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Abstract: To realize the low cost of network training, the computational complexity is greatly reduced
while maintaining high precision. A semantic segmentation network with multi-feature attention effective
aggregation module(MAEA) is proposed: MAEA-Deeplab. A 16 stride low-resolution feature map for
down-sampling is adopted in the encoder’s network backbone, and high-level features are obtained. The
decoder makes full use of the feature’s spatial attention mechanism through the MAEA module, effectively
aggregates multiple features, and obtains high-resolution features with strong semantic representation.
Then the ability of the decoder to recover important details is effectively improved, and high-precision
segmentation is achieved. Multiply-adds in MAEA-DeepLab is 943. 02B, only 30. 9% of the DeepLabV3-+
architecture, which greatly reduces the computational complexity. The architecture is not pre-training on
the COCO dataset. It performs semantic semantic segmentation Benchmark tests on the test set of with
PASCAL VOC 2012 dataset and CityScapes dataset with only two RTX 2080ti GPUs, and the mlOU
scores reach 87. 5% and 79. 9%, respectively. The experimental results show that good semantic
segmentation accuracy is achieved with low computational cost in MAEA-DeeplLab.
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B MR Concat 7 ¥, 3 4H R 1iE 40 #00K5 B 1 G
B 2285 . mIOU 43 8AH 2578 0. 2% 2 N L i B Hs 2
AR AFAE 42 AW 8 4E LT Concat o T 51,
FEANRETE 50 B 43X BE AR AR AF . 5 80 PR IR R &
515 BN T840, YR B MAEA # B, E/B2/
U1/C2;E/B3/U1/C2; M/B1/U16/C3 X 3 AN iF
HAE M ERE ST E/B2/UL/C2; M/B1/U16/C3
EWAFIE A A, mIOU B4 T+ T 0. 85%, £ M
MAEA BI85 R A& T X SRR E, =2 TFEE
BB LR M B T HERRRE S BE R e
PR ERAE T R R Ay 5 2 H 2 E/B2/U1/C2,
E/B3/U1/C2, M/B1/U8/C3, M/B1/U16/C3 i% 4
AR A B B LS 3 MR IE AL & F7F .
mIOU 43 % () 42 55 (0. 07 %) 0] Z W A . WK
M/B1/U8/C3,M/B1/U16/C3 1% B 4~ 47 1iF & 7 &
D) 266 H ] — B i ] — B B R A, 3 1l
B AR BT ARG i ) — B B i RRAE B H S ok
ANEWSEE M AR, ARG E 20 U
B S B E T MAEA Bk ] E/B2/
U1l/C2,E/B3/U1/C2,M/B1/U16/C3 iX 3 4R 1F
HAE.

ARICRTE CityScapes $UHE 4 b X % AR AE 41 &
Sy HEAT T Concat Fl MAEA % [ 525, 45 52 4
2 IR, 42 2 BB 45 R IR B E MAEA BB
AR L o EORS R B WA T 50 Concat 7k,
3.3 KRR

TEIFA MAEA-DeepLab B, 24 T #8 5% & 1T
A7 M IF 5T 2 75 U8 Iy A RIS 22 A B0 G RDAS 8] Y
% R A X MAEA-Deeplab 4 51K B 4 52 i,
AR AT T Z X L. £ PASCAL VOC 2012
€ O SO i R L P o 1 o S i o
fli g5 3 s, . 3 .1 5528 N R4 RN E

PEAL A TCO g A EUS 22 4 Bl 5% m1OU 43803 R
83. 28 %%, X W U bR IR AN B, T8 0 A % 22
A BHEE N B8 B T4 R B 5 i A £ ROBE f AR,
W AN EG 2 A B YR T T o IS B, Hodp 2
S8 mIOU 08U T 0. 78%. £ R JE K AR
T 0.2.0.25.0. 3 = FhAST] A9 155 B 24 45 Jin g A RS
Je Ay BEE B L0, 3 15 A £ RUBE Bar A 0 RS B R B
2% R 0.2 BERE,0. 25 BSEE I 2 RS A 36
PAf. 72 0. 3 B Z RER A .13 5K«
AT, 1 5528 mIOU 208038 5 T 0. 86%. 78
0.2 EEMEZREM AN, 4 SR ERKLE, L1
S mIOU 0 8UEE T 1. 11%. 78 0. 25 B8 1Y
ZRERAY,7.8.9 5L XML L1 5LE
mlOU 73842 5 17 1. 32%.
& 2 Concat 1 MAEA B mIOU%
Tab.2 The mIOU% of Concat and MAEA
Concat MAEA

used low-level features
E/B2/U1/C2
E/B3/U1/C2; M/B1/U16/C3

£ 3 KB Pascal VOC 2012 £ mIOU%
Tab.3 mIOU% of evaluation policy on Pascal VOC 2012

