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Some	Basic	Intensity	Transforma2on	
Func2ons	

•  Thresholding	–	Logistic	function	
•  Log	transformation	
•  Power-law	(Gamma	correction)	
•  Piecewise-linear	transformation	
•  Histogram	processing	
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Soft	thresholding	(logistic	function)	 Hard	thresholding	(step	function)	

Contrast	stretch	

1x1	Neighborhood	◊	Intensity	
Transforma2on	◊	Image	Enhancement	
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Stretch low intensity levels 
Compress high intensity levels 

Stretch high intensity levels 
Compress low intensity levels 

Power functions 

Log function: 

Inverse log function: 

Basic Intensity Transformation 
Functions	
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Image Negative: s=L-1-r 

Some	Basic	Intensity	Transforma2on	
Func2ons	
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Log	Transforma2ons:	s=c	log(1+r)	
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γcrs =
•  More versatile than log 

transformation 
•  Performed by a lookup table 
 

Power-Law	(Gamma)	Transforma2ons	
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LookUp	Table	Opera2ons	

•  Look	Up	Table:	LUT[i]=c*i^gamma;	
•  NI[i,j]=LUT[I[i,j];	
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Monitors	have	an	intensity-to-
voltage	response	with	a	power	
function	

Power-Law	(Gamma)	Transforma2ons	

9 CSCE 590: Introduction to Image Processing 
Slides courtesy of Prof. Yan Tong 



Image	Enhancement	Using	Gamma	Correc2on	
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Washed-out	appearance	caused	by	a	
small	gamma	value	

Power-Law (Gamma) Transformations 
for Contrast Manipulation	
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Washed-out	appearance	
was	reduced	by	a	large	
gamma	value	

Power-Law (Gamma) Transformations 
for Contrast Manipulation	
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Piecewise-Linear	Transforma2on	
Func2ons:	Contrast	Stretching	
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Piecewise-Linear	Transforma2on	
Func2ons:	Intensity-Level	Slicing	
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An	Example	of	Intensity-Level	Slicing	
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Piecewise-Linear	Transforma2on	
Func2ons:	Bit-Plane	Slicing	
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An	Example	
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Less	bit	planes	are	sufPicient	to	obtain	an	acceptable	details,	while	require	
half	of	the	storage	

original 

Use	for	Image	Compression	
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Normalized histogram 

Histogram 

Histogram	Processing	
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Transforma2on	Func2on	
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drrpsp rs )()( =

)(rTIf           is continuous and differentiable. 

Probability density function of output intensity value 

Histogram	Processing	
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Cumulative	distribution	function	of	𝑟	

A special transformation function 

Is	it	a	valid	transformation	function?	

Yes.	
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Histogram	Equaliza2on	
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Cumula2ve	Func2on	
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Value	 Frequency	 Cumulative	
0	 45	 45	 (	45/280)*7	
1	 64	 109	
2	 3	 112	
3	 67	 179	
4	 12	 191	
5	 3	 194	
6	 8	 202	
7	 78	 280	 (280/280)*7	
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Histogram	Equaliza2on	
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Histogram	Equaliza2on	–	Discrete	Case	
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Histogram	equalization	cannot	result	in	a	uniform	histogram.	

Histogram	Equaliza2on	–	Discrete	Case	
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Examples	
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Estimated	pdf	in	the	input	image	
)(rpr

r

Original histogram 

equalized histogram 

Histogram equalization  

Histogram	Matching	(Specifica2on)	
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Histogram	Matching	(Specifica2on)	
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Estimated	pdf	in	the	input	image	

Desired	pdf	in	the	output	image	
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Original histogram 

equalized histogram 

Histogram equalization  
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Target histogram 

Histogram equalization  
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Green circles represent known  
Red circles represent unknown 

𝑧= ​𝐺↑−1 (𝑠)= ​𝐺↑−1 (𝑇(𝑟)) 

Histogram	Matching	(Specifica2on)	
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Histogram	Matching	Algorithm	for	
Con2nuous	Data	

