IEEE Access

Multidisciplinary : Rapid Review : Open Access Journal

Received 1 March 2026, accepted 24 March 2026, date of publication 2 April 2026, date of current version 7 April 2026.

Digital Object Identifier 10.1109/ACCESS.2026.3680166

== RESEARCH ARTICLE

Camera Noise Extraction From a Raw Single
Image by Segmentation, Multiple
Approximations, and Weighted Averaging

ALEXANDER V. KOZLOV -, PAVEL A. CHEREMKHIN ™,
ANTON A. VOLKOV™, ANDREY S. SVISTUNOV ~, ROSTISLAV S. STARIKOV ™,
VSEVOLOD A. NEBAVSKIY ™, EVGENII YU. ZLOKAZOV ™, AND VLADISLAV G. RODIN

National Research Nuclear University MEPhI (Moscow Engineering Physics Institute), 115409 Moscow, Russia

Corresponding author: Pavel A. Cheremkhin (CheremhinPavel @mail.ru)

This work was supported by the Russian Science Foundation (RSF) under Grant 24-19-00898.

ABSTRACT Digital cameras are widely used in a variety of applications, including medicine, security,
material characterization, and metrology. To reduce cost, increase dynamic range, and minimize noise,
accurate knowledge of camera parameters, including noise characteristics, is required. The most promising
camera noise estimation methods use a single image. However, most methods estimate the noise of the
acquired image rather than the intrinsic sensor noise of the camera. In this paper, a method is proposed
to estimate main noise components from a single image: light temporal, light spatial and dark noise. The
method is based on segmentation, multi-interval approximation, and weighted averaging. The method was
experimentally validated on a dataset obtained from a camera whose noise parameters were independently
measured. The noise estimation error was reduced to single-digit or several tens of percent, which is more
than 5 times better than using patch-based approximation. The proposed method can be used in signal and
image processing, for camera selection, noise reduction, image authenticity, and so on.

INDEX TERMS Noise estimation, sensor, image segmentation, multi-parameter approximation, weighted
averaging, noise level, photo-response non-uniformity, sensor, shot noise, uncertainty measurement.

I. INTRODUCTION due to acquiring certain data algorithms [21], corrupted data

Today, digital cameras are used in a wide range of applica-
tions [1]: medicine [2], [3], biology [4], [5], 3D detection
[6], [7], multispectral imaging [8], nondestructive testing
[9], person re-identification [10], gaze direction [11], object
tracking [12], vehicle counting [13], science [14], and oth-
ers [15]. For each application, specific characteristics are
important, including technical parameters (dimensions, pixel
count, bit depth), noise properties, and spectral and radio-
metric characteristics [16]. At the same time, manufacturers
often do not specify some characteristics, including camera
noise [17] and correct dynamic range values [18]. Noise
affects the resolution of optical-digital systems [19] and neg-
atively affects their calibration [20]. Noise can be increased
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[22], and low-light conditions [23]. To reduce noise, a digital
camera should be chosen for a required task and algorithms
should be used to increase image quality [24], [25], [26].
The most effective algorithms require the introduction of a
value describing the signal deviation [27], like in BM3D [28].
This deviation value can be calculated on the basis of the
camera sensor noise. Noise characteristics of existing devices
across different classes can be used for modeling [29], [30],
[31], [32] and checking the stability of optoelectronic sys-
tems to noise, generating data sets [33], understanding latent
correspondences across modalities [34], training neural net-
works [25], [30], [35], including autoexposure [36], low-light
photography [31], synthetic noise extraction [37] and correc-
tion of the photon transfer function [38].

Noise in digital camera sensors is classified into dark and
light components, and into temporal and spatial components.
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[39]. Light noise appears only in the presence of a signal,
while dark noise exists even in the absence of a signal. Spatial
noise is constant in time [40] and forms unique portraits
due to small differences in pixel sensitivity, while temporal
noise varies from frame to frame. In order to provide fast
and reliable measurements of digital camera noise, many
methods have been developed that require different num-
bers of images. The most accurate methods are specified
in the European Machine Vision Association (EMVA) 1288
Standard [39]. However, its realization requires the use of a
uniform scene and at least 50 series of images at different
brightness levels containing 2 frames each. The application
of this method is time-consuming and requires a special
experimental setup [41].

Therefore, methods based on automatic scene segmen-
tation have been developed to simplify and speed up the
estimation of camera noise characteristics [42], [43], [44],
[45], [46], [47]. The methods used different scenes: uni-
form [43], nonuniform [44], [45], [46], and strip [47]. The
required number of frames is 4 for the uniform scene
method [43], 2 for the nonuniform [44], [45], and strip [47],
and one for denoising [46]. The execution time and require-
ments for experimental setup are significantly reduced [42].
However, noise estimation requires recording of a special
scene frames.

The next step in the development of noise estimation meth-
ods is the evaluation of all noise components from a single
frame of an arbitrary scene. There are methods that estimate
noise from a single frame [46], [48], [49], [50], [51], [52],
[531, [541, [55], [561, [571, [58], [59], [60], [61], [62], [63],
[64]. However, they are essentially designed to estimate the
noise of an image rather than the camera noise. Therefore,
these methods typically provide only an upper bound of the
noise level [51]. Since the result of these algorithms is the
dependence of the signal deviation on the signal level, it is
not possible to separate the noise into temporal and spatial
light and dark components.

Another group of methods is deep learning-based
approaches [20], [31], [32], [65], [66], [67], [68], [69],
[70], [71], [72]. These methods require extensive training
on datasets containing either clean or noisy images. While
typically designed for image denoising tasks, these net-
works often focus on estimating the composite image noise
rather than strictly isolating the underlying camera sensor
noise [73]. However, photo response non-uniformity (PRNU)
remains challenging to extract, with some models treating
pixel responses as spatially constant [74].

