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RESEARCH ON ROAD SCENE IMAGE SEGMENTATION
METHOD BASED ON LIGHTWEIGHT NEURAL
NETWORK

ABSTRACT

Road scene semantic segmentation can classify images at the pixel
level to achieve a refined understanding and analysis of the road scene,
which is a key technology to support the realization of automatic driving,
traffic monitoring and intelligent transportation systems. Currently, the
mainstream road scene semantic segmentation method uses a large
backbone network to construct complex models, which significantly
improves the network performance, but suffers from serious memory
consumption and latency problems, and is difficult to adapt to the
real-time demand in practical applications. Lightweight research that
reduces the number of model parameters and decreases the computational
complexity provides a solution to this problem, but it leads to a decrease
in semantic segmentation accuracy. Aiming at the above problems, how
lightweight networks can achieve high segmentation accuracy while
improving inference speed has become the focus of research. In this

paper, we propose a lightweight road scene semantic segmentation
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network to reduce the complexity and computation of the model, study
the model optimization method based on knowledge distillation, and
optimize the lightweight network with knowledge distillation through
knowledge migration to further improve the segmentation accuracy. The
main research content and conclusions of this paper are as follows:

(1) Lightweight Road Real-time Segmentation Network (L2RS-Net)
is proposed as a real-time semantic segmentation model for road scenes
based on lightweight network. A lightweight feature extraction network is
designed to reduce the complexity of the model; a lightweight pyramid
pooling module is constructed, which reduces the number of model
parameters by introducing asymmetric null convolution to make the
model more lightweight; a coordinate attention mechanism is introduced
to enhance the network's ability to capture information; and the
cross-entropy loss function is optimized to balance the difference in the
number of samples of different categories and improve the sample
segmentation accuracy.The experimental results show that the
segmentation accuracy of L2RS-Net in Cityscapes and Camvid road
dataset is 72.2% and 53.8% respectively, and the segmentation speed is
46.66 and 24.58 frames per second respectively, which is a more
significant performance improvement compared with DeepLabV3+.
Meanwhile, the model is deployed to the embedded device Jeston TX2 to

complete the verification and testing.
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(2) Propose a real-time semantic segmentation optimization method
for road scenes based on knowledge distillation. A structured knowledge
distillation is proposed to address the loss of segmentation accuracy of
the proposed lightweight model. The method is implemented using three
knowledge distillations, introducing pixel-wise distillation, which focuses
on the category differences between pixel points; pair-wise distillation,
which enhances higher-order knowledge migration; and adversarial loss,
where the output of the lightweight network is used as a generator for the
adversarial network, and the generator loss is used as a holistic distillation
to efficiently transfer global knowledge. The experimental results show
that the accuracy of the segmentation method after using structured
knowledge distillation is 74.3% and 57.2% on Cityscapes and Camvid
datasets, which is improved by 2.1% and 3.4% compared to L2RS-Net,
while the segmentation speed remains unchanged.

In summary, this paper constructs a real-time semantic segmentation
model for road scenes based on lightweight network with the reduction of
computational and parameter counts as the optimization goal, which
effectively improves the segmentation speed of images; and further
proposes an optimization method for real-time semantic segmentation of
lightweight road scenes, which uses structured knowledge distillation to
train the lightweight model, which improves the segmentation accuracy

without increasing the computational energy consumption, and provides a

VI



new approach to real-time semantic segmentation of road scenes, which
provides a new approach to real-time semantic segmentation of road
scenes, which provides a new approach to real-time semantic
segmentation of road scenes. The optimization method for real-time

semantic segmentation of road scenes is further proposed.

KEY WORDS:Real-time Semantion Segmentation , Road Scene ,

Knowledge Distillation, Lightweight Networks, Embedded
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B SEILIE R A AR ML . BRI L —E KB KAERHE B B sh, TN

B, Z)RERB AT DLSEIUACE 2 & 2 KRR
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N

F, =Y K/xF,+b (2-1)
i=1

Hrb, KBRS iR, F, 0 NRHE, F,, RIHRAE, N
WHoETER, b RN E

WE, BREBESC, xH, xW, HMANFIEERN, C,, xH,, xW,, i
BHEERSE, C MRNEBINE, C, MRUGEINE, B, ONROSEEE, o,
N RFIE R, W, VR NRRIE S, W, NE R IR ST, H N ERRIZI
IR AVSE A AR

BNFFIE S a0 R 5B R 2 T 5k A 2 SRR 8

H,,=(H,+2xp-H)/s+1 (2-2)

=W, +2xp-W)/s+1 (2-3)

out

p TS, s NiEED K. BRI 2-4 &R

3li1fo]z2]o0

2lof1]1]2 3lof1 1110/ 3

L1021 ®IL|3]|9) = |4]7 |12

210]-115]1 ol 6|1 8|15]|15

N o el LR o R
o AHHIEP

K 2-4 BRILFE

Figure 2-4 Convolution process
(2) BOH R
BREEIA TR — itz 5, BRUZ S H ke s— e i % .
FESEPRB SR, SRV & IR A Ref e Ira [, BT ARG 225 NAEZei ek 2
SRAALL S B 75 00, o 74128 D09 45 HO I NI BR B, A T AR AT 25 2R AL R4
A SR O i ﬁﬁmh~&ﬁm%ﬁ%@ﬁ@%S@mmmmﬂRdu%o
BT R B A LL PO R B E
Sigmoid MK —FlvE F T R BeE s AL, HRR ARSI A5 R AEO, 1)
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Z 1), fan AR e RES A vl =, HL s BRI R IE S i 2 & 15K % - Sigmoid B

il 2-5 () pis, Fisw= 2-4.
1
1+e™™

Sigmoid ) FHUHEVERE BN, = FEREERETEN. H2aM)z
BRI RRL T 0 I, 2 DB SV RILR - Sigmoid &) pr Frith 2k & 2-5 (b)
B, FHBUEEN, BUETEHEZO, 0.25), Sigmoid Stk HiFziAA it 2-5.

(2-4)

o (x)=

o'(x)=o()[l-o(x)] (2-5)
10 025
08 020
06 015
04 010
02 005
oof —— — ] ow
8 6 -4 —2 0 2 4 & 8 8 6 -4 -2 0 2 4 6 8
(a)Sigmoid b £ (b)Sigmoid e £ T 41

K 2-5 Sigmoid BRE K FEE

Figure 2-5 Sigmoid function and its derivative
Tach PR BRI IEDV)EOE R, SR &S RAE (-1, 1D ZE, BLo b,
Tach K& EE UK 2-6 (a) iz, Tach R ERE AN 2-6.

X —X
e —e
tach(x) = ——— (2-6)
e +e
100 10
075
08
050
025 06
0.00
-0.25 s
-0.50 -
-0.75
-1.00 00
-100 -75 -50 -25 00 25 50 75 100 -100 -75 -50 -25 00 25 50 75 100
Ca) Tachpf Y (b) Tachpf £ 4L
P 2-6 Tach pRi 40 3 34

Figure 2-6 Tach function and its derivative

Tach ) BEHEIE (0, 1D ZIa), ATLABARBEEEM K I, 45 1ELf o Tach
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FHER B ER K 2-6 (b) F7R, Tach FEH kR =l 2-7,

e
(€™ +1)°

ReLU HRHUHE T 45 R —EMEH, HfraZfmt A 0 8iESH. ReLU &
HETN B E . ST EE R —. ReLU M EEEHA, H—, fH
THREEAN B, ARUSEEREN AR, A x=0 I}, ReLU FHIE N 1,
ReLU R 2-7 (a) EfR, Rk 2-8.

tach'(x) = 2-7)

0,(x<0)
max(0,x) = (2-8)
x,(x>0)
10 10
8 08
6 06
a 04
2 02
0 00
mlh (1] -7: S 75‘ 0 ".2‘ 5 0'0 2‘5 5’0 ?'5 10’ 0 —‘B —'6 —'4 —'2 [') 5 é é é
(a)ReLUpA (b)ReLU pfy £ T 4

K 2-7 ReLU &% H S5

Figure 2-7 ReLU function and its derivative

(3) hfb)Z

N T BEGREIEGE R v, S AL R BRARLE T . AR T AR A
MEEI RS 5488, DB S R B . e bk 7 OB Wil iRk
A RIT Bt AR A o 5 R A 458 A1 380 3 348 B3 350 DX 3 PN P i R A SR S EWARFAE ]
JUST (R39S R JEE (Y BERARR, T Bt A A 24 B 30 DX 3 P PP BB SR S B o Ak )
THE R ] 2-8 FrRBe,

