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Abstract


Monitoring battery voltage is important to ensure a steady supply of energy. A crucial aspect to avoid failure is estimating the voltage required by the battery load. Lead acid batteries play a vital role as engine starters when the generators are activated. The generator engine requires an adequate voltage to initiate the power generation process. This article discusses three prediction models for estimating the voltage and degradation values based on data-driven methods. The machine-learning models used were Gaussian process regression (GPR), Support Vector Regression (SVR), and Random Forest. The prediction results were compared using evaluation metrics, such as the Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and R-squared (R2). The implementation of the Internet of Things (IoT) was demonstrated to collect real-time battery data using a voltage sensor and a temperature sensor as inputs for the prediction model. According to the experiment, the Random Forest algorithm provided highly accurate predictions, with an RMSE of 0.0401, MAE of 0.0241, and R-squared of 0.9651.






Keywords:


data-driven; real-time; internet of things; lead acid battery












1. Introduction


Rechargeable batteries are commonly used in various applications, such as data centers, telecommunication base stations, radio microwave systems, government buildings, storing energy in solar panels, and supplying energy to electric vehicles, medical devices, and consumer electronics [1,2]. They are frequently utilized as backup sources in the event of a failure in primary supply systems. A battery management system (BMS) was designed to monitor and control the charging and discharging of batteries, ensuring their safe and efficient operation. They are used in various applications including lithium-ion batteries [3,4] and lead-acids [5]. A BMS typically monitors parameters such as the voltage, current, temperature, internal resistance, and state of charge. It also includes circuits to protect against potential safety hazards.



Battery voltage refers to the electrical potential difference between the positive and negative terminals of a battery. It is a measure of the electrical energy available in a battery and is typically expressed in volts (V). The voltage of a battery determines its ability to provide electrical power to a device or system. As a battery discharges, its voltage gradually decreases until it reaches a certain cutoff value, indicating the end of its usable life. The specific voltage profile of a battery over time depends on various factors, including the battery characteristics, load conditions, and system design [6]. This is also a key factor in determining the state of charge (SoC) of a battery, which represents the remaining usable percentage of its capacity. The SoC is often estimated based on the battery’s output voltage, with a cut-off voltage indicating a zero SoC. Battery voltage fluctuations can pose challenges in various applications such as telecommunication towers, and monitoring systems are implemented to ensure stable operation and prevent hazards.



Battery voltage degradation refers to a decrease in the voltage capacity or performance of the battery. This is a common issue in lithium-ion batteries and can impact the overall reliability and efficiency of battery-powered systems [7]. Battery voltage fluctuations can also pose challenges in telecommunications towers, leading to poor management and other potential hazard [8]. The degradation mechanisms of lithium-ion batteries with Li4Ti5O12 (LTO) negative electrodes have been studied, and it has been found that the loss of active material in the positive electrode is a significant factor contributing to the capacity loss [9]. Various approaches have been proposed to address battery voltage degradation. One approach is the development of battery voltage-level monitoring systems that allow the real-time monitoring of battery usage and can help identify voltage fluctuations and potential hazards [8]. Another approach involves the use of battery management systems that regulate the charging and discharging processes to prevent overcharging, overvoltage, and excessive discharge, which can contribute to battery degradation [10]. However, the degradation of lead-acid batteries is primarily caused by complex and interconnected chemical and mechanical processes and presents a significant challenge in terms of their performance and lifespan [11]. The ability to predict the level of degradation and remaining battery life is crucial for both performance and economic reasons. Accurate estimation of the state of charge (SoC) and remaining battery life allows for better management of battery-powered systems, such as electric vehicles [12].



The emergence of the Internet of Things (IoT) has transformed the way data are gathered and analyzed across various domains [13]. In the context of battery monitoring and management, IoT offers a promising solution for real-time data acquisition and analysis [14]. By integrating IoT devices, sensors, and connectivity, we can gather comprehensive data on various parameters such as voltage [8,15] and temperature [8]. This rich dataset enables the development of predictive models and provides insights into the health conditions and remaining lifespan of lead–acid batteries.



