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Abstract 
Tomatoes are a major export commodity in the country's plantation sector. This 

increases the urgency of efforts to increase tomato productivity, both in terms of quantity and 
quality. Evaluation of tomato quality currently relies on the degree of ripeness and skin texture. 
The conventional method currently used involves manual inspection, which can allow for 
misjudgment and economic loss. This research aims to use a digital image-based approach by 
utilizing a decision support system that combines the AHP and TOPSIS methods to assess 
tomato quality based on color and texture criteria. This research evaluates and ranks nine 
tomato images that have good quality, by giving higher priority to skin texture than skin color. 
Evaluation results from three tests showed that the system was able to determine the quality of 
tomatoes with an average kappa value of 0.78, which interpreted the results of good agreement 
between the system and expert judgments. 
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1. Introduction 

Tomato with the Latin name Lycopersicon esculentum is a plantation commodity that has 
a variety of uses, ranging from cosmetics, food ingredients, and medicines [1], [2]. Therefore, 
tomato plantations have increased and made it a leading commodity in the country's exports. 
Indonesia is a producer of tomato fruit which managed to export as much as 103,669 kg with an 
export value of 224,973 USD in 2022, showing a decrease compared to the previous year [3]. 
Therefore, efforts are needed to increase tomato productivity, both in terms of quantity and 
quality, so that the export volume no longer decreases in the future. 

Grouping the ripeness level of tomatoes is one method to evaluate their quality. In 
addition to examining skin color, tomato quality assessment can also be based on skin texture 
[4]. Currently, the conventional method used to assess tomato quality involves manual 
inspection. The main drawback of this conventional method is the length of time it takes, 
potentially leading to fatigue, which can result in errors in judgment [5]. Such errors can 
ultimately result in economic losses as low-quality tomatoes enter the market. 

There are various factors or criteria that can be used as a reference to determine good 
quality is a challenge that needs to be faced [6]. However, with the development of current 
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technology, it allows efficiency in data collection and analysis, especially by utilizing the 
development of existing information systems [7]. In overcoming these challenges, methods can 
be applied by utilizing the system to support decisions in solving problems efficiently and 
accurately by considering relevant criteria and data [8].  

In previous research, a Decision Support System (DSS) has been designed to evaluate the 
quality of rice seeds by utilizing the Analytical Hierarchy Process (AHP) method which 
produces a ranking of alternatives in making decisions for selecting the quality of rice seeds 
based on the criteria of plant height and age, rice color and shape, moisture, 1000 seed mass, 
and rice grains [9]. Testing the system resulted in a good performance level reaching 75%. 
Another research, a similar system design was carried out for the selection of superior rice seeds 
with a different method, namely Technique for Order Preference by Similarity to Ideal Solution 
(TOPSIS) based on the criteria of seed size, seed color, leaf weight and leaf height [10]. The 
results of the system feasibility test show that the user satisfaction level reaches the highest 
value of 96%. The next research, a similar system design was still carried out to select fruits 
worth selling with the Multi-Objective Optimization by Ratio Analysis (MOORA) method 
based on the criteria of fruit condition, fruit color, fruit texture, maturity level and fruit 
durability [11]. The results of this research developed a DSS to select marketable fruits, 
including kueni, watermelon, rambutan, snake fruit and pineapple. 

In addition, there is also research to classify the maturity and quality of tomato fruit using 
Artificial Neural Networks based on the results of extracting color features from tomato images 
[12]. The classification test results using 40 test images, obtained an accuracy of 90%. Finally, 
there is the same research to classify the quality of tomatoes, based on the characteristics of 
color, texture and shape based on image processing [13]. The classification test results with 90 
images as test data, obtained an accuracy percentage of 95.5%. Based on these studies, it can be 
stated that the combination of digital image processing techniques with decision support 
systems can potentially provide more useful information [14].  

