
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