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Abstract 
 

In order to reconstruct a 3D model in video sequences, to select key frames that are easy to estimate a 

geometric model is essential. This paper proposes a method to easily extract informative frames from a 

handheld video. The method combines selection criteria based on appropriate-baseline determination between 

frames, frame jumping for fast searching in the video, geometric robust information criterion (GRIC) scores for 

the frame-to-frame homography and fundamental matrix, and blurry-frame removal. Through experiments with 

videos taken in indoor space, the proposed method shows creating a more robust 3D point cloud than existing 

methods, even in the presence of motion blur and degenerate motions. 
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1. Introduction 
 

To reconstruct real objects or scenes in three dimensions is one of the most challenging areas of computer 

vision. Multi-view stereo (MVS) or structure from motion (SfM) methods are typical and progress in various 

fields [1-4]. With images acquired at various locations, the objects are reconstructed in three dimensions by 

estimating camera pose. MVS and SfM, also called image-based modelling, are a more progressive approach 

than LiDAR or structured-light reconstruction, since the objects can be reconstructed without any 

prior-knowledge or constraints on the scenes. However, this modeling generally utilizes a lot of images 

acquired at the fixed viewpoint. Each image contains only the partial shape of the objects, so that hidden 

surfaces occur naturally in the image. Therefore, obtaining multi-view images abundantly is important to the 

purpose of reconstructing all the surfaces of the objects. 

The video can be used to easily obtain the multi-view images. It provides more useful information when 

compared with still images taken from various locations. Moreover, scanning the scenes with video mode is a 

lot faster than photographing repeatedly. However, preprocess for extracting key frames in the video must be 

accompanied. Importantly, a set of the extracted key frames has to satisfy conditions that the frames reflect the 
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whole motion of the video, and the number of the extracted frames should be as small as possible 

considering the efficiency of 3D reconstruction. 

A number of researchers have reported studies on key-frame extraction from the video for 3D 

reconstruction. Gibson et al. [5] proposed a method of selecting key frames according to the ratio of 

corresponding points between frames and re-projection errors of the homography and the fundamental matrix. 

Seo et al. [7] was similar to [5], but the correspondence distribution of the frames was considered to 

determine the accuracy of the fundamental-matrix estimation. As the corresponding points are uniformly 

distributed in the frame, the reliability of the fundamental-matrix estimation increases. Pollefeys et al. [8] 

utilized geometric robust information criterion (GRIC) [9] to determine degenerate cases that are difficult to 

estimate the fundamental matrix. In the degeneracies, to represent the geometric model between frames with 

the homography is more suitable than with the fundamental matrix. Ahmed et al. [10] defined a function of 

the key-frame selection as the weighted sum of the GRIC and point to epipolar-line cost (PELC), which is 

more robust to the noisy frames and further reduces the re-projection error. 

In this paper, we propose a method for extracting key frames from a handheld video. When extracting key 

frames from the handheld video, two practical issues are considered further. One is the blur effect. Motion 

blur is inevitable in handheld shooting that is vulnerable to hand shake, unlike a professional video that is 

assisted by motion stabilizers. Blurry frames are unreliable in the process of matching feature points between 

the frames, and cannot be used as a texture. For that reasons, it is necessary to evaluate the quality of the 

frames and remove the blurry frames. The other is the size of the video. Usually one minute of video consists 

of at least 1,000 frames. Eventually, the time required to extract the key frame from the video is proportional 

to the video size. However, since video has a high similarity between adjacent frames, it is possible to fast 

search through the video by skipping some frames. 

Figure 1 shows the overall structure of key-frame extraction from the video for 3D reconstruction. The 

composition of the paper is as follows. Chapter 2 explains how to skip the frames by predicting the ratio of 

corresponding points between frames, and estimating the fundamental matrix, and robustly filtering out the 

degeneracies. Chapter 3 introduces a technique for refining key-frame set by evaluating the quality of key 

frames. Through analyzing the relative degree of blur between frames, the blurry frames are removed to 

obtain final-frame set. Chapter 4 analyzes the results of experiments conducted on handheld videos taken in 

indoor environment. The proposed method is compared with the existing methods in terms of the number of 

key frames, the processing time, the ratio of the low-quality frames in the key-frame set, and the number of 

successful reconstruction. Finally, Chapter 5 gives a brief summary and discuss future research. 
 

