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Abstract  
 

Image enhancement is the process in which the 

appearance of an image is improved by optimizing the 

exposure level in the image such that the resultant 

image has better contrast and clarity. However, there is 

no universally accepted standard measure for exposure 
level in an image. Therefore, image enhancement 

methods available in literature do not always 

guarantee optimum exposure level in the output 

images. In this paper, we first propose a measure for 

exposure level in an image using fuzzy reasoning that is 

based on a set of fuzzy rules. Following this, we 

propose enhancement of badly illuminated dark images 

using gamma correction in which the gamma-value is 

appropriately determined via particle swarm 

optimization (PSO) so as to optimize the exposure level 

in the resultant gamma-corrected image. The proposed 
method was applied to several badly illuminated 

images demonstrating the efficiency of the method.   

 

I  Introduction 
 

Image enhancement is always a challenging as well as 

an important task in image processing. Images are not 

only used for simple viewing and entertainment but are 

also used as inputs in many image analysis and 

computer vision applications. However, images 

acquired by low-cost general purpose cameras, 

webcams, cameras on not-very-expensive cell-phones 

and PDAs, etc. are often poor in quality and hence 

generally not suitable for computer vision and machine 

analysis. The main reason for this poor image quality is 

low resolution of the imaging device. Moreover, these 
camera sensors lack in dynamic range and respond 

according to a power-law that tend to produce images 

that are darker than in actual. Also, wrong setting of 

lens aperture and/or inappropriate opening of camera 

aperture during image acquisition produces badly 

exposed images. In addition to these problems with the 

imaging device, the lacking in ambient light in low-

light environment also leads to poor and lowly 

contrasted images. The lighting in an average office or 

home environment is usually not designed for photo 

shooting resulting in dark images with low SNR. Such 
poorly exposed images generally have low contrast due 

to which many of the features present in the images are 

difficult to see. Thus, camera characteristics and 

settings along with the surrounding lighting condition 

are responsible for the quality of the images acquired. 

In view of this, it is necessary to develop method for 

improving image quality via image enhancement that 

may be applied as a pre-processing step in any 
computer vision and machine analysis application. 

Consequently, image enhancement has been an 

interesting research problem to the image processing 

community from the early days of imaging technology 

till date. Several basic image enhancement techniques 

are available in the literature [1]. Also, in the recent 

past, a significant amount of research has been 

dedicated towards developing improved variants of 

these basic algorithms, [2]–[8] to mention a few. 

Image enhancement is the process by which the 

appearance of an image is improved such that the 
resultant image is suitable for visual perception of 

human beings or for machine analysis. It is useful not 

only from aesthetic point of view but also helps in 

image segmentation, image analysis, feature 

recognition, etc. Thus, it is an important issue in 

applications such as digital photography, medical 

image analysis, remote sensing and scientific 

visualization. The process accomplishes the task of 

improving image quality by remapping the pixel values 

of the original image so that the output image has better 

contrast and clarity. Image enhancement methods are 

mainly categorized as either spatial domain methods or 
frequency domain methods among which spatial 

domain methods are more popular due to their easy 

implementation. Spatial domain methods use basic 

point processing operations that directly manipulate the 

gray-values of pixels in an image aiming mainly to 

increase the dynamic range of the image. Techniques in 

this category are generally based on transforming the 

pixel intensity at every point in the image either by 

using some standard gray-value transformation 

functions or via histogram processing. One gray-value 

transformation-based enhancement technique which is 
often used to increase the contrast of dark images is 

gamma processing. In gamma correction method, the 

value of “gamma” modifies the pixel intensity to 

enhance the image appropriately. The method is based 

on power-law transformation and hence proves to be a 

suitable technique to compensate for the low contrast 

caused due to the non-linear response of the imaging 

device. However, making choice of the gamma-value 

that is appropriate for a given imaging device is a 

problem on its own; it is often difficult to select 
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suitable gamma-value without the knowledge about the 

imaging device. Moreover, inadequate exposure due to 

lack of ambient light and/or inappropriate opening of 

camera aperture also contributes to the cause of low 

contrast. So, the value of gamma is to be chosen in 

such a way that all these factors are together taken into 

consideration and the image is corrected to an 

appropriate level. Wrong choice of gamma may lead to 

loss of texture details in the image because of over- or 

under-correction. Further, the varieties of images 

greatly challenge the performance of the traditional 
gamma correction. 

