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Abstract: In the ground-based infrared optical remote sensing system, the target signal is very weak due to the 
dynamic strong light background and the movement of small and small targets. In order to improve the limit 
detection capability, the background suppression and target enhancement methods are required to be more 
suitable for this scene. To solve this problem, we first analyze the image features in the current scene, and 
propose a more perfect point target and noise model. Then, we propose a new WY distribution function based 
on the Fermi Dirac distribution function, and propose an anisotropic filtering method based on this function, 
and further suppress the background through the difference results of two steps. Then, based on the 
distribution function, we further designed an energy concentration accumulation strategy in 9 scale directions, 
through which the SNR of the target is effectively improved and the suppression ability of the background is 
enhanced. Through quantitative and qualitative experimental analysis, compared with the same type of 
algorithms, the proposed method has better robustness against extremely weak targets and dynamic 
backgrounds. 

Keywords: WY distribution function; anisotropic filtering; energy concentrated accumulation; 
target enhancement  

 

1. Introduction 

With the development of infrared small and small targets, it plays a crucial role in detecting 
extremely weak targets in the fields of space collision warning, target exploration and accurate 
tracking by ground-based remote sensing [1-3]. However, due to the change of background intensity 
and the influence of many factors such as atmospheric refractive index, the target is looming, which 
seriously interferes with the ground-based detection mission for small and small targets [4-5]. 
However, the efficiency of the existing dim target algorithm needs to be improved, which is of great 
significance in the field of detecting extremely weak targets [6-9]. 

Due to the limited utilization information of single-frame processing method, some studies have 
extended single-frame processing method to the time domain [10-14]. The commonly used research 
methods in this scenario are mainly time-space combination method [15], that is, the combination of 
single-frame processing method and multi-frame accumulation method, which mainly includes time-
space contrast method, time-space tensor method and other time-space combination methods. 

For the time-spatial domain comparison method, in the contrast field, Li Y et al. [16] used local 
adaptive comparison operation and the method of generating trajectory prediction graph to separate 
the target. Deng L et al. [17] proposed a spatio-temporal local contrast filter (STLCF) to enhance the 
contrast of the target. Du P et al. [18] analyzed the contrast difference between three frames and the 
gray intensity difference in multiple directions to segment the target of interest. Du P et al. [19] also 
proposed a uniformly weighted local contrast method, which uses contrast and surrounding 
weighted uniformity features to achieve target enhancement and background suppression. Pang D 
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et al. [20] calculated spatial variance significance mapping and temporal gray significance mapping 
in the spatiotemporal domain, and then fused the two features to segment dim targets. Uzair et al. 
[21] proposed a spatial contrast operator for the total difference index of center surround in order to 
segment the target. All these methods are to extend the spatial local contrast algorithm to the time 
domain. 

For the time-space tensor method, some researchers directly stack several consecutive frames of 
images to build space-time tensors. For example, Sun Y et al. [22] built an infrared block tensor model 
and introduced weighted tensor kernel norm and total variational regularization to the low-rank 
background part, so that the background edge can be accurately decomposed to the low-rank 
background part. Zhang P et al. [23] took local complexity as the weighted parameter of the sparse 
foreground part of the space-time tensor to ensure that the background corners could enter the low-
rank background part as much as possible. Zhu H et al. [24] used morphological filtering results to 
weight the sparse foreground part of the space-time tensor. Hu Y et al. [25] proposed a multi-frame 
spatio-temporal patch tensor model, using spatio-temporal sampling and Laplacian method to 
pinpoint the rank of the tensor. 

In addition, there are other time-space integration methods that are also used to enhance weak 
moving targets. Sun X et al. [26] proposed a dynamic programming algorithm (DPA) to improve the 
visual quality of targets by using energy accumulation and adaptive fusion along the target trajectory. 
Zhang Y et al. [27] proposed a precise trajectory extraction (PTE) method. In terms of the 
preprocessing effect based on the maximum projection method, the multi-frame enhancement of the 
target is realized through the precise offset position of the target. Fan X et al. [28] proposed an 
improved anisotropic filtering method, and enhanced the target by using improved higher-order 
cumulants (IHQS) obtained from motion templates in multiple directions. Ren X et al. [29] proposed 
a three-dimensional cooperative filtering and Spatial inversion (3DCFSI) method to suppress 
complex background, and used energy accumulation based on signal enhancement to achieve target 
enhancement. Ma T et al. [30] proposed the energy compensation accumulation (ECA) method in 
order to solve the subpixel motion of the target. The target signal-to-noise ratio is improved and the 
noise background is suppressed. In order to improve the target of extremely low SNR, Ni Y et al. [31] 
put forward the attitude-correlated frames adding (ACFA) method, which correlated continuous 
images to achieve the improvement of the target SNR. 

Although the time-space combination method has achieved a series of achievements in the field 
of enhancing dim targets in infrared images, there are still some problems that need to be solved 
urgently: 

1) Mainly affected by the poor tracking accuracy of the detector platform, platform jitter and 
atmospheric disturbance, the target in a certain area of the field of view occurs random tiny 
movement over time, and it is difficult to determine the specific position of the target, resulting in 
difficult to effectively superposition the target energy, which poses a huge challenge to the target 
detection. 

