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Abstract: A new VARMA and Exponential Smoothing engine evaluates spatial changes in water and soil quality 
around industrial locations. Industrial impacts on ecosystems must be monitored and assessed, according to this study. 
The proposed engine accurately assesses water and soil quality, outperforming current methods. VARMA and 
Exponential Smoothing studies boost engine performance. Selected Industrial Areas in Chhattisgarh are 92.5% 
accurate, 91.9% exact, and 93.4% remembered. These data demonstrate the engine's geographical variability and water 
and soil resource quality accuracy. Existing engines lack advantages of the suggested engine. First, combine VARMA 
with Exponential Smoothing to improve accuracy and prediction. Second, the engine monitors and assesses 
environmental effects at industrial sites for pollution control and resource management. The engine can quickly 
identify areas that need attention and assistance by recognizing spatial differences. This research improves industrial 
environmental monitoring and assessment. The engine can help policymakers, environmental agencies, and industry 
reduce pollution and conserve resources. Sustainable growth is supported by protecting water and soil quality in 
industrial zones. 
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1. Introduction 

Industrialization increased global growth and 
technology. Many of these activities impair the ecology, 
especially water and soil quality. Industrial water and 
soil pollution harms ecosystems and humans for the 
process. Thus, sustainable development and 
environmental management require industrial water and 
soil quality monitoring and evaluations.  Periodic 
sampling and lab analysis are used to check water and 
soil quality. These technologies provide useful 
information but are limited in speed, cost, and coverage. 
They may also fail to capture pollution patterns' dynamic 
nature and provide real-time intervention information. 
Thus, unique and effective methodologies are needed to 
overcome these constraints and understand regional 
water and soil quality disparities [1, 2, 3].  
A VARMA and Exponential Smoothing engine to 
analyze industrial water and soil quality is proposed in 
this research. Exponential Smoothing predicts future 
values using time series analysis, while VARMA models 
fluctuating interdependencies and dynamic links using 
statistical modeling. We will combine these two 
methodologies to increase the precision and 
predictability of assessing the quality of both water and 
soil. 
There exists an urgent necessity to monitor and evaluate 
industrial water and soil quality in selected industrial 

areas of Chhattisgarh; as industrial development in this 
area has grown rapidly but there remains much to be 
done to control pollution and utilize resources 
appropriately by examining the geographic differences 
of water and soil quality.  

The proposed engine has several advantages over current 
methods. First, VARMA and Exponential Smoothing 
analysis have been combined to provide improved 
accuracy and predictions. VARMA provides a 
comprehensive representation of the complex 
relationships between water and soil quality parameters 
that exist during the process for complete evaluation of 
these relationships. Exponential Smoothing analysis will 
provide the ability to predict future trends to allow for 
proactive decision making and real time actions [4, 5, 6]. 
In addition, the engines focus on industrial applications 
will ensure that monitoring and evaluation will occur at 
the location where they are needed most (i.e., industrial 
tasks) for the process. The analysis will be specifically 
designed to address the unique challenges faced by each 
industry, thus enabling policymakers, environmental 
agencies, and corporations to effectively assess the 
environmental impacts associated with their industrial 
operations and implement the best possible strategies to 
mitigate pollutions.  

Also useful is the engine's ability to collect data 
regarding the spatial variations of water and soil quality. 
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Collecting such data allows for the identification of those 
areas with the greatest contamination. Such high levels 
of spatial resolution will also enhance environmental 
management and action sets. The engine was 
successfully tested in the industrial areas of Chhattisgarh 
and produced impressive results including an accuracy 
rate of 92.5%, a precision rate of 91.9%, and a recall rate 
of 93.4%. VARMA and Exponential Smoothing analysis 
were used to create a reliable and efficient engine for 
evaluating water and soil quality surrounding industrial 
sites. Research indicates that the monitoring and 
evaluation of industrial water and soil quality is 
necessary [7, 8, 9]. The combination of complete 
evaluation, industrial targeting, and the ability to 
examine spatial changes creates an advantage for the 
engine compared to traditional methods. The results from 
the study may assist policymakers, environmental 
agencies, and business leaders to promote the protection 
of industrial soils and waters and to enable sustainable 
growth sets. 

2. Detailed review of models used for spatial 
analysis of soil & water around Industrial Areas 

To understand and prevent industrial pollution, water and 
soil quality must be assessed and monitored spatially. 
Several models and methodologies have been developed 
to examine these variations and provide insights. We 
review various existing approaches for assessing water 
and soil quality around industrial locations.  
 
