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Abstract: Analyses of images acquired in dusty environments show that the images tend to have noise, blur, 

a small dynamic range, low contrast, diminished blue components, and high red components. The goals of 

this paper are to develop a modeling of dust noise on ordinary images and formulating enhancement and 

restoration strategy to improve the quality of dusty images using a sequence of image processing steps. This 

paper proposes that the dust noise model on ordinary images consisting of the atmospheric 

turbulence-blurring model, adjusting image brightness, and simulating real dust images colors contrasts. In 

addition, an automatic color correction algorithm consisting of image restoration using the Wiener filter, 

luminance stretching using YCbCr color model, and enhancing the image contrast using a modified 

homomorphic filter. Enhancement experiments are conducted on real and simulated dusty images and it is 

shown that the strategy is quite effective in enhancing dusty images. Furthermore the results are superior 

to those obtained through, a statistical adaptive algorithm, histogram equalization, gray world, and white 

patch algorithms. In addition, the complexity of the proposed algorithm is very low thus making it attractive 

for real time-image processing. 
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1. Dust Images 

Dust storms occur in many regions of the world, especially in the Middle East. Due to poor visibility, daily 

life comes to a complete stop. Commerce and video surveillance are adversely effected. Safety is 

compromised, especially during driving. A possible solution to this frequent and serious problem is to 

acquire images during dust storms and develop methods to “see through” the dust to improve visibility.  

Automobiles equipped with such a system will be able to assist drivers to navigate safely.   

However, images acquired during a dust storm have very poor quality. Typically, the images tend to be 

have noise, blur, a small dynamic range, low contrast, diminished blue components, and high red 

components. The poor quality of the image is primarily due to light scattering, which is produced by 

reflectance and deflection of light incident on the dust particles. The color is changed by the attenuation of 

different wavelengths.  Additionally, the image has blur due to the motion of the dust particles. 

2. Color Constancy and Correction  

Color constancy is the ability of the human visual system to perceive color correctly in varying 
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illuminations [1]. The main goal of color constancy algorithms is to enhance an image such that it matches 

an image taken under canonical light sources. 

The Retinex Theory has been used to solve color constancy problems through a very simplified but 

effective model of the human visual system [2]. The word ‘retinex’ is derived from two words ‘retina’ and 

‘cortex’ advocating that both the eye and the brain are involved in the processing. The white patch algorithm 

is a simplified approach of the Retinex theory [2], [3]. It assumes that there is white patch in an image and 

looks for this patch in a given image. The white patch algorithm is evaluated as the maximum intensity of 

the R, G, and B color components. 

Another well-known algorithm for color correction is the gray world algorithm formulated by 

Buchsbaum [4]. Numerous algorithms are based on the gray world assumption, [5], [6]. The gray world 

assumes that an image, on average, is a neutral gray. Assuming that there is a good distribution of colors in 

our scene, the average reflected color is assumed to be the color of the light. Therefore, the illumination 

color-cast can be estimated by comparing the average color to gray [4]. This algorithm produces good 

results for images having good distribution of colors. However, it does not produce good results for images, 

which have a dominant color [7], [8]. Many researchers have used histogram equalization for color 

correction. Histogram equalization aims to obtain an enhanced image, which has a uniformly distributed 

histogram. The operation of histogram equalization is implemented by remapping the pixels values of the 

image using the probability distribution of the input pixels values. It flattens and expends the dynamic 

range of the histogram and produces an overall enhanced image [9]. Employing a global approach of 

histogram equalization is good for overall contrast enhancement, however, the drawbacks of this approach 

are that unrealistic visual appearances may occur when the output image is not fully equalized. Better 

results can be obtained by processing the color components in the YCbCr or the HSI color model spaces [10], 

[11]. The Weiner filter has been shown to be quite effective in removing blur from dusty images [12]. 

3. The Dust Noise Model 

The first step in removing the effects of dust weather is to understand the change that occurs in a dust 

image compared to a general image. In addition, generating a dust image is necessary to solve problem of 

limiting a data set. Therefore, this part proposes a new noise model to generate dust on general images. The 

proposed dust noise model consists of the following three steps: adding blur to RGB color components, 

changing image brightness by using gamma, and degrading image colors contrasts. 