2) Due to the great distance of observation, the target occupies only a few pixels on the imaging 
plane, which is usually represented as a point target feature. There are no texture, color or shape 
features, and the gray level of the target is not very different from the surrounding background, and 
it is easy to mix with the background in the detection process, resulting in a low signal to noise ratio 
of the target. 

3) Due to the influence of non-uniform dynamic background, dynamic noise and other factors, 
the energy response of the target in the imaging plane also changes dynamically, which further leads 
to the reduction of the SNR of the target in some frames. Moreover, in the process of energy 
accumulation, the energy growth of the dynamic background is likely to exceed the energy growth 
of the target, making the target further submerged in the background. 

Through the existing studies, it is found that anisotropy can adapt well to the suppression of 
dynamic background. In this paper, anisotropic filtering based on WY (WYAF) distribution function 
and multi-scale energy concentration accumulation (MECA) method are proposed to solve the above 
problems. 
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This paper is divided into five parts, the second part analyzes the infrared image model in detail, 
the third part puts forward our detailed method, the fourth part is the experimental proof, and the 
fifth part is the final summary. 

2. Dynamic Change Infrared Image Analysis 

In this paper, infrared dynamic background suppression and very weak jitter target 
enhancement in ground-based optical detection systems are studied. Figure 1 shows a schematic of 
a typical visible and invisible dim target in this scenario. 

 

Figure 1. Schematic diagram of typical visible (top) and invisible (bottom) dim targets. 

In this scenario, it is generally believed that infrared image 𝑟(𝑥, 𝑦, 𝑘) is composed of target 𝑡(𝑥, 𝑦, 𝑘), noise 𝑛(𝑥, 𝑦, 𝑘) and background 𝑏(𝑥, 𝑦, 𝑘)[32], expressed as, 𝑟(𝑥, 𝑦, 𝑘) = 𝑡(𝑥, 𝑦, 𝑘) + 𝑛(𝑥, 𝑦, 𝑘) + 𝑏(𝑥, 𝑦, 𝑘) (1)

The apparent position of the target is actually the sum of effects caused by the poor precision 
movement of the detector platform in tracking the target, atmospheric disturbance and platform jitter, 
expressed as, 𝑥௖௘௡௧௥௘௞ = 𝑥௣௞ + 𝑥ௗ௞ + 𝑥௦௞ (2)𝑥௖௘௡௧௥௘௞ = 𝑥௣௞ + 𝑥ௗ௞ + 𝑥௦௞ (3)(𝑥௖௘௡௧௥௘ , 𝑦௖௘௡௧௥௘) represents the target center position, where 𝑘 is the frame index, where subscripts 𝑝 , 𝑑  and 𝑠  represent poor tracking accuracy, atmospheric disturbance and platform jitter, 
respectively. 

Due to long-distance detection, when the size of the target is smaller than the minimum 
resolution unit of the sensor space, the target is often presented in the form of dots or spots in the 
image [33]. In addition, the imaging of the point target is subject to the diffusion of system diffraction, 
aberration, and relative motion of the system, resulting in the dispersion of the target energy. Based 
on the previous work, we first modeled the energy distribution of the point target as a two-
dimensional Gaussian distribution [34], 

𝑡(𝑥, 𝑦, 𝑘) = 𝐴 ∗ 𝑒𝑥𝑝 ൝− 12 ൥൬𝑥 − 𝑥଴𝜎௫ ൰ଶ + ቆ𝑦 − 𝑦଴𝜎௬ ቇଶ൩ൡ (4)
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The target is defined by the peak intensity 𝐴 and the horizontal and vertical range parameters 𝜎௫ 
and 𝜎௬. 

We know that it has a long history to construct point target model by Gaussian function, and we 
find that only Gaussian function is often unable to adapt to point target model in different scenarios. 
In order to better describe point target model, this paper also proposes a new point target modeling 
method, named WY distribution function and after a lot of experimental analysis, by comparing the 
correlation between the target and the Gaussian distribution and the distribution model in the real 
scene, the model can also satisfy the model construction of the dim point target, which is expressed 
as, 𝑡(𝑥, 𝑦, 𝑘) = 𝐴 ∗ 21 + 𝑒ଵ஼൤ቀ௫ି௫బఙೣ ቁమା൬௬ି௬బఙ೤ ൰మ቉ (5)

Where 𝐶 is the smoothing coefficient, which is equal to √2. 
The point target distribution function proposed by us is very close to the Gaussian function, and 

the correlation between the two functions is 0.99. However, there is an important difference between 
our distribution function and the Gaussian function, the gradient of this function is slightly larger 
than that of the Gaussian function. From the image perspective, we can find that the target region of 
this distribution function is more concentrated, but the response in the background region is lower. 
As shown in Figure 2, 

    

Figure 2. distribution function curve; Green for our proposed; Blue is the Gaussian distribution 
function. 

