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ABSTRACT 

The satellite images fusion is a process of merging data of the same scene from the panchromatic (PAN) 

and multispectral (MS) images captured by different instruments. This paper introduces a new satellite 

images fusion method using Bidimensional Empirical Mode Decomposition (BEMD) and shearlet 

Transform (ST).  BEMD is an efficient method for satellite images processing due to its advantage of 

spectral data maintaining. Basically, it is used to transform the MS image into subsets named Intrinsic Mode 

Functions (IMFs). Hence these IMFs and the PAN image are divided by shearlet into high and low 

frequencies subsets, then the high frequency ones of IMFs are replaced with their corresponding subsets of 

the PAN image. At last, inverse shearlet and inverse BEMD are implemented to get the fused MS image. 

Shearlet is preferred due to its optimal representation of the anisotropic elements in the image and due to its 

capability in processing the continuity and digital data unlike curvelet and contourlet. The experiment results 

illustrated that the proposed method extracts more spatial details from PAN images with fewer losses in 

spectral quality of MS images compared to other classic fusion methods. For more enhancements, the 

fusion weights are estimated efficiently by a quantum genetic algorithm (QGA)-based approach. 

Keywords: Image, satellite, fusion, BEMD, Shearlet, QGA. 

1. Introduction  

Satellite images fusion is a process of combining a low spatial-resolution MS image with 

a high spatial-resolution PAN image into a higher resolution MS image. It can show more 

details and information than observed in individual images. So image fusion technique is 

important for many remote sensing applications. The most commonly fusion methods in 

remote sensing are Intensity Hue Saturation (IHS), multiplicative, Principal Component 

Analysis (PCA) and Brovey transform (BT). However, the main disadvantage of these 

methods is color "spectral" distortion in the resulted fused MS image [1]. Other methods 
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such as discrete wavelet transforms (DWT) maintain more spectral information but lose 

spatial details in the output images. Although wavelet is good in representing images with 

sharp features, but it cannot deal with folded edges have multi directions such as curves, 

because it is isotropic method created by extending set of objects [2]. It is obvious that in 

images which contain contours and curves, wavelet cannot process efficiently these 

anisotropic objects that being observed by place and trend. Over the previous years, several 

multiscale geometric analysis (MGA) tools such as contourlet and curvelet [3] have been 

proposed to treat with multidimensional images. Due to their directions sensitivity, they are 

suitable to represent the precise geometrical features in satellite images. In this context, 

shearlet as a new MGA tool was proposed by Labate in 2005 [4]. It is actually the only 

method that provides qualified sparse representations of digital images and also permits for a 

unified processing in the continuity and digital data [5]. For that, shearlet can be used to 

overcome most drawbacks of wavelet, curvelet and contourlet. 

In the frequency domain, empirical mode decomposition (EMD) is introduced in 1998 

by Huang [6] as a signal processing method to handle nonlinear data.   Nunes [7] extended 

EMD to bi-dimensional EMD (BEMD) to represent the image details and texture. It also 

has been examined in the field of images fusion [8]. EMD has been compared with wavelet 

for denoising, processing, and classification in [9] to prove its efficiency. In 2012, a rabid 

and adaptive BEMD for image fusion is developed by Ahmed [10]. In 2014, Weihua [11] 

proposed a new approach using BEMD for merging the MS and PAN images. Because of 

all these previous studies, many researchers in the field of remote sensing images fusion 

were interested in the BEMD. The main advantage of BEMD is its spectral data preserving 

in the output fused MS images while the main drawback of other classic fusion methods 

such as IHS, multiplicative and Brovey is their spectral color distortion.   

Quantum genetic algorithm (QGA) is an integration of quantum computing and genetic 

algorithms, and it is in fact an exploration method of probability. It is introduced first by 

Narayanan in 1996 [12]. QGA outperforms the classic GA by its high divergence, rabid 

convergence and wide global search [13]. It is a powerful method for solving the optimization 

equations based on a natural selection operation; it can be used in image processing methods 

for choosing optimal parameters and setting. 

This paper is organized as follows. Section 2 presents standalone image fusion methods; 

BEMD and the shearlets and presents the QGA. Section 3 describes the proposed integrated 

scheme BEMD+Shearlet. We enhance the proposed approach by implementing automatic 

adaptive QGA optimization technique to select the fusion weights in section 4. Section 5 

shows the experimental results and the comparison with other methods used in this field. 

