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Abstract: Structure from motion (SfM) has been an active research area in computer vision for decades and
numerous practical applications are benefiting from this research. While no previous work has tried to summarize
the applications appearing in the literature, this paper deals with a comprehensive overview of recent applications of SfM by classifying them into 10 categories, namely augmented reality, autonomous navigation/guidance,
motion capture, hand-eye calibration, image/video processing, image-based 3D modeling, remote sensing, image
organization/browsing, segmentation and recognition, and military applications. The goal is to provide insights for
researchers to position their work more appropriately in the context of existing techniques, and to perceive both new
applications and relevant research problems.
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1 Introduction
The creation of a 3D model of a real scene from
2D images is a fundamental task in computer vision, which is commonly referred to as image-based
3D modeling. Among the techniques developed
for image-based modeling, structure from motion
(SfM) (Hartley and Zisserman, 2004; Szeliski, 2010)
is quintessential due to its simplicity in concept and
wide applicability.
While the SfM technique itself has been an active area of research for decades, it has recently experienced a renaissance due to a few signiﬁcant breakthroughs and more and more practical applications
that have arisen. There is a large literature reporting novel algorithms and interesting applications of
SfM in academic journals and conferences every year
(Szeliski, 2010). In this paper we give a comprehensive overview of recent applications of SfM by
*
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surveying related applications and classifying them
into appropriate categories. While there is still ongoing interest in this topic, the recent applications
and trends have not been reviewed in previous work.
Hence, the authors feel that a survey would be useful
for researchers to position their work more appropriately in the context of existing techniques, and to
perceive both new applications and relevant research
problems.

2 Background of structure from motion
Image-based 3D modeling, the reverse process
of image formation, poses great challenges in computer vision. Given a projected position in the 2D
image plane, the corresponding 3D scene point cannot be determined uniquely due to the existence of
ambiguity in its depth, which is lost in image formation. Thus, additional information is required to
obtain the estimate of 3D geometry from images.
In computer vision, SfM refers to the process of simultaneously estimating the 3D geometry of a scene
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(structure) and the poses of cameras (motion). SfM
exploits corresponding image points in two or more
views to reduce the number of degrees of freedom.
In the literature, eﬀective SfM, including twoand multi-frame frameworks, appeared as early as
the 1980s. In particular, a relative orientation
estimation technique was introduced by LonguetHiggins (1981). The development of SfM techniques
for multiple frames occurred later on. These multiframe techniques include both factorization methods (Tomasi, 1992) and global optimization methods
(Spetsakis and Aloimonos, 1991; Szeliski and Kang,
1994; Oliensis, 1999). Recently, bundle adjustment
(Triggs et al., 2000) from photogrammetry has made
its way into computer vision for estimating optimal
3D geometry and camera parameters (Hartley and
Zisserman, 2004).
The computation of SfM is based solely on image correspondences (Lowe, 2004). Thus, SfM is
conceptually simple. Also, since it is a bottom-up
approach that makes few assumptions about the input data, it is quite general. Thus, SfM has been
one of the most popular image-based 3D modeling
algorithms. A typical pipeline of SfM performs incrementally in several passes, including detecting image
features (Lowe, 2004; Tuytelaars and Mikolajczyk,
2007), establishing image correspondences (Mikolajczyk and Schmid, 2005; Muja and Lowe, 2009), estimating camera poses and locations of 3D points
(Hartley and Zisserman, 2004), and optional bundle adjustment (Triggs et al., 2000; Lourakis and
Argyros, 2009). It is noteworthy that modern SfM
frameworks can handle large scale data sets (Agarwal et al., 2009; 2010; Snavely et al., 2010; Wu et al.,
2011). The interested reader is referred to Hartley
and Zisserman (2004) and Szeliski (2010) for a more
complete review of relevant algorithms.
Speciﬁcally, bundle adjustment is an eﬀective
non-linear optimization procedure often used to
simultaneously reﬁne the camera parameters and
scene structure in the SfM pipeline as a ﬁnal stage.
Denote by P = K[R|T ] the camera projection matrix, where K is the intrinsic camera calibration matrix, R the rotation matrix, and T the translation
vector of a camera (Hartley and Zisserman, 2004).
Let N be the number of cameras and M the number
of 3D points in the SfM problem. Bundle adjustment
optimization is aimed at minimizing the following
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cost function (Lourakis and Argyros, 2009):
M
N 

i=1 j=1

2

vij xij − Pi Xj 2 ,

(1)

where vij is a binary variable indicating the visibility
of the jth 3D point Xj in the ith image, and xij the
projection of 3D point Xj onto the ith image.

