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LECTURE NOTES 0 — INTRO

Course notes cut from Computational Photography, an AI-powered Slopendium for this lecture. Each section links
back to its home in the book; sections marked optional go beyond what the lecture needs.

▸ Contents · 21 sections on this page, from 6 chapters of the book

From digital to computational photography

in the book ↗

A phone can combine several noisy exposures into one clear photograph, or use depth to blur the background
behind a face. These pictures depend on both a physical measurement and a computation. Digital photography
made that combination possible by recording the image as numbers; computational photography designs what we
measure and how we turn those measurements into a picture.

Consider a dark room with a sunlit window. Exposures chosen for the room and for the view outside can be
combined into a high-dynamic-range (HDR) image that retains both. Other methods estimate camera shake to
reduce blur, stitch overlapping frames into a panorama, or record light from multiple viewpoints so we can refocus
after capture. Each method uses additional measurements or assumptions. None can recover arbitrary information
that the capture failed to record.
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Figure 1.1.1 (reproduced). A montage of computational-photography results, each impossible with a single ordinary
exposure: high dynamic range (HDR) imaging that fuses several exposures of a high-contrast interior so both the
blown-out glass entrance and the dark showroom show at once, where no single exposure can; motion deblur
recovering a sharp image from a camera-shake-blurred one (Fergus et al. 2006, reproduced with permission); and a
panorama stitched from a sweep of handheld frames (your first problem set). Each pair shows the raw capture beside
the computed result, so you can see what the computation bought. A fourth feat, refocusing after the shutter from a
light-field capture, is shown in the video just below.
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Even the most ordinary snapshot already depends on computation. As we'll see shortly, a typical sensor measures
only one color channel at each pixel (red, or green, or blue), and the other two are reconstructed by an algorithm
before you ever see a full-color image. Computation isn't an afterthought for fun special effects. It has become a
fundamental aspect of image formation.

Video 1. Video: The light-field (plenoptic) camera uses a microlens array to record the direction of
incoming rays as well as their color, so a single capture can be refocused and its viewpoint nudged after the
shot. Ng, Levoy, Brédif, Duval, Horowitz & Hanrahan 2005 (Ng et al. 2005), reproduced with
permission.

0:01 / 2:25
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A phone has little room for a large aperture or sensor. Aligning and merging frames collects evidence over time, and
denoising and tone reproduction help use that evidence. The small optics still matter: blur, flare, clipping, and
motion can destroy information before processing begins. Computation and good hardware complement each other.

Generative models add another source of information: patterns learned from training images. They can synthesize
or modify a picture, including details that the camera did not resolve. This makes restoration more flexible but
raises a question that will recur throughout the book: which details are supported by the measurement, and which
are plausible inventions? Borges's imagined library of every possible book offers an analogy for this breadth, but a
learned model does not contain every possible photograph Borges 1941 Bottou & Schölkopf 2023.

Computation is the new optics

in the book ↗

In a conventional camera, the lens forms an optical image and film or a sensor records it. Better lenses, emulsions,
sensors, and exposure control improve that measurement. Processing has always influenced the final photograph,
including through chemical development and printing; computation greatly expands the operations we can apply.

Computational photography allows the final picture to differ substantially from the optical image. We can combine
exposures, estimate missing values, and use measurements of depth or ray direction. The attainable result depends
on the complete system: capture, reconstruction, and display.

The optical image need not look like the desired result. It can instead be designed to preserve information that an
algorithm can recover. This is optics and computation co-design: choose the measurement and reconstruction
together. A coded measurement is useful only if the desired information survives with enough signal relative to
noise.

