
ImageResize@image,wD give a resized version of image that is w pixels wide

Thumbnail@imageD give a thumbnail version of image

ImageRotate@imageD rotate image counterclockwise by 90°

ImageReflect@imageD reverse image by top-bottom mirror reflection

Spatial operations.

Here, ImageResize  is used to increase and diminish the size of the original image, 
respectively.

In[38]:= Rowü8ImageResize@i, 200D, Spacer@10D, ImageResize@i, 50D<

Out[38]=

ImageRotate  is another common spatial operation. It results in an image whose pixel positions

are all rotated counter-clockwise with respect to a pivot point centered on the image.

This rotates the example image by 30 degrees.

In[39]:= ImageRotate@i, p ê 6D

Out[39]=

Several  useful  image processing tasks require nothing more than simple arithmetic  operations

between two images or an image and a constant. For example, you can change brightness by

multiplying  an  image  by  a  constant  factor  or  by  adding  (subtracting)  a  constant  to  (from)  an

image. More interestingly, the difference of two images can be used to detect change and the

product of two images can be used to hide or highlight regions in an image in a process called

masking. For this purpose, three basic arithmetic functions are available.  

Data Manipulation     65



ImageAdd@image,xD add an amount x to each channel value in image

ImageSubtract@image,xD subtract a constant amount x from each channel value in 
image

ImageMultiply@image,xD multiply each channel value in image by a factor x

Arithmetic operations.

Here is an example of image blending using addition and multiplication.

In[17]:= ImageAddBImageMultiply@i, 2 ê 3D, ImageMultiplyB , 1 ê 3FF

Out[17]=

Image Processing by Point Operations

Point operations constitute a simple but important class of image processing operations. These

operations  change  the  luminance  values  of  an  image  and  therefore  modify  how  an  image

appears  when  displayed.  The  terminology  originates  from  the  fact  that  point  operations  take

single pixels as inputs. This can be expressed as

gHi, jL = T @ f Hi, jLD

where  T  is  a  grayscale  transformation  that  specifies  the  mapping  between  the  input  image  f

and the result g, and i, j denotes the row, column index of the pixel. Point operations are a one-

to-one mapping between the original  (input)  and modified (output)  images according to some

function defining the transformation T. 

Contrast Modification

Contrast  modifying point  operations frequently encountered in image processing include nega-

tion (grayscale or color), gamma correction, which is a power-law transformation, and linear or

nonlinear contrast stretching.
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LighterAimage,…E give a lighter version of an image

DarkerAimage,…E give a darker version of an image

ColorNegate@imageD give the negative of image, in which all colors have been 
negated

ImageAdjust@imageD adjust the levels in image, rescaling them to cover the 
range 0 to 1

ImageApply@ f,imageD apply f  to the list of channel values for each pixel in image

Selected point operators.

One of  the  simplest  examples  of  a  point  transformation  is  negation.  For  a  grayscale  image f ,

the transformation is defined by

gHi, jL = 1 - f Hi, jL.

It is applied to every pixel in the source image. In the case of multichannel images, the same

transformation is applied to each color value, of every pixel.

This show the original example image and its digital negative.

In[6]:= GraphicsRow@8i, ColorNegate@iD<, ImageSize Ø MediumD

Out[6]=

The  function  ImageAdjust  can  be  used  to  perform  most  of  the  commonly  needed  contrast

stretching and power-law transformations, while ImageApply  enables you to realize any desired

point transformation whatsoever.

This increases contrast using linear scaling.

In[37]:= ImageAdjust@i, 1.5D

Out[37]=

As an example of a nonlinear contrast stretching operation, consider the following transforma-

tion called sigma scaling. Assuming the default range of 0 to 1, the transformation is defined by
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As an example of a nonlinear contrast stretching operation, consider the following transforma-

tion called sigma scaling. Assuming the default range of 0 to 1, the transformation is defined by

gHi, jL = 1

1+ ‰
-
f Ii, jM-m

s

.

This defines the transformation.

In[10]:= f@x_, m_, s_D :=
1

1 + ‰
-
x-m

s

Here are several plots of the transformation for different values of the variance parameter.

In[12]:= GraphicsRow@Plot@f@x, 0.5, ÒD, 8x, 0, 1<, PlotRange Ø 80, 1<,
Ticks Ø False, ImageSize Ø TinyD & êü 80.15, 0.1, 0.05, 0.01<D

Out[12]=

This shows the effect of the transformation on the example image.