3 Applications of structure from motion
A collection of papers on the applications of SfM
was surveyed and classiﬁed according to the scenarios to which SfM techniques are applied. Existing
applications of SfM are categorized into 10 categories, namely augmented reality, autonomous navigation/guidance, motion capture, hand-eye calibration, image/video processing, image-based 3D modeling, remote sensing, image organization/browsing,
segmentation and recognition, and military applications. In the following, we survey these 10 categories
of applications in detail mainly by illustrating the
speciﬁc role of SfM in the context of each category
of applications.
3.1 Image-based 3D modeling
Three-dimensional digital models are widely
used in applications such as navigation, visualization, and animation. While creating a simple 3D
model seems to be easy using CAD tools (e.g.,
3DMax and Maya), obtaining an accurate and realistic 3D model of a complex real scene or object remains diﬃcult. Existing 3D reconstruction
methods can be roughly divided into contact methods and non-contact methods (Remondino and ElHakim, 2006). Among the non-contact 3D acquisition techniques there is an image-based 3D modeling
technique, which aims to reconstruct a 3D model
from images. Image-based 3D modeling based on
SfM is of particular interest to researchers in the
computer vision area due to the wide applicability
and low cost of SfM.
Since SfM is able to recover the 3D geometry
of real scenes, this leads to an ideal application in
image-based 3D modeling. Pollefeys et al. (2001a;
2001b) applied SfM to acquire 3D archaeological heritage based on images. The proposed approach is
able to obtain both the 3D shape and the appearance
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of real scenes such as objects, monuments, and landmarks from images or videos. The whole framework
can be divided into the following steps. In the ﬁrst
step, sparse feature correspondences among consecutive images are obtained by feature extraction and
matching. In the second step, the SfM algorithm is
applied to obtain a sparse 3D scene reconstruction
and the motion of the camera. In the third step,
both structure and motion are reﬁned by bundle adjustment. In the ﬁnal step, a standard stereo algorithm is applied on rectiﬁed images to estimate the
disparity maps, from which a dense surface reconstruction can be extracted. This method can obtain
photo-realistic models by making use of texture mapping. To promote cultural heritage sites, Manferdini
(2012) developed a methodology to recover 3D information from a sequence of 2D images acquired
using uncalibrated cameras. Manferdini (2012) also
deﬁned diﬀerent levels of details of information for
diﬀerent communication purposes, such as eﬃcient
visualization on mobile devices and PC, and made a
detailed investigation of digital models.
Another popular scenario in which SfM is commonly used is reconstruction in urban environments
(Schindler et al., 2006; Sinha et al., 2008; Xiao et al.,
2008; Musialski et al., 2012; Pylvanainen et al.,
2012). By employing the urban scene structure in
a line-based SfM technique, Schindler et al. (2006)
demonstrated that this knowledge can be used to improve the performance of feature extraction, feature
matching, and optimization in the entire process.
Sinha et al. (2008) presented a system for creating
realistic 3D models of architectural and urban scenes
from a collection of unordered images. By combining
user interaction with geometric information obtained
from SfM analysis, the 3D structure is computed
from the input images in an automatic fashion. Similarly, Xiao et al. (2008) presented a semi-automatic
image-based method to facade modeling relying on
SfM to retrieve camera locations and point clouds as
initialization. In the case where LIDAR data is available, SfM has also been used successfully to address
the limited range of the LIDAR system (Pylvanainen
et al., 2012). As reviewed in Musialski et al. (2012),
SfM has been widely employed in image-based urban
reconstruction methods.
For large scale data sets, the applicability of SfM
in practical use is limited by its eﬃciency. Recent
works have addressed this issue. Frahm et al. (2010)
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developed a powerful approach for dense 3D reconstruction from a huge number of unregistered urban/architecture photos within 24 hours on a single
PC. Eﬃcient incremental SfM is combined with bundle adjustment to register images, based on which
dense geometry estimation can be performed. Wang
and Olano (2011) proposed to accelerate the computational speed of SfM in large scale 3D reconstruction
problems by leveraging high performance of modern
graphics processing units (GPU).
3.2 Hand-eye calibration
In many robotic applications, there is a need to
determine the measurements obtained by a digital
camera attached to a robotic gripper to its coordinate system, which corresponds to a homogeneous
transformation between the gripper and the camera’s
coordinate frame. This problem is usually called
hand-eye calibration (Andreﬀ et al., 2001; Schmidt
et al., 2005; Heller et al., 2011). An imaging system
needs hand-eye calibration (Fig. 1).
Starting position
Transformation
from gripper