Thus, the aim of this work is to develop an approach
that allows to estimate individually the noise characteris-
tics of a camera sensor from a single image. It uses the
obtained dependence of noise on signal level, grouping of
points of these dependencies and approximation for each
type of noise. The main contributions can be formulated as
follows:

1. The proposed method estimates total noise value from a
single image. For the first time, the results were successfully
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verified in optical experiments and compared with the noise
measurement by the EMVA 1288 Standard.

2. For the first time, the method estimates main noise
component ‘parameters according to the EMVA 1288 Stan-
dard [39] from a single image: light temporal, light spatial
and dark noise.

3. For the first time, PRNU value is correctly estimated
from a single nonuniform image. Previously PRNU value was
estimated from nonuniform multiple images in [75]. How-
ever, a) the method of [75] used multiple images, and b) these
images were significantly homogeneous (non-uniformity was
less than 20% of the signal).

4. For the first time, a dataset with experimentally mea-
sured sensor noise parameters according to standard spec-
ifications has been established. Existing publicly available
image databases [76], [77], [78], [79], [80] lack rigorously
validated noise characterization; typically, camera noise can
only be approximated based on empirical relationships [81],
which do not reflect actual sensor noise values. Although
dedicated datasets exist for estimating noise in both synthe-
sized [82] and real [83] camera images, they generally do
not provide natural images suitable for rapid noise parameter
estimation.

The paper is organized as follows. Section II describes
camera noise and existing techniques for measuring it.
Section III describes the proposed method for obtaining
individual noise components. Section IV gives experimental
validation results and comparison with patch-based approx-
imation of data. Section V discusses the obtained data and
the method features. The main results are given in the
Conclusion.

Il. RELATED WORKS

A. NOISE CLASSIFICATION

The currently widely used classification of noise is presented
in the EMVA 1288 Standard [39]. Noises of digital cameras
are divided into four subgroups: light temporal, dark tem-
poral, light spatial and dark spatial. Light temporal noise
appears when there is a light signal in a pixel and dark
temporal noise appears when there is even no signal in a
pixel. Temporal noises are not deterministic and take different
values at each moment of time. Spatial noise does not change
in time, as it is determined by the differences of pixels from
each other and other features of the sensor. Light temporal
noise corresponds to shot noise and is well described by the
Poisson distribution [84]. It is characterized by the conver-
sion gain K (digital numbers (DN) to charges conversion
coefficient) [84]. The gain K relates the number of charges
generated during the exposure in a pixel cell and the digital
signal in a frame. For the entire sensor the average value
of K is estimated [85]. The variance of light temporal noise
is proportional to the signal level and is determined by the
conversion gain, light temporal noise is expressed as number
of charges. Dark temporal noise arises from thermally gener-
ated charges, dark current fluctuations, and other stochastic
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processes. Its deviation is characterized by a single value
in digital units. Light spatial noise is generated first of all
due to small differences in the sensitive part of a pixel (fill-
factor). It is characterized by photo response non-uniformity
(PRNU), expressed in fractions or in percent. The deviation
of light spatial noise is calculated as the product of PRNU by
the signal in DN. Dark spatial noise is characterized by dark
signal non-uniformity (DSNU). The deviation of dark spatial
noise is expressed by the DSNU value in DN.

The total noise of a digital camera is described by the
following equation:

2 2 2 2 2 2
ot (S) = \/UTN +osv =V oy tOprv T 9Ly T Opsy

= S K + 03,y + (S PRNU)> + DSNU? (1)

where oy,(S) — total, oy — temporal, osy — spatial, orry —
light temporal, opry — dark temporal, oz sy — light spatial and
opsy — dark spatial noises, S — signal value. Sometimes the
uncertainty of analog-to-digital conversion [86] is considered
separately. It is called quantization noise and it’s standard
deviation is equal to:

1
O quant = EDN ~ 0.29DN 2)

B. NOISE MEASUREMENT ACCORDING TO THE
EMVA 1288 STANDARD
According to the EMVA 1288 Standard it is suggested to
record 50 series of uniform frames. Minimally each series of
images contains 2 images. It is necessary that the average sig-
nal of the series of frames should be equidistantly distributed
over the camera dynamic range, and it is obligatory to have a
dark series of frames and a series at the average signal level.
To increase the homogeneity of scenes, additional algorithms
are used to avoid shading and vignetting [87].

The main stages of noise measurement in accordance with
the EMVA 1288 Standard are shown in Fig. 1.

After recording all image series, (3-6) are used to calculate
the noises:

opey =E {Var {D}, } 3)
DSNU? = Var {E (D}, },, — oppy @)
ofmy = E {Var (L}, } — Opry &)
JVar {EALY},, — o3y — DSNU? — 0By
PRNU = E(S}y — E (D},
(0)

where E{... }; and Var{... ]; — expectation and variance oper-
ators, j is coordinates of the analyzed region, x and y are
coordinates of the image, ¢ is the image number (time coor-
dinate), D is a set of t dark images (3D array with x, y and ¢
coordinates [88]), L — a set of t light images (3D array with
x,y and t coordinates).

To estimate the gain K, the dependence of the temporal
noise on the signal level is plotted according to (3,5) and
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FIGURE 1. Measurement of camera noise according to the
EMVA 1288 Standard.

approximated curve provides +/S - K value for light temporal
noise (see (1)).

Using a data set of one hundred (or more) images, all
the noise components of digital cameras can be obtained.
The standard provides highly accurate estimates but is
labor-intensive and time-consuming. This leads even to the
development of special hardware and software equipment for
its realization [41].