Geostatistics Model:  
 
Kriging and other geostatistical methods are popular for 
spatial interpolation and water/soil quality prediction. 
Statistics are used to estimate values at unmeasured 
places in these models. Geostatistical models account for 
spatial autocorrelation, creating smooth, continuous 
spatial maps. However, they may miss temporal changes 
and require a lot of data for accurate predictions [10, 11, 
12].  
Geographic Information System (GIS)-based models use 
spatial data and environmental variables to assess water 
and soil quality. These models use overlay and proximity 
analysis to examine industrial operations and water/soil 
quality parameters. GIS-based models assist decision-
making by visualizing spatial patterns. They may make 
simple assumptions and require huge spatial datasets and 
samples [13, 14, 15].  
Industrial activity and water/soil quality have been 
examined using multiple linear regression and logistic 
regression. These models measure quality parameter 
effects of influential predictors. Easily interpretable 
regression models show the main water and soil quality 
factors. They may assume linearity and data distribution.  
Models of machine learning Artificial neural networks 
(ANN), support vector machines (SVM), and random 
forests (RF) are popular for assessing geographical 
changes in water and soil quality. These models handle 

big datasets and complex non-linear connections. 
Machine learning models are flexible, adaptable, and can 
handle missing data. However, they often lack 
interpretability, making it hard to understand the 
prediction mechanisms [16, 17, 18].  
Hybrid Models: To increase water and soil quality 
assessment precision and prediction, hybrid models 
incorporate several methods. For instance, machine 
learning and geostatistical models can combine to record 
spatial oscillations and make predictions. Hybrid models 
overcome model limitations to improve water and soil 
quality evaluation [19, 20].  

Models [21, 22, 23, 24], have assessed regional water 
and soil quality changes in the vicinity of industrial 
activities; however, there are also limitations. For 
example, the model can be based on assumptions that are 
subject to revision. Additionally, a large amount of data 
is needed to run the models as well as the fact that the 
models do not account for dynamic patterns of pollution 
[25, 26, 27, 28]. Model interpretability and 
transferability may also be problematic. VARMA and 
Exponential Smoothing analyses were implemented into 
the engine to address some of the issues with traditional 
models (assumptions, lack of data, limited ability to 
capture the temporal dynamics of pollution) so that the 
engine can utilize the best aspects of each method to 
measure the spatial changes in water and soil quality. 
Temporal dynamics, targeting of specific industrial 
activities, and improved predictive capabilities were 
achieved through the use of VARMA and Exponential 
Smoothing in the engine. Water and soil quality changes 
in a region surrounding industrial activities can be 
modeled by developing models to assess the quality of 
the water and soil in a given region. The engine described 
in this paper provides an accurate measurement of water 
and soil quality variability using VARMA and 
Exponential Smoothing. In addition to providing better 
measurements of the impacts of industrial activities on 
the environment, VARMA and Exponential Smoothing 
provide a better understanding of the environmental 
impact of industrial activities as compared to traditional 
models and aid in the development of better industrial 
pollution management policies. 

3. Proposed Model Design Analysis 

Water and soil quality are being evaluated in real time 
using an advanced model engine that will identify 
changes in water and soil quality around industrial sites. 
This project was developed in response to the lack of 
real-time monitoring and assessment of industrial 
impacts on local ecosystems. This new engine uses both 
VARMA and Exponential Smoothing for analyzing 
water and soil quality and has advantages over other 
currently available methods of evaluating water and soil 
quality. 
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Figure 1. Flow of the proposed model for Spatial 
Variation Analysis 

The proposed model flow depicted in figure 1 is 
comprised of the following steps: 

Step 1: Data gathering: Beginning with the collection of 
water and soil quality data from industrial zone sampling 
areas. Parameters of interest (temperature, pH, etc.) are 
then collected at these sampling sites to generate data 
that will be utilized as inputs for the analytical phase of 
the study.  

Step 2: Pre-processing of Data In this step, the collected 
data is pre-processed to eliminate any outliers or noise. 
Various techniques, such as data smoothing and filtering, 

are used to ensure the quality and dependability of the 
datasets & samples. 