415 | 2| 2 Exok E 3
f——

T 3 | 1 i °

2 9 | 7 it ik Z‘ 2
e——

o7 3|1 - B

K 2-8 Wi ERE

Figure 2-8 Pooling operation
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2.1.2 DeepLabV3+ 4%

DeepLab #4117 1H L EME s FI U b & 32 0G0, A3 FIBA T 2015 4R 4k
S, I 2 RBERFIE SR IBORR i o) 45 H A 1 g 130t

DeepLabv3+M 2% S5 1 U1Kl 2-9 FIT7i o Gnhsh 2% B B AL P IR B2 5 AR P 42 (Y 28 14T
REAESEHL, R 5 16 FH 25 0 25 8] 45 B AL & 7 5 BB (Atrous Spatial Pyramid
Pooling , ASPP) MASIEATAFALIG 5. FEARID AP BL, K ASPP fay t O HFAIE (&1 2t
1T FRFEEAE, 5D 38 b i 2 RHE AT HERAE, BaT FoRAHRIER
I EERE, (63 RS ERG, 153520 w2

P

.
=
l

@%w B8 L) m |

|

K 2-9 DeepLabv3-+ 4%
Figure 2-9 DeepLabv3+ network

i (Atrous Convolution) 4552 REE R ER, ARy KT %
B, MSELF BRI BN, S T RIRAER . ASPP BEERBE A A AN )
R FHREE ARG R, A R0 R ORI 7 i f s FL A FH R P 5 R ) 2% 45
R REEE N RAE SR I 45, i AR T SR, AL B E TS bR R A

(1) ==iF#H (Dilated Convolution) H Yu %8 A&, i@idd 7k % (Dilation
Rate) , AJ LGB REZET . SERMEZHIHE AN 29, Hb R A%
FURSZEF, k NBERRZRST, r oA k. B2 2SI F RS S RS,
RSHS 5ENG RN, I RAE SRS R T/ N B, %
G RAEAS B ER, i FEUE B0 g ] .

R=k+(k-1)(r-1) (2-9)
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(2) ASPP FHHAT HATHRAEA R KRB ZIER, TE G745
. ASPP 25Ul 2-10 Fisk. ASPP Z5HAFE A3, — AN R FEibibG
BEAT X1 B RRERAER ERAE, —A IX 1 BERBRE, =AM ik%07000 6.
12, 18 {1 3X 3 WG ERAE, A S BT P ERAE, Had—4 1X1
B R R R

PN ETHE

bl g | |3 TRER || 3SEEER || 33 TRER | | SR
B ¥ ik&E=6 ¥rikFE=12 ¥oka=18 &
S
1x1 &
R T
RFE

] 2-10 ASPP 44
Figure 2-10 ASPP structure

(3) fifB% o AE 6 47 RO R &2 30 45 02, o 48 2R g SSORn o SR T
DeepLabV 3+ iR 44 g i i ot O3 J= 15 DEAT BR4ERR AT, Ke g i sl i 2K
B 48, FRARREARL I ZRAESE o b ERe ASPP i th (IR 215 22 AT XU 4 1
EORFE, EEEG RS SRR RS AR, g iseIpiE Z mHHE, g5
MRARALRE ST, FIENRIEEE, s S SRR AL, 2 W2kt b
KAE, ISR, SERRILIRAE . RS A WA 2-11 .

KERER HREEE

Bl 2-11 ffhh a4 ¥
Figure 2-11 Decoder structure
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(4) DeepLabV3+H % F Xception W48 /E NRFAEHR M 2% . Xception f&7E
Inceptionv3 (BRI FE T R K FFAESZ N 2%, Inception 7EXT MG HEAT AL PRI,
PR AT B AR, RIERFAE B (VdE (5 R A 2 A5 B kAT 20 B, R A0 Dl 23
B, $Rm5r K . Inceptionv3 SR B KN IR AR 1B F 0 Hdh AT 4
RERAE, IR HBTUE UK I AT RAE B AT IE R, Inceptionv3 (¥ 45 45K 4
K 2-12 FizR, ARSIl I 1 L IR RAE B T8 B EAT b3, SR S5 X
H FIRRAE B HEAT 3% 3 BALA I

LITPN
!
1x1 % 141 B
LB R I | | |
» ; ftl
1x1 &R | | 33EM| P PN Nogen
33 HM| (33 HBH | ' I
sam| | BR[| 3w | | saum

(a)

P 2-12 Inceptionv3 W45 4544
Figure 2-12 Inceptionv3 network structure

Xception A& FH A 8 BAHE H 1 e i 42 B4 A =k B 188 o Xeeption B4 =
EU¥4 Inceptionv3 [ IE GG e BRE AT 7 BG R, @it 1x1 G R R,
P 3% 3 MR R AT IE U7 7] ) PfFE . Xception M Z82E Mt 2-13 ATz

N

'

1x1 HH#

3x3 3x3 3x3 3x3

FriEes

P 2-13 Xception 454544
Figure 2-13 Xception network structure
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2.2 SERTEMGIE X S EIME AR
2.2.1 RBBZ SR

SIS L BRAETE O IR IR, R — R AR B AR s s A
L, R IA B SV R RN ORAE — € RS B, i R BRI 4% . B
PAE . S BTHSE

(1) BHEFMEBIE Y ARG Z BR A A EE b SEI m PE Re M e v — 28
TREE 7 SR o X SR AR AR i 1o B AR 2 B A v B 2 2 P R SE B A i e 4k
SqueezeNet 7E 2016 F#i$HEH, SqueezeNet WL 1x1 HBAAZ, W@
TEH, UL T A ) R4S AR 2 R B R R, B TR
SIRJE: Fire BEIUGELH S AR KNI ERZ, fém TRERI 2, 1
s AR IR AE 7). ShuffleNet B 348 K 5 BF 78 B BA T~ 2017 “E 2 tH i,
ShuffleNet [ HFFAEE 4 HAH, DISCm S B =mtHa . B
B N IEE o A2 AU, REAERADNHA AT ERRE. Tk, B
KRN H AR BIBEAT A, DASEIURFIE A X AR . e, RO I I 24 5%
7 B S A AR B BT R &, 13 2B & 10 HY R AR B MO Xeeption £
2017 MR, Xception /& —FFFE T InceptionV3 F BB AL,  HR VR 7] 43
B G EHEK InceptionV3 HHIHEGIN, RS HE, =Reit R,
{E AR AR AR 2R o 2% S R85 5 2% . MobileNet R FITE 2017 4E8E Google [A1BA
2 H U0, MobileNetvl SR T IREZ 7 BB, KGR IR EEGR
AZR SBR, B TSHEMIT A E; MobileNetv2 {8 F 1 fznyk Z= ik, @it
BEERERRAL S Bimsh, I s B S SR 2 AZ AL RE /1: MobileNetv3 i
H T NAS 1 NetAdapt FIFA8 R AR, FEM TR ZER A 5] N E4E AT
JiltEe (Squeeze-and-Excitation) .

