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ABSTRACT

Objects whose shapes we want to estimate may have not a
single color but mostly multi-colors. This may make it
difficult to estimate their shapes using the existing
photometric stereo methods in a straightforward manner.
In this paper we combine segmentation with photometric
stereo to reconstruct shapes for multi-color objects. For
this purpose, our previous photometric stereo method that
uses two images is extended to use three images, with
modifications in the application of boundary conditions.
The three images are segmented in color and the resulting
segmented images are normalized in each region in
intensity, based on the assumption that the three lighting
directions are apart enough from each other. The modified
shading images are used to reconstruct the object’s shape.
Experiments using synthesized images clearly show the
usefulness of our method.

1. INTRODUCTION

Shape-from-shading has long been studied [1], [2], [3],
producing a variety of approaches, called local [4],
minimization [5], [6], linear [7], [8], propagation [9], [10],
and deformable model [11]. These approaches that use a
single shading image appear to be limited in numerical
stability and, as a result, accuracy in shape or surface
normal. On the other hand, photometric stereo [12] appears
much more promising, since the distribution of surface
normal can uniquely be determined from three shading
images. Klette et al. present algorithms to convert it to the
shape or height distribution [13], [14], based on Frankot
and Challappa’s [15]. It appears that the resulting shape is
not necessarily accurate especially in rapidly changing
image parts. In addition the height information of the
shape is not available by their methods.

The object has been assumed in most cases to have the
homogeneous reflective properties. Actually, however,
many objects do not have them; for example, they may
have multiple colors. In this case the color images have to
be decomposed into color components, such as RGB, HSV,
YCbCr or Lab, to estimate the shape. Unfortunately the
difference in color may results in different shadings, which
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may result in a shape different from the actual one.

In this paper, first, we extend our previous photometric
method [16] to the case of three shading images and
improve it in the application of boundary conditions. We
may not be able to get enough shading information by
using two light directions depending on the object. Use of
the solid boundary condition is crucial to obtain good
shape in our method. Then, color segmentation is carried
out for image parts with significant color differences.
When the lighting directions are made apart from each
other enough, a part of the object in each segmented region
may well be considered to face right to the light. In this
case the images may be able to be normalized to unity in
each of the regions to reconstruct the shape of the object.
Computer experiments are given to show the usefulness of
our method.

2. RELATION TO ESTIMATE SHAPE

In the shape reconstruction we use the consistency
between three NxN pixels images /i(x,y), i=1,2,3, and the
appropriate reflectance maps R(p,q):

R(p,q) = 1,(x,y) )

where x,y=1,...,N and it is assumed that the images are
normalized to unity. Let P and S;, i=1,2,3, be the surface
normal of the shape z(x,y) and the light directions,
respectively:

P=(p,q,1)r/wlp2+qz+l 2
Si = (si.x"si,y’si,: )T/

where p=-0z/dx and ¢=-0z/dy. Then, for the Lambertian
surface, the reflectance maps, normalized by the albedo,
are given by the scalar products of P and S;:

sio+sl +s],i=123 3)
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When p and ¢ are given by
p=z(x=Ly)=z(x,y),q=z(x,y=D=z(x,y)  (5)
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R; can be regarded to be functions of z(x,y), z(x-1,y) and
z(x,y-1). Let the functions fi(x,y) be defined by

[, y)=1,(x,y)-R,(p.q),i=123 (6)

Applying the Jacobi’s iterative method to these functions
gives the iterative relations:

(n=1)
_ f;(n—l)(x’y) — (af.(xay)j (z(”)(x,y) _ z("'”(x,y))
0z(x,y)

Bﬁ(x,y) o 20 (y — — 2D (=
+[—az(x_1’y)] (" G-1y-z""@-1y) (D)

U o) N ey o o
+[az(x’y_l)J (=" y=D=z""(xy-1)

where n is the number of iterations. Eq. (7) can be
rewritten in matrix form as

£ =g " (@" -z""),n=1,2,...,i=1,2,3 (8)

i

where f; are vectors of N? elements of fi(x,y), z is a vector
of N elements of z(x,y), and g; are matrices of N°xN°
elements that are made of the first derivatives of fi(x,y)
with respect to z(x,y), z(x-1,y) and z(x,y-1). The three
relations in Eq. (8) are combined to a single relation as:

_FCY =G (z(”) _z0 ) )
F=lt 67 67 ] (10)
G=[g/.g.gf (1

Following the least square error procedure, the shape is
iteratively estimated as follows:

2" =2 —(GUV V' n=12,.., (12)
G,=G'G (13)
F,=G'F (14)

where the iteration is begun with null values z© = 0.

