Published in Image Processing On Line on 2026—-06—00.
Submitted on 2024-03-12, accepted on 2026—05-28.

ISSN 2105-1232 (© 2026 IPOL & the authors CC-BY-NC-SA
This article is available online with supplementary materials,
software, datasets and online demo at

IMAGE PROCESSING ON LINE  https://doi.org/10.5201/ipol.2026.533

N

Fixed Pattern Noise Reduction: Optimization-Based and
Temporal High Pass Filter Methods

Hortensia Barral!, Pablo Arias?, Axel Davy!

1Université Paris-Saclay, CNRS, ENS Paris-Saclay, Centre Borelli, France
!Universitat Pompeu Fabra, Dept. of Information and Communication Technologies, Spain
{hortensia.barral,axel.davy}@ens-paris-saclay.fr pablo.arias@upf.edu

Communicated by Marina Gardella Demo edited by Hortensia Barral

Abstract

Fixed pattern noise (FPN) is a temporally coherent noise present on video due to the non-
uniform response of the sensors. It is a common problem for infrared videos and can degrade
the quality of the observation. In this work we study and compare two types of FPN removal
methods: temporal high pass filter and optimization-based methods. Both are recursive real-
time methods that perform very few operations per pixel. We show that the temporal high pass
filter can be obtained as a particular case of optimization-based methods. We implement and
compare several variants that have been proposed in the literature.

Source Code

The reviewed source code and documentation for this algorithm are available from the web page
of this article!. Usage instructions are included in the README.md file of the archive.

Keywords: video denoising; fixed pattern noise; non-uniformity correction; optimization-based
methods

1 Introduction

The goal of video restoration is to recover the original video from a degraded observation. There are
different types of degradation depending on the acquisition system, but in almost all realistic cases,
noise is part of the degradation. Noise can be caused by several reasons. Fixed pattern noise (FPN)
is a very specific kind of noise that is more prominent in infrared videos.

This type of noise is called fized pattern noise because the noise is theoretically the same for every
frame in the video, i.e. it is constant in time. In practice, the FPN might change slowly over time
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but can be considered constant over a short period of time. The following linear model is widely
used [12, 22, 8, 15, 19, 16, 6, 7, 18, 4, 10, 5] to describe noisy images with FPN

y(n) = a@w(n) +0, (1)

where ® is the element-wise product, x(n) is the clean frame at time n, y(n) is the observed frame
at time n, a and b are respectively the FPN gain and offset coefficients. For a pixel (i,7) we thus
have that

y(n)ij = aijz(n)ij + bi;. (2)

In general, most FPN removal methods try to estimate correction coefficients in a recursive fashion
(12,22 8, 15, 19, 16, 18, 5]. Let G(n) and O(n) be the gain and offset correction coefficients at time
n, respectively. Then, the denoised image &(n) at time n is

E(n) = G(n) @ y(n) + O(n). (3)

The optimal correction coefficients are given by

1
G*(n)i; = —, (4)
j a/i7j
; ; bi;
O*(n)i; = —bi;G*(n)i; = —a—j (5)
z’]

The problem of removing FPN is called FPN removal (FPNR) or non-uniformity correction
(NUC). FPNR methods can be divided into two main families: reference-based and scene-based.
The reference-based methods [3] remove noise according to fixed correction coefficients that are
calibrated offline for example by using a black body. However, the FPN changes slightly over time,
which requires an update of the parameters. Because of this, most of the research is focused on
scene-based methods, which try to estimate the FPN from the videos acquired during the normal
camera operation, without requiring special calibration procedures.

We can distinguish several types of scene-based methods: those that work from image statistics
[5], temporal high pass filters [13, 9, 2, 22, 21], registration methods [4, 10] and optimization-based
methods [14, 12, 15, 8, 18, 16]. Recent works [7, 20, 6] are learning methods and mainly use convo-
lutional neural networks (CNNs) that take as input a single noisy image.

In this work, we study several classical optimization-based methods and temporal high pass filter
methods. We show that temporal high pass filter methods can be obtained as particular cases of
optimization-based methods. We provide our own implementation for these methods and an online
demo where they can be tested. Our code and the accompanying demo allow users to reproduce
several variants of optimization-based methods [14, 19, 12, 8 15] and temporal high pass filter
[13, 9].

Section 2 reviews the state of the art and shows the link between the temporal high pass filter and
optimization-based methods. In Section 3 we present the implementation and the pseudocodes. The
influence of the parameters and both quantitative and qualitative results are presented in Section 4.

2 FPNR Methods

2.1 Temporal High Pass Filter Methods

FPN removal methods based on temporal high pass filter (THPF) work directly with the images
and try to estimate correction coefficients in a recursive framework. The main assumption is that
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temporal high frequency information belongs to the scene, while temporal low frequency information
belongs to fixed pattern noise [13]. Therefore, by performing temporal high pass filtering, the noise
can be removed. The second main assumption, introduced in [9], is that the content of the image
is of low (spatial) frequency, thus the spatial high frequencies contain mainly noise (possibly both
FPN and temporally varying noise). The second assumption was not part of the initial formulation
of this family of methods [13], but was adopted as soon as it was introduced in [9]. From these two
assumptions it follows that in a spatio-temporal frequency domain, the energy of the clean scene
is concentrated in regions with either low spatial frequencies or high temporal frequencies. THPF
methods work by letting these frequencies pass, and filtering out high spatial and low temporal
frequencies. The high spatial frequencies can be estimated using linear filters [9] or non-linear filters
such as a guided filter [2].