C. NOISE ESTIMATION BY AUTOMATIC SCENE
SEGMENTATION

Automatic segmentation is the process of sorting signals and
signal deviations between frames, calculated based on at
least two images of a single scene [42]. Automatic segmen-
tation methods rely on a predetermined scene composition,
which can be a gradient image, stripes and rings of varying
brightness, uniform distribution, and etc. The methods used
different scenes: uniform [43], nonuniform [44], [45], [46],
and strip [47]. The required number of frames is four for
the uniform scene method [43], two for the nonuniform [44],
[45], and strip [47], and one for denoising [46]. The execution
time and requirements for experimental setup are signifi-
cantly reduced [42].

The most accurate method uses automatic segmentation of
registered uniform scene [43]. It allows for the evaluation of
all four sensor noise characteristics, as well as PRNU and
DSNU matrices. A stripe scene [47] allows all four noise
components evaluation based on a smaller number of images.
The method based on automatic segmentation of a non-
uniform scene [45] is the simplest and fastest to implement;
however, it only allows for the temporal noise evaluation.

Depending on the task, one method or another may be
preferable.

D. SINGLE-IMAGE NOISE ESTIMATION

Single-image noise estimation methods can be divided into
three groups based on their operating principles: filtering-
based, wavelet-based, and patch-based.
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Filtering-based methods [52], [53], [54], [55] are the least
complex. Noise is estimated by subtracting the filtered image
from the original one and removing edges in the obtained
image. The effectiveness of the method depends on the
quality of filtering and edge removal algorithms. However,
both algorithms depend strongly on parameter selection and
also have their own imperfections. Therefore, developing
a reliable filtering-based noise estimation algorithm is an
extremely challenging task.

A slightly more complex approach is based on the wavelet
transform. The resulting wavelet coefficients are used to
estimate noise [46], [48], [56], [57]. However, as in the
filtering-based approach, residual image boundaries signifi-
cantly degrade the reliability of noise estimation. To eliminate
their influence, edge removal, as in filtering-based methods,
was additionally used in [48]. In [57], a threshold value
was added, above which signals were removed from further
analysis.

The patch approach [49], [50], [51], [58], [59], [60], [61],
[62], [63], [64] has proven to be the most promising. The
image is divided into separate groups of pixels, within which
signal changes ideally occur only due to the presence of noise.
Such a group of pixels is called a patch. In [58] and [59], the
most uniform patches were identified by a threshold selection
and were then analyzed using principle component analysis.
In [61] and [64], noise was estimated by the calculation of
the covariance matrix eigenvalues in redundant dimensions.
In [64], images with additional noise were synthesized also,
and the noise was estimated by averaging over several images
in redundant dimensions.

The single-image methods are essentially designed to esti-
mate the noise of an image rather than the registering camera
noise. Therefore, usually an upper bound of the noise level
is estimated [51]. Since the result of these algorithms is the
dependence of the signal deviation on the signal level, it is not
possible to separate the noise into temporal and spatial light
and dark components.

It should be emphasized that most filtering-, wavelet-,
patch-, and deep learning—based single-image noise esti-
mation methods provide either (i) a global noise level,
(ii) a signal-dependent variance curve typically fitted by a
Poisson—Gaussian model, or (iii) pixel-wise variance maps.
These outputs correspond to composite image noise and
do not explicitly separate the contributions of light tempo-
ral, dark temporal, light spatial (PRNU), and dark spatial
(DSNU) components as defined in the EMVA 1288 Standard.
Consequently, a direct quantitative comparison in terms of
EMVA parameters (PRNU, K, and dark noise) is gener-
ally not possible without additional model assumptions and
reformulation.

E. DEEP-LEARNING BASED NOISE ESTIMATION
Recent progress in deep-learning has enabled the estimation

of image noise parameters from a single image [20], [31],
[32], [65], [66], [67], [68], [69], [70], [71], [72], overcoming
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several limitations of traditional methods that require special-
ized scenes or extensive acquisition protocols.

A seminal model, Deep Residual Noise Estimator
(DRNE), utilizes a 16-layer convolutional structure with
no pooling to preserve spatial information and outputs
pixel-wise variance maps. DRNE achieves fine-grained noise
estimation but is computationally intensive—processing a
500 x 500 image in 1.16s on GPU—and exhibits limited
generalization due to exclusive training on synthetic homo-
geneous noise [66]. FADNet introduces frequency-domain
attention, combining spatial features and multi-scale fre-
quency cues to achieve notable efficiency and accuracy; it
processes 512 x 512 images twice as fast as CycleISP and
five times as fast as MPRNet, with a compact architecture
(22M parameters, ~88MB) [67], [89], [90]. However, both
methods remain significantly more demanding than classical
approaches.

Further advancements leverage physics-based models and
contrastive learning (e.g., [32], [68],), employing archi-
tectures such as ResNet to disentangle signal-dependent
and independent noise components, including spatially-
structured noise. While comprehensive, these methods are
often tailored to specific sensor types (e.g., Bayer CFA),
with practical deployment hindered by high computational
requirements [32], [68], [72], [91] and first of all aimed to
denoise.

To address speed and resource constraints, lightweight
convolutional regressors like PGE-Net have emerged, using
input transformations such as the Generalized Anscombe
Transform to stabilize noise statistics. PGE-Net often esti-
mate noise parameter with reduced generality [46], [49],
[69]. Transformer-based solutions, such as Condformer with
Locally Noise Prior Estimation (LoNPE), embed noise priors
into self-attention modules, achieving higher accuracy but
incurring substantial memory and computational overhead
(27M parameters, 565 GFLOPs, 3.8GB GPU memory) [92],
[93].

