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Abstract 

Total Suspended Solids (TSS) is one of the key parameters used to determine water quality, which can be observed through the density level of 

suspended particles. The determination of TSS aims to ensure that river pollution levels can be controlled to maintain good environmental quality. 

However, the identification of TSS is still performed manually, which requires a relatively long processing time. This condition highlights the 

need for an effective and efficient identification process. Based on these considerations, this study aims to develop an extraction technique to 

identify TSS in river water using the Interpolation Mean Square (IMS) algorithm. The development of the extraction technique within the IMS 

algorithm is crucial for improving the performance of linear interpolation methods. Mean Square is proposed as a parameter in the interpolation 

process to optimize the extraction algorithm. The segmentation process based on the performance of the IMS algorithm involves exploring and 

grouping image intensity values. The resulting segmented image clusters are subsequently selected based on the values produced by the Mean 

Square computation, which are then processed as the final segmentation output. The experimental results show an improvement in the 

performance evaluation results of the IMS algorithm providing an increase of 7% to 10% over the previous linear interpolation method. The 

evaluation results produced by the IMS algorithm are 90.19% accuracy, 99.99% sensitivity, and 83.33% specificity. These results indicate that 

the improved interpolation method presented in the IMS algorithm produces optimal results in determining TSS. Improving the performance of 

the interpolation method through the development of an IMS-based extraction technique has succeeded in producing optimal identification results. 

The superiority of the IMS algorithm provides novelty in the development of interpolation techniques for automated segmentation. Furthermore, 

the findings of this study can effectively support the West Sumatra Environmental Agency in addressing river water pollution issues. 
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1. Introduction  

Water has become an important component in human life and is a primary need for all living things [1]. Water sources 

that have been widely used for the survival of the community can be obtained from river water [2]. Previous research 

in the study of the problem of determining river water conditions needs to be an important topic of discussion due to 

the large amount of river water pollution  [3]. Determination of the quality due to river water pollution has been carried 

out by measuring the normative level of the water quality index by determining the TSS object [4]. These measurements 

ensure that they produce information about particles such as the levels of chemicals that are used as considerations in 

determining water quality [5]. Based on this, the use of image processing technology is needed to present a flexible 

water quality measurement process with the TSS object identification process. 

Image processing technology has been utilized in various aspects such as the process of analyzing and predicting water 

quality [6]. Research in the case of water quality has been carried out using the MRSE-Net algorithm on the CNN 

architecture in segmented TSS analysis [7]. Another study reported that image processing technology has been quite 

successful in utilizing vision technology to determine water quality based on image acquisition, suspended solids 

recognition, quantity statistics, size estimation, and other image analysis processes [8]. The same study also explains 

that image processing technology can measure TSS objects to avoid the impacts that will be produced [9]. A study that 

is not much different also states that the concept of image processing is adopted in determining clean water which is 

seen based on the TSS value produced [10]. The development of image processing technology can be seen in extraction 

techniques that have been able to contribute to solving various problems [11]. Extraction techniques are basic concepts 
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in image processing that can be used in the identification process [12]. Extraction techniques can be explored by 

presenting knowledge contained in an image [13]. The resulting knowledge can be used as a reason for carrying out 

the identification process on an image [14]. The development of extraction techniques based on previous research can 

also be collaborated with interpolation techniques to manipulate images for the interests of the detection process [15]. 

The contribution of interpolation techniques can improve image quality in describing image objects [16]. Interpolation 

techniques require modification of geometry by matching the existence of objects that can affect the proportion of 

image elements as a whole [17]. 

Previous research reported the performance of interpolation techniques by playing neighboring pixel values providing 

image output that changes image quality [18]. Research using interpolation techniques combined with the Artificial 

Neural Network (ANN) method has also provided quite significant results with a matrix coefficient accuracy level of 

88% [19]. The same study also presents an image reconstruction process based on image resolution improvements [20]. 