THPF methods consider only additive FPN b, i.e. for the multiplicative component we have a = 1
in Equation (1). They estimate b recursively as follows

b(n) = (1 _ %) bn—1) + %FHs(n), (6)

where M is a parameter, b(n) the estimated FPN at time n, and Fgg(n) is the result of a spatial
high pass filter applied to the noisy image y(n). The value b(0) is initialized to 0.
The denoised image #(n) at time n is then

i(n) = y(n) —b(n). (7)

Note that b is the result of a recursive linear filter. We can also write it as a convolution with a
kernel with infinite support hpr

b(0) =0, (8)

b(n) =Y Fus(k)hpr(n—k), n>1, (9)
with . -~

VO0<mn, hyr(n)= 77 % (1 - M) : (10)

where k is the number of considered frames and n is the total number of frames.

Figure 1 shows the value of the kernel hyr(n — k) with respect to the values of k varying between
0 and n, for different values of M used in the experiments below. The value of sum given in the
legend of the figure, corresponds to the sum of the coefficients )", _, hrr(n — k). Note that setting
the total number of images as the value for M, which is the default value, leads to a sum of coefficient
values of less than 1.

2.2 Optimization-based Methods

Optimization-based FPN removal methods estimate the correction coefficients via the minimization
of an energy that is linked to the quality of the corrected frames. The energy depends on the current
noisy frame, and thus it varies with time.

Correction coefficients are first initialized and then updated to minimize the energy. The mini-
mization is performed by a single gradient descent step at each frame.

In [14, 19] the energy at time n is defined as the squared Lo distance between a corrected image
z(n) as defined in Equation (3) and an image Frs(n) obtained by applying a low pass spatial filter
to y(n)

(G, 0) = |l2(n) = Frs(n))|lz = |G @ y(n) + O — Frs(n)|3. (11)

3
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Figure 1: Weights of the temporal high pass filter as presented in Equation (10).

The spatial low pass filter can be an average filter [14, 19] or it can be a non-linear filter, such as a
bilateral filter [12], for example. We denote the filtered image F s as the reference image. A gradient
descent step then results in the following update

G(n+1)i;=Gn)i; —2a(2(n)i; — Frs(n)ij)y(n)i;,
O(n+1)i; =0(n)i; —2a(2(n)i; — Frs(n)i;),

(12)

where o > 0 is the step in the gradient descent.

Thus, optimization-based FPNR methods define a temporal sequence of energies &£, as an at-
tachment to the low pass filtered version of the current noisy frame. At time n, a new image y(n)
is acquired, and the method runs a single iteration of the gradient descent update from the energy
defined at time n. This process results in a temporal smoothing of the correction coefficients G(n)
and O(n). Figure 2 illustrates the iterative scheme for optimization-based methods.

2.3 Link Between these Two Families of Methods

THPF methods can actually be described as a subset of optimization-based methods. In order to
show that, let us consider an optimization-based setup with additive FPN and reference images
(Frs(n)), obtained by filtering the images (y(n)), with a spatial low pass filter. In that case the
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Figure 2: Iterative scheme for optimization-based methods.
energy in Equation (11) is simplified as follows
£.(0) = [l2(n) — Frs(n))llz = ly(n) + O = Frs(n)ll3 = |0 + y(n) — Frs(n) |I3, (13)
—_———
Frs(n)

which shows that —O should minimize the distances to the spatial denoising residuals Fyg(n) =
y(n) — Frg(n). The update of O is given by Equation (12)

O(n+1)=0(n)—2a(z(n) — Frs(n)). (14)
We can rewrite it as

O(n+1)=0(n) —2a(y(n) + O(n) — Frs(n)) = (1 — 2a)O(n) — 2a(y(n) — Frs(n)) (15)
Frs(n)

— O(n+1)=(1-2a)0(n) —2aFys(n), (16)

where Fyg(n) is the residual of Fpg(n), which amounts to applying a spatial high pass filter to the
images.
If we note ﬁ = 2a, we have

O(n +1) = (1 - %) On) - - Fusn). (a7)

Here O is the correction coefficient for additive noise, which implies that the estimated additive FPN
is b(n) = —O(n), thus

b(n+1) = (1 - %) b(n) + %FHS(”), (18)
which is almost Equation (6). Almost, because in Equation (6), the index of b is (n — 1) and not n.
Thus, THPF methods are mathematically equivalent to an optimization-based method if the gain
component of the FPN is not considered.

The reason for this equivalence is that optimization-based methods do not really optimize a
(static) energy. They take steps towards the reference image, which changes each frame. This has a
temporal smoothing effect on the correction coefficients O and G.

