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Abstract 
Measuring the fitness of the fused image plays a key role in image fusion applications. For a learning process 
performed in a machine learning algorithm, the result of the fusion should be evaluated numerically. In the 
literature, there are well-known quality metrics developed for this purpose. Each metric evaluates the quality 
of the image using a different method. However, to be used in the learning process, the quality metrics must 
be able to provide results compatible with the change in the image's visual quality.  In this study, synthetic 
images with known quality levels were created for this purpose. The scoring accuracy of six quality metrics 
commonly used in the literature was compared with these test images and the results were evaluated.
Keywords: image fusion, image quality metrics, image processing. 
 

INTRODUCTION 

Merging the information contained in two or more images to obtain a single image with more meaningful 
information is called image fusion. Image fusion is used in a variety of fields. We can divide image fusion 
applications into two: single-mode and multi-mode image fusion (Huang et al. 2020). While single-mode 
image fusion captures images of the scene with different parameters from the same sensor, multi-mode image 
fusion captures the same scene with different sensors. 

The best-known application of single-mode image fusion is multi-focus image fusion. In multi-focus image 
fusion, images captured at different focal lengths are combined (Xiaole Ma et al. 2021). Due to the structure 
of the camera hardware, it is known that the images can only be focused to a certain distance. Therefore, objects 
near the focused distance will appear sharp in the image, while objects closer or farther away will be perceived 
as blurred depending on the distance. If it is desired to produce an image where every part of the scene is 
clearly visible, it is necessary to transfer the clear areas in the source images captured with different focal 
lengths into a fused image. The most important step in this process is to determine the sharpness of the source 
images. 

On the other hand, multi-mode image fusion also has a wide range of applications (Aslantas et al. 2014). 
Medical applications combining CT images sensitive to hard tissue and MR images sensitive to soft tissue are 
common in the literature (Li et al. 2021). Military applications are also well-known examples of multi-mode 
image fusion. Battlefield observation (Wanyi Zhang et al. 2020) and concealed weapon detection are examples 
of this application area. Another multi-modal image fusion application is enhanced night vision (Yanling Chen 
et al. 2022; Nashwan Jasim Hussein et al. 2017), which aims to improve perception in dark environments. 
Another common application is remote sensing where multispectral images are combined (Kurban 2021).

The importance of the information obtained through the fusion process depends on the application area. 
Regardless of the purpose of image fusion, the resulting fused image should be evaluated by objective or 
subjective tests. Subjective evaluation is a process of interpreting the quality of the image based on human 
perception. Human perception can be influenced depending on environmental conditions 
2007). Moreover, it is not suitable for use in an intelligent software algorithm since it is a time-consuming 
process (Aslantas et al. 2014). For this reason, a function that objectively provides a numerical value about the 
quality of the image is needed. This function is called the objective quality metric. Many quality metrics have 
been proposed in the literature (Aslantas and Bendes 2015; Xydeas and Petrovic 2000; Guihong Qu et al. 2002; 
Eskicioglu and Fisher 1995; V. Aslantas and R. Kurban 2009). 

Metrics can be used to compare fusion methods as well as a measure of fitness value in processes performed 
with deep learning or optimization algorithms (Liu et al. 2018; Zhang 2021; Zhou et al. 2019; Sen Qiu et al. 
2021; Li et al. 2018; Aslantas et al. 2014). It is important to compare quality metrics for such applications.
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Quality metrics are expected to give better scores the better the fused image is. An image fusion process should 
transfer the meaningful information in the source images into the fused image. Therefore, defining the quality 
of a metric in terms of image fusion is not only about what the fused image contains, but also about how much 
meaningful information the source images provide. Meaningful information is edge information that can be 
perceived in an image (Zhiyun Xue ,Zhong-Ying Zhang ,Rick S. Blum 2005). 

In this context, synthetic test image sets, whose quality can be determined independently of human perception, 
were created for single-mode and multi-mode image fusion in this study to compare quality metrics. These 
sets consist of input images and some fused images whose visual quality order is known in advance. In this 
way, it was possible to observe how the quality metrics perform as the quality of the image fusion increases.

The rest of the paper is organized as follows: Section 2 describes the image quality metrics used in experiments. 
In Section 3 test images sets are introduced and experimental results are discussed. Finally, the conclusion is 
presented. 

IMAGE QUALITY METRICS 

Quality metrics used in experiments are defined in this section. First and second source images are represented 
as  and  respectively and fused image is represented as  in the equations.  

