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An image semantic segmentation method effectively fusing multi-
scale features

XU Guangyu” , TANG Weijian
(School of Computer Science and Engineering, Anhui University of Science and Technology , Huainan, Anhui
232001, China)

Abstract ; Convolutional neural networks show strong feature learning ability in advanced computer vision
and have achieved remarkable effect in image semantic segmentation tasks. However, how to use the
multi-scale feature information effectively is always a difficulty. This paper proposes an effective image
semantic segmentation method which integrates multi-scale features. The proposed method consists of
four basic modules, which are feature fusion module (FFM), spatial information module (SIM) , global
pooling module (GPM) and boundary refinement module (BRM). FFM adopts attention mechanism and
residual structure to improve the efficiency of multi-scale feature fusion. SIM includes convolution and
average pooling opearaitons,and its purpose is to assist in locating the edge information of the object by
providing additional spatial details. GPM extracts the global information of the image,which can signifi-
cantly improve the performance of the model. BRM takes the residual structure as the core to refine the
boundary of the feature map. Four basic modules are added into the full convolutional neural network to
effectively utilize the multi-scale feature information. Experimental results on PASCAL VOC 2012 data-
set show that mean intersection over union of the proposed method is 8. 7% higher than that of full con-
volutional neural network. The results of comparison with other methods in the same framework also
verify the effectiveness of the proposed method.
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Tab.1 ResNet50 configuration
Block i 0 b
Conv+ Pool 3 64 -
Layer-1 64 256 3
Layer-2 256 512 4
Layer-3 512 1024 6
Layer-4 1024 2048 3

3.1.2 wAfFE&E> X
AR RG LML PRI T — 2% SIB, W& 3 fr
N. SEME B4l 4 A4 SIM 4 AL . R i 65 2% X 2%

P AL A A1 14 23 6] 401 A5 S DL B 7 % 400 3 &
EIS

SIM 2 K8 2 1 3X3 BRUZFZE KN 2 1) 3
X3 B3 Ak 2 ALK H T A BRI ST 357 3 b 1) AR R R
), R = — 2 R L BB R R A ) A9 2 )
A5 S . BlEE A BT SRR B 1S, RRAE
P v, s [0 45 20K AS D sk 2> T il 42 1 3 AR R,
SRWIRE I, B, O T E ER R SR IR T £ 7S
[ 45 {5 B AR SCACR 4 A4~ SIM, - SIM. (1) Jis 28 14
WE 4 R . SIM R4 A RRE 23 0] 28 2 57 35 Ak 2
A BUZ TR AE B — 35 $2 R 19 RR1E 15 B8 i
B HRAE (Concat) & I 7E— 2 . fieJo i REAE

Average

pooling _+

Input Concat

Conv 3X3 _f

v

Output

4 SIMKFEEE
Fig. 4 Schematic diagram of SIM

3.1.3 A& kit

A CHE ResNet50 [ 4% JiS %6 ¥ il — 4~ GPM, L
FME G AREL., GPM i EBEME 5 Fix.
GPM Xty A\ Rk B 547 42 Ja ~F- 4t Ak . LUAS 31 8
M4 R (R B B 1X L 45 R 2 B IR AT 1 38 1A 1Y)
B, e T I8 o U P A DR R AR T SRR A
i N BRI 1/32,

Input

1
Pooling
oL

Conv 1X1

!

Upsampling
Il
Output

BS5 GPMHEEE
Fig. 5 Schematic diagram of GPM



+ 268 -

GPM 1y # 0> 72 4 5 °F- 2 3 4k (global average

pooling) , P B — 1~ 38 18 (1) 4 1iF [ % 8 B> o7
7 A B N KRR e J O A4, Rk AR -
1 H W
Yi — HXWZ Zk]-r{.j.k9 (3

A,y RS @ A AR B 42 R P B AR R 1)
S55R H AR ARHIE B WA SR S AR AIE 18] 11
Vi s AR ARFAE KSR ¢ AN IE SRS j 1756 &k 51
M) S
3.2 fRISSEMLE

it A g 0 265 70 5T 4 S D 2 190 265 7 RS B IR
2 A E B 2 RE R B L2 R E B 17
B RS L 3E 5 X2k 1 47 (B AP IR SR AR AR 18] 1Y O3 B
K, HEH FFM Ml BRM 41 .
3.2.1 HIrmh oAk