3.1.  Blurring Noise 

Noise is basically unwanted information that degrades the image quality. In digital images, the main 

source of noise arises through image acquisition or through image transmission. Dust weather negatively 

affects the performance of image sensors. As a result, captured images have blur noise. Therefore, 

generating blur noise to an image is essential in a dust noise model. Here, the atmospheric turbulence 

blurring model proposed by Hufnagel and Stanley is used [13]. We model the blur image as the linear 

convolution of each color component R, G, and B and the point spread function associated with the 

atmospheric turbulence-blurring model. The following formula is used for generating blur noise 

H(u, v) =  e-k(u2+v2)
5
6
          (1) 

where u and v are the horizontal and vertical frequency variables respectively. k, controls the severity of the 

blur. If the value of k is large, that means the severity of the blur is very strong whereas if the value of k is 

very low, it means that the turbulence is not that strong. Here, k value is determined to be 0.0025 in order to 

simulate a severe turbulence. 

Journal of Computers

292 Volume 12, Number 4, July 2017



  

3.2.  Image Brightness 

Poor environmental conditions in the captured scene, such as dust, affect the brightness quality of the 

images. The second step of the proposed dust noise model is simulating image brightness. Brightness is an 

attribute of visual perception in which a source seems to be radiating or reflecting light. In a digital image, 

brightness describes the range from black to white, and a certain amount of brightness is crucial for human 

eyes to make a color pixel visible. In the RGB color model, brightness can be thought of as the mean μ of the 

red, green, and blue color components. 

μ =
R+G+B

3
             (2) 

Here, gamma correction is used to model dust image brightness. Gamma correction uses a non-linear 

operation to adjust darkness or lightness of an image [14]. Gamma correction is expressed as 

  V out =  V inγ            (3) 

where 𝑉 out is the output brightness of color component value, 𝑉 in is the input brightness of color 

component value and, 𝛾 represents gamma value. In general, gamma value can be from 0 to 10. If the 

gamma value is less than 1, the image becomes darker. If the gamma value is greater than 1, the image 

becomes lighter. A gamma value equal to 1 means no change occurs in image brightness. In the proposed 

dust noise model, gamma parameter is calculated directly from the color components without prior 

knowledge as follows: 

 γ =  
(MaxR + MaxB +MaxG)

3
           (4) 

MaxR is the maximum value of red color component, MaxG is the maximum value of green color 

component and, MaxB is the maximum value of blue color component. Here, gamma value is the average of 

all maximum values for better brightness degrading. After calculating gamma value, gamma correction is 

applied to degrade each color component R, G, and B separately.  

3.3.  Image Color Contrast 

The last step of the proposed dust noise model is simulation of dust image colors contrasts. Contrast is 

defined as the separation between the darkest and brightest intensities of the image. If the distribution of 

the image intensities has a small spread, then the image has a low contrast, while intensities with a wide 

spread have a high contrast. In visual perception, contrast is the difference in color that makes an object 

distinguishable. Red, green, and blue contrasts interact together and produce the overall image. Here, the 

proposed dust noise model adjusts independently the R, G, and B contrasts in order to generate a dust 

image. The proposed noise model is designed based on a statistical analysis of real dust images histograms.     

The red color component is the heaviest and the dominant color. The contrast of red color component is 

very bright. Therefore, the following equation is used toward the contrast of red color component to the 

maximum value, which is 255. 

R⋇ =  (Rc-MinR) 
MaxR

(MaxR-MinR)
                              (5) 

𝑅⋇ is output pixel value and 𝑅𝑐 is current pixel value. Max𝑅 and Min𝑅 are maximum and minimum 

pixels values in red color component respectively. 

In a dust image, the pixel values of the green color component are approximately in the middle side of the 

intensity range. In addition, the histogram of the green color component represents a low-contrast image. 

The following equation is used toward the contrast of the green color component to be in the middle side of 

the intensity range. 

      G⋇ =  (Gc-MinG) 
MeanG

(MaxG-MinG)
                                     (6) 
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𝐺⋇ is the output pixel value and 𝐺𝑐 is the current pixel value. Max𝐺, Min𝐺, and Mean𝐺 are maximum, 

minimum, and mean pixel values of the green color component, respectively.  

The blue color component is normally the lowest color value compare to red and green values. The 

contrast of blue color component is considered dark and poor. The next equation is used in order to degrade 

and shift the contrast of green color component to the left side of the intensity range. 