5
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2.4 Discussion on the Design Choices

In the accompanying demo and in this article, we present and test optimization-based FPNR methods
that use a filter [14, 19, 15, 12]. Several filters and step sizes have been proposed in the literature
[14, 19, 15]. In this work, we implement and compare some of these choices.

2.4.1 Filter

As explained in Section 2.2, most optimization-based and THPF FPNR methods use a spatial filter
(14,19, 12, 15, 8, 13, 9] to compute the reference image in the optimization methods or the high pass
spatial filter in the THPF methods.

No filter [13]. The first paper introducing the THPF method did not use any spatial filter [13].
The estimated additive noise was just a recursive average of the frames.

Average filter [14]. The first paper that proposed to use an optimization-based method for FPNR
used an average filter [14]. The reference image Fpg in Equation (11) is usually defined as follows

Frs(n) = y(n) * hrs,

where * is the convolution operator and hpg is the averaging filter. The averaging filter can be
defined either by a d x d box filter or by the average of the four neighboring pixels of the pixel under
consideration
1 ... 1
1
, or h LS = @ R (19)
1 ... 1

hL5:1/4

O = O
=
o = O

This filter was introduced to reduce ghosting artifacts and increase convergence speed [9].

Threshold average filter [9]. The spatial low temporally high (SLTH) THPF method introduced
the use of spatial filtering for THPF methods. The authors used a spatial low-pass filter [9], and since
then, the use of such a filter has become standard in this family of methods [2, 22]. As explained in
Section 2.1, the assumption is that the low spatial frequencies (LSFs) of the frames contain the clean
signal, whereas the high spatial frequencies (HSFs) mainly contain noise. The authors of the SLTH
THPF method used a thresholded average filter. They first applied an average filter, computed the
residual, and then applied a threshold

y" () = y(n) — y**"(n) = y(n) — y(n) * hys, (20)
y"5F (n)y  if [y"5F ()] <,

Frs(n)i; = { 0 otherwise, 2

where hpg is a spatial low pass filter (in the original paper they used a 10 x 10 average filter) as in
Equation (19) with d = 10 and 7 is the threshold parameter.
The intuition behind this is that high frequencies with high values are mainly caused by the signal

(and therefore should be discarded) while those high frequencies with low values are mainly due to
noise (and those are the ones to keep).
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Others. More recent approaches propose to replace the above filters by a bilateral filter [12, 8, 22]
or a guided filter [15, 2]. The bilateral filter was introduced as a way of increasing convergence speed
and reducing ghosting artifacts [22, 12], and is defined as

F(n)i; =Y w(i,jk,Da(n)e, (22)

k.l

with

(i= k) + (G =D Jla(n)i; — x<n>k,zll2> , (23)

2 2
207 202

where o4 and o, are smoothing parameters, and (4, j) and (k,1) are pixels.

w(i, J, k1) = exp (—

2.4.2 Adaptive Step Size

Some optimization-based methods proposed to adapt the step size according to the images. The first
paper [14] that introduced an optimization-based FPNR method used a constant step size a > 0.
Subsequent works have tried to improve the step size by taking into account the temporal and spatial
correlation of the images.

Space dependent step size [19]. The authors of [19] proposed to use a step size that is dependent
on the local spatial variance of the image

a(n);; o (24)

1 +05(n);

where « is the nominal step size value, a scale parameter of the form g = 1077 with 8 € N, ¢°(n); ;
is the spatial standard deviation of the pixels centered around pixel (7, j) in the image n

0%(n) = \/ [y(n) @ y(n)] * hg — (y(n) * hig) @ (y(n) * hg), (25)

where I ¢ is a low pass spatial filter and the square root is applied element-wise. Note that A ¢ can
differ from the spatial filter hys used to compute the reference images.

The intuition behind this is that for a given pixel (i, j), if 0°(n); ; is small, it means that this part
of the image is smooth and has no edges. In this case, the value of the spatially filtered reference
image Fpg is a good approximation of the clean image, and a larger gradient descent step can be
performed. On the contrary, a high spatial variance suggests edges or high frequency details that
might not be removed from Fpg. Using a lower step size in those regions reduces image blur around
the edges and in high frequency details.

Space and time dependent step size [15]. The authors of [15] added a temporal component
to the space-dependent step size from [19]. In this case, the step size becomes

an X O'T<Tl)ij
PP RA R L 2
Oz(n) »J 1+ Us(n)i,j ( )

where o7 (n); ; is the temporal standard deviation of the pixel (i, ) for framesn,n—1, ..., n—s,+1

n n

OIS y(m)ij—(stl_l > y(m»,j), @0

m=n—s¢+1 m=n—s¢+1

where s; is the number of images used to compute the temporal standard deviation.
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The idea behind this is that if the temporal standard deviation is large, it means there is a lot
of motion between frames. This is beneficial for FPN estimation, as the clean signal component is
of high temporal frequency and can be well separated from the FPN. In that case, the step size can
be increased since the actual content of the image will not be interpreted as noise.

