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Abstract

In this paper, we present a mobile phone-based 3D mod-
eling framework. The proposed framework enables users to
create 3D content and to update the existing ones via their
mobile phones. In the proposed system, users take photos
of an object by using their mobile phones and give annota-
tions on the image regions of the foreground object and the
background through a touch-based user interface. The pho-
tos with annotations are transmitted to a remote server via
wireless network. On the server machine, a 3D reconstruc-
tion process is conducted. Firstly, we recover the poses of
cameras from the received photos. Then, the silhouettes of
the object are obtained by a multi-view silhouette extraction
method exploiting both the color and spatial constraints.
Finally, we reconstruct a visual hull that has smooth sur-
faces through an iterative deformation. The created 3D
models are reproduced on mobile phones by merging them
on a real scene for mobile augmented reality applications.

1. Introduction
In line with advances on digital imaging technologies,

digital cameras have been spread out in the world. As the

digital photos become widespread, they have been used as

a new source of image-based modeling. Microsoft’s Pho-

tosynth [10] provides a 3D representation of a scene recon-

structed from a set of images. Snavely et al. proposed a

photo navigation system that provides virtual tours on fa-

mous sites by reconstructing them from the photos shared

on the Internet [14]. In such a system, the target of re-

construction is a relatively large space shared by the photos

and users can browse photos registered to the reconstructed

scene.

Considering users’ participation to creation of contents

and experience on them, the existing services have the fol-
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lowing limitations. Firstly, they do not have capability of

incremental refinement. Once a scene is reconstructed, it

is not possible to update the reconstruction although addi-

tional photos of the scene are available. Thus, only one-way

interaction is available on the system. Secondly, there is no

support for mobile user interaction. Users can experience

the reconstructed scene only after they leave the sites and

upload their photos to the modeling system. Thus, users

cannot enjoy the 3D content instantly at the sites. In ad-

dition, the reconstructed scenes are represented as sparse

point clouds rather than complete mesh models. Although

the 3D point sets give us a perspective on the shape of the

scene, it is not sufficient to represent the shape of an object

in the scene.

On the other hand, mobile phones have become one of

major sources in digital image production as mobile phones

equipped with cameras are widely used in our daily life.

Recent mobile phones adopt up to 5 megapixel imaging

sensors and the quality of photos taken by mobile phones’

cameras has been rapidly improved. While digital cameras

provides the function of taking photos only, mobile phones

give us more capabilities, such as interaction with photos,

exchanging photos with other users and showing multime-

dia contents. These characteristics of mobile phones let us

address the limitations we mentioned.

In this paper, we present a mobile phone-based 3D mod-

eling framework that enables users to create and refine 3D

content through their mobile phones. The proposed system

consists of a mobile phone client and a modeling server.

Users take photos of an object by using their mobile phones

and give annotations to identify the target object. The pho-

tos and annotations are then transmitted to the modeling

server via a network. On the modeling server, a 3D model of

the object is generated from the transmitted photos. In our

system, the modeling process is conducted on the remote

modeling server and thus, it is required to make the process

automatic. To achieve this goal, the following features are

provided.

• Touch-based interface for user annotation. We pro-

vide a touch-based user interface, through which a user
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can give annotations on photos to indicate image re-

gions that belong to the target object and the back-

ground.

• Silhouette extraction in multi-view images. For sil-

houette extraction, we exploit both information from

the user annotation and a spatial consistency among

multiple views together. Through our approach, the

silhouettes of the object in multiple photos are ob-

tained simultaneously without user interaction.

• Smooth visual hull reconstruction. We reconstruct a

visual hull as a 3D representation of the object for fast

reconstruction. Our method generates a visual hull that

has smooth surfaces, while keeping the consistency

with the silhouettes.

The reconstructed models are reproduced on the mobile

phone client on demand. Users can retrieve the 3D content

from the server and see them on the sites where they are

physically located. To enhance users’ experience, we render

the models on the mobile phone’s screen in the augmented

reality manner, i.e., the 3D models are registered on a real-

time video stream coming from the mobile phone’s built-in

camera.

The remainder of this paper is organized as follows. Sec-

tion 2 surveys the related work to achieve our goal. Section

3 and 4 explain details of the mobile phone client and the

modeling servers. Experimental results and discussions are

given in Section 5. We conclude this paper with future work

in Section 6.

2. Background
To reconstruct an object from images, there are three ma-

jor steps, camera motion recovery, object silhouette extrac-

tion, and 3D model reconstruction. In this section, we re-

view the related works and silhouette consistency theory for

multi-view silhouette extraction.