A promising approach for prediction is Gaussian process regression (GPR). This is particularly useful in solving regression problems. GPR models the relationship between the input and output variables by assuming a Gaussian distribution over functions. It provides a flexible and non-parametric approach to regression, allowing accurate predictions with uncertainty estimation. One advantage of GPR is its ability to handle non-linear relationships and capture complex patterns in the data. It can be used with various types of data structures using different kernel functions [16]. The predictive distribution of the GPR for a new input location can be derived in a closed form, allowing for efficient prediction [17]. However, predicting new inputs using GPR can be computationally inefficient when dealing with large datasets [18]. To address this issue, researchers have proposed various approaches to accelerate GPR. One approach is the use of quantum algorithms, which can achieve quadratic speedup over their classical counterparts [18]. Additionally, the use of localization kernels has been explored to down weigh the contributions from distant data points, resulting in considerable speedups compared with the standard GPR [19]. GPR is a powerful machine-learning technique that can capture complex patterns and correlations in data, enabling accurate predictions and uncertainty estimation [20,21,22,23].



Support Vector Regression (SVR) and Random Forest (RF) are machine-learning algorithms commonly used for non-linear prediction tasks. SVR is a regression algorithm that uses support vector machines to perform a non-linear regression. It aims to find a hyperplane that best fits the training data while minimizing error. SVR can handle non-linear relationships between the input variables and the target variable by using kernel functions to transform the data into a higher-dimensional space where a linear relationship can be found. The choice of kernel function can significantly affect the performance of SVR models [24]. The RF is an ensemble learning method that combines multiple decision trees to make predictions. Each decision tree is trained on a random subset of the training data and a random subset of the input features. RF can handle nonlinear relationships by combining the predictions of multiple decision trees, which collectively capture the complex interactions between the input variables [25]. Both SVR and RF have been shown to be effective in non-linear prediction tasks. For example, in the context of short-term load forecasting, a hybrid model that combines SVR, gray catastrophe, and RF has been developed and shown to outperform alternative models in terms of forecasting accuracy [25].



In this case study, P.T. XYZ has not yet utilized the potential of the Internet of Things (IoT) technology for monitoring and Machine Learning to predict future voltage and degradation values. PT XYZ is an oil and gas (O&G) company that operates in the Rokan Block working area and contributes to the fulfillment of national energy needs. P.T. XYZ has 14 generator sets (gensets) placed at several vital operational locations such as data centers, towers, and gathering stations. Generators function as power backup sources for IT devices such as routers, switches, and trunked radio systems, to maintain connectivity and communication when the main power source is disrupted or fails.



Currently, battery monitoring is performed manually. It requires visits to the generator location once a week to inspect the battery voltage. The implementation of an automatic monitoring system is necessary because of the critical functions of these generators. If a generator fails, it can disrupt oil operations and affect the achievement of the daily lifting targets. Periodic manual monitoring may not be able to detect changes or issues that occur between the monitoring intervals. Therefore, the implementation of an automatic monitoring system is necessary owing to the critical functions of these generators. If a generator fails, it can disrupt oil operations and affect the achievement of the daily lifting targets. Therefore, in this study, the use of IoT was proposed as a voltage monitoring system and employed for operational data acquisition. The development of a predictive model using Gaussian Process Regression (GPR) is aimed at estimating voltage over time.




2. Related Works


A battery using the Internet of Things (IoT) is a technology that allows the monitoring of battery operation and performance in various applications. This involves the integration of battery monitoring systems with IoT infrastructure to enable real-time data acquisition, communication, and analysis. Several studies have explored the topic of battery monitoring using IoT. Ref. [26] proposed a battery monitoring system based on the IoT, which included a data acquisition system, communication system, and monitoring platform. Ref. [27] presented a battery monitoring system developed for a smart microgrid, utilizing IoT technology for data acquisition, cloud storage, and the human–machine interface (HMI). The average execution time for data acquisition to the cloud server in this system was found to be 19.54 ± 18.00 s, with a satisfactory result for data reliability [27]. Energy efficiency is another important aspect of IoT-based battery monitoring. Ref. [28] discussed the concept of the energy-efficient IoT and its potential to improve communication and information exchange in IoT systems. Ref. [29] focused on implementing an absolute battery monitoring system using the IoT to enhance battery life in battery-powered electric vehicles. This paper describes the use of a Cuk converter and voltage-based methods to determine the state of charge of batteries. Battery monitoring using IoT is a rapidly developing field with applications in various sectors, including smart grids, healthcare, and electric vehicles. The integration of the IoT technology enables real-time monitoring, data analysis, and improved battery performance [26,27,28,29].



