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Abstract. Structure from Motion (SfM) is the technology of recovering the 3D 

model from multiple 2D views. It has received a great attention from computer 

vision community to construct large scale 3D models whose spatial resolution of 

comparable quality to LiDAR. Nowadays, aerial SfM is becoming even more 

important due to the rapid growth of low cost commercial UAV and small satel-

lite market. This paper presents the evaluation of an OpenCV implementation of 

incremental SfM approach on open source data. The results of 3D construction 

obtained by OpenCV are compared to Visual SfM program in terms of precision, 

density of features and spatial resolution. 
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1 Introduction 

Light detection and ranging (LiDAR) is very useful 3D data source that is commonly 

adopted to construct 3D models of the world [1], [2], [3], [4]. An increasing number of 

applications in the field of geography and environmental science require 3D model as 

input source such as remote sensing [5], [6], [7], topographic mapping [8], [9], and 

geographic information systems (GIS) [10], [11].  LiDAR sends out pulses of laser light 

and measures the exact time it takes for these pulses to return as they bounce from the 

ground. Then through measuring the timing and intensity of the returning pulses, it can 

provide readings of the terrain and of points on the ground.  

The 3D map generated from LiDAR provides elevation information, which can be 

colorized based on either elevation or intensity to aid interpretation. The major ad-

vantages of LiDAR are the accuracy in terms of spatial resolution, and its capability of 

capturing 3D data in the day as well as in the night time. In addition, LiDAR performs 

well when it used to capture 3D data over terrains that contain power lines and dense 

vegetation [12], [13]. However, a visual inspection of the results shows that the 3D 
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point cloud constructed by LiDAR in urban areas is difficult to interpret, and this may 

be explained due to the absence of the color in the point cloud which has a strong rele-

vance to object recognition. Moreover, LiDAR is high cost because in addition to the 

laser sensor that captures 3D data, some other sensors are usually required such as high 

precision satellite positioning system (GNSS) and inertial measurement unit (IMU) in 

order to determine the position of LiDAR in space.  

Recently, the Structure from Motion (SfM) technology has received a great attention 

from the researchers of computer vision community to construct large scale 3D models 

whose spatial resolution of comparable quality to Lidar [14], [15], [16], [17], [18], [19]. 

Nowadays, aerial SfM is becoming even more important due to the availability of low 

cost commercial UAV and small satellite market. However, the images should captured 

at the same height and contain at least 50% overlap in order to make SfM more suitable 

for 3D mapping. The output of SfM is a 3D model that contains not only eleva-

tion/height information, but also texture, shape, and color for every point on the map, 

which enables easier interpretation of the resulting 3D point cloud. Moreover, using 

low cost RGB cameras for capturing the images, then processing these images based 

on SfM will reduce the cost of 3D construction compared to Lidar [18].  

Structure from Motion is similar to visual simultaneous localization and mapping 

(visual SLAM) in robotics [20]. The work [21] demonstrated that visual SLAM can be 

considered as a special case of SfM. However, both visual SLAM and SfM require 

computer vision algorithms for 3D mapping by using RGB cameras [22]. While LiDAR 

requires knowledge about how to exploit 3D data, and construct a surface model based 

on geometry post processing algorithms. Hence, the choice between LiDAR, visual 

SLAM or SfM depends on many factors such as the desired 3D output, the considered 

application, the available datasets, and the equipment to be used for 3D mapping.                                               

There have been many different implementations of SfM pipelines in the literature. 

This paper searched for the most effective pipelines with publicly available source code 

that could allow customization of the pipeline itself. Examples of the available pipelines 

include the followings. Bundler [23] is a 3D reconstruction software that provides all 

of the executable version and source code. COLMAP [24] is a SfM and Multi-View 

Stereo (MVS) pipeline with a graphical and command-line interface. OpenMVG [25], 

is a SfM library well documented and accessible, including all the dependent libraries 

for simple installation. VisualSFM [26] is GUI application for 3D construction from a 

set of uncalibrated images based on SfM and MVS software. Theia [27] is a computer 

vision library aimed at providing efficient and reliable algorithms for SfM. 