In addition, we also calculated the correlation between the target energy distribution in real data 
and the two distribution functions, and found that the correlation of some targets is close to the 
Gaussian function, while some targets are closer to the distribution function proposed by us. In recent 
decades, various researchers have used the Gaussian distribution function to describe the energy 
distribution of point targets. We believe that only Gaussian distribution is not perfect enough to 
describe the point target model. In the case of the same mean value, standard deviation and 
amplitude, our proposed point target model can better model the point target with larger gradient. 
Therefore, we conclude that our proposed distribution function can also be used to describe the 
energy distribution of the point target. Its three-dimensional gray distribution is shown in Figure 3, 
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Figure 3. Three-dimensional model of the point target, Gaussian (top), Ours (bottom). 

From the signal point of view, there are other signals in the target area, and the response of the 
target signal will also change dynamically with time, which is mainly manifested in four cases: only 
the target signal, the target signal is larger than the background signal, the target signal is smaller 
than the background signal, and only the background signal, which are expressed as, 

𝒚௞(௜,௝) = ⎩⎪⎨
⎪⎧𝑇௞(௜,௝)(𝒙௞, 𝒗௞),                  𝑂𝑛𝑙𝑦 𝑡𝑎𝑟𝑔𝑒𝑡𝑇௞(௜,௝)(𝒙௞, 𝒗௞) + 𝑤௞(௜,௝),               𝑇 ൒ 𝑤𝑇௞(௜,௝)(𝒙௞, 𝒗௞) + 𝑤௞(௜,௝),               𝑇 ൏ 𝑤𝑤௞(௜,௝),   𝑂𝑛𝑙𝑦 𝑛𝑜𝑖𝑠𝑒 𝑜𝑟 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑  (6)

Where 𝒚௞(௜,௝)  represents the target region, 𝑇௞(௜,௝)  represents the target signal response, and 𝑤௞(௜,௝) 
represents the background signal, that is, 𝑤 = 𝑏 + 𝑛 ; 𝒙௞, 𝒗௞  represent the current target center 
position and moving speed respectively. 

Noise is mainly divided into static noise and random dynamic noise. Static noise can be removed 
by various methods, while random noise has been studied [35] and is believed to obey Gaussian 
distribution. Then the random dynamic noise can be described as a zero-mean Gaussian distribution, 𝑛(𝑥, 𝑦, 𝑘)~𝑁(0, 𝜎௡ଶ) (7)

Similarly, it is proposed that random dynamic noise can also be described as, (𝑥, 𝑦, 𝑘) = 21 + 𝑒ଵ஼൤ቀ ௫ఙ೙ቁమାቀ ௬ఙ೙ቁమ቉ (8)

Where 𝜎௡  is the standard deviation of noise. In general, the noise 𝜎௡  is less than the target 𝜎௧ , 
expressed as, 𝜎௡ ൏ 𝜎௧ (9)

The background is a dynamic non-stationary motion scene. In the real scene, the data source is 
mainly the staring target mode, and the background is dynamically changing, which may also 
include the situation of multiple bright stars moving across the field of view. 

3. Methods 

In this part, we will describe in detail the proposed new anisotropic filtering method and the 
energy concentration accumulation method. 
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3.1. Anisotropic Filtering Based on WY Distribution Function 

Existing studies [36] put forward the application of anisotropic diffusion equation to the image 
field, which is a classical filtering method. The essence of anisotropy is to control the intensity of the 
filtering process with a differential coefficient decreasing with the gray gradient of the image. In the 
region with drastic change in gray scale, the gradient is large, but the differential coefficient is small, 
the filtering effect is small, and in the region with small change in gray scale, the filtering effect is 
small. The most important feature of this model is that it has a strong directivity, and the anisotropic 
diffusion equation is expressed as, 𝜕𝑓(𝑥, 𝑦, 𝑡)𝜕𝑡 = 𝑑𝑖𝑣ሼ(𝑐|𝛻𝑓(𝑥, 𝑦, 𝑡)|) 𝛻𝑓(𝑥, 𝑦, 𝑡)ሽ (10)

Where 𝑓(𝑥, 𝑦, 𝑡)  is the grayscale image, ∇𝑓(𝑥, 𝑦, 𝑡)  is the image gradient, 𝑐  is the diffusion 
coefficient, and 𝑑𝑖𝑣 is the divergence operator. 

The ideal diffusion coefficient makes the diffusion degree greater in the low frequency region 
and smaller in the high frequency region. The two classical diffusion coefficients are expressed as, 𝑐ଵ(𝛻𝑓) = 𝑒ିቀఇ௙௞ ቁమ

 (11)

𝑐ଶ(𝛻𝑓) = 11 + ൬𝛻𝑓𝑘 ൰ଶ (12)

Where k represents the smoothing coefficient. 
In the field of infrared dim target detection, the target region is very small, the background 

region needs to be suppressed at the same time, and the dim target needs to be retained. Formula 2 
or 3 only plays the role of smoothing the target, so many researchers have studied the anisotropic 
filtering and improved the diffusion equation [37, 38], which is expressed as, 𝑐ଵ(𝛻𝑓) = 1 − 𝑒ିቀఇ௙௞ ቁమ