(2) BRRBRAE MR IR 7 B G R GARERAE 7 IR LG RANIZ 15
Mo WEGBIEIEIER, B RGP EEHT . W’ 2-14 frox, HRA
FEEN Hxw < C,» S EEN HxW xC,, BRI KN KxKxC,,
PRSI SREITRENSEEN (KxKxC)xC,, REGRNIETTERNS
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HEAK<Kx)xC,, BRGIRIEENTRENZHEN (Ix1xC)xC, . HLL L
AU/ H, BETSE SN HNELEWBESHMN

KxKxC +C/xC,

1 1
KxKxC/xC, C, K

Maps < 3
~ Filter < 3 s

4 —

3 Channel \ 77|7

Input \ | I— L

== =1

Filter < 4 Maps ~ 4

NG WEEER N B EER %
K 2-14 IRFEZAT 7> G
Figure 2-14 Deep separable convolution

FEXS PR ARLE KPR 2 BT 130K AN [F RN BB R K — A nxn BB
TN nx LM Lxn RAERRRZ, MG RRRIES RARE . ani&l 2-15 B, Aeife
BN nxnl, —IRGIIRANE T EIAT nxn UORIEERNE: HEHAEXNTRER,
—IRB BRI TR E 2 x n RFEHAE . HEL ERTLMSH, IR RGNS HE R
TS Al R

nxn n

Y

\J
A

L[|

LIV R e I i B it
B 2-15 JEXHFRGH

Figure 2-15 Asymmetric convolution

(3) BT B RAG WHERI 2 4 (T 42 2 BB BRI 785, R TR ) 2-16 %«

A G H LB BRI T R T AR A BB, AR R, R4
2SS, Hessian SEHHS. 1277 A0 B4R R BIME Al (5L ok TS MU 6O 1
I LA S PR . Yang % ABSIE ST T 4EiR T, U 200 Bk 2,
I ELTEAE L £, 0 L, T HGHAT ARS8, 78 MR R AR T L, B L, FORS

FEH I, IRMAEMEEY 5 BRI ZRNTR 00 T L, B L RORS EESE 4T . Neill 55 A BT
18



FEH TP BLE I N SR, — X 5 i KAERY, 53— DR ARIBBI 4 Hot.
AR BT R R AR RE S W E > M SR, B R ARG AL BB SRR T A
ZCBENE, AL BN ZE S5 R RS

(b) &MY B EUE

() SHUITBUEIE

Kl 2-16 RS ML ETE 5 a5/ BT AL
Figure 2-16 Unstructured pruning and structured pruning

BT M 1) AL A B R 0 T VA G A R AT 2 Y . Li S NP T
— L B R A M R B A R LRI T PN e R
I 58 DNN 1 HHFIER 7R o Kuang 55 A OV i A 38 T8 X A 55 HH < 40 2% R 210
SO, T T B AG, 3% B B BRI . Li 55 AISUOER Y 1 — s %K) DNN
o SR RGN B RGO 1%, N R R T R I RO, F AT 2% B RO VA T
FE— L, K2 BB EN L EIRCR, HE 0 SHOEATHOR, X
DINALE R

(4) JEFERHON, BB SHE A AR SR S S B A AT
FE SR RT3, AT DA A i 75 SR 8 T o 48 A Y 2 A A T B SRS 1 1
BRMRTT S SE . BB — Mo R EOR, R BIREN R &
FAEGH FPRCR B2 o EALBOR SRR bR — P IR BE (N AR T S M A7 i AT 55
o BEMEMRIEIA R BRI ERUL, I HAEA ZOh ) (A R 1 41

e,
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2.2.2 FRZEERR

AP 2 AL B IOV 1, TEMIRIN SR, B 2 2SRt AL ) 42
A MR A O AU SRS I AT 55 Ab A RELOSISST . AR T, A AR Y
WEAEERMA AR RS, DLURBGRAI Mg 41, DRIk e 71
PR o FHIRZR BRI Wb I SE & 7 B A AR s AL B 8 70 A0 ] SRR S 0 /N
s IR R AR R R E AR 40 Ty SR Y, SR SRR S R A A R A H A R
TRZRTHBORAE AL BARDUE 55 I REAS SR TS TR (R 1 L PRI R () B 4

FRZER R SE PP BT IMBCEA RS, Wl 2-17 fros. B, Hi#E
Ao Ilgr “ZM”7 , Wi DI TERE R I 2 R,
AER G I s RN, BENE IR 2 BT 55 07 A Rot Ak
BHE. &, WA “ZI07 8BRS INAR S, XM S TR N
IR FL SR EUCRNR AN 3o IXEEARZE 01 1 R A 55 (O B AR AN AL B 7 3 2
TR, AT A R, mt R AR B, R SRR A S R A
X a7 L, ARAZYIZRI AR AEE B BAR I VEREACT o R, Ak “5242” BRI “ 22007
MRS, JE 2 AR R R AR bR A B 2R RTINS, A S R e
WZRA AR, M T20 MARHEE b2 2] IXFE, 524 ” BRI AE IS 2
“ZIMT RS N EA RO SHES AR, MR I RR . BA SR E
Rt LIRS0 e 3N, SR RE0E B PRI AR KRR g — AR,

B AKLoss
A

A

( AT R } > A X fiLoss /32 XM Loss ( R bR )
A A

softmax softmax e
HRET fRET PR
S ZR i FUM R 25 FHEMEE

BAAE
K 2-17 JiR 28000 1%

Figure 2-17 Knowledge distillation steps
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23 MANTESHIEG|EE

WREES IR A N LR RIS SRR TR, 3O, 15E, ERbHE
SEATUSUR I T B R B o BN Il ) M B AN TR T, TR EE 2 S X 4% Sy 1 A
ZRINTT RN, R BRI A RE SRR SRANWE . SR 5 R AE LR s,
WA B A R, BRI IR N 2N & b 0 FH R IR P 2 ) S 2 w4 . H s
WLk NP & F Coral Edge TPU. FPGA. Raspberry Pi. Jeston %1%, AIA{E
RN & IR LT PR AR R Jeston TX2.

Jeston TX2 /& —Ff CPU+GPU ¥k A X424, CPU & Denver 4b# 23 1
ARM Cortex-A57 4bFEAS, Wik TAEHIAR N 2.0GHZ. GPU 8 256 Mk
Pascal Z2#4J 1] CUDA #Z.0, BN W% I 5m LAEMIZ N 1.3GHz. b4, Jeston TX2
£%% 8GB 128bit LPDDR4 HJIZAT W A7, # % 32GB ] eMMC f#fifi 4% (1], 58.4GB/s
[F)7 96 o Jetson TX2 AL & 1 H4m AL Mk, wJ DAsi B 2.5Gbps )38 & 7 5 Al
1.4GPi/s 1T ELBE 17 . 5K BE V7 SOB B (FP32O IS AE /17T LLIE F 665.6 GFLOPS,
IhFERAK AT LUA R 7.5W, HsewyEanE 2-18 Fis.

& 2-18 Jetson TX2 24 &
Figure 2-18 Jetson TX2

S Jeston TX2 A7 58 KHITHELRE J7, (I BB AL IR 2P 6 BOTR I 5 ST
T 5 B RIS (R I, TE v A SE 75 R o BT DAL () R, 5 {5 FH IR 2 )
TR HESE 5] 2 TensorRT SIS 2R F1 HE 2 fir st o

TensorRT J& —FCIIEHER 51 %, HARES 6. — BRI
TR GAE A, F 0 B RN U4 Jeston TX2 H, FIH] TensorRT i#H47 JiHiE
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Zeid s Ja f I 2R, BENS R BT s BN R, S RO, R
XS PEE SR B 5T, RAEISLE . WAh, TensorRT b SCRHRAH K1)
R AE . IR AR 2% Tk EOR RE N 32 fLIF s BU(FP32), IR B STHE S 256}
PR WS FEAT S (HTEREAY B SHERN B, R M ar &R aImT, By T 42

rTERE . ACEAR IR T DO = BRI

IRIEE 52 ST INTEHEPE 5] % TensorRT X ERMA MK IAT &I, KERZ, W
HEMBEEEI AN, &IF)EN CBRZ, ZERIAE FHFAAE Zisd T M
2% JZH Hﬁﬂmm ﬁﬁﬁTAﬁﬂ% IR 2-19 Fis.

