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ABSTRACT

Semantic segmentation and object detection are widely used to perceive surrounding environment
during autonomous driving. Owing to the nature of autonomous driving, which operates with limited
resources and equipment, lightweight and fast networks are preferred. In this paper, we propose an
efficient semantic segmentation algorithm using a wavelet transform. First, we apply the wavelet
transform to separate high-frequency and low-frequency components from an input image. For each
component, different feature maps are extracted, and the distinct information appropriately merged.
When the proposed method was applied to the Cityscapes dataset using a lightweight network
suitable for autonomous driving, a 2.2% performance improvement was achieved from a 0.2%
parameter increase. We expect this algorithm can be applied to achieve more stable and accurate
perceptions of the surrounding environment.

Key words : Semantic segmentation, Wavelet transform, Surrounding environment perception,
Autonomous driving
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HEN T FZo| A=, Cityscapes Ho|H AEANA Ad A3 02%2] v H =235 S7HAA], mloU 7|
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FE A&AQ wo] AT BS Hdd A= 520 CNN 7|5 of7|8 A gj4l o]u|X| & 3jX] 9|2
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<Fig. 2> Proposed network architecture for semantic segmentation

<Table 1>9A= 24249 AISHE &Y SAARY A71E 1l 7M1, 7A2Q HEH A 725 4
gkt 9Y dojE+ FHo Agd 82 Cityscapes(Cordts et al., 2016) HIOJE] A ES] g A4S Anto
2 gAto]l= & F7)9] 1024 x 512 7|7} 7]1%0] HAth WA Haar ZEWIEZ 0] &3] RGB zHz+e] Add
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e dol&sl HEhs F3ste, Y8 159 A8 AFH AROE Urth EAARY A7+ A 2
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=9 g = 3, 97F vk a2al AFu A 179 AEe SAAEE 242 LF, HFS 33t T
Adte] 3717} He=d], ol 1x1 AGARIZE 7H A F(Ix1 conv)S AHE- JEE AATH SA
A EAAEY A 5 AT, 2ETO|Eide)E 22 3] th2AlEY EFE 7HAE 3x3 A
371¢] &4 F(downsampler block)S EFHAAA G 715S St FAZ O Z 1x1 conve} downsampler
block oAM= 27t 1x1 A719] A3, 3x3 A7]9] 2Egto|E 28 7H 71%2—% ojgste] FHHE FHT
=, ¥lA] A 73} 2k(batch normalization) ©]1 A= REctified Linear Unit(ReLU) 43} $t=7} AF&H T} o] 3o
AEEE BE FAFAE vix] A tstel o]oj A= ReLU 843} § "’Fﬂ AHEET 508 EARE =
(FEL) ©HA AR A=, 179 A&7 A5 s AT dad gl diks AHgsith E4AE
FEZOANAE encoder®] 715 T8 A B ATS HolA E AAEE A4t o5 {6,
dilation®] {1 3x3 convolution®} ©]]A| = dilation®] U= 3x3 convolutionS &A= 3x3 convE
o W ARESHAl "tk A2l dilation®] 190 3x3 convE 5% F3FH L, ©]F o downsampler blockS 53}
ANAA EAA T F7& F43H9TE oA 3x3 convE 8W F35t=d], 7|AE B} =2 o|x Y

ES

flje

ﬂ.lﬂl

2l ARE xgshr] flal, AR 2, 4, 8, 16, 2, 4, 8, 16 2719] dilationS 7HA 1 AH N2 FAHFS
83}, Decoderoll A= 3 NG FH2E 7HA &, 9 @39 2719 X3t 2 AEE BdstA 5
d], encoderE AXH 4FH SAHAAZZFE stride”} 291 Transposed convolution(T-convolution)Z}, ©]o{ 3]
dilation®] 1] 3x3 convEZE TA%E Al%-S(Transposed Convolution Layer, TCL) SIA|A #HF AHE YA
& =oA Ates UES Y d¥o] He 22 ERFNeto|th. Ho]224Ql 22 ERFNetol| Al =22
FAF FFEH AR stol T EES vk Ao, B} 1A% 02 & <Table 1>°14 WT, LF FEL,
HF FEL-S tjAlste] @2 % 71¢] downsampler blockZ TAE AlES 7HAA Hol EAXTE BEHA] &
om, AZo] 2712 1024x512x3°01 4 512x256x16S A A, 256x128x642] 710 EARAEE 7[XA k.

rlr

<Table 1> Detailed architecture of the proposed semantic segmentation

stage input operators output

WT 1024 x 512 x 3 Wavelet transform o2 x 236 x 3

512 x 256 x 9

LF L1 512 x 256 x 3 1x1 conv 512 x 256 x 16

FEL L2 512 x 256 x 16 Downsampler block 256 x 128 x 64

HF H1 512 x 256 x 9 1x1 conv 512 x 256 x 16

Encoder FEL H2 512 x 256 x 16 Downsampler block 256 x 128 x 64
F1-F5 256 x 128 x 64 3x3 conv (5 times) 256 x 128 x 64