Camera pose
transformation

End position
(a)

(b)

Fig. 1 Hand-eye calibration system (a) and a relative
movement of camera and gripper (b)

As reviewed by Wang (1992), most early methods for hand-eye calibration estimate the translation
and rotation separately. Conventional hand-eye calibration methods usually estimate the camera poses
by viewing a calibration object with known dimensions, which may not be always practical in many
situations. The restriction of the use of a calibration
object has been recently removed owing to the development of hand-eye calibration methods based on
SfM.
Andreﬀ et al. (2001) proposed several ways to
simplify the procedure of hand-eye calibration. The
resulting approach does not need any calibration object and can be applied to small calibration motions.
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Unlike traditional methods using calibration objects,
in Andreﬀ et al. (2001) camera motions were computed, up to an unknown scale factor, through SfM
algorithms rather than commonly used pose estimation algorithms. The unknown scale factor which
characterizes rotations with orthogonal matrices allowing both large and small motions is then included
in a linear system. The limitation of Andreﬀ et al.
(2001) is that, as pointed out by Schmidt et al.
(2005), the orthogonality of the rotation matrix RHE
needs to be imposed using singular value decomposition (SVD) (Hartley and Zisserman, 2004), since the
extended equations possess no such guarantee. The
further limitation of Andreﬀ et al. (2001) is that, as
pointed out by Schmidt et al. (2005), the orthogonality of RHE is not guaranteed by the extended equations, but has to be enforced afterwards using SVD
(Hartley and Zisserman, 2004). This limitation was
addressed in Schmidt et al. (2005), who presented
diﬀerent SfM extensions to handle hand-eye calibration involving scale factor estimation in addition to
rotation and translation.
A more recent application of SfM to hand-eye
calibration is based on SfM under the L∞ norm.
One such method was proposed by Heller et al.
(2011), where the correct scale can be recovered by
second-order cone programming (SOCP). Given image correspondences and robotic measurements, the
globally optimal estimate of hand-eye transformation with respect to the L∞ norm can be obtained.
3.3 Augmented reality
The augmented reality (AR) system aims to enhance the real-world environment by integrating virtual objects. To place the virtual objects with correct poses at the proper locations of a real scene. Two
critical issues, including camera tracking and depth
perception, have to be addressed. In early works, a
pre-calibrated camera was often required to observe
calibration objects (or markers) placed in real-world
environments, which becomes incontinent for many
situations (e.g., outdoor environment). These limitations can be overcome by integrating SfM into AR
systems.
Much research on AR applications described in
the literature is also very closely related to SfM. Cornelis et al. (2001) demonstrated an elaborated SfM
framework that can recover accurate camera motions from a video sequence based on image feature
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tracking. The above knowledge allows one to create AR video products without noticeable jitter or
drift or virtual objects integrated into the video sequence. Later on, researchers developed many realtime SfM algorithms to augment reality systems, involving such setups as head-mounted camera and
display (Pupilli and Calway, 2002; Yao and Calway,
2002; Streckel et al., 2005; Schweighofer et al., 2008).
Mooser et al. (2009) demonstrated a complete
system for markerless AR using robust SfM, which
consists mainly of two components. The ﬁrst component aims to learn the structure of complex real
scenes and augment them with synthetic annotations
(an example is shown in Fig. 2). The output of the
above component is a database of known landmarks
with the 3D descriptions of synthetic objects. In the
second component, the database is used to recognize
known landmarks, to recover the path of the camera, and to visualize the associated synthetic objects.
Recent optimization algorithms for SfM have been
used in both components. More recently, Yang et al.
(2013) achieved an AR system involving many recently developed techniques, such as SfM, view clustering, multi-view stereo, and surface reconstruction
from point clouds. The system is veriﬁed on both
indoor and outdoor objects at various scales, such
as a helmet (a small object), a corridor (an indoor
medium object), an arbor (outdoor medium object),
and a building (outdoor large object). By tracking and registration using SfM, the reconstructed 3D
models can be loaded in an AR environment to facilitate displaying, interacting, and rendering.

