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Abstract--The paper presents models and algorithms for a hybrid method of image enhancement. The 
proposed framework involves processing of the digitized image to transform the input signal from image 
sensors such that the digitization of the transformed analog signal yields the enhanced image. First, an 
analytical framework which yields robust algorithms for image enhancement (following our approach) is 
established. Unlike many conventional methods, the approach allows the user to specify certain statistical 
measures for desired gray values in the enhanced image. An appealing feature of the proposed method is its 
ease of implementation using off-the-shelf hardware such as Analog-to-Digital Converters. To support our 
models and analyses, we perform character recognition on a set of industrial parts. Copyright © 1996 
Pattern Recognition Society. Published by Elsevier Science Ltd. 

Contrast enhancement Analog-to-Digital Converter Hybrid enhancement 

l. I N T R O D U C T I O N  

In this paper we propose a hybrid method of image 
enhancement. The method involves processing of the 
digitized image to obtain a set of enhancing parameters. 
These parameters are used to transform the input 
analog signal from image sensors, such that the digitiz- 
ation of the transformed signal is the enhanced image. 
In particular, our approach allows the user to first 
select certain statistical measures (such as mean and 
variance) of desired gray values in the enhanced image. 
The algorithms process the digitized image to generate 
parameters to transform the input analog signal by 
affine functions. The transformed analog signal is digi- 
tized to generate the desired enhanced image (Fig. 1). 

One of the novelties of the proposed method lies in 
its analytical models that relate the digitized image to 
the analog input signal. While most methods enhance 
the digitized image pixel by pixel, the proposed 
method uses parameters from the digitized image to 
reacquire a new enhanced image. Since image acquisi- 
tion is usually concurrent and faster than image com- 
putation, the enhancement process can be realized at 
near acquisition speeds. Moreover, the models are 
directly implementable using off-the-shelf hardware 
such as Analog-to-Digital Converters (ADCs)/~-3) 
Contributions in this study are: 

(1) Given certain statistical measures (mean and 
variance) of desired gray values, we describe models 
and algorithms to generate an enhanced image. 

(2) Theoretical studies considered in this paper for 
computational efficiency are implemented to reach 
real-time speeds without custom hardware. 

* Author for correspondence. 

(3) We provide analytical expressions for upper and 
lower bounds of the desired gray-value measures that 
can be obtained without scaling of the image (see 
Section 3.4). 

(4) If the gray-value measure selections exceed 
these limits, we offer efficient methods of image scal- 
ing and also offer parameter feedbacks to the optical 
system to achieve the desired enhancement (see 
Section 3.4). 

(5) We consider the effects ofconstant and Gaussian 
quantization and measurement errors on the estimates 
of model parameters and on the enhanced image (see 
Section 4). 

(6) The models and analyses are applied to a char- 
acter recognition application involving a set of indus- 
trial parts (see Section 3.5). 

1.1. Description of Fig. 1 

1.1.1. Input V and Image S. Let V ~ "  be an input 
analog image signal and S~9t" be the corresponding 
gray-scale image, where n is the number of digitized 
pixels. Note that input V can originate from many 
sources, such as sensors (cameras, lasers) or stored 
analog image signals. Let [-/)min,/)max] be the full dy- 
namic range of input V and let [s,~i,, s,~,x] be the 
dynamic range of the intensity in S. Define 
~)={I)E~:Umin~l)~Vmax} and q~={s6~ : smi ,<  
S ~ Smax}. 

1.1.2. Regions {R 1 . . . . .  Rm}. Within S, we identify 
m (1 < m < n) disjoint nonempty regions {R 1 . . . . .  Rm} to 
be enhanced. The number of sizes of regions are deter- 
mined by the application (see Appendix). Each region R i 
of S consists of a subset S i c S of contiguous pixels. The 
analog input corresponding to Si is denoted by V/. 
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Fig. 1. Interaction of the proposed algorithm to generate enhanced image U~ from analog signal V~. 
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1.1.3. First and second order measures of  S i. Each S i 
consists of gray values sij, j = 1,..., n~, where n~ is the 
number of pixels within S v We define s i as a first-order 
measure of S~, such as the average, weighted average or 
random sample. Similarly, we define a(s~) is a second- 
order measure of Si, such as the sample standard 
deviation or range of intensities about the mean s v 

1.1.4. Analog to digital and digital to analog conver- 
ters. (1-3) The digitization process in the ADC is a sur- 
jective map O ~ .  We consider an ideal ADC as 
a function adc('):s = cv + e, where v~® is an analog 
signal value that is digitized to a gray value s ~ O. Here, 
c is a scalar constant and e is a nonlinear quantization 
error. We shall discuss the effects of e on our algorithm 
by considering e as a constant value and also as 
a Gaussian i.i.d, random variable. In analysing our 
models we have considered many nonidealities 
in common ADCs. The DAC, defined as a function 
dac(-): • ~ ®, is similarly modeled by the above func- 
tion in the ideal and nonideal cases. Note that the DAC 
is included in almost all ADC hardware. 

1.1.5. Desired mean gray value d i and desired stan- 
dard deviation tr(di). For every region Ri, the user 
selects a desired mean gray value d i~ ~. Our algorithm 
automatically generates an enhanced image U, such 
that the mean u/of  region R~ within U equals d~ for 
i =  1 . . . . .  m. Similarly, for every R~ the user selects 
a desired standard deviation tr(dl), such that the stan- 
dard deviation a(u~) of the enhanced image U i equals 
a(di). 