 
 

Figure 1. Flowchart of the proposed method. 
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2. Extraction of key frame to facilitate fundamental matrix estimation 
 

In general, in the video, camera motion has similar characteristics between adjacent frames. If the camera 

movement is analyzed as an optical flow, the corresponding points between the frames can be detected 

effectively. Using triangulation formula, depth from the matching-point pairs can be calculated simply. 

However, in order to reduce the uncertainty of the depth calculation, a baseline distance between cameras 

should be sufficient. Key frames must also satisfy this condition. We use Equation (1) defined by Seo et al. 

[7] as a measure to determine the baseline distance. 
 

t
m

f

N
R =

N
                                        (1) 

 

fN  is the number of feature points of the reference frame, and tN  is the number of feature points tracked 

in the following frame. The baseline distance and the ratio mR  are inversely proportional. The frame with 

low mR  must be selected as key frames to obtain the sufficient baseline distance. However, as the ratio 

decreases, the number of corresponding points required for estimating the fundamental matrix decreases, 

which affects estimation of camera pose. Therefore, only frames that the ratio mR  satisfies a upper limit 

threshold upperT  and a lower threshold lowerT  are regarded as candidates for the fundamental matrix 

estimation. 
 

 

Figure 2. A fast frame jumping in video through analysis of matching points ratio.  

( , 3)mR t t   represents the ratio mR  between ( )tframe  and ( 3)tframe  . 

 

At the same time, it is necessary to quickly find frames that satisfy the double threshold in the video. 

Figure 2 shows a fast frame jumping method. The reference frame represents the most recently extracted key 

frame. The ratio mR  of the reference frame to the following frame converges to zero when overlapping 
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scene does not exist, and the ratio is usually decreased as the following frames move away from the 

reference frame. A prediction for the ratio allows for calculations in some frames, without calculating the 

ratio in all frames. Since the similarity between adjacent frames in the video is considerably high, loss of 

camera motion information is not great even if the calculation is done only in specific frames. Through 

checking ( , 3)mR t t  , the way to move from ( 3)tframe   is divided into three cases. In case 1, the double 

threshold value is satisfied, so ( 3)tframe   is judged as having a sufficient baseline distance. Thus, ( 3)tframe   

is considered as a candidate for the fundamental matrix estimation, and ( , 5)mR t t   is calculated after the 

weak jump to ( 5)tframe  . In case 2, ( , 7)mR t t   is calculated after a strong jump to ( 7)tframe   because 

( , 3)mR t t   is too high, i.e., the baseline distance is not sufficient. Case 3 assumes that the corresponding 

points for the fundamental matrix estimation are insufficient and stops further jumps. Then, among the 

candidate frames satisfying case 1, the frame that is the easiest to estimate the fundamental matrix with the 

reference frame is adopted as the next reference frame. 

 

When estimating the fundamental matrix, incorrect matching pairs act as an unstable factor, but there are 

two situations, called degeneracy, that the estimation even with correct matching pairs is numerically 

unstable. One is the structure degeneracy where all the corresponding points are located on the coplanar in 

the three dimensions and the other is the motion degeneracy with only the rotational motion with respect to 

the focal point without any translation. In this situations, it is more appropriate to express the set of 

corresponding points by a homography, which is a projection transformation model, rather than by the 

fundamental matrix. Therefore, it is needed to decide which of two geometric models is more suitable 

between the reference frame and candidate frames, and candidate frames which are more fit for the 

homography should be excluded. 

We use the geometric robust information criterion (GRIC) [9] as a model selection criterion for filtering 

the degeneracies. Given corresponding points, the GRIC converts the verification result of each model to a 

score and determines that the model with the smaller GRIC score is more appropriate for the given data. For 

that reason, the next reference frame should have the GRIC score of the fundamental matrix less than that of 

the homography, and is the candidate with the largest difference in score between the two models. Equation 

(2) represents a function of the key-frame selection. 