This paper presents the evaluation of an OpenCV implementation of incremental 

SfM approach [28] on open source data. Efficient algorithms are used in this imple-

mentation such as ORB with brute force for features detection and matching. The re-

jection of outliers based on RANSAC to obtain a robust estimation. Moreover, Google 

Ceres solver is embedded in this code to further optimize the 3D model by minimizing 

the reprojection errors given by Levenberg–Marquardt algorithm.  

To the best of our knowledge this the only OpenCV implementation of incremental 

SfM that is available as open source code in the internet. However, it is a monocular 

SfM approach which considers that the images are captured by the same camera. There-

fore, the contributions of this paper are two folds. First, the monocular SfM approach 
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of [28] is extended to multi view SfM which makes it possible to construct 3D point 

cloud using images taken from different cameras that is more advantageous than a mo-

nocular camera. Second, a comparison is made between the characteristics of the 

OpenCV implementation of SfM and Visual SfM program.  

The remainder of this paper is structured as follows. Section 2 describes the algo-

rithm of incremental SfM. Section 3 presents the OpenCV implementation and the ex-

perimental results. Section 4 presents the comparison made between the OpenCV and 

Visual SfM program. Section 5 presents the conclusions and the future works. 

2 Algorithmic Description  

There are two approaches of incremental SfM. The first approach involves performing 

iteratively the two view SfM algorithm over multiple 2D views. After computing the 

intrinsic and extrinsics parameters for the first two views. The next step would be to get 

the 3D points of the two views using the projection matrix. Upon getting the initial 

estimate of the 3D points, these points have to be triangulated. Triangulation is per-

formed iteratively over every image pair in a similar fashion.  However, one of the main 

drawbacks of this approach is that the 3D reconstruction is up to scale. Which means 

that the motion obtained between the two views is going to have an arbitrary unit of 

measurement, that is, it is not in centimeters or inches but simply a given unit of scale. 

Thus, the reconstructed cameras will be one unit of scale distance apart. This has a big 

implications when extending the two views SfM to multiple views, as each pair of cam-

eras will have their own units of scale, rather than a common one.  

The second approach is based on using the Perspective-n-Point (PnP) algorithm [29] 

for multi view reconstruction. PnP takes care about the scale issue that existed in the 

first approach. However, it is observed in some cases that PnP algorithm don’t give a 

reasonable projection matrix. Therefore, PnP is used in conjuction with RANSAC al-

gorithm which is more robust. After getting the projection matrices of the first image 

pair, a triangulation is performed to get the initial 3D points. Now a baseline structure 

is computed, the projection matrix of the next view is calculated by using the 3D points 

that correspond to the 2D points of the new frame which is in turn used as input to PnP 

RANSAC module. Then, the 3D reconstruction is performed by triangulation and the 

process is repeated iteratively to get the projection matrix of successive views. How-

ever, this approach involves bookkeeping which means one needs to keep a track of the 

3D points reconstructed using the previous two frames that correspond to the 2D points 

in the new frame. For each point in the 3D model, a vector denoting the 2D points is 

stored, then features matching is used to get a matching pair.  

The incremental SfM approach presented in this paper is based on the robust PnP 

RANSAC module. The flowchart of fig. 1 shows the architecture of the incremental 

SfM approach proposed in this paper. It mainly introduces an additional operation com-

pared to the monocular approach of [28], that is extract EXIF data. This operation is 

needed only for initialization at the beginning of the 3D reconstruction, because after 

that all the parameters are refined based on bundle adjustment. 
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Fig. 1. Flowchart of the proposed incremental SfM approach 

The flowchart of fig.1 cover the following four phases.  

1. Extraction of EXIF data. 

2. Finding 2D corresponding features points.  

3. Initialization. 

4. Incremental reconstruction.  

A. Phase 1: extraction of EXIF data 

EXIF information that is stored in the header of each image is parsed to get the camera 

focal length information for each input ith image. Then the focal length is used to con-

struct the internal calibration matrix that is further optimized based on bundle adjust-

ment. 

