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CmpE 464
Image Processing

Lecture 7

Image Enhancement

Image
Enhancement

Point operations
•Contrast stretching
•Noise clipping
•Window slicing
•Histogram Modeling

Transform Operations
•Linear Filtering
•Homomorphic filtering

Pseudocoloring
•False coloring
•pseudocoloring

Spatial Operations
•Noise smooting
•Median filtering
•Unsharp masking
•LP,BP, HP filtering
•Zooming
•Morphological filtering

Gray level transformationGray level transformation

Linear: 

f(x,y)

g(x,y)

0         a    b

n

m

Piece-wise linear: 

f(x,y)

g(x,y)

0         a    b

n

m

Increase range of gray scale

Depress noise

Contrast stretching

Gray level transformation (cont’d)Gray level transformation (cont’d)

Logarithmic transform 

f(x,y)

g(x,y)

0               n

n

negative: 

f(x,y)

g(x,y)

0              b

n

Expand values of dark pixels
To make the details clear
Compress the high level values

Intensity transformations
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Gray level transformation (cont’d)Gray level transformation (cont’d)

Gamma correction:

Voltage (r)

Intensity (S = r^(2.5))

0

The voltage-to-intensity response 
is non-linear, so it is necessary to correct
It into linear response 

S = r (̂gamma)
Gamma = 2.5

Gamma correction:
S = r (̂1/2.5)

voltage � � � intensity
r (̂2.5)      r (̂0.4)

Voltage (r)

Intensity (S = r^(0.4))

0

Log transformation

Gray level transformation (cont’d)Gray level transformation (cont’d)

Gray-scale slicing 

f(x,y)

g(x,y)

0               n

n

Zig-zag: 

f(x,y)

g(x,y)

0              b

n

Background compressed

Large range of gray scale 
is displayed on the small 
range device

Gray level transformation (cont’d)Gray level transformation (cont’d)

Bit-plane slicing: 

f(x,y)

Bit-7

0               255

1
e.g., Range [0, 255] � [0, 1] 
for each bit

Bit    7      ….      1,    0

Bit-0

Bit-7

Image Histograms Histogram processingHistogram processing

• P(rk) is the probability of occurrence of gray level rk

• P(rk) can be re-distributed for enhancing the image

rk

h(rk) or P(rk)=nk/n  

0
sk

h(sk) or P(sk)  

0

Histogram equalization
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Histogram processing (cont’d)Histogram processing (cont’d)

• Histogram equalization

(1) s = T(r)     0 £ r £ 1
(2) Ps(s) ds = Pr(r) dr
(3) T(r) = �0

r
Pr(w)dw

From (1), (2) and (3), we get
Ps(s) = 1

r

S=T(r)  

0        rk 1

Histogram equalization

t
sk

r

P(r)  P(s)  

s

Histogram processing (cont’d)Histogram processing (cont’d)

• Histogram equalization

(1) Analogue domain:
s= T(r) = �0

r
Pr(w)dw

(2) Discrete domain: 

K=0, 1,…, L
(e.g., L=255  if 8bits/pixel)
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Results of Histogram Equalization Results of Histogram Equalization

Histogram processing (cont’d)Histogram processing (cont’d)

• Histogram matching

-- We can also specify a certain histogram, then match it.

Histogram processing (cont’d)Histogram processing (cont’d)

• Example of histogram equalization (HE)

-- 3bits/pixel
-- total number of pixel n=51

gray level       number of pixels    number of pixel after HE
0                              10                               0
1                                8                              10
2                                9                                8
3                                2                                0
4                              14                               11
5                                1                                0
6                                5                               15
7                                2                                7
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Histogram processing (cont’d)Histogram processing (cont’d)

• Note:
-- global histogram processing
-- local histogram processing

• Bin: (a group of successive gray levels)
-- e.g., 1 bin = 2

k  
(bin width)

-- If the total gray levels are 256, the number of bins: 2
8

/ 2
k

-- if k=4;  the number of bins is 16

Result of Histogram Specification

Enhancement by 
arithmetic operation
Enhancement by 
arithmetic operation

• Image subtraction
-- e.g., image difference between the images before and after 

the contrast agents injection in the radiology imaging.