B⋇ =  (Bc-BinG) 
MeanB/2

(MaxB-MinB)
                                        (7) 

𝐵⋇ is the output pixel value and 𝐵𝑐 is the current pixel value. Max𝐵, Min𝐵, and Mean𝐵 are maximum, 

minimum, and mean pixel values of blue color component, respectively.  

4. An Automatic Color Correction Algorithm 

The proposed algorithm is based on the Wiener filter, luminance stretching, and modified homomorphic 

filter. The first step of the proposed algorithm is applying the Wiener filter to restore image pixels and 

remove the blur noise. The second step converts the RGB color model to the YCbCr color model. In the 

YCbCr color model, the luminance is stretched to adjust the illumination of the image. Consequently, 

adjusting image illumination maintains the whole image’s luminance at the same level automatically to 

achieve high quality. The third step is converting the YCbCr color model to the RGB color model. The last 

step applies a modified homomorphic filter to enhance an image contrast in order to get true colors. Each 

step is discussed in detail in the following sections of the paper. 

4.1.  The Wiener Filter 

The Wiener filter is a beneficial method to decrease or remove blurring noise from dust images. The 

Wiener filter minimizes the mean square error between the degraded image and the desired image [15]. 

The restored image 𝐹̂(𝑢, 𝑣) is given by: 

F̂(𝑢, 𝑣)  = [
1

𝐻(𝑢,𝑣)

|𝐻(𝑢,𝑣)|2

|𝐻(𝑢,𝑣)|2+𝐾
] 𝐺(𝑢, 𝑣)                                 (8) 

where 𝐺(𝑢, 𝑣) is the degraded input image. The value of K is chosen interactively to yield the best visual 
result. 

4.2.  Luminance Stretching 

The second step of this proposed algorithm is luminance stretching. Luminance explains the range from 

black to white, and a certain amount of luminance is crucial for the human eyes to make a color pixel visible. 

Luminance is a measurement used to describe the perceived brightness of a color. Therefore, adjusting the 

luminance in dust images is important in order to achieve good enhancement. The proposed algorithm 

enhances the entire image’s illumination at the same level to achieve high-quality images. The proposed 

algorithm uses the YCbCr color model in order to stretch the image illumination. The YCbCr color model 

was designed to separate chrominance from luminance. Y is the luminance component and Cb and Cr are 

the chrominance components. The YCbCr color model is easier and faster to be calculated among the other 

color models. Luminance is dependent on the R, G and B color components. Each pixel value in all color 

components is needed to calculate the image luminance. The equations below are used to convert the RGB 

color model to the YCbCr color model: 

𝑌 =  0.299 ∗ 𝑅 +  0.587 ∗ 𝐺 +  0.114 ∗ 𝐵        (9) 

Cb =  −0.299 ∗ 𝑅 − 0.587 ∗ 𝐺 + 0.886 ∗ 𝐵 =  𝐵 −  𝑌                          (10) 

Cr =  0.701 ∗ 𝑅 −  0.587 ∗ 𝐺 −  0.114 ∗ 𝐵 =  𝑅 −  𝑌                           (11) 

After converting the image to the YCbCr color model, the luminance component is used to improve the 
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image quality while no change occurs for the other components in order to avoid creating new colors. The 

proposed algorithm stretches the luminance toward both directions 0 and 255, which helps to increase the 

histogram and become a fully stretched. Using the luminance parameter is crucial in helping to obtain the 

true illumination of the dust image. The following formula is used for luminance stretching [16]. 

𝑃o =
(𝑃𝑖−min)×255

(max−min)
                                                             (12) 

where Po is the stretched pixel value, Pi is the current pixel value, min is the minimum pixel value of the 

original luminance, and max is the maximum pixel value of the original luminance. 

The next step of the proposed algorithm is to convert the image from the YCbCr color model to the RGB 

color model. The following equations are applied to each pixel of the image to get the true pixel value in the 

RGB color model. 

𝑅 =  𝑌 +  Cr           (13) 

𝐺 =  𝑌 −  0.194 ∗ Cb −  0.509 ∗ Cr                                 (14) 

𝐵 =  𝑌 +  𝐶𝑏           (15) 

4.3.  Modified Homomorphic Filtering 

Homomorphic filtering is a generalized method for image enhancement [15], [17]. It is filtering method 

that enables control of both the high frequency and low frequency components. Variations of homomorphic 

filtering have been used for color and illumination correction [18]. An image consists of two main 

components, illumination and reflectance. The illumination component results from lighting conditions 

present when the image is taken [15]. The reflectance component results from the way the objects in the 

image reflect light. Homomorphic filtering is the frequency domain filtering that enhances the image 

brightness and contrast. The image model for homomorphic filter can be written as follows: 

𝑓(𝑥, 𝑦) = 𝑖(𝑥, 𝑦)  ×  𝑟(𝑥, 𝑦)                                   (16) 

where 𝑖(𝑥, 𝑦) represents illumination and 𝑟(𝑥, 𝑦) represents reflectance. The homomorphic filtering 

contains five-step process and these steps are applied independently for each R, G and B color component. 