A parallel study also reports that interpolation techniques have played an active role in modifying changes in improving 

image pixel values to minimize the effects of noise on an image [21]. The development of interpolation techniques can 

also be presented in the extraction process by manipulating images using the inserted method to provide fairly good 

output results in forensic images [22]. Interpolation techniques are also able to provide increased Deep Learning 

performance in classifying lung cancer [23]. The image extraction process with experiments using interpolation 

techniques combined with enhancement methods can present image resolution improvement output [24].  

Based on the research described previously, this study will also experiment with modifying the performance of 

interpolation techniques using statistical methods to develop image extraction techniques. This development is 

presented in the Interpolation Mean Square (IMS) algorithm to perform a series of image extraction processes to 

identify TSS objects. The use of Mean Square is based on generating average values that serve as parameters in 

interpolation-based segmentation. Mean Square ensures that the resulting values provide accuracy in the detection 

process. The development of extraction techniques based on the IMS algorithm presents a novelty in image processing 

techniques, particularly in identification. The proposed IMS algorithm is expected to provide optimal results in 

determining river water quality. This study also aims to contribute by presenting an alternative solution for the TSS 

object identification process. 

2. Literature Review  

The TSS identification process using semantic segmentation techniques based on the performance of the CNN model 

with CoANet presents the results of river water image segmentation in the identification process. The results of this 

study indicate that the CNN model with CoANet provides a significant increase in identification accuracy [25]. The 

same study also confirms that the TSS prediction process by utilizing the performance of the Regression method in 

Machine Learning (ML) has produced prediction results with a fairly good level of accuracy [26]. ML implementation 

can also be presented by involving statistical methods and regression models, which can also improve ML learning in 

predicting and identifying TSS objects [27]. A similar study on the identification process has also been developed 

based on ML concepts, involving Support Vector Machine (SVM), Random Forest (RF), and Artificial Neural Network 

(ANN) methods, which have produced results with a precision level of 82% in TSS identification [28]. 

The involvement of ML concepts in the same process can also be seen through the use of the Neighbor Mean 

Interpolation by Neighboring Pixels method. These two methods contribute significantly to the identification process, 

resulting in an 8% increase in accuracy in TSS identification [29]. The application of digital image processing concepts 

in ML also yields improved results in the detection and image manipulation process for determining TSS objects, based 

on the performance of the interpolation method [30]. Modifications to the performance of the interpolation method can 

also be presented in the Neighbor Interpolation update, which presents ML performance in TSS object detection [31]. 

The application and combination of remote sensing with multiple linear methods or concepts in ML performance can 

improve the accuracy of air quality predictions. This model can be used to integrate TSS variations [32]. Based on this, 

improvements in ML performance can be made by proposing the development of the IMS method in this research in 

the study of the identification process. 

3. Methodology  

The development of extraction techniques by modifying interpolation techniques in the TSS object identification 

process series presents novelty in the form of the IMS algorithm. The IMS performance algorithm is proposed to 
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provide improvements in image quality that will later be used in the extraction process in TSS object identification. 

The use of modified interpolation techniques based on the IMS algorithm can provide an overview of the identification 

process used in detecting TSS objects. The performance of the IMS algorithm can be presented in the research 

framework in figure 1. 

 

Figure 1. Research Framework 

Figure 1 is a describes the TSS object identification process for determining river water quality by developing an 

extraction technique using the IMS algorithm. The extraction technique presented describes the identification process 

stages, consisting of pre-processing and identification. The pre-processing stage employs image transformation and 

filtering to remove noise from the input image. The results of the pre-processing stage are then used in the next stage 

to perform the identification process using the IMS algorithm developed in the extraction technique. The IMS 

algorithm's performance is measured using statistical methods to calculate the mean square to generate parameter 

values used in edge detection. Figure 1 also explains the differences between the classical neighbor interpolation 

technique and the IMS algorithm's performance in detecting TSS objects. The detection process with the IMS 

algorithm, developed using the interpolation technique, improves pixel quality compared to the previous process. The 

IMS output is also refined by feature extraction to improve the TSS object detection process for determining river water 

quality. The detected TSS objects are then processed by calculating the object area and determining the image object 

characteristics using the GLCM method for identification. 