• N images averaging
-- time sequence
-- smoothing
-- noise removal
-- N­ � ¯
-- is noise
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Neighborhood (Spatial) 
Operations

Correlation and Convolution Spatial 
Filtering
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Image FilteringImage Filtering

� Spatial filtering 

• Low-pass filtering mask (image blurring, smoothing)

• Median filter

• High-pass filter (sharpening, edge enhancement)

� Spatial filtering 

• Low-pass filtering mask (image blurring, smoothing)

• Median filter

• High-pass filter (sharpening, edge enhancement)

Neighborhood (Spatial) 
Operations

Correlation and Convolution Spatial 
Filtering

Image smoothingImage smoothing

Mask: ḿ m

Convolution:

2
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Image smoothing (Cont’d)Image smoothing (Cont’d)

Low-pass filtering:

-- box-filter
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Operation:

Sliding mask on the image

g(x,y)=convolution(f, M)/Sum(M)
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Image smoothing (Cont’d)Image smoothing (Cont’d)

EXAMPLE:

PIXSUM(M) = 1

FILTER(f,M)[i,j]= SUM_u,v[TRAN(M; (i,j)] * f(u,v)
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LP Filters: Gaussian

Gaussian Filters are 
separable: you can filter 
rows then columns…

or, apply 2D convolution:

Image sharpening Image sharpening 

• Edge enhancement for blurred images (e.g., caused by 
camera focus, narrow bandwidth, etc.) 

-- Image pixel derivative
1st derivative: df/dx = f(x+1) – f(x)
2nd derivative: d

2
f/dx2 = [f(x+1) – f(x)] – [f(x) – f(x-1)]

= f(x+1) + f(x-1) – 2f(x)

Image sharpening (cont’d)Image sharpening (cont’d)

• 1-D 1st derivative 

• 1-D 2nd derivative

(a) Original

(b) f(x) blurred

(c) df/dx

(d) d2f/dx2

(e) f(x)- d2f/dx2

Image sharpening (cont’d)Image sharpening (cont’d)

• 2-D Laplatian operator 

• Sharpening:

2

2

2
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Laplacian Mask:  0   1   0                   1    1   1
1  -4   1                   1  -8   1  
0   1   0                   1    1   1          

Laplacian filtering
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Laplacian filtering Image sharpening (cont’d)Image sharpening (cont’d)

• Edge enhancement

• Sharpening mask:     0   -1    0         (enhance edges in horizontal and 
-1   5   -1          vertical direction) 
0    -1   0

-1  -1  -1         (enhance edges in horizontal, 
-1   9  -1         vertical and two diagonal directions) 
-1   -1  -1

Image sharpening (cont’d)Image sharpening (cont’d)

• Sharpening = original image + edges (or contours)

• Sharpening mask:     0   -1    0         (enhance edges in horizontal and 
-1   5   -1          vertical direction) 
0    -1   0

-1  -1  -1         (enhance edges in horizontal, 
-1   9  -1         vertical and two diagonal directions) 
-1   -1  -1

Image sharpening (cont’d)Image sharpening (cont’d)

• Unsharp masking: 

fs(x,y) = f(x,y) – fLP (x,y)

g(x,y) = Af(x,y) + alpha fs(x,y)

Edge DetectionEdge Detection

• 1-D 1st derivative 

• 1-D 2nd derivative

(a) Original

(b) f(x) blurred

(c) df/dx

(d) d2f/dx2

(e) f(x)- d2f/dx2

Edge detection(cont’d)Edge detection(cont’d)

• 2-D Laplatian operator 

• Sharpening:
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Edge detection(cont’d)Edge detection(cont’d)

• Gradient operators
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Edge detection(cont’d)Edge detection(cont’d)

