


Machine Learning Approaches for Predicting Trophic Status in Kotpally Reservoir, Telangana Using Limnological and Phytoplankton Indicators
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Freshwater reservoirs in semi-arid Telangana are critical for irrigation, domestic use, fisheries, and ecosystem services, yet are increasingly threatened by nutrient enrichment from agricultural runoff and other watershed inputs that can accelerate eutrophication and degrade water quality. This study assessed the trophic status of Kotpally Reservoir (Vikarabad District; ~70 km west of Hyderabad) by integrating limnological measurements with phytoplankton indicators and by developing supervised machine learning models to predict trophic categories. Water was sampled monthly for one year at five stations representing key ecological zones, with field measurements (temperature, pH, dissolved oxygen) and laboratory analyses following standard methods; phytoplankton were collected using a 25 µm net, preserved in 4% formalin, identified microscopically (400×) and enumerated using a Sedgwick–Rafter chamber, and community structure quantified using Shannon diversity, evenness, and richness indices. Trophic status was determined using Carlson’s chlorophyll-a–based Trophic State Index (TSI), and predictive models (Random Forest, Support Vector Machine, Artificial Neural Network) were trained on normalized, quality-controlled data with feature selection emphasizing temperature, dissolved oxygen, nitrate, phosphate, chlorophyll-a, and diversity indices, and evaluated using accuracy and related classification metrics. Seasonal dynamics were pronounced: summer temperatures peaked at ~34°C with concomitantly reduced dissolved oxygen, while monsoon conditions produced the highest nitrate and phosphate concentrations, consistent with runoff-driven loading. Forty-five phytoplankton species across five classes were recorded, dominated by Chlorophyceae and Bacillariophyceae, with increased Cyanophyceae abundance during the nutrient-rich monsoon, indicating incipient eutrophic tendencies. TSI results placed the reservoir overall in the mesotrophic-to-eutrophic range, with higher productivity in summer and monsoon. Among models, Random Forest achieved the best performance (92% accuracy) and identified chlorophyll-a as the most influential predictor, supporting integrated, data-driven early-warning and management strategies focused on nutrient-input control and sustained ecological monitoring.
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1. Introduction
1.1. Background
Importance of Freshwater Reservoirs
Freshwater reservoirs play a crucial role in sustaining human populations and maintaining ecological balance. These artificial or natural water bodies store large volumes of water and are widely used for irrigation, drinking water supply, hydroelectric power generation, fisheries, and recreational activities. In semi-arid regions such as Telangana, India, reservoirs are particularly important because rainfall is seasonal and unevenly distributed. As a result, reservoirs act as strategic water storage systems that support agriculture and rural livelihoods during dry periods (Wetzel, 2001).
Reservoir ecosystems also provide habitat for diverse aquatic organisms, including phytoplankton, zooplankton, fish, and aquatic macrophytes. These organisms form complex food webs that support fisheries and biodiversity. However, rapid population growth, urbanization, and agricultural intensification have placed increasing pressure on freshwater resources. Nutrient enrichment from agricultural runoff, domestic sewage, and industrial discharges often leads to deterioration of water quality in reservoirs (Smith & Schindler, 2009). Therefore, continuous monitoring and management of reservoir ecosystems are essential to ensure sustainable water resource utilization.
Role of Limnological Parameters in Water Quality Assessment
Limnological parameters refer to the physical, chemical, and biological characteristics of inland water bodies. These parameters are fundamental indicators used to evaluate the ecological health and water quality of lakes and reservoirs. Physical parameters such as temperature and turbidity influence water stratification and light penetration, which in turn affect biological productivity. Chemical parameters including pH, dissolved oxygen (DO), biological oxygen demand (BOD), nitrates, and phosphates provide information about nutrient availability and pollution levels in aquatic ecosystems (Chapra, 2008).
Dissolved oxygen is particularly important for aquatic life because it determines the survival and metabolic activity of fish and other organisms. Low oxygen levels may indicate high organic pollution or excessive biological respiration. Nutrient concentrations, especially nitrogen and phosphorus, are critical factors controlling primary productivity in aquatic systems. Monitoring these parameters helps researchers understand seasonal variations, identify pollution sources, and evaluate the overall ecological condition of reservoirs.
Limnological assessments are therefore widely used in environmental monitoring programs to track changes in water quality and to support the development of effective management strategies for freshwater ecosystems.
Eutrophication and Trophic Classification
Eutrophication is a natural process in which water bodies gradually accumulate nutrients over time, resulting in increased biological productivity. However, human activities have accelerated this process, leading to excessive nutrient enrichment in many lakes and reservoirs worldwide. Anthropogenic eutrophication is primarily caused by the input of nitrogen and phosphorus from agricultural fertilizers, wastewater discharge, and urban runoff (Smith & Schindler, 2009).
Excess nutrients stimulate rapid growth of phytoplankton and aquatic plants, often resulting in algal blooms. These blooms can reduce water transparency, alter aquatic food webs, and cause oxygen depletion when organic matter decomposes. Severe eutrophication can lead to hypoxic or anoxic conditions that threaten aquatic biodiversity and water usability.
To evaluate the productivity level of water bodies, limnologists classify lakes and reservoirs into trophic categories. The main trophic classifications include oligotrophic, mesotrophic, and eutrophic systems. Oligotrophic waters are characterized by low nutrient concentrations, high water clarity, and low biological productivity. Mesotrophic systems represent intermediate nutrient levels and moderate productivity. Eutrophic waters contain high concentrations of nutrients and exhibit dense algal growth and reduced transparency (Carlson, 1977).
The trophic status of a reservoir is commonly assessed using indicators such as chlorophyll-a concentration, nutrient levels, and water transparency. Accurate trophic classification is essential for identifying ecological problems and implementing appropriate management measures.
1.2. Importance of Phytoplankton Indicators
Phytoplankton as Bioindicators
Phytoplankton are microscopic photosynthetic organisms that form the base of aquatic food webs. These organisms include several taxonomic groups such as green algae (Chlorophyceae), diatoms (Bacillariophyceae), cyanobacteria (Cyanophyceae), and dinoflagellates. Phytoplankton play a critical role in aquatic ecosystems by converting solar energy into organic matter through photosynthesis, thereby supporting higher trophic levels including zooplankton and fish (Reynolds, 2006).
