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Abstract. In original images/videos, disturbance and noise are inevitable. Therefore, image and
video filtering technology has been proposed and developed rapidly. In recent years, bilateral
filtering has been widely utilized as an efficient filtering method that can effectively preserve
edge information while reducing noise. Researchers have extensively studied the bilateral
filtering algorithm and its hardware structures, generating several excellent optimization
methods. This paper will comprehensively analyze typical bilateral filtering algorithms and
hardware structure optimization design. Some directions for future bilateral filtering
optimization will be provided, including algorithms and hardware structures, with analysis and
discussion.
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1. Introduction

Image filtering is an essential operation in image processing and computer vision. It refers to removing
noise or undesired signals in the image without harming the general qualities of the original picture.
According to the frequency distribution, the noise signal is composed of impulse noise, salt and pepper
noise, and Gaussian noise. Among them, the characteristic of impulse noise is that the burst pulse
amplitude is large, but the duration is short, and the interval between two impulse noises is long[1].
Bipolar impulse noise, also known as salt and pepper noise, is characterized by a random distribution of
black and white on an image. The broadest noise is Gaussian noise in the form of Gaussian distribution.
Therefore, numerous filtering methods are proposed to eliminate this noise for better image and video
quality.

Typical image filtering methods consist of the median filter, mean filter, Gaussian filter, and K-
nearest neighbor smoothing filter for different types of noise. The median filter is good at filtering
impulse interference and salt and pepper noise, while the mean filter is typically used to deal with
particle noise. The Gaussian filter has a better filtering effect on Gaussian noise. In addition, the K-
nearest neighbor smoothing filter has the capability of boundary preservation. However, these traditional
methods cannot obtain satisfied denoising results for different circumstances.

To further filter the noise, researchers present more effective algorithms. In [2], Wang et al. proposed
a non-local means filter (NLM) combined with median filtering and an adaptive smoothing coefficient
method. NLM can be used in mixed noise and further develop the denoising impact of the picture.

© 2023 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
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In [3], a more effective adaptive median filtering technique is suggested. Through two noise
detections, the method identified the actual noise sites and the local noise density. The filter window
size was then chosen in accordance with the density. Finally, the actual noise spots are filtered using the
suggested procedure. According to the experimental findings, the enhanced adaptive median filter
outperforms both the standard and adaptive median filters in terms of filtering performance.

Since the Gaussian filter cannot protect the edge of the image well, Tomasi and Manduchi [4] first
designed the bilateral filter in 1998. The bilateral filter is non-linear and non-iterative. The innovation
of the bilateral filter is that the impact of pixel value difference is considered based on a Gaussian filter,
which drives the bilateral filter to perform well in smoothing images. The bilateral filter is an incredible
and notable filter with an "edge-preserving & denoising" capability. Because of the qualities of the
bilateral filter and its good complexity, it is utilized in numerous different fields, like image noise
reduction, geological exploration, dehazing, sharpness enhancement, image editing, and medical
magnetic resonance imaging. Thus, this paper focuses on the bilateral filter algorithm and its
characteristic study for comprehensive analysis and better future applications.

Typical bilateral filtering optimization schemes can be separated into algorithm optimization and
hardware optimization. For better results, bilateral filtering optimization algorithms usually consider the
filtering window size optimization and filtering parameters optimization, while the latter plays a
significant role. How to choose the appropriate parameters is the current focus of researchers.

According to the different methods of bilateral filtering, different filtering parameter optimization
algorithms are proposed for image [5-10] and video applications [11-13], respectively. On the one hand,
various methods are devoted to image filtering with spatial and frequency domain consideration. An
adaptive parameter algorithm for bilateral filtering was proposed in [5]. This new algorithm could
adaptively adjust the filtering parameters and achieve a good filtering effect. Experiments showed that
this method could effectively remove image noise and detect actual edges. In [6], the authors proposed
an algorithm to optimize bilateral filter parameters. The proposed algorithm utilized inputs such as noise
density, edges, and histogram of the image to adjust the parameters. Experiments showed that the
improved bilateral filter could effectively remove impulse noise. A general optimization algorithm was
presented in [7] for better filtering outputs. The image containing Gaussian white noise was handled by
adjusting the bilateral filter's two parameters. The algorithm also achieved positive outcomes on
magnetic resonance imaging and multispectral and hyperspectral images. The Butterworth high-pass
filter was combined with a bilateral filter to optimize bilateral filtering in the frequency domain in [8].
The suppression of interference improved the filtering performance of the bilateral filter and achieved a
decent background suppression effect in the preprocessing of faint infrared marks.

