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Abstract

Semantic segmentation seeks to give a set of pixels depicting an object in an image suitable labels
depending on their appearance and semantic characteristics. Though it is still one of the most difficult
issues in image processing and computer vision, this work has attracted a lot of interest recently.

The availability of RGB-D sensors has introduced new possibilities for segmentation by incorporating
depth information alongside color. However, effectively combining these modalities presents challenges
due to misalignments and depth inaccuracies. This paper proposes CRFCut, a novel unsupervised
segmentation method that utilizes a Conditional Random Field (CRF) model optimized with graph cuts
to segment RGB-D images into coherent regions. The method recursively divides regions into
foreground and background layers, employing superpixel-based appearance segmentation for the RGB
component and integrating depth cues to refine results. This approach enables robust segmentation,
even in the presence of noisy or incomplete depth information.

The CRFCut algorithm begins by separating the depth image into foreground and background regions
using a median depth threshold. This initial step requires no preprocessing and provides the basis for
further segmentation. Simultaneously, the RGB image is segmented into superpixels using an
appearance-based approach, such as the mean-shift algorithm. These superpixels and the depth regions
are combined within a CRF model, where labels are assigned by minimizing the energy function using
the graph-cut o-expansion algorithm. The algorithm is applied recursively to subdivided regions,
allowing finer segmentation in a parallelizable manner.

* Corresponding author Ol Hloouge 34&»&95‘

7 2l F oLl VFF JLle gy ranllao £ o5 @ VF- VYV Licil G )b @ VEF/FIY Y 1 iy g, @ VEY/AY iallie Jluyl fu b @


http://jsdp.rcisp.ac.ir/article-1-1448-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-21 ]

The proposed method was evaluated on two datasets: the NYUv2 dataset and the MIT dataset. The
NYUv2 dataset, which includes 1449 RGB-D images with annotated object classes, demonstrated the
superior performance of CRFCut compared to five state-of-the-art segmentation techniques in Table Y.
In the MIT dataset, which provides human-labeled sequences of indoor and outdoor scenes, CRFCut
achieved comparable or better results, even with depth maps generated from 2D images using existing
estimation methods (Table 4). The RandIndex metric was used to evaluate segmentation accuracy, and
qualitative results, as shown in Figures 3, 4 and 5, highlight CRFCut’s robustness, particularly with
noisy or imprecise depth data.

In summary, CRFCut introduces an unsupervised CRF-based approach that integrates RGB and depth
information for accurate scene segmentation. By leveraging graph-cut optimization and a recursive
structure, the method achieves high-quality segmentation results with minimal preprocessing. Despite
some limitations, such as challenges in distinguishing adjacent objects with similar features, CRFCut
offers a promising framework for segmentation of RGB-D images. Future work will address these
limitations by incorporating supervised techniques and improving depth data quality for enhanced
performance.

Keywords: Semantic Segmentation, RGB-D Image, Combination of Conditional Random Field, Graph Cuts.
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(Figure -1): An overview of the proposed layered
segmentation method is presented. (a) The original (RGB)
image captured by the camera. (b) The depth image. (c) The
segmented image based on appearance features. (d) The
segmented image based on depth data. (e) The combination
of appearance features and depth for image segmentation. (f)
Each color represents an object in its respective layer as the

final result of the proposed method after optimization.
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ol (V) > (V) p.';.l)?f.l\ 0 &S jebles dxil o
ool g xilee yusS Sl ookl b JuSog pgm 2 s

8 s

205 54y et

303 540 iyt

Eoall gla b S s oxi aas Gac S5 o3k 35

N .

e s alh e (K50

ety a5
CRF Js.s
G B S g s A

farlk b a2 4Y U

Gl JoSa gy 838 5 K G

3 dc. A dry o S aalal
S e gana ds 0¥ (S e

29990 Codle Jdody 1040 co (6l i x™ abay
sord (Bolai e S goleiiay Joe X degere
Do walys (V) dlal, JSoay
@ oddodlo plaizl slacyjs) cawl i W bxol yo
Sloslainl b cdl 5§ S, sKan ol 5 b JuSy g
&b) Sledly S Z D i (Sile sun i
P(Y|X, w)
1 < exp{ineXwixi} > )
2() \(1 + exp{Zy,ex wix;})