Quality assessment of tomatoes is an important aspect of the agricultural industry, 
especially in the context of export commodities. The degree of ripeness of tomatoes plays an 
important role in determining their quality, with attributes such as skin color and texture being 
key indicators. Traditional methods of tomato quality assessment rely on manual inspection, 
which is time-consuming and prone to human error, potentially leading to economic losses due 
to the entry of low-quality tomatoes into the market. Thus, developing an efficient and accurate 
method is needed to evaluate tomato quality to ensure the competitiveness of national export 
commodities. 

Therefore, based on previous research and observations, this research aims to develop a 
digital image-based DSS with a combination of AHP and TOPSIS methods to assess tomato 
quality. The integration of AHP for determining criteria weights and TOPSIS method for 
ranking alternatives enables accurate and systematic evaluation. The evaluation criteria include 
a combination of features from the Red, Green, Blue (RGB) color space, as well as the Gray-
Level Co-occurrence Matrix (GLCM) method to measure the maturity level and quality of 
tomatoes. The system was developed to automate the process of image feature extraction and 
analysis through a user interface, allowing users to upload images and get evaluation results 
quickly. From the combination of the method and the comprehensive automation of image 
feature extraction, the system is expected to contribute to digital agriculture and image 
processing, by presenting an innovative solution for better and more accurate tomato quality 
evaluation. 

2. Research Methods 
In this research framework, a series of stages are carried out to achieve the research 

objectives. Details of the proposed research stages can be found in Figure 1. 
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Figure 1: Flow of Research Stages 

2.1. Data Collection 
At this stage, the data collection of tomato fruit images involves images from good 

quality tomatoes to low quality tomatoes. The image capture process is carried out in a special 
box equipped with controlled lighting. The goal is that the captured image remains consistent 
and unchanged despite influences such as noise or changes in light intensity. The specifications 
and settings for camera image capture are shown in Table 1. 

 
Table 1. Camera Specifications and Settings 
Specifications Description 
Camera Type Canon EOS 77D DSLR 

ISO 800 
Focal Length 55 

Exposure Time 1/6 sec 
F-Stop f/5.6 

Flash Mode No Flash 
Image Resolution 2976  1680 pixels 
Image Dimensions 72 dpi 

 
2.2. Digital Image Processing 

After the tomato image data is collected, the next step is to process the image data. 
Digital image processing can be interpreted as a method that aims to improve the quality of 
images stored in the form of numerical data, so that they can be processed using a computer 
[15]. In this research, digital image processing was carried out using MATLAB software. The 
stages of image processing are in Figure 2. 

 
Figure 2: Flow of Image Processing Stages 

 
The image processing process begins with the image preprocessing stage, where the 

image is converted into RGB color space. After the preprocessing stage, object segmentation 
and morphological operations are applied to the tomato image. Segmentation is performed with 
the Otsu method to separate objects from the background, followed by a series of morphological 
operations such as opening, closing, hole filling, and bwareaopen to obtain optimal 
segmentation results. After successfully segmenting the image, the next step is feature 
extraction. The extracted features include color features based on the RGB color space by 
calculating the average value of pixels in the image in each color channel, as well as texture 
features calculated using the GLCM method.  

In assessing tomato quality, color and skin texture criteria play an important role. Color 
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features are extracted from the RGB color space by examining the average value of pixel 
intensity in each RGB color channel to evaluate the color characteristics of tomatoes, where the 
dominance of red is often the main indicator of ripeness. In addition to the color criteria, the 
texture characteristics of tomato skin also affect the assessment. Therefore, GLCM is used to 
calculate a matrix that reflects texture patterns based on the spatial distribution of pixel 
intensities. The parameters used include contrast, energy, homogeneity and correlation values to 
provide information about the texture pattern of tomato skin. 

From the results of feature extraction, data patterns are analyzed to identify features that 
describe good or bad tomato quality. This analysis process involves recognizing patterns that 
appear in the extracted feature data. This is done through graphical representation or 
presentation in the form of visualizations such as line charts that are used to summarize and 
summarize the basic characteristics of the feature data, thus enabling a better understanding of 
the patterns that appear in the data. 