The deep learning-based methods are typically designed
for image denoising tasks, and focus on estimating the com-
posite image noise rather than strictly isolating the underlying
camera sensor noise [73]. However, separation of noises,
photo response non-uniformity (PRNU) estimation and accu-
rate total noise value remains very challenging to extract,
with some models treating pixel responses as spatially con-
stant [74].

F. IMAGE DATASETS

Validation in single-image noise estimation is critically
dependent on datasets with known or unknown estimated
noise characteristics. Two main categories exist: syn-
thetic [76], [77], [ 78], [82] benchmarks, and real-world [79],
[80], [81], [82] datasets.

Synthetic sets using BSD [76], McMaster [77], or USC-
SIPI [78] offer ground-truth-established images but lack real
sensor artifacts, and their parametric models usually do not
capture complex real-world noise patterns.
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Real-world datasets serve as operational benchmarks.
The Smartphone Image Denoising Dataset (SIDD) provides
~30,000 noisy and reference image pairs obtained through
multi-frame averaging on five smartphone models, covering
varied ISO and lighting, though it lacks explicit per-pixel
noise decomposition [79]. The Darmstadt Noise Dataset
(DND) [80] focuses on diverse consumer cameras and sensor
sizes, employing paired high- and low-ISO acquisitions to
derive reference images; however, separate EMVA 1288 com-
ponent values must be estimated retrospectively. The Natural
Image Noise Dataset (NED2012) offers “‘experimentally
measured” noise curves but only for global two-parameter
Poisson—Gaussian models, making it insufficient for sepa-
rating all fundamental components [81]. Specialized datasets
(e.g., CRVD [94], PMRID for video [95]; ELD [74] for low-
light; HDR for high-dynamic-range) provide test cases for
challenging and specific use scenarios.

Fundamentally, no available real-world dataset supplies
direct ground truth for all four noise components accord-
ing to the EMVA 1288 Standard [39]. The synthetic [82]
and experimental [83] datasets with accurately estimated
noises according to the EMVA 1288 Standard do not con-
tain synthetic or natural amateur images. Most sets require
post-processing and incur additional uncertainties in both
extraction and evaluation [79], [80], [81]. High-fidelity
PRNU value validation is unavailable due to practical chal-
lenges in data acquisition.

ill. PROPOSED MODIFICATION FOR OBTAINING NOISE
VS SIGNAL DEPENDENCY

There are methods of noise estimation using a single image
[46], [48], [49], [501, [51], [52], [53], [54], [55], [56], [57],
[58], [59], [60], [61], [62], [63], [64]. However, they do not
provide a consistent signal-noise dependency in which each
signal level corresponds to a unique noise value. Usually they
provide set of points or an upper bound of the noise level [51].
This plot is required for estimation of noise parameters of
digital cameras according to the EMVA 1288 Standard [39].
Therefore, it is necessary to transform all the obtained values
to single standard output parameters. To satisfy these condi-
tions, firstly we proposed modification of single-image noise
estimation method.

A. THE PROPOSED MODIFICATION FOR OBTAINING
NOISE VS SIGNAL DEPENDENCY (THE METHOD'S 1ST
STAGE)

The original method of O. Laligant et al. [SO] estimate camera
noise from a single image. It is effective and simple patch-
based method. The signal is represented in the form:

I, =IH +n @)

where [ is the signal amplitude in a pixel, H is the Heaviside
function, n is the noise realization, which corresponds to
the probability density function Ppy, Py is the probabil-
ity density function of the noise distribution Ng. Polarized
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derivatives are calculated for noise estimation:

Ulf-’_ =T (Ink+1 - I"k)

015_ =-T [_ (g — Ink)]
‘7ch+ =T (by —In,)
of "= =T [~ (ly = In)] ®)

where T is a nonlinear threshold operator, T (1) = u when
u>0,and T (1) = 0 otherwise.

Further, the process of obtaining the estimate differs from
the original method of O. Laligant et al. The aim of the
changes is to obtain an estimate of the dependence of noise
on signal level. The original method of O. Laligant involves
estimating the image noise. In the proposed modified O.
Laligant method, the noise is estimated as follows:

R+y2 R—2 L+42 L—2
Noise, = \/(Uk ) + (Uk ) + (Uk ) + (Uk ) ©)

4

This formulation ensures robust noise estimation by incor-
porating all available data while suppressing local extrema.
Median filter with a 3 x 3 window is applied to the registered
image to obtain the signal value.

In order to represent the data in a form where one signal
level corresponds to one noise level, we apply segmentation.
It consists in grouping signals with a certain step. Each signal
corresponds to one deviation. In order to estimate the signal
value for a given step, we find the average values of all the
signals in the segmentation step. The noise variance is com-
puted as the mean squared deviation within each segment.
Noise is the square root of this variance. The main steps of
the modified method of O. Laligant are shown in Fig. 2.

Since the obtained noise—signal dependency serves as
the input for all subsequent stages, its accuracy directly
affects the final estimates of PRNU, gain K, and dark noise.
Significant distortions at this stage (e.g., due to highly het-
erogeneous scenes or strong deviation from the assumed
signal-dependent model) inevitably propagate to the final
parameters. Therefore, the reliability of the first stage is a
necessary condition for accurate EMVA-oriented decompo-
sition.

B. THE PROPOSED METHOD FOR CAMERA NOISE
COMPONENTS ESTIMATION (THE METHOD'S 2NP-g™H
STAGE)

The proposed modification of the O. Laligant method pro-
vides the dependency of noise on the signal level from a
single image. This dependency is a 1% stage of the main
proposed method and is a basis for extracting the individual
components of camera noise: light temporal, light spatial, and
dark noise. The whole process of obtaining noise parameters
from signals and the corresponding deviations consists of the
9 stages:

1. Application of proposed modification of the O. Laligant
method.
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FIGURE 2. Scheme of the proposed modification of the O. Laligant
method.