In spite of the many different sophisticated features 

incorporated in today's cameras for regulating the 

exposure during image acquisition, it is still quite 

common for images to be acquired with a non-optimal 

exposure level. This calls for adaptive enhancement so 

as to increase the exposure level to some pre-defined 

optimum value; the amount of enhancement to be 

applied shall depend on the exposure level of the 

acquired image. In case of gamma correction-based 

image enhancement, this may be accomplished by 
selecting the „gamma-value‟ in accordance to the 

exposure level in the input image. Few such adaptive 

gamma correction methods are available in [9]–[11]. 

Recently, we proposed an adaptive gamma 

correction method for enhancing the exposure level in 

dark images [12]. In this, the gamma-value is 

adaptively selected in the range 0 to 1 such that the 

value of γ is close to zero for „very dark‟ input images 

while its value is close to unity for „not so dark‟ input 

images. However, the choice of γ in our proposed 

method does not necessarily guarantee optimum 

exposure level in the resultant enhanced image. In this 
paper, we modify our earlier proposed technique by 

determining the gamma-value via some optimization 

procedure so that the exposure level in the input dark 

image is enhanced to the optimum level in the resultant 

image. However, in the absence of any standard 

expression for quantifying the „exposure level‟ in an 

image, it is not possible to apply any conventional 

optimization technique for the purpose. Therefore, the 

first objective of this work is to define a measure for 

the exposure level in an image. In [12], we defined a set 

of fuzzy rules that provide a measure for the exposure 
level via a fuzzy rule-based deductive inference 

mechanism. But, such fuzzy-based measure cannot still 

be optimized using any conventional optimization 

technique. Accordingly, we propose to use particle 

swarm optimization (PSO) method for optimizing the 

exposure level of the candidate image. PSO is a meta-

heuristic approach that has the capability to escape 

from local minima and converge to the global 

minimum while searching through only a limited 

number of search locations in the search-space. This is 

described in the section to follow. Experimental results 

demonstrating the efficiency of our proposed exposure 
level optimization technique for image enhancement in 

dark images are given in Section III. Finally, we draw 

our conclusion in Section IV. 

 

II  Proposed method for image enhancement 
 

Fuzzy approach to image exposure level 

estimation 
 

In the context of image enhancement, people have 

to deal with many ambiguous situations. Fuzzy set 

theory is a useful tool to handle such ambiguous and 

uncertain things. The linguistic variables or hedges like 

„poor contrast‟, „good exposure‟, etc., can be perceived 

qualitatively by the human reasoning but are not 

formally definable. Fuzzy logic is a powerful tool that 
empowers a machine to mimic human reasoning. 

Accordingly, fuzzy set theory has been employed in 

recent years to develop new techniques for contrast 

improvement [13]–[18]. 

In this paper, we propose to do contrast 

enhancement in dark images via optimization of the 

exposure level in the input image. Therefore, our 

proposed method relies on appropriate measurement of 

the exposure level in an image. However, since 

„exposure level‟ is a qualitative attribute of an image, 

no formal expression quantifying the exposure level in 
an image is available. This has motivated us to use 

fuzzy theory for measuring the exposure level in an 

image, as proposed in [12]. In this, we proposed to use 

some “IF…THEN…” fuzzy rules to measure the 

exposure level using a fuzzy rule-based inference 

mechanism. 

It is observed that in a badly illuminated dark image 

the components of histogram are concentrated on the 

lower side of the gray-scale. Similarly, the gray-levels 

of an over-exposed image are clustered on the higher 

side of the gray-scale. An image with low contrast has a 

histogram that is narrow while in a well contrasted 
image, the gray-levels are well spread over much of the 

range. Therefore, in under-exposed image, mean pixel 

intensity μ as well as variance of pixel intensity level σ2 

are very small. On the other hand, over exposed image 

contains high mean pixel intensity but low variance. 

Based on this knowledge, image exposure may be 

calculated using deductive fuzzy inference system 

based on a set of four fuzzy rules, as stated below. 

 Rule 1: IF mean is low AND variance is low THEN 

exposure level low (under-exposed image). 

 Rule 2: IF mean is high AND variance is low 
THEN exposure level high (over-exposed image). 

 Rule 3: IF variance is high THEN exposure level 

medium (adequately exposed image). 

 Rule 4: IF mean is medium THEN exposure level 

medium (adequately exposed image). 