• Roberts operators

• Sobel operator

• Prewitt operator

• Robinson compass masks
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Roberts Gradient Operator

original gradient magnitude after thresholding

Sobel Gradient Operator

original Roberts Sobel

Prewitt Gradient Operator

There are three major issues:
1) The gradient magnitude at different scales is different; which should

we choose?
2) The gradient magnitude is large along thick trail; how

do we identify the significant points?
3) How do we link the relevant points up into curves?
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Edge detectionEdge detection

• Edge detection by image gradient
-- analysis of difference in local contrast

Image � Gradient magnitude operator � Threshold � Edge image 

Edge detection (cont’d)Edge detection (cont’d)

• Property of the second derivative of edge (e.g., Laplatian)

-- noise sensitive
-- double edge produced
-- zero crossing

Canny Edge Detection

� Gradient-based edge detector
1. LPF with a Gaussian
2. Compute the gradient magnitude and orientation using the 

masks: 

3. Nonmaxima suppression to thin the resulting ridges
4. Apply double thresholding to detect and link edges: Tracking 

can only begin at a point on a ridge higher than T1. Tracking 
then continues in both directions out from that point until the 
height of the ridge falls below T2. 

11

11

11

11

-

---

Nonmaxima Suppression

� Canny does edge thinning by nonmaxima suppression:
� Classify gradient angle into one of 4 sectors:

� 0: -22.5 to 22.5, 180-22.5 to 180+22.5
� 1: 22.5 to 67.5, 180+22.5 to 180+67.5
� 2: 67.5 to 112.5, 180+67.5 to 180+112.5
� 3: 112.5 to 157.5, 180+112.5 to 180+157.5

� Compare center with the 2 neighbors, set to 0 if not greater than 
both

Sector 2 Sector 3 Sector 0 Sector 1

Double Thresholding

� Canny does edge linking by: double 
thresholding:

edge 
starts 
after 
passing 
Thigh edge 

ends 
when 
gradien
t falls 
below 
Tlow

Canny Edge Detection

Noisy original Canny Sobel
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Edge detection (cont’d)Edge detection (cont’d)

• Laplatian of Gaussian (LOG)

Image 
� Gaussian Smoothing for noise removal
� Laplacian filter 
� Zero crossing
� Edge image
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Edge detection (cont’d)Edge detection (cont’d)

• Scale Space – multiscaling

-- In the zero-crossing algorithm, different scale s will generate 
different level of details of edges.

0),,(),( 2 =ÑÄ syxhyxI

fine scale
high 
threshold

coarse 
scale,
high 
threshold

coarse
scale
low
threshold
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Laplacian of Gaussian (LoG)

Smooth the image first with a Gaussian, then take Laplacian

� =1.4

Laplacian of Gaussian (LoG)

Original LoG 0-crossings

� To find 0-crossings, threshold the image 
and find neighboring (+) and (-) values.

Laplacian of Gaussian (LoG)

� Effect of � :

� =1.0 � =2.0 � =3.0
sigma=2

sigma=4

contrast=1 contrast=4LOG zero crossings

Nonlinear Filters

� Linear Filters are good for removing 
gaussian noise, but not good for salt-and-
pepper (impulsive) noise

� Median filter, alpha-trimmed-mean filter 
better for impulsive noise

Nonlinear FilteringNonlinear Filtering

Median filter:

-- remove the salt-and-pepper noise, keep edges clear

-- Sort the pixel values, choose the median value to replace the
pixel in question

-- E.g.,  Mask size: N=5 (1-D)

80  90  200  110  120

Sort:   80   90 110   120  200
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Nonlinear FilteringNonlinear Filtering

Median filter:

-- 2D mask example:
*

*   *   *                                      *
*   *   *            or             *   *   *   *   *
*   *   *                                      *

* 

Median Filtering

Median and Adaptive Median Median, Max, Mean Filters

5 x 5 7 x 7noisyoriginal

Alpha-trimmed-mean

� Commonly used in figure skating: Remove the 
highest and lowest scores, then take average of 
the rest

Avg: 123.6
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Binary Morphology