,,,,,,,,,,,,,,,,

2-19 TensorRT 2[RI\ A& 3F

Figure 2-19 Vertical merge between TensorRT layers

Bl 2-19 R X2 2R T &6, %A Ik T E R E, H2EHmE M
BHAEEHEZZEMH, I &AM ZA CBR 2. 4% H £/ CBR JZiY, TensorRT
S0 RGBT Z B A A F, B =)2 CBR E&IFN—1 CBR 2, ZEAUKE
fa] ey, BT A . Hr i m S IR T K 2-20 B

l——

Pl 2-20 TensorRT JZ[AIH [ &
Figure 2-20 Horizontal merging between TensorRT layers

TensorRT HEFR I S LI MY 2, anl&] 2-21 LT 0 Fs, B 6%
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Rtz 4 3N TensorRT LAt as H b AT A% U, FEXH AT FR AL ERAT, K
HIAHON TensorRT #EA . R J5 FRZE AR AL BB BL, Wnl&] 2-21 A0 &R & #B Fr
7N, TensorRT #EAY a8t o [y S48 AF £ i Runtime Engine. fEMUEFEF, 58 MKa)
SIREAFEN CUDA WIZH H 3%, DI IREZE GPU L@ RUE1T . FER
HE e, BIURTREATHERRIZ S, 15 SRR A T 45 A

FABR Bk R FE5 e
i _| TensorRT > | TensorRT TensorRT il o
e il BRI = il Runtime Engine > R
g i

K] 2-21 TensorRT #EFL T FE

Figure 2-21 TensorRT inference process
2.4 BERE SN fEHR
241 BERSERYES

RS XTIE S SR IS X BIT7E, N T RAEAR SO FL 72, ARSCR
F 7 BANAS [ FR038 2% 37 5w B BT SR IR B8, /3 Il Cityscapes 3 i 755 24
A CamVid 18 #% 37 5 55 5

Cityscapes /& — MR AR AHREE, WA 2-22, 1ZEHH4E AT S =500 A K
EEMG, FEERTIRIEFNRE. B RRplnE s, BAHEE S 24998
SR o ARSI HR 2975 HORE AR RE G LA 2 500 FRIGUE B3I T I SR AN 50
E, 1525 Sk EIE, BdRER S 19 MR 1 A S5, BB N 1024
X 2048 5%
M e B
' __: = . el Lo

e o e W e

[

|
|
|
|
| |

(a) FHE (b) briEE%E

& 2-22 Cityscapes 44
Figure 2-22 Cityscapes dataset

FEVE Loy IR A8 AN [ RO €K AN [R) SR 06 5 00 B AN [ (1 X 3, A
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ORI IR XL {E Cityscapes XUEHEH, T 19 DR BIBRE X K

RIBRZE L NL IR R AR 2-1 s
< 2-1 Cityscapes HUHEHEFR 2 ENERT B

Table 2-1 Cityscapes dataset label color correspondence

9T B4 PR AR P E4S PR AR
0 T8 % 10 KA
1 MNATIHE 11 NS
2 jEsiikY| 12 BT
3 Bl 1% 13 RE [0,0,142]
4 = [190,153,153] 14 RE [0,0,70]
5 T - 15 NG [0,60,100]
6 i@ [250,170,30] 16 K24 [0,80,100]
7 AR [220,220,0] 17 FEFEZE [0,0,230]
8 iER ) - 18 HAT % [119,10,32]
9 i [152,251,152]

CamVid (The Cambridge-driving Labeled Video Database) #&— M 37 54t
YA« BUARAE DIV EAT I A PSRRI T 1 B 3% 5 By, 048 2 B TE (1 R AN W 55
AN TR] I T) B (A1 5% o B R B it 700 Sk MG, b5 367 SKIIZREEIE,
101 5RIGUFE R, 233 SRR EIE . BaREAS 11 2851, BBIRST RN
960X 720 183K, #rnBlanE 2-23 fros:

(a) JREE (b) Rk
Kl 2-23 Cimvid $# 4
Figure 2-23 Cimvid dataset

7E Camvid Zidg R, SRABT 11 AR FRZE AN N bR 25 20 6] W 2 28 U
% 2-2 fios:
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% 2-2 Cimvid $0 b5 2 (0 0 7

Table 2-2 Camvid dataset label color correspondence

9T B I B4 PR PRES
0 R 6 LR &
1 WY [128,0,0] 7 Bl i [64,64,128]
2 T [192,192,128] 8 RE [64,0,128]
3 B 4% [128,64,128] 9 TN [64,64,0]
4 MNATIHE [0,0,192] 10 BT
5 i

2.42 B ERMES TN IEIR

N T AT PR RE I T R ILIZ AL RE ST, BEFUN DL 4R FH 2 AN
Ehr. W LIIEMTEFR IS IF L (Intersection over Union, ToU) . &EFDMi%L
(Frames Per Second, FPS) . V¥ riiz%4 (Floating-point Operations, FLOPs)
DL Z¥& (Parameters, Params) %5

(1) P22 I

ATIFLE (QoUD & —Fh o> EIRE BEARFR, Dy Tl 45 SRR B SEhn 28 i) 28 R A8 I
Sotesl. kR EAEARENK B, B OEHFEZIFL (mean
intersection over union, mloU) KiFA4 K B/ FIKEE . P58 IF LRI AR
FRNIIAEF P, ot E A :

o

k

1 Di
mloU = u
kHZ (2-10)

k k
=0 Zj:O Pyt Z,-:o Pji~ Pi

(2) HFFDIIEL

AP (FPS) & —Fp o B EEFRAR, THREBA R m] A2 1 R S,
FPS Bk, ARSI R, 24 FPS KT 24 A Jg & SN g LA

(3) ¥F s HA

P RIS A (FLOPs) M@ B G B (Mdahs, [RMARALEATIHE /). fESE
B, AR T B B AE WU IR ER S h, i TR SR b, R
(R B 7R DA
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(4) ZH=
SRR /N — M EE R, SEEN, WEAGEN, 25550
BRSNS ERIEZRA TS GRMEME P SHGIREMSERE, B
FESHE I E AR 2-11 for, AEREME AR 2-12 Fios.
Para(canv) = K x K X Cin x Cout <2_1 1 )
Para(connect) = Cin x Cout <2'12)
Hr, K HERZRS, C, NMANFHEEIFIEER, C,, % H Rk E
THIEZL.
(5) BERUMEHE
1B Z WM (Pixel Accuracy , PA) J&—Fh UG R AERH S K $a 45, 14
MR FETH SR 0 R R AN EOR SR AN 1A 1) B AR« A5 2R AE A B = o

o FISEH or FIHER R =

2.5 KRB

KEEHENA T 2GRN R EARZ M A TAE 70 Hk, v 7 ASC
FEAil 2% DeepLabV3+M2% . SRIEN4E T SE BURIE X r BIMRHAR . SRIE/ 4
TIBE M AR 4E Cityscapes 1 Camvid LA K& A b5 MIoU. FPS. FLOPs 1
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%38 AETRELMENEETRRMEY
RIS ERS

3.1 5|5

TR R TE o BIBAR A S ok 03 o BRE RE, A EHEA S AT
TARYY, 3R IR L 58 B R 4 S ) o SR SO0 25 B e bR, (R E B0
SEUBZIF AR, M LA R X A A PRE SR DU R o RIS BT E
I3 BN SR SU NAAFAET JE 2 G BRI B 1) P-4

DeepLabV3+M 4% 52 H {il M ML TS 2 —, 7F Cityscapes G454 - #
WA TS HMAATEA S, i as hARFE SRR AR B D PR UG 4L S, i
NG BRER, MRS VAT ;s 25T 2 (M B A Ak & B A b

( Atrous Spatial Pyramid Pooling, ASPP) 7EMAId st HEIEE R EAEE KR
DTER, PRERAO T ARSI EREL, H R I RS R, ARG
AR E 2 A6 Ry FRAEIRIUM K A NG ZHE L. SHEK KK
ResNet101008), B3R m T /0GR, ARG RS, SHER, MEIHHE
Ko ASPP HEHHfE AR HE TR, IR KT BRURZE, (HfE—5H
T SHE, BRVREENR, SRR, W4 Z0E S .

BERT DA b0 R, A AR T — b T A D 5% R B 3 S S i S
% (Lightweight Road Real-time Segmentation Network, L2RS-Net) . A X 7E
DeepLabV3-+{1 Al b, HGRAAEFEEUN 4% B o i B4, IFxHZ R R M 4%
BAT BRI, BOHRZEMEZ, #— P EESHER) SIS B R
PRERTREAN, # PR S BEE, REi R, 5INBRER:, X
FR-MRAD AR HEAT A F) RO RE B DA, IR EE R, S E

i
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32 ETREUNEZVERGRSEFNEX TEIGE

< it

MobileNetV2

P .