Thus, our fuzzy system is a two-input and one-output 
system – two input variables are the mean pixel 
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intensity μ and their variance σ2; the resultant output 

variable is the level of exposure λ. The first two THEN 

rules include two conditions (antecedent clauses) about 

the input variables and specifies a consequent clause 

related to the output variable. Antecedent clauses are 

linked by fuzzy AND operators. Each of the last two 

THEN rules includes only one antecedent clause. Each 

clause is completely defined by the shape and position 

of a fuzzy set, which maps the corresponding variable 

to the real interval [0, 1]. Five fuzzy sets for the 

antecedents and three fuzzy sets for the consequent are 
used, as represented in Figs. 1–3 below. Fuzzy sets for 

the antecedents are labeled as „low mean‟, „medium 

mean‟, „high mean‟, „low variance‟, and „high 

variance‟. Fuzzy sets for the consequents are „low 

exposure‟, „medium exposure‟ and „high exposure‟. 

 

 

Fig. 1. Membership function plots for fuzzy sets 

corresponding to low, medium and high normalized 

mean pixel intensity μ. 

 

 

Fig. 2. Membership function plots for fuzzy sets 

corresponding to low and high normalized variance 

σ
2 
of pixel intensity. 

 

 

Fig. 3. Membership function plots for fuzzy sets 

corresponding to low, medium and high image 

exposure level λ. 

The „exposure level‟ λ is calculated on the basis of 

the mean and variance of the pixel intensities in the 

input image by combining the above stated fuzzy rules 

using Mamdani's max-min inference method followed 

by centroid-based defuzzification [19]. Thus, our fuzzy 

system maps the input variables mean pixel intensity μ 

and the variance σ2 in the image to the output variable λ 

that gives a measure of the level of exposure in the 

range −1 to +1; negative value of λ means under-

exposed image and positive valued λ implies over-

exposed image while the optimum value of the 
exposure level λ is zero. Accordingly, our image 

enhancement strategy is targeted to improve the 

exposure level such that the value of λ in the processed 

image is equal to zero. 

 

Optimizing image exposure level using PSO 
 

Gamma correction method for image enhancement 

is a power-law transformation approach generally used 
to counter the power-law effect of the imaging device. 

The basic form of the gamma transformation is given 

as 

 
inout cVV    (1) 

where Vin is the intensity (normalized) at one pixel 
location in the input image, Vout is the transformed pixel 

intensity (normalized), c and γ are positive constants. 

For simplicity, c is often taken to be unity. The 

transform with fractional values of γ expands values of 

dark pixels and compresses values of bright pixels in 

the input image. Therefore, for contrast enhancement in 

dark images, we need to choose gamma in the range 0 

to 1. At the same time, we target optimum „exposure 

level‟ in the resultant gamma-corrected image. This 

suggests that an appropriate „gamma-value‟ in the 

interval (0, 1) is to be determined and applied to the 
input dark image such that the exposure level in the 

gamma-corrected image is optimum with λ = 0. The 

search-space for finding this γ is the set of all real 

numbers in the range 0 to 1 and the objective function 

is λ, measured using our above proposed fuzzy rule-

based exposure level measurement procedure. As said 

before, since there is no closed form expression giving 

the dependence of λ on the value of γ, conventional 

optimization technique cannot be applied in the present 

problem. Also, since the number of search points in the 

search-space is infinite, exhaustive search for the best 

value of γ is practically not feasible. In view of this, we 
propose to use particle swarm optimization (PSO) 

technique to search for the appropriate „gamma-value‟. 

Evolutionary algorithms, including PSO, have been 

used earlier to perform image enhancement [20]–[29]. 

PSO is a population-based evolutionary algorithm 

developed by Kennedy and Eberhart [30]. It is a meta-

heuristic approach to optimization that has the 

capability of escaping from local minima and 

converging to the global minimum. It has the advantage 
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of being simple, fast and relatively stable from 

convergence point of view compared to other 

evolutionary algorithms. In this, the particles in a 

swarm explore the search-space thoroughly to reach the 

point of optimum value for the objective function. 

During the process, velocity of every swarm particle is 

constantly adjusted in accordance to the concerned 

particle‟s self-experience and global best information 

available from neighbouring particles. The steps of the 

algorithm for exposure level optimization in the input 

dark image by applying gamma correction via selection 
of an appropriate γ value using PSO are as follows.  

1) Set a swarm within the search-space; the search-

space is the one-dimensional number-line consisting 

of the real numbers in the range 0 to 1. The position 

of every swarm-particle in the search-space is given 

by each of the randomly chosen initial candidate γ 

values in the range 0 to 1.  

2) Let, the position of the jth swarm-particle in the tth 

iteration be denoted by γj(t), j = 1, 2, …, N, where N 

is the number of swarm particles, 0 < γj(t) < 1.  

3) Apply gamma correction to the input image with γ 
value corresponding to the position of each swarm-

particle and evaluate the exposure level λ in the 

resultant gamma-corrected image.  