2.3. Determination of Criteria Weight using AHP Algorithm 
The AHP method is a framework for decision support that breaks down complex 

problems with many criteria into a hierarchical structure. In this research, the AHP method was 
chosen because of its ability to determine the relative weight for each criteria and sub-criteria, 
thus clarifying the relationship between criteria and their impact on the final decision [16]. With 
AHP method, the relative weight for each criteria and sub-criteria in tomato quality assessment 
can be determined according to their relevance in assessing the overall quality of tomatoes. The 
steps in applying the AHP method to determine the weight value are as follows. 

a. Determine the goals, criteria, and sub-criteria that are relevant to assessing the quality of 
tomatoes formed in the hierarchical structure.  
b. Assessing criteria and sub-criteria is done to express the level of importance using a ratio 
scale of 1 to 9, which is represented using a pairwise comparison matrix. 
c. Perform calculations to determine the local preference weight for each element. The 
determination of local preference weights is done by converting the pairwise comparison matrix 
into a normalized form. Normalization is done by dividing the cell value by the number of 
matrix column cells. The matrix normalization formula can be seen in equation (1). 

   (1) 
Description:  

  = Normalization result of i-th column, j-th row 
= Value in the pairwise comparison matrix in the i-th column and j-th row 

= The value of the comparison matrix in the i-th column 

After normalizing the pairwise comparison matrix value, the priority column value is 
calculated using the formula in equation (2).  

Priority Column Value =    (2) 
Description:  
Priority Column Value = Local preference weight 

 = Normalization matrix value in the jth row 
= Number of rows 

d. Determining logical consistency between elements and sub-criteria to ensure the priority 
order resulting from the pairwise comparison matrix remains logical. At this stage, a hierarchy 
consistency check is carried out, where if the Consistency Ratio (CR) value exceeds 10%, the 
matrix needs to be corrected, and if the CR value ≤ 10%, the results are considered valid [15]. 
e. Determine the global preference weight, which indicates the relative importance of each 
sub-criteria in assessing tomato quality. This weight is calculated from the local preference 
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weight with a CR value ≤ 10%, and is obtained by multiplying the local preference weight of 
the criteria by the local preference weight of the sub-criteria. 

2.4. System Design and Development by Applying TOPSIS Algorithm. 
System design is carried out to meet user needs by providing a clear and comprehensive 

description of the system design [17]. After the design, DSS development is carried out by 
utilizing MATLAB software. DSS provides a user interface and utilizes data that allows 
decision makers to integrate their thinking [18]. MATLAB software was chosen to develop a 
digital image-based decision support system because it not only provides efficient image 
processing tools and functions, but also allows the development of a Graphical User Interface 
(GUI) that facilitates use and interaction with the system. In the system development process, 
the TOPSIS algorithm is used to process user-submitted data. TOPSIS is a method in a multi-
criteria-based decision support system that calculates the distance of each alternative to the 
positive or negative ideal solution [18]. The TOPSIS method is used to assess the quality of 
tomatoes because of its ability to arrange a clear ranking of alternatives based on their similarity 
to the ideal solution.  

2.5. System Evaluation 
After the system was built, the next step was to test the system 3 times, by randomly 

uploading various tomato images. The test results were then evaluated by comparing them with 
the human judgment of the image expert. One evaluation method that can be used to compare 
these two methods is Cohen's Kappa. Cohen's Kappa calculation is used in evaluation 
performance measurement to measure the level of agreement between two raters on categorical 
data, taking into account the probability of agreement due to chance [19]. Therefore, before 
evaluating with Kappa Cohen's, the results of ranking by DSS and manual assessment by 
experts (raters) will be converted into three categories, where rank 1-3 is a high quality 
category, rank 4-6 is a medium quality category, and rank 7-9 is a low quality category. The 
formula for calculating Cohen's Kappa is listed in equation (3), where   represents the 
proportion of observed agreement and represents the proportion of agreement expected by 
chance [20]. 

κ =    (3) 

The interpretation of the assessment is based on the kappa value (κ) obtained, based on 5 
semi-quantitative categories, namely poor (κ < 0.2), low (0.21 < κ < 0.4), moderate (0.41 < κ < 
0.6), good (0.61 < κ < 0.8), and very good (0.81 < κ ≤ 1.0). 

