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Abstract  

This paper focuses on the evaluation of IR and TV image fusion methods. Input images were acquired during 
the MIG/MAG welding process and represent an area of the welding arc as well as the heat-affected zone. 
In order to choose the fusion method, which produced the most suitable images for further welding process diagnostics a 
different fusion methods were tested and evaluated.  Subjective and objective methods (with and without reference 
image) were taken into consideration. The obtained results show that there are some inconsistencies when different 
evaluation methods are applied, however the most promising fusion method can be chosen for this particular case. 

1. Introduction 

Machine vision as a promising tool for industrial processes monitoring and control, is incorporated more and 
more often in many different areas of industry. Until recently machine vision systems have mainly utilized one or more 
cameras that take images in the visible light range. Development of industrial infrared cameras market has contributed to 
the increase of use of those cameras in machine vision systems. 

Imaging devices, that made acquisition in the range of infrared radiation are often equipped in integrated visible 
light cameras or work simultaneously with such cameras. At least two reasons of simultaneous infrared and visible light 
acquisition of the same scene can be indicated. The first of them arise from the need of aiding the thermograms 
interpretation by human operator. The latter one is connected with the possibility of effectiveness evaluation of 
phenomena that occurred in the observed scene area through taking simultaneously into account information carried by 
the infrared and visible light radiation, recorded in the form of digital images. 

As the example of industrial process, which can be assessed on the basis of information gathered in various 
electromagnetic radiation bands welding process can be given. During the welding process, welding arc, heated to the 
high temperature welding gasses and metal fumes, welded elements, electrode material, etc. generate high amount of 
ultraviolet, visible light and infrared radiation, which can be used in different ways for process diagnostic [30]. In order to 
assess the welding process, among others solutions, vision systems that are working in the infrared and visible light 
range could be utilized. Such systems allow monitoring and assessment of the welding process stability [1][13][21], 
evaluation of size and placement of the welding pool [15][18][25], as well as control of the joint geometry and the quality 
of welded seam [3][9][1][7][10][11].  

The results presented in various publications, besides high effectiveness of the proposed solutions, show also, 
that information contained in thermograms (e.g. about the temperature distribution in the heat affected zone) can usefully 
complement information contained in visible light image. This is the premise to joint analysis of infrared and visible light 
images, simultaneously taken during the welding process. One of the methods used to combine information present in 
visible and infrared light images is the image fusion. 

Image fusion is a technique which leads to the formation of one synthetic image on the basis of at least two 
input images originated from different sources. There are many various method of image fusion. Those methods are 
mainly based on the following three basic operations: image registration, image aggregation and in some cases 
deblurring. Simple fusion method is built in some models of modern infrared cameras, as well as in software dedicated to 
infrared image analysis. The methods consist in image aggregation through weighted averaging of input image pixel 
values. The weighting coefficient values can be modified interactively. That allows the fluent control of the information 
content that is put in the output, fused image. Such simple method is suitable for images of static scene and when 
acquisition and image manipulation parameters are fully controlled by operator. Previous research of the authors [14] 
showed that in the case of image fusion techniques application for automatic diagnostic of dynamic processes, e.g. 
welding process, it is necessary to choose most suitable registration and aggregation method. Using right methods result 
in the obtainment of fused images that contain maximal amount of relevant information which is demanded for observed 
process assessment. 

In the paper results of research connected with the search for group of most suitable image aggregation 
methods, used to combine visible light and infrared images taken during the MIG/MAG welding process were presented. 
In order to assess the quality of each of the selected methods, objective measures as well as subjective welding expert 
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estimates were considered. Image fusion was performed for sequences of images taken during several experiments with 
simulation of different process states caused by intentionally introduced instabilities of process parameters. 

2. Image fusion 

Computer image fusion is an algorithmic technique of synergistic combination of information coded in two or 
more digital images. The result of image fusion is a new, synthetic image, characterized by relevant features of input 
images and a limited number of redundant features. Computer image fusion can be used in various fields of science and 
technology [17][26] which resulted in the formation of wide spectrum of image combination algorithms. Those algorithms 
can be divided in three groups: pixel level algorithms, feature level algorithms and symbolic level algorithms. 

