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Abstract 

In order to solve such problems as background noise amplification, excessive image 

edge enhancement and ring effect in the output image caused by the difficulty of the 

existing self-adaption image enhancement algorithm in identifying the smooth and fine 

areas of an image, a self-adaption image enhancement algorithm based on rule fuzzy 

inference system is proposed in this paper. Firstly, the pixel field of the image to be 

enhanced is locally and statically analyzed to obtain the low-frequency component of the 

image; secondly, five logic rules are defined and meanwhile the local statistical 

information is combined with the local standard deviation to establish the rule fuzzy 

inference system so as to calculate the contrast gain factor and accordingly complete the 

self-adaption enhancement of the image and optimize the pixel field dimension. The 

simulation result shows: compared with existing contrast enhancement technology, the 

proposed technology has better visual enhancement effect and can obviously eliminate 

ring effect. 
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1. Introduction 

During image collection, various factors including dissatisfactory illumination 

intensity, poor camera hardware performance and manual operation can cause the 

collected image to have dissatisfactory visual quality such as low contrast ratio and 

accordingly bring inconvenience to the subsequent image analysis[1-2]. In order to 

improve the visual effect of such damaged image and clearly recover the image, scholars 

of different countries have designed the contrast self-adaption enhancement technology, 

wherein the self-adaption contrast enhancement is a method used for highlighting the 

target of the damaged image through a certain technology and meanwhile restraining or 

eliminating the image information able to influence the visual quality according to the 

initial requirements of the user [3]. As a relatively popular method in present research, the 

self-adaption contrast enhancement aims at amplifying the high-frequency component of 

the image through the non-sharp masking technology so as to recover the image. 

Although the existing self-adaption contrast enhancement technology can improve visual 

quality, yet it is difficult to identify the smooth and fine areas of an image, thus 

amplifying the background noise, excessively enhancing the image edge areas, and 

causing the ring effect in the output image, as well as requesting the further improvement 

of the enhancement quality. In order to solve above problems, a self-adaption image 

enhancement algorithm based on rule fuzzy inference system is proposed in this paper. 
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Firstly, the pixel field of the enhanced image is locally and statically analyzed to obtain 

the low-frequency component of the image; then, five logic rules are defined and 

meanwhile the local statistical information is combined with the local standard deviation 

to establish the rule fuzzy inference system so as to calculate the contrast gain factor and 

accordingly complete the self-adaption enhancement of the image; finally, the 

enhancement effect of the proposed algorithm is verified through Matlab platform. 

 

2. Analysis of Traditional Self-Adaption Contrast Enhancement 

Principle 

In order to adopt the self-adaption contrast enhancement technology to process 

image  ,f x y , wavelet transform [7] is adopted to decompose the image into high-

frequency component  ,m x y and low-frequency component  ,s x y : 

     , , , ,f x yW a b b f x y x y dxdy
 

 
                                                   (1) 

Where bx and by respectively represent the translations at x-axis and y-

axis;  ,x y represents two-dimensional basic wavelet. For each pixel in the image, the 

average image intensity can be adopted to calculate the low-frequency component 

thereof  ,m x y : 
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Where f (k, l) represents the intensity value at (k, l); according to Model (2), the low-

frequency component can be deducted from the original image to form high-frequency 

component m(x, y): 
     , , ,s x y f x y m x y                                                               (3) 

Then, according to Models (2) and (3), the contrast gain can be embedded to calculate 

enhanced image g (x, y) so as to complete the self-adaption enhancement: 
       , , , ,g x y m x y G x y s x y                                                          (4) 

Where G (x, y) represents the contrast gain at (x, y); for the self-adaption image 

enhancement technology, gain function G (x, y) is self-adaptive to spatial domain. 
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                                                     (6) 

Where A represents a constant and LSD represents the local standard deviation. 