Battery voltage prediction using Gaussian process regression (GPR) has been explored in several studies. Ref. [1] proposed two algorithms based on the GPR framework to predict the voltage corresponding to the future current profile demanded by the battery load. These data-driven algorithms aim to handle diverse battery operating conditions and have been tested on real-time industrial datasets, thereby demonstrating their viability for practical use [1]. Additionally, ref. [30] presented a comprehensive study using a long short-term memory-based method to predict the battery voltage. Although this paper does not explicitly mention Gaussian process regression, it provides insights into the effectiveness of different architectures and normalization techniques for voltage prediction. The study concluded that temperature had no noticeable impact on prediction accuracy, and applying data normalization did not consistently improve accuracy across different temperatures.



A method for predicting the voltage and lifetime of lead-acid batteries using machine-learning techniques was proposed [31]. The prediction models were developed using three modes: M1, M2, and M3. M1 was formed by four fixed voltage values over four weeks, M2 was formed by four previous voltage values from the prediction time, and M3 was formed by combining the four previous data with the last predicted data. The training data consisted of recordings from 10 lead acid batteries over 155 weeks, whereas the examined data for the model were captured over 105 weeks. A Convolutional Neural Network (CNN) was selected as the machine-learning method to train and predict the battery model. The M1 model did not achieve accurate predictions, except for the linear case. The M2 model successfully predicted the battery voltage and lifetime, although the curve did not fit smoothly. The M3 model achieved high prediction accuracy with a smooth curve. It is important to note that prediction accuracy is influenced by the number of input parameters used in the prediction and the need for consecutive input parameters. It is important to note that prediction accuracy is influenced by the number of input parameters used and the need for consecutive input parameters [31].




3. Material and Method


3.1. Experimental Setup


This study was conducted at an IT facility for P.T. XYZ, an oil and gas company in Indonesia. This location was selected for the experiment because of its status as an unmanned facility that ensured uninterrupted data collection and analysis. Monitoring experiments at this unmanned facility were highly appropriate. In this monitoring system, as shown in Figure 1, we opted to utilize voltage and temperature sensors, along with an Arduino microcontroller, to integrate and process data from both sensors. The Ethernet Shield module was used to connect the Arduino to the LAN network. This module enables Arduino to communicate with the server using the HTTP protocol. Here, we implement a Web API, which serves as an endpoint for receiving data from Arduino. The Web API processes requests sent by Arduino, extracts sensor data, and stores them in a database through a LAN network using a 10-m-long cable. It is important to note that the measured battery voltage is related to the flat open circuit voltage (OCV) condition. However, these data do not encompass situations where the battery is charged or used during normal operation.




3.2. Experimental Design


Figure 2 shows the block diagram used in this study. First, we installed and tested an IoT monitoring system as a data-acquisition method. The collected voltage data were pre-processed by smoothing due to fluctuation and then split into training and testing sets with an 80/20 mechanism. The prediction model was then trained using the Gaussian Process Regression, Support Vector Regression, and Random Forest. A performance analysis was performed to evaluate the prediction model.



3.2.1. Proposed Predictive Model


Figure 3 shows the proposed predictive model of the lead acid battery. The process begins with obtaining data from lead-acid batteries, which is the primary focus of this investigation. Real-time data regarding voltage levels at specific time points were collected. Subsequently, a voltage prediction model was developed to project voltage values based on the available data. Using this model, the decrease or degradation in voltage levels over time can be estimated. The results of this analysis provide crucial information regarding the performance and conditions of lead-acid batteries. This information can provide valuable insights for decision-making regarding the maintenance and performance optimization of batteries.