B. Phase 2: finding 2D corresponding feature points  

The purpose of this phase is to detect the 2D locations of the feature points in all the 
images, then estimating their corresponding points in all the possible image pairs using  
RANSAC. The algorithm is described below. 
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Algorithm of finding corresponding features 

Input: set of n RGB images 

For each ith image  

1. Apply the robust features detector. 

End for 

For each ith and jth image pair  

2. Match the features points. 

3. Compute the fundamental matrix (𝐹𝑖𝑗). 

4. Estimate again the 2D features based on RANSAC. 

End for 

Output: fundamental matrices, corresponding feature points. 

C. Phase 3: initialization 

In this phase it is desired to pick the best baseline image pair in order to construct an 

initial 3D model. Indeed, if the baseline is small it is clear that it is not possible to 

determine the depth of the scene.  

The accuracy of the initial baseline structure will determine the quality of the 3D 

model. Which means if the initialization is bad then the quality of the final 3D model 

will be low. Otherwise, if the initialization is accurate, then the overall 3D model will 

have a good accuracy. The initialization algorithm is given as follows.  

Initialization Algorithm  

Input: corresponding 2D feature points, focal lengths, base-

line=false  

For the image pair (𝐼𝑚𝑖 , 𝐼𝑚𝑗) with large number of matching fea-

tures  

1. Compute the Homography matrix 𝐻𝑖𝑗 using RANSAC  

If the number of inliers is below the threshold then base-

line=true 

2. Set the projection matrix of the first camera is 𝑀1 = [𝐼  0] 
where I denotes the identity matrix. 

3. Compute the essential matrix 𝐸𝑖𝑗. 

4. Decompose 𝐸𝑖𝑗 based on SVD to get 𝑀2. 

5. Reconstruct the 3D points based on triangulation. 
6. Refine the reconstruction of the 3D model based on bundle 

adjustment. 

7. Get the colors of the 3D points. 
8. Store the 3D point cloud #1. 

Else 

9. Increment i and j 
10. Check if the number of matches is enough then baseline is 

true 

11. Back to step 3 
12. Otherwise, initialization is failed 

End if 

End for 

Output: 3D point cloud #1, 𝑀1, 𝑀2.  
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D. Phase 4: incremental reconstruction 

After getting the initial baseline structure, the following algorithm is carried out to con-

struct the 3D model from multiple views based on the robust PnP RANSAC module.  

Algorithm of incremental reconstruction 

Input: 𝑀1, 𝑀2, 3D point cloud #1, 2D features points of the 

remaining images, focal lengths. 

For each registered ith image 

1. Find 2D-3D correspondence points between the 2D correspond-
ing feature points of the ith image and the 3D point cloud 

#1. 

2. Compute the projection matrix of the camera pose 𝑀𝑖 based 

on PnP ransac. 

3. Reconstruct the 3D points based on triangulation according 
to the initial baseline structure and the registered im-

ages. 

4. Refine the reconstruction of the 3D model based on bundle 
adjustment. 

5. Get the colors of the 3D points.  

End For 

6. Increment i 
7. Back to step 1 

Output: 3D point cloud, RGB data, camera pose. 

3 Implementation and Experimental Results  

A. Implementation based on OpenCV  

OpenCV provides a range of feature detectors, descriptor extractors, and matchers. 
Hence ORB (Oriented Binary Robust Independent Elementary Features) is used to get 
the location of the feature points and their respective descriptors. ORB may be preferred 
over traditional 2D features such as the Speeded-Up Robust Features (SURF) or Scale 
Invariant Feature Transform (SIFT) because it is unencumbered with intellectual 
property and shown to be faster to detect, compute, and match.  

After detecting feature points based on ORB, brute force binary matcher is used to 
get the matching, which simply matches two feature sets by comparing each feature in 
the first set to each feature in the second set.  

Bundle adjustment is performed by Google Ceres solver [30] that is embedded in the 
code. Ceres Solver is an open source C++ library for modeling and solving large, 
complicated optimization problems. It can be used to solve Non-linear Least 
Squares problems with bounds constraints and general unconstrained optimization 
problems. It is a mature, feature rich, and performant library that has been used in 
production at Google since 2010. 

