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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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Analog Modeling and Simulation with SPICE
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Block-level, chip-level, and mixed-signal simulation
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Unit) Simulation for simulation on an Integrated circuitry
Automobiles Airbus A380



Physics-based image systems simulation: Our origins

Ting Chen =3 Camera-on-a-chip
- 2001

Abbas El Gamal
Joyce Farrell



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




Imaging Systems Engineering Toolbox (ISETCam)
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The value of soft prototyping (digital twin)

Data
Collection Label Test



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

« 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)

« ISETBIio is a Matlab toolbox that builds on ISET3d

and ISETCam to compute the human visual
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Scene generation: Quantitative computer graphics

» Progress in computer graphics enables
us to create synthetic and yet highly Spectral ray tracing examples (PBRT, ISET3d)
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 Al of RGB



Scene generation: Quantitative computer graphics

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)

PHYSICALLY BASED
RENDERING

From Theory to Implementation
Third Edition




System modeling: optics

Sensor: 7.5mm diagonal
Spectral ray tracing

Double Gauss Wide angle

W e
B

4'“)'

FOV: 22 deg
Focal length: 3 mm

FOV: 56 deg FOV: 87 deg
Focal length: 3 mm Focal length: 3 mm
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System modeling: Sensor properties (ISETCam)

[ } [ } ISET Parameter Table for a Sensor
File
Property ‘ Value Units
Name IMX363
size 0.786 1.36 mm
Rows and Columns 524 908
Horizontal FOV ]20 deg
Horizontal Res / dista..|1.5 um
Horizontal Res / degre...‘0.022 deg/pixel
Exposure time 0.0020219 s
DSNU ‘0 v
PRNU 0.7
Analog gain ‘0.204
Analog offset 0.00585 v

‘ Pixel
Width & height 1.5 um
Fill factor |0.871
Dark voltage (V/sec) 0 V/sec
Read noise (V) 0.000383 v
Conversion Gain (V/e-) |7.65e-05 v/e-
Voltage Swing (V) NO .459 v
Well Capacity (e-) 6e+03 e-
e R NN




ISETCam: Advanced sensor simulations
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Empirical evaluation of the simulation accuracy

AT , BN L ;
Zheng Thomas  Joyce
Lyu Goossens Farrell

Measured Simulated

ASVSEEEE . Council SEE SUUS0RS OURNAL Vo 0 40 1 i 2

Validation of Physics-Based Image Systems
Simulation with 3D Scenes

Zheng Lyu, Thomas Goossens, Brian Wandell and Joyce Farrell



Validation tests: Cornell Box Construction

* 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

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 18
Graphics Imagery” ACM Transactions on Graphics, Vol. 5, No. 1, January 1986, Pages 30-50.



We built one (the 3D scene)

1

—Red wall
0.8 —Green wall
—White wall
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Validation test: Raw sensor data from the camera

 We used a Google Pixel 4a
and the OpenCamera app to
acquire relatively raw data

Open Camera

Mark Harman  Photography

€ Everyone

Contains Ads

x

Y an are this with your family
Vishli:
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Sensor renderings

* QOur 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

Sensor data (demosaic only)

We are not comparing
processed image data

21



Quick check based just on appearance

Measured

 Overall similarity is good
* High dynamic range
» Shadows

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

Simulated

 Ifyou are designing hardware, this
check is far from adequate: quantify!

22



Optics validation:

Focused at 0.3 meters

Resolution and depth of field

Focused @0.3m
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Focus-dependent LSF/MTF (depth of field)

Focused at 0.5 meters

Focused @0.5m
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Image system simulation evaluation using 3D scenes

Measured Measured

v" Surface inter-

reflections v
v' Depth of focus ’ ﬂ
4
e

v Vignetting

Simulated
v' Sensor quantum 1
efficiency

v Sensor noise

Simulated




Second point: Empirical validation

« 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

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 26, NO. 10, OCTOBER 2017 Ray.transfer .fu nc.tions for came.ra simulation of
3D scenes with hidden lens design
4 < 2 2 THOMAS GOOSSENS,"" ® ZHENG Lyu,! JAMYUEN K0,2 GORDON C.
Learning the Image Processing Pipeline o i e e

’Slanjard Center for Image Systems Engineering, Stanford University, Stanford, California 94305, USA
2 Google, Mountain View, California 94043, USA

