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Abstract: Due to the large amount of information loss generated by traditional SegNet model during the sampling process, it cau-
ses the accuracy of image semantic segmentation low. Therefore, a new encoder-decoder network structure with fusion residual con-
nection is proposed. The multi-residual connection strategy is introduced to fully retain a large number of detailed information con-
tained in multi-scale images, and reduce the information loss caused by sampling. In order to further accelerate the convergence effi-
ciency of network training and improve the imbalance problem of samples, a cross-entropy loss function with balance factor is de-
signed, and the imbalance phenomenon of positive and negative samples is emphatically optimized to train the model more efficient.
Experimental results show that this method solves the problems of information loss and inaccurate segmentation in semantic segmenta-

tion, and compared with SegNet model, the fine labeling mean intersection over union (mloU) index of the network on Cityscapes

dataset is increased by about 13%.
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B M2 W 4% ( CNN, convolutional neural net-
work) "R — R N T2 ML, HA LR —FE A
L PR B 7 TR B0 ) T RE D, A G RNE A R O T
T LA TR A 0 2 R, A AR ) R e B T 2 6
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2. BRI R 3B AE AR AT FRAE 42 BCLL SRR AT B 5
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B LMY ( FCN, fully convolutional networks)
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BT PR EETT LIRS BT & e, (HFE# S 8T
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A PR R EE AL E .
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R, EREx FRAEE W EGR#ETERLE, EEY AL
MITEAR . AR DR 40 B 45 o 00 9l Ak J2 55 9 0 4 /0N 3 81 4
WK, RALAS A S AR N B REEZ . BRE.
A2 P S RelLU 2, oo bR AR 2 H A48 AF 0 X i
UNGHESENRED GNTE YR 2 NS R A ES R €1 X TR K A
EMBRRKRBINLERA, HAMAEY R 0, D& 0 54
B3R B soft-max 4325 4%, X AR R BEAT IS 40 2K
T £ 43 ) 45 R0 N TR R MR R AL B B R R 25

SegNet Q1 Z AL TE T iR T a5 B Be iy B RAEZMEH T
YT o By B A )2 1 e K AL R 51 R 47 /e fk . 5 FCN
PR X A 4 (B AT B SRAE Iy U b, Rt A B4 R
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B AR R O S0 R ple . BRI UL, G SRR R % R R 3R AR A R 5
L2545 (0 F 28 SO0 2% bR B, U0 280 20 SR O i B 2% )
SE, WCRBBIHOR RAF, F50 BUE R,
WRUER A LR 2 A% (CE, cross-entropy loss) 1°F
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- J¢i if(y = .1) N
1—p otherwise

P ekt s Xk A~ (B-CE, balanced cross-

entropy loss) T :
CE(p,y) =—Blog(p,) (8)

FIAPAi R F 19 38 SRS B 2R BB B, A2 W S30% b LR
PRBCE R, EERAEA Y E AR BB R B AL
ORI B Eh 0, R R AR I SIOOR A3 2 T 32T
3 XREREHM
3.1 RWIIE

KK R S N Windows 10 professional, 24 GB
RAM, ki3 £84 Intel (R) Core i7- 8750H, 2.20 GHZ,
GPU i NVIDIA GeForce GTX 1 060 6 GB, L& &N
Matlab 2018 b, 3&F MatconvNet Fll visual C+-+ 2015 #& 2
TRBE 2 2] AR, BRI ZR AN U2 B T cudad. 0 5 Y
GPU #kg .
3.2 EMEER

IoU (Intersection over Union) M4 A3 H ., Bk
i WU g 10 A LS ARSI RG22
HiT H AR L3 SR 5T 5l T IR 48 Ar . ToU Jg — 4
B RS B AR e, HERTE S P A A 0 Y
AL H T LU ToU SR &, 52 3F Hory 02 & SCIn &l 4 Bis
BRI LR R RS B R e iR, MIE
1, ROFROMRS B bk . IR IR AR R

_area(C) ) area ()
U = area (C) U area (G) 3

— A E . 0.5 JEIEL, ok ) U I A s B HE A OE
. ToU My, o1 AHEBORH ,

k614 51 4C

Bl S

FSLIA ARG

B4 It IR & X
3.3 ISR 54 H PASCAL VOC 2012 #iE &

LR N 45¥ B 7R 78 PASCAL VOC 2012 54 bt 47
STUR Y AE R, S & 250 ToU BB S5 31 5 43 BT A BE BILAE
A SEREAT . I APEAR 36 A5 A0 98 R0 W 7 1E 4 T LT
Aili I BT P 245 285 ) 1) A S50 R Sl 1
3.3.1 BB AN RSHORE

PASCAL VOC 2012 &}y 3 A5 E 2 — . B S5 5
B Rt 17 125 3k RO B AR v B e xF ki, Bg
53 B 45 XF L S 56 55 R AU 850 R AT Al o g 59 39 B . Pascal
VOC 2012 B4 45 £ %0 90058 4% 55 o W B 2 ) 343t T 4R 2 4K
W, EFREH4AAREHN, FAEA FRIY. KEBEE
W, BARAMG, AT A2

1) person: person;

2) animal. bird, cat, cow, dog, horse, sheep;

3) vehicle: aeroplane, bicycle, boat, bus, car, motor-
bike, train;