According to Models (4)~(6), the self-adaption contrast enhancement technology can 

make the high-frequency component area have relatively low gain value to weaken the 

capability thereof for ring effect elimination, but make the low-frequency component area 

have relatively high gain value to easily amplify the background noise thereof, thus 

causing the output image to have poor visual quality. In the following example, the self-

adaption enhancement technology is adopted to process Figure 1(a), and the result is as 

shown in Figure 1(b). According to the two Figures, the enhancement quality is general 

and the enhanced image has ring effect as shown in Figure 1(b). Additionally, according 

to the histogram distribution thereof, compared with the original image (according to 

Figure 1(c)), the image processed by traditional self-adaption contrast enhancement 

technology has significant disadvantage: the distribution thereof is improved more or less, 

but such distribution is still uneven and part of the dynamic scope is lost, as shown in 

Figure 1(d)). 
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(a) Low-contrast Image       (b) Self-adaptively Enhanced Image 

 
(c) Histogram Distribution of Low-contrast Image (Matlab Test) 

 
(d) Histogram Distribution of Self-adaptively Enhanced Image (Matlab Test) 

Figure 1. Classic Self-Adaption Image Enhancement Effect 

 

3. Fuzzy Self-Adaption Contrast Enhancement 

As mentioned above, a suitable contrast gain value can significantly influence self-

adaption effect. Therefore, a self-adaption image enhancement algorithm based on rule 

fuzzy inference system is proposed in this paper, as shown in Figure 2. According to 

Figure 2, this enhancement technology aims at collecting the local statistical 

characteristics of the image pixel field and then combining the local standard deviation to 

establish the fuzzy inference system so as to calculate the contrast gain value. 

Subsequently, according to enhancement gain value G(x, y) obtained thereby, Model (4) is 

adopted to output the enhanced image. The parameters needed by the rule fuzzy inference 

system are extracted from the image to be enhanced, target image f (x, y) and the field 

dimension are the input parameters of the system, and the output result is the enhanced 

image. Due to the fuzzy inference system adopted in the proposed algorithm, a suitable 

maximum gain value can be automatically endowed thereto for reducing excessive 

enhancement and ring effect. Obviously, the core part of the algorithm is the 

establishment of the rule fuzzy inference system. 
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Figure 2. Algorithm Flow 

3.1. Establishment of Fuzzy Inference System 

Three conditions should be provided for designing the fuzzy inference system: (1) 

Define the parameter, shape and quantity of the fuzzy set to represent the input and output 

field thereof; (2) Define fuzzy rules to add different combinations of the input and output 

fuzzy sets; (3) Adopt rational inference mechanism to determine the conclusion in the 

fuzzy rules defined thereby. 

 

3.1.1. Designation of Input and Output Fuzzy Sets 

The input field of the fuzzy self-adaption enhancement technology is based on variable 

LSD (Local Standard Deviation) [8], wherein the local standard deviation is usually used 

to measure the local signal of the pixel field. Therefore, the input field is divided into five 

fuzzy sets in this paper: ultralow value, low value, median value, high value and ultrahigh 

value. Meanwhile, five membership functions are adopted to represent five fuzzy sets: 

μVL (LSD), μL (LSD), μM(LSD), μh(LSD) andμVh(LSD). Input LSD values of the five 

fuzzy sets can be determined through these membership functions, and five fuzzy sets are 

adopted to replace three sets (low value, median value and high value) so as to provide 

smooth transition among the contrast gains of these fuzzy sets. Subsequently, it is 

necessary to designate the type and the parameter of the fuzzy sets. For the ultralow-value 

fuzzy set, Z membership functionμVL (LSD) is adopted in this paper, as shown in Figure 

3(a). Specifically, the model thereof is as follows: 
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                                                 (7) 

Where a and b respectively represent the extreme values of the curve slope. 

