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From Cameras to Retinas: Open Source Tools for Image Systems Simulation
Brian A. Wandell
Stanford Center for Image Systems Engineering
Department of Psychology

Modern imaging systems are ubiquitous - from smartphones to medical devices to self-driving cars. 
These technologies, increasingly integrated with artificial intelligence, require extensive data for 
training and validation. This reality has made soft prototyping ("digital twins") indispensable for 
both design and evaluation.

I will introduce three complementary open-source MATLAB toolboxes - ISETCam, ISETBio, and 
ISET3d - that enable comprehensive imaging system simulation. These tools support end-to-end 
modeling from scene to sensor: physically realistic scene simulation (spectral light fields), multi-
element optics, and final image encoding. I will present three key studies: validation of the 
simulation accuracy, optimization of CMOS sensor design for high dynamic range imaging, and 
modeling of retinal encoding (physiological optics and cone sampling) to reveal fundamental limits 
of human visual resolution.



Systems simulation (digital twin) is important in many mature industries
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Numerical flow 
simulation on an 

Airbus A380

ECU (Electronic Control 
Unit) Simulation for 

Automobiles
Integrated circuitry



Physics-based image systems simulation: Our origins

Camera-on-a-chip 
2001
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2003:  We developed a 2D imaging systems simulation (physical units)

Image Systems Engineering Toolbox for cameras (ISETCam) 
• End-to-end simulation (radiance to sensor) 

• Physical units (photons to electrons)
Optics

Sensor

Display



More than 500 users in 
80 companies, 

9 research institutes,  
65 universities, 
in 24 countries

Open Sourced on GitHub 
in 2018

Imaging Systems Engineering Toolbox (ISETCam)



The value of soft prototyping (digital twin)
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Design Label TestBuild Data 
Collection



First point

Image systems simulation software that is trusted by key 

stakeholders in industry and academia can speed the 

development of next generation image sensors, camera arrays 

and displays.  



Image systems engineering tools (ISET) for digital twinning
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• ISET3d is a Matlab toolbox that uses PBRT to 
calculate three-dimensional scene spectral radiance 
and sensor irradiance of complex scenes

• ISETCam is a Matlab toolbox that computes the 
image sensor response from the sensor irradiance;  
it also includes many industrial tools for evaluation 
of color (CIE standards) and spatial resolution (ISO 
standards)

• ISETBio is a Matlab toolbox that builds on ISET3d 
and ISETCam to compute the human visual 
system’s encoding



Scene generation:  Quantitative computer graphics
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• Progress in computer graphics enables 
us to create synthetic and yet highly 
realistic input data.

• For digital twins we need simulations 
with physical units; quantitative 
computer graphics

• PBRT uses path tracing from the 
sensor, through multi-element optics, 
into the scene spectral radiance.  

• PBRT is open-source and well 
documented, enabling us to add custom 
features

• N.B.  This is not Generative AI of RGB

Spectral ray tracing examples (PBRT, ISET3d)



We added methods to model and compute
 
• Diffraction
• Human eye models
• Aspherical lenses
• Microlens arrays
• Linear models of texture maps to control surface 

spectral reflectance
• Fluorescence (Medical imaging)
• Participating media (Underwater)
• Computational imaging (CNN, Ideal observer)

Scene generation: Quantitative computer graphics

11



System modeling: optics
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Double Gauss Wide angle Fisheye

FOV: 22 deg
Focal length: 3 mm

FOV: 56 deg
Focal length: 3 mm

FOV: 87 deg
Focal length: 3 mm

Sensor:  7.5mm diagonal
Spectral ray tracing



System modeling: Sensor properties (ISETCam)

1.5 um

6.0 um



ISETCam:  Advanced sensor simulations
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YCMYRCCC

Light field
Split pixel



Empirical evaluation of the simulation accuracy
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Validation tests: Cornell Box Construction
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• Goral, Torrance, Greenberg, and Battaile, "Modeling the Interaction of Light Between Diffuse 
Surfaces," Computer Graphics (Proc. SIGGRAPH 84), Vol. 18, No. 3, July 1984, pp. 213-222

• Meyer, Rushmeier, Cohen, Greenberg, and Torrance, "An Experimental Evaluation of Computer 
Graphics Imagery” ACM Transactions on Graphics, Vol. 5, No. 1, January 1986, Pages 30-50.

