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Survey of multilevel feature extraction methods for RGB-D images

Li Yang, Wu Xiaoqun™
1. School of Computer Science and Engineering , Beijing Technology and Business University , Beijjing 100048, China;
2. Beijing Key Laboratory of Big Data Technology for Food Safety, Beijing 100048, China

Abstract: RGB-D images contain rich multilevel features, such as low-level line, planar, and high-level semantic fea-
tures. These different levels of features provide valuable information for various computer vision tasks. Computer vision
algorithms can extract meaningful information from RGB-D images and improve the performance of various tasks, including
object detection, tracking, and indoor scene reconstruction, by leveraging these multilevel features. Terms such as feature
and contour lines can be used when describing existing line features in a single RGB-D image. Line features provide crucial
information regarding the spatial relationships and boundaries in the input image, aiding in the understanding and interpre-
tation of input data. Plane and surface are used to describe planar features and those refer to flat or nearly flat regions in the
RGB-D image. Terms such as instance and semantic labels can be used when describing an object. Instance labels refer to
unique identifiers or labels assigned to individual instances or occurrences of objects in an image, while semantic labels
represent the broad class or category to which an object belongs. Semantic labels provide a high-level understanding of the

objects in the image, grouping them into meaningful categories that indicate the general type of object present. Traditional
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methods for extracting line features often utilize color, texture information of RGB image, and geometric information in the
depth image to extract feature and contour lines. The extraction of planar features involves clustering to extract sets of
points with similar properties, further facilitating planar feature extraction. Semantic feature extraction aims to assign spe-
cific semantic categories to each pixel in the RGB-D input, and most of the methods used for this task are implemented
based on deep learning. The multilevel feature extraction results for RGB-D images can be used as prior knowledge aids
such as indoor scene reconstruction, scene understanding, object recognition, and other tasks to improve the quality of net-
work output. Multilevel feature extraction for RGB-D images is also one of the popular topics in the field of computer graph-
ics. With the development and popularization of commercial depth cameras, acquiring RGB-D data has become increas-
ingly convenient. However, the quality of captured RGB-D data is often compromised by environmental and human factors
during the acquisition process. This phenomenon leads to issues such as noise and depth absence, which, in turn, nega-
tively affects the quality of multilevel feature extraction results to some extent. These problems are detrimental to traditional
methods, but the emergence of deep learning approaches has overcome these issues to a certain extent. With the rapid
development of deep learning technology, numerous high-quality research results have emerged for multilevel feature
extraction tasks based on deep learning. The commonly used RGB-D datasets for multilevel feature extraction tasks, such
as NYU v2 and SUN RGB-D, are summarized in this paper. These datasets contain diverse scene data, comprising RGB
images paired with corresponding depth images. Taking NYU v2 as an example, the dataset includes 1 499 RGB-D
images, derived from 464 distinct indoor scenes across 26 scene classes. After introducing the datasets, this paper pro-
vides a summary of commonly used evaluation criteria for assessing the quality of line, planar, and semantic features.
Detailed explanations are presented for the computation method of each evaluation criterion. When reviewing line feature
extraction methods, a comprehensive summary based on traditional and deep learning approaches is presented. Detailed
explanations of the principles, advantages, and limitations of different methods are provided. Furthermore, quantitative
comparisons of the extraction results from several different methods are conducted. When summarizing planar feature
extraction methods, a comprehensive overview is provided from two perspectives: traditional and deep learning-based pla-
nar feature extraction methods. Relevant research papers are gathered, and a quality comparison of planar feature extrac-
tion methods is then conducted. Additionally, detailed explanations of the advantages and limitations of each method are
provided. A comprehensive review of deep learning-based semantic feature extraction methods is presented in this paper
from two aspects: fully-supervised and semi-supervised learning-based semantic feature extraction methods. Relevant
research papers are also summarized. When comparing different semantic feature extiraction methods, this paper used
evaluation metrics such as pixel accuracy (PA), mean PA (MPA), and mean intersection over union (mloU) to measure
the quality of the extraction algorithms. The results of the quantitative comparisons revealed that semantic feature extraction
methods oriented toward RGB-D data exhibit superior extraction quality. These comparison results prove that feature extrac-
tion methods designed specifically for RGB-D data can achieve better results compared to methods that only utilize RGB
data. The incorporation of depth information in RGB-D data facilitates accurate and robust extraction of semantic features,
leading to enhanced performance in various tasks such as scene understanding and object recognition. Data annotation has
certainly been a challenge for feature extraction methods based on deep learning. Annotating large-scale datasets requires
considerable time and human resources. Researchers have been actively seeking ways to reduce the workload of data anno-
tation or maximize existing annotated data to overcome these challenges. Therefore, unsupervised, semi-supervised, and
transfer learning are widely investigated to leverage unlabeled or sparsely labeled data for feature extraction. Finally, the
problems of the current multilevel feature extraction algorithm that must be addressed are discussed to provide guidance to
the future development trend at the end of this paper.
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Fig. 1 RGB-D image from NYU v2(Silberman et al. ,2012) and
corresponding multi-level features
((a)RGB image; (b)depth image; (¢)line feature;;