The structural similarity (SSIM) is a metric that yields similarity between images (Wang et al. 2004). the mean 
SSIM index value between the two images computed as follows: 

 (1)

Where x is fused image and y is source image. The SSIM is calculated as: 

 (2)

Where  and are averages and,  and  are variance.  is the covariance of inputs. and 
. We used SSIM metric in our experiments as follows:  

 (3)

Quality of edge (QoE) is a measure of how much edge from the input images transferred to fused image 
(Xydeas and Petrovic 2000). QoE is use the sobel operators for this purpose.  
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where wa and wb are weighting coefficients based on sobel edge strength of the input images, ka ve kb

edge preservation coefficients. 
Mutual information (MI) make use of Kullback-Leibler measure to determine shared information between two 
images as follows (Guihong Qu et al. 2002): 
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Where Pxy is the normalized joint gray level histogram of the input images. Px and Py are normalize histogram 
od input images respectively. Maximum contribution of input images is desired in image fusion applications. 
Consequently, sum of the shared information between input images and fused image are used as metric value 
in the MI as follows: 

),(),( 21 ff IIMIIMMI  (6)

Standard deviation (STD) is another quality metric used in the experiments. Diversity of intensity value is an 
indicator of image quality. This metric make evaluation just by using fused image as follows: 
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Where i and j are pixel coordinates and I  is the mean value of the pixel values of the fused image. 
Spatial Frequency (SF) measures the general activity that expresses the changes in the image (Eskicioglu and 
Fisher 1995). It is built on first-order differences between neighboring pixels. First, the gradients of the pixel 
differences for the rows (R) and columns (C) in the I image are calculated as follows: 
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The final SF value is expressed as: 
22 RCSF  (10)

Sum of the correlation of differences (SCD) is a measure of how much the input image make contribution to 
the fused image (Aslantas and Bendes 2015). The main idea in the SCD metric is the fact that the fused image 
is built from the source images. Therefore, the difference between any source image and the fused image will 
give information about the contribution of the other source image. These differences expressed as: 

11 IIF f  (8)

22 IIF f  (9)

The SCD value is calculated as follows:  

),(),( 2211 IFrIFrSCD  (10)

Where r(.) is the Pearson correlation between two images. 

TEST IMAGES 

Some sets of test images are produced synthetically. In this way, it is known in advance what the fused image 
should contain. Consequently, a visual evaluation is possible that is not influenced by environmental conditions 
and personal perception. 

   

a- First input image b- Second input image c-  

   

d-  e-  f- Expected fused image 
Figure 1. The first test image set 
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Figure 1 shows the first synthetic test image set. This set was created for multi-focus image fusion. There are 
some blurred areas in the first and second input images. It is expected that there should be no blurred areas in 
a fused image. Therefore, in this test image set, we know which areas of the input images should be moved to 
the fused image. The sharp image has no blurred areas, as shown in Figure 1 f. 

  

a. First input image b. Second input image c.  

   
d.  e.  f. Expected fused image 

Figure 2. The second test image set 
In multi-sensor image fusion, the input images of the same scene are acquired from different sensors such as 
the thermal, the visible, or the MR. Therefore, the intensity values in all the input images have different 
meanings. Regardless of what the intensity values stand for, something that can be detected by one sensor in 
the scene will cause intensity variations in the image. That is, the edges would show up on the image. 
Accordingly, in Figure 2, some edges were added to the input images and all detectable information was 
represented in the expected fused image. 

EVOLUTIONAL RESULTS 

To show the performance of the metric, we first establish the matches between the images in the test sets to 
define the inputs and outputs for image fusion. Each image set contains two predefined source images. These 
images became the input images for each matching. In the matching process, each image sequence is assumed 
to be the output of the fusion process and 
mappings between F1 and F6 were obtained from the first image set, and the mappings between F7 and F12 
were obtained from the second image set. These mappings are listed in Table 1. 

Table 1. Image fusion tests 
Test  First Input Second Input Fused Image 
F1 Figure 1 a- Figure 1 b- Figure 1 a-  
F2 Figure 1 a- Figure 1 b- Figure 1 b-  
F3 Figure 1 a- Figure 1 b- Figure 1 f- 
F4 Figure 1 a- Figure 1 b- Figure 1 d- 
F5 Figure 1 a- Figure 1 b- Figure 1 e 
F6 Figure 1 a- Figure 1 b- Figure 1 f 
F7 Figure 2 a Figure 2 b Figure 2 a 
F8 Figure 2 a Figure 2 b Figure 2 b 
F9 Figure 2 a Figure 2 b Figure 2 c 
F10 Figure 2 a Figure 2 b Figure 2 d 
F11 Figure 2 a Figure 2 b Figure 2 e 
F12 Figure 2 a Figure 2 b Figure 2 f 

Table 2 shows the test quality scores for the first set of images. The desired result for this set is that it receives 
the best value for the F6 test, where Figure 1 f is the output. The SSIM QoE STD and SCD metrics give the 
best values for the desired image when examining the values. However, not every metric can adhere to the 
order mentioned in the previous section. 
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Table 2. Metric values for multi-focus tests.