For object extraction from images, many interactive

methods have been proposed. Among them, graph cut-

based methods are popular. After the frontier work by

Boykov and Jolly [2], many variants have been pro-

posed [13, 9]. They show good performance with a sin-

gle image although they require user interaction. In case of

multiple images, spatial coherence is exploited [17, 15]. Re-

cently, both color and silhouette consistency are integrated

to solve for the optimal 3D segmentation using the graph

cut method [3, 8]. These approaches have an advantage that

they don’t require user intervention during optimization.

When multiple cameras see the same region, a 3D vol-

ume shared by all the views exists. The shared volume can

be computed by intersecting all the viewing volumes of the

cameras. If an object stays inside the shared volume, the
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Figure 1: Workflow of the proposed system

silhouette of the object is consistent in every view. For in-

stance, the projection of a visual hull computed from consis-

tent silhouettes corresponds to the silhouette in each view.

We exploit this property as the 3D consistency constraint.

However, projecting a visual hull tells us either true or false
about a pixel’s occupancy and thus it is not possible to pre-

cisely measure the occupancy of a pixel. Moreover, errors

in the silhouettes of a view can propagates to the other views

since reconstruction of a visual hull is an AND operation

among volumes created by back-projecting the silhouettes.

In this work, we measure the 3D consistency by using

the concept of silhouette calibration ratio proposed in [1].

This computes a pixel’s occupancy in an image by count-

ing the number of intersections between the viewing ray

through the pixel and the viewing volumes from the other

silhouettes. Let us consider a pixel p and its corresponding

viewing ray l. We define ωi
l as an interval along l intersected

by the viewing cone of the image i. From the definition of

silhouette calibration ratio [1], the occupancy of p can be

measured as

Rp =
1

(N − 1)2
∑

i

max
ωi

l

(N (
ωi

l

))
(1)

where N (
ωi

l

)
means the number of images whose viewing

cones intersect with the ray interval ωi
l .

3. Proposed System
3.1. Overview

The proposed system consists of two components, the

mobile phone client and the modeling server as shown in

Fig. 1. On the mobile phone client a user takes photos

of an object from several different viewpoints and give an-

notations on the target object and the background. Then,

the photos and annotations are transmitted to the model-

ing server through wireless communication. The modeling
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(a) (b)

Figure 2: Image acquisition from an object. (a) Direct photo

capture from the built-in camera (b) Photo selection from an

existing photo library.

server performs 3D reconstruction process by using both the

photos received from mobile phone clients.

The reconstructed 3D models are stored on the content

server and shared by users. A user can display and manip-

ulate the reconstructed 3D models on their mobile phones.

We implemented an augmented reality application that syn-

thesizes the 3D content with a real scene to provide virtual

experiences to users.

The client-server approach of our system has following

advantages: 1) it makes the system easy to use since the

users who take photos with their mobile phones are not re-

quired to have knowledge about 3D modeling process; 2)

it is more efficient to perform heavy computations on a re-

mote server since the performance and available resources

of current mobile phone platforms are limited.

3.2. Mobile Phone Client

We provide two interfaces for image acquisition from a

target object. One is a direct photo capture through built-in

cameras of the mobile phones. Users can take photos of the

object from several different viewpoints. Another method

is to select a photo from an existing photo library on his/her

mobile phone. Users can take photo while they are traveling

and upload the photos to the server after their journey is

finished. We show both interfaces in Fig. 2.

For image-based 3D reconstruction of an object, silhou-

ettes of the object are required. To help the silhouette ex-

traction process, we let users give annotations on the photos

to identify the image regions of the foreground and back-

ground. We provide a user interface based on touch in-

teraction as shown in Fig. 3. Users can give strokes with

their fingertips on the mobile phone’s screen. We provide

options, such as the thickness of strokes, through a popup

menu. After strokes are finished, the annotation data is

(a) (b)

Figure 3: User annotation on the foreground and back-

ground regions. (a) Annotations given on a photo (b) User

interface for annotation.

stored with the photo as a pair.

3.3. Modeling Server

The modeling server performs a 3D modeling process

by using the image data sets received from mobile phone

clients and previously stored image data sets. The 3D mod-

eling process on the server is performed through several

steps. Firstly, the motions of the cameras are reconstructed

from the received photos. The poses of cameras are esti-

mated through structure from motion approach and the pho-

tos are aligned in a single 3D coordinate system.