1.1.6. Enhancement parameters and offset block 
fi('). For each Si, the algorithm automatically 
computes a set of digital offsets (sai, she ) and weight 
wi. The offsets include a low offset sai and a high offset 
sb~, which are transformed by the DAC to analog 
offsets (vai, vb. ~. The analog offsets are used to modify 
the input signal V~ by an affine functions fi('): ® -* ® in 
the Offset Block of the ADC. The modified input f i  (V i ) 

is digitized by the ADC to obtain the enhanced image 

1.1.7. Final enhanced image U. Enhanced image T i 
is multiplied by weight wi to yield the final image U i. 
Since most ADCs do not have a method of multiply- 
ing the analog signal, weights w~ are applied to the 
digital image T~ instead of analog input fi(Vi). Con- 
sidering a linear ADC, we have adc(wifi(Vi))= 
wiadc(f iVi) ) = wiT i. Thus, multiplying the analog sig- 
nal fi(Vi) by w i is the same as multiplying the image T~. 
Finally, wiTi is clipped to lie within [Smin, Smax] to 
produce the enhanced image Uv The union of images 
{U1 . . . . .  Us} for disjoint regions {Rx . . . . .  Rm}, respect- 
ively, gives us the final enhanced image U. 

Note that although the analysis is carried out for the 
ADC, the general method described above can be 
applied to any hardware which conforms to functions 
fi( ') and adc(.) defined in our models. 

1.2. Comparison with state of  the art 

The many image enhancement methods (4-1°) for 
gray-scale images commonly belong to: (a) spatial 
domain and (b) frequency domain methods. In both 
methods enhancement parameters are extracted from 
the digital image, which are used to modify the original 
image pixel by pixel to generate an enhanced image. 
The proposed method, on the other hand, reacquires 
a new enhanced image with parameters obtained from 
the digital image. 

We have identified the histogram modifica- 
tion (11-21) techniques as the methods closest to ours. 
Methods in this category belong to (a) global methods, 
(b) adaptive methods and (c) methods using structure. 
The global or stationary enhancement techniques in- 
volve gray-level transformations based slolely on the 
intensity of each pixel. Methods include contrast 
stretching, (4) histogram equalization, (5'9'2°'2L22) his- 
togram hyperbolization tls) and histogram specifica- 
tion.(~ 6) Adaptive enhancement methods calculate the 
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new intensity value for a pixel from its original value 
and some local image properties. Methods include 
unsharp maskingF ) statistical difference filter, tl 8) local 
histogram modification, t2°) pixel contrast measure, (17) 
adaptive histogram equalization (AHE) t23) and con- 
trast-limited AHE. (24~ The final category includes 
methods that use local image structures to change the 
enhancement calculation itself or change the contex- 
tual region over which the calculations are carried out. 
For  other methods see references (25, 26) and for 
detailed analyses of all the above methods see refer- 
ences (13, 14, 27). 

The results of the region-based global histogram 
specification methods are similar to the proposed 
model. However, these methods modify the image 
pixels by pixel. The adaptive and structure dependent 
methods are local operations that are suitable for 
enhancing subtle details at the expense of principal 
features which may be lost in the processJ 16'28'29) For  
data-intensive applications such as online character 
recognition, {3°'3~) the speed and economy of imple- 
mentation are very important. For  example, in order 
to identify the quality and content of material in blocks 
of steel, a set of characters are laser etched on them 
during the manufacturing process. These characters 
are machine-read online for proper routing and ar- 
chival. A major drawback of adaptive methods such as 
local histogram modification "is that it carries a heavy 
computational burden" and "practically prohibits the 
use of these techniques on general purpose computers 
in online or real-time applications". ~27) 

The advantages of the proposed method are: 

(1) Computational efficiency: A significant prop- 
erty of the proposed approach is its execution in near 
acquisition speeds. While speeds of most methods de- 
pend on the number of pixels in the image, the speed of 

In Section 2 we shall present ideal and nonideal 
analytical models for signal transformation with an 
ADC. In Section 3 we shall discuss the enhancement 
method with experimental results and also study the 
extent of enhancement that is possible with weights 
w~= 1. Error analysis with constant and Gaussian 
quantization errors is given in Section 4. Section 5 has 
the concluding remarks. 

2. MODELING APPLICATION: A CASE STUDY 

In this section we shall consider an implementation 
of the enhancement model with an ADC for efficient 
image enhancement. In the framework established 
above the ADC performs two functions: (1) affine 
transformation f i ( ' )  and (2) digitization adc(.). First, 
a linear adc(.) corresponding to an ideal digitization 
process is considered. Next, an affine adc(') for 
nonideal digitization seen in common ADCs is dis- 
cussed. 

2.1. Ideal model 

The ADC converts the analog signal V to a digital 
image S. Region R i of S (denoted by Si) consists of gray 
values s~j e dp obtained from analog signal value v~je ® 
by the ideal digitization process s~j = cvij + e, where c is 
a scalar constant and e is a nonlinear quantization 
error. In most ADCs a common method of transform- 
ing input vii is by setting low and high analog offsets 
(Uai , 1)bi)E-O 2. The algorithm processes S~ to automati- 
cally generate digital offsets (s,l, sb~)~ 2, which are 
transformed by the DAC to analog offsets (va~, Vbi ) ~ ®2. 
Note that the DAC is included in almost all ADC 
hardware. The Offset Block f~(.) (see Fig. l) is de- 
scribed as below: 

t Umax, 
f i ( v i j )  : ( vmax -- Vmin \ vb _-L~ )(v,j- va,) 

/)rain, 

"~- /)rain, 

Uij ~ Vbi 

1)ai < Uij < Vbi, 

Uij ~ 1) ai 

for i =  1 . . . . .  m and j = l . . . . .  n i. (1) 

this method depends on the acquisition rate, which is 
usually faster than image computation. 

