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Today’s lecture
The values of pixels in a picture you see on screen are 

quite different than the values output by the sensor in 
a modern digital camera. 

Computation is now a fundamental aspect of 
producing high-quality pictures.

Computation
Output of sensor 

(“RAW”)

Beautiful image that 
impresses your friends 

on Instagram
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Where we are headed
▪ I’m about to describe a sequence of operations that take raw image 

pixels from a sensor (measurements of light) to high-quality pictures 
- Correct for sensor bias (using measurements of optically black pixels) 
- Correct pixel defects 
- Vignetting compensation 
- Dark frame subtract (optional) 
- White balance 
- Demosaic 
- Denoise / sharpen, etc. 
- Color Space Conversion 
- Gamma Correction 
- Color Space Conversion (Y’CbCr) 
- … 

▪ Today’s pipelines are sophisticated, but they only scratch the surface 
of what future image processing pipelines might do 
- Person identification, action recognition, scene understanding (to automatically compose shot or 

automatically pick best picture) etc.
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Camera cross section

Image credit: Canon (EOS M)

Sensor

Canon 14 MP CMOS Sensor 
(14 bits per pixel)
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The Sensor
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Photoelectric effect

Incident photons

Ejected electrons

Einstein’s Nobel Prize in 1921 “for his services to Theoretical Physics, 
and especially for his discovery of the law of the photoelectric effect"

Albert Einstein

Slide credit: Ren Ng
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CMOS sensor

Row select 
Register

ADCAmplify
Bits

Row buffer 
(shift register)

…

Active pixel sensor 
(2D array of photo-diodes)

“Optically black” region 
(shielded from light)

Exposed region
Photodiode 

(a pixel)
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CMOS APS (active pixel sensor) pixel

Illustration credit: Molecular Expressions (http://micro.magnet.fsu.edu/primer/digitalimaging/cmosimagesensors.html) 

http://micro.magnet.fsu.edu/primer/digitalimaging/cmosimagesensors.html
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CMOS response functions are linear
Photoelectric effect in silicon: 

- Response function from 
photons to electrons is linear 

- May have some nonlinearity 
close to 0 due to noise and 
when close to pixel 
saturation

Slide credit: Ren Ng
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Quantum efficiency
▪ Not all photons will produce an electron 

- Depends on quantum efficiency of the device 

- Human vision:                       ~15% 

- Typical digital camera:      < 50% 

- Best back-thinned CCD:     > 90% 
(e.g., telescope)

QE =
# electrons
# photons

Slide credit: Ren Ng
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Sensing Color
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Electromagnetic spectrum
Describes distribution of power (energy/time) by wavelength

Figure credit:

Below: spectrum of various common light sources:
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Warm white vs. cool white

Image credit: (Oz Lighting: https://www.ozlighting.com.au/blog/what-is-warm-white-versus-cool-white/)
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▪ Photosensor input: light 
- Electromagnetic power distribution over wavelengths: 

▪ Photosensor output: a “response” … a number 
- e.g., encoded in electrical signal 

▪ Spectral response function: 
- Sensitivity of sensor to light of a given wavelength 

- Greater               corresponds to more a efficient sensor (when               is large, a 
small amount of light at wavelength       will trigger a large sensor response) 

▪ Total response of photosensor:   

Photosensor response
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Spectral response of cone cells in human eye
Three types of cells in eye responsible for color perception: S, M, and L cones 
(corresponding to peak response at short, medium, and long wavelengths) 

Implication: the space of human-perceivable colors is three dimensional 

S =
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Uneven distribution of cone types in eye 
~64% of cones are L cones, ~ 32% M cones
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Response functions for S, M, and L cones
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Color filter array (Bayer mosaic)
▪ Color filter array placed over sensor 

▪ Result: different pixels have different spectral response (each pixel 
measures red, green, or blue light) 

▪ 50% of pixels are green pixels

Traditional Bayer mosaic
(other filter patterns exist: e.g., Sony’s RGBE)

Pixel response curve: Canon 40D/50D

Image credit: 
Wikipedia, Christian Buil (http://www.astrosurf.com/~buil/cameras.htm)

f(�)
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RAW sensor output (simulated data)

RAW output of sensor

Light Hitting Sensor

Bad row

“Hot pixel”
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Y’ = luma: perceived luminance 
Cb = blue-yellow deviation from gray 
Cr = red-cyan deviation from gray

Y’

Cb

Cr

Image credit: Wikipedia

Conversion from R’G’B’ to Y’CbCr:

“Gamma corrected” RGB 
(primed notation indicates 
perceptual (non-linear) space) 
We’ll describe what this means 
this later in the lecture.

Another basis: Y’CbCr color space
Recall: color is represented as a 3D value
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CMOS Pixel Structure
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Front-side-illuminated (FSI) CMOS
Building up the CMOS imager layers

Courtesy R. Motta, Pixim
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Pixel pitch: 
A few microns

Photodiodes 
~50% Fill Factor

Courtesy R. Motta, Pixim
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Polysilicon 
& Via 1

Courtesy R. Motta, Pixim
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Metal 1

Courtesy R. Motta, Pixim
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Metal 2

Courtesy R. Motta, Pixim
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Metal 3

Courtesy R. Motta, Pixim
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Metal 4

Courtesy R. Motta, Pixim
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Color filter array

Courtesy R. Motta, Pixim
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Pixel fill factor

Photodiode area Non photosensitive (circuitry)

Fraction of pixel area that integrates incoming light

Slide credit: Ren Ng
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CMOS sensor pixel

Illustration credit: Molecular Expressions (http://micro.magnet.fsu.edu/primer/digitalimaging/cmosimagesensors.html) 

Microlens (a.k.a. lenslet) steers light 
toward photo-sensitive region 
(increases light-gathering capability) 

Microlens also serves to prefilter signal. 
Why?

Color filter attenuates light

http://micro.magnet.fsu.edu/primer/digitalimaging/cmosimagesensors.html
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Using micro lenses to improve fill factor

Leica M9

Shifted microlenses on M9 sensor.

Slide credit: Ren Ng
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Optical cross-talk

http://gmpphoto.blogspot.com/2012/09/the-new-leica-max-24mp-cmos-sensor.html
Slide credit: Ren Ng
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Pixel optics for minimizing cross-talk

http://gmpphoto.blogspot.com/2012/09/the-new-leica-max-24mp-cmos-sensor.html
Slide credit: Ren Ng
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Backside illumination sensor
▪ Traditional CMOS: electronics block light 

▪ Idea: move electronics underneath light gathering region 
- Increases fill factor 
- Reduces cross-talk due since photodiode closer to microns 
- Implication 1: better light sensitivity at fixed sensor size 
- Implication 2: equal light sensitivity at smaller sensor size (shrink sensor)

Illustration credit: Sony
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Full-well capacity

Graph credit: clarkvision.com

Pixel saturates when photon capacity is exceeded

Oversaturated pixels
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Bigger sensors = bigger pixels (or more pixels?)
▪ iPhone 6s (1.2 micron pixels, 12 MP) 

▪ My Nikon D7000 (APS-C) 
(4.8 micron pixels, 16 MP) 

▪ Nikon D4 (full frame sensor) 
(7.3 micron pixels, 16 MP) 

▪ Implication: very high pixel count sensors 
can be built with current CMOS technology  
- Full frame sensor with iPhone 6s pixel 

size ~ 600 MP sensor

24x16mm

Nokia Lumia 
(41 MP)

36x24mm

Image credit: Wikipedia
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Steps in capturing an image

1. Clear sensor pixels 
2. Open camera’s mechanical shutter (exposure begins) 
3. Optional: fire flash 
4. Close camera mechanical shutter (exposure ends) 
5. Read measurements off sensor 

- For each row: 
- Select row, read pixel for all columns in parallel 
- Pass data stream through amplifier and ADC
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1. Clear sensor pixels for row i  (exposure begins) 

2. Clear sensor pixels for row i+1 (exposure begins) 

... 

3. Read row i   (exposure ends) 

4. Read row i+1 (exposure ends) 

Each image row exposed for the same amount of time (same exposure) 

Each image row exposed over different interval of time 
(time offset determined by row read speed)

Electronic rolling shutter
Many cameras do not have a mechanical shutter 
(e.g., smart-phone cameras)

Photo of red square, moving to right 
over duration sensor is exposed

Ex
po

su
re
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Rolling shutter effects

Image credit: Wikipedia

Image credit: Point Grey Research
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Measurement noise

We’ve all been frustrated by noise in low-
light photographs 

(or in shadows in daytime images)
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Measurement noise
▪ Photon shot noise: 

- Photon arrival rates feature poisson distribution 
- Standard deviation = sqrt(N) 
- Signal-to-noise ratio (SNR): N/sqrt(N) 

- Brighter the signal the higher the SNR 

▪ Dark-shot noise 
- Due to leakage current in sensor 
- Electrons dislodged due to thermal activity (increases exponentially with 

sensor temperature) 

▪ Non-uniformity of pixel sensitivity (due to manufacturing defects) 

▪ Read noise 
- e.g., due to amplification / ADC

Addressed by: subtract dark image

Addressed by: subtract flat field image 
(e.g., image of gray wall)
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Read noise

Image credit: clarkvision.com

Read noise is largely independent of pixel size 
Large pixels + bright scene: noise determined largely by photon shot noise
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Dark shot noise / read noise
Black image examples: Nikon D7000, High ISO

1/60 sec exposure 1 sec exposure 



 Stanford CS348V, Winter 2018

Maximize light gathering capability
▪ Goal: increase signal-to-noise ratio 

- Dynamic range of a pixel (ratio of brightest light measurable to dimmest light 
measurable) is determined by the noise floor (minimum signal) and the pixel’s 
full-well capacity (maximum signal) 

▪ Big pixels 
- Nikon D4: 7.3 um 

- iPhone 5s: 1.5 um  

▪ Sensitive pixels 
- Good materials 

- High fill factor
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Vignetting
Image of white wall (Note: I contrast-enhanced the image to show effect) 



 Stanford CS348V, Winter 2018

Types of vignetting

Image credit: Mark Butterworth

Optical vignetting: less light reaches edges of sensor due to physical obstruction in lens 

Pixel vignetting: light reaching pixel at an oblique 
angle is less likely to hit photosensitive region than 
light incident from straight above (e.g., obscured by 
electronics) 

- Microlens reduces pixel vignetting
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More challenges
▪ Chromatic shifts over sensor 

- Pixel light sensitivity changes over sensor due to interaction with microlens 
(Index of refraction depends on wavelength, so some wavelengths are more likely 
to suffer from cross-talk or reflection. Ug!) 