76.33 78. 64

Number Multi-Scale Inputs Not Flip Flip
1 [1.0] 83.28 83.28
2 [0.4,0.6,0.8,1.0,1.2,1.4,1.6] 82.91 83.69
3 [0.8,1.0,1.2,1.6] 83.81 84.35
4 [0.8,1.0,1.6] 83.95 84.39
5 [0.5,0.75,1.0,1.25,1.5,1.75] 84.27 84.56
6 [0.5,1.0,1.25,1.5,1.75] 84.19 84.56
7 [0.75,1.0,1.25,1.5,1.75] 84.32 84.60
8 [0.75,1.0,1.25,1.75] 84.32 84.60
9 [0.75,1.0,1.5,1.75] 84.33 84.60
10 [0.75,1.0,1.75] 84.21 84.51
11 [0.5,1.0,1.75] 83.89  84.27
12 [0.4,0.7,1.0,1.3,1.6,1.9] 83.15 83.78
13 [0.7,1.0,1.6,1.9] 83.78 84.14
14 [0.7.1.0,1.9] 83.14 83.77

A SCHAR ST R B A1 0. 25 85 8 SC 00 76
AEG /N, & 0,75 R R 2 R A7 =X
P& 0.5 ROBE M 22 RUBE g A J7 =X o0 B0KG JBE vr. 76
AR R B, & 1.5 RO I 2 R i A 7 24
FEr 1. 25 ROEEM 2 ROBE B A J7 X4 %068 B2 JLF —
HERELS REEAERWITEEFH. &8 L
i AR S0 FRORG B AT R T L R 8 S S
PEAl S

AR TE CityScapes BG4 6% VF il 568 g
HEAT T X LG SE 5, #F — 20 50 UE 20T Al 3R e Y AT AR
. B F CityScapes b K43 3 R E 15 B0 6 4E , iy
BG R F KA B %2 GPU B 7RG i KR EAR
Mt 1.9, % 1.9 RER, 2 Hag i =N EER
ZREmA & 1,75 RER, 2 HeEdt47 M4 R
ER 2 R JEm A &R WK 4 ram. £ 48
CityScapes SLH 45 R K B 0. 25 5 ) 2 RE
i ARG 78 0. 25 B8, [0. 75,1, 25,1.75]
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FL0.75,1.0,1.25,1. 751 f £2 K B &y A 7 240 %)
W JLF—20 I LR B R8N [0, 75,
1.25,1. 75 ]2 REHi A J7 0. MAEA-DeepLab 435l
KA A BB AR EAL SR B . /£ PASCAL VOC 2012
B MM E k3 T 87. 5% mIOU [ 43 H K
i , 7€ CityScapes B4 4 FIKF] T 79. 9%
mIOU #9453 E K B
R4 K ERTE CityScapes £ B mIOU%
Tab.4 mIOU% of evaluation policy on CityScapes

Multi-Scale Inputs Not Flip Flip
[1.0] 78. 64 78. 64
[0.8.1.0,1.6] 78.95 79.53
[0.75,1.25,1.75] 79. 89 80. 16
[0.75,1.0,1.25,1.75] 79. 89 80. 16
[0.7.1.0,1.9] 79. 66 79. 86
3.4 LWHER
3.4.1 HEAE=E

Multiply-Adds 278 % 4~ [ 45 o T A 45 hE A
W ARG i iz 5 LA Kl B B RO AH G ik s 55 2
AL BT B A B AR AE B BE RN H X W C,
FRE BB RG B RN Ky XKy C,
T EE R M R E RN AR S
B M o, FNRBE T 23 BS B M., 9352 0

