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ABSTRACT 

Water potability is a critical public health issue, and timely reporting on water quality is essential for monitoring and 

ensuring safe drinking water. Existing water quality assessment methods often involve manual sampling and laboratory 

analysis, which can be time-consuming and resource-intensive. To overcome this, an automated real-time Ensemble 

model for water quality monitoring and report generation is proposed with machine learning and artificial intelligence. 

This methodology offers a robust solution for automated water quality monitoring and reporting, which is crucial for 

maintaining public health standards by producing detailed, shareable water potability reports. It also demonstrates the 

potential of combining transformer-based NLP and LLM text generation to automate technical report creation. The 

novelty proposed in this system integrates a comprehensive framework for generating water potability reports from 

numerical data by leveraging Large Language Models. Bayesian optimization is utilized to remove outliers in water 

potability data, comparing machine learning classifiers like Random Forest and XGBoost, and for hyper-parameter 

tuning to enhance performance. Further, Named Entity is used to generate coherent and contextually relevant textual 

content. Then the textual content is formatted into a readable document using Text Content Generator. This 

significantly reduces manual effort while enhancing report consistency and accuracy. 

Keywords: Water Potability; Random Forest; XGBoost; Text Content Generator; TCG Language Model; Report 

Generation; Machine Learning. 

1. INTRODUCTION 

 Preserving drinking water's potability and safety is an important public health issue. Contaminated water can 

lead to severe health issues, making accurate and timely water quality monitoring essential (Khammar, H. et al. 2024). 

Manual sampling and laboratory analysis are common methods of assessing water quality, but they can be time-

consuming and resource-intensive. With advancements in machine learning and artificial intelligence, there is a 

growing interest in developing automated systems for water quality monitoring and report generation. This study 

proposes an integrated framework that leverages Large Language Models (LLMs) and Transformer models for 

generating comprehensive water potability reports. The framework combines advanced data preprocessing techniques, 

multiple machine learning classifiers, and Bayesian optimization to ensure high accuracy and reliability in predicting 

water quality. 

Recent research has demonstrated the possibilities of models for machine learning in enhancing water quality 

monitoring systems. For instance, [1] explored the use of Transformer models for Identifying irregularities in water 

quality data, achieving significant improvements in detection accuracy compared to traditional methods. Similarly, [8] 

integrated BERT and GPT-3 for comprehensive water quality reporting, highlighting the efficiency of combining 

language models with environmental data analysis. 

Machine learning classifiers such as Random Forest, XGBoost, K-Nearest Neighbors (KNN), Recurrent 

Neural Networks (RNN), CatBoost, AdaBoost, Logistic Regression, and Decision Tree Classifier have been employed 

to predict various water quality parameters. [2] demonstrated the effectiveness of Transformer-based models in 

continuous tracking of water quality, illustrating the significance of prompt and precise forecasting in upholding water 

safety regulations. [3] highlighted the application of GPT-3 in generating environmental impact assessment reports, 

showcasing the capability of LLMs in producing high-quality, contextually relevant textual content. This study makes 

several significant contributions to the field of water quality monitoring and reporting: 

 Integration of Advanced Models: By combining various machine learning classifiers and LLMs, we provide a 

comprehensive solution that leverages the strengths of different models for accurate water quality prediction 

and report generation. 

 Enhanced Accuracy: The use of Bayesian Optimization for hyper-parameter tuning significantly enhances the 

accuracy of the predictive models. 

 Automated Report Generation: The integration of GPT-3 for text generation and `fpdf` for PDF creation 

automates the report generation process, saving time and resources. 

 Public Health Impact: This framework can contribute to the maintenance of public health standards and the 

safety of drinking water by providing a dependable and efficient system for water quality monitoring.  

 Access to potable water has numerous benefits! Some of the most significant advantages include, drinking 

adequate amounts of clean water offers numerous health advantages. It helps prevent waterborne diseases, boosts 

energy levels, improves skin health, supports kidney function, regulates body temperature, strengthens the immune 

system, aids in weight management, enhances mental clarity, supports athletic performance, and increases overall 

productivity. Essentially, staying hydrated is crucial for optimal physical and mental well-being. 