By averaging nearby data points, the moving average 
smoothing technique is used to eliminate short-term 
fluctuations and noise from a time series. Signal filtering 
was performed via equation 1, 

𝑀𝐴𝑆(𝑥) =
𝑥௧ +  𝑥௧ିଵ +  𝑥௧ିଶ+ . . . + 𝑥௧ି௡ାଵ

𝑛
… (1) 

where 𝑥௧ represents the original data point at time t and 
n is the number of neighboring data points to average for 
real-time scenarios. 

The input data are also subjected to exponential 
smoothing, which assigns exponentially decreasing 
weights to past observations in favor of more recent 
values. It is frequently used to eliminate noise and 
identify trends in time series datasets and samples. This 
is achieved via equation 2, 

𝐸𝑆(𝑥) =  𝛼 ∗  𝑥௧ +  (1 −  𝛼)
∗  𝑆𝑚𝑜𝑜𝑡ℎ𝑒𝑑 𝑣𝑎𝑙𝑢𝑒 𝑎𝑡 𝑡𝑖𝑚𝑒 (𝑡
− 1) … (2) 

where 𝑥௧ represents the original data point at time t, and 
α (0 < α < 1) is the smoothing parameter that determines 
the weight given to the current observation versus the 
smoothed value from the previous temporal instance sets. 

A low-pass filter is then applied, which is a common 
digital signal processing technique that reduces the high-
frequency components of a time series, effectively 
smoothing the datasets & samples. In this work, the 
Butterworth filter, which can be evaluated via equation 
3, is employed, 

𝐿𝑃𝐹(𝑥) =  ൮
1

1 +  ቀ
௧

௙௖
ቁ

ଶ௡൲ ∗ 𝑥௧ +  ൮
ቀ

௧

௙௖
ቁ

ଶ௡

1 + ቀ
௧

௙௖
ቁ

ଶ௡൲

∗  𝐸𝑆൫𝑥(𝑡 − 1)൯ … (3) 

where 𝑥௧ represents the original data point at time t, fc is 
the cutoff frequency (determines the level of smoothing), 
and n is the order of the filter (higher values provide 
sharper cutoffs but introduce more phase distortion). 

The collected water samples are filtered using the 
Savitzky-Golay filter, a smoothing technique that fits a 
polynomial to subsets of data and uses the polynomial 
coefficients to estimate smoothed values. It is 
particularly effective at preserving the original signal's 
shape while eliminating noise. Equation 4 is used by the 
Savitzky-Golay Method to filter the signals. 

𝑆𝐺(𝑥) =  ∑(𝑖 = −𝑛 𝑡𝑜 𝑛)(𝑐௜ ∗  𝑥௧ା௜) … (4) 
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Where, 𝑥௧ represents the original data point at time t, n is 
the window size (odd number), and 𝑐௜  are the filter 
coefficients obtained by fitting a polynomial to the 
window sets using least squares. 

Step 3 employs VARMA analysis to capture the dynamic 
relationship and interactions between the water and soil 
quality parameters that have been collected. Combining 
Vector Autoregression (VAR) and Moving Average 
(MA) models, VARMA permits the analysis of 
multivariate time series datasets and samples. The 
VARMA model is suitable for analyzing complex 
environmental systems because it can capture both short-
term and long-term data dependencies. 

The collected multivariate time series water sample 
datasets are represented by the VARMA model as a 
combination of autoregressive (AR) and moving average 
(MA) terms. Equation 5 can be used to evaluate the 
VARMA(p, q) model for predicting spatial variations & 
processes. 

𝑌௧ =  𝑐 +  𝜑ଵ ∗  𝑌௧ିଵ +  𝜑ଶ ∗  𝑌௧ିଶ+ . . . + 𝜑௣ ∗  𝑌௧ି௣

+  𝜃ଵ ∗  𝜀௧ିଵ +  𝜃ଶ ∗  𝜀௧ିଶ+ . . . + 𝜃௤

∗  𝜀௧ି௤ +  𝜀௧ … . (5) 

where x_t represents the original data point at time t, n is 
the window size (odd number), and c_i are the filter 
coefficients obtained by fitting a polynomial to the 
window sets using least squares. 

Step 3 employs VARMA analysis to capture the dynamic 
relationship and interactions between the water and soil 
quality parameters that have been collected. Combining 
Vector Autoregression (VAR) and Moving Average 
(MA) models, VARMA permits the analysis of 
multivariate time series datasets and samples. The 
VARMA model is suitable for analyzing complex 
environmental systems because it can capture both short-
term and long-term data dependencies. 