* contact@thomasgoossens.be

Haomiao Jiang, Qiyuan Tian, Joyce Farrell, and Brian A. Wandell
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Medical imaging applications

Research Article Vol. 12, No. 7/1 July 2021/ Biomedical Optics Express 4276
sue ]  TTEE——
Tissue uorescence,

Simulations of fluorescence imaging in the oral
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ZHENG Lyu,"2 HAoMIAO JIANG,? FENG Xi1A0,? JIAN RONG,?
ﬂuorescence TINGCHENG ZHANG,* BRIAN WANDELL,"5 AND JOYCE FARRELL'2"
Measured Simulated 3
i \ x10
(8) 2
~-a-measured
b-simulated
- c-measured
—d-simulated

-b
(4]

Radiance (Watts/sr/nm/mz)
o
o -

0
450 500 550 600
Wavelength (nm)



Engineering applications: Automotive systems

S8 Coun S Semons vt v o e o . Neural Network Generalization: The Impact of | ISETAuto: Detecting vehicles with depth
Camera Parameters and radiance information

ELL2, 5 DELL2
e AN AN A WANOELE ZHENYI LIU', JOYCE FARRELL2 AND BRIAN WANDELL?

94305, USA 'State Key Laboratory of Automotive Simulation and Control, Jilin University (e-mail: zhenyiliu27 @ gmail.com)
*Stanford University (e-mail: jefarrel, wandell@stanford. edu)

ISETHDR: A Physics-based Synthetic Radiance
Dataset for High Dynamic Range Driving Scenes

Zhenyi Liu, Devesh Shah, and Brian A. Wandell
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Corresponding author: Zhenyi Liu (zhenyiliu27@gmail.com)

This work was supported by the Jilin Uriversity. Corresponding author: Zhenyi Liu (e-mail: zhenyiliu27@ gmail.com)
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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.
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ISETHDR: Data set and split photodiode simulation

« HDR nighttime data
« Split-photodiode for single-shot HDR imaging

\ [EEE . IEEE SENSORS JOURNAL, VOL. XX, NO. XX, XXX 2022 1
\S\sénsors Counil

ISETHDR: A Physics-based Synthetic Radiance
Dataset for High Dynamic Range Driving Scenes

Zhenyi Liu, Devesh Shah, and Brian A. Wandell

Abstract—This paper p a phy based that
dels the pip from scene radiance to
final rendered image. We use this simulation to evaluate sensor

P for high dy range (HDR) environments, B
such as driving through dayti orin ime conditions. 44
The work makes three main contr (1) A synthetic, labeled —

dataset of HDR driving scenes with instance segmentation and
depth information; (2) Open-source simulation software with vali-
dated perfor; ; and (3) A p i ysis of two single-
shot sensor for HDR i ing. Both the

((ISETHDR))and simulation software (ISETHDRSensor) are made
publicly available and can be used to evaluate sensor designs for

high dy ic range such as nighttime driving scenes.

Index Terms—Image system engineering, high dynamic range, digital twins, open source
nighttime driving







ISETHDR — Light group concept

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

« Highway and country
road driving scenes

Stanford | University Libraries

Stanford Digital Repository

ISET HDR Driving scene light groups

ISET HDR Driving scene light groups

16828 files Search this list
File Name Size
V R ISETScene_001_renderings
B 1112153442_headlights.exr 76.47MB
[ 1112153442_instancelD.exr 6.3MB
B 1112153442_otherlights.exr 22.39MB
B 1112153442_skymap.exr 90.33MB
B 1112153442_streetlights.exr 66.36 MB
B 1112153830_headlights.exr 76.47MB
- 1112153830_instancelD.exr 6.3MB
B 1112153830_otherlights.exr 22.39MB

3. Need help downloading? Contact us.

Abstract/Contents

Abstract

The dataset comprises 2000 driving scenes, each defined by four spectral radiance maps representing illumination by the sky,
headlights, streetlights, and other light sources (e.g., tail lights, bicycle lights). To simulate various lighting conditions, the four

maps are combined with different weights. The ISETCam (https://github.com/ISET/isetcam/wiki) and isethdrsensor
(https://github.com/ISET/isethdrsensor) GitHub repositories contain software to read the light groups and select the
appropriate weights for achieving the desired dynamic range and low-light conditions.

