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With the continuous advancement of modern educational technologies, there has been a 

growing interest in multimedia visual expression methods within the domain of music 

pedagogy. These methods aim to provide students with an intuitive and vivid learning 

environment, facilitating a more profound understanding of music's structure and emotions. 

However, despite the availability of various image enhancement techniques, many tend to 

focus only on certain image attributes, often neglecting a comprehensive perspective on 

image aesthetics and authenticity. Addressing this issue, innovative image enhancement 

techniques are introduced in this study: an adaptive Gamma correction method for 

luminance adjustment, a saturation correction method based on luminance components, and 

a multimedia image enhancement method founded on an improved CLAHE algorithm. 

These methods not only significantly elevate the visual effects of multimedia in music 

teaching but also offer substantial technical support for the modernization of music 

education. 
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1. INTRODUCTION

In the prevailing information era, the rapid advancement of 

technology and digital methodologies has seen multimedia 

technologies increasingly permeating various educational 

domains [1-8]. Notably, within the sphere of music pedagogy, 

visual expressions afforded by multimedia have been 

identified as a novel and highly compelling pedagogical tool. 

Such tools have facilitated students' understanding of music's 

essence and structure through vivid and intuitive imagery and 

audio [9, 10]. Nevertheless, the challenge faced by educators 

and technologists alike lies in the amalgamation of cutting-

edge techniques with traditional music pedagogy to craft more 

efficient and profound teaching methodologies [11-13]. 

The application of multimedia image enhancement in music 

teaching is not sought for visual spectacle; instead, it aims for 

a more accurate conveyance of musical emotions, styles, and 

structures [14-19]. Through optimization of image luminosity, 

colour, and contrast, a deeper immersion into the world of 

music can be enabled, thereby augmenting students' 

perception and understanding [20, 21]. Consequently, the 

research and exploration into these techniques hold not only a 

profound significance in elevating the efficacy of music 

pedagogy but also actively propel the innovation and 

development in music education. 

Despite the array of image enhancement methods currently 

available, many tend to concentrate solely on specific image 

attributes, often overlooking the holistic perception and 

authenticity of images [22-24]. For instance, some 

conventional enhancement techniques might excessively 

emphasize image contrast, leading to potential loss of image 

details or colour distortion [25, 26]. Moreover, in the face of 

the complex and ever-changing multimedia scenarios in music 

pedagogy, traditional methods often fall short, failing to meet 

the escalating pedagogical demands [27, 28]. 

Addressing these issues, innovative image enhancement 

techniques are introduced in this study. Firstly, an exploration 

into the adaptive Gamma correction method for luminance 

adjustment and a saturation correction method grounded on 

luminance components has been undertaken, aiming to elevate 

image luminance balance and colour authenticity. Secondly, a 

deep dive into the multimedia image enhancement technique 

rooted in an improved CLAHE algorithm was conducted, 

aiming to accentuate image details and augment its contrast. 

The deployment of these techniques not only substantially 

enhances the visual effects of multimedia in music teaching 

but also offers a more authentic and vivid learning 

environment, further advancing the modernization process of 

music education. 

2. LUMINANCE ADJUSTMENT AND SATURATION

CORRECTION IN MULTIMEDIA IMAGERY

Multimedia imagery has served as a bridge in music 

pedagogy, transforming abstract musical knowledge into 

intuitive visual information, aiding students in gaining a 

deeper, more comprehensive grasp of music. When 

elucidating music theory and notation, animations and images 

depicting various notes, key signatures, and rests – their shapes, 

durations, and positions within scores – can facilitate a more 

intuitive understanding of the fundamental elements and 

structure of music. For students learning musical instruments, 

demonstrations of correct playing techniques and skills, such 

as finger positioning and blowing techniques, through videos 

or animations can expedite their learning process. Through 

Traitement du Signal 
Vol. 40, No. 5, October, 2023, pp. 2131-2138 

Journal homepage: http://iieta.org/journals/ts 

2131

https://orcid.org/0009-0001-6627-6152
https://orcid.org/0009-0001-1097-2757
https://crossmark.crossref.org/dialog/?doi=10.18280/ts.400530&domain=pdf


 

images and videos, musicians, instruments, and performance 

scenes from various historical periods can also be showcased, 

assisting students in better comprehending the historical 

progression and cultural backdrop of music. 