3.2.2. IoT-Based Monitoring System


The monitoring system, as shown in Figure 4, was operated using a 25-volt direct current (DC) sensor and DS18B20 temperature sensor. These two sensor types were selected because of their capability to measure battery voltage and ambient temperature. The data collected by these sensors were then transmitted via HTTP over a LAN network and subsequently stored in a database for further analysis and processing.



The acquired data were then visualized using a dedicated dashboard, which provided a comprehensive and user-friendly interface for monitoring voltage over time. The visualization in Figure 5 shows the voltage and degradation values over time in seconds, providing a real-time view of trends, which enables stakeholders to gain insights into voltage variations and patterns, ultimately aiding in the prediction and assessment of the battery voltage.




3.2.3. Real-Time Data Acquisition Process


This section provides a comprehensive overview of the real-time data acquisition process, as shown in Figure 6. It outlines the key components involved, including the Arduino microcontroller, sensor, and internet communication module, which, in this instance, is an Ethernet Shield. The Arduino program retrieves data from the sensor and transmits them via HTTP requests by utilizing both POST and GET methods. Subsequently, the Arduino interfaces with a Web API possess an appropriate endpoint for receiving these requests. On the Web API side, the received data are stored securely in a database.




3.2.4. Dataset


Table 1 shows a sample of the dataset used in this study, which was collected through real-time monitoring of a single battery at intervals of seconds (s). Data Training will be taken from a sample of data with a time range of 26 June 2023 12:44:12.403 until 26 June 2023 17:59:54.437 or equivalent to 5 h of monitoring, which has a data composition resulting in 7200 data rows with a portion of 80% or 5760 data rows for training and 20% or 1440 data rows for testing.



The input matrix (X) has dimensions of 7200 (N observations) × 3 (D features), namely:




	
N Observations (7200): This means that 7200 observations or datasets are included in the matrix. Each observation represents 1 s from the previous 24 h for a single battery unit.



	
D Features (3): There are 3 features or variables were recorded for each observation, namely, Voltage, Temperature, and Degradation Value.








Thus, the input matrix (X) will have 7200 rows and three columns, where each row represents data from one second in the previous 24 h and each column represents the Voltage, Temperature, and Degradation Value.



Here is a more detailed explanation of data parameters:




	
Datetime: This is the timestamp indicating when the measurement data were obtained.



	
Voltage: This parameter measured the voltage of the battery at the time of measurement.



	
Temperature: This refers to the ambient temperature where the battery is located.



	
Degradation Value: This value is calculated based on the baseline value minus the measured voltage.   D e g r a d a t i o n   V a l u e =   V   b a s e l i n e   −   V   n    . These degradation values may indicate changes in the battery. However, there is not always a direct correlation between voltage changes and deeper degradation values.









3.2.5. Data Preprocessing


Before making the predictions, the first crucial step was data preprocessing. In the context of this model diagram, as shown in Figure 2, we applied an exponential smoothing technique to pre-process the gathered data. Exponential smoothing serves as a data-smoothing method designed to mitigate noise and random fluctuations. This is particularly beneficial when dealing with data exhibiting high levels of volatility and erratic variation, as shown in Figure 7a. This approach contributes to the generation of more refined data, which can be observed by comparing the original and smoothed data, as shown in Figure 7b, where smoothing makes the fluctuation level appear sharper. The implementation of the exponential smoother formula on the time measurement and voltage datasets involves the following steps:




	
The initial value of smoothed data     S   1     was determined from the first observation,     Y   1     in the voltage dataset.



	
We then chose the smoothing constant α to control the desired level of smoothing.



	
The formula     S   t     = α x     Y   1    + (1 − α) x     S   t − 1     was used to calculate the smoothed value at each time t, where     Y   t     is the voltage value at time t and     S   t − 1     is the previous smoothed value.



	
This step was applied to each voltage observation, resulting in a new dataset with a smoothed voltage value.









3.2.6. Model Prediction and Performance Analysis


We used scikit-learn to construct an accurate predictive model for data analysis and considered three algorithms: Gaussian Process Regression (GPR), Support Vector Regression (SVR), and Random Forest. Each algorithm possesses unique characteristics and capabilities for handling various data types. Using appropriate parameter combinations, our aim was to select the most suitable model for predicting the desired outcomes. The main step in building a prediction model is to define model parameters. Table 2 displays the parameters used in the model.