Test SSIM MI QoE SF STD SCD

F1 1,4481 3,1927 0,5245 9,2724 11,1597 NaN
F2 1,4481 3,1927 0,5245 9,2770 11,1597 NaN

F3 1,4327 2,1887 0,5632 7,4659 11,2214 0,7766
F4 1,4350 2,0008 0,5457 6,7196 11,2460 0,8959
F5 1,4356 1,9195 0,5801 5,8796 11,2688 1,0341
F6 1,4490 1,8407 0,6013 4,8894 11,2916 1,1699

While the various metrics provide the best value for the right image, it turns out that they cannot rank properly 
for the intentionally produced images. To better illustrate this situation, linear normalized metric values are 
given in Figure 3. Each test value for each metric is presented in the form of a graph. When looking at the 
graphs, it becomes clear that not every metric can provide the desired ranking. While the metrics MI and SF 
provide an opposite score to the desired results, it is observed that a parallel score is obtained for metrics other 
than SSIM. For the SSIM metric, the result in the first two tests gives a high value as it is one of the image 
inputs. The SCD metric calculates the difference between the input image and the output image. The result of 
this calculation is a zero matrix in the first two tests. Due to the zero matrix in the correlation calculation used 
by its mathematical structure, it could not produce a numerical value in F1 and F2 tests, but in the other tests, 
it could produce the desired graph

Figure 3. Normalized metric values for multi-focus results.
Table 3 shows the evaluation results of the quality metrics for the second image set. As with the first image 
set, the final predefined test for the second image set includes the desired fusion result, and the metrics are 
expected to provide the best result for this test. The best values are highlighted in bold in the table. Looking at 
the values in the table, each metric has achieved the best value in the F12 test.

Test SSIM MI QoE SF STD SCD

F7 1,1909 1,2977 0,5105 78,0775 91,0532 NaN
F8 1,1909 1,2977 0,5103 78,0775 91,0532 NaN
F9 1,0231 1,1026 0,2995 55,9404 66,5827 0,4689
F10 1,1339 1,1529 0,4958 77,5552 89,6247s 0,9054

F11 1,2045 1,2566 0,6417 91,6649 104,5379 1,3846
F12 1,2160 1,3202 0,7413 101,8006 114,1801 1,8200

Looking at the variation in metric scores between tests for the second set of images in Figure 4, after the two 
high scores in tests F7 and F8, there is an increase from test F9 to test F12. In the first two tests, the result 
image is one of the input images. Considering that the meaningful information in this set of images is the 
horizontal and vertical lines in the source images, we can observe that the total number of edges and the number 
of data transmitted from the source images in F7 and F8 is higher than that of the result images in tests F9, F10 
and F11. All metrics provided the expected results except that the first two tests did not provide results due to 
the structure of the SCD.
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Figure 1. Normalized metric values for multi-sensor results.
The importance of metrics that provide numerical results compatible with visual quality in Deep Learning or 
optimization processes cannot be ignored. Metrics are functions that provide numerical values about the fitness 
of the fused image and are used in objective evaluation. If machine learning is to be performed for image 
fusion, the metric values would play a key role in the training process of the system because the result images 
that the system would produce should be evaluated objectively and the development should be observed 
numerically. At this point, the values produced by the metrics should be compatible with the subjective 
evaluation. The experimental tests conducted show how the metrics produce results in different applications 
of image fusion.

CONCLUSION

In this paper, six image fusion quality metrics from the literature are compared in terms of their compatibility 
with visual quality changes. To compare the results of the quality metrics, two image sets are synthetically 
created. Each image set consists of two predefined input images and four fused images. The input images of 
the first image set contain blurred images for use in multi-focus image fusion. The second image set contains 
input images consisting of synthetically replaced edges.

The experimental result shows that quality metrics that use the input image for evaluation are more consistent 
with visual quality. Since sharpness increases the standard deviation, STD gives better results in the multi-
focus application as the overall sharpness increases. In both sets of tests, QoE, SCD and SSIM provide more 
acceptable results than the others for all tests.
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