Then, a multi-view silhouette extraction is conducted to

obtain silhouettes of the target object. In this step, we esti-

mate the silhouettes of the target object from the calibrated

images. To robustly perform silhouette extraction with mul-

tiple images, we adopt graph cut-based multi-view segmen-

tation approach [8] where both color and 3D consistencies

are enforced to progressively update the silhouettes of an

object.

Finally, we build a visual hull of the target object. We

reconstruct a smooth visual hull from input silhouettes to

produce a mesh model with a regular triangulation and

smooth surface. We reconstruct a voxel model from a set

of silhouette images and extract an isosurface as an initial

mesh model. Then, the initial model is iteratively updated

based on two constraints (i.e., the silhouette consistency and

smoothness), until it is consistent with the input silhouettes.

4. 3D Reconstruction Process
4.1. Camera Structure Recovery

As the first step of 3D reconstruction, we recover the

pose of cameras in a 3D coordinate system from the input

photos. Firstly, we extract SIFT [6] features from all im-
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ages. We adopt GPU-based implementation to improve the

speed of feature extraction [16]. Then, we find two images

that have highest feature similarity among the input images.

From the two selected images, two-view reconstruction is

carried out to obtain an initial set of sparse 3D points fol-

lowed by bundle adjustment. The camera pose is initialized

through Nister’s 5 points algorithm [12].

After the two-view reconstruction, we incrementally add

the images to the reconstructed coordinate system. Since

we have SIFT feature in advance, we can arrange the order

of the images before we add the image to the reconstructed

scene. Basically, we consider the matched numbers and the

pixel distance between the images already used in the recon-

struction and the rest of image set. We exploit the EPnP [11]

algorithm to compute a camera pose from a set of sparse 3D

points. The bundle adjustment is implemented using sparse

matrices for efficient memory usage. Additionally, we per-

form a local bundle adjustment with recent images. As a

result, the approach returns the camera poses fast with rea-

sonable accuracy.

In pose estimation step, we assume that the intrinsic pa-

rameters of the camera are known and only the extrinsic

parameters are estimated. To use different cameras that has

their own intrinsic parameters, retrieving CCD sensor infor-

mation from the EXIF tags of images is one of solutions as

proposed in [14].

4.2. Silhouette Extraction from Multi-view Images

The silhouettes of an object are iteratively updated

through optimization based on graph cut. Before silhou-

ette estimation, we apply mean shift clustering [4] to input

photos to perform silhouette extraction based on image re-

gions, not on individual pixels. Initial silhouettes are given

by projecting the 3D shared volume onto each image.

Our graph cut segmentation is formulated as follows. In

a graph G (V, E), the node set V consists of the regions of

the frame images. Two adjacent regions are connected by

an edge EI . Each node has two additional edges connected

to two special nodes, the source S and sink T . Finding

min-cut/max-flow of the graph solves the binary labeling

problem by minimizing the energy function 2. Here, D is

data term that measures the cost for assigning a label xi to

a region r. The label xi is either 0 for background or 1 for

foreground. The link term V computes the cost between

two neighboring regions r and s that have different labels.

It equals to zero when xr = xs.

Etotal =
∑

r

D (xr) +
∑

r,s∈Neigh.

V (xr, xs) (2)

The Data term gives weight on the edges connected to S
(xr = 1) and T (xr = 0). The data cost of a region r is

defined as a normalized form of the costDF andDB , which

S

T

D(xr = 1)

D(xr = 0)

xr

V (xr, xs)

xs

Figure 4: Graph construction on an image.

are the likelihood of r to be classified as the foreground and

the background, respectively.

r ∈ F r ∈ B otherwise

D(xr = 1) 0 ∞ DF (r)
DF (r)+DB(r)

D(xr = 0) ∞ 0
DB(r)

DF (r)+DB(r)

Basically, DF (r) and DB(r) are computed from the

color models of the foreground object and the background,

Fg and Bg . They are initialized from the user’s annotation

and are updated during the iterations. Given a color model

Γ, the color likelihood of a region r is computed as the mean

of the individual pixel’s color likelihood:

D (r,Γ) =
1
nr

∑
p∈r

p (cp |Γ) (3)

where nr is the number of pixels in the region r.

To more robustly measureDF (r), we exploit the 3D spa-

tial consistency term C(r) defined as

C (r) =
1
nr

∑
p∈r

e−R2
p/γ2

(4)

where Rp is a silhouette calibration ratio value of the pixel

p in r. The term γ controls the penalty allocated to the

silhouette calibration ratio of p, since the inferred pixel oc-

cupancy can be wrong as presented in [8]. We set γ = 0.8
in this work.