In practical applications most often algorithms working on the lowest level of abstract, namely the pixel level are 
used. This follows from the way they perform the combination. It assumes the existence of the relation between 
corresponding pixels of input images. As a consequence, results given by pixel level algorithm are strongly bounded with 
the quality of geometrical alignment determined in the registration process. 

Image registration is, besides the aggregation, one of key stages in most of image fusion algorithms. Many 
image registration methods were elaborated in the last decades. Depending upon the chosen feature space, image 
registration methods can be divided into two groups: area-based and feature-based (landmark-based) ones. Area-based 
methods use image regions with similar intensity for registration, whereas feature-based ones use salient features like 
point, edges, etc. Each registration method demands the selection of transformation model between images, which best 
describes the degradations between content in input images. In this case translational transformation, affine 
transformation, elastic transformation or free transformation can be used. 

In the case of visible light and infrared images being the source of multimodal information, process of 
registration is not a trivial task. The main reason of major difficulties is the definition of geometrical relation between 
object being observed and represented on each input image. This is caused by differences in radiation distribution in 
infrared and visible light band. There can be no correspondence between the intensity (gray level, colour) of the objects 
represented in the TV image and the infrared one which is visualised on the thermogram with use of the colour map 
assigning the luminance (grey level or colour) to all thermopixels. Difficulties in registration could be compounded by 
incorrect choice of colour map and temperature scale. Additionally, registration methods must be robust in terms of 
common degradations caused by the offset, pitch and roll between optical axes of cameras used in particular system and 
differences in resolution of acquired images. 

Review of numerous publications [8][12][32] and authors’ study [14] on registration methods lead to the 
conclusion, that in the case of visible light and infrared images it is advisable to use hybrid methods based on area 
information and on the image features as well. One of suitable methods for registration of greyscale or indexed images is 
using the entropy based objective function. It also takes into consideration the 3D histogram build for the edge orientation 
maps and pixel intensities values [16]. Objective function represents the uncertainty about the edge orientation 
coincidence of the corresponding intensity pair as well as the uncertainty between the intensity values of two images. In 
[30] the authors carried the assessment of several image registration algorithms for visible light images and thermograms 
fusion purposes. The obtained results proved that the above presented edge orientation map algorithm gives best 
results. Therefore, this algorithm was used for image registration of images used in the presented research. 

After image registration, the next step, being the main object of the research, is the aggregation of information 
contained in input images. Aggregation process is an operation of joining several previously registered images in one 
output image. There are various classes of aggregation methods, but for the purpose of the presented research, it was 
assumed that only pixel-based multiscale algorithms were taken into consideration.  

Multiscale transformation is one of steps realized within image aggregation method. It divides the image in a 
hierarchical structure where each level is a transformed version of image on the previous level. Images in the structure 
are ordered from original one (the highest resolution) to the transformed one with smallest resolution. Hierarchical 
structures are obtained by application of one of two basic transforms: 

 pyramidal transform, which generates a hierarchical structure with a pyramid shape, in the way that 
image on the certain pyramid stage has a twice greater size than the image on the higher stage, 

 wavelet transform, similar to the pyramidal approach, but the result is a relevant (not redundant) image 
representation. 

Operation of hierarchical structure generation is called decomposition. It is the first of three aggregation stages. 
Next stages that lead to the obtainment of aggregated image are as follows: 

 joining of images on corresponded stages of the hierarchical structure which was obtained in the 
decomposition stage. This operation is described by the aggregation rule applied for all input images 
on each decomposition stage. Aggregation rules can be applied to certain pixels, areas or regions. In 
each case the rule is based on some selection or averaging operator; 

 synthesis, the inverse transformation to one used on the decomposition stage. The synthesis result is 
the output image obtained from the decomposed but aggregated hierarchical structure. 