Consider extending depth of field. Wavefront coding Dowski & Cathey 1995 and the lattice-focal lens Levin et al.
2009 (4D frequency / lattice-focal) deliberately blur the optical image over a range of depths. They aim to make the

Figure 1.1.2 (reproduced). A close-up of a sensor's raw output: a mosaic in which each pixel holds only one of red,
green, or blue, next to the full-color image reconstructed from it. Even a plain snapshot is the output of an algorithm,
here demosaicking, that fills in the two missing channels at every pixel.
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blur more consistent and easier to invert than ordinary defocus, so one reconstruction can sharpen objects at
different distances (Figure 1.1.3). In the usual incoherent imaging model, the sensor receives nonnegative sums of
intensities; computation can also subtract and apply nonlinear operations. Deconvolution uses that freedom, at the
cost of noise amplification and possible artifacts. The useful depth range and recoverable detail remain finite. See
Part 33, Computational optics and coded imaging.
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Click either image to enlarge it. The two are read at different scales: the sharpness difference
lives in the small inset crops, the element's structure in the nine subsquares.

the result: standard lens, lattice-focal capture, deconvolved output

the optical element, and its point-spread functions at three
depths

From Levin, Hasinoff, Green, Durand & Freeman, SIGGRAPH 2009.

Figure 1.1.3 (reproduced). A camera co-designed with its algorithm: the lattice-focal lens Levin et al. 2009 (4D
frequency / lattice-focal). Top: a standard lens holds only one subject in focus, while the lattice-focal lens captures an
image that is uniformly, invertibly blurred at every depth, so a single deconvolution brings the whole group sharp at
once. The raw capture looks wrongly blurred, which is exactly the point: the optical image need not resemble the final
one. Bottom: the optical element itself, a lattice of small subsquares of different focal lengths mounted on the main
lens like a screw-in filter, with its point-spread functions calibrated at three depths (90, 150, 180 cm). From Levin,
Hasinoff, Green, Durand & Freeman 2009.

“Computation is the new optics” describes this expansion of image formation: we can improve the picture by
changing the computation as well as the lens.
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The goals of computational photography

in the book ↗

The methods in this book serve several photographic goals:

Prettier pictures: straightforwardly better-looking results: cleaner, sharper, better-toned, more pleasing
color.

Alleviate physical limitations: reduce the effects of hardware constraints: too little light, too little dynamic
range, a lens too small or too shaky.

Record more information: capture what an ordinary photograph discards: depth, scene structure, separate
layers of the scene.

More control after capture: give the photographer more control after capture rather than locking in every
decision at the moment of the shot.

New visual experiences: make images that simply have no single-shot equivalent, like a refocusable
photograph or a navigable panorama.

Reveal the invisible: surface what the eye cannot see on its own, from tiny motions and color changes to
information outside the visible band.

Prettier pictures. A raw file needs a rendering before it becomes a viewable photograph: white balance, color
conversion, and a mapping to the display. A neutral rendering and a photographer's preferred rendering can look
quite different (Figure 1.1.4). There is no single appearance intrinsic to the raw numbers.

the raw, flat: no curve, no crop,
no color

the same frame, edited

Photo © Frédo Durand.

Figure 1.1.4 (reproduced). What editing does, on one frame. Left: the raw through a flat pipeline and nothing else,
demosaic, the camera's own white balance, the camera-to-sRGB matrix, the sRGB encode. No exposure
compensation, no crop, no tone curve, no saturation. Right: the same frame developed. The gap is the whole of
"prettier pictures", and the larger share of it is not taste but the baseline rendering described in Chapter 8.4, Beauty
curves: the camera "look", which every camera applies silently to every photograph. The two framings differ because
the flat render is the entire sensor and the developed version is cropped, which is itself one of the edits. Photo © Frédo
Durand.
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Alleviate physical limitations. A phone can merge a burst of short exposures, preserving highlights in each
frame while reducing noise in the combined shadows. The additional frames collect more photons; alignment and
merging make their measurements useful (Figure 17.6.6). Motion limits how much can be combined.

Record more information. Overlapping photographs can support a three-dimensional reconstruction and views
from new camera positions (Figure 36.7.7). Coverage, texture, and scene motion determine which parts can be
reconstructed reliably.

Figure 17.6.6 (reproduced). The HDR+ pipeline as the authors drew it. From a live viewfinder fed by the hardware
ISP, the shutter press grabs a burst of raw frames at one chosen exposure-and-gain; these are aligned and merged at
full resolution, then run through white balance, demosaic and chroma denoise, a local tone map (exposure fusion),
dehaze and global tone map, and a final sharpen and saturation pass. The decisive step, align-and-merge, sits before
demosaicking, so denoising and HDR happen together on the raw signal (Hasinoff et al. 2016).
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TypeError: Cannot read properties of null (reading 'createShader')TypeError: Cannot read properties of null (reading 'createShader')

WebGL 3D Gaussian Splat ViewerWebGL 3D Gaussian Splat Viewer
By By Kevin KwokKevin Kwok. Code on . Code on GithubGithub..

