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ESP32 microcontroller integrated with multiple calibrated INA219 sensors,
Keywords: which are connected via the I?C protocol to measure voltage, current, and
electric power. A modular hardware design supports three independent PV
channels, while data handling is achieved through dual-mode operation,
S consisting of local microSD card storage and wireless data transmission to the
Data acquisition ThingSpeak IoT platform for real-time visualization. Calibration results
INA219 sensor demonstrate high measurement accuracy, with average errors below 1%, a
ThingSpeak voltage root mean square error (RMSE) of less than 0.07 V, and a current
RMSE of less than 7 mA. Field testing conducted over two consecutive days
confirms stable and uninterrupted operation, achieving 100% data acquisition
reliability. The recorded data clearly reveal per-panel performance differences
under real operating conditions, enabling effective identification of mismatch
behavior among panels. The proposed system provides an affordable, reliable,
and scalable solution for distributed PV monitoring, making it suitable for
multi-panel and remote photovoltaic installations. Future improvements will
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1. INTRODUCTION

The increasing global demand for clean and renewable energy has positioned solar photovoltaic (PV)
systems as a leading alternative to conventional energy sources [1,2]. As solar power installations become more
widespread, the need for reliable, accurate, and cost-effective monitoring systems becomes increasingly critical
to ensure optimal performance and longevity of PV infrastructures [3]. Effective monitoring not only facilitates
real-time tracking of energy production but also enables early detection of faults, degradation, and operational
inefficiencies [4]. Such real-time tracking capabilities are commonly achieved using Internet of Things (IoT)
technology. Among various [oT data visualization platforms, ThingSpeak—an IoT analytics service developed
by MathWorks—remains a popular choice due to its ease of use, open-source accessibility, and extensibility
for data visualization and analysis [5][6].

Despite these advancements in IoT platforms, a gap remains in the data acquisition layer. Most
conventional low-cost PV monitoring systems rely on centralized, single-channel data acquisition units that
measure only the aggregate output of an entire PV array [7], [8]. Such single-channel architectures lack the
granularity required to capture per-panel performance variations, making it difficult to identify mismatch faults
such as partial shading or individual panel degradation within a PV string. Furthermore, several existing studies
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have focused on monitoring a single PV module rather than multi-panel configurations [9], [10], [11]. Although
commercial multi-channel monitoring solutions are available, they often lack the cost-effectiveness and open
scalability necessary for widespread deployment in remote or off-grid environments.

To achieve for cost-effective precision, several recent studies have explored the use of the INA219
sensor for power monitoring applications due to its precision, compact form factor, low power consumption,
and compatibility with I>*C-based microcontroller platforms. Prasetyawati et al. [12] demonstrated that INA219,
properly calibrated and validated, can achieve accuracies exceeding 99% in both voltage and current
measurements. Furthermore, Muqorrobin et al. [13] utilized INA219 in a remote solar monitoring system using
an ESP32 and Handy Talkie (HT) communication, which achieved low error rates and demonstrated its
effectiveness in real-world off-grid conditions These studies confirm the suitability of INA219 for distributed
PV monitoring systems where affordability and scalability are essential. However, most existing
implementations employ the sensor in single-node configurations, leaving the potential of a scalable and
synchronized multi-channel architecture largely unexplored.

To address these limitations, this study proposes the design and implementation of a low-cost multi-
channel power data acquisition system for solar panel monitoring. The proposed system enables simultaneous
per-panel measurement of voltage, current, and power, thereby enhancing fault localization and performance
analysis. The system is implemented on three solar panels using calibrated INA219 sensors to ensure reliable
data acquisition. Measured power data are transmitted and visualized in real time via the ThingSpeak IoT
platform. By combining a microcontroller-based hardware architecture with a flexible data acquisition scheme,
the proposed system offers an affordable and scalable solution for multi-panel photovoltaic monitoring
applications.