(2) Generationofdesiredgray-valuemeasures: The 
proposed method allows the user to select the desired 
gray-value measures (mean and variance) of the en- 
hanced image. In applications where surface qualities 
of parts change from sample to sample, this algorithm 
can be used to generate images of the same gray-value 
distribution for all parts, which can then be processed 
by a single image processing algorithm. Note that local 
histogram modification methods ~z°) do allow for desir- 
ed gray-value generation over regions. 

(3) Economy of implementation: A key advantage 
of this method is that no custom hardware is needed 
for efficient computation. It can be implemented in any 
processor that has an ADC. 

The transformed input f~(v~j) is digitized to obtain the 
enhanced value tlj = adc(f~(vlj))s Ti. Here, t~j are gray 
values within the enhanced image T~. For  an ideal 
digitization, ignoring quantization errors: 

tij = g i ( s i j -  sai ) + Smi,, for i = 1,. . . ,m, and 

j = 1 . . . . .  hi, where t i j s T  i. (2) 

Here, n~ is the number of pixels in S~ and g~ is the gain 
given by: 

/)max -- /)rain Smax -- Stain 
g i -  - , f o r i = l , . . . , m .  (3) 

Vbi - -  Vai Sbi - -  Sai 

Note that sij and tlj represent the ideal digitized 
values of v~j and fg(vij), respectively. The actual gray 
values are a round-off (quantization) of the ideal 
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values. The effects of quantization and measurement 
errors in tij are shown in Section 4. From (2) we shall 
obtain equations for two different measures of S/ (a)  
mean si, and (b) standard deviation o(s3: 

t i = gi(si  - -  Sai ) + Smin, for i = 1, . . . ,  m, and 

a( t i )=glo(s i ) ,  for i =  1 . . . . .  m. (5) 

Here t~ and cr(t 3 are the mean and standard deviation, 
respectively, of T,.. 

The above equations (4) and (5) have the following 
constraints:  

(1) The linearity assumption of the digitization pro- 
cess in equation (2) is valid only for a range ofg~ < g . . . .  
which is determined experimentally (see Appendix). 
We, therefore, obtain the range: 

R(g~): 1 < g~ < gm~x- (6) 

(2) Furthermore, we have sb~ > s,~ and (s,i, sbl)e@ 2. 
Constraint (2) can be expressed as: 

Sma x - -  Smi n 
R(s,i): Smi n ~ Sai ~ Sma x (7) 

gi 

A plot of y~ versus s,~ in Fig. 2 for Smi~=0 and 
Sm,~ = 255 shows a wider selection of low offset s,~ for 
higher values of gain ei. 

The final enhanced image U i = {uij, j = 1 . . . . .  hi} is 
generated by the weighted sum of images T~ with 
weights w~ and then clipped by the activation function 
act(') to lie within [Smi~,S~j. Images {Ut . . . . .  U~} 
form regions {R 1 . . . . .  Rm}, respectively, of final en- 
hanced image U. Thus, 

160 

120 

J 

~0 
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Fig. 2. Range of low offset sai for different gains gl. 

Perhaps it can be demonstrated that equation (9) 
can be derived by assuming nonidealities for other 
parameters or by assuming different nonidealities for 
the same parameters. However, our experiments (in 
Section 3.5) show that equation (9), independent of its 
derivation, appropriately represents the nonideal sys- 
tem under discussion. 

3. E N H A N C E M E N T  M E T H O D  

The enhancement method consists of two steps : (1) 
an offine estimation of model constants (k~, k2, ka, k4) 
by the method in Section 3.1 and (2) an online estima- 

Smax, wit i j  ~ Sma x, 

Uij = wi t i j  , Stain < wit i j  < Sma x, 

L Srnin' Witij  ~-~ Smin 

i = l  . . . . .  m , j = l  . . . . .  n i and U =  ~) U i. (8) 
i = 1  

2.2. N o n i d e a l  model  

In this section we shall modify the ideal model (2) to 
fit the nonidealities found many common ADCs. The 
nonidealities are considered both for the digitization 
process and the analog signal transformation in the 
Offset Block. Considering common nonidealities ~a°'32) 
and ignoring second-order error terms, we obtain the 
following expression for enhanced image T i instead of 
equation (2): 

tij  = giSij + klOiSai + k2sal + k3s i j  + k4, 

for i =  1 . . . . .  m, a n d j  = 1 . . . . .  ni, where t o ~ T  i. (9) 

Equations for mean and standard deviation are easily 
obtained from equation (9). 

In equation (9) (k l ,  k 2 , k s ,  k4) are unknown real- 
valued model constants. The ideal values are: k 1 = - 1, 
k 2 = k a = 0. Constant k 4 represents any bias in the 
system due to an affine ADC. Ideally for an unbiased 
system, k 4 = Smi ., which is usually 0. 

tion of the ADC offsets (S,i, Sbl ) and weights wl, for 
i =  1,. . . ,m. The enhanced image is obtained by the 
algorithms in Sections 3.2 and 3.3. 

3.1. O ff l ine es t imat ion  o f  model  cons tan ts  ( k l , k 2, k 3, k 4) 

Before estimating (kl, k2, k3, k4) we compute the up- 
per limit #m,x of gain gi by the algorithm in the Appen- 
dix. We also identify m regions {R 1 . . . . .  R~} for 
enhancement (see Appendix). From g . . . .  we obtain the 
following inequality from equations (3) and (6): 

Sma x - -  Smi n 
Sai @ - -  ~ Sbi a n d  (s,i, Sbi)~l~ 2. ( 1 0 )  

grnax 

Estimate (k 1, k2, k a, k4) as follows: 

(1) For  each region R i, i = 1 . . . . .  m, choose p offsets 
(s,k, Sbk ), k = 1 . . . .  , p, within the constraint of equation 
(10) and compute gain gk by equation (3). Here p ( > 4) is 
an arbitrary number of offsets (say 10), such that the 
least-squares equation (11) below is overdetermined. 
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(2) Fo r  each (Sak , Sbk) ,  acquire an image and estimate 
ttk by averaging gray values R~. Note  that  ttk can be 
obtained by other methods such as a weighted average, 
median or random sample of gray values within R~. 
Eliminate those ttk that  are close to Smi n and Sma x, thus 
satisfying equat ion (7). 