Finally, conclusion is explained in Section 6.  

2. Images fusion methods in remote sensing   

2.1.  BEMD  

This method does not need a priori information and it starts from the image contents for 

decomposing into a finite number of intrinsic mode functions (IMFs) and residue. These 

decomposed parts can be reconstructed into an image again after operations; because basically these 

intrinsic functions in addition to the residue give the original image. The first IMF is considered a 

high pass filtered image; which includes the highest frequencies. The remaining IMFs include band 

pass filtered image till low frequencies. BEMD process is modeled by Equation: 
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                                     𝑋(𝑡) = ∑ 𝐼𝑀𝐹𝑖 + 𝑅𝑛
𝑛
𝑖=1                                                             (1) 

Where X(t) is the original image and Rn is the residue. The Bi-dimensional sifting 

process is explained as follows: 

The Bi-dimensional sifting process: 

1. Initialization: C0 = r (residue) and k =1 (IMF No.).  

2. Obtaining the k
th
 IMF: Ik(m,n) 

a) generate a variable E0 (m, n) to equal rk-1(m,n) which is the residual data and j 

(IMF No.) equal “1”  

b) Detect all minima and maximum of Ej-1(m,n) in rows and columns. 

c) Apply surface interpolation (spline function) by using the minima and maximum to 

obtain 2-D upper envelopes “Envminj-1(m, n)” and lower envelopes “Envmaxj- 1(m, n)”  

d)  Calculate the mean value of the two envelopes: 
 

         𝑚𝑗−1 (𝑚, 𝑛) =  (𝐸𝑛𝑣𝑚𝑖𝑛 𝑗−1 (𝑚, 𝑛) +  𝐸𝑛𝑣𝑚𝑎𝑥 𝑗− 1(𝑚, 𝑛))/2                     (2) 
 

e) Update intermediate variable Ej-1(m,n) by subtracting the average envelope from the original 

image E0(m,n) to obtain Ej(m,n) which represents the jth iteration in ith sifting operation. 
 

                            𝐸𝑗(𝑚, 𝑛) =  𝐸𝑗−1(𝑚, 𝑛) − 𝑚𝑗−1(𝑚, 𝑛)                                           (3) 
 

f) Examine the stopping condition; if it is “yes”, the sifting is stopped and go to 3, and then we can 

get the IMFi using Equation (4). If not, place j = j+1 and go through steps a-f 

 

                                           𝐼𝑘(𝑚, 𝑛) =  𝐸𝑗(𝑚, 𝑛)                                                        (4) 
 

3. Replace the residue as equation (5), repeat steps1-3 with k = k+1 till the number of 

extrema in the residue image are less than 2 or have no change. Then, the BEMD sifting 

operation is finished [14]. 

 

                             r𝑘(m, n) =  r𝑘−1(m, n) − 𝐼𝑘(𝑚, 𝑛)                                               (5) 

 

The sum of all parts and the residual one are added to reconstruct the original image in 

the following equation [15]: 

                     𝐶(𝑚, 𝑛) =  ∑ 𝐼𝑘(𝑚, 𝑛) + 𝐾
𝑘=1 𝑟(𝑚, 𝑛)  , 𝑘 ∈ 𝑁∗                                    (6) 

2.2. Shearlet 

The shearlet transform is actually based on the classical theory of affine structures. In case of 

two-dimension data, the affine system with complicated dilations is modeled as following [16]: 

   ψ𝐴𝐵(𝜓𝐴𝐵) =  {𝜓𝑗,𝑙,𝑘(𝑥) = |det 𝐴|
𝑗

2⁄ 𝜓(𝐵𝑙𝐴𝑗𝑥 − 𝑘): 𝑗, 𝑙 ∈ 𝑧, 𝑘 ∈  𝑧2}                    (7) 

Where 𝞇 ϵ L
2
(R

2
), A and B are 2×2 invertible matrices. The frame 𝑓 should satisfy the following: 

                               ∑ |〈𝑓, 𝜓𝑗,𝑙,𝑘〉|
2

= ‖𝑓‖2, ∀𝑓 𝜖 𝑗,𝑙,𝑘 𝐿2(𝑅2) 
                                                  (8) 