In music teaching, multimedia visual representations often 

form the core component, enabling students to understand the 

essence and structure of music in a more vivid and direct 

manner. Hence, to ensure students attain the optimum learning 

experience, the optimization of these visual representations 

proves crucial. Multimedia content used in music teaching 

often originates from diverse sources, such as old video 

recordings, digitized vintage photographs, and hand-drawn 

images. The quality, luminance, and saturation of these 

materials might vary, resulting in an overall instructional 

content that appears less cohesive and professional. By 

optimizing luminance and saturation, images can be made to 

appear more vibrant and colourful, thereby capturing students' 

attention and enhancing their learning interest and enthusiasm. 

Figure 1 provides the technical flowchart for the techniques 

presented in this study. 

 

 
 

Figure 1. Flowchart of the proposed algorithm 

 

2.1 Luminance adjustment 

 

 
 

Figure 2. The adaptive Gamma function 

 

Luminance adjustments in multimedia images are 

adaptively made in this study by considering the average 

luminosity of images. This ensures consistency in the light-

dark relationship of images, making them appear more 

realistic and natural. Such adjustments are paramount for 

practical demonstrations in music pedagogy, such as 

instrument playing techniques or concert scenes. Different 

images might possess varying luminosity distributions and 

characteristics. Adapting luminance based on average 

luminosity means that luminance adjustments are tailored to 

the specific conditions of each image, rather than using fixed 

parameters or settings. Moreover, in certain multimedia 

content for music teaching, such as old videos or blurred 

images, the luminance might be uneven or excessively dim. 

Through adaptive luminance adjustments, the visibility of 

these images can be significantly enhanced, facilitating easier 

recognition and comprehension of the content by students. 

Figure 2 illustrates the adaptive Gamma function. 

Initially, the image to be processed is loaded. If the image 

is in colour, it is converted to grayscale since luminance is 

typically associated with the grayscale values of an image. A 

summation of pixel values across the entire image is 

subsequently conducted. Dividing this sum by the number of 

pixels in the image yields the average luminosity of the image. 

Depending on specific application requirements or user 

preferences, a target luminance value is determined. Each 

pixel within the image is multiplied by the luminance 

adjustment coefficient derived from the previous step, 

ensuring that every pixel within the image undergoes 

luminance adjustment in the same proportion. After subjected 

to Gamma correction, the average luminance value, S, of the 

original multimedia image will be around 1/2, that is: 

 

1 2S =  (1) 

 

Next, logarithmic calculations are carried out to get the 

adaptive ε value: 

 

log 1 2S =  (2) 
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If the original image is in colour, the adjusted grayscale 

image can be reverted to the colour space. Finally, the adjusted 

image is saved or output. 

 

2.2 Saturation correction 

 

Within the context of music education, to accentuate certain 

pivotal content or pedagogical points, an emphasis on colour 

vibrancy is often requisite. For instance, while showcasing 

different parts of musical instruments or emphasizing the 

significance of certain musical notes, a pronounced colour 

vividness can aid students in rapidly pinpointing the crux of 

the matter. Simultaneously, due to myriad reasons, such as 

shooting conditions or equipment constraints, the original 

image's colours might appear rather subdued. Saturation 

correction can alleviate this issue, instilling a more dynamic 

feel into the imagery. 

Traditional saturation correction is typically achieved 

through a linear transformation as illustrated in the following 

equation. Assuming the corrected saturation is denoted by A′, 

the original saturation by A, and the mathematical expectation 

of the probability of each grayscale level appearing in the 

current image by B, then there is: 

 

225

225

B
A B A

−
 = +   (5) 

 

In the method proposed in this study, the luminance 

component is initially extracted from the image. The saturation 

adjustment coefficient is then computed, often as a function of 

the luminance component. For example, when luminance is 

high, the saturation adjustment coefficient might be increased, 

imbuing the colours with greater vibrancy. The calculated 

saturation adjustment coefficient is applied to each pixel of the 

image, modifying its saturation accordingly. 