K 3-1 ARmLIE s S 1 S0 1 R 4%
Figure 3-1 Lightweight road real-time network

ARFEREH T — b SE T R A X 485 14 1 8 37 S5 SIE PR 53 %1 X 4% L2RS-Net,
W& 3-1 s . 252555 AL 45 () DeeplabV 3+ 2% 45 44 R R 2%, 0 JL kAT 4%
A

KR M 45 MobileNetv2 B AR AR b (R RFAESE BN 2% Xception,
B 1k 2 A% N RAEFECRHE R RTId/N, # MobileNetv2 F4% (1 T R AEAE #5632
BEA A 16, A T BERbsEB RIS E, IR BB W 7 —F
BEALSFEMALREL (Lightweight Pyramid Pooling Module, LPPM) , K45
BB HN ARG, I HAEHE46 5 7 a 4R IEmE 2, b oh Ha
TERHESEECR 25 F1 LPPM Ji5 [A] I 5] N ASARIE 3 0, oRah o BIRE BE S 2R AR
) 2% rFofs g B B8 L AR 2 AR AE 181 5 LPPM %t VR 2 AR A &, R E
%ﬁ@ﬁ#ﬁ¢%@%@%%ﬁ%Nﬁﬁ%ﬁﬁ%ﬁ%ﬂﬂ%ﬁﬁ%%%i?i
R, WENREER, /IR EREEE: 5N RS X R R, 3 AL
ERF, SPETECE ER Hh f B R ERE AR IR S S BE T

3.2.1 $FEIRENMEZ I

FFAEHE N X 2% 45 F] MobileNetv2 [R5, MIZE&ERIUNIK 3-2 Af7~, #EZM 2%
B A — AN 3x3 10 i 5 ARk PR BB AR RRAE, 3 512x1024 %3 [ 5 N8N
256x512x3, RIGFEH TIEIH A ReLU B0E oK 30— 45 A PR IX L 44
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o VR AE BB R 17 4S54 MobileNetv2 Bt IZE MG AUBIE (A Block0 %
Block16) AkEEHRIGAEAERFAE . 1EIX— RFERAEF, Block0 F1 Block2 [ H 4
J{E 5 DeepLabV3-+f#fith 35 I - (M ARFAE Z P42, 1M Block16 1% H 45 £ g i
L HL{) ASPP (Atrous Spatial Pyramid Pooling) %449 L4 HUSE IR Z R R ES 2. .
Block HJ A EBZEAE AN 3-3 Flos .

256x512%32

128%256%24

| 64x128%32

h 1 32x64x64 32x64x96 32x64x160

<34

4] 3-2 MobileNetv2 [%4545H)
Figure 3-2 MobileNetv2 network structure

A\
1x1 &
Relu6
\A &
353 HEHH <1 G5
Relu6 Relu6
1x1 % i 3x3 {%fg%%ﬂ
Linear Relu6
1x1 FHF2
FHm Linear
A
B Lofl
H =11 f1Block 35 =21 ff1Block

] 3-3 Block P4 #4514

Figure 3-3 Internal structure of block

FAAF) Block B TAENLE], 2B KKEEN1 (B stride=1) K, 1ZZ5#RH
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BRI, AR SEHET xR T R, EHIUR (R
R ReLUG %, ReLUS (19751 A\ FTLAMUBISR (10035, ki e
o TR 00 33 IR A BB, DO P HARIESB, RAT T %
RIS DL SR B R B, LKA — A ReLUs BT, I
Dl B BUHE S, TP R RR (L, SRR R R &
B R OB 5 MR B R BRI R 1 e S

LN 2 (B stride=2) 1, Block FOBLRIUAHE PSR FRAE, DL
B MARHURHE, JLE5HI 5 5K 1| BHRIBL, (R4 A S5 SR, DG
BRI R

3.2.2 FHIER SERE

7 7 () 5 AR A 4 8 7 EE AR T AR HE R IS A, I H A e 8870 3
o= A [ e R R K], S EUHER S BRSHEROR . £ PR, %t
ASPP Z5HEAT R RE, i 3-4 BoR, #4417 — MR & BB LPPM.
LPPM B HAN ST, — AN SR 1 X1 ISR RHAE B 3R AT PR 4R 45 A
TREA BRAGEBRF AR, FRARTHSRL R R b =N SO AT 3 X3 BB AR AT AR
XFPR ARG RRAE , 1Z B R RKE 3 X3 {72 B UL R 2000 i A 2 IR S A%
3X1 M 1X3 EBHZ, WOBRSHE, A3 B &R MERA, 2tk
AT 8 B ARG, A TR SR i Jm BB RS, 78 LPPM it R
SNBOEN 1XT, SRR 11X BT RRE T ERAE R RN . RER A
I3 SCHVH R EAT DR AT, P REAT PR YRR, 5 ) RDEE B S N B TE B A

T3 3CHE B RFAE BB E BT AN G, IBIE R K/a € 3, K 25 A RHIE
KLIAEE, a REAH T, 40T a v DR I BITHE R R E, A0
FEAER T a WCE N 40 ST A AFEE X e RO, LPPM BLH € M-

Y= Fll(El(X) || A3,6(X) || AS,IZ(X) ” A3,18(X) || FHEI(X)) (3-1)
Ak,r = (Ixk),r (Ekxl),;‘(X)) (3'2)

Hoh Y FoREHAER, F L #oR 1X1 B, 4, RRIESHRYT KGR,
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Foy R Eyy S RIFRAIRRER, 1 RR 9K, B, (X) N ERIIMIBIL.

CK Lt
LN
sz HR 31 B 351 B 3x1 HIERYE
ER 1x1 L
=6 (=12 (1=18) it 1x1
S e e Sose S
: ‘ i : = '} | ‘
IJELEL. a2 I ) 5:7 } I
\Ka____ [ _______] i ,,,,,,,,,,,,,,,,,, ¢,H/ l
Y
Funl oty Sl =3
G 321 A 3x1 B 3x1 251 11
(r=6) (=12) (=18)

> s .—‘ ‘ i
v
sl — ‘#] BIEHCK
A H‘*E@iELF* U
5K/a -

K 3-4 il e Eb i
Figure 3-4 Lightweight pyramid pooling module

LPPM [ 3= EEOTHRE T X THE R b, —J7 mE R AR ARG AR S, Bl an
—A nXn WATAER T BT KXnXnXF KEEE, K NBRARHEBIES, F
% VR E . AR PR R S B RS2 B AT SE T, A HE T 2X K Xn
XF RGAE; a6 1 a L, AR ER R RN 75, K

A VA 1 y, (=} N2 MY N2 =
HEAT S K xnx LK WHAE, 4 a=4, n=3 B, 0 BB/ K2 70%00 550
a a

3.2.3 $F{EIEsRIRIR A

RFAE SR HUR 25 f) B s A A B AL RFAIE Bl S AR R (A 3, FRAR TS MR, 4R
TR, B SET ERE AR, XA L, ARSI R 45 L
SRR X 25 J TR 5 NTE R /B

TEE IR AR B R R B B, R T B IR 45 i 46 1]
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B WRIEER A FERE, THE A E R . 23 8 S I HLH] X AN E 7 6]
B ST IR, SRS S, SRR SR B X PRI AR A 4 3 W) 4
JE, A O A G R A IR, 123 0 onk 3 T A TR B A P S B4t A
KA, G TR BRI S, (B R N BOA T e 2
W2 AR R EAEERER TNl (Squeeze and Excitation, SE) 17 K45 Al
WUOERAE, HNE F ST A0 tRAE, N B4R B4 J5 E T U R, Sxd
N AT PR AE A, TP EOBTERCE, 3470 — kLB, A SE R % i
LS R, TOVERPE S S 8] R T o B DUA SOk AR BR i 2 T AL
(Coordinate Attention, CA) , CA it [E15 3 AL BAS S A LA 7 52
HER T, AR TR NG B R R AL E S S, & T A S R 45 AT
5, BEMSHEAFHHE RS A) EAROCHE . CA AT IR, ARAR(E R AR AR
W ER. HEAR R 3-5 Ps:

XHFENB | \ VT \

%

\ R A+ T R R \

}

\ A \

&
‘%ﬁ%ﬁﬁ‘ ‘%ﬁ%ﬁm‘
v v

‘ Sigmoid ‘ ‘ Sigmoid ‘

| |
| AL PR

Kl 3-5 AAbRiE AR
Figure 3-5 Coordinate attention
(1) BT ARRER RN, BN EUG BT LS, i R
TERHT UONRHE GRS 3, 23 BITE X RN Y il FRHAT BRI, £33 X Hi
AY B T7 e BN RRAE
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(2) K¢ X R Y BFTAR H 07 R AREE B AT R E R A 4, SRR
BRZE TR R

(3) L RHE R 5 A RVRHE AT — R (A AR 2 e g, o
WO R U8 h_wish.