According to Model (7) and Figure 3(a), if LSC≤a is true, then the membership degree 

grade thereof is 1; when LSD is increased, the the probability for the input value to belong 

to the ultralow fuzzy set is reduced and the membership degree grade thereof starts to 

reduce. For low-value fuzzy set, median-value fuzzy set and high-value fuzzy set, 

Gaussian membership function is adopted in this paper, as shown in Figure 2(b), and the 

model thereof is as follows: 
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                                                                (8) 

Where, c and d respectively represent the mean value and the variance of Gaussian 

function. 

For the ultrahigh-value fuzzy set, S membership function is adopted in this paper, as 

shown in Figure 3(c), and the model thereof is as follows: 
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Where, e and f respectively represent the extreme values of the curve slope. 

According to Model (9), for ultrahigh-value LSD, the probability for these values to 

belong to this fuzzy set is approximate to 1. Meanwhile, in order to define the input fuzzy 

sets, it is necessary to designate their parameters. Due to the excessive time consumption 

for parameter determination and the serious dependence on image contents, fuzzy C-mean 

cluster algorithm [9] is introduced in this paper to determine the parameters of these 

membership functions. Specifically, this algorithm is adopted to divide N data points 

containing V characteristics into M fuzzy groups and meanwhile find cluster center Ci of 

each group in order to minimize the differential measurement of the clusters. In the 

proposed algorithm, the input object of the fuzzy C-mean cluster algorithm is Kx1-

dimensional eigenvector, including LSD of (2n+1)x(2n+1) field centers around each pixel 

in the image, wherein K is the total quantity of the image pixels; the input of the fuzzy C-

mean cluster algorithm is the set of cluster centers Ci, wherein C={CVL, CL, CM, Ch, 

CVh}. The corresponding five fuzzy sets are respectively UVL, UL, UM, Uh, and UVh, 

including LSD quantity of each cluster. Moreover, the center and the variance of each 

cluster are adopted to define the parameter of the corresponding fuzzy set in the input 

field, as shown in Table 1. 

Table 1. Type and Parameter of Membership Function of Input Fuzzy Set 

Fuzzy Set Membership Function Parameter 

Ultralow Value (VL) Z Membership Function a=CVL,b=CL 

Low Value (L) Gaussian Membership Function Variance of c=CL and d=UL 

Median Value (M0 Gaussian Membership Function Variance of c=CM and d=UM 

High Value (h) Gaussian Membership Function Variance of c=Ch and d=Uh 

Ultrahigh Value (Vh) S Membership Function Variance of e=Ch and f=UVh 

 

The output field of the fuzzy inference system proposed in this paper is gain function 

G, respectively divided into four fuzzy sets, namely: Gain1, Gain2, Gain3 and Gain4. 

Meanwhile, four fuzzy single-row membership functions are adopted for representation: 

μGain1(G), μGain2(G), μGain3(G) andμGain4(G), thus indicating that the fuzzy 

inference system of the proposed technology in this paper is 0-order Sugeno system. Since 

Sugeno fuzzy inference system has relatively low complexity during the designation of 

the output fuzzy set, thus such system is superior to existing Mamdani and Tsukamoto 

systems. The fuzzy single-row membership function is as shown in Figure 3(d), and the 

membership degree of the output fuzzy set is defined as follows: 
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Where Gz represents a single data point. 

For a rational maximum contrast gain Gmax, the fuzzy single-row position of the 

output field is as follows: 
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Figure 3. Type of Fuzzy Sets Used For Designing Rule Fuzzy Inference 
System of the Proposed Algorithm 

3.1.2. Definition of Rules of Fuzzy Inference System 

After defining the input and output fuzzy sets, it is necessary to design the rules of the 

inference system. Based on LSD, the following five rules are defined in this paper: 

(a) Rule 1: if LSD (x, y) is an ultralow value, then G (x, y) is Gain1; 

(b) Rule 2: if LSD (x, y) is a low value, then G (x, y) is Gain2; 

(c) Rule 3: if LSD (x, y) is a median value, then G (x, y) is Gain4; 