Note that this heuristic modification to the step size, adding a temporal component, can lead to
divergence of the iterative scheme. To the best of our knowledge there is no theoretical convergence
result for optimization-based methods. Results for convergence of optimization-based methods are
usually empirical [12, 2, 8, 19]. For the particular case of the average filter and a constant step size,
the authors of [14] claim that convergence can be theoretically proved using Lyapunov functions.

3 Implementation

3.1 Pseudocode

The pseudocodes for optimization-based and THPF methods are respectively given in Algorithm 1
and Algorithm 2. Algorithm 2 is written following [22]. There is a small difference in the ordering
of the operations within the loop in the algorithms. The update of the parameters at time n is
performed using the frame at time n — 1 for the optimization-based methods and the frame at time
n for the THPF methods. If this is ignored, Algorithm 2 is a particular case of Algorithm 1 with a
specific choice of parameters, as shown in Section 2.3. Note that in the demo, methods have been
implemented according to Algorithm 1 rather than Algorithm 2.

Algorithm 1: Optimization-based method

1 function Optimization . FPNR

Input y: A list of N noisy images of size H x W with C' channels
Output z: A list of N denoised images of size H x W with C' channels
Param «g: nominal step size value

2 Ol[1] = zeros(H, W, C) # initialize 0 with a matrix of zeros
3 G[1] = ones(H, W, () # initialize G with a matrix of ones
4 for n from 7 to N — 1 do

5 z[n] = G[n] ® y[n] + Oln|

6 Frs[n] .= spatial-filter(y[n|)

7 a[n] = return step_size(y, ap)

8 G[n + 1] = G[n] = 2a[n|(2[n] — FLs[n]) @ y[n]

9 | Oln+1] = Oln] — 2a[n](2[n] — Fps[n])

10 | Z[N]=G[N]®y[N]+ O[N]

11 return

We implemented the average filter and, for the bilateral filter, we used the implementation from
scikit-image [17].

3.2 Noise Modelling

We used the noise model from Equation (1) where a and b are the multiplicative and additive
components of the FPN.

Our noise model considers both spatially independent FPN and spatially correlated FPN. Indeed,
FPN can have both a structured component and an unstructured component, and it is important to

8
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Algorithm 2: THPF

1 function THPF_FPNR

Input y: A list of NV noisy images of size H x W with C' channels
Output i: A list of N denoised images of size H x W with C' channels
2 b[l] := zeros(H, W)

# initialize b with a matrix of zeros

3 | @1] = y[l]

4 for n from 7 to N —1do

5 Fysn + 1] := spatial-high-pass-filter(y[n + 1])
o || bn+1= (1= ) bnl + FrFusln+ 1

7 in+1] =y[n+1] —bn + 1]

8 return 7

consider both since the denoising algorithm can have different behaviors depending on the structure
of the noise. For the structured component, we considered row and column noise. Specifically, we
define the multiplicative and additive components as

a=a"®a @a’, b=0"+b"+b°, (28)
with
Vi7i/,j,jl CLZJ- = azj/, a,ij == a;’j, b:,] = b:,j/’ bi] - b?/hj, (29)

where the superscripts w, r, and ¢ denote the unstructured, row, and column components, respec-
tively. Note that the row noise is constant across columns for a given row, and the column noise
is constant across rows for a given column. The unstructured component, in contrast, is spatially
independent. Finally, we assume that the three components are mutually independent.

These components can be modeled as Gaussian random variables. The unstructured terms are
drawn independently for each pixel, with distributions 0¥ ~ N (0, o) and a® ~ N (1, 04w). The row
terms are constant along each row (independent across rows), with distributions 4" ~ N (0, o) and
a” ~ N(1,0,). Similarly, the column terms are constant along each column (independent across
columns), with distributions b ~ N (0, o) and a® ~ N (1, 0,+). Note that, for simplicity, we consider
the same variance for the row and column noise components.

In the demo, the user can select the level of structured and unstructured fixed pattern noise, for
both the additive and multiplicative components.

4 Influence of the Parameters on the Performance of the
Algorithm

In this section we discuss the parameters of optimization-based methods. THPF methods are a
particular case with a specific choice of parameters. This was proven in Section 2.3.

4.1 Datasets

To test the different approaches, we used infrared datasets [1, 11], and visible datasets from the derf’s
Test Media collection?.

Zhttps://media.xiph.org/video/derf/
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e The bus sequence from derf contains 150 visible images and has some motion.
e The flower sequence from derf contains 250 visible images and has little motion.

e The 8_selma sequence from ltir [1] contains 235 infrared images. The camera is fixed and films
the scene with people walking.

e The 640_ataset [11] is a dataset of 1000 infrared images. This dataset does not contain videos,
but we generate one by concatenating 150 images from the training dataset. Note that this
“video” does not have any temporal consistency, the concatenated images have nothing in
common. This situation is ideal for FPN removal. While temporal consistency of the signal is
useful for removing non-fixed noise, it is harmful for removing FPN.