                𝐴 =  [
𝑎 0
0 √𝑎

] (𝑎 > 0), 𝐵 =  [
1 𝑠
0 1

] (𝑠 ∈ 𝑅)                                             (9) 
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The shearlet is an example of these affine systems, where its elements are composite 

wavelets with several scales.  The anisotropic dilation matrix A represents the scale 

transform and the shear matrix B related with place preserving geometric transformation 

such as rotations and oblique shapes; it maintains the digital structure [17]. According to 

the definition of continuous shearlet transform 

                            𝜓𝑎.𝑠,𝑡(𝑥) =  𝑎−3/4 𝜓(𝑆𝑠
−1𝐴𝑎

−1(𝑥 − 𝑡))                                            (10) 

                     𝐴𝑎 = (
𝑎 0
0 √𝑎

) , 𝑆𝑠 = (
1 𝑠
0 1

) , 𝜓 ∈ 𝐿2(𝑅2)                                           (11) 

It follows these conditions: 

 �̂�(𝜀) =  �̂�(𝜀1, 𝜀2) =  �̂�1(𝜀1)�̂�2(
𝜀2

𝜀1
⁄ )                                                                  (12) 

 

 �̂�1(𝜀) =  𝐶∞(𝑅)   𝑠𝑢𝑝𝑝  𝜓1  ⊂  [−2, −
1

2
] ∪ [

1

2
, 2] ,

where ψ1 is a continuous wavelet     
 

 �̂�2(𝜀) =  𝐶∞(𝑅)   𝑠𝑢𝑝𝑝  �̂�2  ⊂  [−1, 1], where  �̂�2 > 0 but ‖𝜓2‖ = 1 

For ψa,s,t  , a ∈ R
+
 , r  and t ∈ R

+    
, for any f  ∈ L

2
(R

2
)   

Where a, s, t represent the scale conversions, the shear direction and the translation value, respectively 

[18]. Discrete shearlet transform performs multiscale and direction operations individually.  
 

As shown in Fig.1, at first Laplace pyramid is used to decompose fa
j-1 

into low pass image 

fa
j
 and a high pass image fb

j
 with Nj = Nj−1/4; where j is the resolution level. Second step; the 

shearlet direction filter is performed; the estimated ˆfb
j
 is computed on the pseudo-polar grid 

by one-dimensional band-pass filter, which gives a matrix Dˆfb
j
. Another band-pass filter is 

used on matrix Dˆfb
j
 to compute the sampled values. Different subsections and different 

directions shearlet coefficients are got in this step [17]. At last the reconstructed image is 

estimated by using the inverse two-dimensional Fast Fourier Transform (FFT). The main 

drawback of shearlet is the processing speed; it is slower than the discrete wavelet transform, 

however remains in the range of the processing time of other directional transforms. 

 

 

 

 

 

 

 

 

 

 

Fig. 1. Laplace pyramid and direction filter “shearlet transform” [18] 
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2.3. Quantum genetic algorithm 

The smallest unit (bit) of the digital binary data in classic computing is represented by 0 or 

1. However, the quantum computing uses what is called qubit; it can be in the “1” state, in “0” 

state or in any superposition of the two states [19]. A state of a qubit is described as follows: 

                                              |Ψ > = ∝ |0 >  + β|1 >                                                (13) 

Where |0> and |1> represent respectively the classical bit values 0 and 1, α and β are 

complex variables satisfy the following condition:  

                                            |∝|2 + |𝛽|2 = 1                                                               (14) 

|α|
2
 is the probability to get the value 0 and |β|

2
 is the probability to get the value 1. 

However, when the 'measure' or 'observe' is done, the qubit will equal the value of a single 

state. In case of m-qubits data, the resulting state space has 2
m
 dimensions. This could lead 

to exponentially faster converging than the classical computers. The QGA chromosome is 

a set of N qubits as the following: 

                               𝑞𝑗
𝑡 = [

∝11
𝑡 ∝12

𝑡  .. ∝1𝑘
𝑡  …….  ∝𝑚1

𝑡 ∝𝑚2
𝑡 ..∝𝑚𝑘

𝑡

β11
𝑡 β12 

𝑡 .. β1𝑘
𝑡  …….   β𝑚1

𝑡 β𝑚2 
𝑡 ..β𝑚𝑘

𝑡 ]                                               (15) 