(4) SR AT AR R 1A R, A A — RN AR L PR AR IS AR AE ik
AT5r BHRAE, ZERAE T DL 2 B e S B X A Y Bl I fE .

(5) BB T X By B JMEAET Y HrER S1ES5 Sigmoid B B
J&, EIRBUEIFE IR

3.2.4 KRB

TEGRIE S 2], 8 R R B A I 28 255, DA 5 F90 0 R L S 2 (]
(RZERE, FEA8 B FE T B Sk B AR T A0 3 S B o 15 S0 B i 45 FH 28
JEA0 2R bR B S A DT 80 H D IR AR, e A R T S B S TR 1 2
SetEOL, AT SRR ER )N, )27 Tt DB A0 B S 2 B) 22 Sk, FRUIIBR R
AE SRR R R A FE 1L, BT DLSTA) 45 B 2 ) ROR B, &R TREAR IS
SR A RS . AH T A SO B S B 2 5, LA RIS ke A
ZIRE B ZE S, A8 SRR I A S R VR RE, AT R T/
FEAR K ZERVRHE, SBUFTREIA R s I HEHE 5 2 18] (1) 280 2 S MEFE 2 TR
Z5, BInBIRE S A KRERBKNE S, DD EBHERETR, SR IA
AT

KRG NERAR (Focal loss, FL) BARAZ SRR, ik I Ao FE 45
R TR T B, PRRERE A AN 1) . BRI RIE 0

FL (p)=-(1-p,) log(p,) (3-3)

Hrb, p NSRRI AT, —log(p,) AVIIRZE XRHIR, (1-p,) —FEANE

JERTTHE T,y FBUETEE KT 0. M HERERR, d-p) T 0 A-p) i

T 1 WIPAER . FE SRR T RAMER A, FFRSAR IR, Hxt
T IMERIIAEA, PRI, A2 TR 7 0 RAHER A IIAE AR E
FEXT B SR ISRIREA T ATA Y ST [ L, SIAGBE N T o, $RTHALRT
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PR S A ) 43 1 R FIURS B o %7 VSR TH/NRE A BT, RIS KRR AR 2 51
B, [0, fFHKRKERR AERRBRMONE. 23 RE2E, &
DA b T /N T KA A AR B 7, T X 4 o A 2K 5 i 47
23],
FL (p)=-a,(1-p,) log(p,) (3-4)
AR 34, p ZoRFEAIRT BIRERIIME, —log(p,) FVIHEZE X0
BURRH, o NRDNRESH, (- p) NFEREREARTET, yRR
SR UFE— R U E WA i, BT T TR . B p, EIE T 0

B, (—p) PMEBET 15 ACHE y=2, «,=0.25.

33 LSR5 S

331 LWIMERSHEE

B S I6 B TR FE S S HESE PyTorch SEHL, 7E NVIDIA RTX 1080Ti GPU _E
147, CPU N Gold 5218, WAEAN 32G, SfE N 11G, #AE &% EH Ubuntu, F

B 6 ITEA(E B & 3-1 Fros.
% 3-1 AT G I

Table 3-1 Environment platform details

ZH fic &
CPU Intel(R) Xeon(R) Gold 5218 CPU
GPU NVIDIA RTX1080Ti
WAF 32G
A 11GB
Python fix 4% 3.7
cuDNN fiz A 8.3.0
CUDA A 10.2.89
HBIERG Ubuntu 18.04
IRBE 5 S HELE PyTorch 1.6.0
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ARSCTT AN R TE B8 3 50T B SO, B DA T AN IE B8 A s s AR
Cityscapes Ml CamVid. £FXIAFERIEIELE, WE T ARKINIGESE, B2

WHEUZE 3-2 .

# 32 HBHKE
Table 3-2 Hyper parameter settings

24 Cityscapes CamVid
Pk R 2L P AE XA 2K B 5L
A& 5 & 0.9
L& ADAM
2] e A “poly”

Il G E 0.001

= le-5 Se-5
£ AN 6 10
EARIREL 300K 20K

FEVN GR35 5% o B D0 A2 SO 2k ek 8, DAL Y B AL AL B9k
ADAM, ZARALERAETE S BN 2 AN 2 R I R 3 o DUALasah &Eig % 0.9,
YRR AIR P ML SR rp EOCE B, I HLAE ) SIS ] AFE IR 3YT s
W SAHR S, AEVIGRAIIR D 235 o ARSI, SRH] 1 "Poly" 5 ) s, HAr
RN NA3-5,

l oW
[, =l x(1-—~)" (3-5)
Heb, LRAVIESEIR, [ONYAIER, i ABRKIERREL @ NSk

RZEL, pow WE AN 0.9,

NG, ARSONIGREERAT 7 B IG5R . FENLACTFE . BENL BT R AL
AETR, IXESHERAE W DAY RBR S, IF HZ MR T B S P RSP e . o
BENL4E T8 HeAs 40,75, 1, 1.25, 1.5, 1.75, 2). {E Cityscapes B ERI NG T, ¥
N B R AL BT N 512x1024 15 3 - 7F CamVid Z4E 4 MIBEHLE BTN 360%480
BEx.
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3.3.2 SEIGEER S

KREHAT T — RY|5LL, B EWE MobileNetv2 Al LPPM X} X 2% 45 &AL A
Bk, PAAGERJINURIAER . XSG 7E Cityscapes ZUE4E 34T USRI,
MR B R 3 HE R N BTG ) 512x1024 14 % . THRISEIG 45 SR a3k 3-3 fion, +F

PraBhntFs mloU. W8 (RIS AT I FE A N 25 [ 2 83 &
2 3-3 AE ET ML LE Cityscapes £ 4 b 1) 14 BE S

Table 3-3 Performance experiments with different backbone networks on Cityscapes dataset

K] 2 A5 7Y MIoU (%) FPS ZHEM)
DeepLabV3+ (ResNetl01) 78.82 10.81 55.62
DeepLabV3+ (Xception) 77.65 18.34 46.71
DeepLabV3+ (MobileNetv2) 71.26 42.67 4.58

W8 % 3-3 Al %0, 7 3Ci%k A ResNet101. Xception A1 MobileNetv2 7E K
DeepLabV 3+ 2% [R)REFEHE HU X 265, I 4% 45704 i % B2 (1) MIoU 4 3l 2 78.82%
77.65%F0 71.26%, Frxf R[] FPS 4372 10.81, 18.34 F142.67, Fixi M. ISH&E
I3 55.62M, 46.71IM 1 4.58M. R EMHER T, KA MobileNetv2 /£y
FEAESR I 25 I, EOR MIoU BRAIG T~ HAh P A 25 15470, {H 2 FPS ik 5] | 42.67,
EL 2 ResNet101 £l Xception 73 % /& H 31.86 A1 24.33, HESHE WU B MK, X
#9749 ResNet101 H1 Xception ZHEE 1752 —, $8F5 W L A5 T HoAth = MRFE 2
MU 4%, SEBIL T Sh EMEAE S

R 3-4 JEIR T F AN TR RR AE 42 U 2% T 1¥) DeepLabv3+i8 S 43 #4552 77
Cityscapes Z# & _F 121 43 HIH5 BE o Forb 19 AN (10 ¥ 43 FHS BE AE AN [RIRPAE 52
HU MR 28 N R 5o 2418 H] MobileNetv2 {4 DeepLabv3+7 il /i £ (155 4E H2 HY
UL IR, 2R 43 K P S AR T oAl RRAE SR I 25 o 7E MobileNetv2 1E %F
MESEELAZZ I, K AR T AR 1) 7 FRS BERUAIR,  Thi . RS AR AR T
FARZR I oy RS e m, ERBARE T, ANFESEIFEA R 2 I 5 AR AR .
IS SR A MR 3-3 N5 3-4 (WS ddE, L MobileNetv2 1 AHRFIESE UM 2%
A LLIA B 2% 5 AL K Y, BRI S I3 837 508 S0 B SEB
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K 3-4 1F Cityscapes 54 b 251 73 E ks &

