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Abstract

We present an image sensor noise model that can be used in a
complete image system simulation that includes image generation,
lens degradations, and ISP (Image Signal Processing), and can
produce classic measurements (SFR, noise, etc.) as well as new
information metrics such as information capacity and SNRi. [1]

The noise model is derived from a classic Photon Transfer Curve
(PTC) [2] obtained from one or more raw (undemosaiced) images
of a high dynamic range grayscale test chart. Image sensor noise
is composed of three factors.

1. Dark noise, which includes electronic noise, dark current
noise, DSNU fixed-pattern noise, and noise from several other
sources. It is independent of signal amplitude, A.

2. Photon shot noise, which varies with v/4, and
3. PRNU fixed-pattern noise, which varies linearly with A.

The coefficients for the three factors are determined using a
Levenberg Marquardt optimizer [3] that provides an extremely
close fit between the measured data and the calculated PTC. The
coefficients can also be derived from EMVA 1288 measurements,
which are more accurate and detailed, but require the acquisition
of a large number of images.

We show how the model can predict performance over a wide
range of conditions, and most importantly, for low light.

Introduction

The image sensor noise model, to be described, is
intended for use in a camera simulation such as Ima-
test’s Simatest|[1], which can be summarized by the
following block diagram.

Generate Input image (test chart):
same resolution as image sensor
I

| Lens degradation: from lens design program or measurement |

|
Image sensor noise model:
from Photon Transfer Curve or EMVA 1288

I

ISP: Image Signal Processing: sharpening, bilateral filtering,

color correction, much more...

¥

| Display results: standard and information-based metrics |

Figure 1. Camera simulation block diagram

Prior to running the simulation, the noise model must
be calculated in a separate program by analyzing a to-
tally raw (undemosaiced) image of a High Dynamic
Range (HDR) test chart. It can also be derived from
EMVA 1288 measurements [4].

The input image to the camera simulation may be

e Anacquired image — either raw or demosaiced,
usually with minimal processing. Since acquired
images contain noise, the noise model is not
applied by the simulator.

e Asimulated image, preferably including a test chart
with 4:1 contrast slanted edges, which can be used
for calculating camera performance.

Although any image can be used for the simulation
input, images of test charts that contain 4:1 contrast
slanted edges are recommended for calculating camera
performance. Images of High Dynamic Range (HDR) test
charts are also of interest.

Sequence of operations — For simulated images, a
lens degradation must be applied. This can be accom-
plished by processing the image with a lens design utility
such as CODE V [5] or Zemax Optic Studio [6], or by mea-
suring a minimally-processed demosaiced image and
applying a gaussian blur in the simulator so its output
matches the measured sharpness, expressed as Spatial
Frequency Response (SFR), which is often used
interchangeably with Modulation Transfer Function
(MTF). [1SO standards have been moving from M7TF to
SFR, but MTF is still more familiar.]

For simulated images, the image sensor noise model
is applied.

For all images, Image Signal Processing (ISP) can be
applied.

Results — The resulting image can be analyzed for
standard metrics such as SFR(MTF) as well as new
information-based metrics.

We will compare measurements of acquired and
simulated slanted-edge test patterns at EI 100 (the base-
line sensitivity) and EI 3200 (a very high exposure
index, which represents extremely low light).

The image sensor noise model

Raw (undemosaiced and unprocessed) images have a
remarkable property: the noise, /; in each patch is a
function of the mean digital number (DN;) or norma-
lized signal amplitude, V; = DN;/DNmax (Where DNmaxis
the maximum DN for the system, typically 271 for bit
depth = n), independent of the color.

This allows a Photon transfer Curve (PTC) [2] —a
plot of calculated noise, orrg as a function of exposure
(-chart density) — to be calculated from a raw image of
a High Dynamic Range (HDR) test chart, such as a 36-
patch Dynamic Range chart (Figure (2)) or the new
Information-based Dynamic Range (InfoDR) chart [17]



(Figure (3)). The HDR chart should have an optical
density range of at least 3, and preferably 4 (greater
than reflective charts can support) so low pixel levels,
representing dark noise, are present.

Figure 2. 36-patch High Dynamic Range chart
(new V2 patch arrangement, modified to minimize ghost images
from lightest to darkest patches.)