▪ Dead pixels (stuck at white or black) 

▪ Lens distortion

Pincushion distortion

Captured Image Corrected Image
Image credit: PCWorld
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A simple RAW image processing pipeline

Adopting terminology from Texas Instruments OMAP Image Signal Processor pipeline 
(since public documentation exists) 

Assume: receiving 12 bits/pixel Bayer mosaiced data from sensor 
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Optical clamp: remove sensor offset bias
output_pixel = input_pixel - [average of pixels from optically black region]

Remove bias due to sensor black level 
(from nearby sensor pixels at time of shot)
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Step 2: correct for defective pixels 
▪ Store LUT with known defective pixels 

- e.g., determined on manufacturing line, during sensor calibration and test 

▪ Example correction methods 
- Replace defective pixel with neighbor 

- Replace defective pixel with average of neighbors 

- Correct defect by subtracting known bias for the defect  

output_pixel = (isdefectpixel(current_pixel_xy)) ?  
                 average(previous_input_pixel, next_input_pixel) : 
                 input_pixel;
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Lens shading compensation
▪ Correct for vignetting 

- Recall good implementations will consider wavelength-dependent vignetting 
(that creates chromatic shift over the image)  

▪ Possible implementations: 
- Use flat-field photo stored in memory 

- e.g., lower resolution buffer, upsampled on-the-fly 

- Use analytic function to model correction   

offset = upsample_compensation_offset_buffer(current_pixel_xy); 
gain = upsample_compensation_gain_buffer(current_pixel_xy); 

output_pixel = offset + gain * input_pixel; 
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Optional dark-frame subtraction
▪ Similar computation to lens shading compensation  

output_pixel = input_pixel - dark_frame[current_pixel_xy]; 

“Dark frame” 
(result of exposure with shutter closed)
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White balance
▪ Adjust relative intensity of rgb values (so neutral tones appear neutral) 

▪ White balance coefficients are determined based on analysis of image contents: 
- Simple auto-white balance algorithms 

- Gray world assumption: make average of all pixels in image gray 
- Find brightest region of image, make it white ([1,1,1]) 

▪ Modern cameras have sophisticated (heuristic-based) white-balance algorithms

output_pixel = white_balance_coeff * input_pixel 
// note: in this example, white_balance_coeff is vec3 
// (adjusts ratio of red-blue-green channels)

Image credit: basedigitalphotography.com

Common data-driven solution: 
1. Compute features from input image 

(e.g., histogram) 
2. Find similar images in database of 

images for which good white balance 
settings are known 

3. Use white balance settings from 
database image
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Demosiac
▪ Produce RGB image from mosaiced input image 

▪ Basic algorithm: bilinear interpolation of mosaiced values (need 4 neighbors) 

▪ More advanced algorithms: 

- Bicubic interpolation (wider filter support region… may overblur) 

- Good implementations attempt to find and preserve edges 

Image credit: Mark Levoy
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Demosaicing errors
▪ Moire pattern color artifacts  

- Common difficult case: fine diagonal black and white stripes 
- Common solution: 

- Convert demosaiced value to YCbCr 
- Low-pass filter (blur) CbCr channels 
- Combine filtered CbCr with full resolution Y from sensor to get RGB

Image credit: http://almanazir.typepad.com/almanazir/2006/11/how_a_camera_ph_1.html

RAW data from sensor

Demosaiced

http://almanazir.typepad.com/almanazir/2006/11/how_a_camera_ph_1.html
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Denoising: effect of downsizing on image noise

point 
sampled

averaged down 
(bilinear resampling)

Credit: Levoy



 Stanford CS348V, Winter 2018

Denoising

Denoised

Original
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Aside: image processing basics
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Example image processing operations

Blur
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Example image processing operations

Sharpen
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Edge detection
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A “smarter” blur (doesn’t blur over edges)
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Review: convolution

output signal input signalfilter

It may be helpful to consider the effect of convolution with the simple unit-area “box” function: 

VEC: Small: Collaborative Research: The Visual Computing Database: A
Platform for Visual Data Processing and Analysis at Internet Scale

(f ⇤ g)(x) =
Z 1

�1
f(y)g(y � x)dy

f(x) =

⇢
1 |x|  0.5
0 otherwise

(f ⇤ g)(x) =
Z 0.5

�0.5
g(y � x)dy

VEC: Small: Collaborative Research: The Visual Computing Database: A
Platform for Visual Data Processing and Analysis at Internet Scale

(f ⇤ g)(x) =
Z 1

�1
f(y)g(x� y)dy

f(x) =

⇢
1 |x|  0.5
0 otherwise

(f ⇤ g)(x) =
Z 0.5

�0.5
g(x� y)dy

VEC: Small: Collaborative Research: The Visual Computing Database: A
Platform for Visual Data Processing and Analysis at Internet Scale

(f ⇤ g)(x) =
Z 1

�1
f(y)g(x� y)dy

f(x) =

⇢
1 |x|  0.5
0 otherwise

(f ⇤ g)(x) =
Z 0.5

�0.5
g(x� y)dy

f * g is a “blurred” version of g

-0.5 0.5

1
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Discrete 2D convolution

(f ⇤ g)(x, y) =
1X

i,j=�1
f(i, j)I(x� i, y � j)

output image input imagefilter

Consider                         that is nonzero only when:  (f ⇤ g)(x, y) =
1X

i,j=�1
f(i, j)I(x� i, y � j) �1  i, j  1

Then:
(f ⇤ g)(x, y) =

1X

i,j=�1

f(i, j)I(x� i, y � j)

And we can represent f(i,j) as a 3x3 matrix of values where:

f(i, j) = Fi,j (often called:  “filter weights”, “filter kernel”)
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Simple 3x3 box blur
float input[(WIDTH+2) * (HEIGHT+2)]; 
float output[WIDTH * HEIGHT]; 

float weights[] = {1./9, 1./9, 1./9, 
                   1./9, 1./9, 1./9, 
                   1./9, 1./9, 1./9}; 

for (int j=0; j<HEIGHT; j++) { 
   for (int i=0; i<WIDTH; i++) { 
      float tmp = 0.f; 
      for (int jj=0; jj<3; jj++) 
         for (int ii=0; ii<3; ii++) 
            tmp += input[(j+jj)*(WIDTH+2) + (i+ii)] * weights[jj*3 + ii]; 
      output[j*WIDTH + i] = tmp; 
  } 
}

For now: ignore boundary pixels and 
assume output image is smaller than 
input (makes convolution loop bounds 
much simpler to write) 
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7x7 box blur
Original

Blurred
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Gaussian blur
▪ Obtain filter coefficients from sampling 2D Gaussian

f(i, j) =
1

2⇡�2
e�

i2+j2

2�2

2

4
.075 .124 .075
.124 .204 .124
.075 .124 .075

3

5

▪ Produces weighted sum of neighboring pixels (contribution 
falls off with distance) 

- In practice: truncate filter beyond certain distance for efficiency
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7x7 gaussian blur
Original

Blurred
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What does convolution with this filter do?

2

4
0 �1 0
�1 5 �1
0 �1 0

3

5

Sharpens image!
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3x3 sharpen filter
Original

Sharpened
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What does convolution with these filters do?

Extracts horizontal 
gradients

2

4
�1 0 1
�2 0 2
�1 0 1

3

5

2

4
�1 �2 �1
0 0 0
1 2 1

3

5

Extracts vertical 
gradients
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Gradient detection filters
Horizontal gradients

Vertical gradients

Note: you can think of a filter as a 
“detector” of a pattern, and the 
magnitude of a pixel in the output 
image as the “response” of the filter 
to the region surrounding each pixel 
in the input image (this is a common 
interpretation in computer vision)
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Sobel edge detection
▪ Compute gradient response images

Gx =

2

4
�1 0 1
�2 0 2
�1 0 1

3

5 ⇤ I

Gy =

2

4
�1 �2 �1
0 0 0
1 2 1

3

5 ⇤ I

▪ Find pixels with large gradients

G =
q

Gx
2 +Gy

2

Pixel-wise operation on images

Gx =

2

4
�1 0 1
�2 0 2
�1 0 1

3

5 ⇤ I

Gy =

2

4
�1 �2 �1
0 0 0
1 2 1

3

5 ⇤ I

G =
q

Gx
2 +Gy

2
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Cost of convolution with N x N filter?
float input[(WIDTH+2) * (HEIGHT+2)]; 
float output[WIDTH * HEIGHT]; 

float weights[] = {1./9, 1./9, 1./9, 
                   1./9, 1./9, 1./9, 
                   1./9, 1./9, 1./9}; 

for (int j=0; j<HEIGHT; j++) { 
   for (int i=0; i<WIDTH; i++) { 
      float tmp = 0.f; 
      for (int jj=0; jj<3; jj++) 
         for (int ii=0; ii<3; ii++) 
            tmp += input[(j+jj)*(WIDTH+2) + (i+ii)] * weights[jj*3 + ii]; 
      output[j*WIDTH + i] = tmp; 
  } 
}

In this 3x3 box blur example: 
Total work per image = 9 x WIDTH x HEIGHT

For N x N filter:  N2 x WIDTH x HEIGHT
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Separable filter
▪ A filter is separable if can bee written as the outer product of 

two other filters.  Example: a 2D box blur 

- Exercise: write 2D gaussian and vertical/horizontal 
gradient detection filters as product of 1D filters (they are 
separable!) 

▪ Key property: 2D convolution with separable filter can be 
written as two 1D convolutions!