• The Cornell Box has been widely 
used to evaluate the accuracy 
of computer graphics 
rendering

• We use it to quantitatively test 
end-to-end simulation of 3D 
scenes, optics, and image 
sensors



We built one (the 3D scene)
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Surface spectral reflectanceIlluminant SPD

• We measured the asset sizes 
and scene geometry, surface 
reflectance, illuminant spectral 
power distribution



Validation test: Raw sensor data from the camera
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• We used  a Google Pixel 4a
and the OpenCamera app to 
acquire relatively raw data



Sensor renderings
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We are not comparing
processed image data

Sensor data (demosaic only)

• Our goal is to match the 
digital sensor values, not 
the processed data

• The renderings we show are 
simulated or measured 
sensor data, with only 
bilinear demosaicking



Quick check based just on appearance
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• Overall similarity is good

• High dynamic range

• Shadows

• Color interreflections (sides of the 
box reflect light from the wall)

• If you are designing hardware, this 
check is far from adequate:  quantify!

Measured

Simulated



Focused at 0.3 meters

Optics validation:  Resolution and depth of field

23

0.5 m
0.3 m



Focus-dependent LSF/MTF (depth of field)
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Focused at 0.5 meters

0.5 m
0.3 m



Surface inter-reflections and electronic sensor noise
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a) b) c)

d) e) f)
~1.08

~1.20
~1.28

Black level offset
Black level offset Black level offset



ü Surface inter-
reflections

ü Depth of focus

ü Vignetting

ü Sensor quantum 
efficiency

ü Sensor noise

Image system simulation evaluation using 3D scenes
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Simulated

Measured

Simulated

Measured



Second point: Empirical validation

27

• Image systems simulations can accurately create many 

scenes, and compute the expected sensor response

• We are working to expand the range of conditions – 

particularly HDR - and to validate quantitative, spectral 

simulations



Device Applications:  Sensor, optics and pipeline modeling
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Lens prescription known RTF simulation

Metalens
Dual pixels, 
quad pixels, 
split pixels

5-band



Medical imaging applications

Tissue fluorescence, 
blood, bacterial 
fluorescence



Engineering applications:  Automotive  systems
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Imaging systems are increasingly used as input to convolutional neural networks (CNN) for object detection; we would like to design cameras that are optimized for this purpose. It is impractical to 
build different cameras and then acquire and label the necessary data for every potential camera design; creating software simulations of the camera in context (soft prototyping) is the only realistic 
approach. We implemented soft-prototyping tools that can quantitatively simulate image radiance and camera designs to create realistic images that are input to a convolutional neural network for car 
detection. We used these methods to quantify the effect that critical hardware components (pixel size), sensor control (exposure algorithms) and image processing (gamma and demosaicing 
algorithms) have upon average precision of car detection. We quantify (a) the relationship between pixel size and the ability to detect cars at different distances, (b) the penalty for choosing a poor 
exposure duration, and (c) the ability of the CNN to perform car detection for a variety of post-acquisition processing algorithms. These results show that the optimal choices for car detection are not 
constrained by the same metrics used for image quality in consumer photography. It is better to evaluate camera designs for CNN applications using soft prototyping with task-specific metrics rather 
than consumer photography metrics.



ISETHDR:  Data set and split photodiode simulation

• HDR nighttime data

• Split-photodiode for single-shot HDR imaging





L1:Headlights L2:Streetlights L3:Otherlights L4:Skylight
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ISETHDR – Light group concept

Four renderings with different lighting models
(2000 scenes at https://purl.stanford.edu/zg292rq7608



• Spectral radiance light 
groups

• Highway and country 
road driving scenes



ISETHDR – evaluation in a complex HDR scene
(https://github.com/ISET/isethdrsensor)
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ISETHDRSensor