 
For research purposes in image fusion methods following aggregation algorithms were used: 

1. Method based on the average operator (MEA) – in that method pixel-wise operator is used to average 
corresponding pixel values from all input images. This is a reference method without use of pyramidal 
transformation. 
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2. Method based on principal component analysis (PCA) [20] – in that method a pca analysis is used at each 
pyramid level with decimated images. 

3. Nonlinear maximum operator (MAX) – second non hierarchical method, where output pixel is select as the pixel 
with maximal luminance values from corresponding set of corresponding pixels in input images. 

4. Nonlinear minimum operator (MIN) – third non hierarchical method, where output pixel is select as the pixel with 
minimal luminance values from corresponding set of corresponding pixels in input images. 

5. Laplace pyramid method (LAP) [5] – in this method where images on following pyramid level are band filtered 
and decimated copies of images on the pyramid lower level. 

6. Filter-subtract-decimate (FSD) [2] – is more computational efficient modification of the Laplace pyramid method. 
7. Ratio pyramid method (RAT) [29] – images on the subsequent decomposition pyramid stages are ratio of two 

following stages of Gaussian pyramid. 
8. Contrast pyramid method (CON) [28] – method similar to RAT method. The main difference is in subtraction of 

unitary background image form image on lower pyramid level before the ratio calculation. 
9. Gradient pyramid method (GRA) [6] – images on Laplace pyramid levels are completely represented by a set of 

four gradient pyramids, derivates in horizontal, vertical and two diagonal directions.  
10. Method based on discrete wavelet decomposition (DWB) [17] – in this method where image decomposition is 

performed by discrete wavelet transform through recursive low- and highpass filtration in two directions with  
DBSS(2,2) wavelet. 

11. Method based on shift invariant wavelet transform (SIH) [23] – input images are decomposed into a shift 
invariant wavelet structures using the wavelet frames concept with the Haar wavelet 

12. Pyramid of morphological differences (MOR) [22] – each pyramid level is the difference between image at the 
same level of Gaussian pyramid and the same image after morphological operations such as opening, closing 
and dilate. 

 
In all the considered hierarchical methods hybrid aggregation rule which differentiates between selection and averaging 
is incorporated 

2.1. Obtaining images for fusion purposes 

For the image fusion purposes visible light and infrared images of welding arc were used. Images were taken during the 
series of experiments performed on a laboratory stand (Fig. 1) consisting of: 

 Mechanised welding stand for rectilinear MIG/MAG welding 
 Microprocessor controlled machine for pulsed and standard MIG/MAG welding Castolin TotalArc 5000  
 System for monitoring and acquisition of welding process parameters: current, voltage, welding speed and 

shield gas flow,  
 Vision system consists of infrared camera (Infratec VarioCam Head, 640x480px, lens f=50mm) and visible light 

camera  (ImagingSource DMK21AF04, 640x480px, lens f=25mm) observing the welding arc and infrared 
camera (Infratec VarioCam 320x240px, lens f=50mm) for welded joint observation. There were also computers 
with proper software which allows image acquisition with speed 50 fps. Both the images and the process 
parameters were acquired synchronically. 
 

 
 

Fig. 1. Laboratory stand 
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During the experiment a groove weld was made between plates made of steel S235JR (EN 10027-1) with dimensions 
300x150x5 mm. Apart from special cases, the edges of most of the joined plates bevelled at an angle of α=60° and the 
offset between them was b=1,0 mm. 

Groove welds were made on the copper base equipped with a mechanical clamping system for joined plates. 
For welding a solid electrode wire with a diameter of 0,2 mm (Castolin CastoMag 45255) and a shield gas M21 
(82%Ar+18%CO2) were used. Nominal welding parameters are presented in Tab. 1. 