Figure 3. Information-based Dynamic Range (InfoDR) chart [17]

The PTC (Figure 4), which displays noise, orrc, as a
function of exposure, V' (-chart density), is the heart of
the image sensor noise model, enabling camera perfor-
mance to be predicted for a wide range of conditions.

oprc(V) = \/kl%ldark + kIZVshotV + k12=RNUV2 €]

where

e kndark is the coefficient of total dark noise, which is
fixed — independent of exposure V. It combines
electronic (Johnson) noise, which is temperature-
dependent, dark current noise (affected by exposure
time for relatively long exposures), Dark Signal
Nonuniformity (DSNU, a form of fixed-pattern
noise), and several additional noise sources,

*  knwshotis the coefficient of photon shot noise, which
increases with \/V.

* kprivuis the coefficient of Photo Response Nonuni-
formity (PRNU) — a fixed-pattern noise, which
increases with V.

Figure 4 shows a PTC for an image acquired from the
24-megapixel APS-C camera with an excellent 60mm
f/2.8 macro lens set to f/8, converted from raw to RGB
with LibRaw [7], without demosaicing or any other pro-
cessing, that is used in the examples below.
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Figure 4. Photon Transfer Curve from acquired raw image
(0p1c(V)): Gray curve, frequently obscured by
Ng, Ner, Ng, and Ng, noise data.

Measuring the noise model parameters

Photograph an HDR test chart (Figure 2 or 3) ina
darkened room: every effort should be made to mini-
mize stray light. For cameras with moderate to high
resolution, the active chart image should be in the center
of the frame, i.e,, it should generally notfill the frame.

Acquire the image in a raw format (usually Bayer
raw, but other CFAs work equally well),

Many “raw” files from commercial cameras contain a
digital offset, Vogr = DNosr/ DNmax, whose value is typi-
cally unknown. Vo must be subtracted from the norma-
lized input amplitude, Vinpue, to obtain a correct PTC.

V= Vinput - Voff (2)

The Appendix shows how subtracting an estimate of
Vorr affects the PTC, and it contains an algorithm for esti-
mating a value of Vog that results in a reliable, consistent
PTC and noise coefficients.

The three noise coefficients in Equation (1) can be
calculated by means of a Levenberg-Marquardt optimi-
zer [3,8-10], which is a well-known algorithm for finding



a least-squares solution of an overdetermined system of
nonlinear equations. The optimizer is set up to minimize

Ndata

Error = Z (Nl-z(V,-) - oﬁrc(Vi))/Nf(Vi) 3

i=1

The division by the measured noise power, N2(V), is
required to give dark and light regions similar weighting
so that Awvdark can be accurately calculated along with
Kknshor and kprwu.

The speed and final results are somewhat (but not
strongly) dependent on the initial estimates of the coeffi-
cients. Assuming that the Ndatavalues of V;and N;have
been sorted in order of increasing V, we obtained good
results using initial values,

kNdark(init) = min(Ni) %)
Nz%d ta — led ta/2
sthot(init) = \]V — —v 2/ (5)
Ndata Ndata/2
k init
kPRNU (lnlt) = NSho;( ) (6)

Levenberg-Marquardt optimizers can be found in the
MATLAB Optimization Toolbox [8] as well at the MAT-
LAB File Exchange [9,10], and should be available for
any widely-used programming language.

Noise parameters from EMVA 1288

The European Machine Vision Association EMVA
1288 standard (now also ISO 24942) [4], is a compre-
hensive and well-established set of measurements for
characterizing the signal and noise response of image
sensors. It is especially good for separating fixed-pattern
from temporal noise sources. But it respires the acquisi-
tion of a large number of flat-field images at well-con-
trolled illumination levels.

EMVA 1288 measurements can be converted into
input for Imatest’s Simatest simulator, allowing them to
be used for predicting system performance. The table
below presents the key measurements and units.

Measurement EMVA Units
symbol
Temporal dark noise Od OI Opark @ €-—
Dark Signal Nonuniformity DSNUiso e-
DSNU
Dark current (noise) Hc Or Ipark | e-/s
Gain (DN/e-) K DN/e-

(Photon shot noise = \/K/DN .4, )

Photo Response PRNUiso %
Nonuniformity PRNU
Saturation capacity He.sat e-

From ISO 24942, section 15.2 and Annex A or
EMVA 12288 4.0, section G.

