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Abstract: This paper proposed a new framework to enhance the 3D point cloud reconstruction 
from multi-view images. The accurate 3D point cloud is crucial to produce a 3D model SURF 
ace which can be used in many applications. There were still challenges in the existing approach 
to reconstructing accurate 3D point clouds as it involves various camera orientations. This paper 
proposed a simplified experimental setup based on pure camera translation to capture the 
images from four viewpoints. Geometric object measurement is used as the ground truth data 
to measure accuracy. Besides, the optical flow feature match method, perspective projection 
and image transformation were used to reconstruct the 3D point cloud. The result shows that 
all objects have an average RMSD value of 1.24mm in width and 1.26mm in depth. These 
values are lower than the previous method based on the images captured using known rotation, 
indicating higher accuracy. In future, the generated 3D point cloud can be used to create the 3D 
model SURF ace. 
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1 Introduction 
 
3D model reconstruction is crucial for virtual and augmented reality applications in various fields, such 
as engineering and architecture. The conventional method used software such as 3D Studio Max, Unity 
3D and AutoCAD to reconstruct the 3D model. However, this process is tedious as it requires training 
and skills for novices [1]. Meanwhile, the Coordinate Measuring Machine (CMM) uses a contact-based 
approach which interferes with the object directly to reconstruct the 3D point cloud [2]. Recently, 
research have been using noncontact-based methods such as image-based modelling, which is more 
accessible and more suitable for novices. This approach only requires sets of images captured using a 
standard camera sensor. In other research, the volumetric approach was used to extract the voxels from 
the images. This method is based on silhouette extraction, which still has an issue with concave objects 
[3], [4].  

In previous research, feature-based methods from multi-view focuses on the 2D feature point 
extracted from the images. This approach is high in demand as it can reduce time complexity compared 
to image stitching approach in 3D reconstruction. Recently, various software used the Structure from 
Motion (SfM) based on feature points, such as Agisoft and VisualSfM[5],[6] to reconstruct 3D point 
cloud from multi-view images. However, previous methods still face accuracy issue as the input images  
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captured might be affected by noise and outliers. Furthermore, this process requires many images to 
reconstruct an accurate 3D point cloud which involves optimization and iteration process that could 
increase complexity [7] to [9]. Generally, the feature-based framework consists of image acquisition, 
feature extraction and matching, camera calibration estimation and 3D model enhancement [10]. 
 
A Image Acquisition Setup 

 
Previous 3D point cloud reconstruction process faces challenges with the input images that contain 
noise and outliers. Furthermore, uncertainty regarding image relation and unknown camera parameters 
contribute to the complexity of the process. Therefore, previous research has introduced image 
acquisition setup to simplify the process and to overcome the issue related with image uncertainty and 
unknown camera parameters [11] [12][13]. These approaches involve prior knowledge about camera 
parameter, which could simplify the 3D reconstruction process. The object is placed at a static position 
which is parallel to the camera centre. Then, a turn table is used to capture the object in rotation motion 
[13]. These approaches can produce 3D point cloud but are always affected by the large degree of 
rotation and error that could affect accuracy. Besides, there are also research that employed an automatic 
motor to rotate objects. However, this approach could be affected by the speed of the motor during the 
image-capturing process [11]. Furthermore, some previous studies also require more than one camera 
to capture the images, which is tedious to set up.  

 
B Feature Extraction and Matching 

 
Feature extraction is the process of selecting the desired feature points from the images captured. At 
this stage, reliable points are vital to represent the real object. Previous research [14] to[17] used Harris 
Corner Detection, speeded-up Robust Feature (SURF), and Scale Invariant Feature Transform (SIFT) 
to extract the features from images. SIFT and SURF are the most popular methods as these methods are 
robust in changing translation, rotation, and lighting [18][19]. Meanwhile, Good Feature to Track uses 
the eigenvalues method that is also robust for image rotation and translation [17]. Besides, the 
corresponding feature points are matched based on the similarities. Previous studies employed 
Fundamental Matrix (F-Matrix), Zero Mean Normalized Cross Relation (ZNCC) and clustering 
technique [9] to find a feature match. The challenge with the existing method is when handling huge 
images simultaneously. Therefore, clustering technique using a union cluster can minimize the time 
complexity. In other studies, feature match can also be obtained by using Lucas-Kanade (LK) Optical 
Flow [20] [21] [22]. This method is suitable for sparse feature point tracking that can speed up the 
process. Furthermore, the pyramidal Lucas Kanade manages to track the feature points from the highest 
to the lowest level, which can solve the large displacement between two feature points. 