Use mouse or arrow keys to navigate.Use mouse or arrow keys to navigate.

scene scene plush toy on a sled (9 MB, bundled)

bundled with the pagebundled with the page

Figure 36.7.7 (reproduced). An interactive 3-D Gaussian-splatting scene: drag to orbit, scroll to zoom. Each splat is
an anisotropic 3-D Gaussian with view-dependent color; hundreds of thousands of them composited give real-time
novel views. Scene: "plush" from the cakewalk/splat-data  sample set (companion to the viewer). Viewer:
antimatter15/splat (MIT).

More control after capture. Recording ray direction as well as position allows refocusing within the range
supported by the capture (Figure 31.4.2).

https://twitter.com/antimatter15
https://github.com/antimatter15/splat
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Refocusing is choosing the depth of the virtual focal plane

virtual focal-plane depth near far slope +0.00

synthetic aperture pinhole wide (shallow DoF)

optical configuration — main lens · microlens array · sub-pixels, with the virtual focal plane

the same slider refocuses a real light field Everyone is awesome (Lytro)

13×13 sub-aperture views · slide the virtual focal plane



Figure 31.4.2 (reproduced). Interactive: refocusing is choosing the depth of the virtual focal plane. Slide the virtual
focal-plane depth and, on the left, watch the geometry: a scene point's rays fan across the main-lens aperture and
converge to its image; the movable virtual sensor plane intercepts that cone, and the depth whose image lands on the
plane is in focus while others spread into a blur disc. On the right, the same slider refocuses a real captured light field
(Stanford's wide-baseline "chess" gantry capture), sweeping a real photograph's focus from near to far. Refocusing is
choosing , the virtual plane.

New visual experiences. Some images have no single-shot equivalent at all: you navigate them rather than look
at them (Figure 20.4.5).

Look around a 360° panorama

panorama Venice, sunset (Poly Haven, CC0)

load your own 360° Choose File No file chosen auto-rotate

field of view 72° reset view

Figure 20.4.5 (reproduced). Look around a 360° panorama (interactive). The equirectangular mosaic is texture-
mapped onto the inside of a sphere and viewed from its center: drag to pan and tilt, scroll / pinch to change the field
of view. Widen the field of view and the straight quay and building edges bow outward, the very flatten-a-sphere
distortion that projections trade against, now something you can dial. Default panorama courtesy of Poly Haven
(CC0).

Reveal the invisible. The camera had already recorded a face flushing with its pulse and a building swaying.
What was missing was the processing that makes such changes visible.

k
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A limitation can also be an expressive choice (Figure 1.1.5). Leaving deep shadows black may make the lit shapes
easier to read than opening every shadow. Freezing a fraction of a second lets us study a gesture that passed too
quickly to see. More recovered detail is not always a better photograph.

Video 2. Video: Revealing Invisible Changes in the World. A reel of Eulerian video-magnification results:
a face flushing with the pulse, a wrist's beat, a breathing baby, and structures swaying, all pulled from
ordinary video by amplifying per-pixel temporal variation (Wu et al. 2012). Shown here for the goal it
illustrates; the method is Chapter 38.3, Motion and video magnification.
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contrast pushed to the
medium's limit

a time-slice — a frame the
medium makes possible

Photos credited in the book's image credits.

Figure 1.1.5 (reproduced). Alleviating the limitations of imaging is one goal of computational photography, but
sometimes the limitations offer expressivity. Left: a backlit estuary in which accepting a limited display contrast, by
letting the deep shadows fall to pure black instead of tone-mapping them open, turns the lit water channels into a
stark graphic. Right: three children caught mid-jump, where the camera's defining limitation, that it freezes a single
slice of time, lets us contemplate an instant that lasted a fraction of a second. Photos © Frédo Durand.