Where qj
t
 represents the j

th
 chromosome of the t

th
 generation, k represents the No. of qubit in 

individual gene, m represents No. of genes in each chromosome. Comparing with the 

traditional GA that uses crossover and mutation to achieve population divergence, in QGA the 

chromosome values are updated by a Q gate as the following: 

                    [
∝𝑖

′

β𝑖
′] = 𝑈(∆𝜃𝑖) [∝𝑖

β𝑖
] = [

cos(∆𝜃𝑖) − sin(∆𝜃𝑖)
sin(∆𝜃𝑖) cos(∆𝜃𝑖)

] [∝𝑖
β𝑖

]                                 (16) 

Where ∝i and βi represent the qubit before replacement and ∝i
'
 and βi

'
 represent it after replacement. 

∆θi represents the rotation angle; its lookup table is explained in [20]. Therefore, the main feature of 

QGA is its wide search capability as well as converging speed. However, this efficient performance is 

not affected with the small population size [21]. 

3. The proposed combined BEMD+shearlet fusion algorithm 

In order to improve spatial resolution of fused images while maintaining spectral 

quality as high as possible, we propose a new modification of the BEMD fusion by 

utilizing shearlet transform that varies the manner the high spatial details is injected into 

the output fused image. Shearlet is able to capture the sharp geometrical elements in 

remote sensing images due to its accurate directional representation advantages while 

wavelets can detect only limited directional objects.  

To minimize spectral distortion the IMF component should approximate the substituted 

PAN image as closely as possible. The high spatial details and the spectral information are 

merged by adaptive weights obtained automatically by QGA-based optimization technique 

according to image itself and the required sharpness as appeared to user.  Therefore, in this 

integrated BEMD + Shearlet fusion method we want to determine the weights that achieve best 

sharpness with less spectral distortion.  

The flowchart of the proposed method is presented in Fig. 2. Corresponding texts are 

described as shown in Algorithm 1. 
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Algorithm 1: Proposed BEMD+Shearlet method 

Input: PAN and MS image 

1. Up-sample MS image to same size as PAN image. 

2. The up-sampled MS image is BEMD-decomposed obtaining the IMF and residue. 

3. Match the histogram of PAN image to histogram of the IMF component to produce new 

matched PAN image. 

4. Decompose IMF component and new matched PAN images into low-frequency 

coefficients and high-frequency coefficients by shearlet transform. 

5. Fuse the low and high frequency coefficients according to QGA-Based fusion rule 

6. Obtain the fused IMF component from the fused low and high frequency coefficients by 

the inverse Shearlet transform. 

7. Reconstruct the fused MS image by adding the new IMF and original residue (inverse BEMD). 

Output: fused sharpened MS image. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Fig. 2. The flow diagram of proposed BEMD+Shearlet algorithm 

4. Quantum genetic-based BEMD+shearlet image fusion enhancement 

The main goal of using QGA is to improve and adaptive the performance of the image 

fusion by choosing optimal or quasi-optimal fusion weights automatically instead of 

assuming or try and error.  

The overall structure of QGA 

1. Initialize the population Q(t0); the initial (α, β) of each individual are selected to be 

equal 1/sqrt(2) [22], that to begin presenting all states with equal probability. 
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2. Produce P(t) by observing states of Q(t) (extract a classic gene from a quantum gene 

selected randomly based on the α and β values of the qubit). 

3. Evaluate the fitness of every solution of P(t) by applying fitness function (objective function). 

4. Use the best evaluated solution in next level as the new updated one. 

5. Update population Q(t) by quantum rotating gate, that obtain Q(t+1). 

6. Store the best solution and its fitness value. 

7. Repeat above steps till convergence to an optimum value or till no improving can be get. 

5. Experimental results and analysis 

The proposed scheme is evaluated using two sets of different satellites images; one is for 

Worldview-3 satellite, the MS image has 1.24 m resolution and the PAN image has 31 cm 

resolution, the other set is for Quickbird Satellite, the MS image has 2.16 m resolution and the PAN 

image has 55 cm resolution, as shown in Figs. 3 and 5 in respectively. The images are selected to 

include different features (urban, vegetation, roads, rocks and seas) to visually evaluate the color 

spectral distortions over most images features.  