Table 1. Optimal MIG/MAG welding parameters 

Welding current 
[A] 

Welding voltage 
[V] 

Welding speed 
[cm/min] 

Wire feeding rate 
[m/min] 

Shield gas flow 
[l/min] 

Electrode outlet 
[mm] 

240 25 32 7,4 15 15 
 

 
In the experiment several welding process faults were simulated and thus the influence on the welded joint quality was 
made. On the basis of performed simulations there were 12 different states of the welding process, defined as follows: 
 
S1 – State of welding process obtained with nominal welding parameters, allowing obtainment of welding joint which can 
be classified into one of three quality levels (B, C, D) according to the standard EN-ISO 5817 
 
S2 – State of welding process obtained through the decay of the shielding gas flow, resulting in the formation of welded 
joint not meeting any quality level according to the ISO 5817, 
 
S3 – State of welding process obtained during welding of plates with distinct outbreaks of atmospheric corrosion on the 
welded surfaces. Welded joint obtained during this process does not meet any quality level according to ISO 5817, 
 
S4 – State of the welding process developed during welding process with wire electrode whose surface was covered by 
oxide layer caused by atmospheric corrosion, resulting in the formation of welded joint that does not meet any quality 
level according to ISO 5817, 
 
S5 – State of the welding process caused by irregularities of the edge of the joined plates from side of the weld root, 
resulting in the formation of welded joint that does not meet any quality level according to ISO 5817, 
 
S6 – State of the welding process caused by the existence of oil contamination on joined metal surfaces and, resulting in 
the formation of welded joint that does not meet any quality level according to ISO 5817, 
 
S7 – State of the welding process caused when the welding current deviation from the nominal value about ±20% and 
resulting in the formation of welded joint that does not meet any quality level according to ISO 5817, 
 
S8 – State of the welding process obtained during the welding of plates with different offset intervals of 1,5 mm, 2,0 mm, 
2,5 mm, 3,0 mm and 3,5 mm resulting in the formation of welded joint that does not meet any quality level according to 
ISO 5817, 
 
S9 – State of the welding process caused by the welding voltage deviation from the nominal value about ±15% and 
resulting in the formation of welded joint that does not meet any quality level according to ISO 5817, 
 
S10 – State the welding process, obtained during welding of steel sheets with improper welding groove geometry 
resulting from a change in the angle of bevel on 0o, 15o, 30o, 45o, 60o and resulting in the formation of welded joint that 
does not meet any quality level according to ISO 5817, 
 
S11 – State of the welding process caused by welding speed deviation from the nominal value about -20% and +50%  
and resulting in the formation of welded joint that does not meet any quality level according to ISO 5817, 
 
S12 – State of the welding process obtained during automatic welding when the wire feeder is equipped with worn rollers 
and resulting in the creation of connections that do not meet any quality level according to ISO 5817. 
 
A total of 91 welds were made. For each of the specified conditions at least seven experiments were performed. During 
each experiment sequences of infrared and visible light images were acquires. For image fusion purposes each image in 
the sequences was pre-processed by application of the following operation: the selection of a region of interest and 
resizing. 
 
Figure 2 presents an example of images of the arc taken in the visible light and infrared band. Figure 3 shows the effect 
of the fusion of images shown in Figure 2 with the use of different aggregation methods of the information contained in 
the input images. 
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Fig. 2. Infrared and visible light input images for fusion process 

 

 
a) 

 
b) 

 
c) 

 
d) 

 
e) 

 
f) 

 
g) 

 
h) 

 
i) 

 
j) 

 
k) 

 
l) 

Fig. 3. Examples of IR and TV images fused with methods: a) CON, b) DWB, c) FSD, d) GRA, e)  LAP, f) MOD, g) MIN, 
h) PCA, i) RAT, j) MEA, k) MAX, l) SIH 

3. Evaluation of agregation algorithms 

The variety of image registration and aggregation methods makes the choice of the best fusion of visual and infrared 
images that is suitable for practical application in the process of arc welding state evaluation a difficult task. As it is 
shown in Fig. 3., each of the aggregation methods highlighted varying degree features specific to the visible light and 
infrared images. This indicates that taking of an optimal algorithm for aggregation must be carried out very carefully and 
be based on a multi-criteria evaluation. So far there is no universal method for efficient multi-criteria evaluation of 
aggregation methods for their use in generating synthetic images which could be useful in the automatic analysis of 
images taken during dynamic processes. The main problem in the development of good methods for assessing fusion 
algorithms is the difficulty in the choice of realistic assessment criteria, which usually requires the assumption of the 
reference image. 