Jae 0y OlSen g yegiw aule aslsl o
Joiol Sain Sopsly i cwzy i @olgiin
y'=argmax(y|x,w) &,sea oS (MAP) ys


http://jsdp.rcisp.ac.ir/article-1-1448-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-21 ]

ol 438,518 (o) 2 3 )90 (el b yo (L)1 50 AT RGB-D y gl (gusy iy iliso (slasigy oD :(1- Jgu)

(Table- 1) :Summary of various RGB-D image segmentation methods that have been reviewed in this paper.
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(Table- 2): parameters of the proposed method.
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(Table- 3): describes the accuracy of segmentation

methods on the NYUv2 dataset based on three parameters:
PA, mPA, and FWIoU for various methods. The closer the
segmentation result is to the labeled data, the higher the
values of these three indicators.
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(Figure-3): Evaluation regions for some images from the NYUv2 dataset. In each column: (a) Original images, (b)
Segmentation results from the algorithm [33] TransD-Fusion, which demonstrated the best performance among
the reviewed studies, (c) Results from the proposed method CRFCut, (d) Images labeled by humans.

bzl a5 sl Sy (FP) 'O cuiwe
cadloads comyien € dade 4y 3lae lgicay
¢ aib & Gl a5 oo Sy (FN) QIS o @
Wloaid gmion ddb pl lgiea bl s
ol Gl aib o sl b Syl dwlxe
105 o0 dmwlne (2B8ly slaosls jo 4l
Al gl Sy oloss
 laail o o s Sy dos S ol

E, )
ol Slols ;0 ToU ail ;o slp FWIU Auwlxo
9 s ToU (ol st 80 @5‘5 slosls o adls

B N 2 lbas b don ‘_;‘)_3

TP,
TP, + FP. + FN,

Lol ails IS slawi ¢ ] jo 4

C
FWIoU = Z(FC x ) )
c=1

NYUV2 soloacgozo 59y p (o2 gl —F-)
2 @l oS Gl 5l Jol mbs (i ol o
s b [V NYUV2 sslsacgorme RGB-D jslas (s,
Cloads duslie K0 7 lae Alie gy 0 0als i )l5E
VPP ol alde opl o cadoslaw] Soloacgesre
2y Zwl B @l aid AQY I RGB-D ygas
Gz dizmo Sy o gl Gos 5 LSl il b

Sl digas (pdiz derg g, dcgeme (pl 4o iloads

! False Positive
2 False Negative

8 2 F ol 1FF Jl


http://jsdp.rcisp.ac.ir/article-1-1448-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-05-21 ]

7
9
3
b
3
A
3
X
n
Q
2
5
X
e
2
E
§
p)
3
%
ES
S!’

P )| )JYL Qo yo ..\>‘3 - f 9 .Y o A oy AN U"j) aS b}u‘s‘o saaliv D) Jj..\? @Lu L«.l?u SN o
Zaslos ;S Jae (TransD-Fusion) cyiw b, sl mPA g 0o YAY ol PA & Jbcass L CRFCut

(b) (©

O (i does (b) (ol gl (a) g p2 )3 NYUV2 83l3acgozro 3l yobad I (o5 30 sl (2L 5,1 Gl :(F - JSB)
.C,l.mﬂ buwgi ouls syl oz p (sod1s (¢) g CRFCut ‘;5)
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Segmentation results with color-coded CRFCut, and (¢) Ground truth
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(Figure- 5): Segmentation results on the MIT dataset. Each column shows: (a) Original images, (b) Segmentation results by
nLayers, (c) Segmentation results by CRFCut, and (d) Human-labeled data.
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(Table- 4): Rand Index measurements across all 9 sequences from the MIT dataset for each of the four methods (including variance).
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