The major contributions in predicting Water potability using Machine learning and generating report based on  

 Integrates Machine Learning models for outlier prediction. 
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 Improves accuracy through Bayesian optimization and Ensemble. 

 Automates report generation by NLP and LLM, saving time and resources. 

 Reports significantly improve public health by ensuring safe drinking water. 

 The fundamental structure of this paper is comprised of the subsequent sections: Section 1 provides an 

overview of the contributions made by the paper. The research background conducted in the fields of machine learning 

algorithms and Text Content generation (TCG) with language processing and Report format using TCG-Language 

Model is listed in Section 2. The suggested methodology is described in Section 3. An experimental analysis of the 

suggested method is provided in Section 4. After that, Section 5 provides a thorough analysis of the results along with 

discussions based on the proposed model. The proposed TCG and Language Models for Water Potability Report 

Generation are explained in Section 6. Section 7 concludes the research and lays out the objectives for the future. 

2. RELATED WORKS 

 The automation of data analysis and report generation tasks has significantly improved as a result of the rapid 

advances in machine learning and natural language processing (NLP). With an emphasis on water portability reporting 

specifically, this literature review discusses the latest advancements in transformer models, large language models 

(LLMs), and their applications in environmental monitoring. Since Transformers enable models to capture contextual 

relationships within text more effectively than earlier architectures, [20] have revolutionized natural language 

processing (NLP). One of the most well-known transformer models is BERT (Bidirectional Encoder Representations 

from Transformers) [19]. BERT has been applied extensively to tasks like question answering, sentiment analysis, and 

Named Entity Recognition (NER).Its bidirectional nature allows it to understand context from both directions, making it 

highly effective for extracting relevant information from text. 

Recent studies have explored the application of BERT and other transformer models in environmental data 

analysis. For instance,   [4] utilized a transformer-based model for water quality monitoring using remote sensing data. 

Their approach demonstrated the capability of transformers to handle large-scale environmental data and extract 

meaningful insights. Similarly, [17] applied BERT for water quality data analysis, highlighting its effectiveness in 

identifying key entities and patterns within large datasets. Large Language Models (LLMs), such as GPT-3 (Generative 

Pre-trained Transformer 3), have pushed the boundaries of text generation by producing human-like text based on a 

given prompt. GPT-3, developed by OpenAI [3] has shown remarkable capabilities in generating coherent and 

contextually relevant content across various domains. 

The integration of LLMs in automated report generation has gained attention in recent years. For example, [18] 

enhanced environmental reports using GPT-3, demonstrating its ability to generate comprehensive and readable textual 

content from structured data. [20] Explored GPT-3 for generating environmental impact assessment reports, showing 

significant improvements in the quality and consistency of the generated documents. Environmental monitoring 

requires accurate and timely reporting to ensure public health and safety. Traditional methods often involve manual data 

processing and report generation, which can be time-consuming and prone to errors. The application of NLP techniques, 

particularly transformer models and LLMs, offers a promising solution to these challenges. [7] reviewed the 

applications of deep learning models in environmental monitoring, emphasizing the potential of transformer models to 

improve data analysis and reporting accuracy. [14] discussed the use of transformers for environmental data fusion and 

analysis, highlighting their ability to integrate and analyze diverse datasets effectively. 