The intended use determines how we evaluate an image. A calibrated measurement can be assessed against a
physical quantity, with uncertainty attached. A perceptual model predicts visibility or appearance under specified
viewing conditions. A photographer may instead choose a rendering for its expressive effect.

These criteria can disagree. Smoothing a face may reduce pixel error while removing texture the photographer
wants. Preserving every shadow detail can flatten the composition. Human vision has measurable regularities,
including contrast sensitivity and color matching, but perceptual metrics remain models with limited ranges of
validity. Choose the criterion before comparing methods.

Between physical measurement and personal preference lies perceptual vision, which concerns how an image
actually looks to a human eye. You might expect this to be hopelessly subjective, but it is not. Several aspects of
human vision can be modeled quantitatively: the contrast sensitivity function, color appearance, lightness and
brightness, visual masking, perceived sharpness, and full image-quality metrics such as SSIM and visible-difference
predictors. "How it looks" can be measured and even predicted, though it is not pure physics. Within a model’s
range of validity, this lets us engineer for the eye: tone-mapping to fit the eye's response, throwing away color detail
the eye won't miss, choosing where to spend bits or where a little smoothing will go unnoticed.

Hand-designed algorithms, learning, and generative AI

OPTIONAL

in the book ↗

Hand-designed methods specify how to reconstruct an image. Learned restoration estimates that mapping from
examples. Generative methods learn a distribution of images and can sample possible outputs, often conditioned on
a capture. These approaches coexist: a camera may use a conventional geometric alignment stage, a learned
denoiser, and a hand-designed tone curve.
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The distinction does not by itself tell us how faithfully a result follows the data. A hand-designed prior can erase real
texture; a learned model can be constrained by the measurement. Generative restoration is especially useful when
many plausible images explain the input, but the selected detail need not be the detail that was actually there.
Evaluation must reflect whether the task is measurement, photographic rendering, or synthesis.

Rich Sutton's The Bitter Lesson argues that general methods able to exploit growing computation tend to
outperform elaborate hand-coded knowledge over time. Natural-language processing gives the standard example.
For decades, parsing a sentence meant hand-building grammars that encoded linguists' knowledge of syntax;
statistical parsers trained on corpora of annotated sentences overtook them, and neural models later did so with still
less hand-designed structure. The linguistic knowledge did not stop being true. It stopped being the thing
programmers wrote down directly, and moved into the data, the annotations and the choice of what to measure.
Imaging offers an important place for physical knowledge within learned methods: we can model projection, blur,
sensor noise, and the color-filter mosaic to generate training pairs or constrain reconstruction. Those pairs are exact
for the simulator, not necessarily for a real camera. Calibration errors, clipping, motion, and unmodeled processing
can make synthetic training data misleading. Chapter 7.2, Machine learning and Chapter 7.3, Deep learning develop
these approaches.

Sidebar 1: History of photography

Photography developed through advances in optics, chemistry, electronics, and computation. Selected
milestones:

Optics first: the camera obscura. A darkened room or box with a small hole projects an inverted image of the
world onto the far wall, the ancestor of every camera. Known since antiquity, described carefully by Alhazen around
1020, and used as a drawing aid by Renaissance painters: image formation centuries before anyone could fix the
image in place.

1826/27: an early camera photograph. Nicéphore Niépce records a lasting image by heliography, the oldest
surviving photograph made in a camera (Figure 1.1.6).

1839 / 1841: public photographic processes. Daguerre's daguerreotype was announced in 1839. Talbot's
calotype, patented in 1841, used a paper negative from which multiple positive prints could be made. Science
Museum Group.

1839: an early self-portrait. Robert Cornelius made a daguerreotype self-portrait in Philadelphia, cataloged as
the earliest surviving American portrait photograph by the Library of Congress.

1851: wet collodion. Frederick Scott Archer's collodion process cuts exposure times to a few seconds.

1861: three-color photography. James Clerk Maxwell combines three exposures through red, green, and blue
filters, the three-channel idea we still use.