(d)planar feature ; (e )semantic feature )
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Fig. 2 Line feature extraction results of depth images ((a) RGB images; (b) depth images;
(¢) ground truth; (d) LSD; (e) EDLines; (f) CannyLines; (g) AG3line)
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AT )5 T IR BE o > M R AR E S U 7 2 2
RGB FEURAE R B A L A Xue 55 A (2019) $2 4 5
F U-Net (Ronneberger 55 , 2015 ) W 4% A% oit 8 5572 |
Zhang 55 N (2019) 42 11 TR 2 45 B 4% PPGNet (point-
pair graph network) DA}z Xu 58 A (2021) $ H JE F %
B — fif 1 45 #4192 R A1 42 B 4% LETR (line seg-
ment Transformer) . Xue 5§ A (2019) P 4% 25 ¥4 45 &
T DeepLab v3+(Chen %5 ,2018a) HfF £L 25 [] 4 1%
b £k (atrous spatial pyramid pooling, ASPP) £ Bt £l
ResNet (He 55,2016 ) i BEBR % He L1 ; PPGNet [% 2%
BT 4 AR 0 2 i R T BT A Sy €] R ) A, A
I A 0 iy A 5 U TRk 8 5 B U
JAUTA)ZE T 1 5 LETR 26 5% F T v REL 390 400 A 00 5
W, TEAELAALS B BEAX O T RPAIE £ A T 7 DI, 7 4 i
T i e i 22 RUBE G i R ik ) 52 B4R AR 515 2

MEEFKT , TS Xue 55 A (2019) $2 H: 19 42
R 2% PPGNet 9 2% 14 J2& LETR [ £ 0 A BEA 24X
O3 LA FERNSC B A 5L Fs e R 2 A Bd
YEFE Y Jry FRVE B LSRR, JUAAT i F45 ORI
THIEZRG, dh = R AR AR R 25 H REHO T
DU 22 AR BURF LR, X B B0 T o VA A A 2% X
IR EEUR LU R T
2.3 SRYFEREUTEXSEE

¢ 2568 T[] 2D B4l 19 4R AR S O VA AR NYU
V2HUE S ERR BT T i A, HOh SR 25
1Y EL S S N AR T 5 3R 3 XL e i R RS2 BT
B & ST R S EL R B s AT TR LU
K3 R 1 JLRHEGE 7 A7 2D s F1 2. 5D %t |
ARSI R P i SB[ N TR TR
Bl . MWEIBIEERNKF  fegiTrik b, LARGB-D A

R2 JLMEE 2D BURE R IERI T A EEX

Table 2 Quantitative comparison of several line feature extraction methods with 2D input

=RV ARy LN P R IoU
LSD(von Gioi %,2010) 2010 R EIR 0.46 0.19 0.17
EDLines( Akinlar f Topal ,2011) 2011 RERSB 0.58 0.20 0.18
AG3line(Zhang % ,2021) 2021 R ENE 0.51 0.21 0.18
CannyLines(Lu%§,2015) 2015 R EIR 0.66 0.42 0.34
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Table 3 Comparison of line feature extraction methods