Since the method takes several frames to “warm-up”, for the quantitative results, we report the
PSNR of the last frame of each dataset and, for the visual results, the last frame of each dataset.
Note also that some methods may require several hundred images for warm-up, or even more.

4.2 Step Size

The step size controls the speed at which the correction coefficients O and G are updated with each
new frame. The step size can be constant, space dependent, or space and time dependent. The
default option is set to constant.

4.2.1 Constant Step Size

We start by discussing the effect of a constant step size a. In Figure 3 we observe the evolution of
the PSNR obtained using Algorithm 1 with different step sizes, for denoising the sequence bus with
additive FPN. In plots 3a and 3b we show results obtained with an average filter respectively with a
filter size of 5 and 15, where we vary the step size. The same is done for the bilateral filter in plots 3¢
and 3d. In plots 4a and 4b we do the opposite: the step size is fixed and we compare the bilateral
and average filter with different filter sizes.

The algorithm is initialized with O = 0, G = 1, meaning that initially no FPN is removed. Since
one gradient descent step is performed per frame, several frames are required for the correction
coefficients O, G to converge. We use “converge” in a loose sense, since the energy itself changes each
frame. Due to this initial warm-up stage, the initial frames are severely under-denoised, resulting
in a low PSNR. The convergence speed is controlled by the step size «. For large step sizes, the
warm-up needs fewer iterations. On the contrary, if the step size is too small, the warm-up might
need more iterations than the number of frames in the sequence. The plots in Figure 4 show that
the warm-up is mostly determined by the step size, and not by the spatial filter.

For additive noise, based on the interpretation of optimization-based methods as temporal filters
(see Section 2.3), we can also view the step size as controlling the cut-off frequency of a recursive
temporal filter that estimates O(n) from the temporal low frequencies of the sequence of spatial
residuals Fys(n) = y(n) — Frs(n). Smaller step sizes imply a lower cut-off frequency, i.e. O(n) will
be very smooth temporally, consisting of the low temporal frequencies of the spatial filtering residual
Fys. With larger step sizes, O(n) will have higher temporal frequencies.

This explains why larger step sizes might lead to a worse steady-state PSNR, specially for ex-
tremely simple spatial filters: with larger step sizes, the estimated correction coefficients will be more
impacted by signal components that are left in the spatial filtering residual Fyg(n). The bilateral
filter is more robust to this.

10
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Figure 3: Plot of the evolution of the PSNR on the bus dataset with a constant step size. Additive FPN, opv = opr = 15,
was added. (a) The size of the filter is fixed to 5 and several step size values are compared. Only the average filter is used.
(b) Same as (a) with a filter size of 15. (c) The size of the filter is fixed to 5 and several step size values are compared.
Only the bilateral filter is used. (d) Same as (c) with a filter size of 15.

4.2.2 Adaptive Step Sizes

Table 1 shows results for different types of step size: constant, space dependent and space and time
dependent. Table 2 shows results for different adaptive step sizes and the median step size value for
each sequence.

Space dependent step size. The space dependent step size requires setting one more parameter:
the size of the filter used to compute the spatial standard deviation, which we denote by s,. The
default value is set to s, = 3. Since the space dependent step size is always smaller than the nominal
step size, it might be needed to increase the nominal step size. In practice, we have observed that the
space dependent step size does not improve the results and may even deteriorate them (see Table 1).
The value of s, seems to have no influence on the performance. This is somehow implicit in the
fact that the median step value is equal to the nominal step size regardless of the value of s, (see
Table 2). Even in Figure 5a, almost no difference can be seen between space dependent step size
and the constant step size that has the same nominal value. We do not have a clear explanation
for this. Our best guess is that since the images are relatively piece-wise constant, there is not that
much variation, and so the spatial variance is close to 0 in most cases.

Space and time dependent step size. The space-and-time-dependent step size requires one
additional parameter compared with the space-dependent step size: namely, the number of images,
s¢, used to compute the temporal standard deviation. The default value is set to s; = 9. The time
dependent step size increases the value of the step size (see Table 2). In this case, the nominal step
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Figure 4: Plot of the evolution of the PSNR on the bus dataset with a constant step size. Additive FPN, opv = opr = 15,
was added. (a) The step size is fixed to & = 0.01, and we compare average and bilateral filter with several filter sizes. (b)
Same as (a) with a constant step size equal to a = 0.1.

size value must be decreased, otherwise the algorithms may diverge (see Figure 5a). Based on our
results, the space and time dependent step size does not improve the results in most cases. The
time and space dependent step size can sometimes achieve better results than the constant one (see
Table 1). However, such results can be obtained with a fine-tuned constant step size. Higher values
for s,, s; tend to provide better results, but it is also more time-consuming. While using this adaptive
step size does not seem to improve the final PSNR compared to a fine-tuned constant step size, it
does provide a shorter warm-up time (see Figure 5b).

