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This study presents the development and deployment of a low-cost, multi-sensor system, integrated with IoT 

technology, designed for water monitoring and forecasting in the Cabuyao City area, a tributary to Laguna de 

Bay. The system tracks six key physicochemical parameters: temperature, dissolved oxygen, pH, oxidation-

reduction potential, turbidity, and total dissolved solids using low-cost, field-validated sensors connected to 

ESP32 microcontrollers and LoRa modules. These parameters are sent to a Django-PostgreSQL backend and 

visualized through a ReactJS dashboard, which displays microbiological and chemical data from third-party 

validation. We deployed the system at two monitoring stations and collected over 1,000 records. For forecasting, 

the researcher trained CNN-BiLSTM models on both historical and real-time data, achieving a high R² of 0.91. 

This deep learning framework outperformed ARIMA, yielding better results in MAE and RMSE metrics. 

Additionally, the framework employed the water quality index to provide monthly assessments of the lake's 

environmental status. The framework offers a scalable and energy-efficient solution that facilitates timely water 

governance. It supports Sustainable Development Goals (SDGs) 6 and 13 by enhancing community 

engagement and driving decision-making through data and innovative low-carbon monitoring. 

1. Introduction 

Laguna de Bay is a vital resource for over 13 million people, yet it faces intensified pollution from urbanization, 

agricultural runoff, and climate-induced changes. The current manual and monitoring methods used by 

regulatory bodies (LLDA, 2025) are inadequate. Specifically, Herrera and Nagaoka (2021)  emphasized that 

non-continuous monitoring protocols in the region result in missing critical pollution spikes, while Santos et al. 

(2022) demonstrated that existing manual sampling methods lack the spatial and temporal resolution. Recent 

local studies also highlight the growing threats from untreated wastewater and siltation that compromise aquatic 

ecosystems and community livelihoods (Reyes et al., 2023).The core challenge lies in lacking a reliable, low-

cost, and energy-efficient monitoring framework that generates real-time, high-resolution data to support 

proactive environmental governance. Advances in low-power Internet of Things (IoT) and Artificial Intelligence 

(AI) provide a sustainable pathway to address this gap; Rashed et al. (2020) pioneered early frameworks for 

this application, and Silva et al. (2022) validated the energy efficiency of modern low-power sensors in aquatic 

environments. Similar studies have already demonstrated the potential of AI for predicting water quality. For 

instance, Du et al. (2024) successfully applied machine learning to predict pollution trends in Chinese rivers, 

and Mamani Gómez et al. (2023) developed models specifically for forecasting phytoplankton blooms in South 

American lakes. Modular IoT-based systems have also been tested in other regions (Acosta Suasnabar et al., 

2023). However, Philippine freshwater ecosystems remain underrepresented in such technological applications, 

despite emerging efforts, such as the work by Ebron et al. (2023), who highlighted the urgency, and Reyes et 

al. (2023) who detailed the feasibility of locally adapted solutions. This study develops and validates a low-cost, 

IoT-integrated, and deep learning–enhanced water quality monitoring framework that measures six parameters: 

temperature, dissolved oxygen (DO), pH, oxidation–reduction potential (ORP), turbidity, and total dissolved 

solids (TDS). The system leverages a Convolutional Neural Network–Bidirectional Long Short-Term Memory 

(CNN-BiLSTM) model for time-series forecasting, by combining real-time data acquisition with predictive 
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analytics. It offers a scalable, low-carbon solution for improved lake management and stronger community 

engagement.  

2. Methodology 

2.1 Study Area 

The researchers studied the South Point and Canal River in Pulo, Cabuyao City as shown in Figure 1a which 

illustrates the geographical locations, and Figure 1b,  which shows the monitoring stations. They selected these 

sites based on their ecological importance and exposure to anthropogenic activities, including domestic effluents 

and agricultural runoff. 