Besides these methods, better bilateral filtering results are obtained in [9,10] by optimizing the
Gaussian kernel into account for image filtering. In [9], researchers presented bilateral filtering with
Elliptic Gaussian Kernel. Experiments showed that, compared with a standard bilateral filter, the
proposed method could significantly reduce the amount of computation required while having high
denoising quality and has made progress in seismic image processing. Chen et al. designed a novel
Gaussian adaptive bilateral filter in [10], the basic idea of which was to obtain low-pass guidance of a
range kernel through a Gaussian spatial kernel. According to experiments, it successfully speeded up
the filter and adaptively got pure Gaussian range kernels for input images within different noise.

On the other hand, some novel parameter optimization methods were introduced for better video
filtering [11-13]. The author proposed a parameter optimization algorithm in [11], which successfully
accelerated bilateral filtering in the time domain and achieved better filtering results. For better handling
of video images, an adaptive bilateral interpolation filter was proposed in [12], whose main innovation
was to upsample the video or image by an arbitrary upsampling factor. The proposed algorithm was
more effective in removing artifacts than the traditional upsampling method. In [13], an improved
bilateral filter was applied to video coding, which could be utilized in temporal prediction of subsequent
blocks and achieve better filtering effect.
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It should be noted that the above algorithms are mainly aimed at software optimization. In practical
applications, hardware bilateral filtering should meet real-time requirements. Therefore, further research
on hardware structure design is required in addition to algorithm optimization.

Typical hardware optimizations include hardware fast algorithms optimizations and hardware
structure optimizations. For better filtering results, fast hardware algorithms are based on various
approximations of bilateral filters, such as fast algorithms [14]-[17]. For example, on the one hand, in
[14] and [15], it is shown that researchers can reduce the complexity by quantifying the dynamic range
of the original pictures. On the other hand, in [16] and [17], researchers demonstrate that fast bilateral
filtering can be achieved by directly estimating the range kernel with trigonometric and polynomial
functions.

Besides these above, the bilateral filtering hardware structure includes Field Programmable Gate
Array(FPGA) and Very Large Scale Integration(VLSI) oriented designs. Several FPGA
implementations of bilateral filters have been reported in [18]-[20] to improve the speed of bilateral
filtering. FPGA implementations have been reported in [18] and [19]. The FPGA implementation in [20]
was carefully optimized for memory and speed, while [19] employed a straightforward brute force
approach. In [20], Vinh et al. tried to accelerate the implementation by substituting a piecewise
polynomial for the Gaussian range kernel, which is less computationally expensive than going beyond
Gaussian.

In addition, the authors proposed a low-cost VLSI architecture for bilateral filters in [21] for real-
time image processing. The proposed architecture was cost-effective while preserving the same image
quality, frame rate, and operational clock frequency, according to experimental findings.

This paper will concentrate on a top-to-bottom investigation of every strategy's qualities and progress
drifts and propose conceivable future advancement bearings and trends to have a more efficient and
exhaustive comprehension of the bilateral filter and its improvement. The remainder of this paper will
be organized as follows. Section II will present the related research fields of bilateral filter optimization
algorithms exhaustively, while the hardware design of bilateral filters will be investigated in Section III.
Section IV will summarize and give the future prediction of the advancement heading of bilateral
filtering.

2. Bilateral filter optimization algorithm

2.1. Bilateral filter review
Gaussian filtering will blur the edges of the image because only the position information is concerned
in the filtering process. For example, in the window centered on g, the calculation method of the weight
of a particular point p in the Gaussian filter is shown in (1),

2

Gp) = some 2 (1)

2702

1 [p—ql

where the g2 is the model parameter. In the filtering window, the weight of the point closer to the center
point is more significant. However, in the edge area, since the difference in pixel values on both sides
of the edge is too large, Gaussian filtering will blur the edge information. Subsequently, to better protect
the border, bilateral filtering was proposed.

Bilateral filtering is based on Gaussian filtering. The purpose is to protect the edge blurred by
Gaussian filtering. It is a compromise process that combines the image’s spatial proximity and pixel
values’ similarity. At the same time, spatial information and grayscale similarity are considered to
achieve edge preservation.