DN = Digital Number

e- = electrons

s = exposure time in seconds

V = normalized amplitude = DN /DN,,,, , where
DNpax is the maximum digital number for the system,

typically 271 for bit depth = n,

The key EMVA 1288-derived measurements for the
simulator input are

v
Knpari = \/ag + DSNU? + (ipgries)? X Gain (;) )

" _ |Gain(DN/e-) K g
Nshot — DNmax - DNmax ( )
PRNU (%)
kprnu = T C)]

Information theory and metrics

Since we have discussed information theory and
metrics in several papers [13,14,17], we will present
only the briefest summary here. Information theory was
developed by Claude Shannon in 1948-49 [11,12]. It has
long been of interest in imaging [15,16], but it never got
much traction because measurements were cumber-
some and error-prone.

That changed in 2023, when Imatest developed a
trick for measuring the signal and noise from the same
location in slanted edges. In essence, an image is a com-
munication channel with an information capacity. ¢ in
units of bits per pixel.

Shannon-Hartley equation for Information capacity, C

2

SN = ((Viighe — Vaarr) SFR())" /12 .

is the mean signal power derived from the T
edge, V(x): includes sharpness (SFR(f)). i

e Edge V(x) |
Viark = e |

B
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NPS(f) is the Noise Power Spectrum,
from the noise image

Bandwidth B is always the Nyquist
frequency, 0.5 Cycles/Pixel.

Figure 5. Shannon-Hartley equation for information capacity, C.

The accompanying Electronic Imaging 2026 paper,
“Information-based Dynamic Range” [17], describes (%,
which is the information capacity directly measured
from an ISO 12233-standard [18] 4:1 contrast slanted
edge. Cyis the amount of information that can be con-



veyed in a pixel for a 4:1 contrast object, making it an
excellent metric for quantifying exposure-dependent
camera performance.

Note that since C is a function of image contrast
(Viight — Vaarx), sharpness (SFR(f)), and Noise Power
Spectrum (NPS(f)) (Figure 5), we regard it as a com-
pleteimage quality metric (at the pixel level), in distinc-
tion to the three factors in its calculation, which we
regard as partial metrics.

Simulated images and Photon Transfer Curve

A bitmap version of the original test chart image was
read into the Simatest simulator [1], then converted to a
pseudo-Bayer raw image by placing the appropriate RGB
channel data into each pixel using a Bayer color filter
array (CFA) pattern: {RGRG; GBGB; ...}.
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Figure 6. Photon Transfer Curve (Oprc(V)) showing
data, N(V), from simulated pseudo-raw image.
Nearly identical to the acquired image in Figure 4.

The values for the three noise coefficients, taken from
Figure 4, were applied to a simulated pseudo-raw image,
which was analyzed to produce the Photon Transfer
Curve shown in Figure 6. As shown in the table below,
the noise coefficients are nearly identical to the acquired
image in Figure 4.

RGB with LibRaw [7] with minimal processing (de-
mosaiced, but no sharpening or noise reduction).

e Right: Simulated, with a gaussian filter with o= 0.55
pixels applied so the MTF matches the acquired
image. The relative amplitudes of the R, G, and B
channels were also applied.

Acquired image
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Figure 7. Average Edge and MTF for
acquired image (left) and simulated image (right)

The results are similar, with both M7F50 and Csnear-
ly identical. But MTFabove the Nyquist frequency (fyg =
0.5 ¢/p) is different for the two plots, possibly as a result
of different edge shape assumptions or demosaicing
algorithms. But it doesn’t make much difference for per-
formance because the calculation of information capa-
city, G omits £> fyyq (Bin Fig. 5).

Low-light performance

The four MTFresults in Figure 8 consist of acquired
and simulated images at Exposure Index (EI) 100 and
3200.

(UL) Acquired EI 100 image is the baseline for compa-
rison. It has been demosaiced and minimally pro-
cessed (no sharpening or noise reduction).

(UR) Simulated EI 100 image started as an ideal
image. A gaussian blur (o= 0.55 pixels) to match
MTF50, the PTC noise parameters, and RGB balance
(Figure 4) were applied.