Specific to water portability, several studies have demonstrated the feasibility of using NLP models for real-

time monitoring and reporting. [5] enhanced water quality monitoring with GPT-3, providing a case study on real-time 

data processing and reporting. [4] focused on transformer models for water quality anomaly detection and reporting, 

showcasing their potential to automate and improve the accuracy of monitoring systems. While transformer models and 

LLMs offer significant advantages, there are challenges associated with their implementation in environmental 

monitoring. [10] discussed the challenges and opportunities of applying transformer models in water portability 

assessment, including data quality, model interpretability, and scalability. [20]presented a GPT-3 based automated 

reporting system for water quality analysis, highlighting the practical challenges in deploying such systems and the 

potential for future improvements. [18] integrated BERT and GPT-3 for comprehensive water quality reporting, 

demonstrating a synergistic approach to leveraging both models for enhanced reporting. 

a) Research Gaps 

NLP techniques like transformers and LLMs are useful for environmental monitoring, especially for water 

quality reporting. Research is needed on domain-specific models and combining NLP with other AI techniques. Some 

potential research gaps in applying NLP for environmental monitoring particularly focused on water portability 

reporting: 

● Transformer models are a powerful NLP technique that can capture contextual relationships within text data 

more effectively than previous architectures. In environmental monitoring, transformers have been applied for 
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water quality monitoring using remote sensing data and for identifying key entities and patterns within large 

water quality datasets. 

● Large language models (LLMs), such as GPT-3[18][20], can generate human-like text based on a given 

prompt. LLMs have been shown to be effective for automated report generation, including environmental 

reports and environmental impact assessment reports. 

● Challenges associated with implementing NLP models in environmental monitoring include data quality, 

model interpretability, and scalability. Overall, NLP techniques hold promise for improving environmental 

monitoring through automation and enhanced reporting accuracy. 

3. PROPOSED METHODOLOGY 

The proposed framework begins with data preprocessing, where outliers are identified and removed using 

Bayesian Optimization to ensure the dataset's accuracy. The work flow shown in Figure 1 explains various steps 

involving in water potability prediction. Various machine learning classifiers are then trained on the cleaned data to 

predict water potability. To enhance model performance, Bayesian Optimization is employed to fine-tune the hyper-

parameters of each classifier, ensuring the best possible predictive accuracy. Following the data analysis, LLM is 

utilized to generate detailed and coherent textual content for the water potability report. The generated text is structured 

and formatted into a professional PDF document using the `fpdf or reportlab` library. This approach not only 

streamlines the report generation process but also ensures that the final document is informative and visually appealing. 

 

Figure 1. Workflow of the proposed XRF-TCG model 
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 Data Collection and Preprocessing:   Data Collection is performed by gathering water quality data from 

various sources, ensuring it covers parameters relevant to potability (e.g., pH, hardness, turbidity. Data 

Preprocessing is performed by Handle missing values, normalize or standardize numerical features, encode 

categorical variables, and potentially remove outliers using Bayesian optimization. 

 Use Bayesian optimization techniques to identify and remove outliers from the dataset. 

 Ensemble and Model Selection. 

 Generating Water Potability Reports using Text Content Generator (TCG). 

 Formatting the Content using TCG Language Modelling. 

 Save the automated water potability report for further use. 

a) The benefits of using Automated Report Generation 

 Large Language Models (LLMs) offer significant advantages in generating water quality reports[20]. They 

excel at data interpretation, identifying patterns and anomalies. Additionally, LLMs can structure reports logically, 

translate complex scientific information into understandable language, and tailor reports to specific audiences. By 

integrating with visualization tools, LLMs can also recommend appropriate visual aids to enhance report clarity. 

Automating report generation offers several advantages: increased efficiency, allowing experts to focus on higher-level 

tasks; improved consistency in reporting format; enhanced accuracy by reducing human error; and broader accessibility, 

fostering transparency and public engagement. 

4. EXPERIMENTAL SETUP 

 The proposed water potability report generation model utilizes Random forest and XGBoost machine learning 

models, Bayesian optimization for outlier removal, LLM and transformer models for data analysis. 

a) Dataset Description 

 The Water Quality Dataset offers a comprehensive look at water health with over 3,200 samples. It details 

various water properties like pH, hardness, and presence of disinfectants alongside a crucial classification - potability 

(drinkable or not). This dataset delves into the intricacies of water health by capturing various physical and chemical 

properties. It measures factors like pH (acidity/alkalinity), mineral content (hardness), and the presence of disinfectants 