In[36]:= ImageApply@f@Ò, 0.5, 0.1D &, iD

Out[36]=

Image binarization is  the operation of  converting a multilevel  image into a binary image. In a

binary  image,  each  pixel  value  is  represented  by  a  single  binary  digit.  In  its  simplest  form,

binarization, also called thresholding, is a point-based operation that assigns the value of 0 or 1

to each pixel of an image based on a comparison with some global threshold value t.

gHi, jL =
1, if f Hi, jL ¥ t
0, if f Hi, jL < t

Thresholding  is  an  attractive  early  processing  step  because  it  leads  to  significant  reduction  in

data storage and results in binary images that are simpler to analyze. Binary images permit the

use of powerful  morphological  operators for shape and structure-based analysis of  image con-

tent.  Binarization  is  also  a  form  of  image  segmentation,  as  it  divides  an  image  into  distinct

regions.
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Binarize@imageD create a binary image from image

ColorQuantize@image,nD give an approximation to image that uses only n distinct 
colors

Quantization functions.

Color images are first converted to grayscale prior to thresholding. If the threshold value is not

explicitly given, an optimal value is calculated using one of several well-known methods.

Here is the default binarization based on Otsu's method for optimal threshold selection.

In[2]:= Binarize@iD

Out[2]=

Here ImageApply is used to return a color image in which each individual channel is binarized, 
resulting in a maximum of 8 distinct colors.

In[17]:= ImageApply@UnitStep@Ò - 0.5D &, iD

Out[17]=

Color Conversion

Four color spaces are currently supported: RGB (red, green, and blue), CMYK (cyan, magenta,

yellow, and black), HSB (hue, saturation, and brightness) and grayscale. 

The RGB (red, green, blue) color scheme is the most frequently used color representation used

in practice.  The three so-called primary colors are combined (added) in various proportions to

produce a composite,  full-color image. The RGB color model  is  universally used in color moni-
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tors and video recorders and cameras. Also, the human visual system is tuned to perceive color

as a variable combination of these primary colors. The primary colors added in equal amounts

produce  the  secondary  colors  of  light:  cyan  (C),  magenta  (M),  and  yellow  (Y).  These  are  the

primary  pigment  colors  used  in  the  printing  industry  and thus  the  relevance  of  the  CMY color

model.  For  image  processing  applications  it  is  often  useful  to  separate  the  color  information

from luminance. The HSB (hue, saturation, brightness) model has this property. Hue represents

the dominant  color  as  seen by an observer,  saturation refers  to  the amount  of  dilution of  the

color with white light, and brightness defines the average luminance. The luminance component

may, therefore, be processed independently of the image’s color information. 

ColorConvert@expr, colspaceD convert color specifications in expr to refer to the color 
space represented by colspace

Color conversion function.

This shows the conversion results from an RGB source to the remaining supported color spaces.

In[38]:= i = Image@8881, 0, 0<, 80, 1, 0<, 80, 0, 1<<<, ColorSpace Ø "RGB"D

Out[38]=

In[39]:= Column@InputForm@ColorConvert@i, ÒDD & êü 8"CMYK", "HSB", "Grayscale"<D

Out[39]=

Image@8880., 1., 1., 0.<, 81., 0., 1., 0.<, 81., 1., 0., 0.<<<,
"Real", ColorSpace -> "CMYK", Interleaving -> TrueD

Image@8880., 1., 1.<, 80.3333333333333333, 1., 1.<, 80.6666666666666666, 1., 1.<<<,
"Real", ColorSpace -> "HSB", Interleaving -> TrueD

Image@880.299, 0.587, 0.114<<, "Real", ColorSpace -> "Grayscale", Interleaving -> NoneD

Note  that  the RGB -> Grayscale  transformation  uses  the  weighting  coefficients  recommended

for  U.S.  broadcast  TV  (NTSC)  and  later  incorporated  into  the  CCIR  601  standard  for  digital

video.  

Image Histogram

An important concept common to many image enhancement operations is that of a histogram,

which is  simply  a  count  (or  relative  frequency,  if  normalized)  of  the gray levels  in  the image.

Analysis of the histogram gives useful information about image contrast. Image histograms are

important  in  many  areas  of  image  processing,  most  notably  compression,  segmentation,  and

thresholding. 
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ImageLevels@imageD give a list of pixel values and counts for each channel in 
image

ImageHistogram@imageD plot a histogram of the pixel levels for each channel in 
image

Image histogram functions.

This shows two different histogram visualization methods.