• Obtain	the	output	image	by:	
– First	compute	the	probability	distribution	function	
of	input	data	pr(r)	

– Perform	histogram	equalization	à	s=T(r)	
– Compute	s=G(z),	where	G	is	the	equalization	
function	derived	from	a	speciPied	histogram	

– Perform	the	inverse	mapping	
– The	output	image	with	z	values	is	then	of	the	
speciPied	histogram	
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A	Con2nuous	Example	
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A	Discrete	Example	
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Histogram	Matching	Algorithm	–		
Discrete	Image	

•  Discrete	histogram	require	a	discretization	of	
the	output	intensity	values	
Step1:	Compute	histogram	of	the	input	image	𝑝𝑟(𝑟)	
and	the	histogram	equalized	image	𝑠=𝑇(𝑟)	
Step2:	Compute	𝐺(𝑧)	given	the	desired	histogram	
𝑝𝑧(𝑧)		
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s 
S0=1 
S1=3 
S2=5 
S3=6 
S4=6 
S5=7 
S6=7 
S7=7 

G(z)	
G(z0)=0	
G(z1)=0	
G(z2)=0	
G(z3)=1	
G(z4)=2	
G(z5)=5	
G(z6)=6	
G(z7)=7	

A	Discrete	Example	–	Cont.		
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Histogram	Matching	Algorithm	–	Discrete	
Image	

•  Discrete	histogram	require	a	discretization	of	
the	output	intensity	values	
Step1:	Compute	histogram	of	the	input	image	𝑝𝑟(𝑟)	
and	the	histogram	equalized	image	𝑠=𝑇(𝑟)	
Step2:	Compute	𝐺(𝑧)	given	the	desired	histogram	
𝑝𝑧(𝑧)		
Step3:	Given	the	 ​𝑠↓𝑘 	value,	Pind	the	value	of	​𝑧↓𝑞 	so	
that	 ​𝐺(𝑧↓𝑞 )	is	closest	to	 ​𝑠↓𝑘 		
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s 
S0=1 
S1=3 
S2=5 
S3=6 
S4=6 
S5=7 
S6=7 
S7=7 

G(z)	
G(z0)=0	
G(z1)=0	
G(z2)=0	
G(z3)=1	
G(z4)=2	
G(z5)=5	
G(z6)=6	
G(z7)=7	

z 
z0=0 
z1=1 
z2=2 
z3=3 
z4=4 
z5=5 
z6=6 
z7=7 

Potential issue: Cause a one-to-multiple mapping 
-- multiple  are mapped to the same  
Solution: assign the z-s pair with smallest  

A	Discrete	Example	–	Cont.		
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Histogram	Matching	Algorithm	–	Discrete	
Image	

•  Discrete	histogram	require	a	discretization	of	the	
output	intensity	values	
Step1:	Compute	histogram	of	the	input	image		and	the	
histogram	equalized	image		
Step2:	Compute		given	the	desired	histogram			
Step3:	Given	the		value,	Pind	the	value	of		so	that		is	closest	
to			

• 	Potential	issue:	Cause	a	one-to-multiple	mapping	--	multiple		are	
mapped	to	the	same		
• Solution:	assign	the	z-s	pair	with	smallest		

• Step4:	form	the	histogram-speciPied	image	using	
the	mapping	r-z	found	above	
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s 
S0=1 
S1=3 
S2=5 
S3=6 
S4=6 
S5=7 
S6=7 
S7=7 

G(z)	
G(z0)=0	
G(z1)=0	
G(z2)=0	
G(z3)=1	
G(z4)=2	
G(z5)=5	
G(z6)=6	
G(z7)=7	

z 
z0=0 
z1=1 
z2=2 
z3=3 
z4=4 
z5=5 
z6=6 
z7=7 

A	Discrete	Example	–	Cont.		
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Global Local 

Local	Histogram	Processing	
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Using	Histogram	Sta2s2cs	for	Image	
Enhancement	
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Ques2ons?	
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