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Abstract 
 

In this study, we present a denoising algorithm for high-frame-rate videos in an ultra-low 

illumination environment on the basis of Kalman filtering model and a new motion 

segmentation scheme. The Kalman filter removes temporal noise from signals by propagating 

error covariance statistics. Regarded as the process noise for imaging, motion is important in 

Kalman filtering. We propose a new motion estimation scheme that is suitable for serious 

noise. This scheme employs the small motion vector characteristic of high-frame-rate videos. 

Small changing patches are intentionally neglected because distinguishing details from 

large-scale noise is difficult and unimportant. Finally, a spatial bilateral filter is used to 

improve denoising capability in the motion area. Experiments are performed on videos with 

both synthetic and real noises. Results show that the proposed algorithm outperforms other 

state-of-the-art methods in both peak signal-to-noise ratio objective evaluation and visual 

quality. 
 

 

Keywords: High-frame-rate video, motion estimation, Kalman filter, ultra-low illumination, 

video denoising. 
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1. Introduction 

A camera unavoidably suffers from noise in low illumination. A corrupted signal influences 

the perceptual quality and efficiency of subsequent processing tasks such as video 

compression and pattern recognition. Thus, denoising is an important issue in image and video 

processing. 

A common technique to enhance image quality in low illumination in photography is to 

prolong the exposure time. However, motion blurring occurs in images with long exposure 

time, particularly when moving objects are present in the scene, such as during recording of 

sports competitions or vehicular collision experiments. Blurring and noise are key challenges 

in ensuring good video quality in low illumination. Denoising is required when the exposure 

time is short, whereas deblurring is needed when the exposure time is long. Deblurring is more 

complex and time consuming for computer vision than denoising, so the latter can be regarded 

as the preferable option.  

A short exposure time produces high-frame-rate videos with crisp and fluid imagery. A 

judder is also absent unlike in a normal-frame-rate video with a short exposure time. Fig. 1 

shows the comparison between normal-frame-rate and high-frame-rate videos. In this figure, 

two high-frame-rate cameras were used to simultaneously record a waving hand. The normal 

video frame rate is approximately 25 fps. However, such a rate is still unable to provide clear 

images of fast-moving objects. Depending on the velocity of motion, a high frame rate, such as 

100 fps, 250 fps, or even higher, is necessary. 
 

 
Fig. 1. Comparison between the 25 fps video and 250 fps video. (a) The 25fps video with a blurred 

waving hand. (b) The 250 fps video with a clear waving hand. 

 

Numerous studies on video denoising have been conducted in recent decades and are 

currently available as references. To a certain extent, denoising methods, such as those 

presented in [1–7], effectively work in low illumination. We take VBM3D [2] as an example. 

Fig. 2 shows the denoising result of VBM3D for additive white Gaussian noise (AWGN) with 

standard deviation 30n  , which represents light noise in low illumination. The result looks 

excellent compared with those of the ground truth frame (Fig. 1(b)), except for some details, 

such as the text on the top left corner. 

However, the performance dramatically degrades in ultra-low illumination. Fig. 3 shows 

the denoising result of VBM3D for a video captured in a real noisy environment in ultra-low 

illumination. The video is captured by a high-frame-rate sensor, i.e., Viimagic 9222B. An 

image in ultra-low illumination has minimal chrominance components. Hence, only the 
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luminance part is taken. Fig. 3 depicts that VBM3D removes noise to a certain degree, but can 

visual quality still be improved? This task is difficult in ultra-low illumination because a useful 

signal is nearly submerged in noise. 
 

 
Fig. 2. Denoising performance of VBM3D for AWGN with standard deviation 30n  . (a) Noisy 

frame whose ground truth is Fig. 1(b) (PSNR = 18.59dB). (b) Denoising result of VBM3D (PSNR = 

33.57dB). 

 

 
Fig. 3. Denoising performance of VBM3D in ultra-low illumination. (a) Noisy frame. (b) Denoising 

result of VBM3D. 

 

In this study, we address the video denoising problem in ultra-low illumination. The target 

video has a stationary background. This type of video has extensive applications, such as in 

ubiquitous surveillance cameras. 