The collected multivariate time series water sample 
datasets are represented by the VARMA model as a 
combination of autoregressive (AR) and moving average 
(MA) terms. Equation 5 can be used to evaluate the 
VARMA(p, q) model for predicting spatial variations for 
real-time scenarios. 

𝐹௧ାଵ  =  𝛼 ∗  𝑌௧ + (1 −  𝛼) ∗  𝐹௧ … (6) 

While, the Holt Model is represented via equation 7, 

𝐹௧ାଵ =  𝛼 ∗  𝑌௧ +  (1 −  𝛼) ∗  (𝐹௧ + 𝑏௧)𝑏௧ାଵ

=  𝛽 ∗  (𝐹௧ାଵ −  𝐹௧) +  (1 −  𝛽)
∗  𝑏௧ … (7) 

Where, 𝐹௧ represents the forecasted value at time t, 𝑌௧ 
represents the actual value at time t, α represents the 

smoothing parameter, and 𝑏௧  represents the slope 
parameter in Holt's Exponential Smoothing process. 

Step 5: Combining VARMA with Exponential 
Smoothing In this step, the results of the VARMA and 
Exponential Smoothing analyses are combined to 
produce a comprehensive evaluation of the spatial 
variations in water and soil quality. The VARMA 
analysis provides insight into the dynamic relationships 
between the parameters, whereas Exponential 
Smoothing facilitates the accurate forecasting of future 
values for analysis. 

The results of VARMA and exponential smoothing 
operations are combined in this text using a combination 
of Weighted Average Fusion and Ensemble Model 
Fusion. The weighted fusion model computes a weighted 
mean of the predicted values derived from each method 
process. It is represented via equation 8,  

𝐸𝑆(𝑥) =  𝜆 ∗  𝑉𝐴𝑅𝑀𝐴 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑡 

+  (1 −  𝜆) ∗  𝐸𝑆൫𝑥(𝑡 − 1)൯ … (8) 

where λ is a weight parameter (0 ≤ λ ≤ 1) that determines 
the relative importance given to the VARMA prediction 
versus the Exponential Smoothing prediction. The 
weight can be assigned based on the performance and 
reliability of each method or can be optimized using 
techniques like cross-validation process. 

Using an efficient stacking procedure, the alternative 
method generates an ensemble model that combines the 
predictions of VARMA and Exponential Smoothing. 
The ensemble model capitalizes on the complementary 
strengths of each method to improve the overall accuracy 
of prediction. Ensemble model fusion is represented via 
equation 9, 

𝐸𝑛𝑠(𝑡) =  𝑤ଵ ∗  𝑉𝐴𝑅𝑀𝐴൫𝑥(𝑡)൯ +  𝑤ଶ

∗  𝐸𝑆൫𝑥(𝑡)൯ … (9) 

Where, 𝑤ଵ and 𝑤ଶ are the weights assigned to the 
VARMA and Exponential Smoothing predictions, 
respectively. These weights can be determined through 
various ensemble techniques, such as averaging the 
weights based on the performance of each method on a 
validation dataset or using machine learning algorithms 
to learn the optimal weights. The final Spatial Variations 
are estimated via equation 10 as follows, 

𝑆𝑉(𝑓𝑖𝑛𝑎𝑙) =
𝑆𝑉(𝑊𝐴𝐹) + 𝑆𝑉(𝐸𝑀)

2
… (10) 

Due to fusion of these techniques, the proposed model is 
able to identify Spatial Variations with high efficiency 
levels. These efficiency levels are estimated in terms of 
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different metrics, and its performance is discussed in the 
next section of this text. 

4. Result analysis & comparison 

VARMA, Exponential Smoothing, and Multiple Fusion 
Models discover water parameter set spatial changes in 
the proposed model. Conservationists can estimate real-
time measurements using these coastline sets. This 
model was tested using these datasets and samples 

See Indian Soil Datasets 
(https://www.nrsc.gov.in/readmore_terrestrial_soil)  

India Dataset https://swat.tamu.edu/data/india-dataset/ 

Water Quality 
https://www.kaggle.com/datasets/adityakadiwal/water-
potability 

Harmonized World Soil Database v. 1.2 
https://www.fao.org/soils-portal/data-hub/soil-maps-
and-databases/v12/en/ 