Depending on needs, assessment of the quality of synthetic images created during the fusion can be carried out 
in two ways: subjective and objective. In the subjective approach the images being the result of the fusion are assessed 
visually by the experts. They indicate images and their main features that are most relevant from the information point of 
view. So far this is the most effective way of assessing by assumption that the assessment is made for a small collection 
of images and expert has indisputable qualifications in the area governed by the content presented on the images. The 
second group of the methods provide an objective estimates. They consist in determining the values of numerical 
measures that are representative for the information content of images after the fusion. The difficulties in the practical 
application of the methods from this group could be the lack of direct relationship between the estimate values and 
relevant feature values which determine the suitability of the image for further analysis. The advantage of use of the 
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objective methods giving numerical estimates is possibility to implement it in the computer program, which allows the 
automatic valuation of large collections of images resulted from the fusion process. The most popular objective measures 
are: 

 Objective image fusion performance measure, 
 Image quality index, 
 Structural similarity, 
 Mutual information, 
 Mean squared error, 
 Standard deviation, 
 Entropy. 

In the presented research only those methods were taken into consideration which do not need reference 
image. The chosen metrics are: 

a. Standard deviation (S) – is a very effective metric in the case of evaluation of images without blur and it 
allows the image contrast estimation. Image with higher contrast will be characterized by higher standard 
deviation value. Standard deviation is defined as follows  
 

              
    

         (1) 

 
where:    

    is the histogram of aggregated image   , and   is the number of histogram bins, equal to the 
number of image greyscale levels.  

a. Entropy (En) –is used to determine the amount of information contained in the signal. If entropy of new-
created fused image is higher than the entropy of each input image, it can be stated that the fused image 
contains more information than given input images. Higher entropy value indicates best fusion quality. 
Entropy is defined in the following way: 

 
       

           
     

        (2) 
 
b. Fusion mutual information  (Mi) – it measures the degree of dependence of two images. A larger measure 

implies better quality. It is calculated as a sum of mutual information between input images    and    and 
fused image    .      is given by:   
 

                       (3) 
where mutual information between two images is equal to: 

              
      

        
     

     

   
        

     
  

       (4) 

and      
      is the joint histogram between    and   . 

c. Objective image fusion performance measure (Q) [31] – is a metric, which measures the amount of 
potentially important edge information ‘transferred’ from the source image to the fused image. The measure 
takes values in the range from 0 to 1. Value 0, means that no edge information from input images is 
preserved in the output image. For source images A and B and the output image being the result of A and B 
fusion F is calculated in the following way: 

 
 Computation of edge strength map g(n,m) and edge orientation map  α(n,m) for each pixel  p(n,m), for 

each input image where  n, m are indices of image pixels. For the image A edge strength and orientation 
maps are defined as: 
 

     22
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where: sA

x(n,m) and sA
y(n,m) is the result of horizontal and vertical  Sobel operator for pixel p(n,m) in 

image A 
 Relative strength  GAF(n,m)i GBF(n,m)  and orientation AAF(n,m) ABF(n,m) maps between input images A i 

B, and the fused images F. Below the way in which the above mentioned coefficients are calculated is 
shown for images A and F. For B and F the calculation procedure is analogous. 
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 These measures are then used to estimate the edge strength and orientation preservation values 

Qg
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AF(n,m) specifying amount of edge information from A, preserved in the fused output 
image F 
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 The overall edge information preservation value is then defined as: 
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 A normalised weighted quality metric is given as: 
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where: WA i WB  are weighted by coefficients reflecting  the perceptual importance of the corresponding 
edge elements within all input images. 
 

