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Abstract

RGBD semantic segmentation is a research area that has received much attention in recent years.
The challenge in this area is to effectively utilize the different information characteristics of RGB
and depth images.RGB images feature global color changes, while depth images provide informa-
tion about the local location of an object. As a result, depth images are considered to be a more
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representative source of local semantic information, which helps in subsequent coding and seg-
mentation. However, current approaches tend to process RGB and depth images by the same con-
volution operator, ignoring the inherent differences between them. To address this problem, this
paper modifies the traditional overlapping patch embedding method to better utilize the depth
information and achieve higher precision semantic segmentation. By modifying the traditional
overlapping patch embedding method, this paper is able to better utilize the depth information.
Specifically, this paper proposes an improved method for better feature extraction by processing
depth images. By conducting experiments on the dataset, the method in this paper achieves high
accuracy and robustness in RGBD semantic segmentation tasks.
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BRI B 5 NINE T 38 S BITURAHEE o 3l (5 A IR R A 20 0 2 %o G A T 18 R RN X
WA rE], IR TG WS TE2E I RE T R 71 . BEERAGCR BRI W R 8, $R4E 7 SE B AR (W 2
BEATAE Sy El. ORI, AESEBR R, B SRS TG EVF 2 PR, WA [RGB SR AR s
MY RERG LR RAEEE RN ZES . N T AU 8, o7 N R at T 2 hrde a4, W
cityscapes [2]F1 NYUv2 [3]45, DA I 523 S AT i S FIAR T
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WHAERE, R RN, (UREE RGB EUERHAT /- #IR 45 RAAE AW B A8 4] FItk, FIFFk RGB
F& LLA TR UG OR SR BUE 245 B2 H 2310 . RGB KGR ME T WA MBI A Fi (5 2., iR K%
SR T WALE R P AL EAE S, R IR IR L RIS 85 e 40 ) FH K e ELRR
BRAE S, TR AT SEAS AR 0 A SR, H ATOD SRR X IX RS SR A R B Y, DAR
XU E SRR RS, FE0E LI AR, AT RASFHARERTARER, &
SOBARIT T TR I RGBD 5 Ay #1500k, DL sE A S0k h AR e A SR, 0 B 8 I 2% rh R AE 32
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2. FXTIE
2.1. RGBD iEX &l

BEE IR EEAE AR RS, K RGB MG AR B i di 25 Gt kg A7 38 X 43 %I(FR A RGB-D i X 43 %) (1)
T3l %% RIE[5] [6] [7]. BIREERILE(FCN) [8] i F1im a1 L HIHH-F 1 iEk, ERXZHINAHE
AR HLAK S RGB EIG, 1X 3145 7 #1145 L i BEAKH T RGB BB . 7E RGB 5 52 215w 1) 5 4
T, WA XA ERIE A T, RIS KITir . R EGIE R —Fth s B, YRR
HASHME, RitfiemhaEe.

H AT RGB-D WA KE A 0 AW AN B BT BRI B B B I B Z2& M RGB IR
FE B IR BURFIE . X — B BUH R4 Segformer [5]411 Swin Transformer [7], X PR AL HR R 7E
ImageNet [9]HHf £ EHURIIZREF. HATCRE 7 ZMEESRIU 5. Flhn, Gupta [10]58 ANGIANT —
TR FE R M O R NV, AN R W b T v FE RN 2 ) Al AT gmig . Li 26 N [11) 90 Bl SR Z K
HRE A2 R B AR B Y R S 02 R TE L 1A) AR R I 2 R AR AT G
Chen %5 N[12]42H 7 —Fp 25 6){5 B 5] F B R(S-Conv) 5iik, Z51K RGB Bk S =44 ) {5 BB A TE
— D, L R AR = g RS ROV GRS R RS, AIMIE R L4 4. Cheng &5 A [13]8503 T
FEFPRL L S B, RS T R B RGB AR FERAE 1 J5 S At A L[ 42 2, DASE S Ak s 57 ()35 B %

2.2. EFBHT #A (Overlap Patch Embedding)

Overlap patch embedding & —F H T~ BHG AL BRFNTHEHIAR WAT 55 FIEAR, F TR BRI N E B /N

