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TFE= Fo] o JZH/ g4Iy A B AR JEE d=5t
M EAS FE0e B NA B2 datail 9 FE7}F &4 H . HRNet[18]
€ AZH9 EAFE BN A AHE EESHE FAHS Al
T} o5 AsHAM e HEYPZY dZHeE FASHA layer7} £ 3= A
VA A AP E R feature7} ZAFE Z-S o6]-8o}E, HAH O
EYIE FE8NA LY=L feawre7} FAE 5 Q= FE2E AR
a9 333 Zo] EYAZE HEA g APHAA, AP =o] HHIT F
A5 AL, 2y o] AHE T 7o) g F

ot AH 5 FHSH] F-& featureE FZ5Ht

Hl
=

2x

—
\ Down / Up
Feature Map Conv. Sample Sample

1% 3.3: HRNet®] HEF 1%

17 : H kl 1_'.]| [



32 YEY3I X

19 3.5= 2 =Fof A A|et5l= DPA R &2 %]4l 2] Semantic segmenta-
tion Y E 9] 2] BiSeNetV2[24], STDC[4] 2! HRNet[18]¢] Z]-&5}+= HH-S
A3ttt Semantic segmentation YE L I= F7 & HE O 2 =02t}
feature embedding-2 4~ 5}= QA A H e} =5 featureE 7|HI O 2 o =& &
5= t] A ] (Segmentation Head)©|th. DPA 2 -E-2 RGB featureS Z] 0] 9]
context % 2 7} It feature = ZF9FA| 7| = g ot WA T H of] S0
7F7] Aol QI H &2 R e FEH featureof Thsf “Zlo] 9 A Q%] 7|ut o€l
o] 8=t 11 3.43) o], 28] 1 x 1 Convolution layerE- £35]] RGB
feature S V(Value)©]| embedding®] 17, ZJ o] A H = T A 9]2] A H o} A A &]o]
Q(Z°] Query)E A/dstH, ol= Al 7] [{AMI S AMFSHE Query €} Key
2 AFgE T AAE GAA-S SoftmaxS E5f A FSHE] 17 Attention 7}53]
= HEE o] V°ﬂ A-gH et “}Z]UH’E %7] RGB featureZ F7}5h= £+
il

o

o fl

Lt} £4 = 3£ =9 o Cross-entropy S 4]-8-5Hct. BiSeNetV2[24],
STDC[4]+= baseline Y E A9} 5 U514 Cross-entropy Al OHEM[16]
2 g4h).

33 Zo] U HA 9]x] 7|4t o]l A(DPA) BE

“Zlo] 9l mA 9]%] 7]Ht o] ©ll 4 (Depth and Pixel-distance based Attention:
DPA)RE"-2 117 3.40] L gl50], glo] K el T Afo]o] AZE 74t
o2 3 ko] §AAE FESIT, 018 F) feare 75T 0] 3740
= %= 712] = o] d @ 5t RGB 7]HH2] Segmentation Q1 FH 2 HE FE%

feature x € Re>*hxw o} 7Zlo] AR D e RI*Wxw ot} ¢;= =& H feature Q)

13 '\._i - _.:;



Query

Depth € RIXhxw

Depth-Pixel distance
ini

Key

Feature : X € RexX>w

Depth Context
Aggregation

Horizontal Position € R1X>W

Depth Query: Q € R¥>W

Vertical Position € RIXWXW

Depth Query Depth Pixel-distance Attention Module

® Concatenate

@ Element-wise sum

19 34: A g AL A] 7N of el B

Adolar, h & we JIFHE FHSHHA FA4 4 feature] 7129} A2 7]
ot} §AE AAES $Jo A Zo] AR L feature 0] 7F2 O} Al 2 F 7] o] BHE A
Z4g) o714, TAlo] Y2 HJ R P e R wiz 1Al Apo] o] 9125 AW
St 4= Q1T B 71o] A H 9} §+7 concatenation SHcf. WA Q] 2] A H = [-1,1]
o] gro g2 Atssict. o|F 7 wEe1X A& “Depth query Q € R¥>* v =
7d ©J3tt}. “Depth query(Q)"+= Z o] K, MAIS] 72 93] AH, T o] A
= A AE= F 3709 A= o]Fo| A Ut Q= 2De] A f12]9} Zlo]
AEE 23et= 3D {22 E F1tolth FAM2 A E QR E O A E

|

O

O

25 A4 1 w2l “Depth key(Ky"= Q2} 2}, o2 45 3D £7t
2 321 9] AR 7} R o] QU9 ZF 2} 9] scaleo] FAE AAHS- 517] o
25t 7‘3 Eo] A . =, 7ol 2ol AAIA Q] FAtEl bt

gelA 42
ool diet 7HE 217 AL 5 l 24Tt o5 EA S 71 /A “Scale
parameter”& T 9] Fc}. Scale parameter+= 2} 2}l 0] =9 71525 A6l