Mg ={(Ky X Ky XCyu) XCow+Co} X (HXW)

an

MSep:{(KH ><KW><1)><CIH+Cm} ><(H><W)+

{(I1X1XCp) KX Co +Con) X (HXW) =
{(Col Ky XKy +Co+ 1)+ Coub X (HXW)
(12)
)R ¥l M, fi Kbl M., A
KX H
M,,=Cu X HXW (13)
M=Ky XKy XCou X HXW  (14)
DL AN B R BT R~ H X W SR A SCHfE s 7
MAEA-DeepLab Fl DeepLabV3-+ 3 % iy 5H 1 2%
). AJETF DeepLabV3+ 1 8 208 N REEHEB(H /
8) X (W /8) I 43 HE R 4R E , MAEA-DeepLab 7£ + T
M4 E/B3/UL/C3 J2HEAT T —WK 2 B 1| T REE,
PEECT (H/16) X (W /16) [ /N7 B R AFAE, — F 7F
E/B3/U1/C3 2 X% JZ 10 0 M 248 15 5 M. FEA
M E; E/B3/UL/C3 J2 )5 W M 4% i B & M.,
MAEA-DeeplLab 7B FFEMK THE N2 =. &
HHEE AT, —F EEMITE R Musea M My 19
Mv3+ :Mhefore +Mnf\er -

my

(ZMCOI]V _'_ Z-MSep> +
i =1 iy=1

" "y ’q
(D Mg + 2 Mgy + D 0M,)  (15)
in=1 i, =1 io=1

3 4 5
Muyaesa =M peore + M iper =

(O Mo, + D Mg, +
i =1 i,=1

" " ’ ’
(D Mo + D2 Msy + 2 Moy + D2 M)
ih=1 i=1 ii=1 ig=1

(16)
MMAEA _I::i MVS{ E,(J tt{ﬁy‘j
MMAE/\_
My,
54187(H X W) +5179100(H X W
(H X W) + CHXW) oo

54187(H X W) +18315175(H X W)
5233287(H X W)
18369362(H X W)

Z 5 IS M s MAEA-DeepLab B9 F & i1 5 &
HA DeeplLabV3+ FEIFH MY 28.5%. R T
D) £ e fAORS HE 1T, R 8 2 Tensorflow SE 3
BFRE 3. 1 T N BE ALY, pb SO AR B 11 A K]
SRBCE PR NI NS A F 0 DA = R NS g < A
T ZARAG A W 45 B Multiply-Adds.

Bk 3.1 itE Multiply-Adds B & %

By BRSO frozen_inference_graph. pbs

AR5 B Multiply_Adds.

1 Multiply_Adds=0;/ * ¥ 1tk * /

2 With gfile. FastGFile (B SC R 42, b)) as {135/
SEPNT & R B s+ /

3 graph_def = tf. GraphDef() ;/ % Tensorflow #¥i %%
¥« /

4 graph = tf. get_default_graph() ;/ * FRBCY {5 BRIA T
B/

5 graph_ def. ParseFromString (f. read ());/ * il 2% #%
o/

6 for op in graph. get_operations() ;/ * for 3k B i A &
FREAE op » /

7 if Cop. type = =" Conv2D" or op. type = ="
DepthwiseConv2dNative") 5/ % if J| Wi FU2E A = /

8 Multiply_Adds = Multiply_ Adds +
[0]. shape[ 1] * op. outputs[ 0. shape[ 2] * prod (op. inputs
[1]. shape);

9 Print(Multiply_Adds);/ » i i+ 8 & = /

BB %1 I A 1S, MAEA-Deeplab fl
DeepLab V3 -+ K #E A9 1T 5 & Multiply-Adds 1A
I3 9h 943. 02 B I 3055. 35 B, ZF HAE A

A&M\:E‘“ :3904535'_0325% X 100% = 30.9% (18)
S 25 B 5 AR SO Bk R A AR AT AR AE B 25 B
FE R TR RS T Mg EE AR, T
JNBUBI Y5 B 40 Relu A1 Sigmoid T PR AL I
—AL 1 Dropout £ #E# )2 E WA ITEEN. B2 #
W5 LK R MAEA-DeepLab B35 & A KIE
FEAI.
3.4.2 HERAH

A SCHIBIESE B B R R IR A B A 32 T L 42
PR T3 52 e 1 1 R 0 R B2 T S0 ) 2R A AR S
£ PASCAL VOC 2012 % Y 2k % & 45 51 %t
Deeplab V341 MAEA-Deepl.ab #4751l £k [6] )