On the two boundary lines of x=N and y=N, p and g are
given by the shape z being estimated. But, on the other two
boundary lines of x=1 and y=1, they are not. In this paper,
assuming that the object rests on a stand, we modify the
shading images. That is, we surround them with uniform
shading parts that correspond to the flat shape with z=0,
and add the shading lines between the images and the
added parts, where the shading values are determined by
the vertical walls of the stand along the four boundary
lines and the light directions.

3. SEGMENTATION

The shape-from-shading or photometric stereo method is

based on the assumption that the reflective properties are
homogeneous over the entire object of interest, implying
that the object has a single color. When that is not the case,
the color differences are reflected on the component
images, although the magnitudes vary depending on the
transformation to be used. An example is shown in Fig. 1,
where the light-gray container has a blue label region
painted on it. If the label part is the same as the
surrounding container part in brightness, then the
V-component image of HSV is not affected by the color
difference, even if the two parts have different colors. But
this cannot be expected in general.
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Fig. 1. Color component images for the light-grayed container
with square blue label pained, where Y, V" and L are components
of YCbCr, HSV and Lab, respectively.

To cope with this problem, we follow the procedure:
(i) segmentation of the images in color
(il) normalization of the segmented images in brightness in
each image region, and
(iii) reconstruction of the shape from the modified images.
As for the segmentation, a region-growing method is
applied using an error that depends on the magnitude of
color difference. We notice that image parts with more
similar colors may be needed to segment to a lesser degree,
and that different color image parts may be neglected if
they are small in area, such as the lettering parts in Fig. 1.
As for the normalization, our method requires a part of the
object within a segmented region faces right to one of the
lights. If the lighting is restricted in direction, any part of
the object within a segmented region possibly may not
face right to any of the lights. Then we cannot know what
value the segmented images are normalized to. This may
also be the case when the segmented regions are too small
in area.

4. COMPUTER EXPERIMENTS

A plastic container, shown in Fig. 1, and a plastic penguin
doll were used. Their shapes were measured using a laser
range scanner; the container and the doll are 16.45mm and
14.25mm in height, respectively. Assuming the Lambertian
surface and using their color images, shading images were
generated, which consist of 64x64 pixels for the container
and 63x63 for the doll. In this case, the Y component
image in Fig. 1 is used for the container, while the V'
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component one is used for the doll. As shown in Fig. 2, the
V' component image appears to have minimal intensity
differences in one of the two segmentation regions.

.
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Fig. 2. Three intensity images of the penguin doll whose colors
are shallow blue for the hat, dark blue for eyes, green for nose,
light gray for belly, pink for the tie, yellow for feet and blue for
the rest including face.

First, results for the container are summarized in Fig. 3.
Two views of the measured shape are given in (a), and the
shading images generated for three light directions are
given in (b) to (d), where the three rectangular image parts
of the blue color have the maximal value of 68 of 255. The
periodical pattern noise is due to the errors occurred in
transforming the three-dimensional measured data to the
data on the two dimensional grid. It is seen in (e) that the
estimated shape has serious distortions in the rectangular
region with the maximal height of 33.9, about twice the
given one. The color segmentation was carried out for the
rectangular part, and the resulting three segmented images
were normalized in intensity, as shown in (f) to (h). The
shape obtained from the modified images by using the
existing method [13], [14] is shown in (i) and that obtained
by using our method is shown in (j). Comparison of the
results in (i) and (j) shows the superiority of our method.
In addition our method lets us know the maximal height of
the object of 15.7 or about 95.3% of the given one, which
the existing method does not. The relative shape error after
matching the estimated shape to the given one through
shifting and magnifying operations in height is 20.4% for
the result in (e) and 2.2% for that in (j).