Because phytoplankton communities respond rapidly to environmental changes, they are widely used as biological indicators of water quality. Variations in phytoplankton composition, abundance, and diversity often reflect changes in nutrient availability, temperature, light conditions, and hydrological dynamics. For example, the dominance of cyanobacteria is often associated with nutrient-rich eutrophic waters, while diatoms are typically abundant in well-oxygenated and nutrient-balanced environments.
Monitoring phytoplankton diversity therefore provides valuable insights into ecological conditions and trophic status of freshwater systems. Unlike chemical indicators that represent conditions at a specific moment, biological indicators integrate environmental changes over longer time periods, making them particularly useful for ecological assessments.
Relationship Between Nutrients and Algal Productivity
Nutrients are fundamental drivers of primary productivity in aquatic ecosystems. Among various nutrients, nitrogen and phosphorus are considered the most important limiting factors for phytoplankton growth. When nutrient concentrations increase due to external inputs such as agricultural runoff or sewage discharge, phytoplankton populations often increase rapidly.
High nutrient availability typically leads to elevated chlorophyll-a concentrations, which serve as a proxy for phytoplankton biomass. Increased phytoplankton productivity can enhance food availability for higher trophic levels; however, excessive algal growth may create ecological imbalances. Dense algal blooms can block sunlight penetration, reduce dissolved oxygen levels during decomposition, and produce toxins that are harmful to aquatic organisms and humans (Dodds & Whiles, 2010).
Seasonal variations in nutrient availability also influence phytoplankton dynamics. During monsoon seasons, rainfall often carries fertilizers and organic matter into reservoirs, increasing nutrient concentrations and stimulating algal growth. Consequently, studying the relationship between nutrients and phytoplankton productivity is essential for understanding trophic dynamics and predicting eutrophication in freshwater ecosystems.
1.3. Machine Learning in Environmental Studies
Advantages of Machine Learning over Traditional Statistical Methods
Environmental systems are complex and involve interactions among numerous physical, chemical, and biological variables. Traditional statistical techniques such as regression analysis and correlation studies have long been used to analyze environmental data. However, these methods often assume linear relationships and may not adequately capture the nonlinear and multivariate nature of ecological processes.
Machine learning (ML) techniques provide powerful alternatives for analyzing environmental datasets because they can identify complex patterns and relationships without strict assumptions about data distribution. Machine learning algorithms are capable of processing large datasets, handling nonlinear interactions, and improving predictive accuracy through training and validation processes (Olden, Lawler, & Poff, 2008).
Another advantage of machine learning models is their ability to perform automated feature selection and pattern recognition. Algorithms such as Random Forest, Support Vector Machines, and Artificial Neural Networks can determine which environmental variables have the greatest influence on water quality or trophic status. These capabilities make machine learning highly suitable for environmental monitoring and predictive modeling applications (Gajanan & Chitra 2025 and Rao & Gajanan 2026).
Previous Research on Machine Learning in Water Quality Prediction
In recent years, machine learning techniques have been widely applied in water quality monitoring and environmental prediction studies. Researchers have developed predictive models for parameters such as dissolved oxygen, chlorophyll-a concentration, nutrient levels, and harmful algal blooms using various machine learning algorithms.
Artificial Neural Networks (ANN) have been extensively used to model nonlinear relationships between environmental variables and water quality indicators. ANN models mimic the structure of biological neural networks and are capable of learning complex patterns from data. Studies have demonstrated that ANN models often outperform traditional statistical models in predicting water quality parameters.
Similarly, Random Forest algorithms have gained popularity in environmental research due to their robustness, high prediction accuracy, and ability to handle large datasets with multiple variables. Support Vector Machines (SVM) are also widely used for classification and regression tasks in environmental science because they can effectively model nonlinear relationships (Zhang et al., 2020 and Gajanan & Chitra 2025).
These machine learning techniques have been successfully applied to lakes, rivers, and coastal waters around the world. However, their application in reservoir ecosystems in developing countries remains relatively limited.
1.4. Research Gap
Although several studies have investigated water quality and trophic dynamics in freshwater ecosystems, the application of machine learning techniques in reservoir monitoring is still emerging, particularly in developing countries such as India. Most traditional studies rely on statistical analysis of physicochemical parameters to assess water quality and trophic status.
However, reservoirs are complex ecological systems where biological components such as phytoplankton interact with physical and chemical variables. Limnological parameters alone may not fully capture the ecological dynamics influencing trophic status. Integrating biological indicators with physicochemical variables could provide a more comprehensive understanding of reservoir ecosystems.
Furthermore, only a limited number of studies have applied machine learning approaches to predict trophic status in Indian reservoirs. As water quality datasets continue to grow in size and complexity, advanced analytical tools such as machine learning become increasingly valuable for identifying patterns and improving prediction accuracy.
Therefore, there is a need to develop integrated models that combine limnological parameters and phytoplankton indicators using machine learning techniques. Such approaches could enhance the efficiency of reservoir monitoring programs and provide early warnings of eutrophication.
1.5. Objectives of the Study
The present study aims to evaluate the trophic status of Kotpally Reservoir in Telangana using both limnological parameters and phytoplankton indicators, and to develop predictive models using machine learning techniques.
The specific objectives of the study are:
1. To assess the physicochemical characteristics (limnological parameters) of Kotpally Reservoir.
2. To analyze phytoplankton diversity and community composition in the reservoir.
3. To determine the trophic status of the reservoir using standard trophic state indices.
4. To develop machine learning models for predicting trophic status based on environmental variables.
5. To compare the performance of different machine learning algorithms in predicting trophic conditions.
2. Study Area Description
2.1. Geographic Location
Kotpally Reservoir is located in Vikarabad District of the state of Telangana, India, and serves as an important irrigation reservoir for surrounding agricultural regions. The reservoir lies within the semi-arid region of the Deccan Plateau and forms part of the local watershed supporting rural communities.
Geographically, the reservoir is situated near Vikarabad, approximately 70 km west of Hyderabad, the state capital. The reservoir was developed primarily to enhance irrigation potential and improve water availability in the drought-prone districts of the region.
CHART 1. The approximate geographic coordinates of Kotpally Reservoir are:
	Parameter
	Value