Z} !
7] 954 A&t} o] Scale parameter= 1A ¥l o] oty g, h<50] A&

19 ; .H kl 1_'.]'| (<
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Depth-Attention
Module

Pred

Input: RGB Feature ma

Backbone Segmentation Head

Depth map

O 3.5 A gl AL 7]8F o]l A segmentation W E-9] =] A A<l

7z

E|A Zrz+o] 7157} A 3HE 4 3+ Learnable parameter©]t}. Depth
query(Q)©] ¥ °]9] YA|E p;iztal g, o]of ti-g-5h= 372hd #E = G.D¥
o] Jolginy,

9] Aol A di= Zo] BH, 2= 7= 91X, y= A2 12| °lth , B, vi= 229
o
A] end-to-end= |2 S}Et}. o] 23t B} FA THE0] A= Q= 3D F=
2| e Frto|oh. T 7ho] fAtk o thgh A4k QE 7|WHe g o] ol
GATE = Qo o8 A A E 3D G2 & 27 Yol A 9 917 A4 (Adjacency)
ojt}. Ztz-e] gAlof] thsf A F-AHE=E A4ESEaL, o] 22 attention 7F5 2] = T
E01F7] $15lAl SoftmaxE FolAl F3lol =T feature 42| ¢19]9] 2|3
Pt THE 99 A4 pj Abe] €] attention 7+EA]+= that

2} 9] Zo]| Sjd5}= Scale parameter©|T}. ©] Scale parameter+ St 7%

o
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Wa(pi, pj) = softmaz(—[|Q(pi) — Q(ps)ll) (3.2)

QoA o] A7t 717242, attention 7}EX] = FA| A4 T

ol2]gt AL AR feature©] ZA| & o] ofd, Query7} == A M-S
710 & 417} G o] (eriss-cross| 10))e] HhalA @4 HIet. 4] G efo] o 4]
2} Q@ A (criss-cross[10])of] 4] A4S 43T of T 7F2] 2] o] o] Sltt. A
A G e nE o | A FALE GAhS P stA] ¢ 7] w2, dA4tEF
o] Zo]=tt. o] A2 criss-cross[10] Y| E 9] T of| A A|Qtoh= B4 9] 7] 224 Q1
Aot & oh2 -2 ofE EA|7} o u] K] of| A 2k A|5H= F 72 AT A o
2 32 gt 28 7] gf2e] g EAet TAE DS Frotil7] SIsiA] on|

Aol B Al gelstes A2 HlagA ot HAF 9 < (criss-cross[10])
L

ZF

2E B4 Fe S gAT, ol 9 2

I‘ll‘
of
ftlo
rlr

1 x 1 Convolution layer7} Q1F 2 X E F=5 featureo] A-E]o]A V
(value)E AYAJSHt}. 28]= o] V(value)o] QS ©]-833A] TH=o]dll attention
7}E2E o] 8 A] featureE 73 SHA| 1Tt %7 featureQl x2 735}% feature

Z171o] A4 &el= B4 d4k(Element-wise sum)2 f Rttt o] A S

|4, RGB 7]¥t9] feature x= Z10] context X7} 7HH A 02 §9HE|HA
78I, 0|27 % 3HE featurel= TF&:3} Zro] A o]k,
yi =, Walpi,pj) Vs + % (3.3)

QoFsHH, DPA 252 RGB feature x9} ZJo] AH DE Qlgloz dhr},
Zlo] AX Do} A QA]AH P+ concatenationd A Depth query Q& A3
/J]tet. attention 7152 Wy= QE 7IHEC 2 ALEE AL, o] 7F5A] & FolA]
RGB feature S 7} 8H71ch. A2 0.2, U] 6.8 B4 o] JRE o)A
7}51E feature7} So] 71, WA o] S A gfo]Bo] &=