 (13)

𝑐ଶ(𝛻𝑓) = 1 − 11 + ൬𝛻𝑓𝑘 ൰ଶ (14)

Although these diffusion functions are effective for the detection of small and weak targets, there 
are still challenges in suppressing the dynamic changing background and the detection of extremely 
weak targets. Therefore, this paper proposes a new diffusion function based on WY distribution 
function for anisotropic filtering, which is inspired by the Fermi-Dirac distribution function in 
quantum statistical physics [39]. In quantum statistical physics, the Fermi-Dirac distribution is often 
used to describe the energy distribution of fermions (such as electrons) in thermal equilibrium, 
expressed as, 𝛷଴൫𝜀௝൯ = 𝑛௝1 + 𝑒ൣ(ఌೕିఌబ)/௞்൧ (15)

Where 𝑘  is the Boltzmann constant, 𝑇  represents the temperature, 𝜀௝  and 𝜀଴  respectively 
represent the Fermi level corresponding to absolute zero at the current temperature, and 𝑛௝ 
represents the number of particles corresponding to the current level. 

Inspired by the Fermi-Dirac distribution function, we change its form, and we get a new 
diffusion function that can distinguish the target and the background more effectively, expressed as, 𝑐(𝛻𝑓) = 21 + 𝑒(ఇ௙ ௞)⁄ మ (16)

In order to further enhance the target and suppress the background, we want to use a smaller 
diffusion coefficient in the background region with a small gradient, and a larger diffusion coefficient 
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in the target region with a large gradient. Therefore, we also make the following improvements to 
the proposed diffusion function, expressed as, 𝑐(𝛻𝑓) = 1 − 21 + 𝑒(ఇ௙ ௞)⁄ మ (17)

Here, if we look at the transfer function, we can find that formulas 11, 13 and 16 are a low-pass 
filter transfer function, while formulas 12, 14 and 17 are a high-pass filter transfer function. Although 
the meaning and usage of the transfer function and the diffusion function are slightly different, it also 
indirectly reflects the effect of the diffusion function on the image. 

In order to compare and analyze the diffusion function proposed by us, Figure 4 shows the curve 
comparison between the diffusion function of formula 13 and 14 and the diffusion function proposed 
by us. It can be found that, under the same smoothing coefficient, the function proposed by us has 
better response ability than the function 13 in the region with larger gradient, that is, the target region 
function 13. However, the function proposed by us has better inhibition ability in the background 
region, so the comparison cannot clearly show the advantage of the function proposed by us. After 
research, it is found that the gradient of the distribution of the function proposed by us is larger than 
formula 13 and 14, which can be expressed as,  𝜕𝑐(𝛻𝑓)𝜕𝛻𝑓 ൐ 𝜕𝑐ଵ(𝛻𝑓)𝜕𝛻𝑓 ൐ 𝜕𝑐ଶ(𝛻𝑓)𝜕𝛻𝑓  (18)

In order to facilitate understanding, we set the situation shown when k=100 in Figure 4. It can 
be clearly seen that the function has the greatest response ability in the region with a large gradient, 
while it also has better inhibition ability in the region with a small gradient. This means that when 
calculating the coefficient results from the diffusion function, a stronger response is provided in the 
target region, while a weaker response is provided in the background region with lower energy, so 
the function helps to enhance the target signal in the image more precisely and suppress background 
noise. 

 
Figure 4. shows the curve of different diffusion functions; The blue curve represents formula 13, the 
green curve represents formula 14, the red curve represents what we proposed, where k=130, and the 
yellow curve represents what we proposed when k=100. 

By comparing the gradient difference of 8 directions in different regions of the image, it is found 
that the gradient of 8 directions in the background region is smaller, while the gradient of 8 directions 
in the target region is larger. Therefore, the gradient difference of 8 directions is constructed and 
expressed as, 
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⎩⎪⎪⎪
⎨⎪
⎪⎪⎧ 𝛻𝑓଴ = 𝑓(𝑥, 𝑦) − 𝑓(𝑥 + 𝑠𝑡𝑒𝑝, 𝑦)𝛻𝑓ସହ = 𝑓(𝑥, 𝑦) − 𝑓(𝑥 + 𝑠𝑡𝑒𝑝, 𝑦 − 𝑠𝑡𝑒𝑝)𝛻𝑓ଽ଴ = 𝑓(𝑥, 𝑦) − 𝑓(𝑥, 𝑦 − 𝑠𝑡𝑒𝑝)𝛻𝑓ଵଷହ = 𝑓(𝑥, 𝑦) − 𝑓(𝑥 − 𝑠𝑡𝑒𝑝, 𝑦 − 𝑠𝑡𝑒𝑝)𝛻𝑓ଵ଼଴ = 𝑓(𝑥, 𝑦) − 𝑓(𝑥, 𝑦 − 𝑠𝑡𝑒𝑝)𝛻𝑓ଶଶହ = 𝑓(𝑥, 𝑦) − 𝑓(𝑥 − 𝑠𝑡𝑒𝑝, 𝑦 + 𝑠𝑡𝑒𝑝)𝛻𝑓ଶ଻଴ = 𝑓(𝑥, 𝑦) − 𝑓(𝑥, 𝑦 + 𝑠𝑡𝑒𝑝)𝛻𝑓ଷଵହ = 𝑓(𝑥, 𝑦) − 𝑓(𝑥 + 𝑠𝑡𝑒𝑝, 𝑦 + 𝑠𝑡𝑒𝑝)