� Treat an object within a binary image as the set 
of ‘1’s: set A

� Instead of a kernel window, here, we have a 
“structuring element”: set B 

� Define the following operations based on set 
intersection, union, difference:

� Dilation:A Å B = È { t Î I2 :t = a+b, a Î A }

� Erosion: A �  B =  Ç { t Î I2 : t = a+b, a Î A }

Dilation

� Dilation:A Å B = È { t Î I2 :t = a+b, a Î A }
� Example: 3 x 3 square structuring element

-- Example of dilation

A Å B 

A 

B

d

d

d/4
d/4

d/8

Dilation Binary Dilation is MAX

� If the set A is the image and set B is the 
window, binary dilation is Maximum 
operation 

A Å B 

A 

B

d

d

d/4
d/4

d/8

Erosion
� Erosion: A �  B =  Ç { t Î I2 : t = a+b, a Î A }
� Example: 3 x 3 square structuring element -- Example of erosion

A     B 

A 

B

d

d

d/4
d/4

d/8

Erosion
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Binary Erosion is MIN

� If the set A is the image and set B is the 
window, binary dilation is Maximum 
operation 

A     B 

A 

B

d

d

d/4
d/4

d/8

Opening

� Erosion followed by dilation

� Fit the structuring element inside the object

• Example

Opening: 
A ° B = (A      B) Å B 

B:

A:

Translate of B in A

Opening Closing

� Dilation followed by erosion

� Fit the structuring element in the background

• Example

Closing: 
A· B =  (A Å B)      B 

B:

A:

Closing Other morphological operations

� Hit-or-miss transform

� Thinning

� Thickening
� Skeletonization
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-- Shape detection
-- Using two structure elements

At least one pixel widthX W - X

Structure element I
Structure element II: 
complement of X with respect to W

Hit-or-miss transformation

-- The match (or fit) of B in A is called hit-or-miss transform,
denoted A � B

-- B is composed of X and W-X

A � B = (A     X) Ç [Ac (W-X)]

X W - X

Hit-or-miss transformation

• General notation

structure element:     B = (B1, B2)

e.g.,    B1 = X  (object); 
B2 = W-X  (background)

A � B = (A       B1) Ç [Ac B2]

This set contains all the (origin) points, at which, B1 found a match
(“hit”) in A and B2 found a match in Ac, simultaneously.

Hit-or-miss transformation

• Hit-or-miss definition by set difference

A � B = (A       B1) - [A Å B2^]

Note:  
Hit-or-miss is the object match plus background match

Hit-or-miss transformation

• Example of Hit-or-miss

X � T = { X | T1x Ì X, T2x Ì Xc}

X hit miss

T:

X

T1 T2

X � T

T’:
T1’ T2’

X � T’

Hit-or-miss transformation

• Boundary extraction
Boundary(A) = A – (A    B)

• Region filling
- given a set A which defines a region boundary
- start with a non-boundary point P within the region
- let X0 = P
- Xk = (Xk-1 Å B ) Ç Ac,    k =1,2,3,…
- iteration at each step k
- terminate if Xk = Xk-1

Note: A È Xk includes the filled set and the boundary

Other Applications
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• Connected component extraction

- similar to the region filling
- start with a point P which is contained in A
- let X0 = P
- Xk = (Xk-1 Å B ) Ç A,    k =1,2,3,…
- iteration at each step k
- terminate if Xk = Xk-1

Other Applications - CC

• Convex hull extraction

- set A is convex if any line abÌ A  (aÎ A,  bÎ A)

a

b

a

b

concave convex

- convex hull H if an arbitrary set S is the smallest convex set 
which contains S

Other Apps – Convex Hull

• Convex hull extraction (cont’d)

- Example of detection of convex hull of set A

Given a set A and four structure elements B1,B2,B3,B4

calculate the convex hull region:  C(A) = D1 ÈD2 ÈD3ÈD4

where:           
Di is derived from:  Xik = (Xi

k-1 � Bi ) È A 
(i=1,2,3,4), (k=1,2,…)

Di = Xi
k when Xi

k = Xi
k-1

Initial X i
0 = A         

Other Apps – Convex Hull

• Thinning

- “peel” from “outside” into “inside”, which is defined in terms of 
the hit-or-miss transform:

A Ä B = A – (A � B)
B = {B1, B2,…, Bn} 
A � {B} = (((A � B1) � B2)…) � Bn) 

Other Applications - Thinning

• Thickening

- The structure element B is similar to the structure element for 
thinning, except that 1’s and 0’s are exchanged.