1871 / 1888–89: the introduction of film. Richard Maddox's gelatin dry plate (1871) lets the light-sensitive
emulsion be manufactured in advance, instead of coated wet on a glass plate on the spot. George Eastman then
replaces the glass entirely with a flexible, rollable emulsion: paper-backed roll film (1888) and then a transparent
celluloid base (1889). This flexible strip is film in the literal sense, and it would remain the medium of photography
for the next century, until digital capture became widespread.

1888 / 1900: photography for everyone. Kodak's roll film arrives under the slogan "you press the button, we
do the rest" (1888); the Brownie (1900) puts a camera in ordinary hands. As Peyman Milanfar points out, that
advertising line is already the thesis of this whole book: the photographer presses the button and something else
does the rest; computational photography is simply the modern answer to what "the rest" is and how much of it can
be done (Figure 1.1.7). In parallel, the Lumière brothers launch cinema (1895) and a practical color process,
Autochrome (1907).
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1925: the Leica. 35 mm becomes the standard small format.

1935: coatings and color film. Anti-reflection lens coating (Smakula, at Zeiss) cuts internal flare and lifts
transmission and contrast, later refined into multi-coating, like Zeiss's T*, in the 1970s. The same year,
Kodachrome delivers practical color film (Kodacolor color-negative film follows in 1942).

1948: instant photography. Edwin Land's Polaroid Land Camera develops the print inside the camera in about
a minute, no lab, no waiting; the iconic folding SX-70 single-lens reflex follows in 1972.

1963: simpler loading. Kodak's Instamatic, with its drop-in cartridge, simplifies loading and cements the mass-
market snapshot.

1969 / 1975: toward digital. Boyle and Smith invent the charge-coupled device (CCD) (1969); Steven Sasson at
Kodak builds the first digital-camera prototype around one (1975).

1993: the CMOS active-pixel sensor. Eric Fossum and colleagues at NASA's Jet Propulsion Laboratory develop
the CMOS active-pixel sensor (APS), putting an amplifier at every pixel on an ordinary CMOS process Fossum
1993. Cheaper to make, lower-power, and faster to read out than the CCD, and able to integrate logic on the same
chip, it eventually displaced the CCD almost everywhere and became the sensor in essentially every phone and most
cameras: the device that made on-device computational photography practical at scale.

1977 / 1985 / 1995: automation. The Konica C35 AF (1977) and Minolta Maxxum 7000 (1985) mark the spread
of autofocus. Canon's EF 75–300mm IS USM (1995) brought optical stabilization to an EF lens; sensor-shift
stabilization later provided another way to compensate for camera motion.

Late 1980s–1990s: the image industry went digital before the camera did. Long before most
photographs were captured digitally, the photo industry had already moved to digital images. Desktop publishing
and digital prepress (late 1980s) scanned film for page layout; drum and film scanners, together with Kodak's Photo
CD (1992), digitized negatives and slides; Adobe Photoshop 1.0 (1990, the Knoll brothers, Thomas and John) put
the darkroom on a desktop; and photojournalism digitized early, with Kodak DCS bodies feeding pictures down the
wire, because filing a picture fast beat film's quality. Images were edited, scanned, and transmitted digitally years
before the camera itself caught up.

1990s / ~2000: the digital era. The first practical digital cameras appear through the 1990s, the Kodak DCS
(1991), the Apple QuickTake (1994), and the Nikon D1 (1999), and camera phones follow around 2000, putting a
camera in every pocket.

~2002: the picture becomes a message. The Multimedia Messaging Service (MMS) extends the plain text
message to carry a photo, so a camera-phone snapshot can be sent the instant it is taken. Together with the new
camera phones, it quietly changes what a photograph is for: no longer something you develop and later show, but
something you transmit immediately, the first sign that a picture's destination is now another screen, seconds away.

2000s–2010s: digital replaces film in many applications. Resolution, high-ISO performance, dynamic
range, and delivery speed improved substantially. Comparisons depend on film stock, format, scanning, and the
metric; there is no universal crossover year.

2000s–2010s: front-facing and multiple rear cameras. Front-facing cameras supported video calls and
self-portraits. Multiple rear cameras with different focal lengths, as in the iPhone 7 Plus (2016), extended the useful
zoom range and supplied additional measurements for computational imaging.