After making the predictions, the final step involved performance analysis. We compared the prediction results with actual data in the testing dataset to assess the accuracy of the model predictions. Evaluation metrics, such as the Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and R-squared, were used to measure the model’s performance. The formulas used for the performance evaluation metrics are as follows:


  RMSE =    1   n      ∑  i = 1   n    (   Y   i   −     Y   t     )   2    ´     



(1)







The RMSE measures how well the predicted values approximate the actual values. For the voltage or degradation value prediction,     Y   i     represents the actual value and       Y   t    ´    represents the predicted value. RMSE calculates the square root of the average of the squared differences between the actual and predicted values.


  MAE =   1   n     ∑  i = 1   n        Y   i   −     Y  ´    i        



(2)







The MAE measures the absolute magnitude of the error between the predicted and actual values. In the voltage or degradation value predictions,     Y   i     represents the actual value and       Y   t    ´    represents the predicted value. MAE calculates the average of the absolute values of the differences between the actual and predicted values.


   R 2  = 1 − (   S S   r e s   ÷   S S   t o t   )  



(3)







R-squared, or the coefficient of determination, is a statistical measure that indicates how well the variation in the target variable (actual values) can be explained by the statistical model. The R-squared value indicates the extent of the observed.






4. Result and Discussion


4.1. Prediction Performance


A comprehensive set of metrics is employed to evaluate the performance of the proposed prediction model. Based on the performance evaluation results of the three tested algorithms with various smoothing factors listed in Table 3, several conclusions can be drawn. Overall, Random Forest demonstrated the best performance among the GPR and SVR algorithms. With a Smoothing Factor of approximately 0.3, Random Forest is capable of providing highly accurate predictions with a Root Mean Squared Error (RMSE) of 0.0401, Mean Absolute Error (MAE) of 0.0241, and R-squared (    R   2    ) of 0.9651. These results highlight the remarkable ability of Random Forest to predict the battery voltage and degradation values. On the other hand, GPR and SVR exhibited good performance, although not as strong as Random Forest. GPR has an RMSE ranging from 0.0445 to 0.0477, MAE from 0.0277 to 0.0309, and R2 from 0.9532 to 0.9580, whereas SVR has an RMSE ranging from 0.1354 to 0.1379, MAE from 0.0921 to 0.0923, and R2 from 0.6548 to 0.6557. Therefore, based on these results, it can be concluded that Random Forest is an excellent choice for predicting battery voltage and degradation values online, particularly with a Smoothing Factor of approximately 0.3.




4.2. Improving Model Performance by Smoothing Factor


The application of exponential smoothing to battery data that tends to be volatile led to a significant improvement in the prediction results. Figure 8 compares the prediction results of the application of exponential smoothing with a smoothing factor and the model without smoothing. It is evident that exponential smoothing produces more accurate predictions, particularly when the battery data experience sharp fluctuations. Battery data often experience sharp fluctuations, particularly in situations of intensive use or rapid environmental change. The implementation of exponential smoothing helps to mitigate these fluctuations by assigning more weight to the recent data. Thus, this method makes the model more responsive to recent changes in battery conditions. The results of the experiment show that exponential smoothing with a smoothing factor of approximately 0.3 produces more accurate prediction results, as shown in Table 3, compared to higher smoothing factor values and compared with the model without smoothing, as shown in Table 4. Therefore, for datasets with fluctuating characteristics, exponential smoothing can be a highly effective strategy for enhancing prediction quality.




4.3. Discussion


This section provides insightful recommendations for enhancing the predictive model based on the obtained results and a comprehensive data analysis. Beyond the currently considered voltage and temperature parameters, there exists the potential to integrate additional features sourced from parameters such as battery current, state of health, and state of charge. Expanding the feature set allows the model to capture intricate relationships more effectively, thereby leading to more precise predictions. Moreover, optimizing these hyperparameters plays a crucial role in influencing the performance of the model. Further exploration and fine-tuning of these hyperparameters can significantly increase the accuracy of the model. Additionally, employing ensemble techniques by combining predictions from diverse models holds promise for further improving prediction accuracy and bolstering reliability, as it addresses the specific limitations of individual models.