Assuming the original saturation is denoted by A and the 

corrected saturation component by Ay, with a transformation 

coefficient denoted by y, the proposed method sets the channel 

saturation as: 
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Assuming a pixel point is represented by (u, k), the average 

luminance and saturation within a 3×3 size range around this 

pixel point are represented by C-
Ξ and A-

Ξ(u, k), respectively, 

the luminance variance and saturation variance of this pixel 

point are denoted by ΘC(u,k) and ΘA(u,k), and the 

transformation coefficient is computed as: 
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Lastly, ensuring the adjusted saturation value remains 

within permissible bounds is vital to prevent colour distortion. 

The value of y alters with channel luminance variations, 

achieving a natural enhancement of image colours, making 

them appear more vibrant and lively, fitting the requirements 

of multimedia visual representations in music pedagogy. 

 

 

3. ENHANCEMENT OF MULTIMEDIA IMAGES 

BASED ON THE IMPROVED CLAHE ALGORITHM 

 

Multimedia visual representations in music pedagogy play 

a pivotal role in contemporary education. Through an array of 

forms such as images, videos, and animations, visualization 

technologies can present musical knowledge and skills in a 

more intuitive and vivid manner, significantly enhancing 

students' learning interest and efficacy. To ensure the optimal 

presentation of such multimedia content, image enhancement 

techniques have become paramount. 

The quality and detail of images in multimedia visual 

representations for music education are held to particularly 

high standards. When it comes to intricate musical scores, 

detailed displays of instruments, or lively demonstrations of 

musical scenarios, contrast and detail reproduction of images 

are crucial. Against this backdrop, the introduction of the 

multimedia image enhancement method based on the 

improved CLAHE algorithm holds pronounced significance 

and advantages. 

 

 
 

Figure 3. Bilinear interpolation 

 

Figure 3 illustrates the principle of bilinear interpolation in 

the traditional CLAHE algorithm. The conventional CLAHE 

algorithm enhances contrast by dividing the image into 

multiple small rectangular areas and equalizing the histogram 

within each small area. However, such a method might lead to 

excessive contrast in certain regions, resulting in an over-

enhanced effect on the image. To address this issue, a 

minimum and maximum threshold level is proposed to be set 

on the grayscale level of each small rectangular area, defining 

a dynamic range for the grayscale level. Consequently, pixels 

exceeding this range can be clipped and redistributed, ensuring 

the enhancement effect appears more natural and uniform. 

Figure 4 presents the flowchart of the image enhancement 

algorithm proposed in this study. 
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Figure 4. Flowchart of the image enhancement algorithm 

 

Initially, probability density functions of each small 

rectangular area of the image are calculated. Based on this 

probability density function, the mean and variance within the 

area are ascertained. These two statistical measures, reflecting 

the overall luminance and contrast of the image, provide 

crucial groundwork for subsequent processing. Assuming the 

expected value of the probability density function o(z) is 

represented by R(z) and defined as ω=R(z); and the variance 

of the probability density function o(z) is denoted by F(z) with 

the standard deviation represented by δ, the calculation 

formulas are: 

 

( ) ( )
1

0

M

z

R z zo z
−

=

=  (8) 

 

( ) ( ) ( )
22F z R z R z= −    (9) 

 

( ) ( ),R z F z = =  (10) 

 

Utilizing the mean and variance obtained from the previous 

step, the minimum threshold of each small rectangular area is 

computed. This threshold helps define a dynamic range for the 

grayscale level, ensuring that the enhancement is neither 

excessive nor insufficient. Supposing the minimum threshold 

is YMIN and the maximum threshold is YMAX, the formulas are: 

 

( )
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z
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 +

=
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Based on the data from the preceding two steps, the 

grayscale levels for each small rectangular area are determined. 