• Optical flare 

• Split photodiode sensor

• RGBW sensor



Third point: Soft prototyping in academia
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• There are opportunities for simulation novel sensor and 

optics configurations  

• Digital twin data and be used for network training and end-

to-end system evaluation



What goes into an image systems simulation for the human eye
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https://github.com/isetbio/isetbio/wiki



Motivation:  Understanding human vision

• Human visual neuroscience, in 
this example functional MRI, 
measures signals in visual 
cortex

• We don’t know which response 
features are explained by cortex 
and which by the inputs to 
cortex

• The same can be said about 
single unit measurements

• Segmented and inflated brain surface
• Gray/white are sulci/gyri



The pathway from light to visual cortex contains many steps

• The pathway from light to visual 
cortex contains many 
components

• A great deal is known about 
most of these components, but 
in a scattered literature

• ISETBio brings that knowledge 
together in a computable form

• We use ISETBio for biologically 
based calculations of the initial 
encoding



First steps: Image computable models of neural mosaics



Comparison of eye models:  3D renderings
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The PBRT-ISET3d code implements three major human eye models
(Lian et al. 2019, Journal of Vision). 

A B CArizona Navarro LeGrand

Gullstrand/LeGrand

Remember:  these images represent underlying spectral irradiance

Escudero-Sanz & Navarro, 1999 Schwiegerling, et al. 2004 Hage & Le Grand, 1980

Trisha Lian



Validation of the ray tracing methods

• The PBRT implementation matches 
the Zemax calculations for these 
models

• We compared with L. Thibos’ 
wavefront aberration data from 
many eyes (shaded) – which is the 
basis of the Watson (green) CSF 
summary as well

• We calculated as a function of 
wavelength, too – note huge 
chromatic aberration

Navarro eye comparison



Human eye model comparisons
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3 mm pupil diameter

4 mm pupil diameter

• There are quantitative differences 
between the models

• The LeGrand extension of the 
Gullstrand eye – is out of 
compliance with modern MTF 
measurements

• We can implement a range of eye 
parameters to match population 
distributions



Depth of field  and accommodation (5 mm pupil)
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0.3m0.6m

• The eye models enable us to 
model the change of 
accommodation (focus) for the 
human eye using complex 
scenes – or simple scenes!!
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• The eye models enable us to 
model the change of 
accommodation (focus) for the 
human eye using complex 
scenes – or simple scenes!!

• And to calculate the excitations 
at the cone mosaic



And to model vergence and accommodation
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64 mm

Where the eye (or eyes) is looking is controlled 
thisEye.set(‘to’,loc)

Remember:  these images represent underlying spectral irradiance



Human wavelength absorptions depend on a several factors

• Cone photopigments (L,M,S) 
absorption efficiency for standard 
pigment density

• These curves are input referenced; 
they include the effect of the lens 
and macular pigments

Cones onlyCones macularCones macular and lens



The retina:  spatial inhomogeneity 

GCL

Pigment 
Epithelium

Inner
Retina

Outer 
Retina

Cornea Lens Retina

Optic disk
Iris

Optic nerve

17 mm

Pu
pi

l

2-
6 

m
m

• 5 x 5 cm, 0.4 mm thick
• 5 x 106  cones
• 108       rods
• Foveal cone: 1 um2

• Contacts per cone: 250
• 106 optic nerve fibers



Your fist at arm’s length (10 deg wide, 7 deg high)
About 65,00 cones out of 5,000,00
Zoom

Hard to represent large amounts of the retina



Cone excitations: sinusoidal stimulus of constant contrast

Stimulus is a sinusoid (constant mean and contrast)
Excitations have varying mean and constant contrast

Fovea



Eye movements and the space-varying cone mosaic

• The different sampling 
density across the array 
means that eye movements 
have different impacts on 
the  fovea and periphery

• How the brain compares 
images after eye 
movements is an 
interesting neuroscience 
question



ideal observer (Banks ’87)
human observers (Banks ’87)

Putting it together: Analyzing the system spatial frequency contrast sensitivity
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• The original work from Banks et al. (1987)  
compared the high frequency roll-off predicted 
using an ideal observer and measured with a few 
real observers