Our work is based on the Kalman filtering framework. The Kalman filter was proposed by 

Rudolph E. Kalman [8] in 1960. This set of mathematical equations provides an efficient 

recursive means to estimate the state of a process such that the mean squared error is 

minimized. The Kalman filter is widely used in denoising and other video processing tasks 

[9–12]. For video denoising, this algorithm removes noise from a signal by propagating error 

covariance statistics. In this study, motion is modeled as imaging process noise. Estimating 

motion determines the denoising capability of the Kalman filter. We employ two 

characteristics of noisy high-frame-rate videos to obtain reliable motion estimation. The first 

characteristic is the small motion vector. The motion area between two frames with a small 

motion vector is contained within an area with a large motion vector. However, flickering 

noise does not exhibit this feature. The second characteristic is the loss of small objects and 

details in large-scale noise in ultra-low illumination. The movement of such minute objects 

and details is difficult to detect. Therefore, we sacrifice them to improve the estimation on 

major parts, which is valuable for overall performance. 
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The remainder of this paper is organized as follows. Section 2 discusses related works on 

video denoising. Section 3 presents our Kalman filtering framework. Section 4 proposes a 

motion estimation scheme for ultra-low illumination. Section 5 discusses the experiments. 

Finally, Section 6 summarizes the study. 

2. Related Work 

Video denoising can exploit redundant information from nearby frames. Thus, a better 

denoising capability compared with single-image processing can be expected. Determining 

how to deal with the temporal relationship of frames is the key to video denoising. 

In recent years, many algorithms have used 2D similar patch clusters to implicitly estimate 

motion information [2,4,13–15]. Similar patches have been matched across several frames in 

spatiotemporal space. In [13–15], weighted averaging on selected patches was conducted after 

patch matching to denoise the reference patch. In [4], patch matching was followed by an 

adaptive threshold approach, i.e., SURE-LET. In VBM3D [2], a two-step Wiener filtering 

framework was used to handle similar patch clusters. 

Meanwhile, some researchers [3,6,16,17] found that 3D patches are more appropriate for 

video denoising than 2D patches. The former can possibly better characterize motion-related 

temporal dependency than the latter. In [6] and [16], 3D patches were used as atoms of a sparse 

dictionary. In [17], a Bayesian framework was proposed to process 3D patch clusters. The 

basic blocks of VBM4D [3], which is an extension of VBM3D [2], are spatiotemporal 3D 

volumes that form a 4D group. 

Some researchers directly conducted 3D transformations on video data without using 3D 

patches [5,18–21]. In [18,19], two 3D complex wavelet transforms were proposed. In [5,20], a 

2D discrete shearlet transform [21] was extended to have a 3D version. 

Motion information is implicitly represented regardless of whether 2D patches, 3D patches, 

or 3D domain transforms are used for video denoising. However, many researchers have also 

expected to explicitly estimate motion [7, 22–26]. In [22], a block-based multiple hypotheses 

motion estimation method was proposed. In [23] and [24], an optical flow method was used to 

estimate motion. In [25], a hierarchical motion estimation method was discussed. The basic 

idea of this method is to track matching blocks and filters along the motion trajectory. 

Although a 2D patch was used in [22] and [25], motion information was explicitly obtained. In 

[26], motion estimation was performed in the wavelet transform domain. In [7], a 

cross-correlation algorithm that is robust to Fourier domain noise, called spatiotemporal 

Gaussian scale mixture (ST-GSM), was proposed for motion estimation. Similarly, we 

employed the explicit representation approach to estimate motion in the current work. 

All of the aforementioned algorithms can be directly applied to high-frame-rate videos. In 

this study, however, we exploited several new characteristics to improve denoising 

performance. The details are discussed in Section 4. 

3. The Kalman Filtering Framework for Video Denoising 

The discrete instant of time is denoted as k . The system state of the previous time step is 1
ˆ

kx . 

The optional control input is ku . The system working process noise is kw . A  is the state 

transition model that operates in system ˆ
kx . B  is the control input model that operates in ku . 