(a)  

 

(b)  

 

Figure 1:  (a) Geographical locations of the monitoring stations within Laguna Lake, (b) Monitoring stations 

2.2 Systems Design and Architecture 

The system integrates low-power electronics, cloud infrastructure, and advanced analytics to support real-time 

water quality monitoring with minimal environmental impact, as shown in Figure 2a System Architecture. The 

researcher selected the ESP32 microcontroller for its energy efficiency and wireless capabilities. It interfaces 

with six calibrated sensors: temperature, DO, pH, ORP, turbidity, and TDS. To mitigate galvanic interference, 

we sequentially acquire data. We also house all components in a waterproof, modular casing with corrosion-

resistant interfaces. The power subsystem comprises a solar-powered Li-ion battery pack, which ensures off-

grid operation and a reduced carbon footprint. Data transmitted via LoRa32 modules to a Raspberry Pi gateway 

is aggregated and securely forwarded over HTTPS to a Django-based cloud server, as shown in Figure 2b 

System Block Diagram. PostgreSQL database supports scalable data storage. The researcher developed a 

ReactJS web dashboard for user interaction, analytics visualization, and automated email alert triggers. 

(a) 

 

(b) 

 

Figure 2:  (a) System Architecture, (b) System Block Diagram 

440



As part of the system's real-time response capabilities, the researcher designs an automated email alert feature 

integrated into the platform to notify authorized users when water quality parameters exceed or fall below 

acceptable thresholds. This function is vital in supporting timely decision-making. Lastly, the Web-based 

Dashboard is where users interact with monitoring and analytics features. ReactJS, a JavaScript framework for 

building user interfaces, is used to develop multiple web pages, including the main dashboard, analytics section, 

and quarterly reports. The officials use these charts, graphs, and gauges to present all the data. This function 

is vital in supporting timely decision-making and ensuring prompt action can be taken by the local officials when 

environmental risks are detected. 

2.3 Deployment and Acquisition of the Multi-sensor 

The researchers deployed the systems at the Diezmo, South Point, and Niugan Canal River areas because 

they chose spots easily polluted by runoff from communities and factories. Sampling occurred hourly from 9:00 

AM to 4:00 PM, yielding over 1,000 validated observations. The system was deployed for five months across 

the two monitoring stations in Laguna Lake, each equipped with IoT-based multiparameter sensors. The 

researcher wirelessly transmitted data to a central server, and we preprocessed it at both the node and server 

levels. Although the deployment spanned five months, we only used the complete and continuous datasets from 

January to March for analysis. The April and May data contained gaps due to network instability and sensor 

calibration drift. 

2.4 Model Development 

The predictive models utilized historical data from the LLDA (2017–2023) and field-collected data during the 

training process. Models included ARIMA for baseline statistical comparison for capturing linear relationships 

and predictable patterns in the data. Moreover, CNN-BiLSTM, when combined, extracts meaningful features. 

The BiLSTM component learns the temporal dependencies of those features, while deep learning ensembles 

reduce the risk of relying on a single, potentially flawed model. By averaging or weighting the predictions of the 

ARIMA and CNN-BiLSTM models, the ensemble can correct for the individual weaknesses of each and reduce 

overall prediction errors. To ensure accuracy and reliability, the ESP32 microcontroller collected 150 

consecutive sensor readings per parameter during each hourly sampling cycle. These replicates were 

aggregated by computing the arithmetic mean, minimizing the influence of random noise and short-term 

environmental fluctuations. Each averaged dataset was paired with a precise timestamp, forming a time-series 

record. This approach ensured that each hourly entry represented a statistical measurement rather than a single 

sensor output. 

2.5 Validation and Calibration 

Model validation used RMSE, MAE, and R² to quantify predictive accuracy. Researchers compared these 

metrics against baselines and literature thresholds, iteratively refining models if performance was unsatisfactory. 

Acceptable models then classified predicted values into water quality classes using DENR DAO 2016 

thresholds, integrating forecasting into an actionable environmental assessment. The models were both 

statistically sound and helpful. The researchers rigorously validated the prototype device's data through two 

primary methods. First, the researcher conducted parallel testing using side-by-side data collection with the 

prototype and a commercial-grade HANNA HI9829 Multiparameter meter, a robust, waterproof instrument 

capable of measuring up to six parameters. They used Bland-Altman analysis to statistically assess agreement 

and identify biases between the two measurement methods, aiming to determine if the prototype could be 

interchangeable with the commercial instrument. Second, we sent water samples collected concurrently with 

our device's readings to a third-party lab for testing. To obtain reference values, the lab used Standard Methods 

for the Examination of Water and Wastewater (SMEWW) procedures. They then calculated the percentage 

difference between the device's average readings and the lab results to quantify its accuracy in relation to 

established reliability standards. 