X 100% =~ 28.5% (17)

op. outputs
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XFEG. {5k GPU, S A IR & 57 R~F ¥k M
513X 513, train_batch_size Wi & H 2, Bk %
¥R 90 k, 2% 2 24 H A S BUR F — 3, 45 R
25 iR, LI 45 R L H, MAEA-Deeplab 19 I 2k
W L Deepllab V3R T —4%.

x5 gt Epxdtt

Tab.5 Comparison of training time

Method training time/h
Deeplab V3+ 10. 8
MAEA-DeepLab 5.4

AR AE PASCAL VOC 2012 Fi1 CityScapes [y
Mt % AT B O PR BB Y 1 A0 X)Lk, MAEA-
DeepLab AN 23k COCO £ 4 Hi il 5 . f FH A= 3C e
B g BEAT N ZRPTAl s DeepLab V3 -+ {# A 8 3
e R s AT U SR PEAL L 25 ANk 6 i,

o6 TEMXELEAILE

Tab. 6 Comparison on the test set

method Deepl.ab V3+  MAEA-Deepl.ab
Output stride 8 16
COCO N,

PASCAL VOC 2012 87.8%mIOU 87.5%mlIOU

CityScapes 82.1%mIOU 79. 9% mIOU

SEG 45 B R W, MAEA-DeepLab H 1 T
Deeplab V311 30. 9 % 1) 35 & 5l ik 2] JL-F A 7]
ROTE LA EIRE B, B DA B e e s B T S A
i X4y #E]. MAEA-DeepLab £ PASCAL VOC 2012
F1 CityScapes 9k 4 [ 4r B SC B T 87. 5% #
79. 9% mlOU 4344,

AT PASCAL VOC 2012 /N3 B R & 1%
BiPE4E , CityScapes & 1024 X 2048 1 K 4> HER K14
BAEAE. 52 GPU A7 iy BRI, 76y A 5 3K 55 B,
WR K DeepLab V3 -+ 769 X 769 #y K K ~f #;
o7, & 5k GPU H fig % & batch size K 2. 7E
CityScapes $0 45 % 1Y train_extra [ T 2k R 2% 4L
AT — Ak S 50t batch size IREH 16 HAE, T
PAAS SO B A B 3R 3T 8 385 X 385, 31X 42 it WM B
PR BRA A, 5 MAEA-DeepLab 1 fE TG 6. A
SCHY B AR TE AR SR A AR 58 52 T v Y 2R 1
T V5L M BE X 42 F 4. MAEA-DeepLab 1L
HT Deeplab V3+iy 30. 9% A9 Multiply-Adds, £
MRS B mIOU 8 R 2L T HA &ITAE R
A& PE DeepLabV3+ fHJEMKSR L T LEDNet 55
AR T35 5 T Pk X 4%

MAEA-DeeplLab #1 DeeplLabV3+ 7 PASCAL
VOC 2012 B E R IESE Ll ik a7
FR.

TEHB o 25 5 B i L 4y H 45 R . MAEA-
DeepLab B @A F DeepLab V3. [ 7 s£8 45 R H
2 3 ATAUREFT s Deeplab V34515 Hi ) 51 y 5 A9 1E S
FH 55 4 AT TEAE I TP B9 R ZE , Deeplab V3 + 4 1%
K VR T SO BRI A i 5 5 AT,

**hha a | |
| ’ 1 \ 7‘ 0 !
: J i ‘a ‘\'I‘: : :::':]l 1 “\"]
) S
V= !

DeeplabV3+ MAEA-DeepLab

B 7 7 PASCAL VOC 2012 MI6iF & FRT L &5 R
Fig.7 Visualization results on val set of PASCAL VOC 2012
DeepLab V3 H 1FE #4351 H i)k 0935 L2 9),
b {1 B R 1 1 SO S At 1% b A0 3] SR A ) o S .
£ DeepLab V3-+1& A IE#i 4> H AL [, MAEA-
DeepLab ] LAIEAf 43 #1 1 1 0. 3 3R B A SC
$Eth i) MAEA-DeepLab & % 3. F )5 —17 A &
=M E NG &G X2, MAEA-DeepLab #l
Deeplab V37 £ R Mz Ak L AH 2 B b i 3%
LY 5 &

i1 T MAEA-DeepLab KAfi l§ COCO % ¥g 4 i
T2 BT LA SO Z2 AR fdE ] COCO Fiil iy
AR T X, 45 2R W3R 7 k. MAEA-
Deeplab 76 PASCAL VOC 2012 #4409 % g
T AR T A 24