2.

3.

Readout of the signal array and deviation array from the
noise vs signal dependency.

Removal of data containing signals less than 10% of the
maximum and more than 90% of the maximum. The
exclusion of low- and high-signal regions is introduced
to suppress systematic distortions of the noise—signal
dependency. At low signal levels, the number of avail-
able samples is often insufficient for statistically stable
estimation, leading to high variance. At high signal
levels, sensor saturation and nonlinear response violate
the square-root behavior assumed by the EMVA-based
model. Retaining these regions significantly degrades
parameter stability. Therefore, signals below 10% and
above 90% of the dynamic range are excluded to ensure
physically consistent approximation.

Partitioning of the obtained noise dependence on the
signal level into sections:

a. Finding the difference of the minimum and maximum
signals.

b. Counting the number of unique signal levels between
minimum and maximum signal. This allows select
an adequate number of noise vs signal dependency
steps on further method stages, taking into account
estimated bit depth of the camera. For modern digital
cameras with standard dynamic range the reasonable
number of the dependency steps is from 10 to 100.
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c. Selecting the number of segmentation steps in the
range of 10 to 100.

d. Calculation of step St; for dividing the dependence
of noise on signal level. Step St; is determined by
dividing the difference of the minimum and maxi-
mum signals by the number obtained in stage 4c.

5. Using the data points separated by the intervals Inl,

calculated in stage 4.4 as the centers of the new small
intervals Iny. The new small step St, for the intervals
Iny is equal to the half of that one obtained in stage 4d.
Shifting the smaller intervals Iny (one per new step)
in the direction of signal decrease and increase, the
dependence is divided into sections. These sections have
different sizes, because the data points separated by
intervals In; are differently located between the mini-
mum and the maximum values. Actions on one large
initial step St; end when the edges of the interval reach
the minimum and maximum.

. Approximation of the dependence of the total noise

on the signal level at each interval according to the
equation:

o (x) =Va2x? + bx + 2 (10)

where x is the signal, a is an approximation of the PRNU
value, b is an approximation of the gain K and c is an
approximation of the dark noise:

¢ = /o2 + DSNU? (11)

a. Approximation of the dependence of temporal noise
on the signal level at each interval according to the
equation:

oy (x) = /bix + 3 (12)

b. Approximation of the spatial noise dependence on the
signal level according to the equation:

oy (x) = /aix? + c3 (13)

c. Parameters al and b1 are used as initial values of the
a and b, respectively. The smallest of ¢; and ¢ is
the initial value of parameter c. Next, the dependence
of the total noise on the signal level is approximated
using such values as initial ones.

. Forming arrays of PRNU, K and dark noise estimates

obtained from approximations over all intervals of In;
and Iny. At the same time, arrays of interval lengths
and standard deviations (STDs) corresponding to each
of these noise estimates are formed. STD is calculated
between two dependencies that were estimated using the
interval analysis and using the whole range of signals.

. Calculation of weighting factors for PRNU, K, and dark

noise. The weighting strategy is based on two fundamen-
tal assumptions:
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a. The larger the signal interval used for approximation,
the more reliable the estimate, since it is supported
by a greater number of samples. Extremely small
intervals may not contain sufficient statistical infor-
mation and therefore should not dominate the final
result. Such intervals are interpreted as local correc-
tive adjustments rather than primary contributors.

b. Noise parameters of modern digital cameras lie
within relatively stable practical ranges. Esti-
mates that strongly deviate from these ranges are
more likely to arise from local distortions of the
noise—signal dependency. Therefore, the weighting
mechanism moderately reduces the influence of such
outlying estimates while still retaining them to avoid
artificial truncation of valid but rare cases.

Thus, the weights can be interpreted as composite
confidence indicators combining statistical support and
physical consistency.
Each of the weighting factors has two coefficients. The
first coefficient is common for all 3 noise parameters.
It is calculated as the ratio of two values: the normalized
interval value and normalized STD value for this esti-
mation. The interval value is normalized to the size of
the considered data set (noises and averages), to which
the considered estimation corresponds. The STD value
is normalized to the maximum of all STDs obtained on
all intervals of the In; and In,. The second coefficient
was calculated on the basis of experimental observations
of the internal statistics of the PRNU, K, and dark noise
estimation arrays:
a. Weighting coefficient for PRNU.
The PRNU magnitude is typically on the order of
1073 [39], as confirmed by experimental observa-
tions [42]. The weight for PRNU is calculated as the
modulus of the normalized difference of the decimal
logarithms of PRNU (for a given interval) and 1073
normalized to the maximum modulus of the differ-
ence of these quantities over all intervals In; and
In,. Calculation through the logarithm was chosen
because it is convenient to represent PRNU as 107"
in order of magnitude. To ensure the necessary cor-
rect distribution of weights, the obtained values are
subtracted from 1:

Wernu (i, )
| llog1o (PRNU (i )| — |log o (0.001)|
o MAX (Normpgny )
Normpgyy

= ||log1o (PRNU (i, j))| — |log1 (0.00D)||  (14)

where PRNU(i,j) is the array of PRNU estimates, (i,j)
are the number of columns and rows of the PRNU(i,j)
array.

PRNU value using nonuniform frames were esti-
mated in [75]. However, the frames had low
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non-uniformity (less than 20%), and PRNU value
was estimated from multiple images. Therefore,
an additional novelty of our work is the first time
PRNU value estimation from a single nonuniform
image.
b. Weighting coefficient for K.