3. Results and Discussion 

3.1 System Reliability and Energy Efficiency 

The device achieved an operational uptime of greater than 95% during the five-month deployment in Barangay 

Diezmo and Barangay Niugan. The solar-powered system sustained continuous transmission and sensor 

function using less than 1W of power, demonstrating its viability as a low-carbon solution for decentralized water 

quality tracking. The LoRa-based telemetry enabled long-range communication of up to 3 km, independent of 

mobile data infrastructure, making the setup suitable for off-grid or underserved lake communities. 
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water quality is always impaired and in an undesirable state. The interpretation of WQI results refers to the 

meaning of WQI scores for each station. For instance, the Niugan station's WQI dropped from Fair to Poor 

between January and March, which is linked to the changes in F1, F2, and F3. The difference between the WQI 

ratings and the DENR's official classification is the most crucial part of the study. For example, a "Good" WQI 

score in Table 3 does not automatically mean the station meets Class C standards, as DENR’s classification 

relies on compliance with specific parameters, rather than a single index. The implications of our findings, 

specifically the "Poor" rating for Niugan in March, suggest a need for immediate intervention and closer 

monitoring to ensure compliance with national standards. Also, the system helps bridge the gap by providing 

real-time data for both WQI scoring and parameter-specific analysis. It uses forecasting to predict future values, 

which are then used to classify water quality based on the WQI. The WQI score provides a holistic rating, while 

the DENR's requires line-item compliance with multiple standards.  

3.4 Stakeholder Feedback and Social Transformation 

The dashboard's real-time updates and color-coded alerts improved local engagement, while automatic 

SMS/email warnings enabled rapid local response. Figure 3 provides a screenshot of the dashboard, showing 

its live alerts, graphs, and water quality status. 

 

Figure 3: Dashboard Screenshot with Live Alerts, Graphs, and Water Quality Status 

The dashboard's Graphical User Interface (GUI) prioritizes real-time visual feedback and immediate 

identification of critical water quality issues. The individual parameter gauges, overall classification, and 

geographical map create a comprehensive yet accessible interface for technical users and general 

stakeholders. The clearly visible alert system on the dashboard ensures users receive timely notifications via 

email. This project aligns with climate-smart governance by providing real-time pollution alerts, integrating data 

with GIS for spatial planning, and utilizing modular hardware for national scaling, in accordance with RA 9275 

(Clean Water Act). Integrating energy-efficient electronics and proactive data modelling promotes resource 

efficiency and policy innovation toward a net-zero emissions trajectory. 

3.5 Low Carbon Technology and Policy Integration 

The dashboard's real-time updates and color-coded alerts enhanced local engagement, while automatic email 

warnings facilitated a rapid local response. Figure 4  presents the water quality Alert and the classification of 

water, along with a screenshot of the system's operational dashboard, which displays its live alerts, graphs, and 

overall water quality status. The predictive analytics and WQI scoring support regulatory compliance and inform 

policy instruments such as early-warning systems mandated by RA 9275, the Philippine Clean Water Act. The 

system can be adapted by LGUs and Eco-zones as a data-driven tool for net-zero transition planning, 

particularly for pollution-prone industries around Laguna Lake. 
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Figure 4: Water Quality Alert and the classification of water and its report 

4. Conclusions 

This study developed an IoT-based multi-sensor system for real-time water quality forecasting. The system 

calibrated six key parameters, addressed data gaps in existing datasets through interpolation, and resolved 

hardware issues, such as galvanic isolation, via sequential data acquisition. Using a CNN-BiLSTM deep learning 

model, it accurately predicted water quality trends, achieving a high R² of 0.91. The device demonstrated strong 

reliability with an operational uptime of over 95% during a five-month deployment. This integration of IoT and AI 

provides a scalable, low-carbon solution for proactive environmental management and decision-making. 

Despite some data gaps due to calibration and network issues, the findings highlight the system's potential to 

support sustainable lake management. Future work should focus on improving sensor stability and network 

redundancy to ensure uninterrupted, long-term monitoring. 
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