1

9

2

4
1 1 1
1 1 1
1 1 1

3

5 =
1

3

2

4
1
1
1

3

5 ⇤ 1

3

⇥
1 1 1

⇤
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Implementation of 2D box blur via two 1D convolutions 

int WIDTH = 1024 
int HEIGHT = 1024; 
float input[(WIDTH+2) * (HEIGHT+2)]; 
float tmp_buf[WIDTH * (HEIGHT+2)]; 
float output[WIDTH * HEIGHT]; 

float weights[] = {1./3, 1./3, 1./3}; 

for (int j=0; j<(HEIGHT+2); j++) 
  for (int i=0; i<WIDTH; i++) { 
    float tmp = 0.f; 
    for (int ii=0; ii<3; ii++) 
      tmp += input[j*(WIDTH+2) + i+ii] * weights[ii]; 
    tmp_buf[j*WIDTH + i] = tmp; 
  } 

for (int j=0; j<HEIGHT; j++) { 
  for (int i=0; i<WIDTH; i++) { 
    float tmp = 0.f; 
    for (int jj=0; jj<3; jj++) 
      tmp += tmp_buf[(j+jj)*WIDTH + i] * weights[jj]; 
    output[j*WIDTH + i] = tmp; 
  } 
}

Total work per image for NxN filter:  
2N x WIDTH x HEIGHT
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Data-dependent filter (not a convolution)
float input[(WIDTH+2) * (HEIGHT+2)]; 
float output[WIDTH * HEIGHT]; 

for (int j=0; j<HEIGHT; j++) { 
   for (int i=0; i<WIDTH; i++) { 
      float min_value = min( min(input[(j-1)*WIDTH + i], input[(j+1)*WIDTH + i]), 
                             min(input[j*WIDTH + i-1], input[j*WIDTH + i+1]) ); 
      float max_value = max( max(input[(j-1)*WIDTH + i], input[(j+1)*WIDTH + i]), 
                             max(input[j*WIDTH + i-1], input[j*WIDTH + i+1]) ); 
      output[j*WIDTH + i] = clamp(min_value, max_value, input[j*WIDTH + i]); 
    } 
}

This filter clamps pixels to the min/max of its cardinal neighbors 
(e.g., hot-pixel suppression) 
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Median filter

uint8 input[(WIDTH+2) * (HEIGHT+2)]; 
uint8 output[WIDTH * HEIGHT]; 
for (int j=0; j<HEIGHT; j++) { 
   for (int i=0; i<WIDTH; i++) { 
      output[j*WIDTH + i] = 
           // compute median of pixels 
           // in surrounding 5x5 pixel window  
   } 
}

▪ Replace pixel with median of its neighbors 
- Useful noise reduction filter: unlike gaussian 

blur, one bright pixel doesn’t drag up the 
average for entire region 

▪ Not linear, not separable 
- Filter weights are 1 or 0 

(depending on image content)

▪ Basic algorithm for NxN support region: 
- Sort N2 elements in support region, then pick median: O(N2log(N2)) work per pixel 
- Can you think of an O(N2) algorithm? What about O(N)?



 Stanford CS348V, Winter 2018

5x5 median filter (N=5)

int WIDTH = 1024; 
int HEIGHT = 1024; 
uint8 input[(WIDTH+2) * (HEIGHT+2)]; 
uint8 output[WIDTH * HEIGHT]; 
int histogram[256]; 

for (int j=0; j<HEIGHT; j++) { 
  for (int i=0; i<WIDTH; i++) { 
    // construct histogram of support region 
    for (int ii=0; ii<256; ii++) 
      histogram[ii] = 0; 
    for (int jj=0; jj<5; jj++) 
      for (int ii=0; ii<5; ii++) 
         histogram[input[(j+jj)*(WIDTH+2) + (i+ii)]]++; 
     
    // scan the 256 bins to find median 
    // median value of 5x5=25 elements is bin containing 13th value  
    int count = 0; 
    for (int ii=0; ii<256; i++) { 
       if (count + histogram[ii] >= 13) 
         output[j*WIDTH + i] = uint8(ii);   
       count += histogram[ii]; 
    } 
  } 
}

▪ O(N2) work-per-pixel solution for 8-bit pixel data  (radix sort 8 bit-integer data) 
-  Bin all pixels in support region, then scan histogram bins to find median

See Weiss [SIGGRAPH 2006] for 
O(lg N) work-per-pixel median filter 
(incrementally updates histogram)
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Bilateral filter

Example use of bilateral filter: removing noise while preserving image edges
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▪ The bilateral filter is an “edge preserving” filter: down-weight contribution of pixels 
on the “other side” of strong edges.  f (x) defines what “strong edge means” 

▪ Spatial distance weight term f (x) could itself be a gaussian 
- Or very simple: f (x) = 0 if x > threshold, 1 otherwise

Bilateral filter

Value of output pixel (x,y) is the weighted sum of all pixels in the support region of a 
truncated gaussian kernel 

But weight is combination of spatial distance and input image pixel intensity difference. 
(non-linear filter: like the median filter, the filter’s weights depend on input image content)

Gaussian blur kernel Input image

Re-weight based on difference 
in input image pixel values

For all pixels in support region 
of Gaussian kernel

BF[I](p) =
1

Wp

X

i,j

f(|I(x� i, y � j)� I(x, y)|)G�(i, j)I(x� i, y � j)

Wp =
X

i,j

f(|I(x� i, y � j)� I(x, y)|)G�(i, j)I(x� i, y � j)

Normalization
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Bilateral filter

Figure credit: Durand and Dorsey, “Fast Bilateral Filtering for the Display of High-Dynamic-Range Images”, SIGGRAPH 2002

Pixels with significantly different intensity 
as p contribute little to filtered result (they 
are “on the “other side of the edge”

Input image G(): gaussian about input pixel p

Input pixel p

f(): Influence of support region

G x f: filter weights for pixel p Filtered output image
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Bilateral filter: kernel depends on image content 

Figure credit: SIGGRAPH 2008 Course: “A Gentle Introduction to Bilateral Filtering and its Applications” Paris et al.

See Paris et al. [ECCV 2006] for a fast approximation to the bilateral filter

Question: describe a type of edge the bilateral filter will not respect 
(it will blur across these edges)
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Denoising using non-local means
▪ Main assumption: images have repeating texture 
▪ Main idea: replace pixel with average value of nearby pixels that 

have a similar surrounding region

- Np and Nq are vectors of pixel values in square window around pixels p and q 
(highlighted regions in figure) 

- Difference between Np and Pq  = “similarity” of surrounding regions (here: L2 distance) 
- Cp is a normalization constant to ensure weights sum to one for pixel p. 
- S is the search region (given by dotted red line in figure) 

p

q

Np

Nq

NL[I](p) =
X

q2S

w(p, q)I(q)

w(p, q) =
1

Cp
e

�kNp�Nqk2

h2
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Denoising using non-local means
▪ Large weight for input pixels that have similar neighborhood as p 

- Intuition: “filtered result is the average of pixels like this one” 
- In example below-right: q1 and q2 have high weight, q3 has low weight

Buades et al. CVPR 2005

(A) (B)

(C) (D)

In each image pair above: 
- Image at left shows the pixel to denoise. 
- Image at right shows weights of pixels in 21x21-

pixel kernel support window.
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End of aside on image processing basics 
(back to our simple camera pipeline)
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Color-space conversion
▪ Measurements of sensor depend on sensor’s spectral response 

- Response depends on bandwidths filtered by color filter array   

▪ Convert representation to sensor-independent basis: e.g., sRGB 
- 3 x 3 matrix multiplication

output_rgb_pixel = COLOR_CONVERSION_MATRIX * input_rgb_pixel

Represented in 
sensor-specific basis

Represented in standard 
color space (e.g., RGB)

Note: modern pipelines may perform more sophisticated (and non-linear) color transformations at this point. e.g., 
use a big lookup table to adjust certain tones (e.g., make sky-like tones bluer)  
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Local-tone adjustment

Improve picture’s aesthetics by locally 
adjusting contrast, boosting dark 
regions, decreasing bright regions 
(more details in later lecture)

(a) Input images with corresponding weight maps (b) Fused result

Figure 2. Exposure fusion is guided by weight maps for each input image. A high weight means that
a pixel should appear in the final image. These weights reflect desired image qualities, such as high
contrast and saturation. Image courtesy of Jacques Joffre.

physically-based, we do not need to worry about calibra-
tion of the camera response curve, and keeping track of
each photograph’s exposure time. We can even add a flash
image to the sequence to enrich the result with additional
detail. Our approach merely relies on simple quality mea-
sures, like saturation and contrast, which prove to be very
effective. Also, results can be computed at near-interactive
rates, as our technique mostly relies a pyramidal image de-
composition. On the downside, we cannot extend the dy-
namic range of the original pictures, but instead we directly
produce a well-exposed image for display purposes.

2. Related Work

High dynamic range (HDR) imaging assembles a high
dynamic range image from a set of low dynamic range im-
ages that were acquired with a normal camera [5, 17]. The
camera-specific response curve should be recovered in or-
der to linearize the intensities. This calibration step can be
computed from the input sequence and their exposure set-
tings.

Most display devices have a limited dynamic range and
cannot directly display HDR images. To this end, tone

mapping compresses the dynamic range to fit the dynamic
range of the display device [26]. Many different tone map-
ping operators have been suggested with different advan-
tages and disadvantages. Global operators apply a spa-
tially uniform remapping of intensity to compress the dy-
namic range [7, 14, 24]. Their main advantage is speed,
but sometimes fail to reproduce a pleasing image. Local
tone mapping operators apply a spatially varying remap-
ping [6, 8, 10, 15, 25, 29], i.e., the mapping changes for dif-
ferent regions in the image. This often yields more pleasing
images, even though the result may look unnatural some-
times. The operators employ very different techniques to

compress the dynamic range: from bilateral filtering [8],
which decomposes the image into edge-aware low and high
frequency components, to compression in the gradient do-
main [10]. The following two local operators are related
to our method. Reinhard et al. [25] compute a multi-scale
measure that is related to contrast and rescales the HDR
pixel values accordingly. This is in a way similar to our
measures. However, our measures are solely defined per
pixel. The method by Li et al. [15] uses a pyramidal im-
age decomposition, and attenuate the coefficients at each
level to compress the dynamic range. Our method is also
pyramid-based, but it works on the coefficients of the dif-
ferent exposures instead of those of an in-between HDR
image. Other tone mappers try to mimic the human visual
system, e.g., to simulate temporal adaptation [20]. Instead,
we aim at creating pleasing images and try to reproduce as
much detail and color as possible.