Fig. 2 Creating virtual annotations: the virtual label
has been placed properly given a sparse representation of the scene

3.4 Autonomous navigation/guidance
Another major category of applications is ‘autonomous navigation/guidance’, for which location recognition and object positioning are two
fundamental tasks. One popular localization device
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for robotic vehicles is the Global Positioning System
(GPS), which can achieve an accuracy of 1 cm in
localization (Royer et al., 2007). However, the GPS
signal may not be strong enough or not be available
at all due to occlusions (e.g., indoors), causing a dramatic decrease in localization accuracy. Therefore,
vision-based autonomous navigation techniques are
attractive to researchers.
Given sparse point cloud output by the SfM
method, recent studies have developed a number of
methods for fast location recognition (Irschara et al.,
2009; Moslah et al., 2009; Li et al., 2010; 2012). It
is noteworthy that the most recent work by Li et al.
(2012) in this direction can scale to datasets with
hundreds of thousands of images and tens of millions
of 3D points through the use of two new techniques:
a co-occurrence prior for RANSAC and bidirectional
matching of image features with 3D points.
Recently, SfM techniques have also been exploited for object positioning (Zelek et al., 2010;
Manweiler et al., 2012). Although object positioning can be fulﬁlled using GPS, the GPS is known to
be sensitive to orientation and satellite positions and
it may even drop out in urban canyons and indoor
environments (Zelek et al., 2010). Thus, the solutions proposed in Zelek et al. (2010) and Manweiler
et al. (2012) are convenient and reliable alternatives
for object positioning.
3.5 Motion capture
The most straightforward approach to capturing
human motion is the use of wearable motion sensors.
Although this kind of approach is able to measure
the motion directly, it is intrusive and not comfortable to wear. On the other hand, for most existing
vision-based motion capture techniques, recording in
a closed stage with controlled imaging conditions is
generally required, which restricts their use in motion capture for outdoor setting as well as traversal
of large areas (Shiratori et al., 2011).
The applications of SfM to motion capture have
appeared in the last few years (Hasler et al., 2009;
Shiratori et al., 2011). Hasler et al. (2009) presented
an approach for markerless motion capture (MoCap)
by recording the articulated objects using several unsynchronized moving cameras. In this system, the
reconstruction of static background and camera registration are performed using the SfM method, based
on which both the positions and the joint conﬁgura-
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tions of subjects can be recovered.
To achieve motion capture using body-mounted
cameras based on SfM, Shiratori et al. (2011) presented both theoretical analysis and a practical motion capture system. In this system, SfM is used
to obtain an initial guess of the pose of joint angles
and root from video captured by cameras mounted
on the subject. The estimate was further reﬁned using a non-linear optimization technique. Shiratori
et al. (2011) demonstrated that the proposed system
performs well even in challenging settings where motion capture is impossible or diﬃcult with traditional
motion capture systems.
3.6 Image/video processing
There are also some interesting and useful applications to image and video processing, such as video
enhancement (Bhat et al., 2007), curved document
rectiﬁcation (Sato et al., 2006), and video stabilization (Srinivasan and Chellappa, 1999; Kurz et al.,
2009; Liu et al., 2009; Zhang et al., 2009).
Bhat et al. (2007) presented an automatic
framework for enhancing a video sequence using a
few images of the same static scene. By transferring
image qualities to video, the proposed system allows
one to improve the quality of the input video in various ways, e.g., enhancing the resolution of video and
enhancing lighting conditions of video. Moreover,
unwanted objects and camera shake can be quickly
removed from the input video as required by editing a few 2D images. As a key component of this
system, SfM provides camera projection matrices for
each photograph and video frame, a sparse cloud of
3D scene points, and a list of the viewpoints from
which each scene point is visible, which can be used
