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Abstract  Recent interest in many mobile vision applications has generated a high demand for
lightweight semantic segmentation. Despite glorious achievements, current lightweight models
suffer from either unsatisfactory accuracy or too many parameters. The goal of this paper is to
develop an accurate segmentation model with a small number of parameters. To this end, we
propose a new lightweight segmentation model, namely MiniNet, based on several observations:
(1) semantic segmentation depends on multi-scale learning; (2)downsampling is the most
effective way to speed up network inference and enlarge the receptive fields; (3) a good balance
between network depth and the number of convolution channels is essential for lightweight models.
Specifically, MiniNet adopts spatial pyramid convolution (SPC) and spatial pyramid pooling
(SPP) modules as the basic units for multi-scale feature learning. Besides, MiniNet puts most
layers and operations on a small scale, i. e., 1/16 of the original image resolution, rather than

1/8 scale in the previous models. MiniNet also manages to balance the network depth and the
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number of convolution channels. Without ImageNet pretraining, MiniNet achieves 66. 3% mloU

on the Cityscapes test dataset with only 211K parameters and speed of 94. 3 fps.
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w/o 211 2.4 94. 3 64. 8
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(@) A [F) 4 FH i 8 $c ) RICR
(C1.C2,C3,C)  Z¥i/K  FLOPs/G i /fps  mloU
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(Py,P,,P;,P)) ZHE /K FLOPs/G  #J# /fps  mloU

(1,1,3,10) 207 2.0 101. 0 65.0
(2,2,3,10) 211 2.4 94.3 65.5
(2,2,5,10) 224 2.5 87.0 66. 3
(3,3,5,10) 229 2.9 80. 0 65.8
(2,2,3,5) 146 2.3 99.0 63.3
(2,2,3,8) 185 2.4 96. 2 64.5
(2,2,3,12) 237 2.5 91.7 65. 2
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KNI T mER A A BRI E . B L
AR 1/16 RUEETT B9 00 4E S i i 45 8 K R B
b [ I P 45 1k g 0 R 1Y) S B 45 R R LA DU
K EAE 1/16 ROEE bR AR 3 5 18 R/ 25 5 R AR
EZ IREEPS

PReLU JE 25 14 #0i& & 8. A i f§ ESPNet”
K PReL U™ A Sy A 26 1 380 oR 500, i A 2 fe
FA Re LU 078 eREL. O T 50 0iF 13X — & $8 19 A 5K
PE A S ReLU JE MG s EU T PReLU
AL BT PR AL A5 R BORTER 2(D . PReLU A
LI RelLU 1y mloU M 64. 5% 4% &5 3 65.5%. itk
PReL.U Ui pR B 5 9050 AT 55 EALT RelU %
15 BRAK

SRBEE. 7EL 2 PP 1A [F 4 5 1E
BB e . T 220 38 T AR 0 7 AR T AT 4 L EL TR
B PR B 2 S50 0 210 FLOPs DR I A
BE. % I8 B BE R L S 80 S5 2 1) I R L X T

MiniNet [{ PSR AR S T WA (CL Gl G
COMEE AI(16,32,64,64)F1(16,32,64,96).

SPC A E. % 2(h) JB/R T A A SPC £
PR PP AR 4 2R S £ 1) SPC R RE A% 7 2E
B 25 R T g A% R R 5 =N B Be (R Py G
HA R ST P/, IR B HUE S8
I S ] A AR SCICE (2,2,3, 100 /F 28 211K
SRR 1 MiniNet (1% &
4.3 EsMAEIHLER

Cityscapes #{ #& &. A /N 35 0 A& SCPr 42 th /Y
MiniNet 7E Cityscapes $¥e 4 F1 5 54 B 1E L4y
FIREAY L), R % PR AT B A 46 DANet
DeepLabv3 4+ | BiSeNet'') | Dense ASPP™” | DFNE |
PSPNet'! | FRRNM | SegNett® | DeeplLabvl™* |
DeepLabv2t®) | FCN-8sPY | ICNet!™® | ENet!? |
ShuffleNetv2' ESPNet!™ fil ESPNetv2l", 74 ¢
et X LE R R 19 2 BB i FLOPs f i B2 X T
Cityscapes % {iE £ 98§ B2 DF I 5% ] BT A 200 #9 ToU
8 2408 ok 00 3 4 ) B SR JH BT A 26000 19 ToU 1Y
WA 7 K254 4160 ToU iy (H. 45 % sk 3
FrR.