(3) Equat ion (3) can be rewritten in the following 
matrix form for each region Rt: 

k2 
[1 S,k gkSak gk] kl  =[tik],  

Si 

i =  l . . . . .  m , k =  l . . . . .  p. (11) 

The above equation is solved by the least-squares 
method. 

(4) Final  estimates of (k,, k2) a r e  obtained by aver- 
aging m estimates obtained from m regions. 

(5) F rom m estimates of s t and ( k 3 s i + k  J ,  
i =  1 , . . . ,  m, obta ined from equation (11), compute  k 3 
and k 4 by the least-squares method. 

3.2. Online generation of  enhanced image with 
desired mean gray value d i 

Here we generate an enhanced image U from the 
user-specified mean gray value di for each region Ri, 
i = 1 . . . . .  m. The analysis for user-specified desired 
s tandard deviation cr(d~) is considered in Section 3.3. 
Specifically, we estimate offsets (s,i, Sbt ) and weights w t 
from: (1) known model  constants  (kl, k2, k3, k4) and (2) 
desired mean gray value d~ for each region R~, 
i =  1 . . . . .  m. The enhanced image T/ is obta ined by 
modifying input V~ by est imated offsets (s,t, sbi ). The 
final image U~ is obta ined as wtT~. F r o m  equation (9), 
we have: 

d i = wt (g t s  i -t- k l g i s a i  -1- k z sa i  -}- k 3 s  t + k4) ,  

i =  1 . . . . .  m, whered ieO.  (12) 

The solution to equat ion (12) is obta ined under con- 
straints (6) and (7). Clearly there is no unique solution 
for equat ion (12). We shall, therefore, obtain a solution 
that  best suits the computa t ional  considerat ions and 
our model  assumptions.  Compute  (gt, Sai) by the fol- 
lowing iterative algorithm: 

(1) Choose the start ing value of w t = 1. 
(2) Choose the start ing value of gt = 1. 
(3) Compute  s,t and check if s,t satisfies the follow- 

ing condit ion [obtained from equations (12) and (7)]: 

d i - -  w i ( g  t -[- k3 ) s  i - w ik4~ .R(Sa t ) .  (13) 
s~i wi(kxg t q- k2 ) 

(4) If s,i satisfies equation (13), report  gi, s,t and w t 
and terminate the algorithm. 

(5) Ifs , t  does not  satisfy equat ion (13), increment gi 
(by say 0.1) and go back to step 3. 

(6) Continue the i teration until gt = gm,," If gmax 
does not  satisfy equat ion (13) check the following: 

(6.1) If s.i computed from equation (13) with 
gi = gmax exceeds the upper limit in R(s.i ), then decre- 
ment w~ by 2 -p, where p is an integer (see Section 3,4). 

(6.2) If sot computed from equation (13) with 
gi = gmax is below the lower limit in R(sat), then in- 
crement w~ by 2 P. 

(7) Go  back to step 2. 

Note  that  the algori thm chooses the smallest value 
of g~sR(g~), because the linearity assumption of the 
ADC is strongest for g~ closest to 1. Furthermore,  the 
algori thm chooses w i closest to 1 since wl = 1 is the 
most efficient solution. Parameter  Sbt is obtained as: 

Smax Smin 
Sbi ~ Sai ~- - -  

gi 

3.3. Online generation o f  enhanced image with 
desired standard deviation tr(dt) 

Here we shall modify the above algori thm to obtain 
both desired mean dl and s tandard deviation a(di). 
From equation (12) we obtain: 

6(d t )  = w i ( g  i d- k3)6(si). (14) 

The modified algori thm is: 

(1) Choose the starting value of w~ = 1. 
(2) Compute  gi from gi = (a(di)/wia(st)) - k3. Check 

if g i ~  R(g i ) .  

(2.1) Ifglq~ R(gt) and g~ < 1, then reduce w t by steps of 
2 p untill gi~R(gi). 

(2.2) If gi¢R(gi) and gi > g . . . .  then increase w i by 
steps of 2 -p untill gt6R(gi). 

(3) Compute  s,t from equation (13) and check if 
s,t~R(s,~) in equation (7). 

(3.1) Ifs, i  ~ R(s,i), report  (gt, Sol, wt) and terminate the 
algorithm. 

(3.2) If  s~iq~ R(s,i ) and s,i > max~o R(s,i ), then reduce 
w i by 2-P. 

(3.3) I f s ,  ieR(s~i ) and Sai < mins.  R(s~i ), then increase 
w i by 2 -p. 

(4) Go  back to step 2. 

Note  that  the algori thm may not have a solution, 
because w t adjustments in steps 2 and 3 may be com- 
plementary. It is, therefore, necessary to explore the 
condit ions under which solutions to the above algo- 
ri thm exist. 