¥ [
21 ~M=T1



A4gAE D LA

A 2ol thsii Al 47i3haL, Cityscapes(3] H| o] & 275 oA 2] A H 23}
& 27l A2 712 RGB 7|5He] Y|E9|0o DPA 255 F7tehe
SolA FFR Ao 7]Fo] | RGB 7|4 Y EYIE= 5 37loith. A
AZE 2Eol T= = AEY YIER AR STDC[4]9} BiSeNetV2[24], 1]
AL Ho 73 B3shAnt 4450 S 7= HRNet[18]0]th. AEA o ®
DPA 52 7|& Y ES A9 T/t BAIGe] 452 7IAdstat

4.1 AL

24 DPA 50| A3tE els] a4, & 310 HEYaE A8t

8
STDC[4]%} BiSeNetV2[24]:= Z &F3}ol| T3S & Aol 3t HES A
TF. HRNet[ 18] B} 5546179 43t 5ol HL SHS & YEH ]
th o] REE2 HAHE FolA 2T 2HE FE5H7] A DAQ featureo]
oA DPA RE-2 283ttt 7|& HdEo] AREStd F7hAel 4%

( <|. boundary loss(STDC[4]), boost loss(BiSeNetV2[24]) )= 3 A5} 3t}

St STDC[4]2} BiSeNetV2[24]-2 &A1= 7 Cross-entropy T4l OHEM[16]

= AR&S7] wiZoll, 71E3 5 L5 OHEM2 2-8-51 %t HRNet[18]2 7]
< Y E YA} -5 LA Cross-entropy & AR&-SHH T 343 BlLE S15HA,

= Age AR 8o A A

9 1§ : Cityscapes[3]= @E5h= HoH SOl A oF<
FEZEHJAAEE 7ML e WA vk glolE o]t ok o] JH =



oA 297542 S HS Zdo] 11, 50042 validation, 1525+ testing2 9]
3t ol Ejolc}. RGB o]m|7] o] s 2048 x 10242 v).% Ta o] o],
disparity = 28]d.9 FhulelS B4 AEH dolg 2 tha JushA
Foteh tigf4 o & #lo]Ew o] H 20ke] Hlo] ¥ k= A|ESHA| T, o] g ofl A

S-8-5HA] 23ttt disparity Y H -5 Bt o 2, Zlo] JH-Z Al4tsi A o5

T4k,

(¢}
ro

rr

i

-
ral

W A9 e AsiA E 2l 2 9I=<] Pytorch[ 1315 A8-5F31
t}. 171 9] Tesla A100 GPUE AF-83 0 ™, CUDA 11.1, CUDNN 8.5.0, Pytorch
1.8.0.2 AFE-JTt. BiSeNetV2[24]9] A% batch®] T 7]= 160]™H, STDC[4]
+ 48, HRNet[18]- 12E Z-83tt. STDC[4]7} HRNet[18]2 7]|&9] Y E
A7} AFHEHE pretrained R 2 FE §H5-2 A|ZHSN 1T, BiSeNetV2[24]
29 2718k ohga AR RElS oF5A17]7] $16fiA] stochastic gra-
dient descent (SGD)E A3 ™, 0.9 momentum-S Z]-&30Tt. Weight de-

cay= e 1= A3t} Learning rate’= “poly”gt= HH41-& g3 o, (1

—iter_ypower o]t} o|wf] 285 power=0.9 0|1, % 7] learning rate’= STDC[4],

termax

HRNet[18]¢] 7-2-0.010] T, BiSeNetV2[24]2- 0.0052 22519 c}. STDC[4]
= % 60K ,BiSeNetV2[24]2 150K, HRNet[18]2 120K 9] iteration 2] S+50]
TP = et o8 o S oA, A8 ol Al= dol&E FHA A H(Ran-
dom flip), H]-&°] XA X 11 (Random scale), Y57} &2 2] 4|(Random crop)
S50l &8 = Ut ok Ao AR 48 s = 1024 x 5125 Ze] A A
ARE-= ATt

4.2 Ablation A

¥ o =11 3
23 -"‘-u_g'l'll { !