The predicted state of the current time step ˆ
k


x  is -

-1
ˆ ˆ

k k k kx = Ax + Bu + w . The actual 
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measurement 
kz  is ˆ

k k k z Hx v , where H  is the observation model that maps the true state 

space into the observed space. ˆ
kx  is the state of the current time step. 

kv  is the observation 

noise.  

In video imaging systems, a camera directly records input light rays. Thus, the state 

transition model A I , and the mapping observation model H I . I  is the unit matrix in 

both models. No control input is available for video capturing; hence, 0k u . Consequently, 

the predicted state of the video imaging system is -

-1
ˆ ˆ

k k kx = x + w , and the actual measurement 

is ˆ
k k k z x v . 

The working process noise w  and the observation noise v  are independent Gaussian 

random processes. We model w  to be caused by motion and v  to be caused by camera noise. 

Both noises are assumed to have zero mean Gaussian distribution with covariance Q  and R , 

i.e.,  ~ 0,Nw Q  and  ~ 0,Nv R . 

The Kalman filter works in two steps: priori and updated posteriori state estimations. For 

the video denoising system, the former is given by 

1
ˆ ˆ

k k



x x .      (1) 

This equation indicates that if process noise is absent (i.e., Q 0 ), then the predicted state is 

equal to the system state of the previous time step. The latter updated state is expressed as 

follows: 

 ˆ ˆ ˆ
k k k k k

   x x K z x ,    (2) 

where 
kK  is the optimal Kalman gain that minimizes the posteriori error covariance. This 

gain is computed as follows: 

 
1

k k k


  K P P R ,     (3) 

where k


P  is the predicted priori estimate covariance. This covariance is computed as follows: 

1k k



 P P Q ,     (4) 

where 
1kP  is the posteriori estimate covariance of the previous time step. The updated 

posteriori estimate covariance of the current time step is expressed as follows: 

 k k k

 P I K P .     (5) 

If the noise covariance of a single image pixel is 2

n , then R  can be written as 2

nR I  for 

the 2D image matrix. The covariance Q  of the imaging process noise w  is estimated as 

 
2

1,k k

k

Q Δ , where 1,k k

k


Δ  is the motion-caused deviation between the current frame k  and 

the last frame 1k  . The computation of this deviation is further discussed in Section 4. 

Regarding initialization, the measurement of the first noisy frame 1z  functions as the 

posteriori state estimate, i.e., 1 1
ˆ x z . Kalman filtering starts at the second frame. The 

posteriori estimate covariance of the first frame is set as 1 P R . 

Moreover, the large motion estimation 1,k k

k


Δ  results in the large value of the Kalman gain 

kK  in the motion area, according to Eqs. (3) and (4). In extreme cases, such as when k K I , 

the updated posteriori state ˆ
k kx z  based on Eq. (2). Thus, spatial denoising is required for 

the motion area to improve denoising performance. In our work, the classical edge preserving 

filter, i.e., the bilateral filter [27], is employed. It can be calculated as 
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where ,i kx is the spatial bilateral denoising result of frame k at spatial coordinates i , and
sz , 

iz are the pixel values of noisy frame 
kz in positions s and i . ( )N i is a (2 1) (2 1)r r   block 

centered at i , and s is the coordinate of the block ( )N i , i.e., [ , ]u u us i r i r    in horizontal 

direction u  and [ , ]v v vs i r i r    in vertical direction v . Two Gaussian filter kernels are used 

for the bilateral filter. The first, which is the spatial distance kernel ( )SG   with standard 

deviation S , is the same as the Gaussian filter. The second, which is the pixel intensity 

difference kernel ( )IG   with standard deviation
I , is used to preserve edges. A large intensity 

difference s iz z  results in a small weight 
IG . Thus, pixels on different sides can be 

distinguished. 

The spatial denoising result is denoted as 
kx . Kalman temporal denoising ˆ

kx  and bilateral 

spatial denoising 
kx  are mixed by weighted averaging. As the Kalman gain 

kK  approaches 

zero, the reliability of the actual measurement 
kz  decreases, whereas trust on the predicted 

estimate ˆ
k


x  increases. Accordingly, we use the Kalman gain kK , which reflects motion 

degree, as the weight. Thus, the final denoising result is 

 ˆ
k k k k k    x x K x I K .    (7) 

For the predicted priori state estimate, i.e., Eq. (1), this equation is revised as 1
ˆ

k k



x x . 