 (19)

Where the subscript number represents the direction Angle. 
After the above analysis, we use the minimum values of the 8 diffusion coefficient results to 

carry out anisotropic filtering reconstruction, expressed as, 

𝐺(𝑥, 𝑦) = 𝑚𝑖𝑛
⎣⎢⎢
⎢⎢⎢
⎢⎢⎡

|𝑐(𝛻𝑓଴)| ∗ 𝛻𝑓଴|𝑐(𝛻𝑓ସହ)| ∗ 𝛻𝑓ସହ|𝑐(𝛻𝑓ଽ଴)| ∗ 𝛻𝑓ଽ଴|𝑐(𝛻𝑓ଵଷହ)| ∗ 𝛻𝑓ଵଷହ|𝑐(𝛻𝑓ଵ଼଴)| ∗ 𝛻𝑓ଵ଼଴|𝑐(𝛻𝑓ଶଶହ)| ∗ 𝛻𝑓ଶଶହ|𝑐(𝛻𝑓ଶ଻଴)| ∗ 𝛻𝑓ଶ଻଴|𝑐(𝛻𝑓ଷଵହ)| ∗ 𝛻𝑓ଷଵହ⎦⎥⎥
⎥⎥⎥
⎥⎥⎤ (20)

In the process of anisotropic reconstruction, step size is a very important parameter. The design 
step size model is shown in Figure 5, and the overall process of the algorithm is shown in Figure 6. 
When the step size is 4, because the target signal response has a certain region, the target signal is 
retained, but some noise is also retained with a high probability. When the step size is 1, for the target 
region, the value of the target region is relatively small after passing the anisotropy because the target 
has a certain size and relatively smooth gray change. However, for the noise region, the noise usually 
occupies only one pixel because the noise gray change is sharp, so the noise will be retained. Therefore, 
we make the difference between the filtering result of step 4 and the filtering result of step 1, so as to 
better suppress the background while preserving the target, which is expressed as, 𝐺ᇱ(𝑥, 𝑦) = 𝐺௦௧௘௣ర(𝑥, 𝑦) − 𝐺௦௧௘௣భ(𝑥, 𝑦) (21)

Where 𝐺௦௧௘௣ర is the filtering result when the step size is 4, 𝐺௦௧௘௣భ is the filtering result when the step 
size is 1, and 𝐺ᇱ is the final output result. 

     

Figure 5. Red represents the filter center, purple represents the target extraction step of 4, and yellow 
represents the noise extraction step of 1. 
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Figure 6. Anisotropic difference flow chart. 

3.2. Energy Concentration Accumulation Based on Multi-Scale WY Distribution 

Since the target signal used by a single frame of image information is limited, we need to design 
an efficient energy accumulation method. In order to improve the energy accumulation efficiency of 
multi-frame targets, we design nine scale direction energy accumulation templates to simulate the 
motion characteristics of point targets, as shown in Figure 7. 

    
Figure 7. the multi-scale energy accumulation template, simulates the motion characteristics of the 
point target within a certain range. 

This template uses the two-dimensional WY distribution function 𝜓(𝑥, 𝑦)  to generate 
convolution kernels of size 3*3. We know that the commonly used convolution kernels are Gaussian 
convolution kernels, but through our research, we find that the convolution kernels proposed by us 
have better point-target signal-to-noise ratio enhancement capability, expressed as, 𝜓(𝑥, 𝑦) = 21 + 𝑒ቂቀ௫ି௫బఙ ቁమାቀ௬ି௬బఙ ቁమ൨ (22)

As shown in Figure 8, the output results of each frame after anisotropic filtering are convolved 
by motion in nine scale directions to obtain nine output results. Finally, the output results with the 
largest response of the current frame are screened out by the maximum value, which is expressed as, 
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𝑂(𝑥, 𝑦)௜ = 𝐺ᇱ(𝑥, 𝑦) ⋆ 𝜓(𝑥, 𝑦)௜, 𝑖 = 1,2 ∙∙∙ 9 (23)𝑂ᇱ(𝑥, 𝑦) = 𝑚𝑎𝑥ሾ𝑂(𝑥, 𝑦)௜ሿ , 𝑖 = 1,2 ∙∙∙ 9 (24)

Where 𝑂(𝑥, 𝑦)௜ is the result of motion convolution, 𝑂ᇱ(𝑥, 𝑦) is the result of maximum selection, and ⋆ represents the convolution operation. 

 

Figure 8. Multi-scale filter analysis diagram, green arrows represent multiple scale direction 
templates. 