% 3 7£ Cityscapes #{#E &£ £ MiniNet S E M BB P (“—"RPAARAX T EZFNBENE R

ik % SRR FLOPs HEEE /Tps mloU/ %
class (val) category (test) class (test)

DANetl61] ImageNet 68. 50M 551. 7G <1 81.5 — 81.5
DeepLabv3+ 4] ImageNet+COCO+JFT 54.61M 165.9G <1 79.6 - 82.1
BiSeNetl14] ImageNet 5.80M 6. 6G 42.0 69.0 — 68. 4
DenseASPPL4] ImageNet 28. 64M 244.9G <1 78.9 90. 7 80.6
DFNL3! ImageNet+ COCO 44, 84M 165. 9G 1.2 — — 79.3
PSPNet!! ImageNet+COCO 65.58M 514.0G <1 — 90.6 80. 2
FRRNC#8] ImageNet 17. 71M 475. 8G 5.0 — 88.9 71.8
SegNet[35) ImageNet 29. 45M 326.0G 8.0 — 79.1 57.0
DeepLabv1#8] ImageNet 42.54M 362.9G 1.0 — — 63.1
DeepLabv2[23] ImageNet+COCO 43.90M 374.3G <1 71. 4 86. 4 70. 4
FCN-8st21] ImageNet 134. 46M 334. 4G 6.8 - 85.7 65.3
ICNet[13! ImageNet 6. 70M 7. 4G 62.5 67.7 - 69.5
ShuffleNetv2!62) ImageNet 2. 60M 3.5G 91.7 60. 3 — —

ENet!12] No 364K 3.8G 34.7 — 80. 4 58.3
ESPNet!% No 364K 4.5G 61.0 61.4 82.2 60. 3
ESPNetv2[10] ImageNet 99K 564M 142.0 54.1 - 54.7
ESPNetv2l10] ImageNet 725K 3. 4G 83.0 62.7 — 62. 1
MiniNet No 95K 2.1G 104. 2 63.3 84.2 64. 1
MiniNet No 211K 2. 4G 94.3 67.3 85. 1 66. 3

Sk o A B B B MiniNet 55 &R 2 LR
(4 L3¢, MiniNet A /b (92 80 BB RO ) Il
A1 MiniNet t4 B 211K &3, M DANet™ 1y £
& J& MiniNet 19 320 %, DeepLabv3 4+ 19 2 %
HJ& MiniNet i 250 £%. MiniNet /0 & 2 Bl H
Al DL T M B B A R sl A R R

MiniNet {75 Z A 1M W £E4# 25 0], 17 95K 24
Ji A MiniNet {7 2 0. 4AM A% [A]. IO K
B MiniNet (U4 2. 4G FLOPs, b 5 fih &5 8
BB P A Hi 2. AR D1 FLOPs E % MiniNet
I REAEAR /N (1 S GRS sl kA 8 RS 1
() MiniNet 3852 B 1~ 94. 3fps (1% 8 52 I 3 B2, 1 oK
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A E IS, 33X & B A DB AL 46 16 T 46 Il
G/ NI 2 LU RS oy s A 7E TmageNet $045 4 1
TV G5 1) A g 28 D) AR X Uie S5 A AT AeT 301 5 fel
T3 TF BT 0 I 48 25 4 -+ 43 223 . 90 4L an B 4. 2 1 T
7 JHP AT DU A b 3 o) HE & 35 Y T 2 i A e sl aE
21 8 R A AR 3 BOR AR AT B 4 i M RE L T O/ #EAT
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F B R J3 H T 4t MiniNet 55 500 B2 B8 (1Y
He#r. N3 3 Hh Al 0L, ESPNetv2 H A [ ESPNet!”
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H ISK % MiniNet # [t H A 725K & 50
ESPNetv2"" HA7 8 47 i) 350 5. BAR Sk 3, ESPNetv2! ™
B %0 95K A MiniNet 9 7. 6 %, H. MiniNet (¥
FLOPs B /b U2 P 6 P 0 1. 55 ESPNetv2 11y
99K A #H EE » MiniNet ) 95K A f mIoU & H
9% L . 5 ICNet"™ #f] . ICNet [ 2 5 & 2
MiniNet 4 30 4% . H MiniNet {938 5 8 e, ¥ b
fE 5 H B2, MiniNet 44 K4 T ShuffleNetv2t,
5 2 . MiniNet 3 & | ImageNet"™ Y1 %, i
KL B H Al R 25 #R © #F ImageNet F 347 T il
Y. X 46 506 2% B B L MiniNet 3@ i3 % i1 SPP Al
SPC BBl T A UM R R E RERE 2,
I PR RAE RUBE | Bl 28 9 2% YR B 5 3 18 E Y
KER UG T8 L0 EIEE BRSSO AR Z
(] 1 B %P