Bk Ay A il 5, e
. O 0, 0 E
LSD(von Gioi %,2010) 2010 20%cle D RRIIEIRBEEL 4o oois s o9, 2B 5 W 4
J7 [ AT X e A K
) PR
. s . Wi EREACEMEE W AW B 2R n s R, MLy s
Linelet(Cho %5, 2018) 2018 2D e wommiinsg KollcRey I
. . Jey A AE T e AL 53
in in 1o i 398 JRy R K P, B o -
E(I)Jlli)es(Ak lar F1 Topal,, 2011 2D HdE ﬁjgﬁﬁiﬁ&ﬁ”}ﬁ I’zgfr (S A RIFH B (/N X B T
JLERE R
. ., v ERTBREERBURZROILT 0 e R
AG3line(Zhang%:,2021) 2021 2D % AR 2 R , IS T R s
LSWMS(Nieto,2011) 2011 2D % gﬁg&ﬁé@ggn-smﬁ E;gf?g;ﬁj\ RO e
CannyLines(Lu%§,2015) 2015 2D %#e g%;g%g%ghw M g e et A4 55 A 58 4
. " SEOTRIE JEMZERFIRGB . o JU 22 5 ANTH (8 1Y 35
Yang % A (2015) 2015  2.5D % S AR A —EhiMEhE SR 2
) . " R U 22 242 R X TR ER S M = JU R A B A5
SFLine(Cao%,2017) 2017 25D py s pprcir Ko A e
s " T HERRAS BN ERAE A 2 RGP 4 B AE 20 08 MR O RAR A R
PPONet(Zhang %5.2019) 2019 2DRUE 4t g sm gzt it L4 5
LETR(Xu % ,2021) 2021 2D TE 3 L B GG AR B R I A A ) 45 A RN ST S BE A BT 0k P £k B

U2

TSN

]

(a) RGBH#IA

(f) depthfii A\

LA
-

(b) LSDEJRGBZE

\\\

(g) LSDHdepthZh#:

(c) EDLinesHyRGBZE

(h) EDLinesf)depthZf 2%

(d) CannyLinesfJRGBZE St

_ f;\

CTN

(i) CannyLinesffdepthZs

(1) SFLine&%(Cao%, 2017)

K13 RGB-D AR AL S g R

Lo

(e) AG3linefJRGBLEH:

(j) AG3lineftjdepthZf

Fig. 3 Line feature extraction results of RGB-D image ((a) RGB input; (b) RGB result of LSD;
(¢) RGB result of EDLines; (d) RGB result of CannyLines; (e) RGB result of AG3line;
(f) depth input; (g) depth result of LSD; (h) depth result of EDLines; (i) depth result of CannyLines;
(j) depth result of AG3line; (k) ground truth; (1) result of SFLine (Cao et al. ,2017))
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G F s A B SF Line 28 R AEH2 M S S0 AR T LSD
ik XFEMZE SR BRI Z P, SFLine & BRI H
T RGB-D E& Ay Bt SO A LT 8., e g ik
R I (0 S0H 22 S5 K HL L] 22 53 W S8 A 2R R AIE
1M LSD 2575 BAL A ] T RGB B& P i {5 1., HLAE IR
JE MG 132 FH X 7 vk i 2008 T R MG AR B L
Al 3 S0, X FPIE OL T fi A Bl i 1 B /b IR,
PR I T A R U 30 LS Y 25 5

3 FEEHERETTIE

IR Z RGB-D R IR JZ FfE 2 — , A
AL G RIS TR B 2 ST IS # FE IR 1 T 0 - T
FERESR IO %

3.1 fREFEFERRG ®

1% 4 T 7] RGB-D &5 1 ~F- ThT 3 AE £ BT 55 ¢

S T AT A1 RGB-D A% 19 Sr 3R A5 5 IR
FR . 1V NS T2 22 n oL T A 8o
B IO T 2 R — AP 1 F R E A
WA R SE RIS AR R B . TR AR BRI
TET A RUHE Aok — [l L, (HL 2 52 TR PRI A50KS B AR
J3E MR 7 )], - T A2 A DX O BORS B IH AN &
PSR A GORE . X AR ALR , An ey A A Sce
R PR RS 20 2 2 4 s B AN UK R A OB

AN AL GV T AR AR IO 12573 Ry A 1 DX I
KA 7 R AL T BEALAE — B U7 ik O fER 4 1
XoF 4% B AR DG SR BRI e s A T TR
3011 BT U ik