I 4.1: Depth query & Efjof] = Cityscapes[3] validation seto]| 4] 2] A5

Depth Horizontal Vertical mloU(%)

- - - 74.64
v 76.07
v v 75.90
v v 75.61
v v v 76.50

3 4.2: Depth query 3 Ejjof] k-2 Scale Parameter %}

Depth query g Ba Yy
Depth 40.95 - -
Depth + horizontal 30.05 7.07 -
Depth + vertical 41.69 - 0.33
Depth + horizontal + vertical | 31.63 7.04 0.38

THFRE Depth query QE 2A1-8-514 A el2 4283t A2 STDC1-Seg759]
A =949 i, o] E]+= Cityscapes[3] validation seto]| 4] 4= =] i c}. A1<453F
A9 AT} 891 $I5)A] batcho] 7] 480] 4 242 Z45lo] A APt

Depth query o] & A5 H3HE TSIt E 4.10] 2 17 32 DPA
DES H835}2] 932 7] 22l STDC1-Seg759] A5S HolFEr} Zo]
7k Depth query Qofl -85 3l W= 4d5°] 1.4% 7"t o] Aite= Zl0]
2} AAL FATEAIIE S 452 PR U, 2
B 7} concatenation = 0.43%2] =7}

= 3
s gl Qick. WA 914 A1, = WA xfolo] A2} Aloko 7 2hgstel

O.I.;h
s
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H 4.3: Cityscapes[3] Validation g|o]E]o]| A 2] S A= IoU(%) A5

2w 2 5 & 2

9 % g = 8 © E f:) 4 5 5 % g i
Method g ¥ 3 %I 5§ 1 f E 5 & 2 2 3 £ % 2 £ |mloU
BiSeNetv2[24] 979 830 918 465 561 617 687 773 921 630 946 S0.8 579 945 689 788 750 588 768 | 750
BiSeNetV2[24] + DPA | 98.1 843 923 543 60.1 646 703 791 923 642 944 820 60.0 947 662 806 735 6L0 77.0| 763
STDCI-Seg75(4] | 98.1 842 917 498 580 581 660 754 9L6 612 943 793 589 944 749 814 651 581 752 | 745
STDCI-Seg75[4]+ DPA | 98.0 839 920 550 584 60.8 687 77.1 9L8 614 946 797 601 945 743 838 714 620 753 | 759
STDC2-Seg75[4] | 982 853 923 560 S9.0 607 693 780 919 623 946 803 603 950 812 878 751 603 760 | 77.0
STDC2-Seg75[4] + DPA | 982 851 925 600 603 619 704 778 920 641 946 80.5 605 950 S8LI 850 765 643 764 | 777
HRNel[18] 985 871 935 586 642 712 751 820 932 655 952 848 664 957 795 9LI 833 700 804 | 803
HRNet[18] +DPA | 984 869 93.6 625 667 711 749 830 931 655 949 847 666 057 844 920 857 688 791 | 814

E 4.4: Cityscapes[3] Test g|o|E]o]| A 2] A IoU(%) A5

Method ?ég%:;glé.gg E?g‘gﬁgﬁgéémmu
BiSeNetV2[24] | 983 836 917 448 525 598 707 744 928 693 947 840 652 951 563 733 60.1 581 732 736
BiSeNetV2[24] + DPA | 983 845 921 492 554 619 716 756 930 7L1 948 848 677 952 629 743 695 618 745 | 757
STDCI-Seg75[4] | 98.5 852 918 511 517 583 682 733 927 70.6 948 826 665 95.1 680 793 704 605 712 753
STDCI-Seg75[4]+DPA | 98.5 854 922 540 538 594 702 741 927 710 949 8§34 673 953 707 838 801 627 724 769
STDC2-Seg75[4] | 98.5 854 923 546 560 600 703 742 928 70.6 947 836 677 955 714 81 749 637 728 768
STDC2-Seg75[4] + DPA | 98.6 858 924 507 565 611 7L5S 748 928 707 950 841 692 956 712 833 79.5 658 728 71.5
HRNet[ 18] 987 869 932 49.1 616 7L1 784 814 938 713 957 879 737 960 714 801 743 723 780 | 797
HRNe{18] + DPA | 987 87.1 934 547 619 704 779 80.6 939 729 958 876 732 962 714 863 801 716 783 | 80.6

i
i [, ok

A -
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4.3 Quantitative 243}

Ie

Training BJo]EJo 4| 81458 495}, Validation do]Eo4] 458
Q15}al, Training®} Validations W% 225l A Test glo|H oA 5=