This grayscale level is defined within a dynamic range; pixels 

beyond this range will be clipped, ensuring a more uniform 

contrast enhancement of the image. Assuming the dynamic 

range of the grayscale level is denoted by f, with its minimum 

and maximum values represented by AMIN and AMAX 

respectively, the calculation formulas are: 

 

( )
0

j

MIN MIN

z
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Pixels exceeding the dynamic range defined in the previous 

step undergo a clipping process. These clipped pixels are 

redistributed within the dynamic range, allowing for a natural 

enhancement of contrast and ensuring the retention of finer 

image details. Presuming the preset clipping threshold is CL, 

pixel value is G(z), and the grayscale level is M, the calculation 

formulas are: 

 

( )( )( )
1
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High clarity and intricate texture details in images are 

essential for multimedia visual representations in music 

education. This is particularly true since music teaching often 

involves elements like musical scores, instrument details, and 

demonstrations of playing techniques, where even minute 

details can profoundly influence students' learning experience 

and outcomes. For instance, a minute notation mark on a 

musical score might dictate the method of performance, and 

subtle structural changes in an instrument or its method of 

being played could influence the tonality. Hence, ensuring 

these details are vividly represented in multimedia materials is 

paramount. The focus of this study revolves around optimizing 

multimedia visual representations through image processing 

techniques. Given that traditional image enhancement 

methods might fail to retain or highlight some minute details 

fully, this work introduces a multi-scale detail enhancement 

algorithm to bolster the texture and detail information of the 

image. 

Three distinct scales (small, medium, and large) are first 

chosen based on specific requirements of music education. 

The original image undergoes filtering operations using 

Gaussian filters, producing three Gaussian blurred images 

representing smoother versions of the image at different scales. 

Assuming the images for fine detail, intermediate detail, and 

coarse detail are represented by F1, F2, and F3 respectively, the 

formulas are: 
 

1 1 2 2 3 3, ,S H U S H U S H U=  =  =   (18) 

 

Differential operations involve simple subtraction of the 

corresponding Gaussian blurred image from the original, 

highlighting the discrepancies between the original and its 

smoothed version, thereby extracting details at that scale. 
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1 1 2 1 2 3 2 3, ,F U S F S S F S S= − = − = −  (19) 

 

To obtain an image that retains macro-structural 

information while showcasing micro-texture and details, the 

detail images from the three scales need to be fused. Fusion 

can be achieved through a weighted average method, where 

weights can be adjusted based on specific needs in music 

education to ensure the emphasis on details at a particular scale. 

Assuming the fusion weights for different detail images are 

represented by μ1, μ2, and μ3 and SGN as the sign function, then 

the formula is: 

 

( )( )*

1 1 1 2 2 3 31F SGN F F F F  = −   +  +   (20) 

 

Lastly, the fused detail enhancement image is merged with 

the original image to produce the final multi-scale detail-

enhanced image. 

 

 

4. EXPERIMENTAL RESULTS AND ANALYSIS 

 

Table 1 presents the results of various image enhancement 

methods under DV/BV evaluation. A notable improvement 

over the original image in the DV/BV values is observed when 

the HR method is employed. This implies that the HR method 

demonstrates certain effectiveness in image enhancement 

compared to the original image. Fluctuations in performance 

are noticed among the rows of data for the singular value 

equalization and CLAHE methods. Singular value equalization 

outperforms in some instances, while CLAHE excels in others. 

However, overall, both methods display better performance 

than both the original image and the HR method. The weighted 

HE method's effectiveness is found to be comparable to 

singular value equalization and CLAHE, albeit slightly lower 

in some cases. Regardless of comparison to the original image, 

HR, or other traditional image enhancement methods, the 

algorithm proposed in this study consistently exhibits the 

highest performance values on DV/BV evaluation. Across each 

row of data, the values for this study's algorithm significantly 

surpass those of other methods, clearly demonstrating its 

superior performance in image enhancement. 

Table 2 displays the evaluation results of various image 

enhancement methods based on the energy gradient function. 

Improvements in the energy gradient for the HR method over 

the original image are not pronounced, though in certain data 

rows, the HR method slightly surpasses the original. Both 

singular value equalization and CLAHE exhibit notable 

enhancements over the original image and the HR method. In 

certain rows of data, singular value equalization performs 

marginally better than CLAHE. However, overall, significant 

advancements in energy gradient are achieved by both. The 

performance of the weighted HE method is closely aligned 

with that of singular value equalization and CLAHE, yet, in 

some scenarios, its energy gradient is observed to be slightly 

higher. Regardless of the method compared against, the 

algorithm introduced in this study consistently attains the 

highest values in the energy gradient function evaluation, 

distinctly outstripping all other methods. This re-emphasizes 

its superior capabilities in image enhancement. 