3. Results and Discussion 
In the data collection stage, 50 tomato images were generated, with 20 images used for 

the system knowledge base and 30 images for system evaluation. Some examples of tomato 
image results are shown in Figure 3. 

      
Figure 3: Tomato Image Sample 

The collected image data is then processed with the aim of extracting the features. Before 
the feature extraction process is carried out, the object segmentation and morphology process is 
carried out first to separate the object and background. This is done to ensure the accuracy of the 
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feature extraction results obtained. The process of segmentation and morphology results as 
shown in Figure 4. 

       
 

Figure 4: Result Image after (a) RGB Conversion,  

(b) Segmentation, (c) Morphology and  

(d) RGB Clean Segmentation 

Figure 4(a) is the original RGB image, then the original image is segmented to produce 
an image like in Figure 4(b). The segmentation results shown in Figure 4(b) are still not perfect, 
because there is still a lot of noise in the background and there are holes in the object area. 
Therefore, morphology operation is required to produce a more optimized segmentation and 
morphology image, which is shown in Figure 4(c). The results of the segmentation and 
morphology are then applied to the original RGB image, resulting in the clean image shown in 
Figure 4(d). This clean image will have its features extracted. The results of the extraction of 
RGB color features and GLCM texture features are represented in graphical form in Figures 5-
6, with the order of tomatoes from good quality to low quality. 

 
Figure 5. Graph of Average RGB Color Intensity 

From Figure 5, it can be seen that the level of tomato ripeness can be determined by 
looking at the pattern formed on the graph. For the red, green, and blue channels, the high 
average value of pixel intensity indicates that the tomato fruit is not ripe, and the lower the 
average value of pixel intensity on the channel, the tomato image can potentially be identified as 
ripe. This is based on the fact that the higher the RGB color index value indicates that the 
extracted image is light in color and when the RGB color index value is smaller, it indicates that 
the extracted image is dark in color [21]. Based on this statement, tomatoes that are not yet ripe, 
have a green, yellow, or orange skin color will have a lighter color compared to the color of red 
or ripe tomatoes. To determine the redness, yellowness, and greenness of tomato fruit based on 
the RGB color space representation, channel R can be used for redness, channel R and G for 
yellowness, channel G for greenness, and channel R, G, and B for orange [22]. 

(a) (b) (c) (d) 
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Figure 6. Average Graph of Texture Features (a) Contrast, (b) Correlation, (c) Energy and  

(d) Homogeneity 

Based on Figure 6, it can be seen that the texture features generated from the GLCM 
method can provide information about the properties of the texture in the image, such as 
contrast, correlation, energy, and homogeneity. In Figure 6(a), it can be used to measure the 
difference in gray level in the image [23]. Meanwhile, correlation aims to assess the extent of 
the linear relationship of gray degree in a pixel [24]. In Figure 6(b) correlation can provide 
information about the extent to which colors or patterns tend to move together along the surface 
of the tomato fruit. Energy describes how uniform the distribution of pixel intensities is. The 
energy in Figure 6(c) focuses more on how evenly distributed the pixel intensities are, with high 
values indicating an even distribution or smoother texture. The homogeneity in Figure 6(d) can 
provide information on how uniform or to what extent the intensity varies on the fruit surface. 

After analyzing the patterns from the feature extraction results, the next step is to perform 
calculations using the AHP algorithm to determine the weight value of each criteria. In the AHP 
algorithm, the first step is to create a hierarchy or mapping between criteria and sub-criteria 
used in assessing tomato quality. The following is a picture of the hierarchy that has been 
designed in this study. 