Multi-frame accumulation is carried out on the obtained maximum screening results. The overall 
process framework of the algorithm is shown in Figure 9, and the purpose of concentrated energy 
accumulation is finally achieved, which is expressed as, 𝑂ᇱᇱ(𝑥, 𝑦)=𝑂ᇱ(𝑥, 𝑦, 𝑘) + 𝑂ᇱ(𝑥, 𝑦, 𝑘 + 1) +⋅⋅⋅ +𝑂ᇱ(𝑥, 𝑦, 𝑘 + 𝑛 − 1) (25)

where 𝑘  is the frame index, 𝑛 indicates the cumulative number of frames, and 𝑂ᇱᇱ(𝑥, 𝑦) is the 
cumulative result. 

 

Figure 9. Accumulation flow diagram of multi-scale energy concentration. 

4. Experimental Analysis 

This part introduces the evaluation indexes required by the algorithm and the data used in the 
experiment. Then, we use simulation data and real data to carry out experimental analysis of the 
proposed algorithm, and we compare the method with the same type of algorithms. 

4.1. Evaluation Metrics 

In the field of infrared dim and small targets, the index that can best describe the energy intensity 
of the target in the image is the signal-to-noise ratio (SNR), while the signal-to-noise ratio gain (SNRG) 
can reflect the enhancement capability of the algorithm [40], respectively expressed as, 𝑆𝑁𝑅 = 𝜇் − 𝜇஻𝜎஻  (26)

𝑆𝑁𝑅𝐺 = 𝑆𝑁𝑅௢௨௧𝑆𝑁𝑅௜௡  (27)
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Where, 𝜇் is the gray value of the target mean value, 𝜇஻ is the gray value of the background mean 
value, and 𝜎஻ is the standard deviation of the background. 𝑆𝑁𝑅௜௡ indicates the SNR of the input 
image and 𝑆𝑁𝑅௢௨௧ indicates the SNR of the output image. 

In addition, in order to describe the background suppression ability of the algorithm, 
background suppression factor(BSF) and signal-to-clutter ratio gain(SCRG) are important indicators 
[41]. With the increase of BSF and SCRG values, the background inhibition and signal enhancement 
performance of the algorithm to the target signal can be improved, expressed as: 𝐵𝑆𝐹 = (𝜎஻)௜௡(𝜎஻)௢௨௧ (28)

𝑆𝐶𝑅𝐺 = (|𝜇் − 𝜇஻| 𝜎஻⁄ )௢௨௧(|𝜇் − 𝜇஻| 𝜎஻⁄ )௜௡  (29)

in and out represent the input and output respectively. 

4.2. Simulation Experiment 

4.2.1. Simulation Data 

In order to verify the proposed algorithm, we first carried out simulation experiments. The 
image size set by the simulation data was 256*256, the target size was 3*3, and the target center 
randomly jitter within the 3*3 range of the image center. The background gray response is 100; The 
mean noise is 0, the variance is 1, the mean dynamic change range is 0-0.1, and the variance dynamic 
change range is 0-0.01. 

Figure 10 and Figure 11 show a representative image and corresponding three-dimensional gray 
scale in each simulation sequence. There are 10 sets of simulation data, and the average SNR of the 
target in each sequence ranges from 0.250-1.608, and the SNR of the target in a single sequence also 
changes dynamically. Table 1 shows the average SNR range of the target in the sequence and other 
basic information. 

 

Figure 10. Original image of simulation data. 
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Figure 11. 3D grayscale of simulation data. 

Table 1. Basic information of simulation data. 

Data Min SNR Max SNR Target size Frame Average SNR Size 
Seq.1 -0.049 1.929 3×3 100 帧 0.805 256*256 
Seq.2 0.095 2.474 3×3 100 帧 1.036 256*256 
Seq.3 0.389 3.716 3×3 100 帧 1.608 256*256 
Seq.4 0.432 3.471 3×3 100 帧 1.247 256*256 
Seq.5 -0.377 1.160 3×3 100 帧 0.501 256*256 
Seq.6 -0.794 0.804 3×3 100 帧 0.250 256*256 
Seq.7 -0.090 1.677 3×3 100 帧 0.650 256*256 
Seq.8 0.114 2.055 3×3 100 帧 0.950 256*256 
Seq.9 0.272 2.453 3×3 100 帧 1.170 256*256 
Seq.10 -0.349 1.521 3×3 100 帧 0.760 256*256 

4.2.2. Qualitative Results 

In order to understand the ultimate capability of our algorithm, we first processed all the 
simulation data. Figure 12 and Figure 13 show the result graphs and three-dimensional gray scale 
graphs of our proposed algorithm in ten sets of simulation data. It can be found from the visual effect 
that our algorithm shows satisfactory capability in processing extremely low SNR targets. The worse 
the visual effect after the algorithm is processed, especially the signal-to-noise ratio of data 5, 6 and 7 
is extremely low, and the ability of the algorithm can be seen to decrease significantly from data 5, 6 
and 7. 

 

Figure 12. Processing result images. 
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Figure 13. 3D grayscale images of the processing result. 