Table 3-4 Category segmentation accuracy on Cityscapes dataset

F VLAY ResNet101 Xception MobileNetv2
N 0.7552 0.6491 0.6081
HAT 4 0.6324 0.6273 0.6145
NS 0.7035 0.6883 0.6097
Lk 0.9247 0.9287 0.9301
jeisiiky| 0.8452 0.8437 0.8023
MNATIE 0.7231 0.7326 0.6631
R 0.8703 0.6845 0.8192
KEE 0.5829 0.5693 0.4776
TH B 0.8457 0.8573 0.8101
Hik R 0.7365 0.7365 0.6137
M= 0.8299 0.8325 0.7642
HLFF 0.8163 0.8173 0.7896
AEIEAT 0.7974 0.8061 0.7362
bR EF 0.8445 0.8388 0.7693
i 0.8428 0.8467 0.8052
BAT 0.7253 0.7339 0.6719
FEFEZE 0.7869 0.7944 0.7157
LR 0.7163 0.7134 0.6923

NESAEAS ST ZE 1) LPPM BRI 251, K LPPM #28t 5 ASPP AL %
RefELLHR . 3K 3-5 B T 1E LA MobileNetv2 N4FEHEEUM 45 ) DeepLabv3+ I,

i AR AR AR Rl & B8 ASPP #1 LPPM 143 EIH 2
% 3-5 ASPP LA T JE A MR RE X L3R
Table 3-5 Model performance ASPP optimization

ERPRERI] ¥ (M) MIoU(%) FPS
MobileNetv2+ASPP 4.58 71.26 42.67
MobileNetv2+LPPM 2.87 70.96 49.69
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15 3-5 AT H1, A SCHR 1) LPPM 7E A5 8 S 4002 A1 FPS Wi br B4R T ASPP,
PR SH R T 1.71, FPS AR T 49.69, {HAHEHREZMLLIAE T 0.3%. Ut
Y LPPM SEB T 884k, T8 BEUR R IR ThAE, S el L

F B VPG T LPPM BEHOG 24 a IBUERME, WK 3-6 ATLUE L, S%a 13
I B AT L R, (NG 22 MK LRGPP )S, AU E 4 a=4.
% 3-6 y LPPM HLIRIIS 4 a B4R

% 3-6 % a Xt LPPM ARHR (114 B R
Table 3-6 Effect of parameter a on the performance of the LPPM module

Z¥ a MIoU(%) Params(M) FPS
1 71.74 4.16 48.25
2 71.28 4.07 49.38
4 70.96 2.87 49.69
6 70.62 2.81 49.91

TH il S R A5 48R 2 DA Resnet101 9 3 F W 2% ] DeepLabV3+; J7 % —#
DeepLabV3+ [R5 1iF 2 B W 4% & # O 42 & 20 I 4% MobileNetv2; 77 % 2 1E
DeepLabV3+ T/ 454 MobileNetv2 FIFERT I, 7EAFAE$a H X 25 FUREAE fil -5 15
He s I DN ASARVE B R, 7 R =RAE T R TRIIERE b, K ASPP B
N LPPM 5k 75 RPURTE 7 & =LA B 5l NS Sxe X, SEIR %0 an

%é 3'7 Fﬁi_\‘ o
R 3-7 THRELSE
Table 3-7 Ablation experiments

U S PA (%) MiloU (%)  Z¥&E (M) FPS FLOPs (G)
JRAE Y 93.4 78.8 45.62 10.81 126.13
ViE S 91.8 71.2 4.58 42.67 9.57
H&E= 92.5 71.9 5.87 39.89 6.71
HE= 92.9 71.6 4.16 46.91 13.47
Ji %Y 93.1 72.2 4.65 46.66 11.82

R 3-7 JHAhSEIG s Wl 1, R —BUMSHEN 4.58M, FLOPS N
26422.84M, ALY BT A By /N, Ui IR R Y B 35 T I 48 Xceeption F 3y
MobileNetv2 A 20 AR TR H &, BRI VAR S E, {H PA FI

MIoU ¥JE ANFREFEH TR, BRI S s SR SRR, TR
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[ PA IEH 92.5%, THIZH LT 71.9%, ¥R —B A FERERRT, 28
PRER ISR SR THRREOALE R, e TE U EREE. HE=M
ZH54 4.16M, FPS A4 46.91, FLOPs 4 11.47G, AHEA R, THEHEEH —
SERIHRT, UL LPPM A 0B/ M4 250, 7 LA R4 s s B HE B R

R BRI I 28 A TSI, A R gk e 1 TP 28 11 v 8 B R S A A AR P 4 [

WX S 4 . FPS Al FLOPs #EAT 2047, R BILIK DU ot 77 5 1y 1) 246 A5 24
KN, YNGR IS B BN T IR GG 1) DeepLabv3+M%% . SZi4h B, AR
P AR A A 2% 5 R I 3 HR) 46 A1 LPPM A b ) 5538 B 4R A 1 T Sk
PEAGSE SR AR R AL R TN 5 NS T 2 EIH R

AT BB RAIE L2RS-Net 143 #I:Be, 7E Cityscapes Al Camvid ##i4E it
TN, WA SRR 5 DeepLabv3+. ICNet. SegNet. SwiftNet JUFfHEi Al /)
MR TLRE, DRSS SRk 3-8 A% 3-9 FivR,  JF Mo BRSBTS B A

FEE 3 A7 T ) £ AR Y
* 3-8 EULMLETE Cityscapes Fidi 4 I PEREXT EL

Table 3-8 Performance comparison of mainstream networks on Cityscapes dataset

J7i% MIoU(%) Z¥EM) FLOPs (G) FPS
DeepLabv3-+ 78.8 55.62 126.13 10.81
ICNet 69.1 26.58 32.56 30.3
SegNet 57.0 43.84 95.72 16.7
SwiftNet 743 31.19 29.64 39.9
ENWIRTS 72.2 4.65 11.82 46.66

# 3-9 FILMLEAE Camvid B 4L b1 REXT L

Table 3-9 Performance comparison of mainstream networks on Camvid dataset

T2 MIoU(%) ZHEM) FLOPs (G) FPS
DeepLabv3+ 68.5 55.62 126.13 7.35
ICNet 51.4 26.53 32.56 13.94
SegNet 48.7 43.84 95.72 9.42
SwiftNet 63.5 31.19 29.64 19.86
A EE T 53.8 4.65 11.82 24.58
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FA I T JE 4G 1K) DeepLabv3+. ICNet. SegNet. SwiftNet FlA 3 /7 3:AE
PEREXT LE SEBG R 15 5 o SR AR/ BT R, AR FAR R TR A
2% 108 Sy RIRR R A 5 R 2 B R RO S oy B SER TSR -
Cityscapes Z#a4E b, ASCHEH PBAUAOR BELE ICNet =i 3.1%. HAER S AL
F& ICNet ¥ 1.5 £, 7E Camvid #UHE4E [, A SR H 145 B8 BARTERS |-
AR, ER TR 7 AR R R 25 o BT . 5286 45 R T
AT R B AABALE R T S ], I S AR R B AR S FIAH Hv S
FERHUS T RGR A R .

3.3.3 AIMLER AR

M0t

(a) AN K& (byFraE B (VAT J5 1%
K 3-6 fE Cityscapes Hf 5 L 115 %45
Figure 3-6 Segmentation effect on Cityscapes dataset

K] 3-6 &7~ I L2RS-Net f£ Cityscapes £ 5 #4558, HA s —51 &5
NEUE, S BRESARRE, A RR R AT T R B4 R 5 —
AT VR FC R W R A AR BOR, ARG HER) - R TIREEZR, HE A1

hBE EA AR E)L S, BERLR SR BED ZR FIORE o 58 AT P TE R AR
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WA GHERPRGHRER) 20 H], (Em AR TG S AETT, mAE RS TH SN 5IR
THEE, PEOEACE, HEEAWPHH 7 RATE RS 5 =47 P i 1
R SRATE R, ERAE T A E R AL T 5806 T S BN L &, TV
FIH R S DUAT TR AR G 0 BIBONER, AT NAERS A5, SEUTA
e = BB AR BIONAT N, T R i R s, AL 7 RS iR S R
Hlo

ASCTTEXS T HARREERIE T, YR I, BB 5 1) B R ] SR BURS 70 %1
AR S BLALAE SR BCE AL, AFAEARLLA B B i AL B R AEm A /N S R
FE2A — BT R, (ERATTIERERS IR BT, 70 % 48 K87 250
AR -