4) Assign initial pbest („personal best‟) value for every 

individual swarm-particle. Let, the pbest value for 

the jth swarm-particle obtained till the tth iteration be 
denoted as pbestj(t) that refers to the best position 

among all the positions traversed by the swarm-

particle in all the t iterations. The best position is 

that position of the swarm-particle for which the λ 

in the corresponding resultant gamma-corrected 

image is closest to 0. 

5) Assign initial gbest („global best‟) value for the 

whole swarm that refers to the best position (best γ 

value giving λ closest to 0) among all the pbest 

values. Let, the gbest value obtained till the tth 

iteration be denoted as gbest(t). 

6) Run PSO to modify the position of every swarm-
particle using the following equations. 
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where ω is some pre-defined inertia weight, k1 and 

k2 are positive constants, r1 and r2 are random 
numbers between [0, 1], and vj(t) is the velocity of 

the jth particle in the tth iteration. Generally, a large 

value of the inertia weight ω is desired for global 

convergence. Note that the location of a particle is 

restricted in the range 0 to 1 if its new position is 

outside the search-range. 

7) Apply gamma correction to the input image with γ 

value corresponding to the new position of each 

swarm-particle and evaluate the exposure level λ in 

the resultant gamma-corrected image. The particle 

is retained at its new position if its recent λ value is 

closer to 0 than its previous value; else the particle 

is moved back to its earlier location. Thus, search 

for an appropriate „gamma-value‟ is conducted with 

a new set of candidate γ values. 

8) Update pbest and gbest values in the swarm.  

9) Repeat till a gbest value giving λ = 0 is obtained or 
for maximum number of PSO generations 

(iterations).  

10) The final solution is given by the gbest obtained in 

the final step of iteration. 

Therefore, starting with N randomly chosen 

candidate γ values, we look for an appropriate γ (that 

gives λ = 0) by checking with a set of N new candidate 

γ values in every step of iteration; each of the N 

candidate γ values in every step of iteration is chosen in 

accordance to (2) and (3). Thus, the search process 

conducts search only at a limited number of search 
locations in the search-space consisting of an infinite 

number of search points. Nevertheless, as said in [30], 

the search process is still capable of finding the point of 

global minimum in the search-space thereby giving 

result same as that might have been obtained through 

an exhaustive search in the search-space. Hence, PSO 

proves to be a good and justified option in searching for 

the appropriate „gamma-value‟ in our problem. 

 

Proposed modification to gamma correction 
 

A problem that may be encountered in case of 

enhancement of very dark images using gamma 

correction is the „washed out‟ appearance in the 

resultant output images. From (1) the slope of the 

gamma correction curves is obtained as 

 


 




 
1
in

1
in

in

out

V

c
Vc

dV

dV
 (4) 

Thus, for a given non-zero fractional value of γ (as it is 
in the present case of enhancing dark images) the slope 

of the gamma-correction curve varies from ∞ to γ 

(taking c = 1) as the input Vin varies from 0 to 1. That 

means, the slope is very high at input gray-values near 

to zero; the slope being infinite for Vin = 0. 

Consequently, gamma correction with fractional γ maps 

a very narrow range of input dark gray-values into a 

broader range in the output gray-scale. Although this is 

desired to some extent, it may result in mapping of very 

dark pixels (almost zero but not zero gray-values) to 

some reasonably high gray-values, particularly when 

the slope of the curve is extremely high. This produces 
an output image with the histogram shifted from the 

lower side of the gray-scale to the higher side but 

without much spread along the gray-scale. That is, the 
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brightness of the output image is increased with 

increased mean pixel intensity but with not enough 

increase in the contrast (intensity variance). This results 

in „washed out‟ appearance in the output image, as seen 

in the examples given in Fig. 4 below. 

 

Fig. 4. (a)–(c) Examples of some `washed out' 

images due to conventional gamma correction; (d)–

(e) corresponding histograms of these images. 

However, for gamma-values greater than one, as 

used in case of over-exposed images, the effect is not 

exactly the opposite. Here the slope of the gamma 

correction curves varies gradually from 0 to γ. So, in 

this case, very bright pixels do not necessarily map to 

very dark gray-values.  This may be better explained 

with numerical example. For example, a dark pixel 

with normalized value 0.05 is mapped to a value 0.47 

for γ = 0.25, while its negative (with normalized gray-

value 0.95) is mapped down to 0.81 for γ = 4 

(reciprocal of the gamma-value considered above). 