5. Conclusions


This study reaffirms the superiority of the Random Forest algorithm in predicting the battery voltage and degradation value. Additionally, models such as Gaussian Process Regression (GPR) and Support Vector Regression (SVR) have demonstrated satisfactory performances. The utilization of Internet of Things (IoT) technology in data collection significantly contributes to the quality and accuracy of the data used in the prediction model. However, it is important to note that the reliability and accuracy of IoT data also play crucial roles in the final prediction quality. Therefore, careful implementation and maintenance of IoT infrastructure are key to the success of this approach. Furthermore, the importance of data smoothing in addressing battery data fluctuations has proven to be significant in enhancing the prediction quality.
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Figure 1. Battery monitoring setup in genset facility. 
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Figure 2. Block diagram of study. 
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Figure 3. Lead acid battery predictive model. 
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Figure 4. Proposed monitoring system sketch. 
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Figure 5. Voltage and degradation value visualization over time. 
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Figure 6. Arduino HTTP Request. 
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Figure 7. (a) Trend of original voltage data. (b) Smoothed voltage data during 100 observations. 
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Figure 8. RMSE score comparison. 
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Table 1. Sample of dataset.






Table 1. Sample of dataset.





	Observation
	Datetime
	Voltage
	Temperature
	Degradation Value





	1
	26 June 2023 12:44:12.403
	13.43
	29.88
	0.22



	2
	26 June 2023 12:44:15.033
	13.45
	29.88
	0.2



	3
	26 June 2023 12:44:17.663
	13.5
	29.88
	0.15



	4
	26 June 2023 12:44:20.293
	13.43
	29.81
	0.22



	5
	26 June 2023 12:44:22.923
	13.43
	29.88
	0.22



	6
	26 June 2023 12:44:25.553
	13.4
	29.88
	0.25



	7
	26 June 2023 12:44:28.183
	13.35
	29.88
	0.3



	8
	26 June 2023 12:44:30.813
	13.5
	29.88
	0.15



	9
	26 June 2023 12:44:33.443
	13.38
	29.81
	0.27










 





Table 2. Model parameters.






Table 2. Model parameters.





	
Algorithm

	
Parameter

	
Value






	
Gaussian Process Regression

	
Kernel

	
RBF + WhiteKernel




	
Length Scale (RBF)

	
1.0




	
Noise Level (WhiteKernel)

	
0.001




	
Alpha (Regularization)

	
0.00001




	
Number of Restarts

	
3




	
Random State

	
0




	
Support Vector Machine

	
Kernel

	
RBF




	

	
Gamma

	
Scale




	

	
C

	
1.0




	

	
Epsilon

	
0.1




	

	
Max Iterations

	
−1




	
Random Forest

	
N Estimators

	
100




	

	
Random State

	
0




	

	
Max Depth

	
10




	

	
Min Samples Split

	
2




	

	
Min Samples Leaf

	
2




	

	
Max Features

	
Auto











 





Table 3. Model performance comparison with exponential smoothing.
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	Algorithm
	Smoothing Factor
	RMSE
	MAE
	R-Squared





	GPR
	0.3
	0.0445
	0.0277
	0.9580



	SVR
	0.3
	0.1354
	0.0922
	0.6557



	Random Forest
	0.3
	0.0401
	0.0241
	0.9651



	GPR
	0.4
	0.0461
	0.0293
	0.9557



	SVR
	0.4
	0.1357
	0.0923
	0.6548



	Random Forest
	0.4
	0.0413
	0.0256
	0.9634



	GPR
	0.5
	0.0477
	0.0309
	0.9532



	SVR
	0.5
	0.1379
	0.0921
	0.6554



	Random Forest
	0.5
	0.0428
	0.0271
	0.9615










 





Table 4. Model performance comparison without exponential smoothing.






Table 4. Model performance comparison without exponential smoothing.





	Algorithm
	Smoothing Factor
	RMSE
	MAE
	R-Squared





	GPR
	-
	0.0577
	0.0386
	0.9365



	SVR
	-
	0.1392
	0.0954
	0.6461



	Random Forest
	-
	0.0588
	0.0386
	0.9338
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