®7 REIT COCO Ml ZHRBENIXE LHRA

Tab.7 Performance of models without COCO

pre-training on test sets

Image Ground truth

method mIOU(%)
ResNet-385 82.5
PSPNet'? 82.6
DFNE 82.7
EncNetH 82.9
DUpsampling?*’ 85.3
MAEA-DeeplLab 87.5

A 4y B AE PASCAL VOC 2012 H1
CityScapes BB UE4E [ %) MAEA-DeepLab #17 T
Kyl i, g5 R un K 8 MKE 9 frw. MAEA-
DeepLab #& K I 4 73 #1145 K & L 58 £ 1. 4K,
MAEA-DeepLab tHAF7E—SE A Z AL, LLANE] 8 h
B i — 4 R G 43 1 45 3 8 7R . MAEA-DeepLab #
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SEAT R T S TR ER A A TE 2R B A IR A 2K R
BT H3E XE1 L 8 9 b wall 28 51 B 43 %) 2 B g 5
AR AR .

AT — LR A SCHR ) MAEA-DeepLab
Seit M, 4> B 7 PASCAL VOC 2012 %k #% 4 Fi
CityScapes B 4E F 52 NMNEF W R IET T
BLEERIE 8 MK 9 Fron. hRR 8 MK 9T LA
tH, MAEA-DeepLab 7E CityScapes F 19 42 51| #1
PASCAL VOC 2012 iy 20 D& #3F 2 TOU 4351
BRI R B 87. 5% A1 79. 994, A TEAE 2K B
H, — 5200 1 TOU 43 % s AR T I Al 28 4 . 55
— B4 2 B TOU 4340 MAEA-Deeplab J2 f &
B, H SR Wall 289 He TKCN 42755 T 6. 9%, Chair
I CFNet #2755 7 8. 5%.

Image Ground truth  MAEA-DeepLab  Image

Ground truth  MAEA-DeepLab

E 8 £ PASCAL VOC 2012 iF & FH AT M 4L
Fig. 8 Visualization on the val set of the PASCAL VOC 2012

= 8 Cityscapes BIlliX &£ EHI 19 DR M S B R 10U %) FF 1 10U %) Classes
Tab.8 Segmentation results IOU (%) of 19 categories on CityScapes test set and mean IOU (%) Classes

method SegNet!™ ICNetH™ LEDNet" RefineNet"®! FC-HarDNet"*! TKCNM  MAEA-Deeplab
Classes 57.0 69.5 70. 6 73.6 75.9 79.5 79.9
Road 96. 4 97.1 98.1 98. 2 98.5 98.4 98. 6
Sidewalk 73.2 79.2 79.5 83.3 85.5 85.8 86.5
Building 84.0 89.7 91.6 91.3 92.5 93.0 93.1
Wall 28.4 43.2 47.7 47.8 49.0 51.7 58.6
Fence 29.0 48.9 49.9 50. 4 54.4 61.7 62.8
Pole 35.7 61.5 62.8 56.1 64.0 67.6 66. 7
T-Light 39.8 60. 4 61.3 66.9 71.5 75.8 72.6
T-Sign 45.1 63.4 72.8 71.3 75.6 80.0 77.9
Vegetation 87.0 91.5 92.6 92.3 93.0 93.6 93.5
Terrain 63.8 68.3 61.2 70. 3 70.6 72.7 72.1
Sky 91.8 93.5 94.9 94. 8 95. 4 95.4 95.1
Person 62.8 74.6 76.2 80.9 84.5 86.9 85.7
Rider 42.8 56.1 53.7 63.3 67.4 70.9 68. 8
Car 89. 3 92.6 90.9 94.5 95.7 95.9 95. 8
Truck 38.1 51.3 64.4 64. 6 67.7 64.5 73.5
Bus 43.1 72.7 64.0 76.1 79.0 86.9 88.1
Train 44,1 51.3 52.7 64. 3 63.6 81.8 84.0
Motorcycle 35.8 53.6 44, 4 62.2 60.7 69.6 69. 2
Bicycle 51.9 70.5 71.6 70.0 72.7 77.6 75.0