parameters PSNR
nominal step size (ag) | s, | s¢ | bus | flower | 8_selma | 640_ataset
5x 1073 3 - | 25.97 | 24.92 27.51 27.20
equivalent - | - |26.10| 24.94 27.52 27.22
5x 1073 15| - | 25.97 | 24.92 27.51 27.20
equivalent - - 1 26.10 | 24.94 27.52 27.22
5x 1073 3 9 | 22.84 | 21.14 24.44 27.95
equivalent - - | 2453 | 23.03 25.5 27.94
5x 1074 3|1 9 ]26.36 | 24.86 20.63 28.18
equivalent - | - | 2650 | 2481 20.58 28.18
5x 1074 3 |25 2639 | 2476 20.99 28.17
equivalent - | - 2633 | 24.66 20.67 28.20

Table 1: Parameter comparison between adaptive step size and equivalent constant step size (median step size used)
obtained with an average filter (for both the reference image and the spatial variance) and a simulated additive FPN,
spatially structured and spatially independent with a standard deviation of oyw = opr = 15, gqw = 04 = 0. The filter
kernel size is set to 5 for all experiments. The PSNR of the last frame of the sequence is shown.

4.3 Filter

Both optimization-based and THPF methods use spatial low pass filters.

Filter size. This parameter is common for both types of filters present in the demo: the bilateral
filter and the average filter. The default value is set to 5. Too high values tend to over-denoise and
so over-smooth the video, and can also be much more time-consuming and resource intensive. The
size of the filter also has an impact on the stationary behavior (see Figure 3a compared to 3b). A
filter size of 15 provides better results than a filter size of 9 or 5 with the bilateral filter, whereas the
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parameters median step size value type
nominal step size (o) | s | st bus flower 8_selma 640_ataset
5x 1073 3 - [500x1073]5.00x1073 | 5.00x 1073 | 5.00 x 103 spa
5x 1073 15| - | 5.00x 1073 | 5.00 x 1073 | 5.00 x 1073 | 5.00 x 1073 spa
5x 1073 319 [915x1072 | 851x1072 | 2.08x 1073 | 2.15 x 107! | spatemp
5x 1074 319 ]915x1073 | 851x1073 | 2.08x107% | 2.15 x 1072 | spatemp
5x 1074 3 [25]1.54x1072 | 1.37x1072 | 2.32x107% | 2.39 x 1072 | spatemp

Table 2: Median value of the space, space and time dependent step size. s, and s; are respectively the size of the filter
used to compute the spatial standard deviation and the number of images used to compute the temporal standard deviation.
Type refers to the type of adaptive step size used, "spa” for space dependent and "spatemp” for space and time dependent
step size.

25.0 e s — 1 26 e
/ — S
22.5 25 =
—— constant
20.0 spatial 3 24
% —— spatemp 3 3 %
=175 —— spatemp 39 Z 23
= —— spatemp 3 15 = —— constant
15.0 —— spatemp 3 25 22 spatial 3
spatemp 3 3
12.5 —— spatemp 3 9
21 —— spatemp 3 15
10.0 - —— spatemp 3 25
20
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140

Number of iterations
(b) Different

Number of iterations
(a) a=0.05

Figure 5: Plot of the evolution of the PSNR on the bus dataset with the average filter and a filter size of 5. Additive FPN,
opw = opr = 15, was added. (a) Constant, space dependent and space and time dependent step sizes are compared with
the same nominal step size value. (b) Constant, space dependent and space and time dependent step sizes are compared
with different nominal step size values. For constant and space dependent step size oy = 0.05, for the space and time
dependent step size ag = 5 x 10~%. Using a space dependent step size provides almost the same result as using a constant
step size. Using a space and time dependent step size increases the value for the step size and so it is necessary to decrease
its nominal value.

average filter achieves better results with a filter size of 5 or 9, except for the sequence where images
have nothing in common (see Tables 3 and 4). Both the step size and the size of the filter have an
impact on the stationary behavior.

parameters PSNR
size | step size | bus | flower | 8_selma | 640 _ataset
5 | 5x1072 | 26.10 | 24.94 | 27.52 27.22

9 | 5x1073 | 26.45 | 2462 | 28.73 28.85
15 | 5x 1073 | 25.51 | 24.18 28.63 29.96

3 | 5x1073 | 24.85 | 24.34 25.63 25.43

5 | 5x1072 | 2547 | 23.75 27.54 28.16

5 | 5x107* | 21.12 | 21.88 21.54 21.18

Table 3: Comparison of the results obtained with different values of the filter size and the step size, obtained with an
average filter and a simulated additive FPN , spatially structured and spatially independent with a standard deviation of
opw = opr = 15, 0qw = 04 = 0. The PSNR of the last frame of the sequence is shown.