FEL F6 256 x 128 x 64 Downsampler block 128 x 64 x 128

F7-F14 128 x 64 x 128 3x3 conv (8 times) 128 x 64 x 128

D1 128 x 64 x 128 T-convolution 256 x 128 x 64

D2-D3 256 x 128 x 64 3x3 conv (2 times) 256 x 128 x 64

Decoder TCL D4 256 x 128 x 64 T-convolution 512 x 256 x 16
D5-D6 512 x 256 x 16 3x3 conv (2 times) 512 x 256 x 16
D7 512 x 256 x 16 T-convolution 1024 x 512 x Nc¢
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Z83 AAMolH, EAE dASAY ARlE E45te ¥ o AR tFE9] LiDAR AlA&
£ Wko A T (point cloud) FEIZ HRE FH, o] & T3l 24212 Qe &2 4 3l
=0 ‘E}(Kang et al, 2021). ¥ =FolA= AW 7vts &8¢ v 24 £88 gFu
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dolgal wate B8 el onley 28 e

A71M ust v 9 oMY i YA E e, o= HFH SR LiDAR H7E HlH7F T4
YA el f121E Sr Tt LIDAR ElolEl= 32k o] 23E H R, Z=(intensity)$} 22 JRE 7HAA H=
g, Z4zke] ARz G =719 Wgd HelHz 7H 5 A Aok dE S0, Aol A=R 7HAA 2
o 279 AdE 7H 9 2719 HelEE A He Aotk

Projected
LiDAR point

Input image

I/E/ncoder Decoder

<Fig. 3> Network extension with a LIDAR sensor

<Table 2> A= LIDAR 5% 3FZ A Z(LiDAR Feature Extraction Layer, LIDAR FEL)ol| g A2 +
Z25 A3t B =EolAs, LIDAR AR 5 2o FEs SO = AREstglon, o mebi 4y

g = 271 I F 9] downsampler blockS FHAIAA EAA T F7&E FA3HA Ad A&
27} HF FEL, LF FEL= AA U2 SAAES} 2717 2EE ASs 74N, 448 giAl dites
EAATES AHT FAN EFA R A7]= LiDARVF §le 59 vluste] WA gotrldl, o] 32
4L 2t LiDARS} o] g FFE o A= AMEREH| ARSS 22 YHo s o] 7hsd A
olty. ¥l F¥H LIDAR HTEE9 Zolot A BR= 7IE G744l 71zl RGB éi o H < 34
| AR7E 2ASA G D=7} SubshA| R 3akd o] FIt Ao tig F7hE A

o, T AHgst= Aol BlsiA Fsd ol 2 Aoz g,

Wi
==

il
il

|

2l

2

<Table 2> Detailed architecture of the LIDAR feature extraction layer

stage input operators output
LiDAR Lil 1024 x 512 x 2 Downsampler block 512 x 256 x 16
Encoder
FEL Li2 512 x 256 x 16 Downsampler block 256 x 128 x 64
V. A 3
&2 =EAAA e AT Aol AHEEREEE Hole AER] Cityscapes WlX|nk=L H|o]E] A ES A}&-38}o
Ak mdo] H5S HAFsAAL, F7HE LIDAR AlAeke] Adhe 74 B7] $l8] KITTI360(Liao et al,
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1. HOIH ME

Cityscapes HloTE] AL B4 BlAel o2 B2 9 2] 928 3 AR delE A=
b gt ois] Al @] FA (A

=Y 9o thekdt EAIOM FHE YFER FAEH Jor, 7 3% £ A
ol AFHETh F 5,00072] 2048 x 10249 VYT FHOE FAH Jom, o] F 2975%% 54,
50042 AFE, 1,558 H2ER SR FREo ok T8 gol&2 Asal, Bz, A= 534 2
19719 S22 FEAL B =ZoAMe A ouEF B HsS Hrksh] 93l Cltyscapes BRI

EE AT

KITTI-360 ElolE] AE A&F8 9 22X vl A7E % dolH AEE, F&E UF EY(multi-modal)
tolElE 83l =A 9 W Aol A A Q12, AW o]3)] T& Hlste d AMEHET T HlolH
ME+ thekdh 2D, 3D Q12el B8 F UEF, 2 H L Five), ojtal2 Fhveke}l LIDARE ©]83td
2 dlojEf e} o dgsls Y B, A £, 3D A HdE o FEk diolHE AFdh B =ElA
= 2HH L 7HgtE FolA s G T S el gt G4, 1ol tedte Ak dolE, 2
AZtdell A7 LiDARS] A T8 tlolHE A3t KITTI-3609 A4 Al =& B2 5 9719] sequence

o]Foix glom, Pl FFEE 1408 x 384E A FHLE B =R 2EHH L P HozE EA
3tal, 7o) wE LiDAR AEE 3 Q& 61,186°42 B35 HolH AEZ Agatdth r&d £ 54
2 % 1971 S 2Z Cityscapes®} 2o, HoJE]ol] ALY EASIA %+ bus$} trainS AFol A A3t 4
Atk

{0

2. HERF =t

o>

£ =2dAe ouEd B UEYA F, AL 550] 7Meste A& &83 4 & ERFNet
S 7Hte B WEYIE /MY 53t 853 S 2= Ubuntu 22.04 LTSOIA pytorchE ARE-3FH S
o, 7§ PC A intel i-9 10980XE, NVIDIA-RTX 3090, 128GB RAM®|t}.