(chloramines). But most importantly, the dataset classifies each water sample as potable (suitable for drinking) or non-

potable, denoted by a simple yet critical 1 or 0 code. Dataset resource from link 

https://www.kaggle.com/code/shivamsinghnegi/water-quality-analysis-and-ml-analysis/input. This rich resource 

unlocks a multitude of possibilities. Scientists can leverage it to gain a deeper understanding of water quality variations 

and identify potential contaminants. Machine learning algorithms can be trained on this data to predict potability with 

high accuracy, a crucial step towards ensuring safe drinking water. Moreover, water treatment plants can utilize this 

information to tailor their treatment processes for optimal effectiveness. The Water Quality Dataset stands as a powerful 

tool in our collective effort to safeguard this vital resource. 

b) Data Collection and Preprocessing 

 Data Collection: Gather water quality data from various sources, ensuring it covers parameters relevant to 

potability (e.g., pH, hardness, turbidity) shown in Figure 2. This steps prepares a clean and informative dataset for 

building a robust water potability prediction model. 

 

Figure 2. Water Quality Data from various sources relevant to potability 

 Data preprocessing includes handling missing values, encoding categorical variables, and normalizing or 

standardizing numerical features. 
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c) Outlier Removal using Bayesian Optimization 

   Use Bayesian optimization techniques to identify and remove outliers from the Kaggle dataset. Bayesian optimization 

helps in iteratively improving the outlier removal process based on the feedback from the models. 

  
Figure 3. Input Parameters for water potability prediction 

d) Feature Engineering 

 Extract relevant features that contribute to water potability prediction. This may involve domain 

knowledge and statistical insights. 

i) Model Selection and Training 

 The proposed Model utilize LLM and transformer models like BERT or variants tailored for feature 

extraction or text processing, if applicable for contextual understanding or feature extraction. Traditional ML Models: 

Train various traditional machine learning models such as random forest, XGBoost, KNN, RNN, CatBoost, AdaBoost, 

logistic regression, and decision tree classifiers on the preprocessed dataset. 

ii) Model Evaluation and Optimization 

Water potability, which refers to the safety and suitability of water for drinking, is 

critical aspect of public health. Accurate prediction of water potability using machine learning techniques can aid in 

timely detection and intervention. The proposed system explores the application of cutting-edge machine learning 

models and optimization strategies to improve the precision and dependability of predictions for water potability. To 

verify the robustness and dependability of the predictions, evaluate each model using the proper metrics (such as 

accuracy, precision, recall, and F1-score) using cross-validation techniques. To improve model performance, optimize 

each model's hyper-parameters using methods like grid search or Bayesian optimization. 
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(1) Random Forest Classifier 

   The Random Forest classifier builds several decision trees during training and outputs the class mode 

for classification tasks. Random forests act as guardians of data quality in water potability analysis. Much like a 

meticulous security guard ensuring only authorized personnel enter a building; random forests meticulously examine 

water quality data, searching for outliers that might compromise the analysis (Kumar et al., 2021). These outliers could 

be erroneous measurements in Eq-1 represents Gini(tp), unusual events that affected the water sample, or natural 

variations outside the expected range. By identifying and removing these outliers, random forests pave the way for a 

more accurate assessment of water potability. This ensures the final determination of safe drinking water is based on 

reliable, trustworthy water quality information (Singh et al., 2023). It's important to remember that while crucial, 

random forests are the initial step in a multi-step process that safeguards water potability. 

𝐺𝑖𝑛𝑖(𝑡𝑝) = 1 − ∑ 𝑃(𝑖|𝑡)2𝑗
𝑖=0 …………………………………….Eq-1 

 Strengths of RF for Outlier Detection Robustness: Unlike simpler models, RFs are less susceptible to outliers 

themselves. This is because they aggregate predictions from many individual decision trees, leading to a more robust 

overall model (Singh et al., 2023).Outlier Feature Importance: When an RF model identifies an outlier, it can also 

provide insights into which specific water quality parameters are driving the outlier classification. This helps diagnose 

potential issues with data collection, measurement errors, or unusual events [16]. Interpretability: Random forests offer 

a degree of interpretability compared to "black box" models. By analyzing the importance of different features in the 

model's decision-making process, we can understand which water quality parameters are most influential in identifying 

outliers (Niculescu et al., 2020). 