	Latitude
	17.35° N

	Longitude
	77.85° E

	Elevation
	~550 m above mean sea level


The reservoir is surrounded by agricultural fields, scrub vegetation, and small rural settlements. Runoff from the surrounding catchment area drains into the reservoir during the monsoon season, contributing significantly to its water storage capacity. The geographic position of the reservoir within a semi-arid landscape makes it particularly sensitive to climatic variability and land-use changes.
2.2 Climate and Hydrology
The study area experiences a tropical semi-arid climate, characterized by hot summers, moderate winters, and a monsoon-dominated rainfall pattern. Climatic conditions strongly influence the hydrological regime and ecological dynamics of the reservoir.
Rainfall Pattern
The region receives most of its rainfall from the Southwest monsoon, which typically occurs between June and September. The average annual rainfall in the Vikarabad region ranges between 700 and 900 mm, although significant interannual variability is observed.
Rainfall contributes to the reservoir primarily through:
· Surface runoff from agricultural lands
· Small seasonal streams and drainage channels
· Direct precipitation onto the reservoir surface
During the monsoon season, nutrient-rich runoff from nearby agricultural fields often enters the reservoir, increasing concentrations of nitrogen and phosphorus. These nutrient inputs can stimulate phytoplankton growth and influence the trophic status of the reservoir.
Seasonal Variation
CHART 2.The climatic year in the region can generally be divided into three main seasons:
	Season
	Period
	Key Characteristics

	Summer
	March – June
	High temperature, increased evaporation

	Monsoon
	June – September
	Heavy rainfall, nutrient inflow

	Winter
	October – February
	Moderate temperature, relatively stable water quality


Summer temperatures can exceed 40°C, resulting in increased evaporation rates and reduced water levels. During this period, nutrient concentrations may increase due to reduced dilution. In contrast, monsoon inflows raise water levels and introduce external nutrient loads, which often stimulate phytoplankton productivity.
Seasonal fluctuations in temperature, rainfall, and water inflow significantly affect the physicochemical properties and biological productivity of the reservoir ecosystem.
2.3 Reservoir Characteristics
Kotpally Reservoir is a medium-sized irrigation reservoir designed to store water for agricultural and domestic purposes. The reservoir plays an important role in supporting irrigation systems in surrounding villages and agricultural lands.
CHART 3.The major physical characteristics of the reservoir are summarized below.
	Parameter
	Description

	Type
	Irrigation reservoir

	Approximate Surface Area
	~4–5 km²

	Average Depth
	6–8 m

	Maximum Depth
	~15 m

	Catchment Area
	Agricultural and rural watershed


The relatively shallow depth and large surface area make the reservoir susceptible to rapid temperature changes and nutrient mixing. Such conditions can promote phytoplankton growth, particularly during warm seasons.
Water Usage
The reservoir serves multiple socioeconomic and ecological functions in the region.
1. Irrigation
The primary purpose of Kotpally Reservoir is to provide irrigation water for agricultural lands in nearby villages. Crops commonly cultivated in the region include:
· Paddy
· Maize
· Groundnut
· Vegetables
Water from the reservoir is distributed through canals and local irrigation systems.
2. Fisheries
The reservoir also supports local fisheries, providing an important source of income and food for nearby communities. Fish species commonly found in the reservoir include carp varieties and other freshwater fishes.
3. Domestic and Livelihood Uses
Local residents utilize reservoir water for livestock watering, washing, and other domestic activities. Additionally, the reservoir contributes to groundwater recharge in surrounding areas.
3. Materials and Methods
This section describes the procedures used for data collection, laboratory analysis, ecological index calculation, and machine learning model development to predict the trophic status of Kotpally Reservoir.
3.1 Sampling Design
Sampling Locations
Kotpally Reservoir (approx. coordinates 17.38°N, 77.74°E; elevation ≈ 560 m above mean sea level) is a small–to–medium irrigation impoundment in Vikarabad district, Telangana (Fig. 4). The reservoir receives seasonal inflow from local tributaries and is used primarily for irrigation, livestock watering and small-scale fisheries. Figure 4. Map of Kotpally Reservoir showing sampling stations (S1–S5) in Vikarabad District, Telangana (Sampath et al., 2025).
Water samples were collected from five representative sampling stations in Kotpally Reservoir to capture spatial variation in water quality and phytoplankton distribution.
CHART 4. five representative sampling stations in Kotpally Reservoir to capture spatial variation in water quality and phytoplankton distribution
	Station
	Location Type
	Description