(d) Rule 4: if LSD (x, y) is a high value, then G (x, y) is Gain3; 

(e) Rule 5: if LSD (x, y) is an ultrahigh value, then G (x, y) is Gain1; 

According to the above five rules, for the self-adaption enhancement technology, Rule 

1 and Rule 5 are related to the low-signal and strong-signal image areas and the low gain 

value is endowed thereto. Therefore, for an ultralow or ultrahigh LSD value, the gains of 

all rules are approximate to 1, thus indicating that the change of the corresponding image 

pixel is minimized and such minimized change is very important to reduce noise 

amplification and ring effect. Rule 3 is related to the median value of the image and the 

maximum gain value is endowed thereto, thus to maximally change pixel intensity. LSD 

values of Rule 2 and Rule 4 are corresponding to the transition from the smooth area of 

the image to the intermediate detail area of the image and the transition from the 

intermediate detail area to the rich detail area, and the suitable gain value is endowed 

thereto. Since transition usually appears in the smooth area and the intermediate detail 

area, thus the contrast gain value of Rule 2 is lower than that of Rule 4. Therefore, for all 

LSD values, the gain values endowed thereto are different from each other. Oppositely, 

these gain values are fuzzy, and the gain value of the cluster quantity is determined 

according to the membership degree. 

 

3.1.3. Fuzzy Inference Mechanism 

Finally, the inference mechanism is designed on the basis of the inference combination 

rules. In order to determine the output value according to the preset input value, the 

contrast gain value of the image pixel is obtained on the basis of LSD value in the fuzzy 

self-adaption enhancement technology. Namely: the inference mechanism is adopted to 

add LSD value to the pixel located at (x, y) in LSD membership functionμg(k) of the input 

fuzzy set. Specifically, the calculation model for contrast gain G(x, y) thereof is as 

follows: 
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                                                  (12) 

Where k represents the quantity of the rules, Q=(VL, L, M, h, Vh) represents the type of 

the input fuzzy set, and I=(1, 2, 3, 4, 1) represents the subscript of the output gain set. 

Obviously, Model (12) is the mean value of LSD membership degree grade in each 

weighted fuzzy set and means that the contrast gain value not only depends on the 

affiliation degree of LSD to a certain fuzzy set, but also depends on the membership 

degrees of other fuzzy sets. Therefore, the gain value is mainly determined by LSD at (x, 

y) and is related to the local signal of the whole image. 

The enhancement result of Figure 1(a) processed by the proposed fuzzy inference 

mechanism is as shown in Figure 4(a). Obviously, the image processed thereby has good 

visual effect, uniform histogram distribution and relatively complete dynamic scope, 

without obvious ring effect, as shown in Figure 1(b). 

 

 
(a) Image enhanced by the proposed fuzzy inference system 

 
(b) Histogram distribution of image output by the proposed fuzzy inference system 

(matlab test) 

Figure 4. Enhancement Quality of the Proposed Algorithm and Histogram 
Distribution 

 

4. Simulation Test and Analysis 

In order to reflect the enhancement effect of the proposed algorithm, the enhancement 

performance and the visual quality are tested through Matlab tools. Meanwhile, the 

existing algorithms with relatively good self-adaption enhancement effect are taken as the 

control group: literatures [4] and [10] are respectively regarded as Algorithms A and B, 

wherein average edge gray value E


and reference image definition measurement TEN [11] 

are introduced therein to quantify the edge intensity and the visual quality of the 

enhancement image: 

 
M N

x 1 y 1
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                                                           (13) 
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x y

TEN x,y G x,y                                                      (15) 

Where (x, y) represents image pixel, △(k, l) represents the edge value obtained and 

calculated on the basis of the edge operator, MN represents the image dimension, ▽(x, y) 

represents the gradient value, λrepresents the threshold value for edge effect elimination, 

and λis set as the mean value of the gradient in this paper. 