Thus, DF (r) is computed as a scaled sum of the color

likelihood term and the 3D spatial consistency term.

DF (r) = D (r,Fg) + λ1C(r) (5)

The background likelihood is computed in the same way

by using the background color model.

DB (r) = D (r,Bg) (6)

The link term is defined as

V (xr, xs) = |xr − xs|e−β‖ur−us‖2 , (7)
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Figure 5: Computation of the silhouette force.

where ur and us represent mean colors of the two re-

gions and ‖ · ‖ means L2 norm. β is defined as β =(
2〈‖cr − cs‖2〉

)−1

as proposed in [13], where 〈·〉 is an ex-

pectation operator.

The silhouette extraction process is iteratively performed

until there are no more regions are updated. After the pro-

cess finishes, we obtain the silhouettes of the target object

in all the photos. If there are already existing silhouettes

and only a photo that newly comes to the system needs sil-

houette extraction, the convergence becomes faster since we

can get an initial silhouette with better accuracy by project-

ing the previously reconstructed 3D model of the object.

4.3. Mesh Deformation for Smooth Visual Hull

For a vertex V of the initial mesh model, two forces

Fs (V) and Fi (V) are computed from the two constraints,

respectively. The silhouette constraint enforces the mesh

model’s consistency with the input silhouette images. The

silhouette force Fs(V) is defined as the average of all the

silhouette forces of the each viewpoint.

Fs(V) =
1
k

k∑
m=1

Fm
s (V) (8)

where k is the number of views that can see V without oc-

clusion. Fm
s (V) is the silhouette force computed frommth

view out of k views.

The force Fm
s (V) is computed as follows. Let the pro-

jection of V be v and the input silhouette be Sm. When

we project the mesh model on the view m, we obtain S′m,

the current silhouette of the mesh model. If v is inside the

boundary of S′m, Fm
s (V) is set to zero, since moving V

does not contribute to the consistency between Sm and S′m.

Otherwise, in the case of the V is on the boundary of the

S′m, Fm
s (V) is computed as 9.

Fm
s (V) = dist (R,V) · nV (9)

where dist (R,V) represents the distance between two ver-

tices R and V. R is the destination where V should move

in 3D space to keep the silhouette constraint.

To compute the coordinates of R, we project V and its

normal vector nV . Then, we have r which is the intersec-

tion of the line lv and the silhouette Sm. We define r as the

position where v should move in the 2D image space for

silhouette consistency. As shown in Fig. 5, lV is the line

passing through V in its normal direction and lcr is the line

passing through the camera center Cm and r. R is the in-

tersection of lV and lcr. Since it is possible that two lines

do not intersect exactly in 3D space, we compute the least

square solution for R
The smoothness constraint is for smooth surface genera-

tion after deformation. Since the silhouette force is applied

to the vertices on the silhouette boundary, the surface will

be jagged if we apply the silhouette force only. The force

Fi(V) guarantees that a vertex does not move too far from

its neighboring vertices. Fi(V) is defined as

Fi(V) =
1
n

n∑
j=1

(V −Vadj(j)) (10)

where Vadj(j) represents the set of vertices adjacent to V
on the mesh. n is the number of elements in Vadj .

The final force F (V) is the scaled sum of the two forces.

F (V) = αFs(V) + βFi(V) (11)

F (V) is iteratively updated and applied to the vertex V
to determine its new position Vnew.

Vnew = V + F (V) (12)

The deformation process is conducted until the differ-

ence between the silhouettes and the projections of the cur-

rent 3D model is less than a certain threshold ψ. Typically,

the deformation process converges after 20 iterations in our

experiments. We set the parameters as α = 1, β = 0.3 and

ψ = 1.5 in practice.

5. Experimental Results
5.1. System Setup

We implemented the client on a mobile phone platform

with ARM CPU working at 412MHz. The resolution of

photos captured by the mobile phone’s built-in camera is

1600x1200. The modeling was performed on a PC with

2.4GHz CPU and 3GB RAM. For experiment we used 5

real data sets depicted in Fig. 6. We obtain three data sets,

Robot, Duck, and Lighthouse, by using our mobile phone

client. To examine our modeling framework, we also per-

formed experiments with images from the existing multi-

view image data sets (Dancer 1 and Dino 2) whose have

known camera calibration parameters.

1https://charibdis.inrialpes.fr/html/sequences.php
2http://vision.middlebury.edu/mview/
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Figure 6: Selected images of data sets used for experi-

ments. From top to bottom, Robot (12 views), Duck (8

views), Lighthouse (8 views), Dancer (8 views), and Dino
(16 views).