Fig. 4 shows the Kalman filtering performance without motion estimation ( Q 0 ). The 

video is the same one in Fig. 3. A total of 350 frames are used. The noise standard deviation 

n  is set to 100. In the figure, the still background is clearer than that of VBM3D (Fig. 3(b)). 

Our Kalman filtering framework is suitable for videos with a fixed background because it 

employs all frames by propagating the estimate error covariance 
kP . The estimation of the 

original signal is improved when the number of frames is increased. By contrast, only a few 

adjacent frames are employed in VBM3D. Thus, a good estimation at the background is 

obtained. 

However, the blurring occurs without motion estimation. Nearly no moving objects can be 

observed in Fig. 4, but in fact, a moving man at the left of the visual field can be seen in Fig. 

3(b). This blurring phenomenon indicates the importance of motion estimation. 

4. Motion Estimation for High-frame-rate Videos in Ultra-low Illumination 

Our motion estimation method is based on frame difference. In ultra-low illumination, the 

noise is extremely large, such that the direct frame difference cannot provide a good 

estimation. This problem significantly influences motion estimation [Fig. 5(e) and 6(b)]. A 

Gaussian filter is employed to preprocess a noisy frame. In Fig. 5(f) and 6(c), a large Gaussian 
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kernel with a window that measures 20 20  and a standard deviation 5G   is used to 

suppress noise. 

Although the influence of noise is decreased to a considerable extent by the large Gaussian 

kernel, several undesired patches still affect reliable motion estimation. We further improve 

our method by applying the small motion vector characteristic and intentionally sacrificing 

small changing patches. 
 

 
Fig. 4. Denoising performance of the Kalman filtering framework without motion estimation 

 

 
Fig. 5. Difference between two successive frames ( 1k   and k ). (a) Noise-free frames. (b) Noisy 

frames of (a) polluted by AWGN with standard deviation 50n  . (c) Gaussian prefiltered frames of 

(b) with a 20 20  Gaussian kernel ( 5G  ). (d) Frame difference of (a) that functions as the ground 

truth. (e) Frame difference of (b). (f) Frame difference of (c) 
 

 
Fig. 6. Difference between two spaced frames (frames 5k   and k ). (a) Frame difference of noise-free 

frames. (b) Frame difference of noisy frames. (c) Frame difference of Gaussian prefiltered frames. 
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Before the work, the definition of the small motion vector is given. Suppose the length of 

the object along the motion direction is L , and the movement distance between two 

successive frames is M . Both variables are measured by the number of pixels. Let M L . 

We define the video to have a small motion vector characteristic when 0.5  . The 

interframe motion distance is less than half of the object size; this is a rough definition. In 

reality, several motion objects with different lengths and velocities may simultaneously exist 

in a scene. In such a case, a user often concentrates on only one moving object within a period 

of time. We call this movement of the most concerned object as the main movement. To 

simplify this problem, we consider only the main movement for evaluation. Under this 

condition, the selection of the main movement is objective. For example, suppose a slow 

walking man and a rushing car appear in the same scene. The movement of the man satisfies 

0.5  , whereas the movement of the car does not. If the man is highlighted, the video can be 

considered as owning a small motion vector characteristic. If the car is selected, the video is 

thought to not have such a characteristic. When 0.1  , we can assume that the small motion 

vector characteristic is obvious. 

Small motion vector of high-frame-rate videos 
Motion estimation becomes more difficult for a small motion vector than for a large motion 

vector with large-scale noise, as shown in Fig. 5. The video in the figure recorded a moving 

man at 250 fps. Nearly no motion information can be obtained from the difference of the noisy 

frames [Fig. 5(e)]. Even the Gaussian prefilter loses its effect [Fig. 5(f)]. However, a large 

motion vector is easier to detect than a small one (Fig. 6). Frame k  in Fig. 6 is also frame k  in 

Fig. 5. The interval is five frames in Fig. 6. 