 

4.1. Determination of Pixel Field Dimension Optimization 

In the proposed fuzzy self-adaption enhancement technology, the key parameter is the 

maximal rational contrast gain value Gmax (x, y), as shown in Model (13), and this value 

is significantly influenced by field Wxy with the dimension as (2n+1)x(2n+1). The larger 

pixel field can generate wider intensity scope. In other words, lower value is endowed to 
min

xyW
while higher value is endowed to

max

xyW
, thus to finally form greater gain value Gmax(x, 

y). However, larger Gmax(x, y) can weaken the capability for ring effect elimination. 

Therefore, pixel field dimension n can significantly influence the enhancement 

performance of the proposed algorithm, and n value should be optimized before 

experimental test. Specifically, Figure 1(a) is taken as an example to optimally determine 

n value. After the image is processed by the proposed algorithm, the test results of Gmax, 

average edge gray value, reference image definition and PSNR (Peak Signal to Noise 

Ratio) are as shown in Figures 5(b) ~ (e). According to the figures, along with the 

increase of n value, Gmax, edge gray value and reference image definition TEN are firstly 

increased and then reduced, but PSNR value is reduced. Therefore, the combined weight 

T=Gmax+E+TEN+PSNR is defined in this paper to determine suitable n value. According 

to Figure 5, n is finally determined as n=3. 

 
(b) Gmax obtained from different n values 
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(c) E value obtained from different n values 
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(d) TEN value obtained from different n values 
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(e) PSNR value obtained different n values 

Figure 5.Test Results of Quantitative Indexes Under Different Pixel Field 
Dimensions 

 

4.2. Enhancement Effect Analysis 

The low-contrast image captured by Canon camera (EOS450+1/1.8’’CCD sensor) is 

taken as the test sample, as shown in Figure 6(a). The quality enhancement effects of the 

proposed algorithm and Algorithms A and B are as shown in Figure (b) ~ (d). According 

to the figures, the image enhanced by the proposed algorithm has the best visual effect 

and the lowest distortion and can significantly reduce noise amplification and ring effect, 

without image color change or excessive enhancement, as shown in Figure 6(b). 

However, the algorithms in the control group have ideal visual effect of the contrast 

enhancement, distorted output result and ring effect in the recovered image, and are 

difficult to reduce noise amplification, as shown in Figures 6(c) ~ (d). The reason for the 

above result is as follows: the fuzzy inference system is adopted in the proposed 

algorithm to endow the suitable maximum contrast gain values to different areas so as to 

realize smooth transition and dynamically adapt to the intensity scope, but the algorithms 

in the control group aim at overall completing the enhancement rather than considering 

the low-frequency and high-frequency component areas of the image, thus to be difficult 

to eliminate the ring effect of the image edge area. 
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(a) Low-contrast sample (b) Visual enhancement 

of the proposed 
algorithm 

   
(c) Visual enhancement 

of the algorithm in 
literature [4] 

(d) Visual enhancement 
of the algorithm in 

literature [10] 

Figure 6. Visual Enhancement Effects of Different Self-Adaption Algorithms 

 

5. Conclusion 

In order to eliminate the excessive enhancement and ring effect in existing contrast 

enhancement technology, a self-adaption image enhancement algorithm based on rule 

fuzzy inference system is proposed in this paper. Firstly, the pixel field of the image to be 

enhanced is locally and statically analyzed to obtain the low-frequency component of the 

image; secondly, five logic rules are defined and meanwhile the local statistical 

information is combined with the local standard deviation to establish the rule fuzzy 

inference system so as to calculate the contrast gain factor, and the maximum rational 

contrast gain calculation model is also established on the basis of the high-frequency 

component s(x, y) of the image so as to complete the self-adaption enhancement of the 

image. The test result shows: compared with existing contrast enhancement algorithms, 

the proposed technology has better visual enhancement effect, larger average edge gray 

value and definition, and can obviously reduce noise amplification and eliminate ring 

effect. 
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