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Physically-Based Post-Processing Framework
for Emulating Analog Color Photography

Daiki Nakajima

Abstract—The analog photography aesthetic has seen a resurgence in contemporary photography, with many artists seeking to
reproduce the distinctive look of film. However, shooting on physical film remains expensive and challenging for amateurs, leading
many photographers to the post-processing of digital images to achieve the analog look. Common existing approaches are either
oversimple and fail to capture the aesthetic, or require laborious per-image adjustment that does not generalize across different
projects. To address these challenges, we present a physically grounded post-processing pipeline that emulates the darkroom process.
Our work builds on an open-source software [1]; we provide a formal mathematical treatment of this pipeline, deriving each stage from
physical principles.

Index Terms—Computational Photography, Physical Simulation, Theory of Color
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1 INTRODUCTION

THE aesthetic of analog color photography has expe-
rienced a renewed interest in contemporary culture.

Images captured on film exhibit distinctive visual qualities
such as characteristic color reproduction, nonlinear tonal
response, halation, and film grain, that is desirable for many
photographers and artists. Despite this demand, capturing
images directly on physical film remains costly and techni-
cally demanding for many practitioners. Film stocks are lim-
ited in availability, development requires specialized equip-
ment or professional laboratories, and the process itself
provides less immediate feedback than digital workflows.
Consequently, many photographers attempt to recreate the
analog aesthetic through digital post-processing.

Two common post-processing approaches include the
use of preset filters (e.g. Instagram filters) or manual post-
processing (e.g. Photoshop). Unfortunately, preset filters
are often too simplistic and fail to capture the distinctive
analog look that arises from complex photochemistry of
the darkroom process. On the other hand, while manual
post-processing can produce compelling results, these ap-
proaches typically involve heuristic adjustments of various
parameters which can be time-consuming and do not gen-
eralize across different projects.

In traditional analog color photography, the final image
is produced through a multi-stage process involving expo-
sure of a multilayer color negative, chemical development of
silver-halide grains and dye couplers, and optical printing
onto photographic paper. Each stage introduces nonlinear
transformations in color and density, interactions between
color layers, and stochastic effects such as grain formation.
These processes are governed by the physical properties of
the film stock, the spectral sensitivity of the emulsion layers,
and the response curves of both the negative and the print
paper. Accurately reproducing the visual qualities of film
therefore requires modeling not just the final tonal response
but the underlying image-formation pipeline.

In this work, we present a physically grounded post-
processing method that emulates the appearance of analog
color film from a digital input image. Our approach models
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Fig. 1: Emulating the Analog Look: Given an input digital
image (top left), our method emulates the exposure and
development of a color negative (top right), followed by the
optical printing stage to produce the final film-like image
(bottom).

key stages of the photographic pipeline, including negative
exposure and the printing process onto photographic paper.
By leveraging publicly available data on popular film stock
negatives and print papers, the method captures the non-
linear color interactions and tonal compression inherent to
film photography.
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Fig. 2: Visualization of the Pipeline: Given an input RGB image and data for a chosen film negative and photographic
paper, the pipeline applies a series of effects to the image to obtain a processed negative. Then, we emulate the printing
process to obtain the final image. (Note that some color spaces were inverted and/or adjusted for visualization.)

2 RELATED WORK

The image-formation pipeline of a camera has been stud-
ied extensively in computer graphics. [2] introduced a
physically-based camera model in which a lens system is
described as a sequence of simple elements. [3] describes a
simulation of the full digital camera processing chain and
validates it against measured sensor data.

Image manipulation and style transfer is explored ex-
tensively in machine learning. [4] is an early exploration,
on which later works expand on by applying more sophis-
ticated deep learning algorithms for color correction and
tone enhancement [5], [6], convolutional neural networks
for style transfer [7], [8], and real-time stylization [9].