A bilateral filter is a combination of spatial domain filtering and value domain filtering. Based on
Gaussian filtering, pixel value weight G, is proposed, and the spatial distance weight is expressed as G,

2
_lp—1q|

G, = e 2o0° (2)
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where o and o, denote the standard deviation over space and derivation in an edge's amplitude's

intensity, respectively. The (p, q) is coordinate of each pixel and / is value of pixels .The filtering result
BF 1is expressed as,

1
BF = WqZpESGS(p)Gr(p) * Ip “4)
1 Ip-qzl2 |110-1£1|2
= WqZpESe 205 * e 207 * Ip (5)

where S is the neighborhood area and W is the weighted sum of each pixel value in the current filter
window, which plays a normalizing role as,

2
lp - ql? 1p — 1]
I/Vq = ZpESe 20s*  xe 2017 (6)

From the above formula, we can infer the following conclusion. In the flat region, since the difference
between the pixel values of adjacent pixels is small, the spatial distance weight G plays a significant
role, which is equivalent to directly applying Gaussian blur. And in the edge area, the G, value on both
sides of the edge distinguish a lot while inducing little effect on the filtering result. Therefore, bilateral
filtering can effectively protect edge information.

2.2. Typical bilateral filtering optimization

According to the different optimization methods of bilateral filtering in images or videos, in this paper,
we choose three typical approaches, which accelerate bilateral filtering in the frequency domain [8],
spatial domain [10], time domain [13], respectively.

To improve the effect of image processing with no apparent shape and texture information, such as
the air background’s weak and small infrared targets, in [8], the authors proposed a bilateral filter
preprocessing algorithm combined with a Butterworth high-pass filter, which effectively improved the
performance of the bilateral filter in the frequency domain.

In [8], the authors converted the original image to the frequency domain by Fourier transform to
acquire F(x,y) where most of the background clutter was concentrated in the low-frequency domain.
The target point was set as (x, y) and its neighborhood were (i, j). Then the Butterworth high pass filter
H(u,v) was utilized to handle the F(x,y) to eliminate the background clutter. The Butterworth high
pass filter was as follows,

1
1+[vV2-1][Do/D (u,v)]* (7)

H(u,v) =

where D (u, v) was the distance between the midpoint (u, v) in frequency domain space and the origin
of frequency domain and D, was the cutoff frequency.

After filtering, the majority of the target and noise were in the high-frequency range, and we could
obtain image f(x,y) successfully by Fourier inverse Transform. Then f(x,y) is filtered by the
enhanced bilateral filter (8) to obtain the image g(x,y). The output of the enhanced bilateral filter can
be computed as follows,

—[=202+G-»?] |Fi,y)2+F(xy)?|

1 .o
9y) =g Lijeng, e 4 e ot XMXF(L)) (8)

771



Proceedings of the 3rd International Conference on Signal Processing and Machine Learning
DOI: 10.54254/2755-2721/4/2023421

)

S

Il
(LN NN
PR OO O R R
moocococokRr
coococor
coococor
RO o O R R
i

1 1 1

where N, ,, was the neighborhood area of (x, y), M was the added filter template, represented by a
matrix(9). Finally, f(x, y) and g(x, y) were differentiated to suppress background clutter.

—

- .-—\.-"-' - o

Figure 1. Original image [8].

Figure 2. Processing result image [8].

The comparison results were shown in Figure 1 and Figure 2, which were this algorithm's original
image and processing results. As could be seen, the proposed image preprocessing technique produced
remarkable results. The majority of the cloud backdrop might be removed using the picture preparation
approach suggested in this paper.

Secondly, the authors proposed a novel Gaussian adaptive bilateral filter(GABF) in [10] to optimize
the filtering performance. The process was as follows. Firstly, as to the spatial domain method, a low-
pass guidance picture by Gaussian blur process was generated as,

f(p) = Zq Mg,q (g)lq (10)

where My, , denoted the filter kernels at positions p and g of the guide image and g , and I represented
guidance and input images, respectively. For the original image /, a Gaussian blur process, which
corresponded to low-pass filtering, was utilized to produce a low-pass picture f(p).
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The primary distinction between GABF and conventional bilateral filters was that g and [ were
unique. The authors made sure that the inputs for the noise filtering weren't similar for g and I. And the
Gaussian range kernel defined the impact of pixels from low-pass guiding g, which were derived from
the Gaussian blur process on I,,, while the Gaussian spatial kernel was utilized on filtering input /.

Hence, the kernel of GABF was defined as,

bf ey =y — 1 llp—qll? I[lp—Fq|I*
ME (1,9) = pr-exp(— 24 exp(— 1222lEy (i
Where the low-pass guidance g came from (10). Although the filtering input [ was tainted by various
noise compositions, the Gaussian spatial kernel on I and Gaussian range kernel from g enforced a

rigorous preservation of image edges and contours while smoothing surfaces of objects in the filtering
output f(p). Consequently, the definition of the GABF output f(q) was,

) =X MIPT 1,91, (12)
-—w ™ Ty T Ny ™ N T

Original Ground-truth Noise BF
- T -_— -— -—
Filtering input from Set5 FABF GPABF OFABF GABF(Ours)

Figure 3. Input and output pictures from different filters [10].