• The predictions were based on formulae and 
various simplifying assumptions about the mosaic

scene 
(c, sf)

c = 100%, 
sf = 16 
c/deg



ideal observer (Banks ’87)
human observers (Banks ’87)

Putting it together: Analyzing the system spatial frequency contrast sensitivity
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scene 
(c, sf)

c = 100%, 
sf = 16 
c/deg

• The original work from Banks et al. (1987)  
compared the high frequency roll-off predicted 
using an ideal observer and measured with a few 
real observers

• The predictions were based on formulae and 
various simplifying assumptions about the mosaic



ideal observer (Banks ’87)
human observers (Banks ’87)

Ideal observer accounts for shape of CSF roll-off at increasing SF
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• The original work from Banks et al. (1987)  
compared the high frequency roll-off predicted 
using an ideal observer and measured with a few 
real observers

• The predictions were based on formulae and 
various simplifying assumptions about the mosaic

• The shapes were in good alignment



point spread function -
based optics

(based on Campbell & Gubisch ’66)

ideal observer (Banks ’87)

human observers MSB, PJB (Banks ’87)
ISETBio ideal observer

constant cone 
density mosaics

ISETBio validation: reproduce earlier ideal observer calculation

56



Banks ’87 CSF
human observers (Banks ’87)

Wavefront aberration -
based optics

(from Thibos et al. ’92)

Eccentricity-dependent 
density mosaics

(based on Curcio et al. ’90)

Accounting for absolute sensitivity: modern estimates of optics/mosaic

57



Computational observer:  Support vector machine

Banks ’87 CSF
human observers (Banks ’87)

Accounting for absolute sensitivity: imperfectly learned classifier

58



cone 
photopigment 

excitation

fixational eye 
movement object

cone photopigment 
excitation sequence

R*/cone/sec

Accounting for absolute sensitivity: fixational drift (Engbert and Kliegl, 2004)

59



0.2 deg

+

quadrature computational observer

fixational eye movements

Banks ’87 CSF
human observers (Banks ’87)

Energy computations (quadrature filters) reduce the impact of fixational drift

60



outer segment 
object

cone photopigment 
excitation sequence

cone outer-segment
photocurrent response

pAmpsR*/cone/sec
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Time:  Photocurrent transduction (Angueyra & Rieke, 2013)
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2 mm pupil, average Thibos subject

1. Updated optics & cone mosaic modeling has a 
minor impact relative to the Banks ’87 estimate 
(factor of 1.7 at 2 c/deg),

2. Computational observers, which learn visual tasks 
by observing neural responses, result in a significant 
sensitivity drop across the entire spatial frequency 
range (accumulated factor of 2-3).

3. Inclusion of fixational eye movements, requires non-
linear computational observers, and further reduces 
sensitivity across the entire spatial frequency range 
(accumulated factor: 7-10). 

4. Inclusion of photocurrent encoding further reduces 
sensitivity approaching psychophysical limits              
(accumulated factor:18-30).

Banks ’87 CSF
human observers (Banks ’87)

Accounting for absolute sensitivity: photocurrent transduction

62



Image computable models of neural mosaics: mRGC

pupil lens

optical 
media

macular 
pigment

cone 
mosaic

mRGC

center-surround 
pooling weights

stimulus

retinal 
image

retinal space-
referred 

physiological & 
anatomical 

measurements

Dynamic, spectral 
stimulus 

representation 
(ISET3d and others)



Motivation:  Next generation image quality models

• Display design requires a model of the 
receiver, particularly for advanced displays

• Image quality metrics (SSIM, FSIM, 
Multiscale SSIM, LPIPS*, PSNR) all have 
an implicit human vision model

• There are many metrics, and we often fail 
to understand why they do or don’t work

• Digital twinning of the human visual 
encoding provides a way to create a metric 
based on biological foundations; this will 
matter for display design decisions *“agrees surprisingly well with humans”

https://github.com/topics/image-quality-assessment

LPIP



Fourth point: Vision simulations

• Visual pathway simulations can clarify how multiple 

biological components combine and impact how we see

• These simulations may lead to well-grounded tools for 

image quality, useful in the design of displays
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