Theorem 1. (for the ideal model). The necessary and 
suffÉcient condit ion for which solutions for gt, s,t and w t 
exist for the ideal model  for a given optical setup 
(s t, tr(si) ) and given desired values (dr, f f(di)  ) is: 

O < s i - - ( t T ( s t ) ' l d i  <~ Smax Smax. 
--  k ° (d t )  /I - -  gmax 

Proof. Recall that  the expressions for d i and a(dt) 
are obtained for the ideal model  by placing 
(k 1 = - 1,k a = k 3 = 0, k 4 = Smin) in equations (12) and 
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(14) as follows: 

d i = wigi(s i - -  Sai ) q- WiSmin, and (12a) 

if(di) = wigiff(Si). (14a) 

F rom equations (12a) and (14a) we obtain 
s.i = s i - (dia(sl) /a(di))  + (Smin/gi). Thus, the maximum 
value of s.i  is s i - ( d i t r ( s i ) /~ r (d i ) )+Smi ,  for gi = 1. 
For  s.~ to exist, this value should be greater than or 
equal to Smi., which gives us s i - (d ia ( s i ) / t r (d l ) )>_  O. 
Furthermore,  the min imum value of s.i is 
S i - -  (diff(si)/tT(di)) --t- (Srnin/gmax) for gi = gmax- This value 
should be less than or equal to sm~ x - (Sm, ~ -- Smi.)/g . . . .  
which gives us s i - -  (dla(si)/tr(di)) < Sm, x - ( S m a x / g m a x ) -  

Conversely, if the above condit ion is satisfied, we 
obtain SaiGR(Sai ) and g i e R ( g l ) ,  which gives us a valid 
solution. [] 

3.4. P e r m i s s i b l e  r a n g e  o f  des i red  m e a n  d i and  

s t a n d a r d  d e v i a t i o n  tr(dl) f o r  w i = 1 

Weights w i are used in equations (12) and (14) to 
obtain any enhancement  that cannot  be obtained with 
w~ = 1. However, multiplication by wi ~ 1 is inefficient 
and, therefore, we shall explore the enhancement  that 
is possible with w i = 1. We shall obtain a range R(di)  of 
d i in order to obtain the desired enhancement  with 
wi = 1. Assuming that only desired mean is selected 
and tr(di) is not  selected by the user, we have from 
equation (12): 

R(dl): min {(gi + k3)s ik -  ( k l g  i q- k2)sai + k4} _< 
gi~R(gi) 

s.~eR(s.O 

d i <_ max {(gl + k3)si + ( k l g i  + k2)sal + k4}. (15) 
gi~R(gi) 

Sai~R(sal) 

A plot o f  R(di)  for the ideal case (k~ = - 1, k 2 = k 3 = 0, 
k 4 = Smi~) is shown in Fig. 3 for Sm~ ~ = 0, s~a~ = 255 and 
gm~x = 2.5. Here we observe that for 100 < s i < 150, we 
can obtain all values of d i for w i =  1, whereas for 
s~ = 200 we can only obtain d~ > 125. Note that the left 
and right slopes of R(d~) in Fig. 3 are gm~- Thus, the 
choices of d~ are limited by the maximum possible gain 
gmax of the ADC. 

For  the range R(a(d i )  ) of tr(di) with w i = 1, we have: 

R(o'(di)): a(si)(1 d- k3) _< tr(di) < O'(Si)(gma x q- k3). (16) 

It is clear from the above expression that the choices of 
a(d~) are also limited by gm~x" 

If both di and a(d~) are specified by the user, then in 
order to determine R(di)  we replace gi in equation (15) 
with (tr(di)/tr(si)) - k 3. Range R(a(d l )  ) in equation (16) 
is still valid. F rom the above expressions we observe 
that if our  choices of di and a(d~) cannot  be attained 
with an ADC, then we can modify the optical setup to 
change s~ and tr(s~) such that d~ and ~r(d~) satisfy equa- 
tions (15 ) and (16), respectively. 

Among the computat ions described above, it is the 
multiplication by w~ that makes it difficult to imple- 
ment the method in digital hardware. In most image 
processors it is simpler to add or subtract images than 
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standard deviation tr(d~) for weight w i = 1 and gmax = 2.5. 

to multiply an image. One possible way to solve this 
problem is to use powers-of-two weights, i.e. all 
weights can only take values on {0, 1, ___ 2-1 . . . . .  2-P} 
such that the multipliers are replaced by shift registers. 
Here, p is an integer chosen according to the accuracy 
desired. A second method is to use a Look Up Table to 
map the digitized signal to a weighted gray value. 

3.5. E x p e r i m e n t a l  resu l t s  

In our experiments we have chosen an application of 
optical character recognition. The characters are laser 
etched on industrial samples of steel. Due to variations 
in the surface quality of the parts, we obtain a wide 
range of contrast (see Fig. 4). In order to segment the 
parts and characters we used the enhancement  method 
to obtain a set of images with the s a m e  mean and 
standard deviation of gray values. The enhanced im- 
ages are then segmented by the s a m e  i m a g e  p r o c e s s i n g  
a lgor i thm.  This would not  be possible with the original 
images. 

The multiple parts and the background form regions 
{R 1 . . . .  , Rm} to be enhanced. First we estimated gmax 
from three different parts on a background. Figure 
5 shows a plot of errors between the measured and 
computed gray values for different gls for these parts. 
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Fig. 4. (A), (C) and (E). Camera images of steel parts with varying contrast and laser-etched characters on 
them. (B), (D) and (F) Enhanced images with highlighted rectangular region in each part. The same 
segmentation algorithm is used in all parts to segment the characters. All characters in the enhanced regions 

are clearly segmented. (G) and (H). Gray-scale enhanced images for Figs. 4(A) and (E), respectively. 
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Gain (gi) 

Fig. 5. Error in gray values for different gains, 

Choosing a maximum error of two gray values, we 
estimated gmax = 2.2. The range of offsets (sai, Sb~) com- 
puted from equat ion (10) is: ( sa i+l l6 )<sb i  and 

(s~i, sbi) ~ 0 2. 
First the model  constants (kl, kz, k3,k4) are es- 

t imated by the offline algorithm in Section 3.1. F rom 
this experiment, we observe the following (see Tables 
1 and 2): 

(1) Estimates of (k 1, k z, k3) are close to their ideal 
values of kl = --1, k = k 3 = 0 .  