3.1. Selection of the best aggregation methods with the  use of objective numerical descriptors 

To evaluate the images obtained as a result of application of 12 aggregation algorithms, four previously 
described measures of quality Me, Q, S, En were used. Estimated images represented 12 classes of state of the welding 
process (see section 2.1.). Evaluation of the fused images was performed for each class of state.  

 
For each class statistics such as: mean, minimum, maximum and standard deviation were calculated. For better 

readability of results the obtained values were averaged regardless the state class.  
 
Mean results obtained for the quality measures of each state class allowed the selection of a subset of the 

aggregation algorithms which were the most useful for fusion of the visual and infrared images of the welding arc. A 
subset of the best algorithm was selected on the basis of the first 4 highest values of considered quality measures. Table 
1 presents the ordered results of the selection of aggregation algorithms, based on average values of quality measure. 

Table 2. Highest rated aggregation methods 

Quality measure Usability rate 
A B C D 

Q MAX LAP MOR SIH 
S MOR RAT MAX LAP 

En SIH DWB LAP GRA 
Mi MAX PCA MEA MOR 
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It can be seen that each of the measures of quality has taken the highest values for the different aggregation 
algorithm. The best algorithm, according to measure Q and Mi was the point based MAX algorithm. Algorithms MOR and 
SIH can be regarded as the best on the basis of the highest measurement values of S and En measures. A detailed 
analysis of a subset of selected aggregation algorithms presented in Table 1 allows the choice of three aggregation 
algorithms LAP, SIH, and MOR, indicated as the best by most of the considered measures of quality. It can be also 
assumed that the aggregation algorithms such as wavelet DWD, pyramid RAT, and the PCA and spot MEA may prove 
useful in the process of fusion of visual and infrared welding arc images. The values of quality measures were 
determined for different images representing different classes of state. This allowed examination of the scatter of 
measurements for each method of aggregation. Rating of measurement scatter values allows us to specify aggregation 
algorithms that are independent from changes in the input images. Table 2 presents algorithms for which the dispersion 
of the values of quality metrics was smallest,  Figure 2  shows how the minimum and maximum values evolved for the 
various measures of the quality of aggregation algorithms. 

Table 3. Methods with smallest image quality metrics scatter 

Quality measure Usability rate 
A B C D 

Q MEA SIH CON GRA 
S FSD GRA MEA DWB 

En MIN CON MAX LAP 
Mi SIH DWB FSD MOR 

 

 
 

 

  

Fig. 4. Scatter of the image quality measure values 
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Fig. 5. Values of quality measures in relation to considered fusion methods and state classes 
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It is easy to notice that the values of quality measures for aggregation algorithms LAP, MOR and MAX 
previously recognized as the best, have a relatively large spread of values. The smallest scatter of the measure values 
was observed for the aggregation algorithms, which gives the lowest mean values, being least useful fusion of infrared 
and visible light images. It can be said that the fluctuation in the measure value does not retain the symmetry relative to 
the mean. There is a clear tendency to obtain higher values of measurement, that is bounded to the fact that often 
generated are better images than the worse from of an objective assessment point of view. On the basis of the results 
shown in Tab. 2 it can be found that the best algorithms in terms of the smallest scatter of the quality measure values 
can be regarded the wavelet algorithms DWB, SIH, and gradient pyramid algorithm GRA.  

During the evaluation of algorithms, the variability of each measurement according to class of the welding 
process state was also analysed. In Fig. 3 presents the three-dimensional graphs showing changes of values of the 
quality measures as a function of the welding process state class and type of aggregation algorithm. 2D drawings show 
more accurately the variability of measure obtained for each algorithm depending on the state class. In addition, Table 3 
lists the standard deviations for each measure and each of the considered aggregation algorithms. 