(a) AR DL (A
9 3-7 15 Camvid Hofla 4 F 195145 5

Figure 3-7 Segmentation effect on camvid dataset

K] 3-7 J&7x T L2RS-Net f£ Cityscapes £ 5 L3 #4558, HA s —51 &5
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NER, 5 AR H SRS, = AR R AT INE R B4R 55—
AT R RE B AR B T AR R K 0 B, (B ASIE AR ST RPERA R, kT
IR LR, LG I FAER . 26 AT ARSI U8 3], (HRA T E
B VR R R SRR 24, DAL AS @b SRR o 55 =47 i TR e T
MELE RAF, Pt URGRA B 23 H1 19775, (B A A R B R 2 n] LA,
FrUABOR AR . S PIAT R AS B s Pt Ec), SEFMIIOES, HE
ATHEARARR 1B a7 S, B0 BIRIANIE 588 . AR5 154 RENS SK
DU I FIRCR, UEW] T AT R AT ROAFAE SR B RE 71 SR ) EIRE T o

3.4 ETEAN TX2 FERH R SEFHE X 57 8ISL3

ASCRA RN AT SRR R R, 5T IR B LSSk
U5, U TensorRT MVEHEIE, A6 WEAR 5 IR B 10 IR 52 96 U 11 51
L

341 MELREESRE

2 3-10 Jeston TX2 f#Z%%
Table3-10 Jeston TX2 hardware parameter

GPU Pascal™ 4244, 4 256 /> NVIDIA CUDA
CPU W% NVIDIA Denver, P4#% ARM Cortex-A57
WNAF 8GB 128bit LPDDR4

fift 77 7% 6] 32GB eMMCS5.1

IR 2% 1% 4z B Wifi F1F-JK BLA R

gk 12 i MIPI CSI-2 D-PHY 1.2(30 Gbps)

B0 HDMI 2.0/eDP1.4/2x DSI/2x DP1.2
R 87mm X 50mm

Firg R~ Bl REEENH (TTP) ) 400 41 5%
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Jtop TX2 - JC: Inactive - MAXP CORE ARM
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Figure 3-8 Jeston TX2 software parameters
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Figure 3-9 Segmentation model construction and deployment flowchart
3.42 SENEERFISTHR

K 2 S8 R FH B N 4% Tetson TX2, H: i I () TensorRT Fii A A 7.13,
#1E 2479 Ubuntu 18.04, LA Python A4AEIE 5T . S0 K H i #% 7 5 B a2k
Cityspaces, R PR EN 512x1024. 7E Jetson TX2 _ESZIGHT, KA Max-N
P, EPFRThRA. TX2 BLE T 8GB MBI AZ AR N AR 2. TX2

B R 219 RTX 1080Ti [ 10 1%, SzBe st Bk 3-11 .

% 3-11 Jeston TX2 H56 45
Table 3-11 Experimental results in Jeston TX2

A E/E i) Tensor FPS FEWS /ms MIloU
FP(32) % 6.5 153.8 722
FP(32) J 9.8 102.1 722
FP(16) J 12.9 775 72.1
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Figure 4-1 Overall structure of the optimization algorithm
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Figure 4-2 Structured knowledge distillation

422 mNCEIRRE

(1) BEHHEM (Pixel-wise Distillation, PI)
B 2 AR N 2 AR Y (MG 2R AT 56 S R R, 2 mAR R Fir e AR
IR ME 2R IR N BRI R AR, B P2 A2 1) Loss A&

1
KL(a' || g )
W’xH’,-eZR; (q; lg)) (4-1)

fp[(S) =
Hor, @ RoRFAEMLE S U5 1 MER SRR, ¢ NZMMZ T 195 i
MER SRR, KL() R&RERXA MR 2 8] Kullback-Leibler HE, H

R={12,.. . W x HYRRITHEE .

(2) HiXt 2818 (Pair-wise Distillation, PA)
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(3) FE{RFEIE (Holistic Distillation, HO)
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SREA, AR BFE AR AR 5 EAEAAEAL. R A Wasserstein 2 25 A B 29
(gradient penalty) HVFAh EARAMEFEAR Z 25, 7241 loss A:

(S, D)=E, _ . [DQ"|D]
—E, , oD@ D]
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RESRIGFE T =R SLRME 528 E, 1E Cityscapes 1 Camvid #f
5 F TSRS, SR g TR TR 28 TR 1) 18 1 1 s SR SO B AT VR B R

432 SCEGLER AT

FEARTEHAT T — RIS, BIERUEA T H 85 M FR AR T EEA
SN AT HE N IR T RGBS . SRIGTE Cityscapes 1 Camvid Y258 bl
17, 1E Cityscapes BB MR 1) & 7 70 HF R N BTG 1) 5121024 53R, THRbSE
B 45 R AN 4-1 PTi o £E Camvid S iE AR R B Py 70 #5309 BT80S 1 360 x 480 14
o VP TEARELEE MIoU. W45 (KIS 4T 1 LA I 25 1) S 5080k . JH rh 2800 ) 5 4
FI) DeepLabv3+, 2% W28 A H (1) & AR SCEE = F5 42 tH 1) L2RS-Net, A1RZ&MHT7

AR =R 2RI, A RAR R AR, N AR, AR AR
F 4-1 Cityscapes $4 4 F (174 fk 5256

Table 4-1 Ablation experiments on Cityscapes dataset

WARES MIoU (%)
0T 2% (DeepLabv3+) 78.8
225 2% (L2RS-Net) 72.2
+PI 72.5
+PI+PA 73.7
+PI+PA+HO 743

HIR TR, R ZRIRA] LA Gk s 2 Mg TR RS, A B T2 AR R T

P o RPN T I RR AR RIS B T R 0 B4R, MIoU A
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74.3%. AT AL SE IR 250877 A RE SRS B S i) MIoU 70 8%, IX S X = Ff
KR ZATRAN L H A, A BT gRapAd Mgk . (ER I RN 2218555, MioU 15
BT RERE, ST 1.2%,, &= AZEEIUH o> B0 B Tk R — T,
H, PLRBRERRANE, PA MBI ZEME, HO NBEARZEN.

F 4-2 P13 4-3 Jy L2RS-Net 18 1 45 # A0 F1 IR 2818 5 72 £ i £ Cityscapes
Camvid bEJSRERZE R, 25 RE RS NS5 181 S 4 & A48, FLOPs
ANAR, fH T A I ELEE JFAE AL L2RS-Net 20 B3R T T 2.1%A01 3.4%, XFEIR
ARATHR H IR TR0 R AR TR ) T 2 SN S BRI B3, AETH SR DI TR
TEOLT AT RAANSG IR 55 A7 A R [ P 3 5 20 B R T

% 42 WAL AE Cityscapes B4 - MERE LK

Table 4-2 Performance experiment of the optimized network on the Cityscapes dataset

Tk ZHE (M) FLOPs (G) MIoU (%)
L2RS-Net 4.65 11.82 72.2
L2RS-Net+Distillation 4.65 11.82 74.3

*® 4-3 A G AE Camvid HdE 4R - PERE LI

Table 4-3 Performance experiment of optimized network on Camvid dataset

WiRPA ZHE (M) FLOPs (G) MIoU (%)
L2RS-Net 4.65 11.82 53.8
L2RS-Net+Distillation 4.65 11.82 57.2

4.3.3 AALILER DR

L2RS-Net FI4k J5 [ /4% £ Cityscapes F1 Camvid 4 55 L 114> % B 40
4-3 FIFE 4-4 Fiows
4-3 IR R RN 2% S AT I FNIR 281 J5 7E Cityscapes b 70 H1E Horp 5] 4-3
(a) RAEIR, B 43 (b ZESRE, K 4-3 (o) J& L2RS-Net K7 #I&,
4-3 (d) A8 P AR ZE M85 I L2RS-Net (7021 85 —1T W] 87T LLA Hi e
FIRZE TR S B 45 2 B BE SR TH 3, Ab T MG AT 1 S AR ) 7 1 X 35
BRI R B8 AT LA S 48 1 4 B 25 B o Y B S I B
55 AT R ARALS B 0 28 n] DLIEOI B 2 Sk (R0 23 A TE B, e 32 JEUAS A R0 BORE 1)
S A1 A VR ) o T A R )
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Figure 4-3 L2RS-Net and segmentation of optimized network on Cityscapes dataset
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Figure 4-4 L2RS-Net and the segmentation of the optimized network on Camvid dataset
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