Image fusion techniques have been used for many years.
For example, for depth-of-field enhancement [19, 13], mul-
timodal imaging [4], and video enhancement [23]. We
will use image fusion for creating a high quality image
from bracketed exposures. In the early 90’s, Burt et al. [4]
have already proposed to use image fusion in this context.
However, our method is more flexible by incorporating ad-
justable image measures, such as contrast and saturation.
Goshtasby [11] also proposed a method to blend multiple
exposures, but it cannot deal well with object boundaries. A
more thorough discussion of these techniques is presented
in Sec. 3.3.

Grundland et al. [12] cross-dissolve between two images
using a pyramid decomposition [3]. We use a similar blend-
ing strategy, but employ different quality measures.

We demonstrate that our technique can be used as a sim-
ple way to fuse flash/no-flash images. Previous techniques
for this are much more elaborate [9, 2] and are specifi-

(a) Input images with corresponding weight maps (b) Fused result

Figure 2. Exposure fusion is guided by weight maps for each input image. A high weight means that
a pixel should appear in the final image. These weights reflect desired image qualities, such as high
contrast and saturation. Image courtesy of Jacques Joffre.

physically-based, we do not need to worry about calibra-
tion of the camera response curve, and keeping track of
each photograph’s exposure time. We can even add a flash
image to the sequence to enrich the result with additional
detail. Our approach merely relies on simple quality mea-
sures, like saturation and contrast, which prove to be very
effective. Also, results can be computed at near-interactive
rates, as our technique mostly relies a pyramidal image de-
composition. On the downside, we cannot extend the dy-
namic range of the original pictures, but instead we directly
produce a well-exposed image for display purposes.

2. Related Work

High dynamic range (HDR) imaging assembles a high
dynamic range image from a set of low dynamic range im-
ages that were acquired with a normal camera [5, 17]. The
camera-specific response curve should be recovered in or-
der to linearize the intensities. This calibration step can be
computed from the input sequence and their exposure set-
tings.

Most display devices have a limited dynamic range and
cannot directly display HDR images. To this end, tone

mapping compresses the dynamic range to fit the dynamic
range of the display device [26]. Many different tone map-
ping operators have been suggested with different advan-
tages and disadvantages. Global operators apply a spa-
tially uniform remapping of intensity to compress the dy-
namic range [7, 14, 24]. Their main advantage is speed,
but sometimes fail to reproduce a pleasing image. Local
tone mapping operators apply a spatially varying remap-
ping [6, 8, 10, 15, 25, 29], i.e., the mapping changes for dif-
ferent regions in the image. This often yields more pleasing
images, even though the result may look unnatural some-
times. The operators employ very different techniques to

compress the dynamic range: from bilateral filtering [8],
which decomposes the image into edge-aware low and high
frequency components, to compression in the gradient do-
main [10]. The following two local operators are related
to our method. Reinhard et al. [25] compute a multi-scale
measure that is related to contrast and rescales the HDR
pixel values accordingly. This is in a way similar to our
measures. However, our measures are solely defined per
pixel. The method by Li et al. [15] uses a pyramidal im-
age decomposition, and attenuate the coefficients at each
level to compress the dynamic range. Our method is also
pyramid-based, but it works on the coefficients of the dif-
ferent exposures instead of those of an in-between HDR
image. Other tone mappers try to mimic the human visual
system, e.g., to simulate temporal adaptation [20]. Instead,
we aim at creating pleasing images and try to reproduce as
much detail and color as possible.

Image fusion techniques have been used for many years.
For example, for depth-of-field enhancement [19, 13], mul-
timodal imaging [4], and video enhancement [23]. We
will use image fusion for creating a high quality image
from bracketed exposures. In the early 90’s, Burt et al. [4]
have already proposed to use image fusion in this context.
However, our method is more flexible by incorporating ad-
justable image measures, such as contrast and saturation.
Goshtasby [11] also proposed a method to blend multiple
exposures, but it cannot deal well with object boundaries. A
more thorough discussion of these techniques is presented
in Sec. 3.3.

Grundland et al. [12] cross-dissolve between two images
using a pyramid decomposition [3]. We use a similar blend-
ing strategy, but employ different quality measures.

We demonstrate that our technique can be used as a sim-
ple way to fuse flash/no-flash images. Previous techniques
for this are much more elaborate [9, 2] and are specifi-

Weights

Combined image 
(unique weights per pixel) 

Image credit: Mertens 2007
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Lightness (perceived brightness) aka luma

Radiance 
(energy spectrum 

from scene)

*∫=Luminance (Y)Lightness (L*)
?

Spectral sensitivity of eye 
(eye’s response curve)

Dark adapted eye:     L* ∝ Y 0.4 
Bright adapted eye:   L* ∝ Y 0.5 

In a dark room, you turn on a light with luminance: Y1

You turn on a second light that is identical to the first. Total output is now:    Y2 = 2Y1

Total output appears                                    times brighter to dark-adapted human20.4 = 1.319

Note: Lightness (L*) is often referred to as luma (Y’)

(Response of eye)(Perceived by brain)
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Consider an image with pixel values encoding 
luminance (linear in energy hitting sensor)

Luminance (Y)

Pe
rc
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d 
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: L
*

Consider 12-bit sensor pixel: 
Can represent 4096 unique luminance values 
in output image 

Values are ~ linear in luminance since they 
represent the sensor’s response

L* = Y.45
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Problem: quantization error

Luminance (Y)
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Many common image formats store 8 bits per channel (256 unique values) 
Insufficient precision to represent brightness in darker regions of image

Dark regions of image: perceived difference between 
pixels that differ by one step in luminance is large! 
(quantization error: gradients in luminance will not 
appear smooth.)

Bright regions of image: perceived difference between 
pixels that differ by one step in luminance is small! 
(human may not even be able to perceive difference 
between pixels that differ by one step in luminance!)

L* = Y.45

Rule of thumb: human eye cannot differentiate <1% differences in luminance
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Store lightness, not luminance

Luminance (Y)
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Solution: pixel stores Y0.45 

Must compute (pixel_value)2.2 prior to display on LCD

Idea: distribute representable pixel values evenly with respect to perceived brightness, 
not evenly in luminance (make more efficient use of available bits)

Warning: must take caution with subsequent 
pixel processing operations once pixels are 
encoded in a space that is not linear in 
luminance. 
  
e.g., When adding images should you add pixel 
values that are encoded as lightness or as 
luminance?
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Summary: simplified image processing pipeline

▪ Correct for sensor bias (using measurements of optically black pixels) 

▪ Correct pixel defects 

▪ Vignetting compensation 

▪ Dark-frame subtract (optional) 

▪ White balance 

▪ Demosaic 

▪ Denoise / sharpen, etc. 

▪ Color Space Conversion 

▪ Local tone mapping 

▪ Gamma Correction (non-linear mapping) 

▪ Color Space Conversion (Y’CbCr)

12-bits per pixel 
1 intensity per pixel 
Pixel values linear in energy

3x12-bits per pixel 
RGB intensity per pixel 
Pixel values linear in energy

3x8-bits per pixel 
Pixel values perceptually linear
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Chromatic aberration correction

Image credit: Wikipedia
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Autofocus demos
▪ Phase-detection auto focus 

- Common in SLRs 

▪ Contrast-detection auto focus 
- Point-and-shoots, smart-phone cameras

Demo credits: Marc Levoy and Stanford CS178 course staff
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SLR Camera

Pentaprism

Image credits: Nikon, Marc Levoy
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Nikon D7000
▪ Auto-focus sensor: 39 regions 

▪ Metering sensor: 2K pixels 
- Auto-exposure 

- Auto-white-balance 

- Subject tracking to aid focus (predicts movement) 

▪ Shutter lag ~ 50ms
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Split pixel sensor

Two pixels under microlens

Image credit: Nikon
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Auto exposure

Low resolution metering sensor capture

Metering sensor pixels are large 
(higher dynamic range than main sensor) 

How do we set exposure? 

What if a camera doesn’t have a separate metering sensor?

Image credits:  Marc Levoy, Andrew Adams
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AF/AE summary
▪ DSLRs have additional sensing/processing hardware to assist with the 

“3A’s” (auto-focus, auto-exposure, auto-white-balance) 
- Phase-detection AF: optical system directs light to AF sensor 

- Example: Nikon metering sensor: large pixels to avoid over-saturation 

▪ Point-and-shoots/smartphone cameras make these measurements by 
performing image processing operations on data from the main sensor 
- Contrast-detection AF: search for lens position that produces large image gradients 

- Exposure metering: if pixels are saturating, meter again with lower exposure 

▪ In general, implementing AF/AE/AWB is an image understanding problem 
(“computer vision”) 
- Understand the scene well enough to set the camera’s image capture and image 

processing parameters to best approximate the image a human would perceive 

- As processing/sensing capability increases, algorithms are becoming more 
sophisticated
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Takeways
▪ The values of pixels in picture you see on screen are quite different than the 

values output by the photosensor in a modern digital camera. 

▪ The sequence of operations we discussed today is carried out at high frame 
rates by special purpose hardware in most cameras today 

▪ In the coming lectures we’ll discuss more advanced image processing 
operations in use in modern camera pipelines 
- Local contrast enhancement, advanced denoising, high-dynamic range imaging, etc. 