The results for the doll are shown in Fig. 4 in the same
way as the container. The doll has several different colors
but its V-component image has almost two regions in
terms of the intensity, as may be seen in Fig. 2. The
shading images in (b) to (d) reflect the color differences on
the magnitudes of shading. It is seen that the shape
obtained from these images does not represent many of the
fine details of the doll, as shown in (e), and that its
maximal value of 104.4 is much greater than the real one.
The segmentation and normalization minimizes the effects
of the color differences in the three shading images, as
shown in (f) to (h). Our method reconstructs almost the
same shape as the given one from these modified images,
as shown in (j), where the shape has the maximal height of
12.6 or 88.6% of the given one, and its relative shape error
is 7.0% in contrast with 12.4% for that in (e). On the other

hand, the existing method gives a fairly degraded shape
with no information on the attained height of the shape.

5. CONCLUSIONS

In this paper we introduced segmentation to reconstruct
good shapes for multi-color objects. For this purpose, our
previous photometric stereo method was modified with an
improvement in the boundary conditions. In the method,
regions of different colors are color-segmented and the
segmented images are normalized to unity in each region,
to reconstruct the shape. Experiments using synthesized
images show the usefulness of our method.

REFERENCES

[1]1 B.K.P. Horn, “Obtaining Shape from Shading Information”,
in The Psychology of Computer Vision, P.H.Winston (Ed.)
(McGraw Hill, New York, 1975), pp. 115-155.

[2] B.K.P. Horn and M.J. Brooks, Shape from Shading (MIT
Press, Cambridge, MA, 1989).

[3] R.Zhang, P.Tsai, J.E.Cryer, M.Shah, “Shape from Shading: A
Survey,” IEEE Trans. PAMI, vol. 21, pp. 690-705, 1999.

[4] P. Pentland, “Local shading analysis,” IEEE Trans. PAMI, vol.
6, pp. 170-187, 1984.

[5]1Q. Zheng and R. Chellappa, “Estimation of Illuminant
Direction, Albedo, and Shape from Shading,” IEFEE Trans.
PAMI, vol. 13, pp. 680-702, 1991.

[6]P. L. Worthington and E. R. Hancock, “New Constraints on
Data-Closeness and Needle Map Consistency for Shape-from-
Shading,” IEEE Trans. PAMI, vol.21, pp. 1250-1267, 1999.

[7] P. S. Tsai and M. Shah, “Shape from Shading Using Linear
Approximation,” J. Imaging and Vision Computing, vol. 12,
pp. 487-498, 1994.

[8] A. Pentland, “Shape Information from Shading: A Theory
about Human Perception,” Proc. Int’l Conf. Computer Vision,
pp. 404-413, 1988.

[9] M. Bichsel and A. Pentland, “A Simple Algorithm for Shape

from Shading,” Proc. CVPR, pp. 459-465, 1992.

[10] R. Kimmel and A.M. Bruckstein, “Tracking Level Sets by
Level Sets: A Method for Solving Shape from Shading
Problem,” CVIU, vol. 62, pp. 47-58, 1995.

[11] D.Samaras and D.Metaxas, Incorporating Illumination
Constraints in Deformable Models,CVPR,pp.322-329, 1998.

[12] RJ. Woodham, “Photometric Method for Determining
Surface Orientation from Multiple Images,” Chap. 17 in
Shape from Shading (MIT Press, Cambridge, MA, 1989).

[13] R. Klette, A. Koschan and K. Schluns, Three-Dimensional
Data from Images (Springer, Singapore, 1998), Chap. 8.

[14] T.Wei and R.Klette, “Depth Recovery from Noisy Gradient
Vecotr Fields Using Regularization,” Proc. Int’l Conf.
Comput.Anal. Images and Patterns, pp. 116-123, 2003.