To apply the homomorphic filter, the natural logarithm transform is taken for both sides to decouple the 

𝑖(𝑥, 𝑦) and 𝑟(𝑥, 𝑦) components 

𝑧(𝑥, 𝑦) = 𝐼𝑛  𝑓(𝑥, 𝑦) = 𝐼𝑛 𝑖(𝑥, 𝑦) +  𝐼𝑛 𝑟(𝑥, 𝑦)                          (17) 

Next, transforming an image into the frequency domain uses the Fourier transform. 

𝑍(𝑢, 𝑣) = 𝐹𝑖(𝑢, 𝑣) +  𝐹𝑟(𝑢, 𝑣)                                 (18) 

where 𝐹𝑖(𝑢, 𝑣) is the Fourier transforms of In 𝑖(𝑥, 𝑦) and 𝐹𝑟(𝑢, 𝑣) is the Fourier transforms of In 𝑟(𝑥, 𝑦). 

Next is the application of a filter function 𝐻(𝑢, 𝑣) to 𝑍(𝑢, 𝑣) in the frequency domain. 

𝑆(𝑢, 𝑣) = 𝐻(𝑢, 𝑣) ×  𝑍(𝑢, 𝑣)                                   (19) 

  𝑆(𝑢, 𝑣) = 𝐻(𝑢, 𝑣) ×  𝐹𝑖(𝑢, 𝑣) +  𝐻(𝑢, 𝑣)  ×  𝐹𝑟(𝑢, 𝑣)                       (20) 

where 𝑆(𝑢, 𝑣) is the Fourier transform of the result. Here, to enhance the dust images, a modified 

Butterworth high pass (MBHP) filter is used. The MBHP is used to address the problem of enhancing the 

quality of a highly degraded image. In dust situations, all color components have contrast and color 

problems. Therefore, using a MBHP filter to enhance R, G, and B color components is essential. The MBHP 

filter can enhance the appearance of an image by simultaneous dynamic range compression and contrast 

enhancement. The MBHP filter function can be shown below. 
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𝐻(𝑢, 𝑣) = (𝛾𝐻 − 𝛾𝐿)[
1

1+[𝐷0/𝐷(𝑢,𝑣)]2𝑛] + 𝛾𝐿                           (21) 

where 𝛾𝐻 is the high frequency gain and 𝛾𝐿 is the low frequency gain. In addition, n expresses the order of 

the filter. 𝐷0 is the cutoff distance from the center and 𝐷(𝑢. 𝑣) is given by:  

D(u, v) = [(u −
M

2
)

2
+ (v −

N

2
)

2
 ]1/2                              (22) 

where M is the number of rows and N is the number of columns of the original image. Empirically, when 

applying the MBHP process onto different dust images, the best result has been found when 𝛾𝐻=0.7,𝛾𝐿 =

0.1, n= 2 , and 𝐷0 =10. Consequently, apply the inverse Fourier transform to get the enhanced image in the 

spatial domain. 

𝑆(𝑥, 𝑦) = ℱ−1 {𝑆(𝑢, 𝑣)} 

𝑆(𝑥, 𝑦) = ℱ−1{𝐻(𝑢, 𝑣) ×  𝐹𝑖(𝑢, 𝑣) +  𝐻(𝑢, 𝑣) ×  𝐹𝑟(𝑢, 𝑣)                        (23) 

In the final step the enhanced image 𝑔(𝑥, 𝑦) is obtained by using the following equation: 

𝑔(𝑥, 𝑦) =  𝑒𝑠(𝑥,𝑦)                                     (24) 

5. Experiment and Evalution 

The dust noise model was developed in this paper using Matlab 2013. Examples of generated dust images 

are shown in Fig. 1. Results show that this model has the ability to simulate a real dust image. It is clearly 

that generated images have a blur noise, poor illumination and colors. Therefore, images generated by using 

the dust noise model are close to real dust images. 