(2) XGBoost 

 XGBoost (Extreme Gradient Boosting) is renowned for its high accuracy in machine learning tasks Obj f(x) in 

Eq-2, it also serves as a champion for outlier removal in water potability prediction. In the crucial task of water 

potability prediction, XGBoost emerges as a powerful champion for outlier removal, ensuring clean data fuels reliable 

AI models for safe drinking water. XGBoost supports effectiveness based on binary classification given by 

𝑂𝑏𝑗 𝑓(𝑥) = ∑ 𝑙𝑜𝑠𝑠 (𝑦𝑖, 𝑦𝑖 ′) + 𝛺(𝑓)
𝑗
𝑖=0 ……………………………Eq-2 

 𝑦𝑖 ′ = 𝜎(∑ (𝑤𝑖 ∗ ℎ𝑡(𝑥𝑖)))𝑇
𝑡=0 ……………………………………Eq-3 

 The summation of binary xgboost is mathematically calculated by sigmoid (σ) function in Eq-3 is to predict 

the water potability. 

Table 1. Performance Metrics of Machine learning classifiers and its methodology 

CLASSIFIERS PURPOSE WORKING 

METHODOLOGY 

PERFORMANCE 

METRICS 

INFERENCES 

Random Forest 

 
Data cleaning 

Focus on outlier 

Preprocessing on 

Potability 

Assessment 

Accuracy :97.52% 

Sensitivity:98.7% 

Specificity:97.6% 

Accuracy 

Interpretability 

Robustness to 

Outliers 

XGBoost 

 
Classification tasks 

Learning from 

Data 

Makes Predictions 

Accuracy : 99.30% 

Sensitivity:98.37% 

Specificity:94.6% 

Accuracy 

Efficiency 

Scalability 

AdaBoost 

 

Classification tasks 

Ensemble learning 

Interpretability 

Part of Ensemble  

Accuracy : 62.24% 

Sensitivity: 62.2% 

Specificity:62.22% 

Ensemble Learning 

Handling Imbalance 

Data 

CatBoost 

 

Handles 

Categorical dataset 

Prediction 

Expert 

Interpretation 

Data Quality 

Handles complex 

data 

Accuracy : 66.11% 

Sensitivity: 66.1% 

Specificity: 64.1% 

High Accuracy 

Handling Categorical 

Features. 

Robustness 

Logistic 

regression 

 

Feature Scaling 

Loss Function and 

Optimization 

Threshold 

Selection 

Coefficient 

Estimation 

Accuracy  : 53.2% 

Sensitivity : 58.7% 

Specificity : 57.6% 

Simplicity 

Interpretabiity 

Fast Training 
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5. XRF Learning Methodology  

 Predicting water potability is a critical task with significant implications for public health. Machine learning, 

particularly ensemble methods is used to predict accuracy. To achieve the prediction of water potability the proposed 

system incorporates a ensemble approach named XRF learning method shown in Figure 5. These methods combine 

multiple base models to improve predictive accuracy and robustness. Need of XRF learning Models mainly relay on 

● Improved Predictive Performance: XRF learning Models often outperform individual models by reducing 

overfitting and increasing model diversity. 

● Enhanced Robustness: By combining multiple models, the overall model becomes less sensitive to noise and 

outliers in the data. 

● Better Generalization: XRF learning Models tend to generalize better to unseen data compared to individual 

models. 

 

Figure 4. Outlier identification and removal using Ensemble learning for predicting potability 
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 While models like Random Forest and XGBoost have shown promise in predicting water quality parameters. 

Direct methods for assessing water quality, such as physical sampling and laboratory analysis, present several 

significant hurdles. 