Fig. 5 and Fig. 6 also show another feature of high-frame-rate videos, i.e., based on the 

same reference frame, the motion area between two close frames is nearly contained between 

two relatively far frames. This feature results from a small motion vector. Close frames imply 

a small motion area. Fig. 7 further illustrates the aforementioned feature with several typical 

motion modes. The major part of the motion area conforms to this feature. Only some minor 

parts at the edge of the motion area (in red) violate this rule. When the frame rate is high, this 

containment rule is obviously reliable. However, the flickering noise does not satisfy this rule. 

 
Fig. 7. Motion area containment of several typical motion modes. Only the small red regions violate the 

rule. (a) Translation. (b) Rotation. (c) Scale variation. 

 

Neglecting small changing patches in ultra-low illumination 
Most details and small objects are submerged in noise in ultra-low illumination. From the 

perspective of frequency-domain analysis, these details and small objects are the 

high-frequency part of the image. Noise also exists in the high-frequency part of the image, 

and, thus, these elements overlap with one another. The only object that can be easily 

recognized in ultra-low illumination is the main structure of the image, which is located at the 

low-frequency part. From the perspective of principal components analysis, the main structure 

is the principal component of the image, which represents the main feature of such an image. 

When the main structure changes, it can be easily perceived. When the details change, 

however, it is difficult to be detected because the change caused by noise seriously interferes 
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with the change caused by motion. This reason also explains why motion estimation is 

difficult for the small motion vector in Fig. 5. 

In this study, we do not detect small motions, and we neglect small changing patches. To 

provide an extreme example, detecting a fly in ultra-low illumination is senseless. Our 

objective is to sacrifice the minor part to improve the major part. Thus, the red regions in Fig. 

7 that violate the containment rule can also be ignored. 

 

Our motion estimation scheme is based on the two aforementioned assumptions. Supposing 

that the last denoised frame is 
1kx , then the current frame is 

kz . The future adjacent frames 

k iz  ( 1,2,i    ) are used to help in motion segmentation. A large motion area of 
1N  frames is 

initially segmented with extra 
2N  frames. Segmentation relies on the containment rule of 

small motion vectors. Then, motion estimation for each of the two successive images within 

1N  frames is performed in the segmented area. Subsequently, large motion area segmentation 

is conducted between frames 
11k N   and 

11 2k N  , as shown in Fig. 8. 

 

 
Fig. 8. Extra 

2N frames help the large motion area segmentation of 
1N frames. 

 

The motion area is initially segmented as a black-and-white map by hard thresholding as 

follows: 

   

   

1 11, 1

1 1

1,

0,

k k ik k i

k

k k i

G G t

G G t

    

  

  
 

 

x z
B

x z
,   (8) 

where 
1 1 1 2, 1, ,i N N N N     ; ( )G   is the Gaussian prefilter operation, and t is the 

threshold. The intensity difference below t  can be ignored. For the intensity range 0 to 255, 

our threshold t  is fixed as 5 because the human eye nearly cannot discriminate an intensity 

difference below 5. 

The refinement of the motion area between 1k   and 
11k N   is obtained with an AND 

operation among other 
2N  adjacent motion segmentation areas according to the containment 

rule of small motion vectors as follows: 
1 1 1 21, 1 1, 1 1, 11, 1ˆ k k N k k N k k N Nk k i

k k k k

             B B B B ,  (9) 

where 1 1 1 2, 1, ,i N N N N     . 

Several small changing patches still exist after the AND operation. We ignore these 

remaining patches by 

  

  

1

1

1

1, 1

1, 1

1, 1

ˆ1, Conn Region

ˆ0, Conn Region

k k N

k
k k N

k
k k N

k

Area S

Area S

  

  

  

 


 
 


B

B

B

,  (10) 
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where the connected region of 11, 1k k N

k

  
B  is obtained with a Conn Region( )  operation. The 

area of each connected regions is then calculated. The area is measured by the number of 

pixels in a connected region. If the area is smaller than S , then the region can be set as 0 to 

neglect it. 