- Growing sophistication and diversity of techniques suggests that image-signal processors 
will likely become increasingly programmable (e.g., Qualcomm’s Hexagon DSP)
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Frequency interpretation of images
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Representing sound as a superposition of 
frequencies

f1(x) = sin(𝜋x)

f2(x) = sin(2𝜋x)

f4(x) = sin(4𝜋x)

f(x) = f1(x) + 0.75 f2(x) + 0.5 f4(x) 
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Audio spectrum analyzer: representing sound 
as a sum of its constituent frequencies

Intensity of 
low-frequencies (bass)

Image credit: ONYX Apps 

Intensity of 
high frequencies
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Fourier transform
▪ Convert representation of signal from spatial/temporal 

domain to frequency domain by projecting signal into its 
component frequencies

f(⇠) =

Z 1

�1
f(x)e�2⇡ix⇠dx

=

Z 1

�1
f(x)(cos(2⇡⇠x)� sin(2⇡⇠x))dx

▪ 2D form:

f(u, v) =

Z Z
f(x, y)e�2⇡i(ux+vy)dxdy
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Visualizing the frequency content of images

SpectrumSpatial domain result
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Low frequencies only (smooth gradients)

Spectrum (after low-pass filter) 
All frequencies above cutoff have 0 magnitude

Spatial domain result
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Mid-range frequencies

Spatial domain result Spectrum (after band-pass filter)
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Mid-range frequencies

Spatial domain result Spectrum (after band-pass filter)
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High frequencies (edges)

Spatial domain result 
(strongest edges)

Spectrum (after high-pass filter) 
All frequencies below threshold 

have 0 magnitude
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An image as a sum of its frequency components

+ + +

=
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Another (linear) sharpening filter

blurred = g ⇤ I
fine = I � blurred

sharpened = I + 0.5⇥ fine

Extract high frequencies

Boost high frequencies
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But what if we’d like to localize image edits 
both in space and in frequency? 
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Downsample
▪ Step 1: Remove high frequencies 

▪ Step 2: Sparsely sample pixels (below: every other pixel)

float input[(2*WIDTH+2) * (2*HEIGHT+2)]; 
float output[WIDTH * HEIGHT]; 

float weights[] = {1/64, 3/64, 3/64, 1/64,    // 4x4 blur (approx Gaussian)  
                   3/64, 9/64, 9/64, 3/64, 
                   3/64, 9/64, 9/64, 3/64, 
                   1/64, 3/64, 3/64, 1/64}; 

for (int j=0; j<HEIGHT; j++) { 
   for (int i=0; i<WIDTH; i++) { 
      float tmp = 0.f; 
      for (int jj=0; jj<3; jj++) 
         for (int ii=0; ii<3; ii++) 
            tmp += input[(2*j+jj)*(WIDTH+2) + (2*i+ii)] * weights[jj*3 + ii]; 
      output[j*WIDTH + i] = tmp; 
  } 
}
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Upsample
Via bilinear interpolation of samples from low resolution image

float input[WIDTH * HEIGHT]; 
float output[2*WIDTH * 2*HEIGHT]; 

for (int j=0; j<2*HEIGHT; j++) { 
   for (int i=0; i<2*WIDTH; i++) { 
     int row = j/2; 
      int col = i/2; 
      float w1 = (i%2) ? .75 : .25; 
      float w2 = (j%2) ? .75 : .25; 

      output[j*2*WIDTH + i] = w1 * w2 * input[row*WIDTH + col] + 
                              (1.0-w1) * w2 * input[row*WIDTH + col+1] +  
                              w1 * (1-w2) * input[(row+1)*WIDTH + col] +  
                              (1.0-w1)*(1.0-w2) * input[(row+1)*WIDTH + col+1]; 
  } 
}
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Gaussian pyramid

G0 = image

G1 = down(G0)

G2 = down(G1)

Each image in pyramid contains increasingly low-pass filtered signal

down() = downsample operation
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Gaussian pyramid

G0
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Gaussian pyramid

G1
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G2

Gaussian pyramid
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Gaussian pyramid

G3
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Gaussian pyramid

G4
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Gaussian pyramid

G5
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Laplacian pyramid

G0

G1 = down(G0)

Each image in Laplacian 
pyramid represents 
increasingly high frequency 
content from image

L0 = G0 - up(G1)
[Burt and Adelson 83]
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Laplacian pyramid

L0 = G0 - up(G1)

L1 = G1 - up(G2)
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Laplacian pyramid

L0 = G0 - up(G1)

L1 = G1 - up(G2)

L2 = G2 - up(G3)

L3 = G3 - up(G4)
L4 = G4

Question: how do you 
reconstruct original image 
from its Laplacian pyramid?
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L0 = G0 - up(G1)

Laplacian pyramid
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L1 = G1 - up(G2)

Laplacian pyramid
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L2 = G2 - up(G3)

Laplacian pyramid
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L3 = G3 - up(G4)

Laplacian pyramid
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L4 = G4 - up(G5)

Laplacian pyramid
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L5 = G5

Laplacian pyramid
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Summary
▪ Gaussian and Laplacian pyramids are image representations 

where each pixel maintains information about frequency 
content in a region of the image 

▪ Gi(x,y) — frequencies up to limit given by i 

▪ Li(x,y) — frequencies added to Gi+1 to get Gi 

▪ Notice: to boost band of frequencies in image around pixel 
(x,y), increase coefficient Li(x,y) in Laplacian pyramid
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Reducing range of an edge (without reducing detail)

DSEI

L Laplacian Pyramid
Signal

L

L

=

=

=

=

+

+

+

+

+

+

+

+

0

1

2

Figure 2: The 1D signal I is decomposed into three main com-
ponents: a step edge E, a slowly varying signal S, and a high-
frequency detail signal D. The Laplacian pyramid representation
(three levels) is shown for the signal and its individual components.

quency bands. Levels of the Laplacian pyramid are defined by the
details that distinguish successive levels of the Gaussian pyramid,
L` = G`�upsample(G`+1), where upsample(·) is an operator that
doubles the image size in each dimension using a smooth kernel.
The top-most level of the Laplacian pyramid, also called the resid-
ual, is defined as Ln = Gn and corresponds to a tiny version of the
image. A Laplacian pyramid can be collapsed to reconstruct the
original image by recursively applying G` = L`+upsample(G`+1)
until G0 = I is recovered.

3 Dealing with Edges in Laplacian Pyramids

The goal of edge-aware processing is to modify an input signal I
to create an output I0, such that the large discontinuities of I, i.e.,
its edges, remain in place, and such that their profiles retain the
same overall shape. That is, the amplitude of significant edges
may be increased or reduced, but the edge transitions should not
become smoother or sharper. The ability to process images in
this edge-aware fashion is particularly important for techniques that
manipulate the image in a spatially-varying way, such as image en-
hancement or tone mapping. Failure to account for edges in these
applications leads to distracting visual artifacts such as haloing,
shifted edges, or reversals of gradients.

To gain intuition, we first analyze 1D signals and edges using Lapla-
cian pyramids, based on a decomposition into step edge, smoothly-
varying, and detail components. As we show, each Laplacian coef-
ficient can be attributed to either the edge or the detail component,
opening up the ability to manipulate the image in an edge-aware
way with simple local processing. We then consider the specific
application of range compression and use our analysis to develop
an edge-aware compression method based on direct point-wise pro-
cessing of the original signal. Subsequently, we formalize this ap-
proach, generalize it to other edge-aware effects, and extend it to
handle 2D images with gray-scale or color pixels.

3.1 Components of One-dimensional Signals

In this section, we show that Laplacian coefficients can be mostly
attributed to the details or to the edges. This decomposition will
be the starting point of the construction of edge-aware filters in
Section 3.2. We represent a 1D signal I as a Laplacian pyramid
{L`}, depicted on the left side of Figure 2, and begin our analysis

by looking at how Laplacian coefficients describe this signal. We
start with the first level L0, encoding the highest-frequency varia-
tions of I at the scale of 1 or 2 pixels. As can be seen in Figure 2,
L0 captures high-frequency details away from large discontinuities,
and in their immediate vicinity, fine-scale detail is dominated by the
discontinuity’s influence. Each of the L0 coefficients is concerned
only by what happens in a small window that spans only a few
surrounding pixels. For now, we assume that there is only a single
discontinuity within this window.

For our analysis, we decompose the local signal I as the sum of
three intuitive components: a step edge E, a detail layer D, and a
slowly varying signal S (Fig. 2 top). E represents the discontinuity
and is defined as E(x) = 0 if x < 0 and E(x) = A otherwise. D
represents the high-frequency texture, which has zero mean. Since
we assume a single discontinuity in the neighborhood, its amplitude
is significantly smaller than E, i.e., max |D|⌧ A. S represents the
lower-frequency component of the signal such as a constant slope
or large-scale smooth oscillations.

Local Edge-Detail Separation First, we show that each of the
Laplacian coefficients in L0[I] can be attributed almost fully to a
single component, either the step edge or the detail layer. Away
from the edge, E is flat and L0[E] = 0. At the edge, G0[E] = A/2
and |L0[E]|= A/2 because of the symmetry around x = 0. Because
D is high-frequency, G0[D] ⇡ 0 and L0[D] ⇡ D. Finally, L0[S] ⇡ 0
because it is low-frequency. Since building a Laplacian pyramid
is a linear operation, we have L0[I] ⇡ L0[E] near the edge and
L0[I]⇡ L0[D] away from it (Fig. 2).

Edge-Detail Separation for the Full Pyramid So far, our analy-
sis has focused on the first pyramid level L0. Going to coarser-scale
higher levels has several effects, but these do not affect our key
result that every Laplacian coefficient can be attributed to either a
step edge or the detail layer. First, at higher levels of the pyramid,
high-frequency details progressively disappear, since they have al-
ready been captured by the lower levels (Fig. 2). Secondly, because
of decimation, smooth variations become higher frequency. As a
result, the highest-frequency part of S may generate new details
or new edges that are treated consistently with our above analysis,
meaning that the effects of low-frequency edges can ultimately be
attributed to either a step edge or detail layer at some scale. Fi-
nally, going up in the pyramid also affects step discontinuities. The
amplitude and profile of E are not affected because the smoothing
effect is canceled by decimation. But other edges can appear, either
because of the low-frequency component or because the distance
between adjacent edges is reduced by decimation. In each of these
cases, discontinuities still dominate the Laplacian coefficients and
we can still identify them correctly as edges.