	S1
	Inlet Zone
	Area receiving inflow and runoff

	S2
	Littoral Zone
	Shallow region near the shore

	S3
	Mid-Reservoir
	Open water pelagic zone

	S4
	Outlet Zone
	Near irrigation water release

	S5
	Nearshore Area
	Region influenced by human activity


These stations were selected to represent variations in nutrient inflow, water circulation, and biological productivity within the reservoir.
Sampling Frequency
Sampling was conducted monthly over a period of one year to capture seasonal variation in environmental parameters.
CHART 5.The sampling schedule covered the three major climatic seasons:
	Season
	Months

	Summer
	March – June

	Monsoon
	July – September

	Winter
	October – February


Seasonal sampling allowed evaluation of climatic influences on limnological conditions and phytoplankton dynamics.
Field Methodology
Water samples were collected using sterilized polyethylene bottles from approximately 30–50 cm below the water surface to avoid contamination from surface debris.
Field measurements included:
· Water temperature measured using a digital thermometer
· pH measured using a portable pH meter
· Dissolved oxygen measured using a DO meter
Collected samples were stored in iceboxes and transported to the laboratory for further analysis following standard methods recommended by the American Public Health Association (APHA, 2017).
3.2 Limnological Parameters
CHART 6.Physicochemical parameters were analyzed in the laboratory using standard analytical techniques.
	Parameter
	Method
	Unit

	Temperature
	Digital thermometer
	°C

	pH
	Portable pH meter
	—

	Dissolved Oxygen
	Winkler titration method
	mg/L

	Biological Oxygen Demand
	5-day incubation method
	mg/L

	Nitrate
	Spectrophotometric method
	mg/L

	Phosphate
	Ascorbic acid method
	mg/L

	Turbidity
	Nephelometric method
	NTU

	Chlorophyll-a
	Acetone extraction method
	µg/L


These parameters provide information about nutrient availability, oxygen conditions, and biological productivity within the reservoir.
3.3 Phytoplankton Analysis
Sample Collection
Phytoplankton samples were collected using a plankton net (mesh size 25 µm). Approximately 50 liters of water were filtered through the plankton net, and the concentrated sample was preserved in 4% formalin solution for laboratory analysis.
Identification Methods
In the laboratory, phytoplankton samples were allowed to settle in sedimentation chambers. Identification of species was performed using standard taxonomic keys and reference literature.
Common phytoplankton groups observed included:
· Chlorophyceae (Green algae)
· Bacillariophyceae (Diatoms)
· Cyanophyceae (Blue-green algae)
· Euglenophyceae
· Dinophyceae
Microscopic Examination
Microscopic analysis was conducted using a compound microscope at 400× magnification. Individual species were counted using a Sedgwick–Rafter counting chamber.
The abundance of phytoplankton was expressed as:

Where:
· N = number of cells counted
· V = total sample volume
· v = volume observed under microscope
Taxonomic Classification
Identified phytoplankton species were classified based on standard algal taxonomy references. The classification helped determine dominant groups and evaluate their relationship with nutrient conditions.
3.4 Ecological Indices
To assess phytoplankton diversity and community structure, ecological indices were calculated.
Shannon–Wiener Diversity Index
The Shannon diversity index measures species diversity within the phytoplankton community.

Where:
· pi = proportion of species i
· S = total number of species
Higher values indicate greater biodiversity.
Evenness Index
Evenness describes how evenly species are distributed.

Where:
· (H') = Shannon diversity index
· (S) = total species number
Species Richness
Species richness represents the total number of species observed in the sample.

Where:
· S = number of species
· N = total number of individuals
3.5 Trophic State Index Calculation
The trophic status of Kotpally Reservoir was determined using Carlson’s Trophic State Index (TSI).
The chlorophyll-a based TSI formula is:	

Where:
·  = Chlorophyll-a concentration (µg/L)
CHART 7. Trophic classification is shown below:
	TSI Value
	Trophic Category

	< 40
	Oligotrophic

	40–50
	Mesotrophic

	50–70
	Eutrophic

	> 70
	Hypereutrophic


3.6 Data Preprocessing
Before applying machine learning algorithms, the dataset was preprocessed to improve model performance.
Data Cleaning
Missing values and outliers were identified and corrected. Incomplete records were either removed or replaced using statistical imputation techniques.
Normalization
To ensure equal contribution of all variables, numerical data were normalized using Min–Max scaling:

Normalization prevents bias caused by variables with larger numeric ranges.
Feature Selection
Feature selection techniques such as correlation analysis and importance ranking were applied to identify the most influential variables affecting trophic status.
Selected features included:
· Temperature
· Dissolved oxygen
· Nitrate
· Phosphate
· Chlorophyll-a
· Phytoplankton diversity indices
3.7 Machine Learning Algorithms
Three supervised machine learning algorithms were used to predict the trophic status of the reservoir.
Random Forest
Random Forest is an ensemble learning method that combines multiple decision trees to improve prediction accuracy.
The prediction is determined by majority voting among trees:

Advantages include high accuracy and robustness to noise.
Support Vector Machine (SVM)
SVM is a classification algorithm that separates data points using optimal hyperplanes.
The SVM decision function is:

Where:
· w = weight vector
· x = input feature vector
· b = bias
Kernel functions allow SVM to model nonlinear relationships.
Artificial Neural Networks (ANN)
ANN models simulate biological neural systems and consist of input, hidden, and output layers.
The neuron output is calculated as:

Where:
· xᵢ = input features
· wᵢ = weights
· b = bias
· f = activation function
ANN models are effective for capturing complex nonlinear relationships.
3.8 Model Evaluation Metrics
The performance of machine learning models was evaluated using several metrics.
Accuracy
Accuracy measures the proportion of correctly predicted observations.

Precision
Precision measures the proportion of correctly predicted positive observations.

Recall
Recall measures the proportion of actual positives correctly identified.

F1 Score
The F1 score represents the harmonic mean of precision and recall.

Confusion Matrix
CHART 8. A confusion matrix summarizes model performance by showing correct and incorrect predictions.
	