2. METHOD

The experimental study was carried out at the Renewable Energy Laboratory, Universitas Maritim
Raja Ali Haji, between 08:00 and 16:00 WIB. Data were recorded at one-minute intervals and visualized
through the ThingSpeak IoT platform to evaluate time-based variations. The primary components of the
developed power data acquisition system as shown in Figure 1 consist of input, process and output. The ESP32
serves as the central processing unit, offering dual-core performance, integrated Wi-Fi and Bluetooth
connectivity, and support for both I?C and SPI communication protocols [14]. The INA219 sensors, connected
via the I2C interface, provide accurate measurements of voltage and current up to 26 V and 3.2 A, respectively
[15]. The DS3231 RTC module maintains time synchronization and preserves timestamp accuracy during
power loss through its battery backup feature [16]. Measurement data are stored locally via a microSD card
adapter interfaced through the SPI protocol, using standard pin configurations compatible with the ESP32. The
3D hardware layout shown in Figure 2. Three polycrystalline solar panels are mounted on a 900 mm x 340 mm
x 600 mm frame.
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Figure 1. Multi-channel power data acquisition system
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Figure 2. 3D Hardware Design

2.1 System flowchart and schematic design

The operational workflow of the system begins with the initialization and status verification of
essential modules, including the INA219 current—voltage sensors, the DS3231 real-time clock (RTC), and the
microSD card storage. Once all components are confirmed to be functional, indicated by LED 1 turning on,
the ESP32 connects to the internet and synchronizes with the RTC using Network Time Protocol (NTP). The
system then enters a monitoring loop that continuously checks whether the current time matches the predefined
data acquisition interval. When the condition is met, the ESP32 acquires voltage, current, and power readings
from the INA219 sensors. The collected data are simultaneously stored on the microSD card and transmitted
to the ThingSpeak cloud platform. If data storage fails, LED 2 is activated to indicate an error. This monitoring
cycle continues uninterrupted as long as the system remains powered, enabling reliable real-time tracking of
solar panel performance. The diagram depicting the system’s operational flow and the complete hardware
interconnection schematic are presented in Figure 3 and Figure 4.
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Figure 3. System flowchart
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Figure 4. Schematic design of the system

The system is powered by a 12V DC adapter, which is stepped down to 5V using an LM2596 DC-DC
buck converter to supply regulated power to the ESP32 microcontroller and peripheral modules. Three solar
panels (labeled Panel 1, Panel 2, and Panel 3) are each connected to individual INA219 sensors that measure
voltage and current values through [?*C communication with the ESP32. The sensors are configured to read
power data from each panel independently, enabling multi-channel measurement. The ESP32 module serves
as the central processing unit, interfacing with the INA219 sensors via SDA and SCL lines, and controlling the
operation of two LEDs (LED1 and LED?2) as system status indicators. Real-time timestamping is managed by
a DS3231 RTC module, also connected through the I?C interface. Data is stored locally using a microSD card
module that communicates with the ESP32 via the SPI protocol, using the standard MOSI, MISO, SCK, and
CS pins. Additionally, three 24V DC lamps act as the output loads for each solar panel, simulating real usage
conditions. The overall circuit design enables precise per-panel monitoring and real-time data logging for both
local storage and cloud-based visualization.

2.2 Calibration sensor

The calibration procedure for the INA219 sensor was divided into two stages: voltage calibration and
current calibration. Voltage calibration was performed by comparing the voltage readings from three individual
INA219 sensor units against a reference voltage supplied by a programmable power source, within a range of
1 V to 20 V. Each sensor was tested 20 times to ensure data reliability and repeatability. Current calibration,
on the other hand, involved comparing the sensor’s current readings with reference values obtained from a
clamp meter, under load conditions ranging from 80 mA to 1590 mA, with a total of 20 measurement iterations
per sensor. The corresponding formulations used to assess the sensor's performance include the absolute error,
error percentage, and accuracy percentage, as presented in Equation (1), (2), and (3) [17].

error = Calibrator Value — Sensor Value €))

E tage = error X 100% 2)
rrorpercentage = Calibrator Value °

Accuracy Percentage = 100% — Error percentage 3)

In addition to the basic error metrics, the Root Mean Square Error (RMSE) in equation (4) was
calculated to quantify the overall deviation between the sensor readings (y,) and the reference values (y;),
providing a comprehensive measure of measurement accuracy. A linear regression analysis was also performed
to obtain a calibration equation that defines the relationship between the sensor output and the corresponding
reference values, allowing for systematic correction of measurement deviations. y in Equation (5) is the
dependent variable, a is intercept, X is independent variable and b is coefficient of variable X. To assess the
goodness of fit, the coefficient of determination (R?) in equation (6) was determined, representing the
proportion of variance in the reference data that can be explained by the sensor measurements [18]. n in
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equation (4) and (6) represents amount of data, y; is value of observation, y; is the predicted value and y; is
average of all y; values.