The estimate of the gain K is in many cases [42]
close to those obtained by more accurate methods.
The weight for gain K is calculated as the modulus of
the difference between two values: the median value
for all intervals of In; and In; and the one under
consideration. The obtained value is normalized to
the maximum modulus of the difference of these
values at all intervals In; and In,. To ensure the
correct distribution of weights, the obtained values
are subtracted from 1:

ca |y K (i, j) — median (K (i, j))
Wi (i.) = ’1 ‘ MAX (Normy) H
Normg = |K (i, j) — median (K (i, j))| (15)

where K(i,j) is the array of estimates of the gain
conversion K, median(K(i,j)) is the median value for
the array of estimates K(i,j), (i, j) are the number of
columns and rows of the array K(i,j).
c. Weighting coefficient for the dark noise.

Usually there are few pixels on the image that can
be used for dark noise estimation. This is due to the
fact that regions with very dark signals are rare in
a random image. Only special scenes (e.g., strongly
gradient [44], [45] or strip [47]) can have both dark
and light regions. Therefore, the weight for dark
noise was calculated depending on the number of
close dark noise estimates obtained. The fewer the
number of neighboring dark noise estimates within a
tolerance range, the greater the assigned weight:

Waark (l,])
_ |, Num i
B N xM

N M
Num (i.j) = D>
k=1 I=1
1, if round (Dark (i,j) — Dark (k,1)) =0
0, if round (Dark (i,j) — Dark (k,1)) # 0
(16)

where N, M — number of columns and rows of the
dark noise array Dark(i, j), round — rounding operator
to the nearest integer, Dark(i, j) — array of coefficients
of dark noise estimates, (i, j) and (k, /) — row and
column numbers of the Dark(i, j).
Due to the dependence of the weight on interval
size and stability, a small number of narrow inter-
vals cannot dominate the final estimate under normal
operating conditions. Only intervals that simultaneously
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provide sufficient statistical support and physically con-
sistent parameter values obtain substantial influence
in the final aggregation. In particular, intervals with
larger signal spans inherently receive higher weights
because they contain more samples and therefore yield
more stable regression estimates, whereas narrow inter-
vals are treated as local refinements with reduced
influence. In parallel, estimates that deviate signifi-
cantly from the median or from physically plausible
ranges are down-weighted through normalization pro-
cedures, ensuring that anomalous values contribute only
marginally to the final aggregation. The chosen segmen-
tation parameters ensure that each interval contains a
sufficient number of samples for stable regression while
preserving sensitivity to local deviations. Moderate vari-
ation of these parameters does not significantly affect the
final weighted estimates.

. Obtaining the final estimates of light and dark noise
using the weighted averaging:

> Werny (i, j) PRNU (i, j)

PRNU = 17
> Wernu (0, ) an
> Wk (i, ) K (i, ))
K = 18
> Wk (i, )) (15
Dark — Z Wdark (Lj) Dark (iaj) (19)

Z Wdark (l:])
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FIGURE 3. Main steps of the proposed method for noise estimation from a single image.

The main steps of the proposed method for noise estima-
tion from a single image are shown in Fig. 3.

The proposed method allows for more efficient approxima-
tion than the standard approaches for the following reasons:

1.

2.

3.

The experimentally obtained points are divided into
multiple sections. In result the amount of input data is
increased and thereby small sections can be taken into
account.

When considering multiple sections, a statistical method
can be used. This method is weighted averaging with a
well-founded construction of weighting coefficients.
Weighted averaging allows for effective use of a priori
information about the noise characteristics of digital
camera sensors.

IV. EXPERIMENTAL VERIFICATION OF THE METHOD

A. NOISE VS SIGNAL DEPENDENCY ESTIMATION

The proposed method was verified on the real images. To val-
idate the proposed modification described in Section III-A

(1st

stage of the method), we registered images by con-

sumer mirrorless camera Canon EOS M100 (CMOS sensor,
6000 x 4000 pixels, 3.7 x 3.7um pixel size). The images from
the dataset (dataset of consumer images, DCI) can be found
in [96]. The measured by the Standard EM VA 1288 noises of
the camera [42] are presented in Table 1. Since the camera
uses a colour sensor, only pixels corresponding to one colour
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TABLE 1. Measured by the standard parameters.

Parameter Value
PRNU, relative units 0.0092+0.0003
DSNU, DN 0.191+0.005
K, DN/e 0.781+0.006
odt, DN 2.479+0.004

channel were used. Linear unprocessed images were obtained
in standard graphical format using a dcraw converter [97].

Examples of the registered images for the methods testing
are shown in Fig. 4: shots of amateur (Fig. 4a,b,c), non-
uniform (Fig. 4g), uniform (Fig. 4h) and strip scene (Fig. 4j).
Firstly, the modified method O. Laligant was applied to the
images. This is the 1 stage of the main proposed method.
The obtained dependencies of total noise on signal level are
shown in Fig. 4d-f, k-m. For comparison, the dependencies
obtained by the EMVA 1288 Standard were shown also.

For nonuniform (Fig. 4g) and uniform scenes (Fig. 4h),
the estimated dependencies closely match the EMVA refer-
ence curves (Fig. 4k-1). The dependencies (Fig. 4d-e) for the
amateur images in Fig. 4a-b provide satisfactory degree of
similarity with the Standard. For the amateur image in Fig. 4c
the method overestimates the noise in the first half of the plot
and underestimates in the second half (Fig. 4f).

The quality of the obtained dependency visually indi-
cates whether reliable parameter extraction is possible.
Strong deviation from smooth square-root behavior or limited
dynamic-range coverage signals insufficient suitability of the
input image for EMVA-based decomposition.

Therefore, for reliable noise estimation, images with
smooth nonuniform gradients are preferable. An example of
an available method of obtaining a nonuniform image in an
amateur environment is sunset recording.