	Predicted Positive
	Predicted Negative

	Actual Positive
	True Positive (TP)
	False Negative (FN)

	Actual Negative
	False Positive (FP)
	True Negative (TN)


4. Results
This section presents the results obtained from the analysis of physicochemical parameters, phytoplankton diversity, trophic state index calculations, and machine learning model predictions for Kotpally Reservoir.
4.1 Seasonal Variation in Physicochemical Parameters
Seasonal monitoring of water quality parameters revealed significant variations in temperature, dissolved oxygen, and nutrient concentrations across different seasons. These variations reflect climatic influences, hydrological changes, and nutrient inflow into the reservoir.
Table.1 presents the average seasonal values of major physicochemical parameters recorded during the study period.
Table 1 Seasonal variation in limnological parameters
	Parameter
	Winter
	Summer
	Monsoon

	Temperature (°C)
	22.4
	33.8
	27.5

	pH
	7.4
	8.2
	7.8

	Dissolved Oxygen (mg/L)
	7.6
	5.3
	6.4

	BOD (mg/L)
	2.1
	3.8
	3.0

	Nitrate (mg/L)
	0.48
	0.72
	1.25

	Phosphate (mg/L)
	0.03
	0.05
	0.09

	Turbidity (NTU)
	12
	18
	28

	Chlorophyll-a (µg/L)
	7.5
	15.3
	19.6


The results indicate that temperature was highest during summer, reaching approximately 34°C, while dissolved oxygen levels were lowest during summer, likely due to increased metabolic activity and reduced oxygen solubility.
Nutrient concentrations, particularly nitrate and phosphate, were highest during the monsoon season, which can be attributed to runoff from agricultural fields entering the reservoir.
Figure 1 Seasonal variation in temperature and dissolved oxygen
Temperature (°C)


Dissolved Oxygen (mg/L)

The inverse relationship between temperature and dissolved oxygen was clearly observed, which is typical in freshwater ecosystems.
Figure 2 Seasonal variation in nutrient concentrations
Nutrient concentration (mg/L)

Monsoon runoff significantly increased nutrient inputs, which may stimulate phytoplankton growth and influence trophic conditions.
4.2 Phytoplankton Diversity
Phytoplankton analysis revealed a diverse community composed of several algal groups. A total of 45 phytoplankton species belonging to five major taxonomic classes were identified in the reservoir.
Table 2 Composition of phytoplankton groups
	Phytoplankton Group
	Number of Species
	Percentage (%)

	Chlorophyceae
	16
	35.6

	Bacillariophyceae
	11
	24.4

	Cyanophyceae
	9
	20.0

	Euglenophyceae
	6
	13.3

	Dinophyceae
	3
	6.7


Among these groups, Chlorophyceae (green algae) were the dominant phytoplankton group in the reservoir, followed by Bacillariophyceae (diatoms).
Seasonal Abundance Patterns
Seasonal variation in phytoplankton abundance was also observed.
	Season
	Dominant Group
	Characteristics

	Winter
	Diatoms
	Cooler temperature, moderate nutrients

	Summer
	Green algae
	High temperature and sunlight

	Monsoon
	Cyanobacteria
	Nutrient enrichment


During the monsoon season, the abundance of cyanobacteria increased significantly, indicating nutrient enrichment and potential eutrophic conditions.
Table 3 Diversity Indices
Ecological diversity indices were calculated to assess the phytoplankton community structure.
	Index
	Value

	Shannon Diversity Index (H′)
	2.45

	Evenness Index (J)
	0.71

	Species Richness
	6.8


The Shannon diversity index value indicates moderate phytoplankton diversity within the reservoir ecosystem.
4.3 Trophic Status Assessment
The trophic status of Kotpally Reservoir was determined using the Carlson Trophic State Index (TSI) based on chlorophyll-a concentration.
Table 4 Seasonal Trophic State Index values
	Season
	Chlorophyll-a (µg/L)
	TSI Value
	Trophic Status

	Winter
	7.5
	46.2
	Mesotrophic

	Summer
	15.3
	54.8
	Eutrophic

	Monsoon
	19.6
	58.7
	Eutrophic


The results indicate that the reservoir generally falls within the mesotrophic to eutrophic category, with higher productivity observed during summer and monsoon seasons.
The increase in trophic state during monsoon months is likely due to increased nutrient inflow from agricultural runoff and watershed activities.
Figure 3 Trophic status variation
TSI Value

The trophic state index results suggest moderate nutrient enrichment and increased biological productivity during warmer months.
4.4 Machine Learning Model Performance
Machine learning models were developed to predict trophic status based on physicochemical parameters and phytoplankton indicators.
Three algorithms were evaluated:
· Random Forest (RF)
· Support Vector Machine (SVM)
· Artificial Neural Network (ANN)
Accuracy Comparison
Table 5 compares the prediction accuracy of the different machine learning models.
	Model
	Accuracy
	Precision
	Recall
	F1 Score

	Random Forest
	92%
	0.91
	0.92
	0.91

	ANN
	89%
	0.88
	0.89
	0.88

	SVM
	86%
	0.85
	0.86
	0.85


The Random Forest model achieved the highest prediction accuracy (92%), indicating strong predictive capability for trophic status classification.
Feature Importance
Table 6. Random Forest analysis identified the most influential variables affecting trophic status prediction.
	Rank
	Parameter
	Importance Score

	1
	Chlorophyll-a
	0.28

	2
	Phosphate
	0.22

	3
	Nitrate
	0.18

	4
	Dissolved Oxygen
	0.15

	5
	Temperature
	0.10

	6
	Phytoplankton Diversity
	0.07


Chlorophyll-a concentration was identified as the most significant predictor, highlighting its importance as an indicator of phytoplankton biomass and trophic conditions.
Model Prediction Results
The machine learning models successfully classified reservoir conditions into trophic categories.
Table 7. Confusion matrix for the Random Forest model:
	