(2) Estimates of bias constant k 4 are different from 
their ideal value of Sm~, = 0. This deviation shows that 
the nonideal model  (9) is a more accurate representa- 
tion of the A D C  than the ideal model  (2). Thus, 

nonideal model  gives us accurate enhanced images 
that cannot  be obtained with the ideal model. 

We applied the enhancement method on six differ- 
ent steel parts. Figures 4(A), (C) and (E) show the six 
parts with very different surface textures and also 
different contrast of the etched characters. Rectangular 
regions around some of these characters are identified 
for enhancement. For  example, in Fig. 4(B) the rectan- 
gular regions enclose the characters "111" and "208" in 
the top and bot tom parts, respectively. In Fig. 4(D) the 
rectangular regions enclose the characters "523" and 
"9011", which are enhanced. In Fig. 4(F) the rectangu- 
lar regions enclose the characters "10" and "11", which 
are enhanced. The remaining characters in all images 
are not  enhanced. 

By using the enhancement method on each region 
separately, we obtained an enhanced image of the 
characters in Figs. 4(B), (D) and (F), respectively. All 
images are enhanced to the same desired mean d i = 150 
and desired standard deviation a(dl) = 30. A segmenta- 
tion algorithm is then applied to the gray-scale en- 
hanced images. We used the same segmentation 
algorithm for all images. The segmentation algorithm 
consists of  gray-scale closing, thresholding, reduction, 
filtering and a binary closing in this sequence. The 
results show that the characters in the enhanced re- 
gions are always clearly segmented. 

In another experiment, we computed the error be- 
tween desired mean gray value d i and enhanced mean 
gray value u i for d i between 50 and 200. We also 
computed the error between desired standard devi- 
ation a(dl) and enhanced standard deviation a(ui) for 

Table 1. Estimates of model constants (kl, k2, k3, k4), gain gl, offset (/~101 +/~2)~al and enhanced mean gray values (al, ti2) due 
to a constant additive noise e in image S 

0 -1.0284 -0.0106 0.0550 -6.0056 114.15 36.42 1.2462 -2.3458 140.54 38.75 
1 -1.0044 -0.0374 0.0550 --5.1488 113.95 36.64 1.2448 -3.4468 140,59 38.57 
2 --1.0210 -0.0210 0.0542 --3.9058 114.03 36.55 1.2496 -4.5358 140,33 38.65 
3 --1.0110 -0.0378 0.0582 -3.0118 113.92 36.59 1.2512 --5.5780 140,62 38.61 
4 -1.0300 -0.0180 0.0496 -1.6976 114.18 36.74 1.2566 --7.0020 140.70 38.77 
5 -1.0354 -0.0056 0.0564 -1.1598 113.84 36.84 1.2586 -8.1618 140.84 38.45 
10 -1.0196 -0.0244 0.0518 4.2660 114.31 36.69 1.2474 -12.5842 140.72 38.47 
Mean -1.0214 -0.0211 0.0543 114.05 36.64 1.2506 140.62 38.61 
SD 0.0110 0.0130 0.0029 0.1678 0.136 0.0052 0.1610 0.125 

Table 2. Estimates of model constants (k 1, k2, k3, k,), offset (k101 + ]~2)Sal, and enhanced mean gray values (ul, fiz) due to i.i.d. 
N(0, p) additive noise in image S 

0.00 0.4617 -4.1990 0 . 0 1 7 9  -1.0272 102.94 36.39 --9.7959 140.90 38.56 
0.25 0.4593 -4.3741 0.0157 -1.0531 103.40 36.45 -9.6275 140.89 38.63 
0.50 0.3666 --4.0243 0.0177 -1.0151 103.32 36.22 -9.4418 140.96 38.68 
0.75 0.4338 -4.2577 0.0087 - 1.0406 103.49 36.33 -9.2059 140.49 38.57 
1.00 0.4824 -4.2032 0.0122 -1.0260 103.76 36.43 -9.4128 140.91 38.42 
1.25 0.4661 --4.1419 0 . 0 0 7 5  -1.0463 102.88 36.11 -9.4729 140.92 38.51 
1.50 0.3524 -4.2032 0 . 0 0 7 3  -1.0366 103.45 36.40 -9.5164 140.76 38.44 
Mean 0.4318 -4.2005 0.0124 -1.0350 103.32 36.33 -9.4962 140.83 38.54 
SD 0.0516 0.1064 0.0047 0.0131 0.3115 0.123 0.1836 0.1636 0.094 
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a(di) between 7 and 40. Figure 6 shows that we have 
small errors (within +3)  in u i and a(ui) with our 
models. 