%9 Pascal VOC 2012 HIX & £ /9 20 DA K4 B4 R 10U(%) F1F 4 10U %) Mean
Tab.9 Segmentation results IOU (%) of 20 categories on Pascal VOC 2012 test set and mean 10U (%) Mean

method  DeepLab V2" PSPNett?”  Auto-D-LMY DeepLab V3 EncNet* CFNett'? MAEA-DeepLab
Mean 79.7 85.4 85.6 85.7 85.9 87.2 87.5
Aeroplane 92.6 95.8 96. 5 96. 4 95.3 96.7 97.1
Bicycle 60. 4 72.7 77.3 76.6 76.9 79.7 80.1
Bird 91.6 95.0 94. 8 92.7 94. 2 94.3 96. 8
Boat 63.4 78.9 74.1 77.8 80. 2 78.4 77.0
Bottle 76.3 84.4 84.0 87.6 85. 3 83.0 87.4
Bus 95.0 94.7 97.1 96. 7 96. 5 97.7 97.2
Car 88. 4 92.0 88.7 90. 2 90. 8 91.6 93.2
Cat 92.6 95.7 94.5 95.4 96. 3 96. 7 95.5
Chair 32.7 43.1 53.95 47.5 47.9 50.1 58.6
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method DeepLab V21 PSPNett?* Auto-D-L"Y DeepLab V31! EncNett CFNett'* MAEA-DeepLab
Cow 88.5 91.0 91.6 93.4 93.9 95.3 94. 6
Diningtable 67.6 80. 3 79.2 76.3 80. 0 79.6 77.2
Dog 89.6 91.3 88. 4 91.4 92.4 93.6 92.1
Horse 92.1 96. 3 94.2 97.2 96. 6 97.2 96. 9
Motorbike 87.0 92.3 90. 2 91.0 90. 5 94.2 93.5
Person 87. 4 90. 1 91.2 92.1 91.5 91.7 92.8
Pottedplant 63. 3 71.5 75.1 71.3 70.9 78.4 72.8
Sheep 88.3 94. 4 90. 1 90.9 93.6 95. 4 92.8
Sofa 60.0 66.9 70.7 68.9 66.5 69.6 72.8
Train 86. 8 88. 8 89.1 90. 8 87.7 90.0 90. 4
Tvmonitor 74.5 82.0 79.7 79.3 80. 8 81. 4 81.8
4 gﬁi/k\, ;;)];né);ltzeén‘ Vision  and Pattern ~ Recognition.
[6 ] FU J, LIU J, WANG Y, et al. Stacked

283 KA A BIF 5T 40 AT S 565 565 0 L AR SCHR Y
ZRHEE B I AMREHEI(MAEA) HAEE X
S, AT LA ROMR A G R A A0S B 40 A 8 YR
SCPE — B R R AR T RS 0B X o E R
MAEA-DeepLab. MAEA-Deeplab U ffi H ¥ 3K
GPU, A&k COCO 4 ££ 1 Il 45 , Multiply-Adds
943, 02 B, 4% % #E PASCAL VOC 2012 1
CityScapes 5 45 5 69 1 X 48 B2 8L T 87. 5% Al
79. 9% 1 mIOU 43 %4, [RIHE Z 42 2% 1 18 X265
R F Deeplab V3 -+ 4244, Multiply-Adds &
Deeplab V34 ¥ 30. 9% . iX % Bl MAEA-Deepl.ab
SR MAEA LA S0R] B AR AE 25 18] 1 78 1 4L
il B A A 3 AN [F] B B4R A AR R AE L 7= A 1
SO ™ i A RRAE . NI S R R i
FROEMR 52 25 [0 {5 8 BT B4 2 98 (1 4i 15 15 B MAEA-
Deeplab [ 2 ifh &5 v A< fiff B RRAE (4 1 & 1 B 78
A 0 TAE b, 25 R Al RRAE () 38 38 7R A 1 AL DA
T B = R B 2 4% 25 B iE MAEA-Deeplab,
SEREE I 5 ) R AA
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