Cityscapes®} KITTI-360 2t7te] Sh<zoll glojA] 38202 HA s} e ADAMS A8k, o] ¢ #e
= beta-1S 09, beta-2E 0.999F A9 0™, learning rate:= Cityscapes®] 74-$- 0.001, KITTI-360-2 0.01%
A7 3 A th(Kingma and Ba, 2015). 3153 o A% loss 34 Cross-entropy©] ™, 500 epoch &<t 3H5S
stk

Cityscapes®] 73-%, St5-& HlolHe HE8& HolHE ol&ste sk 2 43 AFAE #FSIGTh
KITTI-3609] 7%, & 9709 4 Al Foll 67HS(F 45,1087, AlE2= EH 0, 2, 3, 4, 5, 6) ShFoll AH&-3F
3, 370 AIAZEF 1606078, AlA2 EH 7,9, 10) Aol AHEIATh Al 94 B8 FEEE
o] mj Brld, HFHogE 53 AFo AHEEE IS 10 R MEPSA, St A5

AgHE A 24 Agsan,

3.4

ook

Z3} o

(Il
A

B Ao A Aokl el X528 Bt €3] mloU(mean Intersection over Union) 9F WEH IS +
ks FEluE e NeE F2 AXE ARSSIEY. mUs YnEF B3 oA g ALgEs H7)
Ax F =, 4 Sz U d=9 HE=E g4 A2 Hristy, ZE FYzd 8] 1 H4S

1
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AL IoUE mloUE A4 93] S8 E ALE e Y=g, 747t S0 i3] Bdo] o=
gk FolE G99 AG FolE Y HAE FEFY A 49 119 v&S SAHIT A5 HGo] HA
= FEL& TP(True Positive), DA FHolzkar &S TP} FP(False Positive), FN(False Negative) ZFE 33k
FHo] Ak
TP
U= Py PN
1
mloU= WWEIIO U.
T3 HEY I/ &M 02 FAFNEA gotry] Yl gdetrg et datsgo] drig S8R E

SAlo TG on, o5 $3)A python| A pytorch 22| A4FEFHMACSs, Multiply-ACcumulate operations) 2}

vetrle] JfeE ST, thop H7IAE ©] &3

<Table 3> quantitative results with Cityscapes dataset

# of parameters MACs mloU
baseline 3,023K 42.54G 0.7085
proposed 3,030K 42.76G 0.7305

<Table 3>3}, <Table 4> Z}Z; Cityscapes®} KITTI-360°014 A3k A5 A7 o

AgNA BF 1%7F HA v gy ke dakge] STl s Btatal, Aol BEstA o %
AR = A& FAT 4 Ao Cityscapes HIOJE NEZ Ags 4, Febv]e e 44+ 3,023Kl 4 3,030K
202 % WF Z7VeEA AL, bk A 42.54G00 A 42.76GE 0.5% 5 S7HEHATE ol E Bl Aedd
7085%°14 73.05%%, 22% S/t A &AL o Stk KITTI3609] 7-f-ol= LiDARE 23 =
(proposed-LiE)°] EA&t7] wjitoll, 7 744 Feje] md g yehtet), 7 22 25 05% olste] stetrg
T 5710k 1.3% oldte] ALE SIS Sl A, 22 2.21%(proposed), 3.49%(prposed-LiE) 2] A350] == 2
S 31 4= Qi) etuy @ A4kEFe] 1o)== baseline RE] 27| AlFl EA18k= 1719 downsampler
block®] 2702 wavelet transform™} ©]oJ A= 1x1 convE A FHWA BAs=E 12 A3 2kol7} 1% W<
7b HAA, dEE AL 2% olBolERE AEE 8% A& RdoAe FEAH HlE
(cospyolet & Uk

o7 Yepfa o

<Table 4> quantitative results with KITTI-360 dataset

# of parameters MACs mloU

baseline 3,023K 42.86G 0.5442
proposed 3,030K 43,11G 0.5663
proposed-LiE 3,037K 43.39G 0.5791
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<Fig. 4> Qualitative result with KITTI-360 dataset. (a) original image with LIDAR point cloud overlaid (b) Ground
truth. The Black area is void. (c) result with baseline. (d) result with proposed-LiE.
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Hol e B =l AibAte] wol F71ekA] ¥k A H8E
23 B8 AFAE F2E AgstAtt Add e fol &3l WEks o] 83
ot 7] SHAE AAE T R} HHY AR Bestoq A
It 5 ston, olFEe A uEd £ YEYA
o U4 £ YEH A tnl EZ=7t ol F7tekA &
T QA 3t oH, LiDARSH Zo] @] BEE e AAMES ol &3 &4 el theiA Biith
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