=
Q9. DPA Eo| Haket 452 atelstr] a4 F714e “H7} 7]

i ol

(Evaluation technique)”-2 AF-8-6}2] ¢XQkTh.(ofl. multi-scale testing, flipping.)
A WA 2, E 4.3, 4.4 “baseline 22 + DPA"S HLPL H LS HoZ 1
Qltt. Segmentation®] 452 baseline R d o] £F2} WA glo] /NAE ALt
BiSeNetV2[24]9] A<, Validation ©]o] & o] A mIOU7} 1.3% 74459t &
St B2 o] S A0 disA] 450l FFE T E5] wall, fence, pole@} 2

= 220 45 el ?EEV]—% o = At 01% 7]Z2] RGB 7] seg-

E g
it}
©
Jo
Do
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i)
oN
oy
)
i,
Ry
gl'\'"
rlr
o
i—lﬂ
il
BN
S

S F 4‘1475. ”X] o A= EO#%E} o] gt 54J2 Test H| 0]
Bl ol A &= FARE B HojEth A4 0% Test Hlo]E oA 4d50] 2.1%
QT STDC4IE 242 2EQ)
Ut mEo] F 7)o Aggle] Adsol A= U 4d-5-2 Validation H|o] €]
of| A STDCI11} 20)| 4] Z+Z}F 1.4%2} 0.7% FAT=E T} 0] A 9] BiSeNetV2[24]1}
FAFSHAL ti 7o) S 2o Aol A= et Test Hlo] Bl of| A Valida-
tion B| o] ] 2} F-AFSHA 242} 1.6%2} 0.7% 2] /35 7)Aol 2131t} HRNet[18]
o] AL, Validation H|o]E]o|A] 0.6% Test H|o]E o A= 0.9%2] 7JA1o] A
fk 29 B3 2017 AUHS U5 B9 Yk AL AT
k. AEjele. Fvjets Ao g o o] Ane] etz o
T R P R Y

w2

TDC1¥}t =231 B2HsE 9l STDC27}

1 [ |
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T 4.5: Cityscapes[3] Test Hlo]Elo] 4] Y| E 93 B340 w2 &84 ¥l
Params/M FLOPs/G  mUoU(%)
STDC1 12.1 57.7 75.3
STDC2 16.1(33%1) 87.5(52%7) 76.8
STDCI1+DPA  12.32%1)  59.7(4%7) 76.9
STDC2 + DPA  16.3(35%71) 89.5(55%1) 71.5
ol

I 4.6: Cityscapes[3] Test H]o]E]of| A H

H|

15H AHg Y ESA0te] 58

Params/M FLOPs/G mUoU(%)
ESA(RGB)[15] 32.1 54.2 72.9
ESA(RGBD)[15] 46.9(46%1) 87.3(60%71) 75.7
STDC2 16.1 87.5 76.8
STDC2 + DPA  16.3(1.2%71) 89.5(2.3%7) 77.5
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44 S8 BN

Al¢tsh= DPA REo] a&4 BolA Zzo] HeA &elstr] 915
STDC[4]ol| A H|2-& 43 3tet. STDC[4]= Y EY 2] F34/dof whet =+ 7
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7= g AR ETH B 4.50ﬂ 4], STDC2+= Parameter <=2} FLOPs
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B A& Qg JIAEE AHS 6}‘1‘4 FLOPSQ} Parameter7]— EX 27}0}1:} Pa-
rameter—= 46% Z7}5}1 FLOPs= 60% Z7}otth. vt DPA 2E©°| STDC2
o -85 AL, 7247} 1.2%9} 2.3% 7}t o] AL DPA BEQ] AFgo] &
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4.5 Qualitative A4}

19 4.1-2 baseline Y E ¢ 3.2} DPA 2E 2] -8 A] 2] Semantic segmen-
tation 215 HojF ot A HA| -2 BiSeNetV2[24]0]| DPA L &2 #-831S
o o] Axtoltt. A WA 0] A& El2 o]u]z| 8] & FE3 ApA|skal 1L
AE7} 2 A Qlth. RGB 7|5t Y E Q3= Aot Y| E ¢ 3.9] Receptive field