Point cloud library (PCL) is used for real time visualization of the 3D reconstruction. 
After compiling the code, an executable file is generated in order to run SfM process. 
The point cloud that arises from the images is saved to PLY files, which can be opened 
in most 3D editing software. 

http://en.wikipedia.org/wiki/Non-linear_least_squares
http://en.wikipedia.org/wiki/Non-linear_least_squares
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B. Results of 3D construction  

This section demonstrates the evaluation of the OpenCV implementaion of SfM 
compared with Visual SfM program.  

Visual SfM saves on computation time by using GPU-accelerated SIFT in feature 
tracking to locate keypoints. In addition to its speed, Visual SfM has an excellent 
graphical user interface (GUI) that allows it to be operated easily. Moreover, it can be 
integrated with multi view stereo programs to produce dense 3D models.  For more 
details about how to compile Visual SfM and use its GUI interface to generate sparse 
and dense 3D models the reader is referred to [31].   

However, note that any other SfM software can be used as well for comparing the 
results of 3D reconstruction with Open CV. 

Consider as dataset the 3 images depicted in fig. 2(a) that are captured for façade of 
Merton College. The open source data is downloaded from the following link [32]. The 
ground truth model which includes 3D points, lines and cameras are shown in fig. 2(b). 
The software that is used for visualizing the (.wrl) model is view3dscene.  

The results of 3D reconstruction based on Visual SfM and OpenCV are depicted in 
fig. 3. The software used for visualizing the 3D model is Meshlab. 

The 3D model constructed based on Visual SfM shown in fig. 3(a) contains 2983 
points, which is very sparse and leaves many holes on the surface. Whereas the 3D model 
constructed based on OpenCV shown in fig. 3(b) contains 24482 points, which is dense 
and most of the objects appear clearly on the surface of the model.  

  
   (a) (b) 

Fig. 2. Image dataset and the ground truth 3D model 

  
(a) (b) 

Fig. 3. 3D construction based on Visual SfM and OpenCV 
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4 Comparison 

The comparison that is made between the OpenCV and Visual SfM program is 
summarized in table 1. The following points are noted. 

 There are some algorithms that are not available about the Visual SfM that are 
denoted by (n/A) in Table 1.  

 Extraction of feature points in the images is the most important part of SfM process, 
and consists the main difference between the approaches of table 1. Based on the 
comparative results it is noticed that SIFT algorithm used by Visual SfM is accurate 
and robust but time costs even though it can be used with GPU. Whereas ORB of 
OpenCV that is fast and more efficient than SIFT.  

 Even though Visual SfM utilizes GPU-accelerated SIFT in feature tracking and multi 
core bundle adjustment to save on computation time, but the constructed 3D model 
is very sparse. In most cases the 3D point cloud generated based on Visual SfM is 
refined to a finer resolution using Multi‐View Stereo (MVS) programs. However, 
the MVS software are computationally expensive in terms of processing time and 
memory resources because they are based on dense matching algorithms.  

 The comparative results shown in fig. 3, it is concluded that OpenCV implementation 
of SfM is effective to satisfy the near real time requirements in terms of computation 
time, precision and spatial resolution of the 3D model. 

Table 1. Comparison between Visual SfM and OpenCV 

Characteristics Visual SfM OpenCV 

Features Extraction SIFT ORB 

Features Matching Sequential preemptive Brute force 

Robust Estimation RANSAC RANSAC 

Triangulation n/A DLT 

Image Registration n/A PnP RANSAC 

Bundle Adjustment Multicore BA Ceres 

Visualization OpenGL PCL 

5 Conclusions 

This paper presents the evaluation of an OpenCV implementation of incremental SfM 
approach using open source data. The comparative results with Visual SfM program 
demonstrate that the proposed SfM approach is capable to produce high quality 3D point 
clouds in terms of precision and spatial resolution.  

In the future works the following tasks are suggested. Developing the proposed SfM 
approach for very large scale 3D reconstruction. Using parallel computing methods 
based on GPU processors to accelerate SfM process. Investigation of visual SLAM and 
3D reconstruction by considering no prerecorded dataset.  
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