Film grain is one of the most identifiable and
sought-after elements of film photography. [10] proposes
a resolution-independent film-grain rendering algorithm
based on a physically motivated stochastic model of the
silver-halide process. Grains are represented as an inho-
mogeneous Boolean model of disks, and a Monte Carlo
algorithm evaluates each output pixel at any desired res-
olution. A companion paper [11] further expands on the
implementation details of this stochastic model. Our grain
model uses a simplified Poisson–binomial approximation
that retains the key density-dependent statistics of these
models while remaining tractable for full-image simulation.

As for complete end-to-end simulation pipelines of ana-
log film photography, an early work is given by [12],
who model monochrome print making using quantitative
descriptions of density response, spectral sensitivity, res-
olution, and granularity. However, their work is strictly
for black-and-white images and does not consider color
photography. [13] presents a physically and chemically
based framework for simulating alternative photographic
processes. They propose two approaches: (1) a fluid simula-
tion pipeline to directly simulate the transport and reaction
of chemicals in the emulsion using a Lattice Boltzmann
solver, and (2) a data-driven approach based on char-
acteristic curves that approximates the tonal response of
photographic materials. While their first method achieves
compelling results, it is complex and assumes a GPU imple-
mentation for efficiency. Our approach takes insight from
their second approach, utilizing characteristic curves.

Recently, [1] released an open-source implementation
that models analog color photography by simulating both

the negative exposure and positive print stages, including
development-inhibitor-releasing (DIR) couplers [14], [15]
as a key mechanism for controlling color saturation. This
attracted some attention in the photography community;
however, no formal technical documentation of the method-
ology exists. Our work is largely based on their implementa-
tion, and serves to formalize and document the underlying
model with rigorous mathematical descriptions and physi-
cal justifications.

On the commercial side, Dehancer [16] is a high-quality
proprietary film-emulation plug-in integrated into widely
used image- and video-editing software such as Adobe Pho-
toshop, Adobe Premiere Pro, and DaVinci Resolve. While
Dehancer produces top-quality results, it is closed-source
and its methodology is not publicly available.

3 FILM EXPOSURE AND DEVELOPMENT

Starting from a linear RGB image, we model the darkroom
process in two stages: the negative stage, and the paper
printing stage. Here we cover the negative stage.

3.1 Spectral Upsampling
Physical simulation requires a per-wavelength represen-
tation of scene radiance; the three-channel RGB image
provides an insufficient basis for modelling wavelength-
dependent chemical sensitivities. Following [17], we lift
each pixel’s linear RGB color representation c ∈ R3 to a
spectral distribution using their precomputed basis B ∈
RL×3, where L is the number of spectral samples.

Before projection, the basis is weighted by the film’s
reference illuminant e ∈ RL to account for the spectral
power of the light source under which the scene is assumed
to be viewed:

B̃ = B⊙ (e 1⊤), B̃ ∈ RL×3, (1)

where ⊙ denotes element-wise multiplication. The per-pixel
raw spectral signal is then

rij = B̃ cij , rij ∈ RL. (2)

The result is normalized so that an 18% mid-grey patch (c =
0.1841) produces unit response in the green emulsion layer:

r̂ij =
rij

0.184 (e⊤sgreen)
, (3)
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where sgreen ∈ RL is the spectral sensitivity of the green
emulsion layer after UV/IR filtering.

3.2 Camera Exposure and Film Sensitometry

3.2.1 Auto-exposure

An auto-exposure compensation Ev is computed to place
the median scene luminance Ȳ at the 18% grey point:

Ev = − log2

(
Ȳ

0.184

)
. (4)

A user-input exposure offset can be added to this value for
more creative control.

3.2.2 UV/IR cut-off filter

The film’s base spectral sensitivity s0k(λ) is attenuated by a
UV/IR cut-off filter before any exposure calculations:

fUV(λ) = 1− aUV + aUV Φ

(
λ− λUV

σUV

)
, (5a)

fIR(λ) = 1− aIR + aIR Φ

(
λIR − λ

σIR

)
, (5b)

fUV/IR(λ) = fUV(λ) · fIR(λ), (5c)

where Φ(x) = 1
2 [1 + erf(x)] is the standard normal cumu-

lative distribution function. For each filter, aUV/IR ∈ [0, 1]
specifies the attenuation strength, λUV/IR denotes the central
wavelength of the transition region, and σUV/IR controls
the smoothness of the cutoff. The filtered sensitivity is
sk(λ) = s0k(λ) fUV/IR(λ).