 

i

F H

i+1 j (K )

H

GRIC (i, j)-GRIC (i, j)
K =argmax ( )

GRIC (i, j)
                         (2) 

 

The meaning of the symbols is as follows. i  and j  are the frame index of the video, 1iK   is the next 

key frame, ( )iK  is all the candidate frames for the key frame iK , and mod ( , )elGRIC i j  is the model’s GRIC 

score for the frame i  and j . Since the GRIC score is usually proportional to the number of corresponding 

points used in the estimation step, the GRIC difference between the two models is normalized by dividing by 

H( , )GRIC i j  to compensate for the number of matching pairs. As a result, the frame with the largest 

normalization value is selected as the next key frame. Through the fast frame jumping and function of the 

key-frame selection, a key-frame set is first extracted from the video.  
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3. Quality evaluation of key frames 
 

The handheld shooting is sensitive to motion speed and hand tremors. The more the irregular motions 

occur frequently when scanning the object, the more the motion blur becomes noticeable in the video, and 

then the scene change between the frames are not smooth. Such motion blur can cause a small number of 

feature points detection within the frame and reduce the reliability of feature points matching, leading to a 

poor reconstruction. Thereby, the motion blur frame must be detected in the key-frame set and removed 

properly. The blur measurement method [11-14], which can quantify the degree of motion blur, is important, 

and most measurements focus on the brightness changes. As the frame is sharper, edge elements in the frame 

generally increase. Thus, the degree of blur can be defined as the inverse of the edge component in the frame. 

Equation (3) represents the blur metric of the frame. 

 

 
2 2

t t(x, y)

t t
B =1 {( ) +( ) }

x y

 

 
                               (3) 

 

The edge can be expressed by the sum of squares of the partial derivatives in the x  and y  directions at all 

the pixel positions ( , )x y  of t  frame, and the inverse of the edge is defined as a blurriness tB . Figure 3 

shows that the edges in some frames are detected. 3-(b) has a larger value 
tB  because edge components are 

less detected than that of 3-(d). 

 

 

Figure 3. Decrease of edge due to blur. (a) blur frame, (b) edges of a portion of (a), (c) 

non-blur frame, (d) edges of a portion of (c). 

 

Since the amount of edge or noise detected in the frame is relative, it is not advisable to simply determine the 

degree of blur by tB . Although the blurriness of frames cannot be absolutely evaluated, relative blurriness can 

be measured within a limited neighbor frame if the frame-to-frame scene change is not severe. Matsushita et al. 

[12] defined the relative blurriness tRB  of t  frame as -1t tB B  and judged that t  frame is sharper than -1t  

frame when its value is less than one. However, the dichotomous judgment considering only the magnitude of 

edge components has a possibility to incorrectly detect the motion blur. In addition, it is difficult to observe the 

changes of tRB  in the entire frame because the reference blurriness is applied differently every frame. 

Therefore, this paper proposes a method to detect the motion blur by applying additional constraints to the 

relative blurriness verification. The additional constraints are covered in Chapter 4. 
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4. Experiments 
 

We experimented on the performance of the proposed technique in 7 handheld videos that captured the same 

indoor space with the Sony HDR camera (30 fps). Each video has a different camera movement speed. Three 

videos have a slow moving speed and the other four have a fast moving speed. The average number of frames 

of video is 3,380. A manual calibration was performed using a chess board to obtain the camera internal 

parameters. 
 

 

Figure 4. GRIC scores for some sequences. 

 

The solid line and dotted line represent the GRIC for the fundamental matrix and the GRIC for the 

homography, respectively. The triangle means the selected key frame. To prominently represent the selected 

model by GRIC, the score is set to 500 if the fundamental matrix is selected and set to 250 otherwise. 

 

In the interior space, flat structures such as wall are common. The degeneracy mostly corresponds to a 

frame containing these regions. The feature points detected on the wall have almost similar depths and make 

model estimation difficult. Figure 4 shows the result of selecting key frames through Equation (2) in some 

sequences. Among the 150 frames, 31 frames mapped with a score of 250 are judged as the degeneracy, 

which the homography model is more suitable for. The degenerate frames are filtered out, and when a frame 

having the largest GRIC score difference between the two models is selected, 8 key frames marked with 

triangle are obtained. 

As described in Chapter 3, the additional constraints on relative blurriness are empirical rules derived from 

experiments. First, tRB  is newly defined as shown in Equation (4) below. 