2004 / 2010: photography becomes social. Facebook (2004) and then Instagram (2010) make sharing the
point of taking a picture: billions of photos are uploaded and seen by others within seconds of capture. Instagram's
one-tap filters also put a computational look on every image, normalizing the idea that a snapshot is processed
before anyone sees it, and the feed turns the photograph into a unit of social communication as much as a keepsake,
the demand side of the phone-camera explosion, and the reason "how it looks on a small screen, right now" became
a design target.
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2012 / ~2014 / ~2022: the learning era. ImageNet and AlexNet set off the deep-learning revolution in vision
(2012); generative adversarial networks (GANs) arrive in 2014; diffusion models and systems like DALL·E bring
generative image AI into the mainstream around 2022.

Other side branches. The flash, which let photographers carry their own light; holography, which records the
wavefront itself rather than a flat image; Gabriel Lippmann's integral imaging and his interference-based color
photography; consumer light-field cameras like Lytro; and the term "computational photography" itself, coined by
Steve Mann in the mid-1990s and broadened into common use by Marc Levoy in the mid-2000s.

Figure 1.1.6 (reproduced). The oldest surviving photograph made in a camera: Nicéphore Niépce, “View from the
Window at Le Gras,” Saint-Loup-de-Varennes, France, 1826/27. It is a heliograph, a pewter plate coated with light-
sensitive bitumen, exposed in a camera obscura for days, so long that the sun lights the courtyard buildings from
both sides. The image is barely legible, a world away from a modern snapshot, yet it is the start of the whole story
this book tells. Reproduced from the 1952 Gernsheim facsimile; the original is held by the Harry Ransom Center,
University of Texas at Austin. Public domain (Wikimedia Commons).
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Sidebar 2: the first digital cameras, by the numbers

Consider just how little the first digital cameras could do; it sets the baseline everything in this book
improves on. Two machines bracket the start of the era, one professional and one consumer:

Kodak DCS-100 (1991): the first commercial digital SLR. A stock Nikon F3 film body was mated to a Kodak 1.3-
megapixel CCD ( ), but the camera could not stand alone: it was tethered by cable to a separate,
shoulder-slung Digital Storage Unit, a box holding a 200 MB hard drive, batteries, and a tiny monochrome preview

Figure 1.1.7 (reproduced). The Eastman Company's advertisement for the first Kodak camera (Rochester, NY, c.
1888/89), carrying the slogan that defined mass photography: "You press the button, we do the rest." As Peyman
Milanfar points out, this slogan is still the innovation we seek to deliver. Public domain (Wikimedia Commons). A few
machines mark the turns in the story: - Polaroid Land Camera (1948) / SX-70 (1972): instant photography: the
print develops in your hand, with no lab and no wait. Edwin Land made the photograph immediate decades before
digital did, and the folding SX-70, a true single-lens reflex that ejected a self-developing print, is a landmark of both
optics and industrial design. - Kodak DCS (1991): the first commercial digital SLR: a Nikon film body mated to a 1.3-
megapixel Kodak digital back. Digital photography begins as an expensive professional tool. - Apple QuickTake 100
(1994): one of the first consumer digital cameras, at 0.3 megapixels. Crude, but pointed at everyone. - Nikon D1
(1999): the first DSLR built from the ground up as an integrated digital camera rather than a retrofitted film body, and
priced to start displacing film in photojournalism. - First camera phone. A small historical distinction matters here:
the Kyocera VP-210 (Japan, 1999) is often credited as the first phone with a built-in camera, while the Sharp J-SH04
(Japan, 2000) was the first to popularize capturing and sharing photos. Either way, around the turn of the millennium
the camera became something you always carry, the road to phones as the dominant cameras on Earth. - Casio EX-F1
(2008): an early consumer high-speed camera (60 frames per second stills, up to 1200 fps video). A hint of the "shoot
many frames" computational era to come. - Lytro (2012): the first consumer light-field camera, able to refocus after
capture. Computational photography as a product category you could buy.
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screen, that stored roughly 150–600 images per session. Sensitivity ran about ISO 100–400 (a monochrome
version reached higher). Price: around $20,000–$25,000. It existed for one reason: photojournalists could wire a
picture to the newsroom in minutes instead of shipping film.