4) indoor: bottle, chair, dining table, potted plant, so-
fa, tv/monitor,

BeAh B X RO R SR T & TS RO E R 1T
AN R S 58 A BE LA L . 7E 2% I R SR R B B
T BEALAS BE R B AR i fb i, 2 2 B sl i S50 N

0.1 %1 0.9,
%1 PASCAL VOC 2012 ¥ii 48 2 5L s

2R B
UENCECSenvd 5717
Bk B R B/ 5 823
D3 B B 28/ 1 000

2> & (learning rate) 0.1

D) h=s 0.9

HAR EBR Cepoch) 200

3.3.2 USRI LS
M 2 fiR, NAJ . SegNet 78 PASCAL VOC
2012 $ade By B R B, WTLAE W, A T H Al 6 Bl s
W ARITIRERSEIRG R R, HAP Bird 5 7 Yk
I 90%, 13 K Y ik | i 80% . mloU ik |
80.81% , AHELTF SegNet #7124 8 M H 4F i
22 PASCAL VOC 2012 i 4 & 25 51 ToU

3 =
VNS SegNet

Aeroplane 92.71 89.9
Bicycle 60. 33 39.3
Bird 94. 05 79.7
Boat 74.94 63.9
Bottle 82. 86 68. 2
Bus 95. 10 87. 4
Car 88. 54 81.2
Cat 94. 71 86. 1
Chair 45.52 28.5
Cow 91. 38 77.0
Dining table 76.32 62.0
Dog 90. 58 79.0
Horse 91.76 80. 3
Motorbike 88.13 83.6
Person 87.98 80. 2
Potted plant 69. 87 58.8
Sheep 82. 83 83.4
Sofa 60. 91 54.3
Train 80. 75 80. 7
Tv/monitor 66. 83 65.0
Mean 80. 81 72.5
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el S Bros s Bl REAS B AL BT R 7 1k — 2 X AR
HBEAT T VAL o D S S g3 R A TR T i 9 2 R BE T . B
i B R BEALE Y 5 A FEAS LT 4 35 Bl 2 A 19 i A 26
BRI . RS S5 R AILRE B (LTS RE B A A 2> ) 4
REMAT S FIRGEE . B MEEIA EE . SegNet 5
A T5 1L VI RE NS Bl i S BB Sy BT 55 . A BfE
He BB 8 FRR 0 AR O BR o AR TAT . A 3 0 S B 2
Wb, ATERAEA. WE S (@ SR, AT ERE
F1 Y 1 2 89 A Y R B AR R, AL T SegNet, A
78 ARG 4 15 A0 30 SR S REAT T R KRR Y R B O
FT i i ae W 4 A5 e 20 R 25 R b B AT 50 B o O i
Wi. AR, Anl& 5 (b) S BUIRY 73 AL, B 5 (o
TR FRAE B A, B 5 (o) o AT 4R %8 B A I i A 4 i
G R A AR AL AT S X A IR G 4 A S
19 ) T SR AR T A 7k A 23 ) 45 R BE RS AR
ER.

Sohrid |

5 PASCAL VOC 2012 BfHLEEA 2 45 5 7R

LRENAE, EWINT AN Z IR EERZ R, %R X
G 0 2% T 4 MY AR AR R BB O . RE NS 5 DR PRI DR B
AR SN (A5 PRI 15 3R G o3 S 4 R s S v AR o
LT SegNet, MHLBLIESZ 13 Pk 70 A 18 Dl L L 45 2531 28 9
W E R A RAKF . AIELEHA TRk LR3I
(A RN 22 5k 22 1 e 19 RGPk i A PR AR S R4 SR
IR ARG BE . S AR S BRI A OR
3.4 SRIEER 545 #7 — Cityscapes H{ R &

LA W% W 7E Cityscapes 8 5 b k47 52 46 % e 45 5
58, wIEARH ToU B RE G5 70 7 AL A 19
BLGE AT+ 23 3 A VE A 45 b 00 5 280 R W7 6 42 T 3 A
JIr BTt 190 245 25 R 1 A6 AN 7] 2K B 4l S I A 5 B R A A
.41 BN

Cityscapes ¥ 82 1 i1 £ & JOU 0 78 9 10 = K 78 [ B fir
R SR AL R . 2 — 3T B R U B 4 . 3 REOC T kol 3R
B g st p KR . Cityscapes B 2 0 36 7 50 Skl

MR ZE4T . AR B E B R, A4 5 000 Ak br i &
Jr 20 000 MARTE B J o Ao i v 1 ) 00 SR iR 43
WS (2 975 3O BAESE (500 5> F L4 (1 525
7). Cityscapes U35 3 A P9 B br i 4% 2, 20 Tl 02 52 441
43 BIFNE SCA3 #0 9 R 0 43 0 B AR 2 LA B £ 300 T8 30 AE 1
json A% . K AR T EIE R b Ik B 7 BRI I A 3 AR
WS, BRSE 4y BIAR . 3R Loy RIbRTE. 2B AR .
PRGNSR 8 21, 2 BB AR R -

1) flat: road, sidewalk, parking+ . rail track+;

2) human: person % , rider % ;

3) vehicle: car * , truck * , bus * , on rails ¥ , motor-
cycle % , bicycle * , caravan * +, trailer * +;

4) construction: building, wall, fence, guard rail +,
bridge+, tunnel—+;

5) object: pole, pole group + ., traffic sign, traffic
light;

6) nature: vegetation, terrain;

7) sky: sky;

8) void: ground+, dynamic+, static+,
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# 4 Cityscapes Ml i 5 4527 ToU

%5 SegNet A3
Road 96. 4 96. 6
Sidewalk 73.2 83.3
Building 84 90. 3
Wall 28.5 36. 8
Fence 29 36. 4
Pole 35.7 56.1
Traffic light 39.8 66.9
Traffic sign 45. 2 71.3
Vegetation 87 91.8
Terrain 63.8 71.6
Sky 91.8 92.6
Person 62.8 77.3
Rider 42.8 51.9
Car 89. 3 94. 5
Truck 38.1 48.2
Bus 43.1 76.1
Train 44. 2 64.3
Motorcycle 35.8 62.2
Bicycle 51.9 68.7
Mean 57 70. 4
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