[15] R.T. Frankot and R. Chellappa, A Method for Estimating
Integrability in Shape from Shading Algorithms, [EEE
Trans. PAMI, vol.10, pp.439-451, 1988.

[16] O. Ikeda, “A robust shape-from-shading algorithm using
two images and control of boundary conditions”, Proc.
ICIP2003, Vol. 1, pp.405-408, 2003.

1367



-

e
L T
e A

-

(d) S=(0

BT
vettToe
T
e

e
R
RNR———
=
R
SR
W

e =

iginal shape

(a) or

2
S
S

R

R

TR
S

1 shape
(e) without segmentation and with our method

igina

(a) or

)

-1

(-5,5,7)

(©) S

(e) without segmentation and with our method

(b) S=(5,5,7)

1,1)

)

=
=
=0

(d)S

(-5,5,7)

() S

)

5

=G,

(b)S

L1

s

e - =
Il s T
e i

s

e e
S o M L S
e ey e
ST aaET
S e
e e e

(-5,5,7)

(8) S=

R
S

(i) with segmentation and existing photo-metric method

() S=(5,5,7)

11)

)

(h) S=(0

SN
3
S
R
.
e
SR

d our method

(8) 8=(-5,5,7)
th segmentation an
ht

i

——
——|

)w

RS

R
SRR
ey
ST
..
A e e L
/Illlﬂllll/ﬂlf/ltla it

e

S SN
SRtee e
PR
SeE TR
S
She

@

(1) with segmentation and existing photo-metric method

() S=(5,5,7)

color doll

d our method

th segmentation an
i

1

tal results for a mult

Ow
imen

Fig. 4. Exper
1368

iner with blue

-gray conta

12

tal results for a |

inted.

. Experimen

3

square label pa

Fig



	Index
	ICIP 2004 Home Page
	Conference Info
	Welcome Message
	Techincal Program Overview
	Technical Program Committee
	EDICS Categories
	ICIP2004 Paper Submission Statistics
	ICIP2004 Paper Statistics - Final Program
	ICIP2004 Organizing Committee
	Sponsors
	Exhibition
	Venue Access
	Social Activities
	Other Information
	Call for Papers for ICIP2005

	Sessions
	Monday, 25 October, 2004
	MA-S1-Computational Radar Imaging
	MA-L1-Watermarking I
	MA-L2-Face Recognition
	MA-L3-Video Compression Standards I
	MA-L4-Biomedical Image Processing: Segmentation and Qua ...
	MA-L5-Error Resilience / Concealment I
	MA-P1-Image Segmentation: By Color, Texture, and Edge
	MA-P2-Image Filtering and Morphological Processing
	MA-P3-Image Enhancement I
	MA-P4-Video Segmentation
	MA-P5-Low-level Image Indexing and Retrieval
	MA-P6-DCT-based Video Coding
	MA-P7-Image Compression and Applications
	MA-P8-Distributed Source Coding and Others
	MP-S1-Deformable Models and Applications
	MP-S2-Media Security Issues in Streaming and Mobile App ...
	MP-L1-Face Detection, Recognition, and Classification I
	MP-L2-Video Summarization and Browsing
	MP-L3-Image Filtering and Partial Differential Equation ...
	MP-L4-Image/Video Indexing and Retrieval
	MP-L5-Watermarking II
	MP-P1-Video Compression Standards II
	MP-P2-Error Resilience/Concealment II
	MP-P3-Biometrics I
	MP-P4-Image Segmentation: By Multiple Features and Othe ...
	MP-P5-Image Enhancement II
	MP-P6-Video Object Tracking
	MP-P7-Biomedical Image Processing: Compression and Regi ...
	MP-P8-Video Coding