 
Figure 7: Hierarchy of Tomato Quality Determination 

(a) (b) 

(c) (d) 
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Figure 7 shows that the goal of this decision support system is to assess the quality level 
of tomatoes. The criteria that will be the benchmark of tomato quality are in terms of color and 
texture of the skin. The two criteria each have sub-criteria related to the criteria themselves. The 
color criteria is taken from the RGB color space of the tomato image processing results, so the 
sub-criteria contained in the criteria are the average intensity of Red channel, Green channel, 
and Blue channel. Meanwhile, to determine the texture criteria of tomato skin, the GLCM 
method is used with four parameters that become sub-criteria supporting texture, namely 
contrast, correlation, energy, and homogeneity. 

Next, the level of importance between criteria and sub-criteria is determined using a 
pairwise-comparison matrix. The following is a comparison matrix between color criteria and 
texture criteria. 

Table 2. Results of Pairwise Comparison Matrix between Criteria 
Criteria Color Texture 

Color 1 0,333333333 
Texture 3 1 
Total 4 1,333333333 

From Table 2, it can be seen that the texture criteria is slightly more important than the 
color criteria. This determination is based on the assumption that if a tomato has a red color but 
has a poor skin texture, it can be decided that the tomato is of poor quality. Conversely, if the 
tomato has a poor color but has a good texture, then it can be decided that the tomato is not too 
bad. This is because for the ripeness or color of tomatoes, it is still possible to ripen after 
storage, while if the texture of tomatoes is not good, such as broken or cracked, then the 
tomatoes cannot be preserved. For the normalization results of the pairwise comparison matrix 
and the local preference weight values of each criteria, as in Table 3 below. 

Table 3. Normalization Matrix between Criteria 
Criteria Color Texture Total Local Preference 

Weight 
Color 0,25 0,25 0,5 0,25 

Texture 0,75 0,75 1,5 0,75 
Total 1 1 

Table 4. Matrix Sum of Each Row and Calculation of Consistency Ratio Between Criteria 

Criteria Color Texture Total 
Local 

Preference 
Weight 

Multiplicati
on Result 

Color 0,25 0,25 0,5 0,25 2 
Texture 0,75 0,75 1,5 0,75 2 

Total 4 
Number of Criteria 2 

λ 𝑚𝑎𝑘𝑠 2 

From Table 4, it can be determined that the value of the random consistency index with 
two criteria is 0, and the consistency index is 0, resulting in a consistency ratio of 0, which is 
below the maximum limit of 10%. Therefore, the assessment of the level of importance made is 
acceptable. After that, calculations are carried out to determine the weight of local preferences 
for sub-criteria. The comparison matrix between sub-criteria is presented in Table 5-6. 

Table 5. Results of Pairwise Comparison Matrix between Color Sub-Criteria 
Color Sub Criteria  Red Green Blue 

Red 1 1 3 
Green 1,00 1 3 
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Color Sub Criteria  Red Green Blue 
Blue 0,33 0,333333333 1 
Total 2,333333333 2,333333333 7 

Based on Table 5, it can be seen that the value of the Red sub-criteria has the same level 
of importance as the Green value, and is slightly more important than blue. The Green sub-
criteria is also slightly more important than Blue. From the pairwise comparison matrix between 
color sub-criteria in Table 8 above, the value of λ max = 3, random consistency index of three 
sub-criteria 0.58, and consistency index = 0, thus obtaining a consistency ratio of 0 which is 
below the maximum limit of 10%. Therefore, the local preference weight value of the color sub-
criteria is obtained in Table 6. 

Table 6. Weight of Local Preference for Color Sub-Criteria 
Color Sub-Criteria  Local Preference Weight 

Red 0,524675325 
Green 0,333766234 
Blue 0,141558442 

Table 7. Pairwise Comparison Matrix between Texture Sub-Criteria 
Texture Sub-Criteria Contrast Correlation Energy Homogeneity 

Contrast 1 2 0,2 2 
Correlation 0,50 1 0,333333333 1 

Energy 5,00 3 1 3 
Homogeneity 0,5 1 0,333333333 1 

Total 7 7 1,866666667 7 

Table 7 shows the matrix of importance between texture sub-criteria, where contrast has 
an importance level with a scale of 2 compared to correlation and homogeneity. Meanwhile, 
correlation has the same level of importance as homogeneity and energy has a level of 
importance with a scale of 3 compared to correlation and homogeneity. From the pairwise 
comparison matrix between texture sub-criteria in Table 14 above, the value of λ max = 
4.187967739, random consistency index with four sub-criteria of 0.9 and consistency index = 
0.062655913, so that the consistency ratio of 0.069617681 is obtained which is still below the 
maximum limit of 10%. Therefore, the local preference weight value of texture sub-criteria is 
obtained in Table 8 below. 