3 R T MiniNet B LM 7 o 09 2 50k S

85
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sol. DenseASPPe g ANet
DFN o ®PSPNet
75k
§ il
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Q BiSeNet ® y [CNet
Fos L, WeMiniNet OFCN-8s
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ST ®ESPNetv2 -
60 O ESPNet
®ENet H
[ @ SegNet
55 - @ ESPNetv2
50 il i ol i il i il i i
0.1 1 10 100 1000
S /M

3 ARG S0 105 vk B M 4 2 80 518 Cityscapes i
A BB S mloU f 6 F (F2 L i) s s
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Cityscapes I 0" F 9285 mIoU 1 & R . M
L AT UL A SCHY R0 2% 0T LA d A0 19 2 ROk A W] 0L
AP RE. BLAL . AEE 4 /R T — 28 MiniNet 5 f il
B AT R G Loy HIRE R ESPNetv2 ™ i ] i
LRI RS HE 25

ESPNetv2

B 4 FrdE 19 MiniNet 7€ Cityscapes 308 821 F (143 %)
45 5 ESPNetv2™ iy %t by

MiniNet

CamVid $UHEE. £ T RAE S — DT 7 5
i B B 4 (RP CamVid B8 4277 b 10 T 2 ) 11
W28 . A S0 AT AR O B AR B A R Y Bk 4 H
MR FEAT T 42 40 3% BiSeNet!'! | PSPNet501 |
SegNet™* | Dilation8™% | DeeplLabv1™* | FCN-8s™! |
ICNet'* [ENet"'?) i1 ESPNet™. £5 B AN 4 frn.
i F CamVid &6/ 11 4255, 5 Cityscapes(19 2%)
A i 2290 R A A BB R i S RO 53R 3 AT
REME A A A, AT LA & B MiniNet AU H /D 5 2 807>
Y FLOPs B AT 3% 1] 35 {5 (9 45 B2 6 4, ICNet™™
) 250 5 J& MiniNet [ 30 % . PSPNet50"" 1y £ %
& MiniNet [ 220 fi5.

& 4 PFriRH A MiniNet 5 H {1 53 B # B 7 CamVid

MK MIEE" LR RIER
Jr ik BB FLOPs/G mloU/ %
BiSeNet!1] 5.80M 2.2 65. 6
PSPNet50L! 46.58M 117.2 69. 1
SegNet!#5] 29. 45M 104. 3 55.6
Dilation818] 140. 8M — 65. 3
DeepLabv1#] 42.52M 121.4 61.6
FCN-8s?1] 134. 35M 139.6 57.0
ICNetl1] 6. 68M 2.6 67. 1
ENetl12] 364K 1.3 51.3
ESPNet¥] 353K 1.3 55.6
MiniNet 95K 0.7 66. 7
MiniNet 211K 0.8 67.5

Mapillary Vistas #{ #& £&. Mapillary Vistas 3§

P A2 2 BRI R A 1 S b S B AR AR S St
77 8% Mapillary Vistas £46 4 51 66 4>2 51 ke
413 Cityscapes 484" d Ay 19 42851 . (D &5
“traffic sign front” 2% # “traffic sign back” 2§ 3|
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“motorcyclist” Fl “other rider” %] Cityscapes H [
“rider” 2% ; (3) Z W& Mapillary Vistas % & 1 ¥ &
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s B 5 Cityscapes %046 4R AH R 892850, 9 T
032 A R X R DL B 1 3z A L A SOl A
Cityscapes YIZR&E" F I 25 59 45 5 3k %F Mapillary
KSR (2000 5K 50 HEAT PFAl 48U 5F R R AT AT A
.

1E ESPNet™ i1, Mehta %8 A\ #2130 % Mapillary
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X RN 2R R XA R 2 SR A R R 52 4
AN —FER PR B 3 B[R — A 43 2 . il 40 . “ vehicle”
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“car” & Bl B HE b B Sk LY L R AR HE R DU HY
“boat” 1y, K Ky EA11E &K 76 2 A [H].