	Tuesday, 26 October, 2004
	TA-S1-Content-based Analysis of Multi-modal High Dimens ...
	TA-S2-Image Forensics
	TA-L1-Feature-based Image Segmentation
	TA-L2-Denoising and Deblurring
	TA-L3-Biometrics II
	TA-L4-Lossy Image Coding
	TA-L5-Wavelet Video Coding and Scalability I
	TA-P1-Stereoscopic and 3-D Processing I
	TA-P2-Face Detection, Recognition and Classification II
	TA-P3-Motion Detection and Estimation: Block Matching
	TA-P4-Feature Extraction and Analysis: Color and Textur ...
	TA-P5-Watermarking III
	TA-P6-Video Indexing, Retrieval and Editing
	TA-P7-Interpolation
	TA-P8-Geosciences and Remote Sensing and Environment
	TP-S1-What is the Latest in Networked Video?
	TP-L1-Super-resolution and Interpolation
	TP-L2-Deblocking, Restoration, and Enhancement
	TP-L3-Motion Estimation and Detection
	TP-L4-Image Segmentation
	TP-L5-Biomedical Image Processing: Compression, Registr ...
	TP-P1-Stereoscopic and 3-D Processing II
	TP-P2-Face Detection, Recognition and Classification II ...
	TP-P3-Video Streaming and Networking
	TP-P4-Shape Extraction and Analysis
	TP-P5-Watermarking IV
	TP-P6-Image/video Storage and Retrieval
	TP-P7-Wavelet Video Coding and Scalability II
	TP-P8-Image Modeling

	Wednesday, 27 October, 2004
	WA-S1-Content Understanding for Home Photograph and Vid ...
	WA-S2-Pattern Discovery in Real-world Broadcast Video
	WA-L1-Image Scanning, Display, and Printing I
	WA-L2-Image Formation I
	WA-L3-Stereoscopic and 3-D Coding &amp; Processing
	WA-L4-Image Coding I
	WA-L5-Source-Channel Coding I
	WA-P1-Motion Detection and Estimation: Optical Flow and ...
	WA-P2-Watermarking V
	WA-P3-Feature Extraction and Analysis I
	WA-P4-Image Segmentation: Level Set and Active Contour
	WA-P5-Transcoding
	WA-P6-Implementations and Systems
	WA-P7-Document Image Processing and Other Applications
	WA-P8-Biomedical Image Processing: Segmentation and Com ...
	WP-L1-Image Representation, Rendering, and Quality Asse ...
	WP-L2-Stereoscopic Image Processing and 3D Modeling
	WP-L3-Feature Extraction and Analysis II
	WP-L4-Image/Video Segmentation and Tracking
	WP-L5-Distributed Source Coding and Scalability
	WP-L6-Video Streaming
	WP-P1-Image Coding II
	WP-P2-Source-channel Coding II
	WP-P3-Stereoscopic and 3-D Coding
	WP-P4-Super-resolution and Mosaic
	WP-P5-Image Formation II
	WP-P6-Motion Detection and Estimation: Other Methods
	WP-P7-Watermarking and Cryptography
	WP-P8-Image Segmentation: Clustering and Statistical Me ...
	WP-P9-Image Scanning, Display, and Printing II

	Tutorials
	Plenary Sessions
	Special Sessions
	Table of Contents of Printed Proceedings

	Authors
	All Authors
	A
	B
	C
	D
	E
	F
	G
	H
	I
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	X
	Y
	Z