Table 8. Normalization Matrix between Texture Sub-Criteria 
Texture Sub-Criteria Local Preference Weight 

Contrast  0,205357143 
Correlation  0,133928571 

Energy  0,526785714 
Homogeneity  0,133928571 

From the calculation of the local preference weights, a global preference weight will be 
determined that describes the relative importance of each sub-criteria in assessing tomato 
quality. The global preference weights of the sub-criteria can be seen in Tables 9-10. The results 
of the calculation of global preference weights in Tables 9-10 will be used as weights in the 
process of determining tomato quality using the TOPSIS method, making it possible to make 
decisions based on predetermined criteria. 
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Table 9. Global Preference Weight of Color Sub-Criteria 
Color Sub-Criteria Global Preference Weight 

Red 0,107142857 
Green 0,107142857 
Blue 0,035714286 

Table 10. Global Preference Weight of Texture Sub-Criteria 
Texture Sub-Criteria Global Preference Weight 

Contrast 0,154017857 
Correlation 0,100446429 

Energy 0,395089286 
Homogeneity 0,100446429 

After obtaining the weight value for each criteria, system design and development are 
then carried out. Use case diagram is part of the system design that helps in identifying and 
modeling the main needs from the user's point of view. The Use Case diagram of the developed 
system is illustrated in Figure 8. 

 
 Figure 8. Use Case Diagram 

From Figure 8, it can be seen that the developed system allows users to upload tomato 
images. After the tomato image is uploaded to the system, the user can process the images. 
After processing, the user can see the results of image feature extraction and ranking results 
based on the calculation of the AHP-TOPSIS hybrid method. In addition, the user can also reset 
the system, and finally the user can close the system. 

 
Figure 9. System Development Results 
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After designing the use case diagram, the next step is to develop the system. The 
successfully built system can be seen in Figure 9. The developed system can extract features 
from the uploaded image, both color and texture features. The results of feature extraction 
between color and texture have different value ranges, where for color has a range of 0-255 and 
for texture has a range of 0-1. This will result in inaccuracies when performing calculations in 
the decision support system. Therefore, to process the feature extraction data, the TOPSIS 
method is used, where in this method, the calculation process is based on a normalized decision 
matrix, so that the difference in the value range of the two criteria will not affect the calculation 
results [25].  

The attributes of each color criteria are determined based on the color intensity graph in 
Figure 5. For ripe tomatoes, Red channel is high and Green channel is low, while tomatoes that 
are not ripe or not red have a low Red channel and high Green channel. Blue Channel is also 
inversely proportional to Red channel. Therefore, Red channel is categorized as a benefit 
criteria, while Green and Blue channels are categorized as costs. The texture criteria are based 
on the graphs in Figure 6, where the contrast graph in Figure 6(a) drops, so it is categorized as a 
benefit. The correlation graph in Figure 6(b) is inconsistent, but tomatoes with poor texture have 
high correlation values, so they are categorized as costs. The energy and contrast graphs in 
Figure 6(c) and (d) show a consistent increase, so these criteria are also categorized as costs. 
The developed system was then tested as illustrated in Figures 10-12. 

 

 
Figure 10: First System Test Results 

 
Figure 11: Second System Test Results 
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Figure 12: Third System Test Results 

Based on the system test results in Figures 10-12, the comparison between the results of the 
system assessment and the assessment by the rater who is a lecturer who has a research focus 
and is an expert in the field of image processing is shown in Table 13. 