5.2. Results

The silhouettes extracted by our method is shown in Fig.

7. As we can see, the silhouettes of each object are ex-

tracted in good quality by the proposed approach. To eval-

uate our silhouette extraction method, we measured the sil-

houette consistency among all the silhouettes. The silhou-

ette consistency is computed by using silhouette calibration

ratio, which should be 1 in ideal case. Silhouette consis-

tencies of the silhouettes obtained by our method and the

one obtained by manual hand interaction are computed. As

shown in Table 1, the silhouettes obtained by our method

resulted in higher or almost equal consistency compared to

the silhouettes obtained by manual operations. In case of

the Lighthouse data sets, the target object has colors similar

to the background, thus the quality of extracted silhouette

is decreased. Thanks to the multi-view consistency con-

straint, our method extracted silhouettes consistent among

the views.

In Fig. 8, the reconstructed visual hull models are de-

picted. The first two columns show the exact visual hulls

reconstruction with the method proposed in [5] and the last

Figure 7: The object silhouettes extracted by our method.

Table 1: Silhouette consistency measurement. Ideally, a set

of silhouettes with full consistency has the value of 1.

Data sets Manual operation Our method

Duck 0.94 0.95

Robot 0.92 0.91

Lighthouse 0.96 0.89

Dancer 0.95 0.94

Dino 0.91 0.95

one shows the visual hull obtained by our method. Our

smooth visual hull models are smoother and keep the shape

of the model better. The reconstructed 3D model should be

consistent with the input silhouette images. We measured

how the mean silhouette errors between the 3D model and

the input silhouettes change during the iterative deforma-

tion. The mean silhouette error is computed as the average

distance between the contour of the original silhouette and

the contours of the reconstructed mesh model. As we can

see in Fig. 9, the difference between the original silhouettes

and the mesh model decreases in each iteration. After the

iterations are terminated, the silhouette errors are reduced

to about 1 pixel. Thus, the shape features of the exact visual

hull are preserved in our reconstruction while maintaining

smooth surfaces.
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Figure 8: Visual hull reconstructed from silhouettes. From

the left, smooth visual hulls, magnified views of smooth vi-

sual hulls, and magnified views of the exact visual hull [5].

5.3. Interactive 3D Content Display on Mobile
Phones

Users can see the created content on their mobile phones

and interact with them. The contents are rotated or scaled

based on users’ touch interaction. We provide two options

for displaying the contents on mobile phones. One is dis-

playing 3D models in a conventional way. The contents are

rendered at the center of the screen and users interact with

them. Another is displaying the contents in the manner of

augmented reality. The 3D models are registered to a video

captured by the built-in camera in real-time. By merging

virtual contents with a real scene, the user’s experience can

be enhanced better. Fig. 10 depicts two different interactive

display approaches.

6. Discussions and Conclusions
In this paper, we presented a mobile-phone based 3D

modeling framework for taking photos, giving annotations,

recovering 3D model from the photos, and displaying the

reconstructed 3D models. We evaluated the proposed sys-

tem from the real data sets and our system shows good per-

formance as in the experimental results.

0 

1 

2 

3 

4 

5 

6 

0 2 4 6 8 10 12 14 16 18 20 

S
il

h
o
u
et

te
 e

rr
o
r 

(p
ix

el
s)

 

Iterations 

Dino 

Robot 

Dancer 

Duck 

Lighthouse 

Figure 9: Silhouette errors in iterative deformation.

In our current implementation, several limitations still

exist. Firstly, we did not implement the capability of find-

ing a matched object from the existing database when a

new image comes to the server. As the number of objects

increases identifying a matching data sets become prob-

lematic. A possible solution to this classification problem

is using not only image features, but also other informa-

tion, such as the location of a user and the time a photo is

taken. Secondly, the current visual hull representation is

obviously not enough for high-quality 3D content. The 3D

reconstruction of the object can be updated with multi-view

stereo methods. If the reconstruction process takes too long

time, an option is conducting model update on the server in

offline, while providing fast feedback to users with visual

hulls. Thirdly, the created mesh models need to be opti-

mized for mobile phone platforms to provide 3D content

online. Since mobile phones are not able to handle heavy

mesh models due to their limited resources, an optimized

version of mesh models are required. Mesh simplification

or progressive mesh representation [7] can be used for this

purpose.

In the future, we will focus on addressing the limitations

of current implementation, e.g., on finding a set of images

matched to a query image. For this, a data format including

different information, (e.g., locations, image features, 3D

structures, etc.) and a fusion method will be required.
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