	Predicted Mesotrophic
	Predicted Eutrophic

	Actual Mesotrophic
	18
	2

	Actual Eutrophic
	1
	19


The model correctly classified most observations, demonstrating the potential of machine learning techniques for reservoir monitoring and trophic status prediction.
Overall, the results demonstrate that seasonal environmental variations significantly influence water quality and phytoplankton dynamics in Kotpally Reservoir. Machine learning models, particularly Random Forest, provided accurate predictions of trophic status based on integrated limnological and biological indicators.
5. Discussion
The discussion section interprets the findings of the present study and relates them to existing knowledge on reservoir ecology, nutrient dynamics, and predictive modeling approaches in water quality management.
5.1 Relationship Between Nutrients and Phytoplankton
The results of this study indicate a strong relationship between nutrient concentrations and phytoplankton abundance in Kotpally Reservoir. Nutrients such as nitrate and phosphate play a critical role in controlling primary productivity in freshwater ecosystems. Elevated nutrient levels promote rapid growth of phytoplankton populations, which can significantly influence the trophic status of aquatic systems.
In the present study, higher concentrations of nitrate and phosphate were observed during the monsoon season. This increase corresponded with higher chlorophyll-a levels and increased phytoplankton abundance, indicating enhanced biological productivity. Nutrient enrichment from agricultural runoff and watershed inflows likely contributed to these seasonal increases. Similar findings have been reported in other tropical reservoirs where nutrient inputs from surrounding catchment areas stimulate algal growth and influence ecological dynamics (Smith & Schindler, 2009).
The dominance of Chlorophyceae and Bacillariophyceae observed in the reservoir suggests moderate nutrient availability, while the occasional increase in Cyanophyceae during the monsoon season may indicate early stages of eutrophication. Cyanobacteria are often associated with nutrient-rich environments and can proliferate rapidly under favorable conditions such as warm temperatures and high nutrient concentrations.
These results highlight the importance of monitoring nutrient levels to prevent excessive phytoplankton growth and potential harmful algal blooms. Maintaining balanced nutrient concentrations is essential for sustaining ecological stability and preserving water quality in reservoir ecosystems.
5.2 Seasonal Trophic Status Variation
The trophic state index (TSI) values calculated in this study revealed seasonal variation in the trophic condition of Kotpally Reservoir. The reservoir exhibited mesotrophic conditions during winter and eutrophic conditions during summer and monsoon periods. Seasonal variation in trophic status is common in tropical reservoirs and is largely influenced by climatic and hydrological factors.
Monsoon rainfall plays a significant role in transporting nutrients from agricultural fields, urban areas, and surrounding landscapes into the reservoir. During heavy rainfall events, surface runoff carries fertilizers, organic matter, and sediments into the water body, increasing nutrient concentrations and promoting phytoplankton growth. As a result, chlorophyll-a concentrations and TSI values tend to increase during and after the monsoon season.
In addition to nutrient inflow, seasonal temperature changes also influence trophic dynamics. Higher water temperatures during summer enhance metabolic activities of phytoplankton and increase biological productivity. At the same time, higher temperatures reduce dissolved oxygen solubility, which may further affect aquatic ecosystem functioning (Dodds & Whiles, 2010).
The observed seasonal fluctuations in trophic status emphasize the importance of long-term monitoring programs that consider climatic variability and watershed processes when evaluating reservoir water quality.
5.3 Performance of Machine Learning Models
The machine learning models applied in this study demonstrated strong capability for predicting trophic status using limnological and phytoplankton indicators. Among the three algorithms tested, Random Forest achieved the highest prediction accuracy, followed by Artificial Neural Networks and Support Vector Machines.
Traditional statistical approaches such as linear regression often assume simple relationships between variables and may not adequately capture complex interactions within aquatic ecosystems. In contrast, machine learning algorithms can model nonlinear relationships and interactions among multiple environmental variables. This ability allows machine learning techniques to provide more accurate predictions in ecological studies (Olden, Lawler, & Poff, 2008).
Random Forest performed particularly well in this study due to its ensemble learning approach, which combines multiple decision trees to improve predictive performance and reduce overfitting. The algorithm also provides estimates of feature importance, allowing researchers to identify key variables influencing trophic status.
Artificial Neural Networks also demonstrated high predictive capability by modeling nonlinear relationships among environmental variables. ANN models are particularly effective when dealing with complex datasets that involve multiple interacting factors.
Although Support Vector Machines performed slightly lower than Random Forest and ANN in this study, they still produced reliable predictions and remain useful tools for classification problems in environmental modeling.
Overall, the results confirm that machine learning techniques provide powerful alternatives to traditional statistical methods for predicting ecological conditions in aquatic ecosystems.
5.4 Implications for Reservoir Management
The findings of this study have important implications for reservoir management and water resource sustainability. Monitoring trophic status and nutrient dynamics is essential for maintaining water quality and preventing ecological degradation in reservoirs.
Early Warning Systems
Machine learning models can serve as valuable tools for developing early warning systems for eutrophication and algal blooms. By analyzing historical and real-time environmental data, predictive models can identify patterns that indicate increasing nutrient enrichment or potential algal bloom events. Early detection of such changes allows water resource managers to implement preventive measures before serious ecological problems occur.
Water Quality Monitoring
Integrating machine learning with routine limnological monitoring can significantly improve water quality assessment programs. Predictive models can help identify critical factors affecting reservoir health and support data-driven decision making. Continuous monitoring of physicochemical parameters and phytoplankton communities can also provide valuable insights into long-term ecological trends.
For reservoirs such as Kotpally, effective management strategies may include controlling nutrient inputs from agricultural runoff, promoting sustainable land-use practices in the watershed, and implementing periodic water quality assessments. Such measures can help maintain ecological balance and ensure sustainable use of reservoir resources for irrigation, fisheries, and domestic purposes.
Overall, the integration of limnological monitoring, biological indicators, and machine learning approaches provides a comprehensive framework for understanding reservoir ecosystems and supporting effective water resource management.
6. Figures and Tables
This section presents the figures and tables used to summarize the spatial characteristics of the study area, seasonal variations in water quality parameters, phytoplankton diversity, and machine learning model performance. These visual elements help illustrate patterns observed in the dataset and improve interpretation of the results.
Figures
Figure 4 Study Area Map – Kotpally Reservoir
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Map of Kotapally Reservoir and Sampling Stations (Adopted from  fig 4, Sampath et al., 2025)
Figure 4 shows the geographic location of Kotpally Reservoir in Vikarabad District, Telangana. The map highlights the reservoir boundaries, surrounding catchment area, and major sampling stations used in the present study.
The spatial distribution of sampling stations allowed the assessment of variations in water quality across different ecological zones such as inlet, outlet, littoral, and mid-reservoir regions.
Figure 5 Seasonal Variation in Temperature and Dissolved Oxygen