To evaluate the robustness of the proposed weighting
scheme, a dataset consisting of 361 raw images acquired
under varying illumination conditions, ISO settings, aperture
values, and exposure times was analyzed (Canon EOS M 100,
6000 x 4000 pixels). For each image, the full set of interval
weights used in the final averaging procedure was extracted
and statistically evaluated. The relative dispersion of interval
weights with respect to their mean value was calculated.
Across the entire dataset, the average dispersion was approx-
imately 25%. This observation demonstrates that larger and
statistically stable intervals receive greater weights, confirm-
ing that the method differentiates between more and less
reliable approximations. The moderate dispersion indicates
that no small subset of intervals systematically dominates the
final estimates. The contribution remains distributed across
multiple segments of the noise—signal dependency.

B. APPROXIMATION OF THE PATCH-BASED OBTAINED
DEPENDENCIES

The patch-based approximation considered here corresponds
conceptually to classical Poisson—Gaussian noise fitting
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approaches [73], which estimate signal-dependent variance
but do not perform explicit EMVA component separation.
Therefore, this experiment serves as a representative baseline
for single-image composite-noise estimation methods.

The modified method O. Laligant provides noise vs signal
dependency. This is 1% stage of the main proposed method
of the noise estimation. To demonstrate the method possi-
bilities, we firstly evaluated noise characteristics by direct
approximation of the dependencies. The direct approximation
consists of 3 stages:

1. Application of proposed modification of the O. Laligant
patch-based method.

2. Readout of the signal array and deviation array from the
noise vs signal dependency.

3. Approximation of values by the function that has the

form v/ a?x% + bx + ¢2, i.e. it corresponds to (10).

Since this algorithm is based on the data from the modified
0. Laligant method, it is patch-based approximation.

The obtained estimates are shown in Table 2. Percentage
deviations from the values measured with the Standard are
also given. In the Section I'V-C these results will be compared
with the main proposed method.

It can be seen that it is practically impossible to obtain a
correct estimation of light spatial and dark noise when using
the patch-based approximation. The estimation error is often
hundreds of percent. The conversion gain K estimates in most
cases coincide in order of magnitude with the Standard ones.
However, for this parameter one can see both cases of signif-
icant error and acceptable accuracy. The highest estimation
accuracy is achieved when using nonuniform images.

Thus, we can conclude that in order to obtain adequate
noise estimates by single-image methods, it is necessary to
use as nonuniform frames with smooth gradients as possible.

C. NOISE ESTIMATION BY THE PROPOSED METHOD

The dependencies in Fig. 4 are the 1st stage of the main
method of the digital camera noise characteristics estimation.
Using these plots, we evaluated noises by the method (see
Section IV). The obtained estimates are shown in Table 3.
Percentage deviations from the values measured with the
Standard are also given.

Table 3 shows that in the majority of cases the noise esti-
mation errors had been reduced from hundreds of percent (see
Table 2) to tens and even units. The proposed method failed
2 times only, which is indicated by dashes in the Table 3.

To evaluate robustness with respect to signal interval selec-
tion, various truncation configurations were tested: 10-90%
(baseline), 1-99% (extended), and 20-80% (restricted mid-
range). The results show that the proposed method remains
stable under moderate threshold variations, and the quali-
tative conclusions remain unchanged. When the interval is
extended to 1-99%, parameter dispersion increases slightly.
This effect is caused by inclusion of boundary regions:
low-signal regions are affected by quantization noise and
residual offsets, while near-saturation areas may violate
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FIGURE 4. Images of amateur (a-c), non-uniform (g), uniform (h) and strip (j) scenes and the corresponding dependencies (below the images: d-f, k,

| and m) of total noise on signal level.

linear response assumptions. Restricting the interval to 20—
80% improves numerical stability and reduces variability
across images. However, the reduced dynamic span decreases
slope sensitivity, which may slightly increase uncertainty of
the gain estimate when signal variation is limited. These
observations indicate a bias—variance trade-off in truncation
selection: wider intervals increase information content but
introduce boundary sensitivity, whereas narrower intervals
improve robustness at the cost of reduced dynamic leverage.

V. DISCUSSION

To analyze the results and identify the most effective methods
for noise estimation from a single image, we estimated the
average error for different types of images. The information
is presented in Table 4. Percentage deviations from the values
measured with the Standard are also given.
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In order to demonstrate the results in a convenient form,
we made diagrams. They are summarized in Fig. 5. The accu-
racy of noise estimation is presented. For each type of scene,
the point on the diagram corresponds to a value from the worst
(at the center circle) to the best (at the outer circle). Therefore,
the larger the area of the green heptagon, the better and more
accurate the method performs. Results are shown for two
cases of frames: the most popular common (amateur) images
and the most suitable nonuniform scenes. If the dot is located
on the outer circle, the noise estimation is fully consistent
with the EMVA 1288 Standard measurements. If the point is
located on the inner circle, the difference of noise estimation
from the Standard is 100% or more. The further from the
center the number of failures is located, the fewer errors
occurred in the process of experimental testing of the method
and, therefore, the more reliable it is.
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TABLE 2. Noise estimation by patch-based approximation.

Image type Value Deviation from the
PRNU, rel.un. Standard value, %

Amateur 1 3.7-10° 99.6
Amateur 2 2.2:107 100
Amateur 3 0.23 2400
Nonuniform 0.088 860
Uniform 0.0087 5.8
Strip 7.3:10* 92
Image type Gain K, DN/e
Amateur 1 0.93 19
Amateur 2 1.0 28
Amateur 3 26 3300
Nonuniform 0.78 0.4
Uniform 1.0 34
Strip 3.4 330
Image type Dark noise, DN
Amateur 1 52 2000
Amateur 2 23 840
Amateur 3 0.032 99
Nonuniform 0.010 99.6
Uniform 0.012 99.5
Strip 0.014 99.4

Thus, the proposed method is promising for amateur-level
camera noise estimation. It can be seen that the method can be
applied to various images. The special prepared images pro-
vide better noise parameter accuracy. Even random amateur
images yield errors on the order of tens of percent, which was
previously unattainable using single-image approaches.