to improve the accuracy of depth-map estimation.
Sato et al. (2006) presented a novel method
based on 3D reconstruction using SfM for video
mosaicking for curved documents. The proposed
method is able to restore the target document with a
curved surface in the mosaic image. For applications
to video stabilization, SfM can be used to reconstruct
camera poses and a sparse 3D model of the observed
scene, based on which a desired camera path can be
computed either automatically or interactively and
the resulting warping errors can be determined and
minimized (Liu et al., 2009; Zhang et al., 2009).
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3.7 Remote sensing
In the area of remote sensing and aerial photogrametry, SfM has also been shown to be able to
provide eﬀective solutions. Relevant applications including aerial image mosaicking (Strucl and Quartisch, 2001; Helala et al., 2012; Turner et al., 2012),
3D mapping (Nicosevici and Garcia, 2008; Nilosek
and Walli, 2009), earthwork planning (Nassar et al.,
2011), landslide investigation (Niethammer et al.,
2011), etc.
The unmanned aerial vehicle (UAV) aerial image mosaicking is usually aﬀected by a weak homography due to the use of unleveled ground control
points (GCPs) in image registration. Mosaic methods using SfM techniques can address the above issue. Strucl and Quartisch (2001) enhanced initial
image transformations derived from inaccurate position and orientation data of UAVs by the camera
pose obtained using SfM. Corresponding points are
then selected on a common ground plane to ﬁnd accurate image transformations, which preserves distances and minimizes distortions. To construct a
mosaic of nearby objects from a video taken with
a moving camera, Helala et al. (2012) applied an
SfM algorithm to extract the camera parameters,
together with the depths of some feature points. Instead of stitching them together, the authors interpolated the video frames to estimate a mosaic using a
plane sweep algorithm from a virtual camera, which
is conveniently placed to maximize the visual information that each real view contributes to the mosaic.
More recently, Turner et al. (2012) also presented
an SfM-based approach for geometric correction and
mosaicking of images captured with UAV.
Nicosevici and Garcia (2008) presented a
method to create accurate 3D terrain with texture
from video sequences using sequential SfM, in which
a 3D structure of scene is maintained and updated
incrementally when new visual information becomes
available. Nilosek and Walli (2009) developed a system automatically producing synthetic terrain and
architecture with calibrated camera remote sensing.
3.8 Photo organization/browsing
Image organization or browsing is another vast
area for applications of SfM. Perhaps the ﬁrst attempt to organize photo collection based on SfM was
made by Schaﬀalitzky and Zisserman (2002). The
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task of image organization is essentially the problem of estimating the viewpoints of cameras from a
large number of unordered images, which can obviously be resolved by SfM. Generally speaking, feature matching in SfM for an image collection with a
small number of images can be fulﬁlled by pairwise
image matching. However, the matching problem
quickly becomes prohibitively expensive as the number of views increases if the above naive matching
strategy is employed. Thus, Schaﬀalitzky and Zisserman (2002) developed a matching algorithm which is
linear in the number of views, and which can signiﬁcantly reduce the computational complexity of SfM.
The other well-known photo organization system has been proposed by Snavely et al. (2006),
whose backbone is a robust SfM method for reconstructing the 3D structure of a scene. The proposed
method ﬁrst extracts image features and establishes
feature correspondences, and then runs a non-linear
optimization to reconstruct the camera motion and
3D locations corresponding to those features within
the framework of SfM. The output correspondences
and 3D estimates lead to some interesting and useful
features of the proposed photo explorer, including 3D
navigation and exploration of unordered image collection, automatic image annotation, construction of
photo tours, etc.
3.9 Segmentation and recognition
Numerous solutions have been proposed for object segmentation and recognition from 2D still images without the use of SfM, and exciting results have