3.2.3 Spectral film exposure

Let indices (i, j) denote the pixel row and column, and
k ∈ {C,M, Y } denote the emulsion layer. The per-pixel
raw film exposure for layer k is obtained by projecting the
normalized spectral radiance r̂ onto the filtered sensitivity
of each emulsion layer:

Rijk = 2Ev

∫
Λ
r̂ij(λ) sk(λ) dλ, (6)

where Λ = [380, 780]nm denotes the visible electromagnetic
spectrum. In our implementation, all spectral integrals are
evaluated on a uniform grid with ∆λ = 5nm.

3.2.4 Halation and grain scattering

Each layer channel undergoes two independent scatter
passes that model

1) Halation: light that reflects off the film base and re-
exposes the emulsion from behind, causing bright high-
lights to bloom into neighbouring regions.

2) Subsurface grain scattering: light that diffuses laterally in
the emulsion before absorption by silver-halide grains.

Each pass blends the channel with a Gaussian-blurred copy
of itself:

R
(k)
out =

R(k) + αGσ∗R(k)

1 + α
. (7)

The two passes use independent radii (σ
(k)
h , σ

(k)
s ) and

strengths (α(k)
h , α

(k)
s ) per emulsion layer k.

Fig. 3: H&D characteristic curves. Nonlinear profiles for
a Kodak Portra 400 film negative (left) and Kodak Pro-
fessional Portra Endura photographic paper (right), giving
unique film- and paper-specific color mappings.

3.3 Characteristic Curve (H&D) Mapping

The log-exposure image Hijk = log10 Rijk is mapped to
optical density via the Hurter–Driffield (H&D) characteristic
curve [18], [19]. For each emulsion layer k, the curve Dk :
R → R≥0 is stored as a look-up table over a calibrated log-
exposure axis E and applied by linear interpolation:

dijk = Dk

(
Hijk

γk

)
, (8)

where γk > 0 is a per-channel scale factor that stretches or
compresses the log-exposure axis, effectively controlling the
tonal range of each layer. The density floor is normalized to
zero by subtracting minj Dk(Ej) from each curve.

3.4 DIR-Coupler Inhibition

Development-inhibitor-releasing (DIR) couplers are chemi-
cal agents in color-negative emulsions that release inhibitor
molecules during development [14], [15]. These molecules
diffuse laterally and between layers and can control the
overall saturation of the output image.

3.4.1 Inhibition matrix

Inter-layer coupling is modeled by a 3× 3 inhibition matrix
M. A Gaussian smoothing with standard deviation σℓ is
applied along the column axis to distribute each layer’s
inhibition across neighboring layers:

M̃jk =
(
Gσℓ

∗col I3
)
jk
, (9a)

Mjk = αj
M̃jk∑
k′ M̃jk′

, (9b)

where αj ≥ 0 is the inhibition strength of layer j. The
normalization in Eq. (9b) is taken over columns k′ so that
each row sums to αj : the total inhibition released by layer j
is αj , distributed across layers.

3.4.2 Curve adjustment for global inhibition

The H&D curves are shifted along the log-exposure axis to
model the average inhibition field. A normalized highlight-
boost density is first computed at each calibrated-axis step:

d̂jk =
Dk(Ej)
Dmax

k

+ β

(
Dk(Ej)
Dmax

k

)2
, (10)
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Fig. 4: The Effect of DIR Couplers: As the amount of
DIR couplers increases, the resulting image becomes more
saturated.