Figure 1 also presents innovations in the TSS object identification process using the IMS algorithm. The innovation of 

the IMS algorithm is evident in the improvement of statistical methods by involving Mean Squared Error in finding 

the average pixel value to be adopted in the segmentation process using the Neighbor Interpolation method. The 

performance of the IMS algorithm is expected to improve the segmentation process in the overall identification process. 

The role of the IMS algorithm can also be used as a model in the development of extraction techniques used in the 

identification process. 

The presentation of the identification process based on the performance of the IMS algorithm in the results presented 

can be concluded that the algorithm's performance has answered the challenge in optimizing the performance of the 
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Neighbor Interpolation method with the involvement of statistical methods. The results of the Mean Squared value 

presented provide new parameters in the performance process of the Neighbor Interpolation method to present a more 

optimal segmentation process. The description of the IMS algorithm can be presented in Algorithm 1. 

Algorithm 1. Adaptive Mean-Based Interpolation Filter 

Input : Img_fill (x,y) 

Output : (P) Parameter Value  

Initialization : img_label, numObjects, idx, m, n, resolution 

Image Input 

     Selected_Image = imread(fullfile(direktori,namafile)); 

Interpolation Mean Square  

% Determine the Row and Column Intensity Matrix of image pixels 

ab1 =     median_filtering_Image;  // filtered image variable 

nrows1 = size (ab1,1); // read the line of intensity values of the filtered image results 

ncols1 = size (ab1,2); // read the intensity value column of the filtered image results 

% Calculate the total number of image pixel matrices 

data=J2(1:nrows,1:ncols); // combine rows and columns of intensity values of the filtered image results 

total_row = nrows; // sum the total value of the intensity rows of the filtered image results 

total_colm = ncols; // sum the total values of the intensity column of the filtered image results 

% Total Image Pixel Row Intensity 

jx = sum(data) // sum of the total intensity values of all images 

% Total Image Pixel Column Intensity 

jy = sum(data') // transformation of intensity values of all images 

% Average Intensity Row Pixel 

xround = jx / nrows; // calculate the average value of all rows 

     yround = jy / ncols; // calculate the average value of all columns 

% Average Pixel Column Intensity 

xaksen = sum(xround); // the sum of the average values of all rows. 

yaksen = sum(yround); // the sum of the average values of all columns 

value_MS = (xaksen + yaksen)/ (nrows+ncols) // calculate the mean value 

             c = zeros([3 3]); 

             c (1, 1) = floor(value_MS (1,1)); 

             c (1, 2) = floor((value_MS (1,1)*2+ value_MS (1,2)*2); 

             c (1, 3) = floor(value_MS (1,2)); 

             c (3, 1) = floor(value_MS (2,1)); 

             c (3, 3) = floor(value_MS (2,2)); 

             c (2, 1) = floor((value_MS (1,1)* 2 + value_MS (2 1)*2); 

             c (2, 3) = floor((value_MS (2,2)* 2 + value_MS (1,2)*2); 

             c (3, 2) = floor((value_MS (2,2)* 2 + value_MS (2,1)*2); 

             c (2, 2) = floor((value_MS (1,1) + value_MS (1,2)); 

      end 

end 

Algorithm 1 presents the working structure of the IMS algorithm, which represents a novel approach to the object 

identification process. The performance of IMS proves that there has been an improvement in the performance of the 

Neighbor Interpolation method by involving the Mean Squared statistical method to find the threshold value adopted 

by the Neighbor Interpolation method. The threshold value generated through the Mean Square calculation is presented 

based on the average value of the image pixels. 
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3.1. Data Collection 

The TSS object identification process with the development of extraction techniques on the performance of the IMS 

algorithm is intended for determining river water quality. Input images in the object identification process can use 

direct addressing results on river water image capture results. The form of the river water image capture results used 

as a research dataset can be presented in figure 2. 