DI 1TV A O AR BAT AP B i
BRAGI N —2 o FeT DX S S IO T Y
KHETE TRl 7 A Bk ms , — B E R/ 1 25,
it ¥ RO R A, 5 AR HABAR R XS T
IAERE IS E MR MER . PEBMIIE R A
IR sk m A E A BB R G IFE 2B R A
Mk

Jin % N (2019) 2 i 1) - T 454 $12 HUR 2% DPD
( depth-driven plane detection ) Bt J& Jk T X daf 444 K 5
LR, DPD B3 5 5L T DXl g 4 i)~ T 42 B A —
AW BB OC AL SRS W FR 3 o S IRCF- T, DPD &
VRO 38 TRIAG PP 50 TR P R 1) IX S 5 e ik e /D —
AU VT, TEHURR - s, P T e 3P T B S
iR 2R HE R SR, W TS IOF- 18 2 iy

JE G FNIE KOAN R B O, DPD Sk AE A AL B Be 2=
TR0 TC T T AR 0 04 DX 08 28 255 1R 25 /N P THT
5 DPD B2 8, Han 55 A (2021) $2 H A 35035 [R) B
Xof AH GBI AZ F IR AT T kAl gtk
o L I

RGB-D EUR AL & TR EE AR L, i R AL S 4L
LU RGB-D R YR IAE ¥ RGB-D K154
R = B S TE S s ERBCE TR, PR HUAS
SR [6) B AT DS o R B AR AL 2 B 5 2 2D oF- T
Roychoudhury %5 A (2021) 48 1 % 2 T X Sl 4 1 5
I~ T i BB 1ok A T [ a2 B0CH I 1Y), 3SR R B
AR S | 5 DO AR IRk ) 22 S/ NI VR R
BB E A s 301 ) R 158 22 D R E AR A
[E) P [ i 2 A B B ) DI HIAR

BT DX R 1 - T B RO v S IR B, JC
N T AL B FE ABADAAAEA R o TR M P e (5]
G R AR Ao R T AN T S A, 7T DX R AR X R R L
WU X 2 R BOE bV T B BE 4 R B SRR
B A, DX B 0 S BRI R R, BT i i
TEPE B 1Y 1 AR s SR A AR
3.1.2 FETREHLIEE B0 ik

Bifi L 4 F£ — 2 (random sample consensus,
RANSAC) 5575 1 B A JEUAR 2 IS Hh B AL e 4 —
BEREA ARG X SEAE AR LGP T . W51
11 J , RANSAC TR 45 b 4 — 4 i 210 i A
BRI RN T 25 E BB PR IC O N R, RCZ BRI
R AP R N SRR R PG T T8 BT Y EE AR AR
Bt ik B — o 1Y BE T, A IS ROR R 4F .
RANSACAE N —Fh & iy S5 iz i
T EHLEDIE 2=k

Silberman %5 A (2012) #2 Hi i I [1] RGB-D 1%
(1 3D - T 4 HRUAL vk 1 S R TR TG b i s i A K
S BT [0 JEA T R A SR PRz HI RANSAC
BEAUG P P A A R b, AR TR S
15 ) 5 VT ) 22 S L 5B T IR RS S Y RGB
B (A R B NS H R

Li % N (2017) . Yue % A (2018) Fl Xu 5§ A
(2019) 4 i i B35 #0275 RGB-D MR e 4 2 )5 1Y
M L. LA 017 $2 R py T IERR
43 A A% e (normal distributions transform, NDT) 2450
HUHE R RANSAC 3, B UGE L # rp , NDT HLoT#R
VB — A die /NI SR FERE A W R R A 19 A 12
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Yue 4 A (2018) Fl Xu 25 A (2019) 14 £ RANSAC
(A B AN T A [ R ) etk

RANSACH — 2 BIHLREBE J) , HE A5 A0 B 4 75 I
RIS (R A H | (2 RANSAC B3k 14k i 1
(EAEAROE B Sk R A L ROR
3.2 EFREFINTFEFERINGE