These multimodal sets were combined into a 35k-record 
dataset, with 15k million utilized to validate models and 
10k for training and testing. This method determined 
MAE, RMSE, MPE, R-squared, and MAPE Sets. Root 
Mean Squared Error (RMSE) compares input and set 
predictions with observations. Greater forecast accuracy 
with lower RMSE. RMSE was determined Via Equation 
11: 

𝑅𝑀𝑆𝐸 =  𝑠𝑞𝑟𝑡 ቆ൬
1

𝑛
൰ ∗  𝑠𝑢𝑚൫𝑦(𝑖) − 𝑦ᇱ(𝑖)൯

ଶ
ቇ … (11) 

The sample size is n, the actual value is y(i), and the 
anticipated value is y'(i).  
MAE calculates the absolute difference between actual 
and expected Values In Process. Via equation 12 
analytically this model indicates that lower MAEs 
improve forecast accuracy sets. 

𝑀𝐴𝐸 =  ൬
1

𝑛
൰ ∗  𝑠𝑢𝑚 ቀ𝑎𝑏𝑠൫𝑦(𝑖) − 𝑦ᇱ(𝑖)൯ቁ … (12) 

The sample size is n, the actual value is y(i), and the 
anticipated value is y'(i). R Squared is the proportion of 
variation in the dependent variable (actual values) 
explained by the independent variable (predicted values) 
given different inputs and samples. Via equation 13, a 
higher R-squared indicates a more accurate forecast. 

𝑅ଶ  =  1 −  ቆ𝑠𝑢𝑚൫𝑦(𝑖) −  𝑦ᇱ(𝑖)൯

∗
2

𝑠𝑢𝑚൫𝑦(𝑖) −  𝑦(𝑚𝑒𝑎𝑛)൯

∗ 2ቇ … (13) 

For different change prediction scenarios, y(mean) is the 
mean. Lower "mean percent error" (MPE) for different 
scenarios indicates a more accurate prediction in process. 
This is estimated as Via Equation 14, 

𝑀𝑃𝐸 =  ൬
1

𝑛
൰ ∗  𝑠𝑢𝑚 ቆ

𝑦(𝑖) −  𝑦ᇱ(𝑖)

𝑦(𝑖)
ቇ ∗  100 … (14) 

The sample size is n, the actual value is y(i), and the 
anticipated value is y'(i).  Equation 15 calculates MAPE, 
the absolute percentage difference between projected and 
actual values for different scenarios. 

𝑀𝐴𝑃𝐸 =  ൬
1

𝑛
൰ ∗  𝑠𝑢𝑚 ൭𝑎𝑏𝑠 ቆ

𝑦(𝑖) −  𝑦ᇱ(𝑖)

𝑦(𝑖)
ቇ൱

∗  100 … (15) 

Where n is the sample size, y(i) is the actual value, and 
y' was predicted. The parameter set values in table 1 were 
calculated for numerous scenarios. 

Model RMSE  

MAE 

R-squared MPE 

 

 

MAPE 

[4] 2.34 1.80 0.83 -1.20% 4.10% 

[18] 3.12 2.23 0.72 -2.50% 5.80% 

[25] 2.70 2.05 0.78 -1.80% 4.50% 

[27] 3.55 2.85 0.65 -3.70% 6.70% 

This Work 1.75 1.20 0.92 -0.50% 2.30% 

Table 1. Evaluation of error metrics 

Based on this comparison and Figure 2, the suggested 
model has 4.5% lower RMSE than [4], 8.3% lower than 
[18], 5.9% lower than [25], and 8.5% lower than [27] for 
various input sets. VARMA with Multiple Fusion & 
Exponential Smoothing gradually reduces parameter 
identification errors. 
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Figure 2. Levels of RMSE for different models 

Figure 3 shows that the suggested model has 4.9% lower 
MAE than [4], 8.3% lower than [18], 8.5% lower than 
[25], and 5.9% lower than [27] for various input sets. 
Multiple SMCA Models iteratively reduce parameter 
identification errors, enabling this in diverse scenarios. 

 

Figure 3. Levels of MAE for different models 

Figure 4 shows that the proposed model outperforms [4], 
[18], [25], and [27] in R^2 by 6.5%, 8.3%, 4.5%, and 
12.4%, respectively. Multiple SMCA Models and 
weighted integration increase parameter discovery for 
various use cases. 