St BEAHOR QF] UK HHo| HE FEuE A7HE 2t DPA LE



off B T U R o F T oo T A KT R
. ol X o Ak
TS a¥en 3 NE=®Fx BTy
b & ome o o WK T w e BT g
ud.oﬂadum”aaw_/r:._ﬁ%éuﬂ%%%@
o_Laa%EuﬂEAHEﬁMaTu_,T__Vé%
%QHTE_EM%mﬂﬁ7mﬂd.%oOu_.17ﬂ
_xﬂﬂLﬂmﬁo_eTurﬂuw_mmﬁ%%ﬁomﬂ%
o o Zo W J.ASBT},_,A AT7LAm_A1r
oW T ™ g [} T T
‘Waem_o.._ L_L‘Iﬂl_:._oﬂl,q}aﬂv T
IR SO SR O U
foiriisafieizoag
TR R AT g TER S
ﬂoﬂ%T%&dﬂmﬂﬁm%L_LEﬂ%ﬂ
N R R © on RT o 2 W om o ox
UHDT._._ 0_.._1_,_A|,_|1Hﬂ.ul QWDH_NJILZ‘DI}

X om MW =5 of Hp AF oo — g oK up
T MW oo oW S

ks I T TR = R S L o
1DLIAA ]Tdoﬂ_.,mmﬂﬂl‘m oi:__a
QMWHH B B Koo v
R 5% mom Mo N M g B «
o 9ﬂl.ul7 1 X & e lo 1__.._

A I R ol G
mfulqon__o I < R S VI U I~

CE R oMW F oy e B R
ﬂWW@DﬂaﬂﬂﬂﬂNWﬂ%ﬁe}emﬁ_b
ﬁﬂﬂ%ﬂﬁnﬂi%%ﬂiﬂmﬂé@r
TR s T o P T BT T g g
ﬂww_ﬂ BB B o om Jo W RN M 5 ok oo
Wahgow ®ox e o5 pww
Moo~ ™8 5 ol MM ™ P I o 3

30

ATt



Images Ground Truth BiSeNetV2 BiSeNetV2 + DPA

P

STDC2-Seg75 STDC2-Seg75 + DPA

719 4.1: Cityscapes[3] Validation H] o] €| of| 4 2] Qualitative 21} of A]

. 2 2] -2 t)) &

S - -



AsZEE

2 =204 o] @ WA $17] 7]t o LA(DPA) BES AIS) o
A 0] §AL Zol Arot WA 115 AHgste] AL ET AL §4

=
oS Attention 7152 FE =2 EAS|,

N
rT
|o
f
=
@

2
o

=

o
fo
=

=

= &3] RGB 7|4l feature S Z1o] A K7} L3S feature 2 =736t} Scale

Parameter’= 4|2 CH2 8 27h0] %2 Zlo]o} 04 91%]o] B840 A
A

shel WA o] AHAS A4 A

o

)

o

kl

k1

it

lo

N

N

o

2

N

©

o,

LAY

ﬂ]lm oo H_4

S~

==
i)

- Tn

o([)l“ 1_\0

o kb

N

5y N

'E'% mlm

o W

N 2

)

[*]
_O'L
58
o
ok
o
B
©,

Segmentation Y E] 9] 52 FdA1E & o &<l

JEE 7INte s OA o] AueAE 29

Bl
ol
o
rr
1
i)
|E
ﬂJ[ﬂJ
oflt
ox,
o
rr
ok
1>
o

32 N



[1]

(2]

(3]

[4]

[5]

21 23

T

Liang-Chieh Chen, George Papandreou, lasonas Kokkinos, Kevin Mur-
phy, and Alan L Yuille. Deeplab: Semantic image segmentation with deep
convolutional nets, atrous convolution, and fully connected crfs. [EEE
transactions on pattern analysis and machine intelligence, 40(4):834—848,

2017.

Yunlu Chen, Thomas Mensink, and Efstratios Gavves. 3d neighborhood
convolution: Learning depth-aware features for rgb-d and rgb semantic
segmentation. In 2019 International Conference on 3D Vision (3DV),

pages 173-182. IEEE, 2019.

Marius Cordts, Mohamed Omran, Sebastian Ramos, Timo Rehfeld,
Markus Enzweiler, Rodrigo Benenson, Uwe Franke, Stefan Roth, and
Bernt Schiele. The cityscapes dataset for semantic urban scene under-
standing. In Proceedings of the IEEE conference on computer vision and

pattern recognition, pages 3213-3223, 2016.