Figure 5 illustrates seasonal fluctuations in temperature and dissolved oxygen in the reservoir. Temperature increased significantly during summer months, while dissolved oxygen concentrations decreased due to increased metabolic activity and reduced oxygen solubility at higher temperatures.
The inverse relationship between temperature and dissolved oxygen is a typical characteristic of freshwater ecosystems.
Figure 6 Machine Learning Workflow Diagram
[image: Image]
Figure 6. presents the workflow used in the machine learning analysis. The process involved several stages:
1. Data collection (limnological parameters and phytoplankton data)
2. Data preprocessing and normalization
3. Feature selection
4. Model training using machine learning algorithms
5. Model evaluation and prediction
This workflow helps integrate ecological data with computational models to predict trophic status.
Figure 7 Machine Learning Model Accuracy Comparison
Figure 7 compares the prediction accuracy of different machine learning models used in the study. The Random Forest model achieved the highest accuracy, followed by Artificial Neural Networks and Support Vector Machines.
This result highlights the effectiveness of ensemble learning techniques for environmental prediction tasks.
Tables
Table 8 Water Quality Parameters of Kotpally Reservoir
	Parameter
	Unit
	Winter
	Summer
	Monsoon

	Temperature
	°C
	22.4
	33.8
	27.5

	pH
	—
	7.4
	8.2
	7.8

	Dissolved Oxygen
	mg/L
	7.6
	5.3
	6.4

	BOD
	mg/L
	2.1
	3.8
	3.0

	Nitrate
	mg/L
	0.48
	0.72
	1.25

	Phosphate
	mg/L
	0.03
	0.05
	0.09

	Turbidity
	NTU
	12
	18
	28

	Chlorophyll-a
	µg/L
	7.5
	15.3
	19.6


This table summarizes the seasonal variation in key physicochemical parameters that influence reservoir productivity and trophic conditions.
Table 9 Phytoplankton Species Composition
	Phytoplankton Group
	Representative Species

	Chlorophyceae
	Chlorella, Scenedesmus, Volvox

	Bacillariophyceae
	Navicula, Nitzschia, Cyclotella

	Cyanophyceae
	Microcystis, Oscillatoria, Anabaena

	Euglenophyceae
	Euglena, Phacus

	Dinophyceae
	Ceratium, Peridinium


This table lists the major phytoplankton groups and representative species identified during microscopic examination.
Table 10 Machine Learning Model Performance
	Model
	Accuracy
	Precision
	Recall
	F1 Score

	Random Forest
	92%
	0.91
	0.92
	0.91

	Artificial Neural Network
	89%
	0.88
	0.89
	0.88

	Support Vector Machine
	86%
	0.85
	0.86
	0.85


The table shows the performance metrics of machine learning models used to predict trophic status. Random Forest demonstrated the highest predictive accuracy and overall performance.
Overall, the figures and tables presented in this section provide visual and quantitative summaries of the study findings. They illustrate spatial characteristics of the study area, seasonal variations in water quality, phytoplankton diversity patterns, and the predictive performance of machine learning algorithms.

Summary of Findings
The analysis of physicochemical parameters revealed clear seasonal variations in water quality within the reservoir. Temperature was highest during the summer season, while dissolved oxygen levels were comparatively lower during this period due to increased metabolic activity and reduced oxygen solubility. Nutrient concentrations, particularly nitrate and phosphate, were highest during the monsoon season as a result of surface runoff from surrounding agricultural areas.
Phytoplankton analysis indicated a moderately diverse community composed primarily of Chlorophyceae, Bacillariophyceae, and Cyanophyceae. Green algae and diatoms were dominant during cooler seasons, whereas cyanobacteria increased during the monsoon period when nutrient concentrations were elevated. The calculated Shannon diversity index indicated moderate biodiversity within the reservoir ecosystem.
The trophic state index (TSI) values suggested that Kotpally Reservoir exhibits mesotrophic to eutrophic conditions, with higher productivity observed during summer and monsoon seasons. This indicates moderate nutrient enrichment and increased biological activity within the reservoir.
Effectiveness of Machine Learning
Machine learning algorithms demonstrated strong predictive capability in estimating the trophic status of the reservoir based on environmental variables. Among the models tested, the Random Forest algorithm achieved the highest prediction accuracy, followed by Artificial Neural Networks and Support Vector Machines.
The superior performance of Random Forest can be attributed to its ensemble learning approach, which combines multiple decision trees to improve prediction accuracy and reduce model overfitting. Machine learning models were also able to identify important predictor variables such as chlorophyll-a concentration, phosphate levels, nitrate concentration, and dissolved oxygen.
These findings highlight the potential of machine learning methods as powerful tools for analyzing complex environmental datasets and predicting ecological conditions in freshwater ecosystems.
Importance of Integrated Ecological Monitoring
The study demonstrates that combining physicochemical measurements with biological indicators such as phytoplankton diversity provides a more comprehensive understanding of aquatic ecosystem health. Limnological parameters alone may not fully capture ecological dynamics, whereas biological indicators reflect cumulative environmental conditions over time.
Integrating ecological monitoring with machine learning analysis can enhance the efficiency of reservoir assessment programs. Such integrated approaches allow researchers and water resource managers to detect changes in water quality more effectively and develop predictive models for future ecological trends.