Table 13. Comparison of DSS Assessment Results with Rater 
Rank 1st System Test 2nd System Test 3rd System Test Category 

DSS Rater DSS Rater DSS Rater 
1 C-5 C-3 C-2 C-1 C-2 C-3 High  

Quality (H) 2 C-9 C-9 C-9 C-9 C-1 C-1 
3 C-3 C-5 C-1 C-2 C-3 C-2 
4 C-8 C-7 C-4 C-3 C-4 C-6 Medium 

Quality (M) 5 C-7 C-8 C-3 C-8 C-6 C-9 
6 C-2 C-2 C-5 C-5 C-8 C-8 
7 C-6 C-6 C-7 C-4 C-9 C-7 Low  

Quality (L) 8 C-4 C-4 C-8 C-7 C-7 C-5 
9 C-1 C-1 C-6 C-6 C-5 C-4 

After the comparison, the next step is to create a contingency matrix from the comparison in 
Table 13 so that Cohen's Kappa value can be calculated. This contingency matrix serves to 
summarize the evaluation results of the various categories assessed by the DSS and rater. The 
contingency matrix of the three DSS tests is presented in Table 14. 

Table 14. Contigency Matrix between DSS and Rater Assessment Results 
 System Test 1 System Test 2 System Test 3 

H M L Total H M L Total H M L Total 
Rater: H 3 0 0 3 3 0 0 3 3 0 0 3 
Rater: M 0 3 0 3 0 2 1 3 0 2 1 3 
Rater: L 0 0 3 3 0 1 2 3 0 1 2 3 

Total 3 3 3 9 3 3 3 9 3 3 3 9 

After creating the contingency matrix from the comparisons in Table 13, the next step is to 
calculate Cohen's Kappa value to assess the level of agreement between the DSS and the rater. 
Based on the contingency matrix in Table 14, the kappa value of each test is calculated and 
listed in Table 15. 

Table 15: Kappa value of DSS testing 
System Testing Observed agreement 

(  
Expected agreement 

(  
Kappa 

(κ) 
1st System test 1,00 0,33 1,00 
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System Testing Observed agreement 
(  

Expected agreement 
(  

Kappa 
(κ) 

2nd System test 0,78 0,33 0,67 
3rd System test 0,78 0,33 0,67 

Average 0, 78 

Based on Table 15, the kappa value obtained of 0.78 indicates a good level of agreement 
between the assessment results from the dss and the rater. A kappa value in this range indicates 
that the DSS has achieved a good level of accuracy in evaluating tomato quality, almost 
equivalent to the manual assessment by the expert. In one of the previous literatures [9], the 
DSS developed was evaluated through user satisfaction with a satisfaction percentage of 75%, 
while in this study the DSS was evaluated using the Kappa Coefficient to test the proposed 
method with the results reaching 78%, which is in the interpretation of good agreement [20]. 
However, there are limitations and challenges in the development and application of this DSS. 
This can be seen in the results of the comparison of the DSS ranking with the rater in Table 13, 
where the ranking results are not much correct when the assessment results are not categorized. 
The DSS test results show a less than optimal ranking, with some ranking orders that do not 
match the rater's assessment. 

4. Conclusion 
Based on the experiments that have been carried out related to the Implementation of Digital 

Image-Based Decision Support System with Hybrid AHP-TOPSIS Method in Assessing 
Tomato Quality Level, seven criteria are used, three of which are the criteria for the intensity of 
the red channel pixels, the intensity of the green channel, and the intensity of the blue channel to 
assess the color of the tomato image. The other four criteria are used to assess the texture of 
tomatoes, namely contrast, correlation, energy, and homogeneity. The system evaluation results 
show that the DSS is quite capable of determining the quality of tomatoes with a kappa value of 
0.78, which interprets a good agreement between the DSS assessment and the rater . In the test 
results there are some ranking results that are not in accordance with the expert, this is due to 
the determination of the level of importance between criteria and between sub-criteria that are 
still not optimal. In addition, the resulting image is still not too consistent, thus triggering errors 
in system assessment. It is hoped that future research can consider adding criteria, such as fruit 
size and shape, to more accurately assess the quality of tomatoes. 
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