Table 3 presents the evaluation results of various image 

enhancement methods based on information entropy. 

Information entropy serves as a metric to measure the 

information content of an image, with higher values indicating 

a richer amount of information, typically leading to improved 

visual effects. Compared to the original image, the CLAHE 

method achieved a slight increase in information entropy in 

most scenarios, suggesting its efficacy in enhancing the 

image's informational content. In contrast, the HR method's 

information entropy is observed to be slightly below the 

original in many cases. The singular value equalization 

method achieved relatively higher information entropy values 

across the majority of data rows, indicating its commendable 

performance in image enhancement. The performance of the 

weighted HE method aligns closely with that of singular value 

equalization, and even outperforms it in certain scenarios, 

showcasing its effectiveness in augmenting the image's 

informational content. The algorithm proposed in this study 

exhibits values for information entropy close to the original 

image, albeit slightly lower in some cases. This could be 

attributed to the fact that the method, while enhancing certain 

image attributes (such as contrast, luminance, or texture 

details), might compromise on some information content. 

Nevertheless, its performance in terms of information entropy 

is found to be superior when compared to the HR method. 

Table 4 displays the evaluation results of various image 

enhancement methods based on local contrast. Local contrast 

serves as a measure to gauge the detail and texture in an image, 

with higher values signifying more pronounced details and 

textures, thus rendering them more distinguishable to 

observers. The HR method demonstrated medium levels of 

local contrast across most data rows. The singular value 

equalization method exhibited either low or medium 

performance in terms of local contrast across a majority of the 

data rows. In most scenarios, the CLAHE method showcased 

relatively high local contrast values, implying its effectiveness 

in accentuating the textures and details of images. The 

evaluation results of the weighted HE method for local 

contrast closely align with those of the CLAHE method, albeit 

slightly lower in certain data rows. The algorithm proposed in 

this study consistently exhibited the highest values of local 

contrast across almost all data rows, distinctly outperforming 

other methods. 

 

Table 1. DV/BV evaluation results 

 
Sample No. Original Image HR Singular Value Equalization CLAHE Weighted HE The Proposed Algorithm 

1 44.91 63.24 256.32 321.05 369.24 884.12 

2 65.23 88.24 789.24 1789.23 663.54 2152.03 

3 38.24 61.37 331.02 231.02 169.38 278.14 

4 55.32 78.36 625.31 568.21 518.23 1698.23 

5 22.89 31.42 84.62 121.45 221.03 187.23 

6 24.35 26.39 92.31 171.36 201.58 1192.36 

7 62.38 73.26 884.23 1989.32 628.03 3245.18 

8 68.39 71.02 925.36 2056.32 678.45 3456.29 
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Table 2. Evaluation results of energy gradient function 

 

Sample No. Original Image HR Singular Value Equalization CLAHE Weighted HE The Proposed Algorithm 

1 11.20 11.23 16.32 17.89 21.03 54.78 

2 25.14 23.48 33.58 36.25 28.63 72.13 

3 6.89 8.23 15.37 12.45 11.45 45.36 

4 21.42 21.42 34.69 32.15 31.59 83.12 

5 9.58 11.35 21.45 17.85 18.96 72.14 

6 12.14 11.63 22.39 21.03 22.36 66.33 

7 14.23 15.39 27.56 27.45 45.86 88.23 

8 21.58 21.85 32.69 32.56 33.26 78.96 

 

Table 3. Evaluation results of information entropy 

 
Sample No. Original Image HR Singular Value Equalization CLAHE Weighted HE The Proposed Algorithm 

1 21.34 22.04 18.97 21.45 22.13 21.17 

2 23.04 23.18 21.46 23.74 22.45 22.36 

3 18.96 21.36 18.36 22.39 22.69 21.45 

4 22.33 22.48 22.39 23.72 23.57 22.68 

5 22.41 22.36 22.14 23.16 23.56 22.45 

6 21.06 22.46 21.08 22.38 23.15 21.48 

7 22.39 21.06 22.46 21.14 23.48 22.47 

8 23.85 21.39 22.38 21.75 22.47 21.03 

 