- morphological dual of thinning
A � B = A È(A � B)
B = {B1, B2,…, Bn} 

- Alternative algorithm:
To thicken a set A, we can also 

- apply “thinning” algorithm on Ac,
- obtain region R
- then take Rc as the thickening result

Other Applications - Thickening

• Skeletons
- skeletons can be implemented by the operations of  erosions and 

openings 

S(A) = Uk=0
K(Sk(A))

Sk(A) = (A    kB) – (A     kB) ° B       

A     kB = (((A B) B)…) B) 

K = max{k |  (A     kB) ¹Æ }

Other Applications - Skeletons
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• Pruning
- it is complement to thinning and skeletonizing algorithm
- example: hand-writing recognition

Other Applications - Pruning Image Zooming In/out

� Zooming in: Suppose we want to increase 
the resolution: 4 pixels instead of 1

� Zooming out: 1 pixel instead of 4

Resample the 
checkerboard by taking 
one sample at each circle.  
In the case of the top left 
board, new representation 
is reasonable. 
Top right also yields a 
reasonable representation. 
Bottom left is all black 
(dubious) and bottom 
right has checks that are 
too big.

Constructing a pyramid by 
taking every second pixel 
leads to layers that badly 
misrepresent the top layer

Open questions

� What causes the tendency of 
differentiation to emphasize noise?

� In what precise respects are discrete 
images different from continuous images?

� How do we avoid aliasing?

� General thread:  a language for fast 
changes: The Fourier Transform

Aliasing

� Can’t shrink an image by taking every 
second pixel

� If we do, characteristic errors appear 
� In the next few slides
� Typically, small phenomena look bigger; fast 

phenomena can look slower

� Common phenomenon
� Wagon wheels rolling the wrong way in movies
� Checkerboards misrepresented in ray tracing
� Striped shirts look funny on colour television
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Smoothing as low-pass filtering

� The message of the FT is that 
high frequencies lead to 
trouble with sampling.

� Solution: suppress high 
frequencies before sampling

� multiply the FT of the 
signal with something that 
suppresses high 
frequencies

� or convolve with a low-
pass filter

� A filter whose FT is a box is 
bad, because the filter kernel 
has infinite support

� Common solution: use a 
Gaussian

� multiplying FT by Gaussian 
is equivalent to convolving 
image with Gaussian.

Sampling without smoothing.  Top row shows the images,
sampled at every second pixel to get the next; bottom row 
shows the magnitude spectrum of these images.

Sampling with smoothing.  Top row shows the images.  We
get the next image by smoothing the image with a Gaussian with sigma 1 pixel,
then sampling at every second pixel to get the next; bottom row 
shows the magnitude spectrum of these images.

Sampling with smoothing.  Top row shows the images.  We
get the next image by smoothing the image with a Gaussian with sigma 1.4 pixels,
then sampling at every second pixel to get the next; bottom row 
shows the magnitude spectrum of these images.
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Applications of scaled 
representations

� Search for correspondence
� look at coarse scales, then refine with finer 

scales

� Edge tracking
� a “good” edge at a fine scale has parents at a 

coarser scale

� Control of detail and computational cost in 
matching
� e.g. finding stripes
� terribly important in texture representation

The Gaussian pyramid

� Smooth with gaussians, because
� a gaussian*gaussian=another gaussian 

� Synthesis 
� smooth and sample

� Analysis
� take the top image

� Gaussians are low pass filters, so 
representation is redundant