Fig. 5: Grain Comparison: A common approach to simu-
lating grain is to overlay white noise on the image (top).
However, this produces grain with uniform statistics across
shadows and highlights. A Poisson–binomial grain model
produces density-dependent grain that varies with image
exposure (bottom).

where Dmax
k = maxj′ Dk(Ej′) and β ≥ 0 is a user-

input highlight-boost parameter. The inhibition-adjusted
log-exposure for channel m is

Ẽjm = Ej −
∑
k

d̂jk Mkm, (11)

and the corrected curve D̃m is obtained by re-interpolating
Dm from E onto Ẽ·m.

3.4.3 Spatial inhibition

A spatially varying inhibition field is derived from the
current per-pixel density image d ∈ RH×W×3. The per-pixel
analog of Eq. (10) gives

d̂ijk =
dijk
Dmax

k

+ β

(
dijk
Dmax

k

)2
. (12)

These per-layer normalized densities are projected through
the inhibition matrix; the result is then convolved with a
blurring kernel to model lateral diffusion:

Fijm = Gσd
∗
[∑

k

d̂ijk Mkm

]
, (13)

where σd is the lateral diffusion radius. The log-exposure is
corrected pixel-wise and the adjusted curves are applied:

H̃ijk = Hijk − Fijk, dijk = D̃k

(
H̃ijk

γk

)
. (14)

3.5 Photographic Grain Simulation

Silver-halide grain is simulated independently for each
CMY emulsion layer using a Poisson–binomial stochastic
process [20], [21]. The expected number of developable
grains per pixel in layer k is

Nk =
p2x

Aparticle ρk
, (15)

where px is the pixel pitch in µm, Aparticle is the mean grain
particle area, and ρk is a per-channel scale factor.

Working density is offset by a base-density floor dmin
k ;

the per-pixel development probability is

pijk = clip

(
dijk + dmin

k

Dmax
k + dmin

k

, ε, 1− ε

)
, (16)

where Dmax
k is the curve maximum. A saturation factor

suppresses over-development at high densities, modeling
competition between grains for available developer [19]:

sijk = 1− pijk uk (1− ε), (17)

where uk ∈ [0, 1] is the uniformity parameter. The number
of available and developed grains are drawn from com-
pound distributions:

Ñijk ∼ Poisson(Nk/sijk) , (18a)

Xijk ∼ Binomial
(
Ñijk, pijk

)
, (18b)

and the grain density contribution per pixel is

gijk = Xijk
Dmax

k + dmin
k

Nk
sijk. (19)

A final Gaussian blur of radius rg pixels models grain
clumping within the emulsion layer.

4 PRINT EXPOSURE AND DEVELOPMENT

The developed negative encodes scene information as a
spatial distribution of CMY dye densities. To produce a
positive print, the negative is placed in a color enlarger and
its transmitted light is used to expose photographic paper.

4.1 Color-Enlarger Projection

The developed negative density d− is converted to spec-
tral transmittance and projected onto photographic paper
through a dichroic color-enlarger head.

4.1.1 Spectral density of the negative

The CMY dye-density matrix Q ∈ RL×4 maps CMY density
channels to spectral optical density. Its first three columns
contain the absorption spectra of the cyan, magenta, and
yellow dye layers, respectively; its fourth column encodes
the base-plus-fog spectrum:

∆ijλ =
∑

k∈{C,M,Y }

d−ijk Qλk +Qλ,4 qmin, (20)

where qmin scales the minimum-density floor.
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Fig. 6: Flowers: (left) The original input image, and (right)
the output using a Kodak Ultramax 400 negative and a
Kodak Supra Endura paper.

4.1.2 Dichroic filter head
The source illuminant e(λ) is attenuated through indepen-
dent Y, M, C filter elements with measured transmittance
curves Tk(λ). For dial settings vk ∈ [0, 1], the combined
transmittance is

TYMC(λ) =
∏

k∈{Y,M,C}

[
1− (1− Tk(λ)) vk

]
, (21)

and the filtered illuminant is e′(λ) = e(λ)TYMC(λ).