Discussion If there are two discontinuities, as in the case of
a double step edge due to a line profile, similar arguments let us
reach the equivalent conclusion that the double edge dominates in
its vicinity and that detail coefficients take over away from it. If
there are more discontinuities, we are actually observing a high-
amplitude texture that dominates the signal everywhere. Large vari-
ations like these are treated as edges in most applications, including
ours, so processing them will increase or decrease their amplitude
in the same way that isolated edges are handled.

3.2 Application to Range Compression

Our analysis has shown that each Laplacian coefficient can be either
attributed to the details or to an edge. We first exploit this result for
edge-aware range compression on toy 1D examples in Figures 3
and 4, processing the signal so that the amplitude of its edges is
reduced while its details are preserved. Then, we formally justify

Image credit: Paris et al. 2015
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(a) Step edge (b) First pyramid level

(c) Second pyramid level

input
(sharp edge)

our approach
(sharp edge)

clipped 
Laplacian coeffs

(rounded edge)

ground truth
compressed edge

(sharp edge)

Figure 3: Range compression applied to a step edge with fine de-
tails (a). The different versions of the edge are offset vertically so
that their profiles are clearly visible. Truncating the Laplacian co-
efficients smooths the edge (red), an issue which Li et al. [2005]
have identified as a source of artifacts in tone mapping. In compar-
ison, our approach (blue) preserves the edge sharpness and very
closely reproduces the desired result (black). Observing the shape
of the first two levels (b,c) shows that clipping the coefficients signif-
icantly alters the shape of the signal (red vs. orange). The truncated
coefficients form wider lobes whereas our approach produces pro-
files nearly identical to the input (blue vs. orange).

this approach with the principle of edge-detail separation that we
exposed in the previous section. This example also serves as an
introduction to our more general approach for edge-aware image
processing (Sec. 4).

Pyramid-based Range Compression Before describing our
range compression method, we discuss a few alternatives that are
also based on pyramid manipulations but do not lead to satisfying
results. A naïve approach to range compression is to scale down
the signal uniformly, which is equivalent to scaling all the pyramid
coefficients by the same factor. However, this attenuates the details
and produces dull results when applied to images. A more sophisti-
cated approach is to remark that edges correspond to large pyramid
coefficients and selectively reduce these large values. This is the
gist of the approach by Li et al. [2005]. For the sake of illustra-
tion, we simply threshold the large-magnitude coefficients; while
this mostly achieves the desired result, the output signal (Fig. 3,
red curve) is somewhat deformed near edges. Such deformations
typically affect only a small band of pixels, manifested in images as
thin but unsightly rim halos. Li et al. address this issue with smooth
activity maps as a way to alter the coefficients while preserving
their profile, and show that wavelet filters are more suitable than
Laplacian pyramids for implementing this correction.

Incorporating Local Processing Motivated by our previous
analysis, our approach to range compression also takes a threshold-
based view of edges. However, unlike Li et al. [2005], we demon-
strate how to exploit a simple edge-detail decomposition directly,
without further corrections and without using a more complex
wavelet-based decomposition. The key to our approach is local pro-
cessing, which better lets us assign responsibility for each Lapla-
cian pyramid coefficient to the edge and detail components of the
signal. We formulate our approach as the construction of the pyra-
mid {L[I0]} of the output signal I0, coefficient by coefficient, remi-
niscent of backwards mapping for image warping.

For each pyramid coefficient, described by location and pyramid
level (x0,`0), we render an intermediate signal Ĩ, that is gen-

Input signal Right clipped Left clipped Merged

I

L0

L1

σr

σr

Figure 4: Simple view of our range compression approach, which is
based on thresholding and local processing. For a step-like signal
similar to the one in Figure 3, our method effectively builds two
Laplacian pyramids, corresponding to clipping the input based on
the signal value to the left and right of the step edge, then merging
their coefficients as indicated by the color coding.

erated by point-wise manipulation of the full-resolution input I,
based on the corresponding local signal value g0. We take g0
to be the coefficient of the Gaussian pyramid at the same loca-
tion and level, g0 = G`0(x0). For range compression, our point-
wise manipulation consists of clipping high and low values of the
original signal that are more than sr away from the local value,
Ĩ = min(max(I,g0 �sr),g0 +sr). Then, the Laplacian pyramid of
this intermediate signal is computed and the coefficient L`0 [Ĩ](x0) is
copied to the output pyramid. Figure 3 shows the result of applying
this approach on a step-like signal I of amplitude A with parameter
value sr < A. Each destination pyramid coefficient is generated
with point-wise processing corresponding to the local value, how-
ever, because this processing is applied to the whole original signal,
our method effectively takes into account global correlations be-
tween coefficients of the Laplacian pyramid as well.

For more intuition behind this local processing approach, we illus-
trate the steps of the computation in Figure 4. For coefficients on the
left side of the step edge, corresponding to a roughly constant local
signal gleft, the right side of the signal will effectively be clipped at
gleft +sr. Similarly, coefficients on the right side of the step edge,
with a local signal gright, will cause the left side of the signal to
clip at gright � sr. For this simple example, our method reduces
to clipping the input signal at two different thresholds, generating
Laplacian pyramids for each, then merging the pyramids based on
which side of the step edge each destination coefficient corresponds
to. More generally, our method entails “rendering” Laplacian pyra-
mids in this way for every coefficient in the destination pyramid.

Analysis To understand how clipping achieves range compres-
sion, we analyze the signals involved component by component. In
the final result I0, clipping produces a smaller step edge with ampli-
tude sr, but preserves the details, whose coefficients represent local
information. Formally, the input signal I is equal to E +D. On the
left side, the clipped signal Ĩ is equal to Ẽ�+D̃� where Ẽ� is a step
edge of amplitude sr and D̃� is equal to D for x< 0 and 0 otherwise.
Using our analysis, for x0 < 0, we have L`0 [I

0](x0) = L`0 [D](x0) far
away from the edge and L`0 [I

0](x0) ⇡ L`0 [Ẽ�](x0). The situation
on the right side is symmetric except that step edge Ẽ+ differs
from Ẽ� by a constant and in sign, which has no influence on
the Laplacian coefficients. We introduce E 0 a step edge of ampli-
tude sr and remark that L`0 [Ẽ±] = L`0 [E

0]. Put together, we have
L`0 [I

0]⇡ L`0 [E
0+D], which is the result that we seek: we have built

a signal I0 with the same details as I but with a smaller discontinuity.

For the application of range compression, our method uses clipping
to generate the intermediate image Ĩ. However, exactly the same
approach can be used with other point-wise remapping functions.
All of the previous analysis remains valid provided the edges have
a larger amplitude than the details. To satisfy this basic require-
ment, it is sufficient for the remapping function to be monotonically
increasing. This is compatible with common image editing appli-

Reducing range of an edge (without reducing detail)

Local Laplacian filtering: 

Compute Gi(x,y)  — semi-local statistic around (x,y)  (less global for larger i) 
Modify original image I based on Gi(x,y) to get I’=f(I) 

Here: f() clamps values that are far from Gi(x,y) 
Compute Laplacian pyramid from I’ : L(I’) 
Set coefficient Li(x,y) of output Laplacian pyramid to L(I’)i (x,y) 
Collapse output Laplacian pyramid to obtain final image.

Image credit: Paris et al. 2015
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Local laplacian filtering example

(a) input (b) reduced details (a = 4) (c) increased details (all
levels, a = 0.25)

(d) increased details (lowest 2
levels, a = 0.25)

(e) increased details (level 3
and higher, a = 0.25)

Figure 7: Smoothing and enhancement of detail, while preserving edges (sr = 0.3). Processing only a subset of the levels controls the
frequency of the details that are manipulated (c,d,e). The images have been cropped to make the flower bigger and its details more visible.

to the parameter sr, i.e., |i � g0|/sr = 1 corresponds to a detail
of maximum amplitude according to the user-defined parameter.
Analogously, re is a function that modifies the amplitude of edges
that we again formulate in a symmetric way:

re(i) = g0 + sign(i�g0)
�

fe(|i�g0|�sr)+sr
�

(2)

where fe is a smooth non-negative function defined over [0,•). In
this formulation, re depends only on the amplitude above the user
threshold sr, i.e., |i� g0|� sr. The function fe controls how the
edge amplitude is modified since an edge of amplitude sr + a be-
comes an edge with amplitude sr + fe(a). For our previous 1D
range compression example, clipping edges corresponds to fe = 0,
which limits the amplitude of all edges to sr. Useful specific
choices for rd and re are described in the next section and are il-
lustrated in Figure 6.

The advantage of the functional forms defined in Equations 1 and 2
is that they ensure that r is continuous and increasing, and the de-
sign of a specific filter boils down to defining the two point-wise
functions fd and fe that each have clear roles: fd controls the ampli-
fication or attenuation of details while fe controls the amplification
or attenuation of edges.

Extension to Color Images To handle color, it is possible to
treat only the luminance channel and reintroduce chrominance after
image processing (Sec. 5.3). However, our approach extends natu-
rally to color images as well, letting us deal directly with 3D vectors
representing, e.g., the RGB or CIE-Lab channels. Algorithm 1 still
applies, and we need only to update rd and re, using bold typeface
to indicate vectors:

rd(i) = g0 +unit(i�g0)sr fd(ki�g0k/sr) (3a)

re(i) = g0 +unit(i�g0)
⇥

fe(ki�g0k�sr)+sr
⇤

(3b)

with unit(v) = v/kvk if v 6= 0 and 0 otherwise. These equations
define details as colors within a ball of radius sr centered at g0 and
edges as the colors outside it. They also do not change the roles
of fd and fe, letting the same 1D functions that modify detail and
edges in the gray-scale case be applied to generate similar effects
in color. For images whose color channels are all equal, these for-
mulas reduce to the gray-scale formulas of Eq. 1 and 2.