The data results were evaluated based on subjective and objective methods. The first performance 

measurement was made subjectively by using human perception. The second performance measurement 

was made by using quality assessment methods. It is based on well-defined mathematical models that can 

predict perceived image quality between a noisy image and an original image. This paper used three 

methods, namely root mean square error (RMSE), peak signal to noise ratio (PSNR), and structural 

similarity index (SSIM). 
 

 
Fig. 1. Examples of images before and after applying the dust noise model. 

 

5.1.  Human Perception 

Subjective evaluations are usually conducted in studies involving the enhancement of images [19]. In this 

study, the results were evaluated subjectively by a group of 30 participants analysing 50 dust images. The 

participants compared the results of the proposed algorithm (D) with four well-known existing 

color-correction methods: gray world algorithm (G), white patch algorithm (W), and histogram equalization 

(H) and a statistical adaptive algorithm (S). For each participant, nine of the 50 original images were 

randomly chosen to evaluate the performance. Each processed image was ranked in terms of the clarity, 

blur removal, and color balance. Examples of dust images and processed images are shown in Fig. 2. It is 

clear that most of participants strongly agree that images produced using our algorithm (D) has the best 

clarity and the least dominate color, blur, and noise. 
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(a) Original Images   (b) Enhanced by G     (c) Enhanced by W    (d) Enhanced by H   (e) Enhanced by S    (f) Enhanced by D 

Fig. 2. Examples of images before and after enhancement. 

 

5.2.  The Root Mean Square Error (RMSE) 

The use of the RMSE is common, and many researchers have used it for result evaluation. The root mean 

square error RMSE is the cumulative squared error between a noisy and an original image. The equation 

below used to find RMSE. 

𝑅𝑀𝑆𝐸 =  √
1

𝑀𝑁
∑ ∑ [𝑂(𝑖, 𝑗) − 𝐷(𝑖, 𝑗 )]2𝑁

𝑗=1
𝑀
𝑖=1                           (25) 

When the RMSE is decreased to zero, the pixel-by-pixel matching of the image becomes perfect. If the 

RMSE is small enough, it corresponds to a high quality restored and enhanced image. Also, in general, the 

RMSE value increases as the noise increases.  

The evaluation based on the average RMSE value of 50 images shows that both the automatic color 

correction algorithm (D) and the statistical adaptive algorithm (S) have smaller average values compared to 

other algorithms, as shown in Table 1. Table 1 below clearly shows that our algorithms S and D produced 

better enhanced and restored images compared to the other algorithms. 

5.3.  Peak Signal to Noise Ratio (PSNR) 

The second objective method is peak signal to noise ratio or PSNR. PSNR is a common method used to 

measure the quality of a restored image. The signal in this case is the original image, and the noise is the 

restored image that was introduced by the enhancement and restoration algorithm. A high PSNR indicates 

that the restored and enhanced image is high quality because it means that the ratio of the original image to 

the restored image is higher.  

In order to calculate PSNR, we need to calculate the mean square error (MSE) between the original and 

the restored image. The mathematical formulas for the two are:  

𝑀𝑆𝐸 =
1

𝑀𝑁
∑ ∑ [𝑂(𝑖, 𝑗) − 𝐷(𝑖, 𝑗 )]2𝑁

𝑗=1
𝑀
𝑖=1                             (26) 

𝑃𝑆𝑁𝑅 = 10 ∗ log 10 (
2552

𝑀𝑆𝐸
)                                  (27) 

Here, this method was applied to measure the enhanced and restored images and compared to the 

original images. The average value of PSNR of the 50 images shows that both the automatic color correction 

D and the statistical adaptive algorithm S have higher average values compared to the other algorithms, as 
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shown in Table 1. Automatic color correction D is the best and the histogram equalization is the worst 

algorithm. 