Thus, if the dark pixel considered above is first inverted 
to its corresponding bright pixel and then gamma 

corrected followed by re-inverting the transformed 

bright pixel, the gray-value of the resultant pixel will be 

equal to 0.19 only (instead of 0.47). Hence, the 

problem encountered in the above case is not that 

prominent in this case. In view of this, we propose to 

modify the conventional gamma correction method by 

first inverting the input dark image and then applying 

the gamma correction on the negative of the input 

image. Finally, the enhanced image is re-inverted to 

obtain the required output image. That is, 

  
1

inout 11 VV   (5) 

where the value of γ is as determined through our 

proposed optimization procedure, as discussed in 
Section III-B above. 

 

III  Experimental results 
 

In our experiments, we applied our proposed modified 

gamma correction method for image enhancement to 

several badly illuminated dark images, both gray and 

colour, which show very low contrast. We compare the 

performance of our proposed method with the 

traditional histogram equalization method and the 

method proposed in [23]. Histogram equalization is a 

widely used tool for contrast enhancement. This is 

because it has the tendency of spreading the histogram 

of the input image so that the pixel intensity values in 

the histogram-equalized image spans the full range of 

the gray-scale. The method proposed in [23] is one 

recently developed image enhancement method that has 

been reported for its high performance. It is based on 

evolutionary algorithm, namely bacterial foraging, that 

has drawn interest in several image processing 
applications in recent times.  

Fig. 5 and Fig. 6 show the resultant enhanced 

images along with their histograms. It is observed that 

images obtained in our proposed method have a better 

visual appearance than those obtained using histogram 

equalization and bacterial foraging-based method. 

Comparing the histograms obtained using these three 

methods we see that the histogram profile  is preserved 

better in our method thereby eliminating the problem of 

image texture distortion and unnatural intensity 

saturation artifacts observed in case of the other two 
methods. 

In order to check the quality of the output images 

after enhancement, we also evaluate the exposure level 

of the enhanced images using our proposed fuzzy rule-

based method. The results obtained are tabulated in 

Table 1. The value of gamma obtained and used for 

correction in each case is also indicated within 

parenthesis. We observe that histogram equalization 

and bacterial foraging algorithm (BFA)-based method 

may not always achieve optimum exposure level with λ 

= 0, as targeted, while it is possible to achieve the 

desired result using our proposed method. 
 

Table 1. Image exposure level for input and output 

images, measured using our proposed method 

Test 

Images 

Enhancement Methods 

Input Hist. Eq. BFA  Proposed 

Img 1 −0.663 −0.004 −0.004 
0 

(0.1033) 

Img 2 −0.656 −0.003 −0.002 
0 

(0.1470) 

Img 3 −0.665 0 0 
0 

(0.1609) 

Img 4 −0.662 0 −0.640 
0 

(0.0502) 

Img 5 −0.630 0 −0.023 
0 

(0.2535) 

Img 6 −0.470 0 −0.023 
0 

(0.4062) 
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Fig. 5. Results of image enhancement in case of gray 

images with histograms of the images given below 

each of the respective images. 

 

Fig. 6. Results of image enhancement in case of 

colour images with histograms of the images given 

below each of the respective images. 
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IV  Conclusion 
 

Image enhancement is an important and necessary pre-

processing step in many computer vision and machine 

analysis applications. The basic purpose of the image 

enhancement process is to adjust the exposure level in 

the image to an optimum level so as to improve the 

contrast and clarity in the image. However, this 

requires us to measure the exposure level in the 

resultant enhanced image so that the performance of an 

enhancement method is evaluated quantitatively. 

Accordingly, we propose a fuzzy rule-based approach 

for quantifying the exposure level in an image. In our 
experiments, we obtained negative-valued (in between 

−1 and 0) exposure level in some badly illuminated 

dark images, measured using our proposed approach. 

This is in conformity with our expectation, validating 

our proposed measuring technique.   

With a method for measuring image exposure level 

available in hand, the problem of image enhancement 

boils down to optimization of the exposure level in the 

input image. Gamma correction method for image 

enhancement is a power-law transformation approach 

which is often used to increase the exposure level in 

dark images. However, the problem with the 
conventional gamma correction is that the value of 

gamma appropriate for enhancing a given image is 

generally not known. In view of this, we propose to 

determine the necessary gamma-value and apply the 

same for image enhancement via optimization of the 

exposure level in the resultant gamma-corrected image. 

The optimization procedure that we proposed is the 

particle swarm optimization (PSO), suiting the nature 

of the problem. Experimental results show better clarity 

in images enhanced using our proposed method, 

particularly in case of very dark colour images.   
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