B, IR SN O RN B X RO VE T DL BB R R R RE, HFEAR B R A RS B
TEAE G G FEAT 55 b, w8 R A E R/ AE RS PORME G . R0, XM s S 8E R
MIFE, R AR T I G AN 25 B 1R HREE. N T iR vex ANl @, overlap patch embedding # 1%
R RES I N, XA/ N DAL — S AR AT XI5 R . BRI, overlap patch embedding
T 5N BUE R 4 T e /NN, R R RSB . ARG, XN DL — s PRI B, AE
BENZIE —E R ES. TN, v DUy — MR R, %8 0] DERR %/
fiE o X R[] & ] DA S o vE AR Al G AR 22 I 4% (CNIN) EX H v 7 JI0LHI 5% . {8 overlap patch
embedding FrI%FAb 2 P AR I G K R ERHE, JRREE T 2 RME . BT/ N E S, AR XN
FEFT LA Z ORI, NS 1R & YRR I RE 1. 164k, overlap patch embedding i& f PAZE AL
BRI G ps TS, RN H RN AT b B, A2 A& . overlap patch embedding 7E¥F 2
TRNRAL S R Tz, BB 25 BRI, 808155, @i SRR R 4
JAfE R, AT LA X ST 55 (P R AR
3. BRI SERBGEN
3.1. ShapeConv

M EAERHESR BN BOR M BRI IR BEAE B, 5 BRSBTS AN AR EE, R 5 R B A G 1)
anfE e TEASCHRATRIL ShapeConv [14] BAG HAIMIATEARFIThEE, F I REEHUAR BEAS B A 2
B 5 — MR P e R WO | KORITK, 7 AR S BUZ I B BRI TE B . C,, M NFFIE K i@ iE,
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Hrp K e RN wOnCon FoRBGRZ R LI T 52 IR, N T s A 2s 7 P i m B0, - C,, Ron%i
HHARFAE PRI 3
M ETTREEE, JRATATLAE 2], M R Y GBS R BRI, i ] 3 G AR SR AT B R AL
WRARR, FIEENRE RSB RAFMTNSGE B Flhn, SRS EER, REE B ER
RIBRE (5 RIS ANE R, PTEMRA W REAE X PR IE 0  BR 0 AN R PR . PRt il RS AR A
REAR G s AL BIX AP Ol o FLSEHATRT DLAR I & AITARA W, ) FH AR X R B SRAR B A AT I A 1)
T B3R5, ShapeConv H4f N\ 73 ff NI 70 B Py AP, o BRfili o) & P, R NS0 OO B, TS
JFR 7y B Py IR FIEAR . MR E G B 2GS RO Py, R HAXHERR N Py, A0
T aHIE X
Py =m(P),
P, =P—m(P).
m(P) &P LHFEsL, I H Py eR™ O, By e R G . ShapeConv 5& XL W, FIWg F1K /N5
BAW, eRY, W, e RM 0w ®wCn ok (A AR T :
IF = Shapeconv (K, W, Wy, P)
= Conv(W, 0 m(K)+ W, *(K-m(K)),P)
— Conv(W, 0 Ky + W *K,P) ®)
=Conv(K; + K, P)
= Conv(Kgg,P)

Horp O Al 73 B RIS R AMTARBUSTLRT, T USRI PN ER D Bt 507 0 5 A
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Ky = W, 0K,
o ©
Ky =W, *Kq
{Kskh e = 3 (Wsi,kh.kw‘cin xKs . ) ©
5 B RUZ TR B IX 38 400, AT IA SIS R BEAS B AR

3.2. MLRLEH

WE 1 Fros, ASCRA Y - i asgitg, HdgmidiBaa WA, RGB M FE MM ESEN T
IRNSREURFAE, 1R B3 ShapeConv AE 9 RHIESEEUE , 83 XA ) 28 6 AN [FIRFAEREAT 20 T 3R, 7
{8 Transformer ZHEATALH EHIN T —FrBLo

ARICRH T bl - fRRGER SR, ZE A YA B g AL Ay . fEIX AN SR, RGB EBHRIHFIE
PRHCR A 7T H MBI EBAN TIRATNE, TR EEG RSB H T ShapeConv 1EARHIEFEIUZ . X
W& 5 BT RGB AR EUE AR IR AT HE N o X R P A UG R HE B 20 i Ab 3, 720 RIS T el
Z AN [ 22 5o 83 43 B RGB ANER BE UG BRFAE, T DASE AP 4R 20 e 1% B 1015 BRHE.