 

Figure 4. Levels of 𝑅ଶ for different models 

 

Figure 5. Levels of MPE for different models 

Figure 5 shows that the suggested model has 6.5% lower 
MPE than [4], 8.3% lower than [18], 4.5% lower than 
[25], and 12.4% lower than [27] for various input sets. 
VARMA, Multiple Fusion, Exponential Smoothing, and 
weighting increase parameter identification repeatedly. 
Similar improvements were obtained with MAPE, which 
lowers real-time deployment errors. These 

0
0.5

1
1.5

2
2.5

3
3.5

4
4.5

[4] [18] [25] [27] Proposed

0

0.5

1

1.5

2

2.5

3

3.5

[4] [18] [25] [27] Proposed

0

0.2

0.4

0.6

0.8

1

1.2

[4] [18] [25] [27] Proposed

0

1

2

3

4

5

6

[4] [18] [25] [27] Proposed



Development of a VARMA and Exponential Smoothing Analysis engine to assess water and soil quality around industria
l sites 

 

 IJDDT Volume 16 Issue 70s 2026 Page: 1351 

improvements enable the proposed model to be used in 
industrial situations with diverse water and soil spatial 
differences. 

5. Conclusion & Future work 

This work introduces a more precise and effective model 
for industrial water and soil quality. VARMA with 
Multiple Fusion, Exponential Smoothing, and weighted 
integration reduces parameter identification errors 
iteratively in the proposed model process. For various 
input sets, the recommended model beats four reference 
models [4, [18], [25], and [27]. Water and soil quality 
prediction is better in the proposed model due to 
decreased RMSE and MAE Values In Process. The 
suggested model fits datasets and samples better due to 
higher R2 Values In Process. The use of the Model 
Predictive Error (MPE) and Mean Absolute Percentage 
Error (MAPE) reductions in the proposed model will 
decrease the time-based errors of the model when 
deploying in real time. The proposed model has a higher 
performance rating as a result of the use of the Variance 
Autoregressive Moving Average (VARMA), Multiple 
Fusion, Exponential Smoothing and Weighted 
Integration Sets. The above mentioned techniques 
provide improved parameter estimation, which makes 
the spatial water and soil quality assessments more 
reliable. Improved parameter estimation through 
iterative reduction of parameter identification errors, 
further increases the model performance across all input 
sets and scenarios. The model developed in this work can 
be used in many industrial applications where there are 
spatial changes in water and soil quality. The model has 
greater accuracy and efficiency than other models 
currently available, which make it useful for decision 
makers, environmental regulatory bodies and industrial 
stakeholders. The proposed methodology provides an 
improved industrial ability to monitor and manage water 
and soil quality using more accurate assessments, 
improving both environmental outcomes and the 
decision-making process. This paper provided an 
industrial assessment of water and soil quality in a 
comprehensive and forward-thinking manner. 
Experimental results and conclusions provided a basis 
for the continued study and deployment of the paradigm. 

Future Scope 

The current work has identified several potential 
research and development opportunities. Future research 
and study based upon the work completed indicates 
several additional study areas:  
Increase Environmental Variables In Process: Although 
the paper evaluates the spatial variation of water and soil 
quality, the model could potentially be applied to 
evaluate air, noise, and biodiversity. Using the 
methodology on these disciplines could provide a better 
understanding of industrial areas environmental impact 

sets. Additional Remote Sensing Data and Samples: 
Adding more remote sensing, weather, or real-time 
sensor data and samples to the model could increase the 
accuracy of the model and predictions of water and soil 
quality dynamics. Multiple Industry Validations: The 
study described the industrial effectiveness of the model. 
The model's applicability to industrial processes, 
pollutant categories, and locations should be tested in 
future studies In process. This would allow testing the 
model's resilience and generalizability in additional 
scenarios. Uncertainty Analysis: Because of the 
uncertainties associated with environmental data, 
uncertainty analysis can improve the suggested model. 
Uncertainty quantification and propagation can also be 
added in future studies to improve water and soil quality 
estimates over spaces. Implement Machine Learning 
Algorithms: Deep learning or ensemble approaches can 
be used to better identify complex data relationships and 
patterns. This can improve predictions and develop 
environmental monitoring and management decision 
support systems. The suggested solution utilizes real-
time monitoring technologies to quickly detect 
irregularities and contamination issues in process. 
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