Description
Type of resource Dataset, still image
Publication date October 3, 2024

Creators/Contributors

Author Wandell, Brian https://orcid.org/0000-0002-2974-1836 (unverified)

Liu, Zhenyi https://orcid.org/0000-0002-2673-3734 (unverified)

Feedback

X Download

3, Download
3 Download
3 Download
3 Download
3 Download
3, Download

3, Download

Access conditions

Use and reproduction

User agrees that, where applicable, content will not be used
to identify or to otherwise infringe the privacy or
confidentiality rights of individuals. Content distributed via
the Stanford Digital Repository may be subject to additional
license and use restrictions applied by the depositor.

License
This work is licensed under an Open Data Commons
Attribution License v1.0.

Preferred citation

Wandell, B. and Liu, Z. (2024). ISET HDR Driving scene light
groups. Stanford Digital Repository. Available at
https://purl.stanford.edu/zg292rq7608.
https://doi.org/10.25740/2g292rq7608.

Collection




ISETHDR - evaluation in a complex HDR scene

(https://github.com/ISET/isethdrsensor)
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ISETHDRSensor

¥ main ~ ¥ 4 Branches ©1Tag Q Goto file t Add file ~ <> Code ~ About g

Test ideas about sensor architectures

== digital-pro Merge branch 'main’' into dev-testLiveScripts e88el1b - 4 months ago &) 177 Commits for HDR imaging
3 figures Updated for new ieWebGet 4 months ago 0 Readme
&5 MIT license
1 local Create .gitignore 4 months ago
A~ Activity
M scripts add dirGet & use it to patch hsSkyBrightness 4 months ago E Custom properties
.
W 6 stars
. Optlca] flare iy o it & usa o pch haSkyhtoass TR
® 3 watching
[ .gitignore Update .gitignore 4 months ago % 0 forks
[ LICENSE Initial commit 8 months ago Report repository
README.md Update README.md 4 months ago
0 i ¢ Releases

° Split phOtOdiOde Sensor [) isethdrsensorRootPath.m Getting started 8monthsago g1 tags

Create a new release

() README &8 MIT license 7

Packages

° RGBW sensor ISETHDRsensor ot o At et

Contributors 3
‘ wandell Brian Wandell

" % Zhenyi-Liu Zhenyi Liu

“;H digital-pro David Cardinal

Languages

® HTML 99.7% Other 0.3%

This repository contains functions and scripts designed to evaluate High Dynamic Range (HDR) imaging sensor
architectures, with a focus on nighttime driving scenes. The tools provided here are for researchers and engineers
working on HDR imaging systems, particularly in automotive applications.

Suggested workflows
Based on your tech stack

Jekyll using Docker  configure

Arxiv ISETHDR: A Physics-based Synthetic Radiance Dataset for High Dynamic Range image

A Package a Jekyll site using the
jekyll/builder Docker image.

Look at this repository's Wiki for scripts that create the images in that paper.




Third point: Soft prototyping in academia

« 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

Nicolas Cottaris Joyce Farrell David Brainard
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https://github.com/isetbio/isetbio/wiki
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The Image System Engineering Toolbox for Biology (ISETBio) supports vision science calculations. The Matlab software
enables you to create spectral radiance scenes and use these scenes as input to estimate the effects of human optics, eye
movements, cone absorptions and photocurrent, and retinal cell properties. We hope to expand the software to model
visual responses in thalamus and cortex. We have recorded some that introduce various aspects of ISETBio, and also that
introduce basic vision science concepts. These may be found under the Videos menu item to the right.




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
Right Eye
A great deal is known about Ve Right
. ' visual cortex
most of these components, but Right

. . visual field
In a scattered literature

Optic tract
ISETBio brings that knowledge Lot

together in a computable form  visualfield F -
visua cortex.