5.4.  The Structural Similarity Index (SSIM) 

The third objective method is the structural similarity index (SSIM). SSIM is a recently proposed method 

for measuring the similarity between two images. SSIM was proposed to improve on traditional metrics, 

such as MSE and PSNR, which have proven to be inconsistent with perception of a human eye. It is an image 

quality metric, which assesses the visual impact of three characteristics of an image: luminance, contrast 

and structure. The SSIM value lies between [0, 1]. The overall index is a multiplicative combination of the 

three terms as shown in the following formula: 

𝑆𝑆𝐼𝑀(𝑥, 𝑦) = [𝐿(𝑥, 𝑦)]𝛼. . [𝐶(𝑥, 𝑦)]𝛽 [𝑠(𝑥, 𝑦)]𝛾                          (28) 
 
where α, β and γ are parameters that can be used to modify the relative importance of the three 

components[20], [21]. The next equations show how SSIM is calculated: 

𝐿(𝑥, 𝑦) =  
2𝜇𝑥𝜇𝑦+𝐶1

𝜇𝑥
2+ 𝜇𝑦

2 +𝐶1 
                                        (29) 

 

𝐶(𝑥, 𝑦) =
2𝜎𝑥𝜎𝑦+𝐶2

𝜎𝑥
2+ 𝜎𝑦

2+𝐶2
                                          (30) 

 

𝑠(𝑥, 𝑦) =
𝜎𝑥𝑦+ 𝐶3

𝜎𝑥𝜎𝑌+ 𝐶3
                                          (31) 

 

𝑆𝑆𝐼𝑀(𝑥, 𝑦) =
(2𝜇𝑥𝜇𝑦+𝐶1)(2𝜎𝑥𝑦+ 𝐶2)

(𝜇𝑥
2+ 𝜇𝑦

2+𝐶1)(𝜎𝑥
2+ 𝜎𝑦

2+𝐶2)
                                 (32) 

where 𝜇𝑥, 𝜇𝑦, 𝜎𝑥, 𝜎𝑦, and 𝜎𝑥𝑦 are the local means, standard deviations, and cross-covariance for images x, 

y. 𝐶1 =  (0.01 ∗ 𝐿). ^2, where L is the specified dynamic range value. 

𝐶2 =  (0.03 ∗ 𝐿). ^2                                         (33) 

𝐶3 =  𝐶2/2                                             (34) 

The average SSIM values of the 50 images that were produced by using each of the above algorithms were 

calculated. The best result was obtained by using the automatic color correction (D), which was 0.988.The 

second best result was obtained by using the statistical adaptive algorithms (S), which was 0.932. Table 1 

shows the average SSIM value of the 50 images. 

 
Table 1. The Average Value of RMSE, PSNR, and SSIM of 50 Images 

50 Images 
average value of 

N S D G W H 

RMSE 71.8 20.9 9.3 57.7 23.3 38 

PSNR 25.84 31.56 41.77 25.52 30.06 24.43 

SSIM 0.837 0.932 0.988 0.834 0.869 0.816 

 

6. Conclusion  

This paper proposed the dust noise model that consists of three main steps. In the first step, the 

atmospheric turbulence-blurring model proposed by Hufnagel and Stanley was used to generate a blur 

noise. A constant value was used in order to simulate severe turbulence. In the second step, the gamma 

correction was used to model dust image brightness. The gamma parameter was calculated directly from 

the color components without prior knowledge. The third step simulated real dust image colors contrasts. 

The noise model was designed based on a statistical analysis of real dust image histograms. It was an 
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adaptive model that extracted necessary parameters directly from the original images without prior 

knowledge in order to degrade each color contrast independently. As a result, the dust noise model could 

simulate a real dust image. 

The second part of this paper developed the automatic color correction algorithm (D) for dust image 

enhancement and restoration. This algorithm was based on the Wiener filter, luminance stretching, and the 

modified homomorphic filter. The Wiener filter was used to restore image pixels and remove the blur noise. 

An image was converted from the RGB color model to the YCbCr color model. In the YCbCr color model, the 

luminance was stretched to adjust the illumination of the image at the same level automatically to achieve 

high quality. In the RGB color model, the modified homomorphic filter was applied to enhance the image 

contrast in order to get true colors.  

The results of proposed algorithm expressed the ability to solve difficult problems with blurring images, 

limited range, low contrast, non-uniform lighting, diminished blue color and dominant red color. The 

proposed algorithm took care of the image’s properties in order to enhance the image based on its 

characteristics. The proposed algorithm was evaluated using the four well-known methods: human 

perception, root mean square error, peak signal to noise ratio, and structural similarity index.  The use of 

these methods ensures that the proposed algorithms were thoroughly evaluated. The proposed algorithm 

was compared with four well-known existing algorithms namely histogram equalization (H), gray world (G), 

white patch (W), and the statistical adaptive algorithm. The results show that the proposed algorithm has 

performed well, and produced better results compared to existing algorithms. 
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