Table 4. Evaluation results of local contrast 

 
Sample No. HR Singular Value Equalization CLAHE Weighted HE The Proposed Algorithm 

1 1.48 1.29 1.78 0.68 2.14 

2 2.68 2.38 3.46 3.21 3.69 

3 1.78 1.71 2.21 2.13 2.89 

4 2.29 1.89 2.89 2.59 3.24 

5 1.14 0.85 1.56 1.31 1.89 

6 1.21 1.42 1.58 1.78 3.14 

7 0.92 1.59 1.89 1.89 2.28 

8 2.17 2.14 2.78 2.14 3.29 

 

 
(a) Before processing 

 
(b) After processing 

 

Figure 5. Histogram of equalization effect 

 

In Figure 5, the first histogram (depicted in blue) represents 

the histogram of the original image, with its distribution 

noticeably presenting a central peak value, approximately 

around 150, gradually declining on either side. Such a 

distribution indicates that the image contains the highest 

number of pixels at the central grey level, with the quantity of 

pixels at lower and higher grey levels diminishing 

progressively. The second histogram (illustrated in red) 

displays the histogram post-enhancement by a certain image 

enhancement algorithm, exhibiting a comparatively uniform 

distribution devoid of a distinct central peak. This implies that 

the image's pixels are fairly evenly distributed across all grey 

levels. Consequently, the following conclusion can be drawn: 

The histogram equalization was effectively achieved by the 

algorithm introduced in this study, successfully amplifying the 

image's contrast. These results further affirm the efficiency 

and efficacy of the algorithm proposed in this research within 

the domain of image enhancement. 

In Figure 6, the image prior to processing (on the left) 

demonstrates a reduced local contrast. Particularly, the 

distinction between light and shadow in the figures on stage 

and the background appears faint. This results in an image that 

appears somewhat dim and lacks vibrancy. In contrast, the 

post-processed image (on the right) reveals a notable 

enhancement in local contrast. Notably, the figures on stage, 

including their clothing, facial features, and body contours, are 

more pronounced and brighter. The details in the background, 

especially the stage lighting and equipment, have become 

more distinct. Consequently, it is deduced that the algorithm 

introduced in this study exhibits commendable outcomes in 

real-world image processing, successfully amplifying the 

image's local contrast, rendering it brighter and clearer. A 

distinct enhancement in image detail is evident when 

comparing the images before and after processing, resulting in 

a fuller and more dynamic overall visual effect. This further 
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affirms the efficacy and practicality of the algorithm proposed 

in this study. 

 

 
(a) Before processing 

 
(b) After processing 

 

Figure 6. Enhancement of local contrast by the proposed 

algorithm 

 

 

5. CONCLUSION 

 

A series of innovative image enhancement techniques have 

been introduced in this study, including the adaptive Gamma 

correction method for luminance adjustment and the saturation 

correction method based on luminance components, as well as 

multimedia image enhancement techniques rooted in an 

improved CLAHE algorithm. The primary focus of this 

research lies in elevating the local contrast of images. 

Enhancing contrast is a pivotal phase in image processing, 

capable of augmenting image details and improving visual 

effects. A novel algorithm is proposed in this work, which was 

compared against existing methods such as HR, singular value 

equalization, CLAHE, and weighted HE. Through tabulated 

data, it was observed that the algorithm introduced in this 

study outperforms other methods in terms of elevating local 

contrast. Histogram results depict commendable histogram 

equalization effects yielded by the proposed algorithm. By 

comparing images before and after processing, the merits of 

the introduced algorithm in enhancing local contrast, detailing, 

and overall visual effects were clearly discernible. 

The research presented herein offers an effective method to 

the domain of image processing, particularly in the 

enhancement of local contrast. Relative to other extant 

methods, the algorithm introduced in this study demonstrated 

superior performance during experiments. Histogram and 

image comparisons further corroborated the efficacy of this 

algorithm. In summation, this work provides a practical and 

efficient tool for image processing, harboring extensive 

potential applications. 
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