ResNet50 fEA A BB (Layer-1 & Layer-4) f 4
fEEA A 6] B RF i TR 2 R AL & T 2 1Y 5 R E L
TR JZ R R AL & B 2 MR A1 CE B . b, 25
FEAS AR R WA SR E NG R.
PRI A ST I 5 — 1 1) R, B G 4 ResNet50 5
A 22 ROBERFAEAR J2. 5 25 TR 20 37 26 1 2 ) 4
TERFE ST — . N T X A R, A
SCHE T = ) L Aok 22 45 0 g L b it 1 — Fb
FFM,

FEM 2 B E AN & 6 fr s FEM 22 10 A [a] R
JER/INE BT A FEAE . X O ResNet50 Ay () 2% fir 7=
2 N EFRE(E B (Layer-1 % Layer-4) , MY

| Y | | Conv 1X1 |
v 2
Concat
Conv 1X1

BN-+ReLU

Conv 3X3 |

¢ BN+ReLU
| SE

B 6 FFM /R E
Fig. 6 Schematic diagram of FFM

Y BB - 8 Y& 20224 ¥33%

SIM 5, GPM Jif A (R IEMR B . X B4t 1 X1 4%
B2 DR ER M. R4 EMWEIERS Y
PEATREE, B 1 X1 BRUZ A TSR, T
By Bt 28 S 1E A B 45 4 30 T8 1 T HLI G Bk 22 A5 4
FE 2 2] i A CRRAE 38 38 22 (8] AH OGP 1), LR /9 X
5 I T B AE G
3.2.2 B RmACER

BRM i JsUH G & 7 ff o s AR SCiR G T — R
A8 U 2E B BRM, BRM — A A5 AL 43
o FFEM i 1 25 51 BRM B 5 i 2 9 i 45 51
(BRM-4 (U FFM W5 A . 2 A5 A8 o 908 #
VR G 7E—i , 2 )5 1 X 1 45 FR 2 52 B H¢F 18] 1) 13
I, 5 J R FH 3% 2 25 0 56 ORGSR iy A Ak

| Input-1 || Input-2 |

Concat
Conv 11

[

| Conv 3X3 [

. BN-+ReLU

| Conv 3X3 I

B 7 BRMHREE
Fig.7 Schematic diagram of BRM

7 2 Jy BRM 5 H Al 371 5 40 4k J7 125 (0 X He 52 5
554, Horh BR 9 SCHRL15 1Y 34 #4046 77 ¥ (bounda-
ry refinement) , RRB & 3CHR [ 16 A 40 1k 5% 22 B (re-
finement residual block) .3 Fft J7 2 f4) 5 56 34 5% A
FIH)— 3, ¥ 132 IF H (mean intersection over u-
nion,mIoU) Jhy 52 55 i) PP AL 8 b5 m ToU (BB S, U] 338
WY 2 Y 43 0 BT A B AE . 3R Y SE g B e 10 W]
BRM [t BR Fil RRB il & A SCHY 0 28 45 4

®2 AEFEHITLE

Tab.2 Comparison of methods

BR RRB BRM mloU
0.7620

4 0.7643
4 0.7680

Vv 0.7720
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Tab.3 Influence of different modules on segmentation results

SIM GPM FFM BRM mloU

0.6850
Vv 0.6930
Vv Vv 0.746 2
Vv Vv Vv 0.7620
Vv v Vv Vv 0.7720

AT FCN XFtb e 4 frzs il i 115
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Tab.4 mloU comparison of our method and FCN

Model mloU
FCN 0.6850
Ours 0.7720
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Tab.5 FCN segmentation results using given feature levels

Model Stages mloU
{4} 0.6660
{3,4) 0.6831

FCN
{2,3,4} 0.6840
{1,2,3,4} 0.6850
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Tab. 6 Our segmentation results using given feature levels

Model Stages mloU
{4} 0.7370
{3,4} 0.7610

Ours
{2,3,4} 0.7668
{1,2,3,4} 0.7720
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Tab.7 Comparison of mIoU based on ResNet50

Model mloU
ResNet50-SEB 0.7030
ResNet50-RCU 0.7210

ResNetb0-EFFD 0.7640

Ours 0.7720
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Tab.8 Comparison of segmentation methods

Model m(X10%) mloU

GCNE?I 25. 40 0.6610
FCNI 24.23 0.6850
SegNet!® 53.56 0.6940
DeepLabV3--t 59. 34 0.7730
PSPNet"'# 51. 44 0.7810

Qurs 30.11 0.7720
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Fig. 8 Comparison of segmentation results:
(a) Inputs; (b) Labels; (¢) FCN;
(d) DeepLabV3+; (e) PSPNet; (f) Ours
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