B TR B o7 2] BORAE A AN G )2 T, )
FHBGRBE 27 STRE SR AR IO TR ARt BRAS—E RIS
R PlaneNet (Liu %, 2018) il PlaneRCNN (Liu &%,
2019) #B & & T IR B2 2 2] (19 °F T RR A 4 B v
PlaneNet J& 5 TR B #1122 W 4% (deep neural network ,
DNN)SZEL , PlaneNet {45 RGB il A SR SEHfE T — 41
V-T2 K0, R PR Y T S A R £
4% 56 W0 T 42 L. PlaneRCNN MU J2 & T Mask
R-CNN (region convolutional neural network ) (He % ,
2017) 5231, PlaneRCNN )% AL J2: 5105 RGB &
4, Plane RCNN [F] 42 T 98 J32 1145 0T 4K 4l T 2 [
1550 B 52 3V T RRAE SR B, 6 4h , PlaneAE (planar
reconstruction via associative embedding) (Yu 5§ ,
2019) K5 KHR A A B REARUSE FH 2 1P R AR S U
PlaneTR (plane recovery with structure-guided Trans-
former) (Tan 55, 2021 ) 7£ $2& BV [ RFAE B G187 14 H
I T R e 0 (5 38 P T A 2548, X 4 T A
HREUAT T AP

HS L, HUE RGB FER AR B A BRI, Xie
5N (2022) #2 1 A9 PlanarRecon M 4% Fil Liu 48 A
(2022) #2 t 19 PlaneMVS (planer reconstruction from
multi-view stereo ) W Z& &840 55 1 W 4% % A, PlanarRe-
con fill & 22 WUAY 43 I % Fr S B 42 J) ~F- T AL
PlaneM V'S W 1] Z2 40 ] 2 18] (% JUART I 34 52 B - T
$EHL, U0 PlaneNet , PlaneRCNN 4 iz FH IR i 2% > /9
T3 AT R PG 1R 25 1 P R TR R A
4 AL DL N X R R 2E . B 4 R T
PlaneRCNN( Liu 25,2019 ) Fl PlaneM VS ( Liu 55 ,2022)
4 g SR, nT LB R R B, Z0AE rhoAR AR
PlaneMVS [t PlaneRCNN Y $2 IR Z5 SR 4F . TCiL 2
PlanarRecon W X} 2 it 43 ¥l # K 09 @b & & 2
PlaneMV'S H1 X0 22 4L B8 AU R AR AL 251 & B
AR T 4h s A B 1915 B & . RGB-D &
(SEI=S &SN IRONEE S-S I RIS E T PIRE)
fr JEL , AR 18] RGB-D 5 Y TR B2 - T 42 U7 125 4%

FET R 2 2] B IR S IBUSE R 28 3+ K 5
W G2 5 E B — Mz kR )7, ie e AE 950
TG I IREE T (0 R 137 5t rh S BOF- TR, X T
RGB-D i ABCH H AF7E MR 75 ek 45 n] LA — o
() 25 2 B8 5 WA 96 5 1k U A 4R 8 RGB-D i AT o
WA R A5 (] EUAR AT R S B0 BT RIS R Bl
JE O3 EN R )8, PRk, 7 T ) 52 2 i A B8 1) 155 7O
TETRE ST BRI —% . A,
PlanarRecon %5 & F VR B 2% 2] (1) J5 74 BE 6% A5 3] 52 e
PRI, 0 AL T BEALFRE — B 15 58 )5 1k U Bl o
RRUE I I RBCR AR T AR . SR, P TR AE 42
BRI 2 s 75 22 K TR B0 R st AR
TN ZRAEA S 10 o f

[ .A
(a) RGB (b) PlaneRCNN (¢) PlaneMVS
K4 SPHFRAESR U I PlaneRCNN (Liu %, 2019) Al
PlaneMVS( Liu 55,2022 ) i H B 45 5
Fig. 4 The results of planar feature extraction method
PlaneRCNN (Liu et al. , 2019) and PlaneMVS

(Liuetal. , 2022)((a) RGB; (b) PlaneRCNN;;
(¢) PlaneMVS)

3.3 FEYFHEREFAEXTEE

ARSO TR SE BT A AN [R5 25 1 TAR R
PR E SR TAEEAT T 84, 2Rk 4 7
TNo WL AR SO A T LA T RRAE BEEUT IR 1
E BT EE R G5 R UNFE S PR .