 
(a) 

 
(b) 

 
(c) 

Figure 2.  Sampel Image River Water Photography; (a) Image 1; (b) Image 2; (c) Image 3 

Figure 2 shows an example of the image data used in the TSS identification process. A total of 179 TSS images were 

collected from river water images taken at the laboratory of the West Sumatra Provincial Environmental Agency. The 

TSS images are in RGB format with a resolution of 512 x 512. These images will serve as input for the recognition 

process based on the performance of the developed IMS algorithm. The obtained dataset will later be divided into 150 

training images and 29 images as test data. This dataset division aims to test the performance of the IMS algorithm in 

the TSS object identification process. 

3.2. Nearest Neighbor Interpolation 

Nearest Neighbor Interpolation is a technique in image processing that only manipulates images by playing with image 

pixel values [33]. The role of interpolation techniques has basically contributed to the development of image processing 

techniques to overcome problems in the identification process [34]. The performance of interpolation techniques is 

able to manipulate new pixel values that refer to image pixel values [35]. The Nearest Neighbor Interpolation 

interpolation technique can be presented in formula (1) [36]. 

(x) =
|𝑥|

|𝑆𝑥| 
 

(y) =
|𝑦|

|𝑆𝑦| 
 

g(x′,y′) = f(round(x),round(y)) 

(1) 

Formula 1 explains that |𝑥| is the distance between the point to be interpolated and the image texture. The interpolation 

process ensures the use of kernel to obtain the pixel value of the interpolation result [28]. 

3.3. Mean Square Statistical Method 

Mean square is one of the statistical methods that has been widely used in analyzing data [37]. Mean square has also 

been adopted in computational problems that can be presented in an algorithm [38]. Mean Square is used as a process 

of evaluating a model to measure the effectiveness of machine learning [39]. The mean square equation can be 

presented in formula (2) [40]. 

µ = E(X) ∫ 𝑥. 𝑓(𝑥)
𝑎

−𝑎
. 𝑑𝑥 (2) 

Formula (2) presents the µ (Mean Square) value which is used to measure the distribution or spread of data. f(x) is the 

frequency of the data and d(x) is the distribution of the data spread [40]. 
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3.4. Edge Detection 

Edge detection in this study is one of the stages of the process in the performance of the IMS algorithm developed in 

the extraction technique. Edge detection is used to find the edge of an image object by referring to the object area based 

on the image intensity value [41]. Edge detection using the Sobel operator ensures that the kernel works with horizontal 

and vertical gradients presented in formula (3) [41] 

Ix = Gx∗ I (3) 

Formula (3) explains that the value of Ix is the value of the horizontal and vertical gradients in describing the edges 

of the image object. The edge detection process ensures that the image matrix is determined using the kernel (Gx) 

which can be determined. 

4. Results and Discussion 

The TSS object identification process using the IMS algorithm is presented in several stages, as shown in figure 1. The 

initial stage involves preprocessing to improve the previous input image. Preprocessing is also a crucial step, as each 

image must be free of any noise still present in the input image. The results of the preprocessing stage are presented in 

figure 3. 

 
(a) 

 
(b) 

 
(c) 

Figure 3.  Preprocessing Results; (a) Image Input; (b) Gray Transformation Result 2; (c) Filtering Result 

Figure 3 shows the preprocessing results aimed at eliminating noise contained in the previous input image. Figure 3(a) 

is the input image used in the TSS object identification process in determining river water quality. Figure 3(b) shows 

the initial preprocessing stage in performing grayscale image transformation. Figure 3(c) shows the continuation of the 

preprocessing process by using a median filter ring to eliminate previously contained noise objects. The preprocessing 

results will later become the input image in the TSS object identification process using the IMS algorithm. The 

performance of the IMS algorithm in improvising the interpolation method based on the mean square method for the 

TSS object identification process can be presented in figure 4. 