6. RESULTS AND DISCUSSION 

 The model performance metrics for outlier detection in water potability are described in Figure 4 along with a 

few common metrics that are used to assess the effectiveness of machine learning classifiers. Model performance can be 

evaluated by providing key evaluation metrics from the confusion matrix, such as True Positive (TP), True Negative 

(TN), False Positive (FP), and False Negative (FN). 

● Accuracy: The proportion of correctly identified good data points and outliers. However, accuracy alone can 

be misleading in imbalanced datasets (where outliers are rare). The accuracy is calculated by 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 …………………….Eq-6 

● Precision: The proportion of identified outliers that are true outliers. The Precision value is calculated by 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 ...…………………………..Eq-7 

● Recall: The proportion of actual outliers that the model correctly identifies. Then Recall is measured by 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 …………………………….Eq-8 

● F1-Score: The average of recall and precision, which offers an accurate evaluation of the model's 

effectiveness.F1-Score is calculated using 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =
2∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 ..……………Eq-9 

  
Figure 5. Model performance Metrics for various Machine learning Algorithms based on Accuracy, Percision, Recall and F1 Score 
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 Optimizing hyper-parameters is essential for enhancing machine learning models' efficacy. An effective 

technique for adjusting hyper-parameters is Bayesian optimization. It creates a probabilistic model of the objective 

function and selects the most promising hyper-parameters for assessment based on this model. Steps for Bayesian 

Optimization 

 1. The objective function evaluates the model performance given a set of hyper-parameters. For classification 

problems, based on common metric such as  Accuracy, Recall ,precision and F1scores shown in Figure 5. 

 2. Define the range of values for each hyper-parameter that require optimization. 

 3. Use the Bayesian Optimization process to iteratively select hyper-parameters, evaluate the model, and update 

the model of the objective function. 

 When compared to direct sampling our proposed XRF learning model analyze the result without the presence of 

professionals, also  provides complete water quality analysis in less time with more reliable results.In addition, this 

model has the ability to provide graphs and also gives  problem-solving recommendations for additional criteria. 

7. TCG AND LANGUAGE MODELING FOR WATER POTABILITY REPORT 

GENERATION 

 In this proposed system, machine learning algorithms are combined with a transformer based natural language 

processing method called Text Content Generator to predict water potability. The result is then processed to create a 

summary of the results, and the report is formatted using a language model called TCG Language Model. 

a) Text Content Generator (TCG) 

 Once models are trained and validated, generate water potability reports based on predictions from the 

ensemble or selected best-performing model. Include insights into water quality parameters, potability predictions, and 

any actionable recommendations based on the analysis. This methodology ensures a comprehensive approach to 

generating water potability reports using a mix of traditional and advanced machine learning techniques, incorporating 

outlier removal through Bayesian optimization, and leveraging LLM and transformer models where applicable for 

enhanced feature extraction or understanding. Each step is critical to ensuring the accuracy and reliability of the 

generated reports for decision-making purposes. Large Language Models (LLMs) are poised to transform the way we 

assess water quality. The Figure 6  highlights the use of  transformer architecture, which are common components in 

modern language models. The presence of "Text 1," "Text 2," etc., suggests the system might be capable of generating 

multiple text variations based on a single input. The "Linear" layers likely perform final transformations on the 

generated text embeddings before converting them into actual text. 
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Figure 6. Generation of report using XF-Text Content Generator 

The Algorithm 1 represents the performance of proposed Text Content Generator (TCG) into a template based report 

creation .It creates a template for the report to be produced and the content is reframed based on the template using 

inline text and images in the position of (x,y). The image positions are fixed in x and y axis, then the other pictures are 

placed next to the first placed pictures in column wise directions. The report contains Introduction , Dataset description, 

Exploratory Data Analysis of each features(ph,sulphate,carbonate..etc), Statistical Analysis and Conclusion. 