In the proposed method, BEMD is used in integration with one of multiresolution 

analysis (MRA) tools; the shearlet transform for improving the fused image quality as 

described in previous section. In BEMD image decomposition, the IMF is the extracted 

highest-frequency component, and the residual is the low-frequency one. The stop criteria 

limit is selected to be 2; most low frequency component information is extracted at first 

sifting time. By experiments, we noticed that increasing sifting time reduces the algorithm 

efficiency. In shearlet decomposition, directions are selected to be (1, 8, 8, 16, and 16) in 

the scales from coarser to finer, respectively.  

For enhancement, QGA is used to adaptively select the fusion weights (fusion rule); it is 

implemented based on required standard deviation of fused pixel values. For fairness, 

histogram matching is employed before fusion step to ensure consistency between the PAN 

image and substituted IMF components. For comparison, we tried other MRA tools such as 

wavelet and curvelet. Figs. 4 and 6 show a comparison of the output fused images obtained 

using the proposed BEMD+Shearlet, BEMD+Curvelet, and BEMD+Wavelet methods. By 

visual inspection, the new BEMD+Shearlet method has higher spatial details compared to other 

methods while maintains spectral quality and shows natural colors. The BEMD+Wavelet 

method has reasonable spectral quality but it has less spatial improvement.  

As it cannot easily be determined which method is better in terms of the clarity of the fused 

images visually, the quantitative metrics are used, as shown in tables 1 and 2, metrics such as 

Mean Square Error (MSE), Correlation Coefficient (Cor.) and Quality Without Reference 

(QNR) [23] are employed to quantitatively analysis the spatial (spat.) quality of fused images, 

They are calculated between output fused image and input PAN image except QNR; which is a 

global metric, it does not require a reference. For spectral (spec.) evaluation, Mean Structural 

Similarity (MSSIM) Index is calculated between output fused image and input MS image by 

comparing their illuminance, contrast, and structure [24]. Peak Signal to Noise Ratio (PSNR) 

[23] in decibel (DB) is calculated between output fused images and both inputs MS and PAN 

images to evaluate the spectral and spatial quality in respectively and then averaged values of 

both evaluations are taken to show the spatial enhancement while maintaining the spectral 

quality, the same for the metric Relative Dimensionless Global Error in Synthesis (ERGAS) 

[23] as shown in tables 1 and 2.  In addition, Universal Image Quality Index (UIQI) metric is 

used as a global metric for evaluating whole image quality; it shows the degradation as a 

combination of three variables: correlation loss, illuminance and contrast decrease [23].  
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Based on the results mentioned in tables 1 and 2 and plots in figs 7 and 8, it may be 

concluded that: BEMD+Wavelet keep the spectral information but result in lower spatial 

quality. The overall ability of proposed BEMD+Shearlet is better than the other methods, its 

performance is good in sense of MSE, Cor. and QNR but less efficient in sense of MSSIM 

(spectral distortion), and BEMD+Wavelet method performance is good in spectral assessment 

(MSSIM) but bad in sense of MSE, Cor. and QNR. The proposed BEMD+Shearlet method is 

better than other methods in keeping spectral information while enhancing the spatial details, in 

terms of PSNR, ERGAS and UIQI. 

                                 

 

 

 

 

 

Fig. 3. Input WorldView3 satellite image 

 

 

 

 

 

 

Fig. 4. Comparison of different fusion methods by using WorldView3 images 

 

 

   

 

 

Fig. 5. Input Quickbird satellite images 

       

 

 

 

 

 

Fig. 6. Comparison of different fusion methods by using Quickbird images 
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Table 1.  

Quantitative metrics of WorldView3 satellite images 

 
Spat. Spec. (Spat. & Spec.) Ave. All 

 
MSE Cor. QNR MSSIM PSNR(DB) ERGAS UIQI 

BEMD+Wavelet 1129 0.7817 0.48 0.9006 23 34 0.45 

BEMD+Curvelet 785 0.8289 0.575 0.9004 35 25 0.558 

BEMD+Shearlet 625 0.840 0.595 0.9005 37.5 23 0.6 

Table 2.  