4.1.3 Mid-grey normalization
The scalar η anchors scene mid-grey to paper mid-grey. An
18% grey patch is traced through the camera–film–enlarger
chain using only the H&D curve mapping (no grain or DIR-
coupler corrections) to obtain a noise-free reference signal:

η =
1

R
p,grey
green

, (22)

where Rp,grey
green is the green-channel paper exposure produced

by the grey patch under Eq. (23) with η = 1.

4.1.4 Paper raw exposure
The light transmitted through the negative is integrated
against the paper sensitivity sp ∈ RL×3:

Rp
ijk = τprint η

∫
Λ
10−∆ij(λ) e′(λ) spk(λ) dλ, (23)

where τprint is a user-input paper exposure multiplier. The
term 10−∆ij(λ) converts the negative’s spectral optical den-
sity to transmittance via the Beer–Lambert law. The paper
H&D stage (Section 3.3) then receives the log-exposure
Hp

ijk = log10 R
p
ijk.

4.2 Paper Development and Scanning

Photographic paper is developed by applying the H&D
curve mapping (Eq. 8) to the log-exposure Hp, omitting
grain and DIR-couplers, to yield a CMY density image dp.

Fig. 7: VW Bus: (left) The original input image, and (right)
the output using a Fujifilm C200 negative and a Kodak
Endura Premier paper.

The final RGB image is produced by illuminating the
paper density under a viewing illuminant ev(λ) and inte-
grating against the CIE 1931 2◦ color-matching functions
x̄, ȳ, z̄ [22], [23]:

XY Zij =
1

Nv

∫
Λ
10−∆p

ij(λ) ev(λ)

x̄(λ)ȳ(λ)
z̄(λ)

dλ, (24)

Nv =

∫
Λ
ev(λ) ȳ(λ) dλ. (25)

The XYZ values are converted to an output RGB image via a
chromatic-adaptation transform from the white point of ev

to D65, followed by the standard XYZ-to-sRGB transform.

5 RESULTS

5.1 Implemenation Details

Our python implementation relies on the python package
colour-science [24] for various color conversion func-
tions (Mallet-Yuksel basis functions, CIE 1931 2◦ color-
matching, etc). The pipeline builds on [1] as a refer-
ence implementation. All input images were taken from
https://www.pexels.com, with the exception parrot im-
age (Figure 2).

5.2 Visual Results

In addition to the teaser figure (Figure 1) and the flowchart
figure (Figure 2), the output images shown in Figures 6–9
demonstrate that the pipeline captures characteristic analog
qualities across a range of images. Figure 10 shows that
qualitatively, the paper choice makers a bigger difference
than the negative for the final color character. This makes
sense since the paper H&D curves determine the density-
to-color mapping of the positive print, whereas the nega-
tive primarily controls which tonal information is passed
through.

6 CONCLUSION

We presented a physically grounded, end-to-end emulation
pipeline for emulating the look of analog color photogra-
phy. Starting from a linear RGB image, our model traces
the full darkroom process, with each stage derived from
first principles and parameterized by physically meaningful
quantities. Qualitative results confirm that the two-stage
negative–print architecture captures the characteristic look
of analog photography.
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Fig. 8: Bookshelf: (left) The original input image, and (right)
the output using a Fujifilm C200 negative and a Kodak
Ektacolor Edge paper.

Fig. 9: Candles: (left) The original input image, and (right)
the output using a Fujifilm Pro 400H negative and a Fujifilm
Crystal Archive paper. Note the strong halation effect from
the flames in the output.

6.1 Limitations and Future Work

Our project has several limitations that suggest directions
for future work. The pipeline at its current stage can be slow
for larger images; future work should explore optimizations
to achieve real-time or near-real-time performance. Addi-
tionally, a graphical user interface would be useful for in-
teractively adjusting parameters to obtain the desired look.
Our grain simulation, while superior to naive white noise,
is still a simple approximation; it could be improved by
integrating the full stochastic model of [10] into the pipeline.
Several analog phenomena are not yet modeled, such as
adjacency effects, crossover color balance of shadows and
highlights, and spectral shifts in paper dyes under different
viewing illuminants. Modeling these effects could further
enhance the realism of the output.
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