been achieved. For instance, image segmentation algorithms are based on thresholding, pixel clustering,
region-growing, graph partitioning, etc. While most
existing methods do not exploit the depth information of scene, the performances of both segmentation
and recognition have been further improved with the
use of SfM (Brostow et al., 2008).
Recent studies have also integrated SfM into
segmentation and recognition for more sophisticated
algorithms (Brostow et al., 2008; Sturgess et al.,
2009; Bao et al., 2012). Brostow et al. (2008) proposed a semantic segmentation algorithm based on
3D point clouds obtained using an SfM method.
While modeling the spatial layout and context,
the authors combined features in the image projected from 3D cues. Using motion and sparse 3D
structure, Brostow et al. (2008) showed that more
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accurate segmentation and recognition can be
achieved.
Unlike the above method based solely on the
output of SfM, Sturgess et al. (2009) investigated
a method combining both the appearance and SfM
output for pixel-wise object segmentation of road
scenes. The proposed method was evaluated on the
challenging Cambridge-driving labeled video data
set (CamVid) (Brostow et al., 2009) both quantitatively and qualitatively. The experimental results
showed an overall recognition accuracy of 84% compared to the state-of-the-art accuracy of 69% (Brostow et al., 2008).
Recently, the concept of traditional SfM was
generalized by Bao et al. (2012), such that high
level semantic components (e.g., 3D objects and regions) are also recognized in addition to the recovering of a set of sparse 3D points. The authors
demonstrated that the generalized SfM framework
can achieve more robust estimates of camera motion
compared with traditional SfM algorithms using only
points. Moreover, compared with state-of-the-art
recognition algorithms based on a single image, the
new method is able to obtain more accurate object
and region recognition results.
3.10 Military applications
In addition to the aforementioned civilian applications, SfM has also been exploited in military applications. Modern military operations require the
military to gather information quickly from a wide
variety of sensors and process it into useful and dependable data either automatically or in the man-inthe-loop fashion, which increases the survivability of
combatants and fulﬁlls missions successfully in the
battleﬁelds. The process of forming useful data from
the raw information is called situational awareness
(SA) (Shim et al., 2008). The use of SfM in SA
appeared in recent research.
Shim et al. (2008) exploited the SfM technique
with vision sensors mounted on a moving robotic vehicle that computes 3D geometry from observed 2D
features over several frames or views and provides
visual cues to an SA system for further tracking and
recognition of moving objects. The proposed SfM
framework is capable of providing robust perception
functions, such as passive ranging for autonomous
mobility, mid-range sensing for tactical behavior,
and moving target indication (MTI) and appearance
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based automatic target recognition (ATR) for SA.
As argued in Jackson (2008), there exists a need
to create a methodology to achieve near autonomous
spatial and temporal tracking of entities, providing
position and orientation (pose) data for use in tactical displays. Aiming at providing an increased level
of SA for soldiers on and oﬀ the battleﬁeld, and using a combination of images and spatial information,
Jackson (2008) concentrated on the development of
a precision force tracking framework by employing
recursive SfM based algorithms to perform image
reconstruction.

4 Conclusions
This paper deals with a comprehensive overview
of recent applications of structure from motion (SfM)
by surveying related applications and classifying
them into 10 categories. This survey may be useful
for researchers to position their work in the context
of existing techniques, and to perceive both new applications and relevant research problems. Despite
numerous applications of SfM, a large number of potential applications remain unexplored as the SfM
techniques develop; important open issues such as
robustness, accuracy, and eﬃciency remain for future work.
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