Quantitative metrics of Quickbird satellite images 

 
Spat. Spec. (Spat. & Spec.) Ave. All 

 
MSE Cor. QNR MSSIM PSNR(DB) ERGAS UIQI 

BEMD+Wavelet 1031 0.936 0.5596 0.90092 15.5 30 0.575 

BEMD+Curvelet 560 0.959 0.6093 0.9008 21 27 0.71 

BEMD+Shearlet 440 0.9628 0.6214 0.9009 22 26.5 0.735 

 

   

 

 

 

 

 

 

 

Fig. 7. Plots of quantitative metrics for WorldView3 images 

  

  

 

 

 

 

 

 

 

Fig. 8. Plots of quantitative metrics for Quickbird images.  
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6. Conclusion 

In this paper, a new method for enhanced fusion of MS and PAN satellite images has been 

proposed based on integrated scheme of BEMD and Shearlet transform. In addition, the 

automatic selection of fusion weights is optimized by implementing QGA. This new method has 

been tested with two datasets of WorldView3 satellite images; PAN image (31 cm resolution) 

and a MS image (1.24 m resolution) and the other set of Quickbird satellite; PAN image (55 cm 

resolution) and a MS image (2.16 m resolution). Visual and quantitative metrics (MSE, Cor., 

QNR, MSSIM, PSNR, ERGAS and UIQI) are employed for spatial and spectral evaluations. 

Experiments confirm that the results generated by this new method are superior to results 

obtained using other illustrated methods. BEMD+Shearlet displays high performance in terms of 

maintaining spectral information of different land and sea cover types in different satellite images. 

On the other hand, it enhances the spatial details and increase clarity in edges and curves in 

satellite images. Experimental results demonstrated that proposed BEMD+Shearlet method 

appears to be a robust fusion method within different land cover images. At last, the effectiveness 

of proposed method on two different sensors images was proved. The method can obtain better 

image spatial details with less color spectral distortion. 
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 دمج صور االقمار الصناعية المحسنة  باستخدام   خوارزمة

 QGAمبنى على ال  Shearletوتحويل ال  التحليل التجريبى الثنائى االبعاد

 الملخص العربى

 (PAN) الصور االحادية اللونذات الصلة من  بياناتدمج ال  عملية هواألطياف  ةمتعددان دمج الصور ال

 قترحنالبحثية  في هذه الورقة  .مختلفةستشعار من أجهزة ا التى التقطت (MS) متعددة األطيافالصور الو 

 الـ   تحويل   و (BEMD)األبعاد  الـ ثنائي التحليل العلى أساس  متعددة األطيافدمج الصور الل مخطط 

shearlet (ST)  ان هذا التحليل ,BEMD وميزته الرئيسية أداة قوية لتحليل الصور متعددة النطاقات  يعتبر ،

 مركبات الـ  الى MS صورةال فهو يقوم بتحليل  المحافظة على البيانات.تكون فى الصور الطيفية  دمج في

IMFs .  الـ  يلى ذلك التحويلوST  هذه المركبات باالضافة الى الصور االحادية اللون الـ تتحلل  حيث 

PAN  مركبات الـ   استبدال مكونات عالية التردد من إلى مكونات الترددات العالية والمنخفضة، ثم يتم

IMFs  الخاصة بالصور الـ  العالية التردد بمثيالتها PAN  . باستخدام العملية  يتم  وفى الخطوة النهائية

المدمجة النهائية المتعددة  صورةاللحصول على ا  STوكذلك التحويل الـ   BEMDللتحليل الـ  ةالعكسي

 االطياف.  

باالضافة انه الخواص في الصورة  ةمتباينللعناصرالالتمثيل األمثل  يحققيمكن أن   STالـ  التحويلان 

 الـ  و  curvelet     بخالف التحويالت االخرى مثل الـ ةالرقميللبيانات التناظرية و موحدة للمعالجة اليسمح 

contourlet  . مزيد من المعلومات  تظهرأن الطريقة المقترحة  التجارب فى الدراسة المقدمة تبيننتائج  ان

 MS الـ صورللمع خسائر أقل في المعلومات الطيفية  PAN االحادية اللون الـ الصور الموجودة فىالمكانية 

مثالى عمل تقديريتم  فى هذه الدراسةلمزيد من التحسينات  .األخرى الكالسيكية  طرق دمج الصورمع  مقارنة

 (QGA) للكم الخوارامية الجينية جودة المكانية بناءا على الوذلك لتحسين عملية الدمج واان ألمتكيف 

 .واان تلقائياهذه األ للحصول على