Left Eye 3 |
We use ISETBio for biologically Optic radiation

based calculations of the initial
encoding



First steps: Image computable models of neural mosaics

Dynamic, spectral
stimulus

representation -
(ISET3d and others)




Comparison of eye models: 3D renderings

The PBRT-ISET3d code implements three major human eye models =
(Lian et al. 2019, Journal of Vision).
Ray tracing 3D spectral scenes through . .
human optics models » Trisha Lian

Remember: these images represent underlying spectral irradiance

LeGrand

Navarro

Arizona

Gullstrand/eGrand
-2.5 -1.2 0.0 1.2 25 25 -1.2 0.0 1.2 2.5 -2.5 -1.2 0.0 1.2 2.5
space (degs) space (degs) space (degs)

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



Validation of the ray tracing methods

A
* 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 B
summary as well

* We calculated as a function of
wavelength, too — note huge
chromatic aberration
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Human eye model comparisons

1

* 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

0.75F

Contrast Reduction

0.25F

0.75F

Contrast Reduction

0.25F

0.5F

Sk Arizona

3 mm pupil diameter [J-eGand

O Navarro
Thibos (2002)

25 50 75
Spatial Frequency (cycles/deg)

0.5F

| . . I % Arizona
4 mm pupil diameter  [OLeGrand
CONavarro
Thibos (2002)

25 50 75 44
Spatial Frequency (cycles/deg)



Depth of field and accommodation (5 mm pupil)

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

45



* 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

-0.0
space (degrees)

46



And to model vergence and accommodation

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

1.66 D (Left) 1.66 dpt (Right)

47

Remember: these images represent underlying spectral irradiance



Human wavelength absorptions depend on a several factors

« Cone photopigments (L,M,S)

absorption efficiency for standard
p Y ' Cones macular and lens

pigment density 0.4 :
» These curves are input referenced; 0351 -
they include the effect of the lens osl |

and macular pigments

0.25F 4
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5 o
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T
1 1

0.1 T
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The retina: spatial inhomogeneity
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Hard to represent large amounts of the retina

L (60.1%), M (29.9%), S (9.9%), K (0.0%), N = 241778

st‘ ‘_t arm’s s length (10 G w1de . deg hlgh)

- ”00 cones out of 5,000,00




Cone excitations: sinusoidal stimulus of constant contrast

0.4 H

Retinal space (deg)
1

0.7

. : . .4, 30
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Excitations have varying mean and constant contrast
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Eye movements and the space-varying cone mosaic

® The different sampling

density across the arra
y y trial #3, 65 msec trial #3, 65 msec

means that eye movements

. . 0.1

have different impacts on

the fovea and periphery g 8
&b &b
5] 5]
&, -0:0 Z

® How the brain compares g g

. = (=

images after eye Z Z
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Putting it together: Analyzing the system spatial frequency contrast sensitivity

* The original work from Banks et al. (1987) A
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

c = 100%,

Decreasing Contrast

Increasing SF — e~



Putting it together: Analyzing the system spatial frequency contrast sensitivity

* 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

contrast sensitivity
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Ideal observer accounts for shape of CSF roll-off at increasing SF
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ISETBio validation: reproduce earlier ideal observer calculation
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Accounting for absolute sensitivity: modern estimates of optics/mosaic
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Accounting for absolute sensitivity: imperfectly learned classifier
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Accounting for absolute sensitivity: fixational drift (Engbert and Kliegl, 2004
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Energy computations (quadrature filters) reduce the impact of fixational drift

fixational eye movements
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Time: Photocurrent transduction (Angueyra & Rieke, 2013)
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excitation sequence object photocurrent response
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Accounting for absolute sensitivity: photocurrent transduction

10000 = T T T T T T 1] T T T T T 1T 1
: =Q= Banks ‘87 CSF
1. Updated optics & cone mosaic modeling has a P00 A A human observers (Banks '87)
minor impact relative to the Banks ‘87 estimate I |

(factor of 1.7 at 2 c/deg),
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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).
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3. Inclusion of fixational eye movements, requires non- I
linear computational observers, and further reduces 20
sensitivity across the entire spatial frequency range 10k
(accumulated factor: 7-10). -

4. Inclusion of photocurrent encoding further reduces
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Image computable models of neural mosaics: mRGC

retinal space-

referred
physiological &
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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

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

# image-quality-assessment

Here are 149 public repositories matching this topic...

Language: All Sort: Most stars v

LPIP

The Unreasonable Effectiveness of Deep Features as a Perceptual Metric

Richard Zhang! Phillip Isola’?>  Alexei A. Efros! Eli Shechtman®  Oliver Wang?®
1UC Berkeley  2OpenAl 3 Adobe Research

*“agrees surprisingly well with humans”




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




Simulation technologies for image systems engineering and biology
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Stanford Center for Cognitive and
Neurobiological Imaging
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