4 TENFHERET R
H SURFIE SIS A LR R T RLIEIE

U BT i 2 — 1 X B e st
R 1 2l B 45 1 22 AT A I8 HT TR 22T R
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Table 4 Comparison of planar feature extraction methods

el RFEITE J P (= {793
eprcEg Vi EA(2019):Han %A (2020); S AR AR DA SR SRR ST MR T
o Roychoudhury 5§ A (2021) FEPESEAT P IR 38 X UL RE RS
v Silberman %5 A (2012) ; Li 4 A (2017) 5 i i a6 R AR 4 A 3 T 2k B £ A FRIEAC LN AT
SRR 5Ly 5 0(2018); Xu B A(2019) setfpm e O R e s
I Liu %% A (2018) ; Liu % A (2019) s He 5 A 38 0 T B2 I 28 i 37 5635 7 g 7 o, /PR R Y, &
7 (2017) 5 Xie %A (2022) 5 Liu %5 A(2022) B ARAEBUN P 43 RSB 25 K et
x5 JLFMEESHERIRGEEEXTLL
Table 5 Quantitative comparison of several planar feature extraction methods
ScanNet £l 4E NYU v2 54l 4E
A7 G2
Vi1 RI SC VI RI SC
PlaneNet(Liu%%,2018) 2018 1.259 0.858 0.716 1.813 0.753 0.558
PlaneAE(Yu%#,2019) 2019 1.025 0.907 0.791 1.380 0.888 0.519
PlaneRCNN (Liu %§,2019) 2019 1.809 0.880 0.810 1.596 0.839 0.612
PlaneTR(Tan%%,2021) 2021 0.767 0.925 0.838 1.110 0.898 0.726
PlanarRecon( Xie %5,2022) 2022 3.622 0.898 0.247 - - -

T R TR R A S e LA 2R, =" R %I R Rk

AHC G T T JUAR T IR 2 22 > i Lo R0 7
FERI 53 e 4 B 24 ) W18 XAy BT i L 55
W2 2] (i U I TR
4.1 BEFEUEBEINEXHEFE

B 5 2] 1R SUOrEN R AR R BRI )
YIZREAE , 155 RGB-D U ANE bR RIME it
TEEE AL AT U2 5 3B RGB-D RUZ , {H 18 X hp25 &
BARBERE R, Z 9 N TR, 750 B 281 25
W B G b T 9 DI 5000 A ) 3 582 s 0 0 D 2% 1Y
SRS EE

Long 5 A (2015) 4 H 119 4 4 BURI 2 X 2% (fully
convolutional network , FCN ) J2& & T ¥ & 24 2 1) = kG
JEIE U EN T L 2Z A8, FON 76 3 BUH 22 M 45 (con-
volutional neural network , CNN) (LeCun % , 1998) i}
Bl B GERBERE LSRR RE THRRNE
)7 A S, DRI 5 740 B B2 . S RefineNet
(Lin %, 2017) . SegNet (Badrinarayanan % , 2017) .
AdapNet++(Valada 2§ ,2020) F1 5% Xk 45 A (2023 ) )7
2 A R0 B RGB BRI T 1 SC43 1), AR HX
37— R

1 17] RGB-D EIE T8 53517715, 1 Jiang %A\

(2018 ) 42 Hi 938 S 43 %1 9 2% RedNet , Seichter %5 A
(2021) £ 1 1) ESANet # 2= 75 47 11F 2 5 [ B 2t L)
J5 1 RGB R R IE RO TR BE R AR AR Rl G, DLR
T A BEYEE . ESANet 3l i — A UR B 4 A0 2 42
BULI{E B, ESANet H1 1 RGB gt & 234 JLl 5 B
HEAT R Gk, SCIVFRRAE A o 1 G 5 — ik A% D)
25 IRRE 1Y) RedNet 76 R¢fiF Al A 22 Ji5 #0838 2x B9k IR 4% 422
V5 G i 25 5 A 8 v ORT RN7 F) REAIE LA B, R ER
JEFHIE R B 4015 5 B o 5 ESANet # RedNet A~
IS 2 S AR E B AR TR], Hu 558 N (2019) $2 1 i1y
T & J) H AR 2% (attention complementary network ,
ACNet) il it 11 %5 J) B 4MSE R (attention complemen-
tary module , ACM ) i] LAFE R 4 A RGB [ f5RI TR
PG IR RHIESS B
KR MG LAl 5 BAE N RGB A
PRI FEAR B AT AR IR w2 TR 2 43 51 I 245 1) M i
43 B 5T A A T 2D AR AE R LA {5 B
BREA . Lee %5 A (2017) $2 1 (18 L4351 9 4%
RDFNet 341 & B3 il & RGB G AN B B4 19
fIE , RDFNet 1 5% 22 2% 2] 9 4% .0 A iz F 2118 o3
H 1 38 2SR Rl G ORI 2 )2 UORRAE Al Ak B
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A3 2 )2 RGB-D R fik o 5 R T i, 1] FH 45 2]
() 2 J2 K RGB-D F#1E S UG e il . &1 5 J@os 1
RDFNet AT ] RGB 4l (415 L 73577 1 RefineNet
HZ5 5 RDFNet (945 R B 2 20T G T,