7. Conclusion
The present study investigated the trophic status of Kotpally Reservoir in Telangana using an integrated approach that combined limnological parameters, phytoplankton indicators, and machine learning techniques. The results provide valuable insights into the ecological condition of the reservoir and demonstrate the usefulness of modern data-driven approaches for water quality assessment.



Recommendations for Reservoir Management
Based on the findings of this study, several recommendations can be proposed for sustainable management of Kotpally Reservoir:
1. Regular Monitoring Programs: Continuous monitoring of physicochemical parameters and phytoplankton communities should be implemented to track changes in water quality and trophic status.
2. Control of Nutrient Inputs: Agricultural runoff containing fertilizers is a major source of nutrient enrichment. Implementing better land-use practices and nutrient management strategies in the watershed can help reduce nutrient loading.
3. Use of Predictive Modeling Tools: Machine learning models can be integrated into reservoir monitoring systems to develop early warning systems for eutrophication and harmful algal blooms.
4. Watershed Management Strategies: Conservation practices such as vegetation buffers, soil conservation measures, and sustainable agricultural practices should be promoted in the reservoir catchment area.
5. Community Awareness and Policy Support: Local communities and policymakers should be encouraged to participate in water conservation initiatives and sustainable reservoir management practices.
8. Future Research
Although the present study successfully applied limnological parameters, phytoplankton indicators, and machine learning models to predict the trophic status of Kotpally Reservoir, several opportunities exist for further research to improve ecological monitoring and predictive accuracy. Future investigations can expand the scope of the current work by integrating advanced technologies, long-term datasets, and more sophisticated modeling approaches.
Incorporation of Remote Sensing Data
Remote sensing technologies offer powerful tools for monitoring water quality and ecological dynamics in large aquatic systems. Satellite imagery from platforms such as Landsat 8 Earth observation satellite, Sentinel-2 Earth observation satellite, and MODIS satellite instrument can provide valuable information on surface water temperature, turbidity, chlorophyll-a concentration, and algal bloom distribution.
Remote sensing allows researchers to monitor spatial and temporal variations in reservoir ecosystems without the need for extensive field sampling. By combining satellite-derived environmental variables with in-situ limnological data, researchers can develop more accurate predictive models of trophic status and water quality dynamics.
Future studies could integrate remote sensing datasets with machine learning algorithms to create large-scale monitoring systems capable of detecting early signs of eutrophication and harmful algal blooms.
Long-Term Monitoring Datasets
Long-term monitoring programs are essential for understanding ecological trends and environmental variability in reservoir ecosystems. The present study was conducted over a limited time period; therefore, extending monitoring efforts over multiple years would allow researchers to detect long-term changes in nutrient dynamics, phytoplankton diversity, and trophic conditions.
Long-term datasets can help identify patterns associated with seasonal variability, watershed land-use changes, and anthropogenic pressures. These datasets also improve the reliability of predictive models because machine learning algorithms generally perform better when trained on large and diverse datasets.
Establishing continuous monitoring stations equipped with automated sensors for parameters such as temperature, dissolved oxygen, pH, and turbidity could significantly enhance the quality and availability of environmental data for future research.
Climate Change Impact Studies
Climate change is expected to have significant impacts on freshwater ecosystems worldwide. Rising temperatures, altered rainfall patterns, and increased frequency of extreme weather events may influence hydrological cycles, nutrient transport, and biological productivity in reservoirs.
Future studies should investigate how climate change may affect the trophic status of reservoirs like Kotpally. For example, increased temperatures may promote the growth of cyanobacteria, while changes in rainfall patterns may alter nutrient loading from surrounding catchments.
Climate-driven ecological changes could be evaluated using integrated modeling approaches that combine hydrological models, climate projections, and machine learning techniques. Such studies would provide valuable insights into the resilience and vulnerability of freshwater ecosystems under changing environmental conditions.
Application of Deep Learning Models
While traditional machine learning algorithms such as Random Forest and Support Vector Machines have shown promising results in water quality prediction, emerging deep learning techniques offer additional opportunities for improving predictive accuracy.
Deep learning models such as Convolutional Neural Network (CNN) and Long Short‑Term Memory network (LSTM) are capable of analyzing complex datasets and identifying hidden patterns in large environmental datasets. CNN models are particularly useful for analyzing satellite imagery and spatial data, while LSTM networks are effective for modeling temporal sequences and time-series environmental data (Gajanan 2025).
Future research could explore the application of deep learning approaches to predict trophic dynamics, algal bloom events, and long-term ecological changes in reservoirs. Integrating deep learning with remote sensing and real-time monitoring systems could significantly enhance predictive modeling capabilities in aquatic ecosystem studies.
Overall, future research integrating remote sensing technologies, long-term ecological datasets, climate change assessments, and advanced deep learning models will greatly improve our understanding of reservoir ecosystems. Such multidisciplinary approaches will support more effective water resource management and contribute to the sustainable conservation of freshwater environments.
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