Nonuniform images provide the best accuracy among con-
sidered object types. Such an image can be realized extremely
easily. For example, you can take images of sunset or the
gradient zones of the surrounding world. Another example
is making shots when the part of the radiation directed to the
camera sensor is blocked. In this case image includes both
light and dark areas.

The proposed method is very fast compared to the stan-
dard measurements. The camera noises are estimated by the
proposed method using a single image only. The standard
requires registering about a hundred of images of dozens
scenes.

The overall accuracy of the method is primarily determined
by the correctness of the estimated noise—signal dependency
at the first stage. When this dependency is consistent with the
physical Poisson—Gaussian model, the multi-interval approx-
imation and weighted averaging effectively suppress local
deviations and reduce estimation variance. However, if the
input image contains strong structural heterogeneity that vio-
lates the assumptions of the initial estimation algorithm, the
resulting dependency may be biased, leading to inaccurate
EMVA parameter extraction. In such cases, the limitation is
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TABLE 3. Noise estimation by the proposed method.

Image type Value Deviation from the
PRNU, rel.un. Standard value, %

Amateur 1 0.0064 31
Amateur 2 0.0091 1.1
Amateur 3 0.010 8.4
Nonuniform —
Uniform 0.0084 8.3
Strip 0.0094 2.5
Image type Gain K, DN/e
Amateur 1 0.27 65
Amateur 2 0.44 44
Amateur 3 0.15 81
Nonuniform 0.75 33
Uniform 0.57 27
Strip 0.39 50
Image type Dark noise, DN
Amateur 1 43 74
Amateur 2 2.9 16
Amateur 3 —
Nonuniform 0.27 89
Uniform 6.5 160
Strip 0.85 66

TABLE 4. Mean noise estimates error for the proposed method.

Amateur L .

Image type images Special images  All images
PRNU, relative units
Absolute 0.0012 0.0005 0.0009
deviation
Relative
deviation, % 13 >4 10
K, DN/e

Absolute 0.50 021 0.35
deviation
Relative 63 27 45

deviation, %

Dark noise, DN

Absolute 1.1 2.6 2.0
deviation
Relative 45 106 81

deviation, %

associated mainly with the initial single-image noise esti-
mation stage rather than with the proposed decomposition
framework.

Although the proposed method improves robustness
through segmentation and weighted averaging, reliable esti-
mation requires that the initial noise—signal dependency
satisfies several conditions. Failure cases may occur under the
following conditions:

1. If strong structural variations dominate local statistics,
the single-image noise estimation stage may produce a
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FIGURE 5. Performance of the proposed method for a single nonuniform
and common (amateur) images. Quality of PRNU, gain K and dark noise
DN estimation and number of failures (errors) are analysed. The larger
the area of the green heptagon is, the more accurate the proposed
method works.

distorted dependency. In this case, the deviation curve
does not reflect sensor noise but residual scene structure.

2. Small image sizes or limited signal diversity reduce the
number of samples available per interval, leading to
unstable approximations and increased variance of the
estimated parameters.

3. The EMVA-based decomposition assumes square-root
dependence of temporal noise on signal level. If the
empirical curve strongly deviates from this model (e.g.,
due to saturation, nonlinear processing, rolling shutter
effects, or internal camera corrections), reliable separa-
tion of components becomes problematic.

Highly textured scenes, sharp edges, extreme low-light
conditions and partial saturation or nonlinear camera pro-
cessing can lead to violation of the Poisson-Gaussian noise
approximation. Therefore, to ensure applicability of the
method, the goodness-of-fit of the square-root approximation
(e.g., normalized residual error or coefficient of determina-
tion R?) should be evaluated. A low fitting quality indicates
that the image does not satisfy the assumptions required for
reliable parameter extraction. At the same time wide dynamic
range generally improves estimation reliability, as it provides
broader signal coverage and increased statistical support for
approximation.

Future work includes validation on additional camera types
(both CCD and CMOS) as well as systematic sensitiv-
ity analysis and formal determination of optimal heuristic
parameters. Another direction of further investigation is ver-
ification of the method on initial data that were obtained
by other ideas. A systematic comparison with representative
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filtering-, wavelet-, and deep learning—based single-image
noise estimation methods, combined with adaptation of
their outputs to EMVA 1288 parameters, is part of our
ongoing research. Such comparison requires reformulating
composite noise estimates into physically interpretable sen-
sor parameters, which is beyond the scope of the present
validation-focused study. The current work should therefore
be considered as methodological approbation of the proposed
EMVA-oriented decomposition framework.

VI. CONCLUSION

For the first time, a method for accurate estimation of digital
camera noise parameters from a single image is proposed.
The method uses segmentation and multi-parameter anal-
ysis of signal deviation dependencies on the signal level.
It can estimate light spatial noise, PRNU value, light temporal
noise, and dark noise separately.

The proposed method was experimentally verified.
It yields a significant increase in noise estimation accuracy
compared to even patch-based data approximation. The noise
estimation error is reduced from hundreds of percent to units
and several tens of percent.

The method is a very promising and can be applied to
various images. Nonuniform images provide the best accu-
racy. Additionally, the method is significantly faster than
measurements performed according to the standard.

The method can statistically separate light noise of differ-
ent types from each other and from dark noise, which can be
useful in a number of image processing tasks, including noise
reduction, pattern recognition, and camera identification.
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