We choose the classical connected region detection algorithm in the book [28] for the 

Conn Region( ) operation. The main process is as follows. The algorithm is based on  

8-connectivity. At first, the black-and-white binary image, whose pixel value is 0 or 1, is 

scanned pixel by pixel from left to right and top to bottom. Let 
 ,

{0,1}
m n

x   denote the current 

processing pixel, with the position denoted as  ,m n . Inspect the neighbor left, top left, top, 

top right pixels of the current white pixel ( 1x  ). If all neighbor pixel values are 0, a new label 

is assigned to the pixel at  ,m n  to form a label map L . If one or more pixel values are 

not-zero, the least label value of these nonzero pixels is assigned to 
 ,m n

L , and the other label 

values of neighboring non-zero pixels are recorded as equivalent. After the scan, the 

equivalent relations among labels are searched according to reflexivity, symmetry, and 

transitivity, and then the equivalent labels are modified to the least one. For example, if label 

value 1 is equivalent to label value 2, label value 2 is equivalent to label value 6, label value 1 

is equivalent to label value 6, and all labels are set to value 1. After the modification, the labels 

are reassigned from small to large with the use of a natural number index. Finally, the original 

label map is replaced by the new labels. The pixels that have the same label are in the same 

connected region. 

Fig. 9 shows the process of our motion segmentation method. The video in Fig. 9 is the 

same video in Fig. 5 and Fig. 6. The large motion area contains five frames (
1 5N  ), and 

another four frames are used for segmentation ( 2 4N  ). 
1N  and 

2N  are selected according to 

the motion vector. In our work, 1 2 1N N    needs to be satisfied. In the definition of the 

small motion vector, 0.5  . Thus, 
1 2 2N N  . 

1N  and 
2N should at least be equal to 1. 

If
1N  is too small, detecting the motion area for the small motion vector characteristic of 

high-frame-rate videos is difficult, such as in Fig. 5. If 
2N is too small, it cannot effectively 

suppress  noise influence. We choose 
1N  and 

2N as  

 1 2 1 2N N   .    (11) 

 If the velocity is low or the frame rate is high, then a small motion vector is obtained. A 

large 1N  and 2N  can be used to improve the accuracy of motion segmentation results. The 

small patch threshold  is set to 100, which is approximately a 10 10  patch that is in line 

with the noise scale. 

Finally, motion estimation for each two successive images within 1N  frames is calculated 

as follows: 

   11, 11 ,

1

k k Nk j k j

k k k j k jG G
    

    Δ B x z ,   (12) 

where 10,1, , 1j N    . 

5. Experiments and Analysis 

The performance of the proposed algorithm is evaluated in this section. The experiments are 

divided into two parts. The first part is on synthetic noisy videos, whereas the second part is on 
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real noisy videos captured in ultra-low illumination. The experiments are conducted in the 

luminance channel of the video because minimal color can be captured in ultra-low 

illumination. Three state-of-the-art video denoising methods are chosen for comparison. 

These methods are the 2D block matching method VBM3D [2], the 3D domain transformation 

method 3D shearlets [5], and the explicit motion estimation method ST-GSM [7]. The toolbox 

of these methods can be downloaded from the websites of the authors [29, 30, 31]. The 

objective criterion peak signal-to-noise ratio (PSNR) is employed to provide quantitative 

evaluation, which is defined as 
2

1010log ( )
L

PSNR
MSE

 ,   (13) 

where L  is the dynamic range of the image. In our experiments, L equals 255 for 8-bit images. 

MSE is the mean squared error between the original and the corrupted or denoised images. In 

our experiments, a PSNR score is computed for each frame in the noisy or restored video. The 

final PSNR for a video is the average of the score of each frame. The denoised pixel intensity 

range is 0 to 255. 

 

 
Fig. 9. Motion segmentation process 

5.1 Synthetic video 

The noise-free videos, which function as ground truth, are captured by our high-frame-rate 

camera (JVC GC-P100). The frame rate is 250 fps, the frame resolution is 640×360, and the 

duration is 250 frames. Three videos are captured, namely, (1) a man moving from right to left 

(MovR2L), (2) a man moving from far to near (MovF2N), and (3) a waving hand (Waving). 