5 Applications and Results

We now demonstrate how to realize practical image processing ap-
plications using our approach and discuss implementation details.
First we address edge-preserving smoothing and detail enhance-
ment, followed by tone mapping and related tools. We validate
our method with images used previously in the literature [Fattal
et al. 2002; Durand and Dorsey 2002; Paris et al. 2009; Farbman
et al. 2008; Fattal 2009] and demonstrate that our method produces
artifact-free results.

(a) sr = 0.2 (b) sr = 0.5
Figure 8: Effect of the sr parameter for detail enhancement
(a = 0.25). Same input as Figure 7.

5.1 Implementation

We use the pyramids defined by Burt and Adelson [1983], based on
5⇥ 5 kernels. On a 2.26GHz Intel Xeon CPU, we process a one-
megapixel image in about a minute using a single thread. This can
be halved by limiting the depth of the intermediate pyramid to at
most 5 levels, by applying the remapping to level max(0,`0 � 3)
rather than always starting at the full-resolution image. This
amounts to applying the remapping to a downsampled version of
the image when processing coarse pyramid levels. The resulting
images are visually indistinguishable from the full-pyramid process
with a PSNR on the order of 30 to 40dB. While this performance
is slower than previous work, our algorithm is highly data parallel
and can easily exploit a multi-core architecture. Using OpenMP, we
obtain a 8⇥ speed-up on an 8-core machine, bringing the running
time down to 4 seconds.

5.2 Detail Manipulation

To modify the details of an image we define an S-shaped point-
wise function, as is classically used for the local manipulation of
contrast. For this purpose, we use a power curve fd(D) = Da , where
a > 0 is a user-defined parameter. Values larger than 1 smooth
the details out, while values smaller than 1 increase their contrast
(Figs. 6 and 7). To restrict our attention to the details of an image,
we set the edge-modifying function to the identity fe(a) = a.

In the context of detail manipulation, the parameter sr controls how
at what magnitude signal variations should be considered edges and
therefore be preserved. Large values allow the filter to alter larger
portions of the signal and yield larger visual changes (Fig. 8). In
its basic form detail manipulation is applied at all scales, but one
can also control which scales are affected by limiting processing to
a subset of the pyramid levels (Figs. 7c,d,e). While this control is
discrete, the changes are gradual, and one can interpolate between
the results from two subsets of levels if continuous control is de-
sired. Our results from Figures 7 and 8 are comparable to results

(a) input (b) reduced details (a = 4) (c) increased details (all
levels, a = 0.25)

(d) increased details (lowest 2
levels, a = 0.25)

(e) increased details (level 3
and higher, a = 0.25)

Figure 7: Smoothing and enhancement of detail, while preserving edges (sr = 0.3). Processing only a subset of the levels controls the
frequency of the details that are manipulated (c,d,e). The images have been cropped to make the flower bigger and its details more visible.
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Analogously, re is a function that modifies the amplitude of edges
that we again formulate in a symmetric way:

re(i) = g0 + sign(i�g0)
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(2)

where fe is a smooth non-negative function defined over [0,•). In
this formulation, re depends only on the amplitude above the user
threshold sr, i.e., |i� g0|� sr. The function fe controls how the
edge amplitude is modified since an edge of amplitude sr + a be-
comes an edge with amplitude sr + fe(a). For our previous 1D
range compression example, clipping edges corresponds to fe = 0,
which limits the amplitude of all edges to sr. Useful specific
choices for rd and re are described in the next section and are il-
lustrated in Figure 6.

The advantage of the functional forms defined in Equations 1 and 2
is that they ensure that r is continuous and increasing, and the de-
sign of a specific filter boils down to defining the two point-wise
functions fd and fe that each have clear roles: fd controls the ampli-
fication or attenuation of details while fe controls the amplification
or attenuation of edges.

Extension to Color Images To handle color, it is possible to
treat only the luminance channel and reintroduce chrominance after
image processing (Sec. 5.3). However, our approach extends natu-
rally to color images as well, letting us deal directly with 3D vectors
representing, e.g., the RGB or CIE-Lab channels. Algorithm 1 still
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with unit(v) = v/kvk if v 6= 0 and 0 otherwise. These equations
define details as colors within a ball of radius sr centered at g0 and
edges as the colors outside it. They also do not change the roles
of fd and fe, letting the same 1D functions that modify detail and
edges in the gray-scale case be applied to generate similar effects
in color. For images whose color channels are all equal, these for-
mulas reduce to the gray-scale formulas of Eq. 1 and 2.

5 Applications and Results

We now demonstrate how to realize practical image processing ap-
plications using our approach and discuss implementation details.
First we address edge-preserving smoothing and detail enhance-
ment, followed by tone mapping and related tools. We validate
our method with images used previously in the literature [Fattal
et al. 2002; Durand and Dorsey 2002; Paris et al. 2009; Farbman
et al. 2008; Fattal 2009] and demonstrate that our method produces
artifact-free results.
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Figure 8: Effect of the sr parameter for detail enhancement
(a = 0.25). Same input as Figure 7.

5.1 Implementation

We use the pyramids defined by Burt and Adelson [1983], based on
5⇥ 5 kernels. On a 2.26GHz Intel Xeon CPU, we process a one-
megapixel image in about a minute using a single thread. This can
be halved by limiting the depth of the intermediate pyramid to at
most 5 levels, by applying the remapping to level max(0,`0 � 3)
rather than always starting at the full-resolution image. This
amounts to applying the remapping to a downsampled version of
the image when processing coarse pyramid levels. The resulting
images are visually indistinguishable from the full-pyramid process
with a PSNR on the order of 30 to 40dB. While this performance
is slower than previous work, our algorithm is highly data parallel
and can easily exploit a multi-core architecture. Using OpenMP, we
obtain a 8⇥ speed-up on an 8-core machine, bringing the running
time down to 4 seconds.

5.2 Detail Manipulation

To modify the details of an image we define an S-shaped point-
wise function, as is classically used for the local manipulation of
contrast. For this purpose, we use a power curve fd(D) = Da , where
a > 0 is a user-defined parameter. Values larger than 1 smooth
the details out, while values smaller than 1 increase their contrast
(Figs. 6 and 7). To restrict our attention to the details of an image,
we set the edge-modifying function to the identity fe(a) = a.

In the context of detail manipulation, the parameter sr controls how
at what magnitude signal variations should be considered edges and
therefore be preserved. Large values allow the filter to alter larger
portions of the signal and yield larger visual changes (Fig. 8). In
its basic form detail manipulation is applied at all scales, but one
can also control which scales are affected by limiting processing to
a subset of the pyramid levels (Figs. 7c,d,e). While this control is
discrete, the changes are gradual, and one can interpolate between
the results from two subsets of levels if continuous control is de-
sired. Our results from Figures 7 and 8 are comparable to results

Original Image Detail removed Detail increased 
(all levels)

Detail increased 
(lowest two levels)

Detail increased 
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Local laplacian filtering example

Image credit: Paris et al. 2015

Local Laplacian Filters: Edge-aware Image Processing with a Laplacian Pyramid

Sylvain Paris
Adobe Systems, Inc.

Samuel W. Hasinoff
Toyota Technological Institute at Chicago and MIT CSAIL

Jan Kautz
University College London

(a) input HDR image tone-mapped with a simple
gamma curve (details are compressed)

(b) our pyramid-based tone mapping, set to pre-
serve details without increasing them

(c) our pyramid-based tone mapping, set to
strongly enhance the contrast of details

Figure 1: We demonstrate edge-aware image filters based on the direct manipulation of Laplacian pyramids. Our approach produces high-
quality results, without degrading edges or introducing halos, even at extreme settings. Our approach builds upon standard image pyramids
and enables a broad range of effects via simple point-wise nonlinearities (shown in corners). For an example image (a), we show results of
tone mapping using our method, creating a natural rendition (b) and a more exaggerated look that enhances details as well (c). Laplacian
pyramids have previously been considered unsuitable for such tasks, but our approach shows otherwise.

Abstract

The Laplacian pyramid is ubiquitous for decomposing images into
multiple scales and is widely used for image analysis. However,
because it is constructed with spatially invariant Gaussian kernels,
the Laplacian pyramid is widely believed as being unable to rep-
resent edges well and as being ill-suited for edge-aware operations
such as edge-preserving smoothing and tone mapping. To tackle
these tasks, a wealth of alternative techniques and representations
have been proposed, e.g., anisotropic diffusion, neighborhood fil-
tering, and specialized wavelet bases. While these methods have
demonstrated successful results, they come at the price of addi-
tional complexity, often accompanied by higher computational cost
or the need to post-process the generated results. In this paper, we
show state-of-the-art edge-aware processing using standard Lapla-
cian pyramids. We characterize edges with a simple threshold on
pixel values that allows us to differentiate large-scale edges from
small-scale details. Building upon this result, we propose a set of
image filters to achieve edge-preserving smoothing, detail enhance-
ment, tone mapping, and inverse tone mapping. The advantage of
our approach is its simplicity and flexibility, relying only on simple
point-wise nonlinearities and small Gaussian convolutions; no op-
timization or post-processing is required. As we demonstrate, our
method produces consistently high-quality results, without degrad-
ing edges or introducing halos.

Keywords: image pyramids, edge-aware image processing

1 Introduction

Laplacian pyramids have been used to analyze images at multiple
scales for a broad range of applications such as compression [Burt
and Adelson 1983], texture synthesis [Heeger and Bergen 1995],
and harmonization [Sunkavalli et al. 2010]. However, these pyra-
mids are commonly regarded as a poor choice for applications in
which image edges play an important role, e.g., edge-preserving
smoothing or tone mapping. The isotropic, spatially invariant,
smooth Gaussian kernels on which the pyramids are built are con-
sidered almost antithetical to edge discontinuities, which are pre-
cisely located and anisotropic by nature. Further, the decimation
of the levels, i.e., the successive reduction by factor 2 of the reso-
lution, is often criticized for introducing aliasing artifacts, leading
some researchers, e.g., Li et al. [2005], to recommend its omission.
These arguments are often cited as a motivation for more sophis-
ticated schemes such as anisotropic diffusion [Perona and Malik
1990; Aubert and Kornprobst 2002], neighborhood filters [Tomasi
and Manduchi 1998; Kass and Solomon 2010], edge-preserving op-
timization [Bhat et al. 2010; Farbman et al. 2008], and edge-aware
wavelets [Fattal 2009].