In[3]:= GraphicsRow@8ImageHistogram@iD, ImageHistogram@i, Appearance Ø "Separated"D<,
ImageSize Ø MediumD

Out[3]=

Image Processing by Area Operations

Most useful image processing operators are area based. Area based operations calculate a new

pixel value based on the values in a local, typically small, neighborhood. This is usually imple-

mented  through  a  linear  or  nonlinear  filtering  operation  with  a  finite-sized  operator  (i.e.,  a

filter). Without loss of generality, consider a centered and symmetric 3 × 3 neighborhood of the

image  pixel  at  position  n,  m,  with  value  f @n, m D.  A  general  area-based  transformation  can  be

expressed as  

g @i, jD = T
f @i - 1, j - 1D f @i, j - 1D f @i + 1, j - 1D

f @i - 1, jD f @i, jD f @i + 1, jD
f @i - 1, j + 1D f @i, j + 1D f @i + 1, j + 1D

where  g  is  the  output  image  resulting  from  applying  transformation  T  to  the  3  ×  3  centered

neighborhoods of all the pixels in input image f. It should be noted that the spatial dimensions

and  geometry  of  the  neighborhood  are  generally  determined  by  the  needs  of  the  application.

Examples of image processing region-based operations include noise reduction, edge detection,

edge sharpening, image enhancement, segmentation, and more.
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Linear and Nonlinear Filtering

Linear  image  filtering  using  convolution  is  one  the  most  common  methods  of  processing

images. To achieve a desired result you must specify an appropriate filter. Tasks such as smooth-

ing,  sharpening,  edge  finding,  zooming,  and  more  are  typical  examples  of  image  processing

tasks  that  have  convolution-based  implementations.  Other  tasks,  noise  removal  for  example,

are better accomplished using nonlinear processing techniques. 

ImageFilter@ f,image,rD apply f  to the range r of each pixel in each channel of image

ImageConvolve@image,kerD give the convolution of image with kernel ker

General filtering operators.

Here is a typical blurring operation using one of the smoothing filters.

In[4]:= ImageConvolve@i, BoxMatrix@5D ê 121.D

Out[4]=

The  more  general  (but  slower)  ImageFilter  function  can  be  used  in  cases  when  traditional

linear filtering is not possible and the desired operation is not implemented by any of the built-

in filtering functions.

This calculates the maximum range of values within a small neighborhood of each pixel.

In[5]:= ImageFilter@Max@Flatten@ÒDD - Min@Flatten@ÒDD &, i, 1D

Out[5]=
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A large number  of  linear  and nonlinear  operators  are  available  as  built-in  functions.  Here  is  a

partial listing.

Blur@imageD give a blurred version of image

Sharpen@imageD give a sharpened version of image

MeanFilter@image,rD replace every value by the mean value in its range r

GaussianFilter@image,rD convolve with a Gaussian kernel of pixel radius r

MedianFilter@image,rD replace every value by the median in its range r

MinFilter@image,rD replace every value by the minimum in its range r

CommonestFilter@image,rD replace each pixel with the most common pixel value in its 
range r

Common linear and nonlinear filtering operators.

One  of  the  more  common  applications  of  linear  filtering  in  image  processing  has  been  in  the

computation  of  approximations  of  discrete  derivatives  and  consequently  edge  detection.  The

well-known methods of Prewitt, Sobel, and Canny are all essentially based on the calculation of

two orthogonal derivatives at each point in an image and the gradient magnitude.

Here are the two Sobel filters.

In[6]:= sobelY = 881, 2, 1<, 80, 0, 0<, 8-1, -2, -1<< ê 4.;
sobelX = 881, 0, -1<, 82, 0, -2<, 81, 0, -1<< ê 4.;

This returns the edges of a grayscale image using Sobel filters.

In[7]:= ImageBSqrtBImageDataBImageConvolveB , sobelXFF

2

+

ImageDataBImageConvolveB , sobelYFF

2

FF

Out[7]=

As  a  second  example,  consider  the  task  of  removing  the  impulsive  noise,  which  is  called  salt

noise  due  to  its  visual  appearance,  from  an  image.  This  is  a  classic  example  contrasting  the

different  outcomes  resulting  from  a  linear  moving-average  and  a  nonlinear  moving-median

calculation. 

Data Manipulation     73



As  a  second  example,  consider  the  task  of  removing  the  impulsive  noise,  which  is  called  salt

noise  due  to  its  visual  appearance,  from  an  image.  This  is  a  classic  example  contrasting  the

different  outcomes  resulting  from  a  linear  moving-average  and  a  nonlinear  moving-median

calculation. 