3.6. Use of a single gain, offset and weight for 
simultaneous enhancement of two regions 

An obvious simplification of the proposed idea is the 
use of a single gain and offset for the entire image. This 
is the most common application of ADC's gain and 
offset, where the user sets them manually to obtain an 
enhanced image. Furthermore,  a single weight w is 
used for the entire image. Although the method is fast 
and accurate, Theorem 2 below explores the limit of 
the number  of regions that can be simultaneously 
enhanced by this method. Equat ion (12) is simplified to 
the following: 

d i = w ( g s  i + k l g S  a + k 2 s  a -~ k 3 s  i q- k~.)  

for i =  1 . . . . .  m. (17a) 

Theorem 2. The necessary and sufficient condit ion 
for which solutions for V, s, and w exist in equation 
(17a) is: 

d i - -  d j  d k - -  d ,  
for all i,j, k, r =  1 . . . .  ,m 

S i - -  S j  S k - -  S r ' 

such that i C j  and k # r. (17b) 

Proof. For  any pair of equations indexed by i and j, the 
solutions to equation (17a) are: 

d i - d r 
~i j  = w ( g  + k3) -- 

s i - -  S j '  

f l i j = w ( ( k l y + k 2 ) s a + k 4 ) = d i  s~(di--dJ~ (17c) 

If equation (17a) has a solution then ~ij = ~tr and 
flij = flkr. Considering only ~ij and ~kr we obtain equa- 
tion (17b). Next we shall show that if equation (17b) is 
true, then equation (17a) has a solution. In other 
words, we have to show that fl~j = ilk, and c% = ~kr if 
equation (17a) is true. Clearly, from equations (17a) 
and (17c) c%=O~k~. From equation (17c) fiij--flkr= 
( d  i - -  dk )  - -  c ( s  i - -  Sk) , where :  

d i - d  r _ d k - d  r d i - d  k 
C - -  

S i - -  S j  S k - -  S r S i - -  SI: 

From this equation we conclude : flij - ilk, = 0. There- 
fore, f l i j  = J~kr" [ ]  

Theorem 2 shows that we can choose only two 
independent values ofd~ for an image, the rest of which 
are fixed by equation (17b). This result is intuitive, 
since we have only two parameters (s~,sb) to modify 
input V. We can, therefore, independently choose only 
two regions for simultaneous enhancement,  i.e. m = 2. 

Further  limitations of this simplified method are: (1) 
the range of the desired mean gray value obtained with 
this method is quite small, even after choosing any 
weight w, whereas the proposed method can be used to 
obtain any desired mean gray value in the enhanced 
image; (2) we cannot  obtain a desired standard devi- 
ation in the enhanced image with this simple method. 
Desired mean gray values from the two regions are 
used to compute g and s,. 

4. ERROR ANALYSIS 

In this section we shall determine: (1) errors in the 
estimation of model constants (kl, k2, k3, k4) due to 
nonlinear quantization and measurement errors in 
digitized gray values and (2) errors in the enhanced 
gray scale image U due to errors in model constants 

(kl ,  k2, k3, k4). 

4.1. Effects of quantization and measurement errors 
on model constants 

Let us assume an additive quantization and 
measurement error eik in the estimate tik of ti~ in 
equation (11): 

fik = tik -I- elk, for i = 1 . . . .  , m and k -- 1 . . . .  , p. 

Let (/~t,/~2,/~3,/~4) and ~i be the estimates of 
(kl, k2, k3, k4) and sl, respectively. From equation (11) 
we obtain: 

k3~i + k4 = k3s, + k4 

+ a l l  E e l k + a t 2  Sakeik 
k=t  k-1 
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P p 
+a13 ~ OkSakelk +al4  ~ gkeik, 

k=l  k = l  

~:2 = k2 + a21 eik + a22 ~ S.keik 
k = l  k = l  

P P 

+ a23 ~ gkSakeik + a24 ~, gkeik, 
k = l  k = l  

P P 

/~l = kl + a31 E elk + a32 Z s,kelk 
k = l  k = l  

+ a 3 3  2 gkSakeik ~- a34 gkeik, 
k - 1  k = l  

si = si + a41 eik + a42 2 Sakeik 
k 1 k = l  

P P 

+ a43 ~ gksokeik + a44 ~ akei~, 
k - I  k = l  

i =  1 . . . . .  m. (18) 

In equation (18) [aii], i,j = 1 . . . . .  4, are terms of the 
pseudoinverse matrix in the least-squares solution of 
equation (11). Further  analyses for these equations are 
carried out under  the assumption of: (a) a constant  
quantizat ion error and (b) a Gaussian-independent  
identical distribution of quantizat ion errors e~k. 

By assuming an additive constant  quantizat ion er- 
ror e for tik, where e is the average of all errors eik, 
i = 1 . . . . .  m, k = 1, . . . ,  p, we obtain the following: 

/~1 = kl, ]~2 = k2,/~3 = k3, ]~4 = k4 + e, 

g i = s i f o r i = l  . . . . .  m. (19) 

It is clear from equation (19) that an additive constant  
quantizat ion error has most effect on the estimate of 
the bias constant  k 4 and no effect on the estimates of 
model constants k~, k 2, k a and gray value si. 

Assuming the quantizat ion errors elk are i.i.d. N(0, p) 
we obtain the fc ' lowing distributions: 

1¢1 ~ N(k, ,  p%,),  1¢2 ~ N(k2, Pa2z), 

k3si + k,, ~ N(kasi + k4, Pal 1), si ~ N(sl, Pa4.,,), 

i = 1  . . . . .  m. (20) 

These results show that the estimates are unbiased, 
have Gaussian distributions and their variances are 
proport ional  to error variance p. 

4.2. Error analysis for enhanced ima#e U 

Here we shall determine errors in the enhanced 
image U, due to errors in model constants 
(kx, k2, k3, k4). The analyses are carried out under the 
assumptions of: (a) a constant  quantizat ion error e and 
(b) a Gaussian i.i.d, distribution of quantizat ion errors 

elk. 
Let s,i be the estimate of s,i in equation (13). For  

a constant  quantizat ion error e, we obtain from equa- 
tion (13): 

( k l 0 i  "~ kE)gai • (klOi -~- kE)Sai - e. (21) 

Furthermore,  the estimated sample standard deviation 
~(si) = a(si). Thus, from equation (14) we obtain: 

i f (d i )  / ~ 3 -  ~7(di) 
Oi Wi~(Sl ) Wia(Sl ) k3 = 9i. (22) 

F rom (Sai, Oi) above and equations (8) and (9), we 
obtain: 

#(ui) = wi(Oi + k3)#(si) = a(di) and 

a i = d i , f o r i = l  . . . . .  m. (23) 

Thus, a constant  quantizat ion error e will cause no 
error in the final enhanced image U. 