While Laplacian pyramids can be implemented using simple image
resizing routines, other methods rely on more sophisticated tech-
niques. For instance, the bilateral filter relies on a spatially varying
kernel [Tomasi and Manduchi 1998], optimization-based methods,
such as [Fattal et al. 2002; Farbman et al. 2008; Subr et al. 2009;
Bhat et al. 2010], minimize a spatially inhomogeneous energy, and
other approaches build dedicated basis functions for each new im-
age, e.g., [Szeliski 2006; Fattal 2009; Fattal et al. 2009]. This addi-
tional level of sophistication is also often associated with practical
shortcomings. The parameters of anisotropic diffusion are difficult
to set because of the iterative nature of the process, neighborhood
filters tend to over-sharpen edges [Buades et al. 2006], and meth-
ods based on optimization do not scale well due to the algorithmic
complexity of the solvers. While some of these shortcomings can
be alleviated in post-processing, e.g., bilateral filtered edges can be
smoothed [Durand and Dorsey 2002; Bae et al. 2006; Kass and
Solomon 2010], this induces additional computation and parameter
setting, and a method producing good results directly is preferable.

Local Laplacian Filters: Edge-aware Image Processing with a Laplacian Pyramid

Sylvain Paris
Adobe Systems, Inc.

Samuel W. Hasinoff
Toyota Technological Institute at Chicago and MIT CSAIL

Jan Kautz
University College London

(a) input HDR image tone-mapped with a simple
gamma curve (details are compressed)

(b) our pyramid-based tone mapping, set to pre-
serve details without increasing them

(c) our pyramid-based tone mapping, set to
strongly enhance the contrast of details

Figure 1: We demonstrate edge-aware image filters based on the direct manipulation of Laplacian pyramids. Our approach produces high-
quality results, without degrading edges or introducing halos, even at extreme settings. Our approach builds upon standard image pyramids
and enables a broad range of effects via simple point-wise nonlinearities (shown in corners). For an example image (a), we show results of
tone mapping using our method, creating a natural rendition (b) and a more exaggerated look that enhances details as well (c). Laplacian
pyramids have previously been considered unsuitable for such tasks, but our approach shows otherwise.

Abstract

The Laplacian pyramid is ubiquitous for decomposing images into
multiple scales and is widely used for image analysis. However,
because it is constructed with spatially invariant Gaussian kernels,
the Laplacian pyramid is widely believed as being unable to rep-
resent edges well and as being ill-suited for edge-aware operations
such as edge-preserving smoothing and tone mapping. To tackle
these tasks, a wealth of alternative techniques and representations
have been proposed, e.g., anisotropic diffusion, neighborhood fil-
tering, and specialized wavelet bases. While these methods have
demonstrated successful results, they come at the price of addi-
tional complexity, often accompanied by higher computational cost
or the need to post-process the generated results. In this paper, we
show state-of-the-art edge-aware processing using standard Lapla-
cian pyramids. We characterize edges with a simple threshold on
pixel values that allows us to differentiate large-scale edges from
small-scale details. Building upon this result, we propose a set of
image filters to achieve edge-preserving smoothing, detail enhance-
ment, tone mapping, and inverse tone mapping. The advantage of
our approach is its simplicity and flexibility, relying only on simple
point-wise nonlinearities and small Gaussian convolutions; no op-
timization or post-processing is required. As we demonstrate, our
method produces consistently high-quality results, without degrad-
ing edges or introducing halos.

Keywords: image pyramids, edge-aware image processing

1 Introduction

Laplacian pyramids have been used to analyze images at multiple
scales for a broad range of applications such as compression [Burt
and Adelson 1983], texture synthesis [Heeger and Bergen 1995],
and harmonization [Sunkavalli et al. 2010]. However, these pyra-
mids are commonly regarded as a poor choice for applications in
which image edges play an important role, e.g., edge-preserving
smoothing or tone mapping. The isotropic, spatially invariant,
smooth Gaussian kernels on which the pyramids are built are con-
sidered almost antithetical to edge discontinuities, which are pre-
cisely located and anisotropic by nature. Further, the decimation
of the levels, i.e., the successive reduction by factor 2 of the reso-
lution, is often criticized for introducing aliasing artifacts, leading
some researchers, e.g., Li et al. [2005], to recommend its omission.
These arguments are often cited as a motivation for more sophis-
ticated schemes such as anisotropic diffusion [Perona and Malik
1990; Aubert and Kornprobst 2002], neighborhood filters [Tomasi
and Manduchi 1998; Kass and Solomon 2010], edge-preserving op-
timization [Bhat et al. 2010; Farbman et al. 2008], and edge-aware
wavelets [Fattal 2009].

While Laplacian pyramids can be implemented using simple image
resizing routines, other methods rely on more sophisticated tech-
niques. For instance, the bilateral filter relies on a spatially varying
kernel [Tomasi and Manduchi 1998], optimization-based methods,
such as [Fattal et al. 2002; Farbman et al. 2008; Subr et al. 2009;
Bhat et al. 2010], minimize a spatially inhomogeneous energy, and
other approaches build dedicated basis functions for each new im-
age, e.g., [Szeliski 2006; Fattal 2009; Fattal et al. 2009]. This addi-
tional level of sophistication is also often associated with practical
shortcomings. The parameters of anisotropic diffusion are difficult
to set because of the iterative nature of the process, neighborhood
filters tend to over-sharpen edges [Buades et al. 2006], and meth-
ods based on optimization do not scale well due to the algorithmic
complexity of the solvers. While some of these shortcomings can
be alleviated in post-processing, e.g., bilateral filtered edges can be
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Image processing workload characteristics
▪ “Pointwise operations”: 

- output_pixel = f(input_pixel) 

▪ “Stencil” computations (e.g., convolution, demosaic, etc.) 
- output pixel (x,y) depends on fixed-size local region of input around (x,y) 

▪ Lookup tables 

▪ Multi-resolution operations (upsampling/downsampling) 

▪ Long sequences of operations
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Bonus slides: 
Estimating motion using optical flow
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Optical flow
Goal: determine 2D screen-space velocity of visible objects in image

Image source: https://vimeo.com/28395792

https://vimeo.com/28395792
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Optical flow
▪ Given image A (at time t) and image B (at time t + ∆t) compute the per-pixel motion 

needed to correspond the two images  

▪ Major assumption 1: “brightness constancy” 
- The appearance of a scene surface point that is visible in both images A and B is 

the same in both images
I(x, y, t) = I(x + ∆x, y + ∆y, t + ∆t)

Taylor expansion

I(x + ∆x, y + ∆y, t + ∆t)  = I(x, y, t) + Ix(x, y, t)∆x + Iy(x, y, t)∆y + It(x, y, t)∆t + higher order 
terms

The point observed at (x,y) at time t 
moves to (x+∆x, y+∆y) at t+∆t 
(and has the same appearance in both situations) 

So...

I(x, y, t) ≈ I(x, y, t) + Ix(x, y, t)∆x + Iy(x, y, t)∆y + It(x, y, t)∆t 

Ix(x, y, t)∆x + Iy(x, y, t)∆y + It(x, y, t)∆t = 0
The observed change in pixel (x,y)

Is due to object motion at point by (∆x, ∆y)
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Ix(x, y, t)
Iy(x, y, t)
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Gradient-constraint equation for a pixel is 
underconstrained
Gradient-constraint equation is insufficient to solve for motion 
One equation, two unknowns: (∆x, ∆y) 

Ix(x, y, t)∆x + Iy(x, y, t)∆y + It(x, y, t)∆t = 0
Known: observed change in pixel (x,y) over 
consecutive frames

Known: spatial image gradients in image A

Major assumption 2: nearby pixels have similar motion (Lucas-Kanade)

Ix(x0, y0, t)∆x + Iy(x0, y0, t)∆y + It(x0, y0, t)∆t = 0

Ix(x1, y1, t)∆x + Iy(x1, y1, t)∆y + It(x1, y1, t)∆t = 0

Ix(x2, y2, t)∆x + Iy(x2, y2, t)∆y + It(x2, y2, t)∆t = 0

. .
 .

Now we have a overconstrained system, compute least squares solution
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Weighted least-squares solution
Gradient-constraint equation is insufficient to solve for motion 

One equation, two unknowns: (∆x, ∆y) 

Ix(x0, y0, t)∆x + Iy(x0, y0, t)∆y + It(x0, y0, t)∆t = 0

Ix(x1, y1, t)∆x + Iy(x1, y1, t)∆y + It(x1, y1, t)∆t = 0

Ix(x2, y2, t)∆x + Iy(x2, y2, t)∆y + It(x2, y2, t)∆t = 0

. .
 .

Compute weighted least squares solution by minimizing: 

(xi, yi) are pixels in region around (x,y). 

Weighting function w() weights error contribution based on distance between (xi, yi) and (x, y) 
e.g., Gaussian fall-off.  
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Solving for motion
E (∆x, ∆y) minimized when derivatives are zero:

Rewrite, now solve the following linear system for ∆x, ∆y: 

Precompute partial derivatives Ix, Iy, It from original images A and B 

For each pixel (x,y): evaluate A0, B0, C0, A1, B1, C1, then solve for (∆x, ∆y) at (x,y)   

A0 B0 C0

A1 B1 C1
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Optical flow, implemented in practice
Gradient-constraint equation makes a linear motion assumption

I(x, y, t) ≈ I(x, y, t) + Ix(x, y, t)∆x + Iy(x, y, t)∆y + It(x, y, t)∆t 

Ix(x, y, t)∆x + Iy(x, y, t)∆y + It(x, y, t)∆t = 0
The observed change in pixel (x,y)

Is due to object motion at point by (∆x, ∆y)

▪ Improvement: iterative techniques use this original flow field to compute higher 
order residuals (to estimate non-linear motion) 

▪ Question: why is it important for optical flow implementation to be very efficient? 
- Hint: consider linear-motion assumption