Algorithm 1. XRF-Text Content generation 

1. Start 

2. initialize classes and modules like canvas ,Font, pdfmetrics, colors  

3. initializing variables file_name as 'sample.pdf', doc_title as 'sample' and title as 'topic name' 

filename and documentTitle  

if image = 'image.jpg' 

4. create pdf file using canvas and set the doc title 

pdf  fileName  

pdf  documentTitle  

5. registering a external font in python 

register Font 

create title by setting it's font   

set Font  

draw Centred String 

6. create subtitle  

7. create  multiline text using textline   

8. do 

line in textLines:  

add no.of lines 

add text to lines 

9. draw image in position  

pdf (position, x, y)   

10. save the format as pdf.save()  

11. end 

b) TCG Language Modelling 

 Effective text preprocessing is crucial for developing accurate water safety models. This process involves 

normalizing text by converting it to lowercase and handling abbreviations, followed by tokenization to split the text into 

individual words or phrases. To enhance the model's understanding of the water safety context, it is essential to 

incorporate domain-specific knowledge during preprocessing. By carefully preparing the text data, the model can better 

extract and analyze relevant information for improved performance. 

c) Transformer-based NLP Summary Generation 

 Explore transformer models like BART or T5 for summarizing key findings from the water quality analysis. 

This can be particularly useful if the dataset or report involves a large amount of text data.To create a robust water 

safety report summarizer, it's essential to train a model on relevant datasets, then fine-tune it using specific water safety 

data. The generated summary should be accurate, concise, and representative of the evaluation. Leveraging NLP, 

specifically named entity recognition (NER) using tools like NLTK or spaCy, can extract crucial water quality 

parameters and their values from the analysis. These extracted details can then be transformed into clear and concise 

sentences using natural language generation (NLG) techniques. The Figure 7 provides a detailed breakdown of the TCG 

Report Generation process. 

 Dataset Quality and Quantity: The effectiveness of NLP and transformers depends on the quality and quantity 

of your water safety dataset. Ensure it has sufficient data and relevant text for training these models effectively. 

i) Challenges of Direct Sampling and Analysis 

 Water quality assessment through direct sampling and laboratory analysis is often hindered by high costs, 

labor-intensive processes, lengthy turnaround times, and limited spatial coverage. These factors can restrict the ability 

to comprehensively monitor and understand water quality conditions across vast areas, hindering timely decision-

making and effective management strategies. 
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Figure 7. TCG Report Generation Process 

ii)  Benefits of XRF-TCG Method 

 XRF Learning Models offer several advantages over traditional methods for assessing water quality. Models 

can generate predictions at a fraction of the cost compared to continual physical sampling and laboratory analysis.This 

XRF model  process vast amounts of data quickly, enabling real-time monitoring of water quality parameters and rapid 

response to potential issues. By utilizing historical data and various input variables, models can provide predictions for 

a wider geographic area, helping identify potential hotspots or trends. Through predictive modeling, it's possible to 

anticipate water quality deterioration, allowing for proactive measures to protect public health and the environment. 

When compared to direct sampling our proposed XRF-TCG model analyze the result without the presence of 

professionals, also provides complete water quality analysis in less time with more reliable results. In addition, this 

model has the ability to provide graphs and also gives problem-solving recommendations for additional criteria. 

8.  CONCLUSION AND FUTURE WORK 

 By combining machine learning, NLP, and transformer-based techniques, the proposed technique create a 

comprehensive, informative, and well-structured water safety report. Remember to prioritize data Large Language 

Models (LLMs) are poised to transform the assess of water quality. By automating the generation of comprehensive 

water potability reports, LLMs promise to enhance efficiency, accuracy, and accessibility of water safety information. 

LLMs can process complex water quality data, identifying trends, anomalies, and correlations that might be overlooked 

in manual analysis. They can organize information into clear and logical sections, ensuring that key findings are 

presented effectively. Leveraging AI can reduce the risk of human error in data interpretation and report writing. 

Automated reports can be made available to a wider audience, promoting transparency and public engagement. Future 

research should focus on developing LLMs specifically tailored for water quality applications, incorporating domain-

specific knowledge and addressing the challenges outlined above. By combining the power of AI with human expertise 

can create a more sustainable and resilient water future. 
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