Filter type. In the demo, the user can choose between an average and a bilateral filter for the ref-
erence image. For the average filter, the average of the d x d pixels is used as defined in Equation (19).
For the bilateral filter, o, is fixed to 25 and o, to the default value from the scikit implementation,
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parameters PSNR
size | step size | bus | flower | 8_selma | 640_ataset
5 5x 1073 | 26.07 | 25.54 25.75 25.84

9 5x 1073 | 26.84 | 25.80 26.65 26.75
15 | 5x 1073 | 26.67 | 25.36 26.90 27.19

3 | 5x1073 | 24.73 | 2458 | 24.38 24.57

5 5x 1072 | 26.25 | 24.80 26.33 27.60

5 5x 1074 | 21.07 | 21.85 21.06 20.98

Table 4: Comparison of the results obtained with different values of the filter size and the step size, obtained with a
bilateral filter and a simulated additive FPN, spatially structured and spatially independent with a standard deviation of
opw = opr = 15, 0qw = 04» = 0. The PSNR of the last frame of the sequence is shown.

which is the standard deviation of the image. We compared the average and the bilateral filter. The
bilateral filter achieved higher PSNR for the bus and flower datasets (see Table 6 for additive and
multiplicative FPN, and Table 5 for additive FPN only).

PSNR
dataset | Noisy | Average filter | Bilateral filter
bus 20.10 26.45 26.84
flower 20.53 24.94 25.80
8_selma 19.87 28.73 26.90
640_ataset | 20.11 29.96 27.60

Table 5: Quantitative PSNR results obtained with simulated additive FPN, spatially structured and spatially independent,
with a standard deviation of opw = opr = 15, 04w = 04» = 0 and a fixed step size. The PSNR of the last frame is shown.

PSNR
dataset | Noisy | Average filter | Bilateral filter
bus 18.66 24.55 24.71
flower 17.18 21.57 21.92
8_selma 17.33 27.68 24.02
640_ataset | 18.27 26.59 24.12

Table 6: Quantitative PSNR results obtained with simulated multiplicative and additive FPN, spatially structured and
spatially independent, with a standard deviation of 0w = 03 = 15, 04w = 04~ = 0.10 and a fixed step size. The PSNR of
the last frame is shown. The best results per dataset are highlighted. Note that the results are obtained in an oracular way:
we chose the best parameters for each sequence as the ones that maximize the PSNR with respect to the ground truth.

The bilateral filter obtained better results overall, especially for the scene with more motion,
for example in Figures 6 and 7. The visual results obtained with a bilateral filter are sharper than
with an average filter, for example on the logo. The average filter provided better results for more
“extreme” scenarios: a fixed scene and images having nothing in common. However when looking at
the visual results, for more “extreme” scenarios the results obtained with the average filter have less
structured noise than the results of the bilateral filter (see Figure 8 and 9).

All methods still produce blurry results on the fixed scene (see Figure 8). In that case, it is very
hard for the methods to distinguish between noise and actual content of the image, since both are
fixed. The methods still achieve a reasonable PSNR by blurring the images. As the bilateral filter
also takes pixel values into account, this method has more difficulty in removing spatially correlated
noise compared to the average filter, as shown in the zoomed-in section of Figure 8.
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(d) Bilateral filter

(c) Average filter

Figure 6: Comparison of the different methods on the last image of the bus dataset that contains 150 frames and some
motion. Simulated additive and multiplicative FPN, spatially structured and spatially independent, with a standard deviation
of opw = opr = 15, 04w = 04 = 0.10 was added to the frames. (a), (b), (c), (d) are respectively the ground truth clean
image, the noisy image with simulated FPN, the image denoised by an average filter and the image denoised by a bilateral

filter.
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(c) Average filter (d) Bilateral filter

Figure 7: Comparison of the different methods on the last image of the flower dataset that contains 250 frames and little
motion. Simulated additive and multiplicative FPN, spatially structured and spatially independent, with a standard deviation
of opw = opr = 15, gguw = g4 = 0.10 was added to the frames. (a), (b), (c), (d) are respectively the ground truth clean
image, the noisy image with simulated FPN, the image denoised by an average filter and the image denoised by a bilateral
filter.
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(a) Ground truth (b) Noisy

(c) Average filter (d) Bilateral filter

Figure 8: Comparison of the different methods on the last image of the 8_selma dataset that contains 235 frames and no
motion (it is a fixed scene). Simulated additive and multiplicative FPN, spatially structured and spatially independent, with
a standard deviation of opw = opr = 15, 04w = 04r = 0.10 was added to the frames. (a), (b), (c), (d) are respectively
the ground truth clean image, the noisy image with simulated FPN, the image denoised by an average filter and the image
denoised by a bilateral filter.
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(a) Ground truth (b) Noisy

(c) Average filter (d) Bilateral filter

Figure 9: Comparison of the different methods on the last image of a sample of the 640_ataset dataset. The sample contains
150 images that have nothing in common. Simulated additive and multiplicative FPN, spatially structured and spatially
independent, with a standard deviation of opw = opr = 15, 04w = 04 = 0.10 was added to the frames. (a), (b), (c), (d)
are respectively the ground truth clean image, the noisy image with simulated FPN, the image denoised by an average filter
and the image denoised by a bilateral filter.
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4.4 Quantitative Results: Additive FPN

For the experiments, we used o,w = oy = 15 for the additive structured and unstructured components
of the noise. We did not consider multiplicative noise in this section.

FPNR methods, with additive noise only, produced better results than FPNR methods that
remove both additive and multiplicative noise (see Tables 5 and 6). This was expected as the total
variance of the noise is lower since there is no signal dependent noise.