IEAh , Wang Fil Neumann (2018 ) 4 H A3 7% B 81
CNN ¥ 45 (depth-aware CNN, D-CNN) Fl| % % 1] {5
BALRE AR P IR AR , 72 CNN 925 b 3 i
SRR BRI TR B SR P 4 s A4 A R AR R LA
SRR v B TR BE AU , 45 LA 15 8275 2 i il
AFICNN [45H1 . Chen 55 A (2019) 48 Hi ) 3D 4J 42k
% FL(3D neighborhood convolutions , 3DN-Conv ) £l Ht
A b A B ) s BB R ) S R B 45 R AH DG IER L o —
FE R LN I DI A B, $ v 1 45 2R
R o PV A N (2022) 4 H Bty 23 310 1o 26 il 5 | A

A I AR F 1 N AR R RS T 2 R A
T8 N A PR B S SR I, e AR R s A T
RGB-D R R NTEAR B, S8 T BUE R AR T
AE A= 2Ll 5 o Deng 55 A (2015) $2 Hh Y 3 L3 %)
W 28 75 25 A4E B H1 37 (conditional random field, CRF) I
B4z JRyx G AL LA AR g BE G R 2 AR AR
SCHEIC AR i 13X A5 2O HE R T RGB-D K15
BTG R . BOLIRSEA (2021 42—

IIEHIIIIIIIIIIIIIIII

IIlIlIIIIIIIIIIIIIIII
1

IIIIIIIIIIIIIIIIIIII

(a) RGB (b) B (c) RefineNet (d) RDFNet
%5 RefineNet(Lin%,2017) f1 RDFNet(Lee %,2017)
S S5 R

Fig.5 The semantic segmentation results of RefineNet
(Lin et al. ,2017) and RDFNet (Lee et al. ,2017) ((a) RGB;
(b) ground truth; (¢) RefineNet; (d) RDFNet)

ol 5 T 30 5 T SRR SCJRHT Y I 4 A5 ASNet
(attention-aware and semantic-aware network ) , 1 13 5|
AT BB Z2 SRl -G BRI SO Z 35 Rl
B, AR RS T 2 )2 RN RGB RFE AR B
fiE o A T S S50 A A AR R R R O
XL PS5 N (2022) 7EH LorHIM b5 A T IREER
B51 A RRE SR OB 2 i A 3 0 9 TR
JERAE ST AL, AT LATE 0 P 8 i ik A 3
PRI RAAE P LB i SRS B

TCiE 2 A PR L Al S RGB R IE MR JE HFRAE , 18 )2
AN B SO R R TR RO 26 g LK BRI A
R, K5 R PRI v ) % A 5 2 3 S0 0 1Y
280 TR v 0 BRSO AR
4.2 ETHBERIMNEXSEFE

LG Re T A B A Ik i BT B bR R i
SCARZE BT TR 25, 33X J&— T 3 ) 8% ) B4
55 MIAET2E W B 22 2 B 7 ¥R N Fe Vil o3 1 W 2%
fdi FH /D AR ICEEE AR SRR I BRI R X
Tl 5 B RAR 1 RCH I A 2 8 JAS A 0 4 Y 4 R
e TAEZ —.