4.2.3. Comparative Experiment 

In this part, we compare the proposed algorithm with the accumulation algorithm of the same 
type on simulation data. The same type methods include ECA [30], IHQS [28] and PTE [27]. Here 
shows only four groups of simulation data processing results. The experimental results are shown in 
Figure 14. PET algorithm has poor effect due to further flooding of targets in the pre-processing stage, 
while IHQS algorithm has limited background suppression ability. ECA algorithm has better visual 
effect on data 1 than our method, and our effect on other data is more obvious. 
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Figure 14. Comparison of simulation data and experimental results, (a) Original image, (b) ECA 
method, (c) IHQS method, (d) PTE method, (e) proposed by us. 

4.2.4. Quantitative Results 

Firstly, it is found in section 4.2.2 of quantitative results analysis that, as shown in Table 2, 
combined with the evaluation index results of data 7 and data 10, it can be concluded that when the 
average SNR of the target of the simulation sequence is lower than 0.76 and higher than 0.65, the 
limiting capability of the algorithm will appear. In addition, our algorithm does not use any 
segmentation operations, so the resulting graph of data 1 and data 10 is not visually obvious. 

Table 2. Quantitative evaluation results of simulation data. 

Evaluation Metrics GSNR BSF SCRG 
Seq.1 3.418 5133.237 3.478 
Seq.2 7.880 4578.379 6.347 
Seq.3 11.506 3458.36 5.961 
Seq.4 11.415 4820.439 5.252 
Seq.5 -0.816 4872.504 2.500 
Seq.6 -6.683 4719.704 5.769 
Seq.7 0.658 4764.154 1.314 
Seq.8 4.365 6329.248 14.029 
Seq.9 9.160 4551.418 7.134 
Seq.10 3.418 5081.989 5.545 

Table 3 and Table 4 show that the experiments in section 4.2.3 of quantitative results analysis 
show that although ECA has a higher SNRG in data 1 than our proposed algorithm, the background 
suppression capability of this method is extremely poor, and the variance of the results of this method 
after processing is larger, which is not conducive to target extraction, while our algorithm shows 
stable and effective ability from the comprehensive results of all evaluation indicators. It is proved 
that our method is superior to similar methods. 

Table 3. Quantitative evaluation results of simulation data. 

Method Seq.1 Seq.2 Seq.3 Seq.4 
ECA 5.973 4.709 4.069 4.339 
IHQS 1.993 4.107 2.491 2.967 
PTE 0.339 -0.851 -0.514 -0.975 
Ours 3.418 7.880 11.506 11.415 

Table 4. Quantitative evaluation results of simulation data. 

Method Seq.1 Seq.2 Seq.3 Seq.4 
 BSF SCRG BSF SCRG BSF SCRG BSF SCRG 

ECA 0.099 1.001 0.096 0.100 0.096 0.786 0.100 2.922 
IHQS 868.539 5.719 777.793 1.268 688.586 0.528 857.554 6.862 
PTE 9.03E-06 1.525 1.10E-05 2.336 1.11E-05 3.313 8.77E-06 2.937 
Ours 5133.237 3.478 4578.379 6.347 3458.360 5.961 4820.439 5.252 

4.3. Real Experiment 

4.3.1. Real Data 

In this part, we will use real data to further verify our method. The real data are collected by our 
team using ground-based optical telescopes, and the data information is shown in Table 5. 
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Table 5. Real data basic information. 

Data Min SNR Max SNR Target size Frame Average SNR Size 
Seq.1 0.483 1.642 3*3 10 1.048 508*636 
Seq.2 0.139 1.740 3*3 20 0.758 508*636 
Seq.3 0.986 2.489 3*3 20 1.628 508*636 
Seq.4 0.343 1.914 3*3 35 1.194 508*636 

4.3.2. Qualitative Results 

Figure 15 shows the processing results of the multi-frame accumulation algorithm of the same 
type, and combined with the three-dimensional gray scale of the processing results of our method in 
Figure 16, it is found that compared with existing methods, our proposed method achieves the best 
visual effect. Our analysis shows that for extremely weak targets or invisible targets, PTE method can 
further improve the background response intensity in the pre-processing stage. The target signal is 
submerged into the background, resulting in poor results in the subsequent accumulation stage. 
However, the background suppression ability of IHQS method still needs to be improved, so that the 
target signal will be submerged during the accumulation process. This method is partially effective 
for targets with high signal-to-noise ratio. ECA algorithm is second only to our proposed method 
among several algorithms, but its ability to enhance the target and suppress the background is limited. 

 

Figure 15. Experimental results of real data, (a) Original image, (b) ECA method, (c) IHQS method, 
(d) PTE method, (e) proposed by us. 
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Figure 16. Shows the 3D gray level of the processing results of our proposed method. (a) The 3D gray 
level of the original image;(e) Our proposed, red arrow represents the target. 