Figure 3. showed that after the Bilateral Filter(BF), Fourier Approximation based BF(FABF),
Gaussian Polynomial Approximation based BF(GPABF), and Optimized Fourier Approximation based
BF(OFABF) were applied to it. Many noise artifacts remained in the image, and these methods clearly
failed to recover a clean low-pass image. It was clear that GABF yielded the best results. The
experimental results showed that GABF had a better smoothing function than ordinary bilateral filtering
in the face of noise disturbance input.

Thirdly, an improved bilateral filter was proposed in [13] as a tool for video coding in the temporal
domain to eliminate ringing artifacts in videos. The proposed method added inverse transform residuals
to prediction and then directly applied to filter to achieve temporal prediction of subsequent blocks. The
principle of this filter was as follows.

In order to reduce the impact on the signal while filtering out the ringing noise. The authors rewrote
(5) as,

Iy = wclctwalg+wplpg+w I +wrlg (13)
wetwygtwp+wp+wg

where w. was the weight for the center sample and w4, wg, w;, and wg, respectively, were the weights

for the samples above, below, left, and right. The sample values for the samples above (1), below (Ig),

left (1), and right (Ig) were combined to form the output sample value Ip. Their weights were set to

zero for samples that weren't inside the transform block. The center weight w, was equal to 1. The other

weights could be calculated by,

1 a2
w=e 20s° 20r? (14)

where Al was the intensity difference from the center sample. In [13] g5 was defined as,

min(width,height,16)
40

(15)

Os =HU
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where u = 0.92 for intra predicted blocks and u = 0.72 for inter predicted block with width and height
as the block width and height, respectively. To avoid excessive filtering, the authors chose a weaker
filter and set o,- based on the quantization parameter (QP) utilized in the current block as,

=17 0.01) (16)

2

0, = max

Figure 4. First line: Original
frames. Second line: Anchor.
Third line: utilizing the
proposed bilateral filtering
[13].

Every transform block was immediately filtered once the projected values for the block in the encoder
and decoder were combined with the reconstructed residual values. As shown in Figure 4, the dark
brown ringing pixels above the yellow area were suppressed.

The above three typical bilateral filtering optimization methods improved the quality of filtering
images or videos from the frequency, spatial and temporal domains, respectively. It can be seen that all
of them employ effective methods to achieve various adaptive parameters optimization for bilateral
filtering, which obtains remarkable filtering performance. However, these methods are too complex for
real-time processing, especially for hardware design. Therefore, hardware-friendly fast bilateral filtering

algorithms and architecture should be further researched.
3 bilateral
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Figure 5. Algorithm framework of the piecewise approximation method [22].
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3. Bilateral filter hardware friendly algorithm and architecture design

3.1. Overview of bilateral filtering gardware

Hardware implementation of bilateral filtering is crucial for real-time applications. Due to the nonlinear
characteristics of bilateral filtering, the computational complexity of bilateral filtering is vast, and its
hardware resources and computing complexity are proportional to its window size. So far, researchers
have proposed several fast algorithms and hardware architectures to address the above problems. Real-
time processing of large-scale, high-resolution photographs under strict hardware resource limitations
is still a challenging task, nevertheless. This paper will focus on several typical fast algorithms and
hardware structures of the bilateral filter.

3.2. Hardware friendly fast algorithms
To better incorporate the fast algorithm onto the hardware structure, in this paper, we study a typical
hardware-friendly fast algorithm, which is a piecewise approximate computing algorithm [22].

To start with, a 5 x 5 filter mask was introduced in [22] as an example to describe the fast algorithm
structure. The algorithm process was shown in Fig. 5. First, the authors analyzed the value difference
on the output pixel in (5). This step demonstrated that a single spatial kernel made the output pixel(Al)
and the intensity difference(Ax) proportional. Still, a critical point would be generated after the spatial
kernel was multiplied by the range kernel. It is now basically equivalent to that of a single spatial kernel.
Next, the G, in (2) was fitted according to the least squares method, and the analysis of the difference
in the first step to protect the edge correctly. Before the critical point, the number of fitting points
decreased because of the dominant spatial kernel, which was vital to reducing the storage of the look-
up table (LUTs). The key point for piecewise approximation was determined to be at the average value.
After the critical point, the output was dominated by the range kernel, increasing the proportion of fitting
points. After that, the spatial weight's fitting point was multiplied by six range weights. Finally, the
weight of the bilateral filter was created by normalizing the weights' product. The normalization process
was as follows,