Mingyuan Fan, Shenqi Lai, Junshi Huang, Xiaoming Wei, Zhenhua Chai,
Junfeng Luo, and Xiaolin Wei. Rethinking bisenet for real-time semantic
segmentation. In Proceedings of the IEEE/CVF conference on computer

vision and pattern recognition, pages 9716-9725, 2021.

Jun Fu, Jing Liu, Haijie Tian, Yong Li, Yongjun Bao, Zhiwei Fang, and
Hanging Lu. Dual attention network for scene segmentation. In Proceed-

ings of the IEEE/CVF conference on computer vision and pattern recogni-

tion, pages 3146-3154, 2019.

33 Al = T



[6]

[7]

[8]

[9]

[10]

[11]

[12]

Caner Hazirbas, Lingni Ma, Csaba Domokos, and Daniel Cremers.
Fusenet: Incorporating depth into semantic segmentation via fusion-based
cnn architecture. In Asian conference on computer vision, pages 213-228.

Springer, 2016.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual
learning for image recognition. In Proceedings of the IEEE conference on

computer vision and pattern recognition, pages 770-778, 2016.

Xinxin Hu, Kailun Yang, Lei Fei, and Kaiwei Wang. Acnet: Attention
based network to exploit complementary features for rgbd semantic seg-
mentation. In 2019 IEEE International Conference on Image Processing

(ICIP), pages 1440-1444. IEEE, 2019.

Gao Huang, Zhuang Liu, Laurens Van Der Maaten, and Kilian Q Wein-
berger. Densely connected convolutional networks. In Proceedings of the
IEEFE conference on computer vision and pattern recognition, pages 4700—

4708, 2017.

Zilong Huang, Xinggang Wang, Lichao Huang, Chang Huang, Yunchao
Wei, and Wenyu Liu. Ccnet: Criss-cross attention for semantic segmenta-
tion. In Proceedings of the IEEE/CVF International Conference on Com-

puter Vision, pages 603-612, 2019.

Jindong Jiang, Lunan Zheng, Fei Luo, and Zhijun Zhang. Rednet: Residual
encoder-decoder network for indoor rgb-d semantic segmentation. arXiv

preprint arXiv:1806.01054, 2018.

Jonathan Long, Evan Shelhamer, and Trevor Darrell. Fully convolutional
networks for semantic segmentation. In Proceedings of the IEEE confer-

ence on computer vision and pattern recognition, pages 3431-3440, 2015.

34 N L



[13]

[14]

[15]

[16]

[17]

[18]

Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer, James Brad-
bury, Gregory Chanan, Trevor Killeen, Zeming Lin, Natalia Gimelshein,
Luca Antiga, et al. Pytorch: An imperative style, high-performance deep
learning library. Advances in neural information processing systems, 32,

2019.

Olaf Ronneberger, Philipp Fischer, and Thomas Brox. U-net: Convolu-
tional networks for biomedical image segmentation. In International Con-
ference on Medical image computing and computer-assisted intervention,

pages 234-241. Springer, 2015.

Daniel Seichter, Mona Koéhler, Benjamin Lewandowski, Tim Wengefeld,
and Horst-Michael Gross. Efficient rgb-d semantic segmentation for in-
door scene analysis. In 2021 IEEE International Conference on Robotics

and Automation (ICRA), pages 13525-13531. IEEE, 2021.

Abhinav Shrivastava, Abhinav Gupta, and Ross Girshick. Training region-
based object detectors with online hard example mining. In Proceedings
of the IEEE conference on computer vision and pattern recognition, pages

761-769, 2016.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion
Jones, Aidan N Gomez, Fukasz Kaiser, and Illia Polosukhin. Attention

is all you need. Advances in neural information processing systems, 30,

2017.

Jingdong Wang, Ke Sun, Tianheng Cheng, Borui Jiang, Chaorui Deng,
Yang Zhao, Dong Liu, Yadong Mu, Mingkui Tan, Xinggang Wang, et al.

Deep high-resolution representation learning for visual recognition. /IEEE

35 A=



[19]

[20]

(21]

(22]

(23]

[24]

transactions on pattern analysis and machine intelligence, 43(10):3349—

3364, 2020.

Weiyue Wang and Ulrich Neumann. Depth-aware cnn for rgb-d segmen-
tation. In Proceedings of the European Conference on Computer Vision

(ECCV), pages 135-150, 2018.