4.3.3. Quantitative Results 

It can be concluded from the three quantitative evaluation metrics, as shown in Table 6 and Table 
7, that our proposed method has the best point target enhancement and dynamic background 
suppression capabilities. Other methods have lower capability in real data scenarios. From the 
experimental results of real data, it is found that the quantitative results are not as good as the 
quantitative results of simulation experiments. Our analysis shows that every frame in the simulation 
data has a dynamic response of the target signal in the target region, while the target response of 
some frames in the real data is low or even no response, which leads to the reduction of the SNR gain 
of the target. Similarly, for dynamic background, the background of real data is more complex and 
variable, while the background of simulation data is cleaner and relatively stable than that of real 
data, so the background suppressor of real data is reduced. From the simulation and real 
experimental results, we find that our algorithm has better robustness. 

Table 6. Different methods of GSNR on real data. 

Method Seq.1 Seq.2 Seq.3 Seq.4 
ECA 2.526 4.307 4.436 5.744 
IHQS 2.651 0.060 -0.328 0.782 
PTE -0.551 1.293 -0.431 -0.727 
Ours 5.739 7.511 10.177 7.922 

Table 7. Different methods of BSF, SCRG on real data. 

Method Seq.1 Seq.2 Seq.3 Seq.4 
 BSF SCRG BSF SCRG BSF SCRG BSF SCRG 

ECA 409.234 0.361 145.971 1.187 243.174 0.822 123.069 0.026 
IHQS 0.633 5.759 0.803 4.226 0.663 0.021 0.944 3.639 
PTE 4.03E-06 1.822 9.19E-09 0.260 3.39E-06 4.754 8.78E-09 1.866 
Ours 1578.937 5.672 1005.895 11.051 992.523 13.365 613.635 7.035 

4.4. Ablation Experiment 

First of all, we conducted experiments on the second node target model, analyzed the correlation 
coefficient between the gray level response of the point target in multiple sequences and the Gaussian 
model and WY model under the real condition of the point target being subjected to noise, and 
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calculated the two distribution parameters. As shown in the Table 8, we found that about 40% of the 
point targets were consistent with our proposed model. It is proved that Gauss model still has some 
shortcomings in constructing point target, so we conclude that using Gauss distribution function and 
WY distribution function together to construct point target model is more perfect. 

Table 8. This is a table. Tables should be placed in the main text near to the first time they are cited. 

Number of targets 1050 
GS 614 
WY 436 

Then, we compared the algorithm in Section 3.1 with the single-frame filtering algorithms of the 
same type, including max-mean [42], MPCM [43], RLCM [44],LIG [45], and IABP [28]. The results are 
shown in Table 9. It can be found that our method is superior to the algorithm of the same type. 

Table 9. Comparison of SNR single frame algorithm processing results. 

Data 1 2 3 4 5 6 

Original 1.947 1.661 0.639 1.458 1.883 0.702 

Max-mean 2.949 2.822 2.511 2.159 3.323 2.230 

RLCM 0.364 0.523 -0.053 0.676 -0.129 0.754 

MPCM 4.239 4.719 2.580 1.106 3.621 1.942 

LIG 5.496 5.524 1.669 2.049 4.217 1.281 

IABP 4.866 4.408 2.407 1.554 3.156 1.752 

Ours 6.065 11.781 2.817 3.041 5.218 2.5834 
Next, we analyzed the algorithm of section 3.1 results are compared with the results of no 

difference, as shown in Table 10, the results of two step by difference, better background suppression 
ability to ascend. 

Table 10. Comparison of BSF difference results. 

Data 1 2 3 4 5 6 7 8 9 

Step4 7432.4 7281.2 7264.8 7608.1 7148.6 7414.4 7381.4 7419.7 7279.4 

Step4-1 7628.3 7511.6 7547.4 7909.7 7417.3 7593.9 7597.3 7710.5 7440.9 
Finally, we studied the Gaussian convolution kernel in Section 3.2 and the SNR enhancement 

capability of the convolutional kernel proposed by us. As shown in Table 11, the convolutional 
template proposed by us has a stronger signal-to-noise ratio enhancement capability than the 
Gaussian template. 

Table 11. Different convolution kernels process SNR results. 

Data 1 2 3 4 5 6 7 8 9 

Original 1.068 0.662 1.255 0.886 0.484 0.928 1.017 0.359 0.493 

GS  2.326 1.063 1.938 1.343 1.661 1.945 1.570 1.259 0.539 

Ours 2.649 1.153 2.069 1.484 1.591 1.971 1.655 1.280 0.698 

5. Conclusions 

In this paper, WY distribution function is the core of the work, and the proposed diffusion 
function can be used to describe the three-dimensional point target model and noise model. Secondly, 
anisotropic filtering is proposed based on this function, and the filtering results are obtained by using 
the difference of the asynchronous long result, and the background suppression is initially realized. 
Finally, the multi-scale convolution kernel of energy concentration based on this distribution function 
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is designed. The multi-frame point target energy is accumulated centrally, and the target signal-to-
noise ratio is improved effectively. A large number of experimental results show that the proposed 
method is superior to similar methods. 

In addition, in addition to the field of infrared dim target, the proposed distribution function 
can also be applied to other aspects, such as the design of high-pass or low-pass filters, n-order 
exponential high-pass or low-pass filters, and may have relevant applications in quantum physics, 
computational chemistry, thermodynamics and other related fields. 
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