The noise is AWGN with standard deviation 
n . Three noise levels are chosen to simulate 

large-scale noise in ultra-low illumination. 

A common parameter among all methods, including ours, is the noise level estimator. In our 

experiments, this parameter is equal to 
n . The parameters of the other algorithms are set as 

their default values. For our algorithm, the Gaussian prefilter is a 20 20  kernel with 5G  . 

The intensity threshold 5t  , and the small patch threshold 100S  . 
1 6N   and 

2 5N   

frames are used for motion segmentation. The spatial distance Gaussian kernel of the spatial 

bilateral filter is 5 5  with a standard deviation of 3. The standard deviation of the pixel 

intensity difference kernel is 5. 
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The PSNR comparison is shown in Table 1. It indicates that the proposed algorithm is 

superior to the other methods in the overall evaluation. The processing time is shown in Table 

2. The configuration of the computer is Intel Core i5-2430M CPU with 2.40 GHz speed, 8 GB 

RAM, and a 64-bit Windows 7 OS. Table 2 illustrates that the runtime of our algorithm is 

faster than that of the other methods. 

In detail, the per-frame PSNR is shown in Fig. 10. Our algorithm outperforms the other 

methods after an initialization of approximately 50 frames. The advantage of our method can 

be attributed to the excellent denoising performance on the background. Even the outline of a 

bunch of balloons, which is shown in the enlarged patch in Fig. 11, is restored. Our robust 

motion segmentation method ensures good temporal denoising of the Kalman filter. Several 

segmentation examples are provided in Fig. 12. 
 

Table 1. PSNR (dB) comparison for three large noise levels. 

n  Input VBM3D [2] ST-GSM [7] 3D shearlets [5] Proposed 

MovR2L 

80 12.06 26.54 24.83 26.55 28.17 

100 10.61 24.70 25.25 25.25 27.26 

120 9.57 23.57 22.23 24.15 26.41 

MovF2N 

80 11.86 26.03 25.79 26.02 27.52 

100 10.48 23.98 24.32 24.73 26.86 

120 9.49 22.68 23.11 23.67 26.21 

Waving 

80 12.01 27.66 27.95 28.01 28.94 

100 10.56 25.83 26.38 26.64 27.73 

120 9.52 24.63 25.08 25.51 26.67 

 

Table 2. Processing time (seconds) comparison for three large noise levels. 

n  VBM3D [2] ST-GSM [7] 3D shearlets [5] Proposed 

MovR2L 

80 151.89 23443.48 13151.92 11.05 

100 148.47 23433.29 13141.25 10.98 

120 153.44 23472.75 13137.57 11.48 

MovF2N 

80 151.73 23452.79 13143.66 10.98 

100 153.19 23439.90 13137.81 10.92 

120 154.48 23488.32 13131.46 11.12 

Waving 

80 146.99 23459.13 13137.35 11.50 

100 150.33 23461.61 13153.69 11.29 

120 158.60 23406.64 13145.28 11.07 

 

One shortcoming of our algorithm lies in the motion area because only a few frames can be 

employed for Kalman filtering. Using only the spatial bilateral filter is insufficient to obtain a 

good result. When the object moves fast or when the frame rate is low, the motion vector or 

motion area is large. Consequently, the denoising performance of our algorithm is poor. The 

moving leg in Fig. 13 has a small motion vector. Thus, the influence of noise is not obvious. In 

Fig. 14(a), the hand stops for an instant when it is turning back, so the motion vector becomes 

zero, and a good denoising result is achieved. However, the influence of noise appears in a 
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relatively large motion area when the hand is moving, as shown in Fig. 14(b). The peaks in Fig. 

10 (a3), (b3), and (c3) result from this instant stop-and-move switch. In the extreme case, 

when the entire visual field is moving, the algorithm degrades to spatial bilateral filtering. 

 
Fig. 10. PSNR comparison for the synthetic videos. (a1) to (a3) MovR2L, MovF2N, and Waving with 

80n  . (b1) to (b3) MovR2L, MovF2N, and Waving with 100n  . (c1) to (c3) MovR2L, MovF2N, 

and Waving with 120n  . 