Logitech Fotoman (1992): a rebadged Dycam Model 1 (1990), one of the first fully self-contained consumer
digital cameras. It shot 376×240 pixels in 8-bit grayscale (256 levels), held about 32 images in 1 MB of internal
RAM (lost if the batteries died), had a fixed-focus lens and a built-in flash, and downloaded over a serial cable to a
PC or Mac. Price: around $600–1000. No color, no screen, about 0.09 megapixels in monochrome, and still a
glimpse of the future.

Put beside a modern phone (tens of megapixels, color, video, and a stack of computation behind every
frame), these are strikingly limited. The improvement reflects both better sensors and more capable
processing.

This also changes an expectation that developed around photographs. Perspective construction, photographic
capture, and documentary practice all helped establish the image as evidence about a particular scene.
Photojournalism gave special importance to the idea of recording an actual instant. That ideal was never a complete
description of image-making: staging, framing, and manipulation remained. Generative synthesis makes the
distinction especially visible because a convincing image need not originate in a corresponding event. The question
is what relationship to an event a viewer is entitled to expect.

The physical knowledge accumulated in imaging still has work to do. A hand-designed denoiser puts assumptions
directly into its algorithm; a learned denoiser can inherit them through simulated noisy/clean pairs, its architecture,

Video 3. The Lumière brothers, L'Arrivée d'un train en gare de La Ciotat (1896). An early
example of projected cinema: capturing and replaying motion, the same urge to record the world that
drives still photography, now one frame at a time. The brothers also gave photography a practical
commercial color process, Autochrome (1907). (web edition)



or a measurement constraint. Knowledge of the camera has moved into a different part of the design. The practical
question is where that knowledge is most useful, and how closely the simulated measurements represent the real
capture.

Image representation

An image is an array

OPTIONAL
in the book ↗

A color image is stored as a grid of channel values, commonly red, green, and blue (Figure 8.1.1). These are samples
or measurements; drawing enlarged pixels as squares is a display convention, not a complete model of sensor
integration.

More formally, an image is a function defined over a 2-D domain, the grid of integer positions , whose values
live in a range, here the space of colors. We store that function as a three-dimensional array of size

 and write  for the value at column , row , channel . A grayscale image has a
single channel, and we drop the index and write .

(x, y)

height × width × channels I(x, y, c) x y c

I(x, y)

Figure 8.1.1 (reproduced). A small image and a magnified detail. Seen whole (left), you read a scene; zoomed in
(right), each pixel resolves into a little square holding three numbers, its red, green, and blue values. There is nothing
beneath the picture but this array, and every operation in this part of the book acts on it.
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Usually a pixel carries exactly three channels, but nothing forces that. Some images add a fourth (for transparency,
which we return to under alpha below) and scientific hyperspectral images keep dozens or hundreds of narrow
wavelength bands instead of three broad ones. One very practical trap follows from this freedom, and it bites
beginners constantly: a Portable Network Graphics (PNG) file may carry an alpha channel, so a file you assume is
three-channel RGB hands you four channels instead. If the rest of your code expects three, every pixel downstream
is misread. The fix is trivial once you know to look (check the channel count on load), but the symptom (colors
scrambled, code not crashing) is hard to diagnose if you do not.

Figure 8.1.2 (reproduced). Zooming into a real photograph in three steps until the array shows through. Left: the
whole image. Middle: a zoom onto the eye. Right: a zoom so deep that individual pixels become visible squares, each
just an  triple of numbers. The schematic in Figure 1 is the literal truth of every photograph.(R, G, B)

Figure 8.1.3 (reproduced). A color photograph is three grayscale planes. The color image (left) holds one number per
pixel for red, one for green, one for blue; shown separately (right, as the grayscale each really is), each plane is
bright where that channel is strong. The orange throat lights up the red plane, the teal eye and beak the green and
blue, the foliage the green. Stack the three planes back up and the color photo returns.
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Sidebar 4: why floats in ?

We use float32 for working images. Zero and one serve as black and reference white in normalized
examples, but intermediate values may lie outside that interval. Changing an integer array to float
changes its numeric representation; it does not decode its transfer function or identify its color space.

[0, 1]