 
C Camera Calibration  

 
Camera calibration process relates between images and estimates of camera parameters based on 
corresponding feature points. These parameters are essential to produce accurate 3D point cloud. The 
challenges in this step are when the relations between images are uncertain as the images are captured 
from different orientations. Thus, the self-calibration method is flexible but is always affected by 
accuracy and time complexity as the camera parameters are unknown [23] [24]. Previous methods rely 
on calibrated objects, checkerboard patterns and calibration platforms whereby it is cumbersome to 
estimate the unknown camera parameter such as rotation and translation [25]. Thus, camera calibration 
can be simplified with prior knowledge about camera parameters such as known rotation, translation, 
and focal length [26]. 
 
D 3D Point Cloud Reconstruction 

 
3D point cloud is reconstructed based on feature points and camera parameters estimation obtained 
from previous steps. This process aims to produce a complete 3D point cloud representing the 3D 
model. The challenge in this process is to approximate the accurate depth based on 2D feature points. 
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This process becomes more complex when it requires more than two images to approximate the 3D 
point simultaneously. Previous research used a triangulation method based on F-Matrix and Bundle 
Adjustment (BA) to enhance 3D point cloud reconstruction[6]. However, this process is tedious and 
time-consuming as it involves iteration and optimization. Furthermore, existing methods become more 
challenging when images are captured from various orientations and scales [27] [28].  

Based on preliminary research, this study proposed a framework to enhance 3D point cloud 
reconstruction from multi-view images based on geometric objects. The following section in this paper 
will describe the proposed framework, result, and conclusion. 
  
2 Proposed Framework 
 
The proposed framework starts with the setup for image acquisition based on viewpoints, feature 
extraction and matching, camera calibration from camera translation and 3D point cloud reconstruction. 
Figure 1 shows the proposed research framework for this study. 

 

 

 

 

 

 

   

Figure 1: Proposed Framework 
 

A Image Acquisition Based on Viewpoints 
 
In this research, the setup to acquire sets of images is based on four viewpoints. It was labelled as front, 
right, left, and right viewpoints, as shown in Figure 2. For each viewpoint, two images were captured 
using pure camera translation. Therefore, eight images were used to reconstruct the 3D point cloud. In 
this setup, the object was placed at the centre of the setup, and the smartphone camera was used to 
capture the images. The set up also used a black background to reduce noise and to ensure only the 
desired features from objects are extracted. The initial process starts at viewpoint 1. It is followed by 
viewpoint 2, viewpoint 3 and viewpoint 4. In this research, geometric objects were used as the ground 
truth data obtained from the width, height, and depth measurements, as shown in Figure 3. 

 
Figure 2: Image Acquisition Set Up 

Image Acquisition Based on Viewpoints.  

Camera Calibration from Pure Camera Translation 

3D Point Cloud Reconstruction 

Feature Extraction and Matching Using Good 
Feature to Track and Optical Flow 
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Subject 
 

1 2 3 

   
Measurement(mm) Width 

Height 
Depth 

62.02 
100.00 
57.50 

58.00 
155.00 
58.00 

58.00 
93.00 
58.00 

Figure 3: Geometric Object 
 

B    Feature Extraction and Matching Using Good Features to Track and Optical Flow 

The features were extracted from the sets of images using the Good feature to Track. This method 
improves a previous method proposed by Shi-Tomasi, which is based on corner detection [17]. It  selects 
the corner region in the situation where the λ1 and λ2 are above the minimum value. Next, the selected 
features were matched with the corresponding feature points between images using Lucas Kanade's 
optical flow feature match. This method assumes that corresponding features have similar motion and 
constant brightness. The similarity can be verified using the inverse matric with a corner detector, as 
shown in Equation 1. 

Furthermore, this approach is also based on the displacement between points. The value of fx 
and fy are image gradients. The vector (u,v) and magnitude obtained from this step can be used to 
estimate camera calibration parameters in the next step. Figure 4 shows the optical flow feature pattern 
when pure camera translation was used to capture the second image. The extracted 2D feature points 
(x,y) were used as the input in the following steps. 

 

 

(1) 

 
(a) Optical Flow Pattern (b) Optical Flow Direction 

 

 

       Figure 4: Pure Camera Translation 
 
C   Camera Calibration from Camera Translation 

 
Camera calibration estimates camera position and other parameters such as translation and distance. 
This study introduces a simple approach for camera calibration based on pure camera translation which 
reduces the outlier as corresponding feature points are obtained based on similar and small translations. 
This approach is straightforward as compared to other methods, but in some conditions, a translation 
error could occur. Based on Figure 5, the optical flow pattern is not straight as in the optical flow 
direction for pure camera translation as stated in Figure 4. Thus, the gradient analysis is used to 
determine the translation position either pure or error translation. Next, the centroid between the two 
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images was rectified. The translation between two images and the distance between the object to the 
camera were calculated based on focal length equations which involve world and image views. The 
translation and distance parameters are essential for the next step to produce the 3D point cloud. 