W E BN TG T3 RGB EUR HIHFE . XM 7R T EBA T, KRGS EAN
ZANVNE, B RUE FARRURENM RN T IREIE . X AR T DA B B EUE 1 4 R B AR AR . TR S R
FIRFAESEHCR A T ShapeConv. ShapeConv & M4k FKIGRUZE, B RENS T 4 s A B R B EUR 4SS o
iExt ShapeConv, ¥RFEEGREWIEML T X R REAL B IS B . Transformer JZ & — M e e A2 7 51 5 Hs
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Figure 1. Overall network structure
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4. SCES
4.1 SKEBIRES iR

A SCSEG A T EAR ] NYUv2 B4, 23Rl 1449 ki A 813 R RGBD EUE 4Lk, Ak
FIME R/ 640 x 480 HdEEEARTE T 40 M5 X300, 45 795 Rl ZREIE A 654 5K EIA .

T VAR BRATI R R, FRATTRA T AN AR B R R B (Pixel Acc.)FIF-358 L (Mean
Intersection Over Union, mloU). X EE ¥ 4x ] 4 [H] P14k 7 51 vHE A 152 R0 T 43 ) Pl ) 4 ot 2 o

42 TWHE

FRAVTIR X 2 BEAL IR i 25 - MRRL 2R 4544, BN 2 SCALRG . X TIRFE Sy 3¢, ATFI A HHA EIZR B
ITIRE BAGAE NN . i 23204 FA 7€ ImageNet _E il k(%) Mix Transformer Zwfid#(MiT)VE AE T,
MRS AR WA MLP (22 2R #0) L2853 S T ISR, FRATIRI A SUR 0 R BB T I B . 3R
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NI, FAMEH AdamW 4GS, ZhEH 0.9, BLEIERCN 0.01. AT NYUv2 ST 1 500
A epoch MIYIZR, FEERZA REERIK PRI RIFAS SR, RG-S HA Rt o s T . N T
5HAITVERAT A AL, FATES I B R A 7 B R 2 RBEP AR e o 8 SO B R ) 1t
B, PR RS RN, RS 7 R 2 RS .

4.3. SRIREER

L 2 AT AL, BA TR TR S A A SR AR AR . 0380047, FRATAI SRR
B TRV RBEAR, T ARAT B0 FI 4R S BT SR R AR . SIRA RS ET AL, 3K
T3 LA E g B 8 73, REWS {100 2% MR SE A s A PR FEAS B, JF SIS m ks BE O3 L &)l xy
P2 B A RFE SR U RGB B FRFAE SR B A AN [RI AR B T7 2K, O IR 2% RE % B i by 912 21 7 25 PO A5
R -

MG 1 oAl DL AR 7 A AR S G BE R T I EE U 3RAT T EEERE R 7 Ik e . AR R HER R
MPEAE R EIR B . 45 EPTR, @I SLIRIGIE, ASCHITTIAAE RGBD i L or BUESS THEUS T
rrAER P . X T OIFE A R ARRER BT, e A T RGB AR E& AN RS BAFIE 2 IR
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RGB Depth Ground Truth Baseline Ours
Figure 2. Visualization of segmentation results on the NYUv2 dataset
& 2. NYUv2 BiiR& ER S BIZE R AT
Table 1. Comparison with each state-of-the-art algorithm on NYUv2 dataset
1 ENYUV2 BURE L5 R EHBTEREER
Method Pixel Acc (%) mloU (%)
SGNet [12] 76.8 51.1
NANEet [15] 77.9 52.3
InvPT [16] - 53.5
SA-Gate [17]* 77.9 52.4
InverseForm [18]* 78.1 531
Ours* 78.4 53.6
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TS, DRI RS 2. BRI S, SCERH 17— Foal i, sl xR B g AT AP,
AP BEAT AL SR I . AR R AR BT SR, ASCISAIE 1% 5 VA RGBD i S - I 55 A Rk
MG SRS KRV, ZITERW IR TE L BIRHERTE, R MRS BRIt
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