Z5R BEEAER 5 b R MiniNet {545 Ht KM
B BB Z 1) W 4% () i PSPNet™™ F1 ICNet™*)
76— 40 (H B IR A T H Al 5 o 0 SO FIRE A, £
}% ENet"'? | ESPNet™! ] ESPNetv2M",
% 5 Mapillary Vistas 3§ iF £ g9 82 0 14T 6 GZ 3

BEPHEFN WS E 5 Cityscapes ¥ & £ I 2 71
#HE BT A R B ¥ 7 Cityscapes | i & Ll %43 B

EEBMAD

ik SR Pixel Acc. /% mloU/ %
PSPNet!! 65. 58M 82.5 43.8
ICNetH13] 6. 68M 78.1 31. 8
ENet!!2) 364K 50. 1 18.0
ESPNet!% 364K 50.5 16. 2
ESPNetv2l10] 99K 47.0 13.2
ESPNetv2l10] 725K 43. 4 14.6
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MiniNet 211K 55. 8 20.5

5 l%‘ =A

AR SCHE T — PR 5 R 28 S B X 25 MiniNet,
M4 3 SPC A SPP MEER ST T 2 R 24 2] Ok
KREB 42 B TR/ B3R (1/16 R , ik
VR - 4 L T 00 ) 4% VR B A SCHRBE T 1 40 1 30
Tl S 56 o DAIE B 45 b 18 T 6 428 1) A5 0t 30K A B
X+ MiniNet [ HLf#. 5 0B 195 #F B RAH o, MiniNet
RS AT /D (1 2 400 5P 1% 3 B RN /D 1Y) FLOPs 3k
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Background

Semantic segmentation is a fundamental problem in
computer vision, which aims at assigning a semantic label for
each pixel in an image. It is common for recent convolutional
neural networks (CNN) to improve the accuracy by introducing
more parameters and operations. However, mobile devices
cannot deploy powerful GPUs that are large and power-
hungry. so that the limited computational resources prevent
the application of state-of-the-art segmentation models. In
addition, mobile devices also have restrictive storage space.
For example, it is impossible for smartphones to use hundreds
of MB of memory to store a pretrained deep model for a
specific application. This inspires us to develop semantic
segmentation models with good trade-offs among accuracy,
efficiency, the number of parameters and power consumption.

To this end, recent interest in lightweight semantic
segmentation is rapidly increasing. Many lightweight segmen-
tation models have emerged. These models usually adopt
depthwise separable convolutions, asymmetric convolutions,
and dense connections to reduce the network parameters and
operations. Although the state of the arts has been pushed to
some extent, current models suffer from either unsatisfactory
accuracy or too many parameters. For example, ESPNetv2
has 0. 73M parameters but only achieves 62. 1% mloU on the
Cityscapes test dataset, while ICNet achieves 69.5% mloU
but has 6.68M parameters (i. e., 6.68M X 4 = 26.72M
storage memory). To enable a model to be flexibly deployed
on mobile devices, we believe the number of parameters

should be less than 0. 5M, with less than 0. 5SM X 4=2.0M
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storage memory.

In this paper, we propose a lightweight, fast and power-
efficient semantic segmentation network, namely MiniNet,
for mobile applications. In our design. we introduce simple
yet effective spatial pyramid convolution (SPC) and spatial
pyramid pooling (SPP) modules as the basic units of MiniNet
to learn multi-scale representations from natural images. To
accelerate the computation of MiniNet, we downsample the
feature map into 1/16 of the original resolution and put most
layers and operations at this small scale, unlike previous
lightweight models that put most layers at the 1/8 scale. The
small feature scale also helps MiniNet enlarge the receptive
fields, so that MiniNet can learn high-level abstract semantic
information with fewer parameters. We also manage to make
a good balance between network depth and the number of
convolution channels for better performance. Due to the small
model size, MiniNet does not need ImageNet pretraining,
which makes it flexible to adapt to new data and new tasks.
On the Cityscapes test dataset, without ImageNet pretraining,
MiniNet achieves 66.3% mloU with 211K parameters and
2.4G FLOPs, running at 94.3fps. A smaller version of
MiniNet with 95K parameters achieves 64.1% mloU with
a speed of 104. 2fps.
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