 
Optical Flow Pattern Camera Direction 

 

 

Figure 5: Camera Translation Error 
 

D   3D Point Cloud Reconstruction 
 

This step used perspective projection and triangulation to estimate the depth between two images based 
on feature points and camera parameters obtained from the previous steps. This process is based on the 
sketch from pure translation and image relation between world and image views from the controlled 
setup. The ratio between the actual object height and image height is used as the scaling factor. Next, 
the merging process connects all the 3D point cloud to produce a complete 3D point cloud. Since the 
images were captured using the controlled setup, image transformation from each viewpoint based on 
rotation and translation are used to merge the 3D point cloud. Figure 6 shows the depth approximation 
based on two images from each view and the merging 3D point cloud. 

 

 
Figure 6: 3D Point Cloud Reconstruction 

 
 
3 Results and Discussion 
 
This experiment captured three sets (N) of images from each geometric object to validate the proposed 
framework. The actual measurement of the object, such as width, height, and depth value, were 
considered ground truth datasets. After that, the detected 3D point cloud was measured based on the 
boundary dimension of width, height, and depth. Root Mean Square Deviation (RMSD) calculates the 
difference between actual and predicted 3D point cloud, as shown in Equation 2. The result was also 
compared with the previous method based on known rotation angle and trigonometry equation [13]. In 
this experiment, the lower the RMSD value indicated, the higher the accuracy. 
 

𝑅𝑀𝑆𝐷 = &∑ (𝐴𝑐𝑡𝑢𝑎𝑙 − 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑)!"
#$%

𝑁  
(2) 

 
Table 1 shows the average RMSD value for the proposed method is below 1.24mm in width 

and 1.27mm in depth, respectively. The result indicates that the difference between the predicted 3D 
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point cloud reconstruction based on RMSD value is low compared to the actual measurement. In this 
experiment, the height measurement is constant since the parameter is used as the scaling factor. 
Furthermore, the average of RMSD for Method 1 is 4.83mm in width and 2.83mm in depth, 
respectively. Based on Figure 7, the proposed method yielded the lowest RMSD for Object 3 as the 
object’s structure is cuboid and the feature extraction becomes more accurate as the images were 
captured using pure camera translation approach. Besides, Object 1 yielded the highest RMSD for the 
proposed method due to the uneven structure of the object with the tapered end structure. Therefore, the 
result shows that the accuracy of the 3D point reconstructed also relies on the structure of the objects. 
Overall, the proposed method's accuracy is higher than Method 1 for all objects as it shows a lower 
average of RMSD value. 
 

Table 1: Average RMSD for Proposed Method and Method 1 
Average RMSD (mm) 

Proposed Method Method 1 
(Pure Translation) (Known Rotation) 

Width Depth Width Depth 
1.24 1.27 4.83 2.83 

 
 

  
Figure 7. RMSD Comparison between Proposed Method and Method 1 for All Objects 

 
 
4 Conclusion 
 
This paper proposed a new framework to enhance the 3D point cloud reconstruction from multi-view 
images. It was simplified using images captured based on pure camera translation at only four 
viewpoints. The camera calibration process is also less complex as it only requires eight images with 
prior knowledge about camera translation position and optical flow feature match. Besides, the 
framework also utilizes perspective projection, triangulation, and image transformation equations based 
on images captured using simplified camera pure translation to produce a complete and accurate 3D 
points cloud. As a result, the proposed framework yielded an accurate 3D point cloud with the average 
of RMSD value for the width of 1.24mm and 1.26mm in depth for all objects. The average of RMSD 
value is also lower than the previous method that used a known rotation angle to produce 3D point 
clouds. The result shows that the proposed framework could enhance 3D point cloud accuracy for 
geometric objects. In the future, the framework also can be applied to complex and different types of 
objects. It can also be compared to the existing VSfM approach to enhance performance. Furthermore, 
the SURF ace of the 3D model can be constructed using this accurate 3D point cloud, and it can be 
applied to various virtual and augmented reality applications. 

 

Proposed
Method
(Width)

Proposed
Method
(Depth)

Method
1(Width)

Method
1(Depth)

Object 1 1.912 2.3448 2.1287 1.9325
Object 2 1.3463 0.9412 6.5489 2.6603
Object 3 0.452 0.5104 5.8101 3.8955
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RMSD value for Proposed Method and Method 1
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