	Papers
	All Papers
	Papers by Session
	Papers by Topics

	Topics
	1.1.1: Lossy coding
	1.1.2: Lossless coding
	1.1.3: Image compression standards
	1.2.1: DCT-based video coding
	1.2.2: Wavelet-based video coding
	1.2.3: Model-based video coding
	1.2.4: Scalability
	1.2.5: Transcoding
	1.2.6: Video compression standards
	1.2.7: Other
	1.3: Stereoscopic and 3-D Coding
	1.4: Distributed Source Coding
	1.5.1: Source/channel coding
	1.5.2: Networking
	1.5.3: Error resilience / concealment
	1.5.4: Video streaming
	1.5.5: Other
	2.1.1: Linear filtering
	2.1.2: Nonlinear filtering
	2.1.3: Level set and fast marching
	2.1.4: Partial differential equations
	2.1.5: Other filtering techniques
	2.2.1: Multiframe image restoration
	2.2.2: Contrast enhancement
	2.2.3: Deblocking / artifacts removal
	2.2.4: Deblurring
	2.2.5: Denoising
	2.2.6: Other restoration techniques
	2.2.7: Other enhancement techniques
	2.3.1: By edge
	2.3.2: By color
	2.3.3: By texture
	2.3.4: By multiple features
	2.3.5: By other features
	2.3.6: Active-contour / snake-based methods
	2.3.7: Clustering-based methods
	2.3.8: Model-fitting-based methods
	2.3.9: Statistical-classification-based methods
	2.3.10: Morphological-based methods
	2.3.11: Level-set-based methods
	2.3.12: Other segmentation methods
	2.4.1: Video object segmentation
	2.4.2: Temporal segmentation
	2.4.3: Video shot segmentation
	2.4.4: Tracking
	2.4.5: Other video segmentation techniques
	2.4.6: Other tracking techniques
	2.5: Morphological Processing
	2.6.1: Stereo image processing
	2.6.2: 3D modeling &amp; synthesis
	2.6.3: Other techniques
	2.7.1: Color
	2.7.2: Texture
	2.7.3: Shape
	2.7.4: Shading
	2.7.5: Other features
	2.8.1: Perceptual / human visual system
	2.8.2: Source modeling
	2.8.3: Noise modeling
	2.8.4: Other
	2.9.1: Face detection, recognition and classification
	2.9.2: Fingerprint analysis and coding
	2.9.3: Iris analysis
	2.9.4: Human activity, gait analysis, and gaze analysis
	2.9.5: Goal-oriented analysis tasks
	2.9.6: Other
	2.10.1: Interpolation
	2.10.2: Super-resolution
	2.10.3: Mosaic
	2.10.4: Registration / alignment
	2.10.5: Other techniques
	2.11.1: Block matching
	2.11.2: Optical flow
	2.11.3: Parametric model for motion estimation
	2.11.4: Change detection
	2.11.5: Camera calibration
	2.11.6: Other motion detection techniques
	2.11.7: Other motion estimation techniques
	2.12.1: Hardware and software co-design
	2.12.2: Embedded and real-time systems
	2.12.3: Paralleled and distributed systems
	2.12.4: Other system platforms
	3.1.1: Super-acoustic imaging
	3.1.2: Tomographic imaging
	3.1.3: Nuclear and x-ray imaging
	3.1.4: Magnetic resonance imaging
	3.1.5: Other
	3.2.1: Radar imaging
	3.2.5: Multispectral / hyperspectral imaging
	3.2.6: Other
	3.4: Optical Imaging
	3.5: Synthetic-Natural Hybrid Image Systems
	4.1: Scanning and Sampling
	4.2: Quantization and Halftoning
	4.3: Color Reproduction
	4.4: Image Representation and Rendering
	4.5: Display and Printing Systems
	4.6: Image Quality Assessment
	5.1: Image and Video Databases
	5.2.1: Low-level image indexing and retrieval
	5.2.2: Relevance feedback and interactive retrieval
	5.2.3: Content addressable browsing
	5.3.1: Video partition/shot detection
	5.3.2: Video features for retrieval
	5.3.3: Low-level video indexing and retrieval
	5.3.4: Semantic video retrieval
	5.3.5: Content summarization and editing
	5.4: Multimodality Image/Video Indexing and Retrieval
	5.5.1: Watermarking
	5.5.2: Cryptography
	6.1.1: Image segmentation and quantitative analysis
	6.1.2: Computer assisted screening and diagnosis
	6.1.3: Visualization
	6.1.4: Image compression
	6.1.5: Image registration and fusion
	6.2.1: Astronomy
	6.2.2: Geosciences
	6.2.3: Remote sensing
	6.2.4: Environment
	6.3: Document Image Processing and Analysis
	6.4: Other Applications

	Search
	Help
	Browsing the Conference Content
	The Search Functionality
	Acrobat Query Language
	Using Acrobat Reader
	Configurations and Limitations

	About
	Copyright
	Current paper
	Presentation session
	Abstract
	Authors
	Osamu Ikeda