 

 
reference

t

t

B
RB = t (K)

B
                                  (4) 

 

 t t t-1ΔRB =RB -RB                                   (5) 

 

New tRB  is a ratio between the blur of reference frame referenceB  and the blur of t  frame tB . To analyze the 

total change of tRB  in the key frame set ( )K , tRB  is calculated by the same referenceB  to all the frames. 

Figure 5 is an example showing some tRB  for ( )K  as a line graph. In the method [12], if -1t tB B  is less 

than one, it judges that there is no motion blur at t  frame, but not all leads to correct detections. 
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Figure 5. Relative blurriness graph. 

 

The frames marked with circle are judged to be sharp, while the frames marked with triangle are judged to 

be blurry. False positive indicates a frame that is not actually blurry but is mistakenly determined to be 

blurry. 

 

There are some false positive frames as shown in the Figure 5. False negative frames should be detected and 

removed because they have an adverse effect on the reconstruction process. Since the baseline distances are 

different for each key frame, the rate of change in Equation (5) is not constant. However, near the false positive 

frames, tRB  is usually constant. This aspect can be seen in the section where tRB  curve is concave (28-30 

frame) or monotone increasing (12-16 frame). In these sections, the scene change between the key frames 

becomes slight because the details of edges are reduced due to the motion blur. 

 

 t-1 t t-10.90 ( RB ) RB 1.10 ( RB )                                     (6) 

 

 t t-1RB 1.05 (RB )                                    (7) 

 

Equation (6) examines the degree of scene change. If t  frame satisfies the condition, it is regarded as false 

positive and removed from the key frame set. However, if t  frame satisfies the Equation (6) and both tRB  

and 1tRB   are 0.20 or more, it is not considered false positive such as the 24 frame. In addition, in monotone 

increasing sections, a frame having a very small change in tRB  is regarded as false positive. This corresponds 

to the 10-11 frame section and can be determined through Equation (7). 

 

Table 1. Result of experiments. 

Method 
Uniform 

sampling 
Seo et al. [4] 

Ahmed et al. 

[7] 

Proposed 

method 

Number of video clips 7 7 7 7 

Number of failure in 3D reconstruction 4 1 1 0 

Average number of frames per video clip 3,380 3,380 3,380 3,380 
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Average number of extracted key-frames per 

video clip 
112 98 81 52 

Average time of extracting key-frames per 

video clip (min) 
1.8 6.2 4.5 5.5 

Average low-quality frame rate (%) 29.1 17.1 12.0 5.5 

 

Through VisualSFM toolbox [15-16], 3D reconstruction was performed on the key frames extracted from 

the video. Table 1 shows the performance of the proposed method compared with the existing methods. 

Uniform sampling extracts the key frames in the shortest time, but fails to generate a 3D point cloud in 

more than half the videos. The methods [7, 10] taken into account geometric relationships of camera 

movements show better performances at the number of successful reconstruction. However, the ratio of 

low-quality frames in the key frame set is 17.1% [7] and 12.0% [10]. They do not fully consider the 

properties of handheld video, where motion blur is frequent, and show that reconstruction fails on a certain 

video. On the other hand, the proposed method reduces the low quality frame rate to 5.5% on average by 

removing the low quality frame based on the blur metric. As a result, 3D point cloud is successfully 

generated in all videos. 

One possible limitation of the proposed method is the need to specify some thresholds. We currently set 

these parameters empirically. However, since all parameters are related to the number of corresponding 

points acquired or the processing time, in principle, it should be possible to find values that work well for 

most sequences and adjust them when necessary. 

 
5. Conclusion 

 

This research focuses on finding suitable frames for 3D reconstruction and discarding unnecessary frames 

through key frame extraction. When reconstructing the scene from the video, the process of key-frame 

extraction improves reconstruction performance and minimizes computation time. The result of experiments 

shows that, especially in the handheld video that is vulnerable to motion blur, properly removing low-quality 

frames is effective for 3D reconstruction. Future work will focus on enhancing the system for outdoor 

environments and arbitrary videos. The key frame extraction may need to interact with other process such as 

moving object segmentation, shot boundary detection, and auto-calibration to achieve this goal. 
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