Table 4. Standard deviations for considered measure for aggregation algorithms 

Algorithm\Metric Q S En Mi 
MEA 0,023 7,248 0,141 0,377 
PCA 0,108 9,120 0,279 0,293 
MAX 0,060 6,031 0,045 0,489 
MIN 0,062 9,906 0,009 0,900 
LAP 0,041 7,889 0,074 0,399 
FSD 0,039 6,336 0,221 0,375 
RAT 0,067 7,661 0,067 0,484 
CON 0,088 7,561 0,009 0,428 
GRA 0,037 6,289 0,192 0,374 
DWB 0,030 7,284 0,129 0,366 
SIH 0,028 7,229 0,107 0,349 
MOR 0,071 8,780 0,082 0,314 

 
Plots of measures of quality and value of their standard deviations indicate that the most stable, depending on 

the considered state class are measurement of Q and M. Thus, these measurements can be assumed to be the most 
representative for the assessment of aggregation algorithms of infrared and visible light images of the welding arc. 

Taking into account the results of the values of objective measures, it was found that the most useful of the 
aggregation algorithm of infrared and visible light images of the welding arc is hierarchical morphological differences 
algorithm MOR. 
 

4.3. Subjective images assessment  

Subjective evaluation of aggregation algorithms was performed by three independent experts in the field of welding 
technology. The experts evaluated four sets of fused images. Each set consists of 12 images created by means of 
considered aggregation method of vision and infrared images acquired in different states of the welding process. Each 
expert indicated four best in his opinion images and rated them using scale from A to D. The main criterion which the 
experts used was visibility of image features, which allowed them to identify phenomena occurring in welding arc area. 
The authors did not perform induction of decision rules which the experts used. 
The analysis of the gathered expert rates allowed us to indicate the best 4 fusion algorithms in the sense of subjective 
evaluation. The identifiers of selected algorithms were presented in Table 5. It can be clearly seen that the algorithm 
MEA was most often indicated by experts. Similarly, images resulting from the use of algorithms SIH, RAT, GRA and 
MAX were also frequently selected. 

Table 5. Results of subjective evaluation of image fusion algorithms 

Expert Id Usability rate 
A B C D 

E1 MEA SIH RAT GRA 
E2 SIH MEA MAX RAT 
E3 DWB GRA MAX MEA 

Global MEA SIH RAT GRA 
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4. Conclusions 

The article shows results of the research which aims at indicating the subset of at least two from 12 best aggregation 
algorithms in order to apply them in fusion process of vision and infrared images of welding arc. Selection was performed 
on the basis of objective and subjective evaluation of images of welding arc resulted from the use of fusion of vision and 
infrared images acquired in 12 different states of welding process. 
The objective evaluation was made by means of 4 quantitative quality measures. The analysis of estimate values 
allowed indicating three best algorithms which were MAX, MOR and SIH. Additionally, scatter of estimate values was 
analysed which showed the best three algorithms with the smallest scatter of estimates values, which were DWB, SIH 
and GRA. Evaluation of scatter of measure values according to considered classes of welding process state gives us a 
conclusion that measures Q and Mi are the most adequate for estimation of welding arc images resulting from fusion 
operation. 

Objective evaluation performed by three experts of welding technology indicated five best fusion algorithms 
which are MEA, SIH, RAT, GRA and MAX. The results are convergent to the results of objective estimation with the use 
of measures Q and Mi. 
Taking into consideration all results of evaluation of fusion algorithms it can be stated that SIH and GRA  are the most 
suitable aggregation algorithms for use in fusion process of vision and infrared images of welding arc. In the authors’ 
opinion these algorithms subset should be completed with algorithms based on wavelet transformation like MOR and 
DWB. 

The performed research showed that despite the fact that subjective and objective estimates are convergent, it 
is necessary to elaborate an additional quality measure which would allow quality estimation of images of peculiar 
features describing a process i.e. welding process features. Searching for quality measure suitable for estimation of 
images of welding arc after fusion will be the aim of the further research of the authors.  
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