I __ Wmax

Wa = Wa X Swarn n
where the normalized weight was Wq’ and the sum of all the original weights was Y., ;w(p, q, k, [). The
(k, 1) was the neighborhood coordinates of (p, q) and W,,,, was the upper limit of 3, , w(p, q, k, 1).
The proposed piecewise approximation method precomputes the Gaussian function and approximates
several fitting points as weights. The pre-calculated weights that are saved in LUTs ensure the filter
processing acceleration. Therefore, it achieves optimization of computational cost and memory saving.
A typical hardware-friendly fast algorithm is described above which speeds up bilateral filtering to some
extent. However, an excellent fast algorithm is required in practical applications, and the hardware
structure adapted to it is equally important. Therefore, this paper will introduce two efficient bilateral
filtering hardware structures.

3.3. Hardware structures

In addition to optimizing the fast algorithm for the hardware of bilateral filter, the researchers also

optimized the hardware structures of bilateral filtering. This paper mainly lists two typical hardware

structures: the FPGA architecture [23] based on a fast algorithm [17] and the VLSI architecture [21].
In [23], the authors proposed an FPGA architecture based on the fast algorithms presented in [17].

The representation of the overall architecture of the proposed FPGA structure was shown in Figure 6,

where f (i) and fgr (i) represented the input and output images, respectively.
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Figure 6. Overall FPGA architecture for the presented bilateral filter [23].

The lines highlighted in black with arrows represented the flow of picture data, while the lines in
blue served as controls. The architecture's crucial scheduling component was in charge of timing the
data flow between various blocks. The functional blocks in FPGA architecture were as follows: Initialize,
Update F, Update G, Update PQ, Box Filter, Delay, and Counter, which were introduced in the fast
algorithm[17]. Additional dormancy was introduced into the processing by the “Container” block, and
the “Delay” blocks were utilized to make up for the inactivity. The “Counter” block synchronized the
data flow between blocks.

The pictures were deposited in First In First Out(FIFO) blocks embedded in the Block Ram(BRAMs).
They implemented read and write operations on the FIFO blocks to regulate the FIFO delays while
controlling the data depth. Five FIFOs were utilized in the suggested architecture: "FIFO-H," "FIFO-F.,"
"FIFO-G," "FIFO-P," and "FIFO-Q."

For a 256x256 size image, the proposed FPGA design required 2647 LUTS, 686 flip-flops(FF), 157
BRAM and 10 digital signal processing(DSP), while the maximum clock frequency was 60Mhz and the
actual computation time was 18.93ms. The resource utilization and maximum clock frequency of the
presented design were constant for different weights.

Besides the FPGA architecture, a VLSI architecture for bilateral filters was proposed. In [21], a VLSI
hardware architecture of bilateral filters for current picture filtering was presented. This new low-cost
VLSI architecture was described below.
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Figure 7. Overall diagram of the presented VLSI hardware architecture [21].
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Figure 8. Proposed grouping method based on distance of window size 5 x 5 [21].
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Figure 9. Circuit of combined photometric and geometric weight calculation [21].

The overall structure of this proposed VLSI hardware architecture is displayed in Figure 7. The original
information in a filter window of size 5x5 was divided into six rows based on their distances from the
central point. As shown in Figure 8, pixels with the same distance from the center point were set to one
group.
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Figure 10. Circuit of kernel result calculation [21].
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Figure 11. Circuit of normalization term calculation [21].
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The authors' combined photometric and geometric weight calculation circuit is shown in Figure 9.
The hardware architecture for the calculation of the normalization term and the kernel result was
proposed in Figures 10 and 11, respectively. Finally, the normalization block calculated the output of
the bilateral filtering was finished. gin Figs. 9-11 indicated the corresponding data group. The proposed
design is implemented to achieve real-time bilateral filtering applications.

The proposed VLSI architecture required 5142 LUTS, 1782 look-up table-flip-flops (LUT-FF) pairs,
36 DSP, and 69 bonded Input Output Block(IOBS), while the maximum clock frequency was
236.697Mhz and the maximum frame rate was 56.43fps.

4. Conclusion

This paper analyzes several bilateral filtering optimization algorithms and hardware structures in detail,
comparing their optimization methods and experimental results. The analysis results demonstrate that,
according to the specific application scenarios, flexible adjustment of bilateral filtering parameters can
effectively improve the performance of bilateral filtering. And hardware optimization can reduce
hardware costs by designing an efficient hardware-friendly bilateral filtering algorithm or hardware
structures. In the future, we can consider optimizing bilateral filtering parameters from the perspective
of the human visual system and study the fast algorithm and hardware structures for the adaptive
allocation of hardware resources based on corresponding application requirements.
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