This creates a small image with impulsive noise.

In[13]:= Image@ReplacePart@ArrayPad@ConstantArray@160, 820, 20<D, 15, 60D,
255, RandomInteger@81, 50<, 8100, 2<DD, "Byte"D

Out[13]=

Here is the side-by-side comparison.

In[14]:= Row@8MeanFilter@%, 1D, Spacer@5D, MedianFilter@%, 1D<D

Out[14]=

Clearly, the median filter returns the better result. 

Morphological Processing

Mathematical  morphology  provides  an  approach  to  the  processing  of  digital  images  that  is

based  on  the  spatial  structure  of  objects  in  a  scene.  In  binary  morphology,  unlike  linear  and

nonlinear operators discussed so far, morphological operators modify the shape of pixel group-

ings instead of their amplitude. However, in analogy with these operators, binary morphological

operators  may be implemented using convolution-like  algorithms with  the fundamental  opera-

tions of addition and multiplication replaced by logical OR and AND.

Dilation@image,rD give the dilation with respect to a range r square

Erosion@image,rD give the erosion with respect to a range r square

Fundamental morphological operators.
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This shows the dilation (left) and erosion (right) of the example image (center) using a 5×5 
uniform structuring element. 

In[8]:= b = Binarize@iD;
GraphicsRow@8Dilation@b, 2D, b, Erosion@b, 2D<, ImageSize Ø MediumD

Out[9]=

The definitions of  binary morphology extend naturally  to  the domain of  grayscale images with

Boolean AND and OR becoming point-wise minimum and maximum operators, respectively. For

a uniform, zero-valued structuring element, the dilation of an image f  reduces to the following

simple form:

g @i, jD = Max

f @i - 1, j - 1D f @i, j - 1D f @i + 1, j - 1D
f @i - 1, jD f @i, jD f @i + 1, jD

f @i - 1, j + 1D f @i, j + 1D f @i + 1, j + 1D

This shows the grayscale dilation (left) and erosion (right) of the example image (center) using 
a 5×5 uniform structuring element. 

In[10]:= GraphicsRow@8Dilation@b, 2D, b, Erosion@b, 2D<, ImageSize Ø MediumD

Out[10]=

These operators can be used in combinations using a single structuring element or a list of such

elements  to  perform  many  useful  image  processing  tasks.  A  partial  listing  includes  thinning,

thickening, edge and corner detection, and background normalization. 

This uses dilation and erosion to detect edges in a grayscale image.

In[17]:= g = ColorConvert@i, "Grayscale"D;
e = ImageSubtract@Dilation@g, 1D, Erosion@g, 1DD

Out[18]=
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GeodesicDilation@marker,maskD give the fixed point of the geodesic dilation of the image 
marker constrained by the image mask

GeodesicErosion@marker,maskD give the fixed point of the geodesic erosion of the image 
marker constrained by the image mask

DistanceTransform@imageD give the distance transform of image, in which the value of 
each pixel is replaced by its distance to the nearest back-
ground pixel

MorphologicalComponents@imageD give an array in which each pixel of image is replaced by an 
integer index representing the connected foreground 
image component in which the pixel lies

Selected morphological functions.

An  important  category  of  morphological  algorithms,  called  morphological  reconstruction,  are

based  on  repeated  application  of  dilation  (or  erosion)  to  a  marker  image,  while  the  result  of

each step is constrained by a second image, the mask. The process ends when a fixed point is

reached.  Interestingly,  many  image  processing  tasks  have  a  natural  formulation  in  terms  of

reconstruction. Peak and valley detection, hole filling, region flooding, and hysteresis threshold

are just a few examples. The latter, also known as a double threshold, is an integral part of the

widely  used  Canny  edge  detector.  Pixels  falling  below  the  low  threshold  are  rejected,  pixels

above the high threshold are accepted, while pixels in the intermediate range are accepted only

if  they  are  "connected"  to  the  high  threshold  pixels.  Connectivity  may  be  established  using  a

variety of algorithms, but reconstruction gives an effective and very simple solution. 

Here are the low, high, and double threshold images, respectively.

In[36]:= 8mask = Binarize@e, 0.45D, mark = Binarize@e, 0.8D, GeodesicDilation@mark, maskD<

Out[36]= : , , >

This clears all the symbols.

In[37]:= Clear@b, g, i, e, mask, markD;
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