Next we assume i.i.d. N(0, p) errors elk. From equa- 
tions (13) and (20) we obtain the following distribution: 

( k l 0 i  "~ F~2)Sai = (k lg i  + k 2)sai - el --  e2,  where 

e I ~ N(O, g2,pa44) and e 2 ~ N(O, palO. (24) 

Here, (e 1, e2) are mutually correlated errors with un- 
known correlation coefficient. Substituting equations 
(24) and (20) into (8) and (9) we obtain: fil = d~, for 
i = 1, . . . ,  m. The estimated sample variance d ( s y  is: 

P e ff(Si)2 = ff(Si)2 -}- ( ~ 7 ~  l ) l -'}" e2, 

where 

e l ~ z 2 _ l  and e 2 ~ N ( 0 , .  ). (25) 

Here, ni is the number  of pixels in Ri. From equations 
(13), (14), (8) and (9) we obtain: #(ui) = a(di). Thus, i.i.d. 
N(0,p) quantizat ion error will cause no error in the 
final enhanced image U. 

4.3. Experiments on error analysis 

In these experiments, we have considered a single 
part on a background and enhanced the part with 
respect to the background. Two types of noise are 
added to the image: (a) constant  additive noise e and (b) 
i.i.d. N(0, p) additive noise. Tables 1 and 2 summarize 
the results. 

Table 1 shows that (/~1,/~2,/~3) and (gl, s2) have low 
standard deviations, suggesting small changes due to 
different amounts  of contant  noise e, whereas bias 
constant  k 4 has an additive error e [see equation (19)]. 
Furthermore,  estimates of gl have low standard devi- 
ation suggesting small variation [see equation (22)] 
due to constant  noise e, whereas (klO x + k2)~al has an 
additive error - e  as shown in equation (21). The final 
enhanced image U has small errors as indicated by low 
standard deviations. 

Next, we add i.i.d. N(0, p) noise in S. We repeated the 
experiment 50 times for each noise variance p and 
averaged the results to generate the final results in 
Table 2. 

Table 2 shows that estimates of (k~, k 2, k a, k4) and 
(sl, s2) have low standard deviations for different 
amounts  of i.i.d. Gaussian noise supporting equation 
(20), i.e. the mean is unbiased. Finally, the enhanced 
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image  (ill,/~2) has low standard deviations, suggesting 
small errors due to i.i.d. Gaussian noise in S. 

5. CONCLUDING REMARKS 

In this study we have discussed a new method of 
hybrid image enhancement,  which can be easily imple- 
mented using the A D C  that is commonly  found in 
most image processors. The method is efficient and 
since its implementat ion does not require any addi- 
tional hardware, it is inexpensive. The method has 
been used to enhance images of characters that are 
laser etched on steel with varying surface properties. 
Different samples of steel are enhanced to the same 
mean and standard deviation of gray values such that 
they can be segmented by a single algorithm. A simpli- 
fied version of the algorithm is also suggested in Sec- 
tion 3.6. Details of this simplification along with its 
limitations are discussed in a separate study. (3°'32) 
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APPENDIX 

Estimation of maximum gain gmax 

In order to maintain the linearity assumptions in equations 
(2) and (9), we determine the operating ranges for offsets s~i 
and Sbi. For this, we determine the upper limit g,,ax for gain gl 
as follows: 

(1) Select m (> 2) regions ofinterest {R 1 .. . . .  R~,} within the 
image (see below). 

(2) Start from the first region R1, i,e. i = 1, where index i is 
the ith estimate of g ~  from region R~. 

(3) Choose a large starting value gstart (say 4) of gmax such 
that the estimate of g,.ax is expected to be less than gstart. Now 
estimate constants (k 1, k 2, k3, k4) , see Section 3.1. 

(4) Choose a set of p (>4) offsets (s,k, Sbk), k=  1 . . . . .  p, 
satisfying equation (7). 

(5) For each choice of offset (s,k, sbk ), k = 1 . . . . .  p, perform 
the following steps: 

(5.1) Acquire an image with offsets (sak, Sbk ). 
(5.2) From this acquired image measure gray value ta_ . . . .  

by averaging gray values within R~. Eliminate values that are 
close to Smi n and Sma x. 

(5.3) Compute gray value ta_co,~ p from equation (9). 
(5.4) Compute the pixel error (eiO as: ei~ =tik . . . .  - t ik  ¢om~" 
(5.5) Compute gain g~k from equation (3). 
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(6) Choose a limit ema x (say 2 pixels) ofeik , k = 1 . . . . .  p, and 
estimate the upper limit gam'ax of gi. 

(7) IfgRm'ax < gstart, then set gstart = ggm'ax and repeat steps 4 7 
untill grin' = gstart" 

(8) If gRm'ax = gs,art, then report gRm'ax as the estimate of gma~ 
from region R~. 

(9) Repeat steps 3-8 for all selected regions {R 1 . . . . .  R,,}. 
(10) Choose the final estimate gmax as the minimum value 

of all estimates: gmax = min {gRm'x }. 
i - l , . . . , m  

Selection of region {R 1 . . . . .  Rm} 

The m regions {R l . . . . .  Rm} are usually chosen by 
predefined criteria based upon the application. For 
example, in an image with multiple parts on a background, 
each part and the background forms regions {R 1 .... ,Rm}. 
Instead of using the entire region R i for parameter estimation, 
a small probing window within R i is chosen to reduced 
computation. 
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