 
(a) 

 
(b) 

 
(c) 

Figure 4.  IMS Algorithm Performance Results; (a) Image Preprocessing Results; (b) IMS Result; (c) 

TSS Object 

Figure 4 illustrates the performance results of the IMS algorithm in identifying TSS objects to determine river water 

quality. Figure 4(a) is the initial input image used and continued in the preprocessing process, the results of which are 

presented in figure 4(b). Figure 4(b) shows the results of the IMS algorithm in detecting TSS objects. The detection 
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results produce optimal TSS object accuracy with a clear image of water particles. The final detection results are also 

clearly presented in figure 4(c), which can describe the TSS objects. The performance of the IMS algorithm in the TSS 

object identification process can also be simulated in a tool presented in figure 5. 

 

Figure 5.  TSS Object Identification Process 

Figure 5 shows the performance of the IMS algorithm in a tool designed for the TSS object identification process. The 

IMS algorithm has been proven capable of displaying TSS object output with visualization of detected objects and 

providing identification-related information. Based on these results, it can be explained that the IMS algorithm has also 

provided quite good performance in the object identification process, and can be claimed that the IMS algorithm offers 

innovation in the identification process. The performance of the IMS algorithm can also be compared with previous 

research in the use of Neighbour Interpolation and several other methods and concepts in the identification process, 

presented in table 1. 

Table 1. The Significance of The Relationships in The Model 

No Previous Research Results 
Performance of IMS Algorithm in TSS Object 

Identification 

1 

The development of architectures such as VGG-16, VGG-19, 

Inception-V3, Xception, DenseNet-121, MobileNet, and NASNet-

mobile delivers an accuracy rate of 87% in TSS identification [42] 

The development of a semantic segmentation model 

based on Resnet-18 using an unsupervised model 

presented an accuracy value of 97.09%, sensitivity 

of 90.05% and specificity of 97.70%. 

2 

The combination of interpolation techniques combined with the 

Artificial Neural Network (ANN) method has also provided quite 

significant results with a matrix coefficient accuracy level of 88% 

[19] 

3 
The machine learning model successfully predicted SSC with High 

spatiotemporal resolution analysis 82% [28] 

4 

The resulting Deep Learning model successfully detects particles 

in images with high accuracy (AP50 > 85% and F1 Score > 82%) 

[43] 
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Table 1 presents a comparison of the performance results of the IMS algorithm in the identification process based on 

previous research. The IMS algorithm's performance is superior, with an identification accuracy of 97.09%, a 

sensitivity of 90.05%, and a specificity of 97.70%. These results indicate that the IMS algorithm is quite successful in 

providing an identification process that can be claimed as innovative. This innovation is evident in the performance of 

the IMS algorithm supported by improvements in the Neighbor Interpolation method, which incorporates the Mean 

Squared statistical method. The results of this study can also provide maximum contribution. in handling problems in 

determining river water quality effectively and efficiently. This is needed to assist related parties in monitoring and 

maintaining the environment, especially river water quality. 

5. Conclusion 

The improved performance of the interpolation method, developed by developing an extraction technique based on the 

performance of the IMS algorithm, has been able to provide optimal identification results. This shows that the mean 

square method can provide accurate parameter values in the identification process, thus providing optimal results. 

These results can be seen based on the evaluation process with an accuracy of 97.09%, a sensitivity of 90.05%, and a 

specificity of 97.70%. The presentation of the identification results obtained has become a claim of this study, which 

states that the IMS algorithm provides a new identification process in determining river water quality. The novelty 

presented in the IMS algorithm also has limitations in low image resolution which results in poor IMS performance. 

Based on this, further research is expected to further develop the IMS algorithm by incorporating specific parameters 

for automatic identification, such as standard deviation, and allowing for comparisons using other statistical methods. 
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