Coefficients | Knaark Knshot Kzrrvy
Acquired, Fig.4 | 0.0001623 | 0.005499 | 0.005397
Simulated, Fig. 6 0.0001665 | 0.005537 | 0.005859

(LL) Acquired EI 3200 image, demosaiced and
minimally processed.

Simulated vs. acquired image performance
Figures 7 contains the mean edge response and MTF
(SFR) for a 4:1 contrast slanted edge for acquired and
simulated images.
o Left: captured from the same 24-megapixel camera
referenced above, and converted into 48-bit Adobe

(LR) Simulated EI 3200 image: Image amplitude was
reduced by 1/32x, gaussian blur, PTC noise, and RGB
balance were added, then amplitude was increased
32x to simulate EI 3200.
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Figure 8. Acquired vs. simulated performance at ISO 100 (normal,
bright light) and 3200 (dim light).

As expected, C; information capacity is similar for
both EI 100 images. The real test was the performance at
EI 3200 (simulating very dim light), where Cywas much
lower for both images. The difference between them was
only about 12%.

Summary

We have shown how to calculate a Photon Transfer
Curve (PTC) from a raw image of a High Dynamic Range
test chart, using a Levenberg-Marquardt optimizer. The
PTC, which displays noise as a function of input ampli-
tude for a raw image, represents the image sensor noise
model, which can be entered into a camera simulator
that predicts performance based on standard or infor-
mation metrics such as VEQ or SNRi[21-24], and most
notably, the information capacity for 4:1 contrast
objects, Cy, for a wide range of lighting, including
extremely low light [17].

Future work

o Simulate High Dynamic Range sensors, which have
response similar to standard linear sensors, but have
more than one operating region, separated by steps
where the noise jumps and the SNR drops abruptly.
Figure 9 is an example based on work done for the
IEEE P2020 standards committee [19,20].

o Calculate an approximate Detective Quantum Effi-
ciency (output electrons per photon incident on the
sensor), and use it to determine the limits of low light
performance for simulated cameras, which is of parti-
cular interest to the automotive industry.
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Figure 9. SNR (Signal-to-Noise Ratio) response
of HDR sensor

Appendix. Digital Offset, Vot or DNogt

When a digital offset is present, the PTC is calculated
from V= Vinput- Vortest, where Vinput = D]vinput/DNmax is
the normalized mean raw input amplitude of each patch,
with minimum and maximum values, Vi and Viax.

Let Vomsse be the estimated digital offset.

l.‘
Figure 10. PTC
with bad Ve €Stimate

o If VosEseis too low or not
subtracted from Vinpur “-
(right), the dark noise-
dominant region (on the
x-axis) will be severely
compressed, and the dark
noise coefficient, Andark,
cannot be calculated.

o If Vomeseis too high, i.e., if Voggse > Vinin, some values of
V will be < 0, causing them to be removed from the
calculation, degrading the accuracy of Avdark

Noise normalized to 1
3
L 4

Noise

{DNC,,:f =0 (too low)

V= Vinput

Since Vo is often unavailable, and finding it by trial-
and-error is tedious, we have developed an algorithm for
reliably calculating it.

Algorithm for finding Vogs

Let Dcnare be the set of measured patch densities of the
test chart (usually supplied in a file for individual film or
photomask charts). The minimum and maximum density
values are Dminand Dmax, and the density range is Drange
= Dimax—Dmin. The Luminance ratio is Lrasio = 10Prange =
10 (®Pmax-Dmin) — 1ODmax/1ODmin_

Let the mean input amplitude for each patch be Vigpus
with minimum and maximum values, Vani» and Viax

Reliable, consistent PTCs can be obtained using the
value of Vorrthat makes the x-axis signal ratio identical to
the luminance ratio (where we use min(Lyasio,10°) to
keep the results reasonable).

(Vmax - Voff)/(Vmin - Voff)

= min(Lratio' 105) = LrTarget (A-1)



Solving for Vg,

Voff = (Vmax - Vmin LrTarget)/(l - LrTarget) (A'Z)

For V= Vinput— Votr = (Danut— DNoff)/DNmax, Equa-
tion (A-2) gives a reliable estimate of Andark, knsnor, and
kprvu, with a Photon Transfer Curve that resembles
Figure 4, even though the x-axis (normalized amplitude
/) may not be strictly accurate in the dark region.
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