4.5 Quantitative and Qualitative Results: Multiplicative and Additive
FPN

For the experiments, we used 0,0 = 0, = 0.10 for the multiplicative component, both structured
and unstructured, and oy = o, = 15 for the additive, structured and unstructured, component of
the noise.

Most of the observations for the multiplicative setup are the same as the ones for the additive
one. The main difference between these two related to parameter tuning is the nominal step size
value. Optimization-based methods consider the same value for both offset and gain parameters.

parameters PSNR

size | step size | s, | s¢ bus | flower | 8_selma | 640_ataset
5 5x 1073 | - - | 2416 | 21.70 22.79 22.80
9 |[5x107% | - | - | 24.71 | 21.92 | 23.70 23.53
15 | 5x 1073 | - | - | 2449 | 21.65 | 24.02 23.85
3 5x 1073 | - - | 23.01 | 20.91 21.45 21.71
5 5x 1072 | - - | 2435 | 20.69 23.09 24.12
5 5x107* | - - | 19.68 | 18.82 18.70 18.67
5 5x 1073 | 3 - | 2416 | 21.70 22.79 22.80
5 5x 1073 | 15| - | 24.16 | 21.71 22.79 22.80
5 5x1073 | 3 | 9 | 22.62 | 1858 23.03 23.91
5 5x107% | 3 | 9 | 2451 | 21.25 22.88 23.92
5 5x107* | 3 | 25| 24.63 | 21.29 22.76 23.92

Table 7: Comparison of the results obtained with different values of the size of the filter, the step size, s, and s;, obtained
with a bilateral filter and a simulated multiplicative and additive FPN, spatially structured and spatially independent, with
a standard deviation of opw = opr = 15, 04w = 04 = 0.10. The PSNR of the last frame is shown. The best results per
dataset are highlighted.

Convergence of correction coefficients to the FPN coefficients. If the denoising algorithms
work correctly, correction coefficients should converge to the FPN coefficients according to Equa-
tion (4). Experiments showed that this does not happen for the offset coefficient as presented in
Table 9. In this table, the Relative Root Mean Square Error (RRMSE) between the correction
coefficients and FPN coefficients is reported

rrMSEG) = 1&° =Gl ppyspo) = 19 = Oll2 (30)
1G]l 102

Even with the best parameters, the additive correction coefficient was far from the true value, and,

in the best case had a RRMSE greater than 50%. The estimation of the multiplicative correction
coefficient was better, reaching a RRMSE of less than 20% in the best case.
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parameters PSNR

size | step size | s, | s¢ bus | flower | 8_selma | 640_ataset
5 [ 5x1073 | - | - | 2429 | 21.51 25.47 24.37
9 | 5x10% | - | - | 24.55 | 21.57 | 27.20 25.72
15 | 5x107% | - | - | 23.69 | 21.35 | 27.68 26.59
3 |5x107% | - | - | 23.17 | 20.84 23.29 22.78
5 | 5x1072 | - | - | 2359 | 20.03 25.47 25.19
5 | 5x107* | - | - | 19.74 | 18.90 19.55 19.00
5 | 5x107% | 3 | - | 24.28 | 2151 25.47 24.37
5 | 5x1073 | 15 24.28 | 21.51 25.47 24.37
5 | 5x107% | 3 | 9 | 21.02 | 17.61 25.34 24.75
5 | 5x107* | 3 | 9 | 2411 | 20.84 25.19 25.01
5 | 5x107* | 3 |25 | 24.24 | 20.93 25.07 25.01

Table 8: Comparison of the results obtained with different values of the size of the size of the filter, the step size, s,
and s;, obtained with an average filter and a simulated multiplicative and additive FPN, spatially structured and spatially
independent, with a standard deviation of opw = 0pr = 15, 0qw = 04» = 0.10. The PSNR of the last frame is shown. The
best results per dataset are highlighted.

Average filter Bilateral filter
Dataset gain offset gain offset
bus 0.1730 | 0.5991 | 0.1724 | 0.5910
flower 0.1622 | 0.8181 | 0.1614 | 0.7718
8_selma 0.1638 | 0.7111 | 0.1700 | 0.6831
640_ataset | 0.1642 | 0.6068 | 0.1400 | 0.5786

Table 9: Comparison between the average filter and the bilateral filter on simulated multiplicative and additive FPN,
spatially structured and spatially independent, with a standard deviation of opw = gpr = 15, ogw = g4 = 0.10. The
RRMSE between the estimated parameters coefficients and the optimal ones on the last frame is shown. The best results
per dataset (according to the PSNR) are highlighted.

5 Conclusion

Temporal high pass filtering methods and optimization-based methods are simple techniques for FPN
removal. While their results are not state-of-the-art, they require few operations per pixel and may
be considered baseline methods. We provided implementations and tested some optimization-based
and temporal high pass filter methods for fixed pattern noise removal. We provided insights into the
parameters, demonstrated the limitations and advantages of these families of methods, and proved
that temporal high pass filter methods are equivalent to optimization-based methods.
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