5.2 Real video 

We also test our algorithm on real videos captured in ultra-low illumination by using a 

high-frame-rate sensor (Viimagic 9222B). The frame rate is 240 fps, and the frame resolution 

is 720 × 480. The illumination during video capture is approximately 0.01lux. We increase the 

global gain of the sensor to obtain a bright image. Three videos are also used for the 

experiments, namely, (1) a man moving from left to right (MovL2R), (2) a man moving from 

far to near (MovF2N), and (3) a waving hand (Waving). The MovL2R video is the same one in 

Fig. 3. 
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Fig. 11. Denoising result for frame 250 of the “MovR2L” video. (a) Noisy input. (b) Ground truth. (c) 

VBM3D. (d) ST-GSM. (e) 3D shearlets. (f) Proposed method. 

 

 
Fig. 12. Several examples of our motion segmentation method. The first row is from MovR2L video 

processing, the second row is from MovF2N video processing, and the third row is from Waving video. 

 

The noise estimator for all methods is set as 100. The settings of the other parameters are the 

same as those in Subsection 5.1. A sample denoising result is presented in Fig. 15. Our 

algorithm also shows the clearest background and no artifacts, and the moving objects are 

maintained too. 

The experiments prove that our algorithm is suitable for videos with a still background and a 

small motion vector. The experiments also demonstrate that neglecting small changing 

patches in videos with serious noise is valuable. Through this procedure, good motion 

estimation is obtained, and the main bodies of moving objects are maintained. 



4184                                                                Tan et al.: High-frame-rate Video Denoising for Ultra-low Illumination 

 
Fig. 13. Denoising result for frame 215 of the “MovF2N” video. (a) Noisy input. (b) Ground truth. (c) 

VBM3D. (d) ST-GSM. (e) 3D shearlets. (f) Proposed method. 

 

 
Fig. 14. Denoising result of our algorithm for the “Waving” video. (a) Frame 150. (b) Frame 170. 

6. Conclusion 

In this study, we propose a denoising algorithm for high-frame-rate videos in ultra-low 

illumination. Kalman filtering is used as a temporal denoising method. Imaging process noise 

is modeled as a result of motion, whereas observation noise is caused by the camera. The 

bilateral filter is used to help denoising in the motion area. Kalman temporal denoising and 

bilateral spatial denoising are combined by the Kalman gain, which indicates motion degree. 

Kalman filtering can provide good estimation for the background. However, the motion would 

be blurred if no motion estimation method is implemented. Reliable motion estimation is the 

key to an effective Kalman filtering framework. 

We exploit two features of high-frame-rate videos in ultra-low illumination for motion 

segmentation. The first feature is the small motion vector of moving objects in high-frame-rate 

videos. Thus, the motion area between two close frames is contained within the motion area 

between two relatively far frames (Fig. 7). This containment rule is valid when the motion 

vector is small. The second feature is reasonably neglecting small changing patches in 

ultra-low illumination because detail changes are lost in noise, and only the main structure of 

the image is detected. A robust motion estimation method for high-frame-rate videos in 

ultra-low illumination is derived by application of the aforementioned features. A large motion 

area between two spaced frames is initially segmented with the use of several extra frames 
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under the containment rule and through neglect of small patches [Eqs. (8) and (9)]. Then, the 

motion of two successive images is estimated in the segmented areas [Eq. (10)]. 
 

 
Fig. 15. Denoising results for videos with real noise captured under an illumination of 0.01 lux. (a1) to 

(a5) MoVL2R video. (b1) to (b5) MovF2N video. (c1) to (c5) Waving video. 

 

The experiments on videos with synthetic and real noises demonstrate that our algorithm 

performs better than other state-of-the-art methods, particularly at the background. Regarding 

moving objects, the main body is maintained because of our effective motion segmentation 
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scheme, although the denoising performance is not as good as that in the background. When 

the motion vector is small, the motion area is also small, and the denoising performance is 

improved. A small motion vector can be achieved when objects are captured at a normal 

velocity with the use of a high-frame-rate camera. Our algorithm is suitable for denoising 

high-frame-rate videos in ultra-low illumination. 
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