BLT o B AT WO SO B T IEAE M I 2Ry
Bofdt FH R AR A 1 0 DI 2800 A B AN A
TR R G o3BG BE L e Sy 1R O HOR
I T ABARAERE DR R B A B M 2
Maheshwari 55 A\ (2023 ) # Hi (92 I 27 ST HESE M3L
AL TE 0 28 )1 2 3 A v A 2% il & (linear fusion,
LF) S8l & RGB-D 22 2RI, fil-& 1Y 25 R8s i ]
T 2SI (E (Multi-modal mean , EMA ) 55 5 S W&+
A B FRIC R R XA R T SR RE
i B T ) 3 OR AR AC 7 RO A R
Zhang 55 N\ (2022) 44 Hi 1% 35 T X B Gt i —figp e 225 4
AT LAY EI 45 ERF-AC-PSPNet t 38 it il & 2 )2
RRAE R ARE 53 #KS i, ERF-AC-PSPNet 7 4 4% 22 i
PR B BRI T T RAE il 1 8 ) BAMS
P& 2 25 EE . Stekovie 5 A (2020) $2 H f) 5
T U-Net [ 45 5 1 5 BLAY 2 W B 18 SCo3 %1 0 2% S4-
Net JUJ2& 1 FH 37 5% 6] ) JL A — Sk Ak 3384 bn 4 )
5.

T [6] RGB-D B4k 14 2 W B o SC o031 I 2% ] LA
i TR AR S A SRIBU LR B, —E R B R A
TBHEAR AR R RE I, PRAIE T3 L HIRGE
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4.3 B NAFERENA AT

B 2 S RN W 2 T W SURRIE B O v
HHES AT, £ 6 T TR, 7R
T JLFP I ) RGB . RGB-D K14 (1)1 S 43 ) 8k 7E

NYU v2 504245 f1 SUN RGB-D ¥R 45 |08 B Heds
ZEW w[ DIE W, 1 RGB-D [BIE 138 X4 E) 8k
A A B

&6 T [E RGB-D EREYIE AR T 3T L

Table 6 Comparison of semantic feature extraction methods with RGB-D input

25 RFETAE R P i
RedNet(Jiang% ,2018) ; ESANet(Seichter 4,2021) ;
ACNet(Hu%5,2019) ; RDFNet( Lee %5,2017) ; . N N .
. o oo e FUREGARIE 53 BECRAF, VI EBOR bR
LT AW %> D-CNN (Wang Fll Neumann, 2018) ; 3DN-Conv ( Chen %5, BRI % GRS TAERA
2019) ; Fh 3 48 28 A (2022) 5 Deng 25 A (2015) ; ASNet ZREE TSR AR
(Btr iR 4%,2021)

Sop ey sy M3L(Maheshwari 4F,2023) ; ERF-AC-PSPNet(Zhang 4, F HPHURLEE B8 DI ZRBeditiatn W 5 A 25 55,
TR 2002) :54-Net(Stekovie % ,2020) PRI RRZs  ETARR/ADN DAOES FIRE
R®T NWIBNHEIFEEETLE
Table 7 Quantitative comparison of several semantic segmentation methods

1%
NYU v2 $idig e SUN RGB-D %445
Bk Ay HIA

PA MPA mloU PA MPA mloU
Deng % A (2015) 2015 RGB-D 63.8 31.5 - - - -
RDFNet(Lee %,2017) 2017 RGB-D 76.0 62.8 50.1 81.5 60.1 47.7
RedNet(Jiang 2,2018) 2018 RGB-D - - - 81.3 60.3 47.8
D-CNN(Wang Fl Neumann,2018) 2018 RGB-D 60.3 39.3 27.8 72.4 38.6 29.7
ACNet(Hu%:,2019) 2019 RGB-D - - 48.3 - - 48.1
3DN-Conv(Chen%,2019) 2019 RGB-D - 52.4 39.3 - - -
ESANet(Seichter4,2021) 2021 RGB-D - - 50.3 - - 48.17
ASNet( B i 4 ,2021) 2021 RGB-D 77.6 64.7 51.3 82.6 62.7 51.1
IMBAE N (2022) 2022 RGB-D 77.1 64.2 50.8 82.5 62.0 50.6
FCN(Long%%,2015) 2015 RGB 65.4 46.1 34 - - -
SegNet( Badrinarayanan &5 2017) 2017 RGB - - - 72.63 44.76 31.84
RefineNet(Lin4#,2017) 2017 RGB 73.6 58.9 46.5 80.6 58.5 45.9
AdapNet++(Valada%§,2020) 2020 RGB - - - - - 38.4
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