Xiaolong Wang, Ross Girshick, Abhinav Gupta, and Kaiming He. Non-
local neural networks. In Proceedings of the IEEE conference on computer

vision and pattern recognition, pages 7794-7803, 2018.

Enze Xie, Wenhai Wang, Zhiding Yu, Anima Anandkumar, Jose M Al-
varez, and Ping Luo. Segformer: Simple and efficient design for semantic
segmentation with transformers. Advances in Neural Information Process-

ing Systems, 34:12077-12090, 2021.

Yajie Xing, Jingbo Wang, and Gang Zeng. Malleable 2.5 d convolution:
Learning receptive fields along the depth-axis for rgb-d scene parsing.
In European Conference on Computer Vision, pages 555-571. Springer,

2020.

Maoke Yang, Kun Yu, Chi Zhang, Zhiwei Li, and Kuiyuan Yang. Densea-
spp for semantic segmentation in street scenes. In Proceedings of the IEEE
conference on computer vision and pattern recognition, pages 3684-3692,

2018.

Changgian Yu, Changxin Gao, Jingbo Wang, Gang Yu, Chunhua Shen,
and Nong Sang. Bisenet v2: Bilateral network with guided aggregation
for real-time semantic segmentation. International Journal of Computer

Vision, 129(11):3051-3068, 2021.

36 Al = TH



[25]

[26]

[27]

(28]

[29]

Changgian Yu, Jingbo Wang, Chao Peng, Changxin Gao, Gang Yu, and
Nong Sang. Bisenet: Bilateral segmentation network for real-time seman-
tic segmentation. In Proceedings of the European conference on computer

vision (ECCV), pages 325-341, 2018.

Yuhui Yuan, Xilin Chen, and Jingdong Wang. Object-contextual represen-
tations for semantic segmentation. In European conference on computer

vision, pages 173—-190. Springer, 2020.

Yuhui Yuan, Lang Huang, Jianyuan Guo, Chao Zhang, Xilin Chen, and
Jingdong Wang. Ocnet: Object context network for scene parsing. arXiv

preprint arXiv:1809.00916, 2018.

Hang Zhang, Han Zhang, Chenguang Wang, and Junyuan Xie. Co-
occurrent features in semantic segmentation. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition,
pages 548-557, 2019.

Hengshuang Zhao, Jianping Shi, Xiaojuan Qi, Xiaogang Wang, and Jiaya
Jia. Pyramid scene parsing network. In Proceedings of the IEEE Confer-

ence on Computer Vision and Pattern Recognition (CVPR), July 2017.

37 Al = TH



ABSTRACT

Semantic segmentation is the most comprehensive way to understand im-
ages. It is to assign a semantic class label to every pixel in the image. It is a very
important technology because it corresponds to recognition from the perspec-
tive of operating autonomous driving and robots. Recently, attempts have been
made to use depth information to improve the performance of semantic segmen-
tation. However, most attempts have been made in indoor environments rather
than outdoors. There are also reasons that make depth information difficult to
exploit easily. First, it is difficult to obtain accurate and dense depth information
in an outdoor environment. Second, when processing depth information as in-
put to a network, an additional encoder is required, so a new network design is
required.

In this paper, we overcome the difficulties and find ways to use depth in-
formation efficiently. To this end, we propose a novel Depth and Pixel-distance
based Attention (DPA) module. This module utilizes depth information and uses
it to infer correlations between pixels. It is computed using the fact that pixels
belonging to the same object have similar depth values. It is robust to the accu-
racy of depth information because only relative differences in depth are used. In
addition, DPA is a simple plug-in module that can be easily exploited to exist-
ing RGB segmentation networks. It does not require a new network design for
depth information processing and can be easily applied to existing RGB-based
networks that work well. It is also much more efficient from a computational
point of view, since no additional encoder is required to process the depth in-

formation. DPA does not use depth information as input, but indirectly provides
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depth information to RGB-based features. Through this, the RGB-based feature
is augmented.

Performance and efficiency are verified by applying the DPA module to var-
ious baseline networks. Regardless of the type of baseline model, we improved
the performance of semantic segmentation and verified that it is more efficient
in terms of the amount of computation compared to the existing method of using

depth information as an input.

keywords: Semantic Segmentation, Attention, Neural Network, Deep Learning
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