Z?=1(Ybi - Yai)z

RMSE = @
n
y =a + bX ©)
R2 —1 — SS Error _ o1 Yi—1(vi = 9)
SS Total Y — v ©)

3.  RESULTS AND DISCUSSION

3.1 Design Result

The system is mounted on a custom-built frame constructed from PVC pipe, designed to support three
independent solar panels. Each panel functions as a separate channel within the multi-channel monitoring
system, enabling individual power measurement and comparative analysis. At the front of the frame, a
component box houses all critical electronic modules, while three 24V DC lamps are mounted below as loads
to simulate real energy consumption and complete the system’s circuit. Figure 5 presents the physical
configuration of the constructed device, whereas Figure 6 depicts the web based interface utilized for data
visualization on the ThingSpeak platform.

Figure 5. Physical appearance of the device: (a) The physical setup, (b) Internal view of the component box
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Figure 6. ThingSpeak dashboard web interface

Inside the component box, as shown in Figure 5, the ESP32 microcontroller serves as the central
processing unit, interfacing with multiple INA219 sensors for current and voltage measurement. The DS3231
RTC module provides accurate timestamping, while the SD card module allows local data storage. A step-
down DC converter regulates the input voltage to 5V to safely power all modules. For real-time data
transmission, a modem is integrated to connect the ESP32 to the internet, enabling data uploading to the
ThingSpeak IoT platform. Visual status indicators are provided through LED modules, and three 24V DC
lamps function as loads for each panel channel. The overall design integrates mechanical stability with
electrical functionality, ensuring ease of deployment for field testing and long-duration performance
evaluation.

3.2 Calibration Results
3.2.1 Voltage sensor calibration

Each of the three INA219 sensor units was individually tested under identical conditions to assess
their accuracy, linearity, and repeatability. The measured sensor values were compared to the corresponding
reference voltages, and the results were analyzed through error metrics, regression analysis, and RMSE
calculations. The linear relationships obtained from the calibration tests are presented in Figure 7, while a
summary of the quantitative calibration outcomes, including average error, error percentage, accuracy
percentage, and RMSE is provided in Table 1.

The voltage calibration of the three INA219 sensors demonstrated highly consistent and reliable
performance. Each sensor exhibited a strong linear relationship with the reference voltage, as indicated by
regression equations with slope values close to one and minimal intercept deviation. The sensors produced low
average absolute errors of 0.05 V, with error percentages ranging from 0.37% to 0.43%, indicating minimal
deviation from the true values. Accuracy percentages were uniformly high, exceeding 99.5% for all sensors,
with Sensor 3 achieving the highest at 99.63%. Furthermore, RMSE values remained below 0.07 V across all
units, confirming the precision and stability of the sensors in capturing voltage measurements within the
calibrated range.
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Figure 7. Linearity of INA219 Sensor with power supply reference (a) INA219 Sensor 1, (b) INA219 Sensor
2, and (c) INA219 Sensor 3
Table 1. Summary of voltage calibration results for the three INA219 sensors, including average error, error
percentage, accuracy percentage, and RMSE

Results
Sensor Average error Average Average percentage RMSE
percentage error accuracy
INA219 sensor 1 005V 0.43 % 99.57 % 0.06709 V
INA219 sensor 2 005V 0.42 % 99.58 % 0.06779 V
INA219 sensor 3 005V 0.37 % 99.63 % 0.06003 V

3.2.2  Current sensor calibration

The output of each sensor was compared to the reference values to analyze linearity and measurement
deviation. The linearity of the three sensors during current calibration is illustrated in Figure 8, while the
detailed quantitative results, including error, error percentage, accuracy, and RMSE are summarized in Table
2.

The current calibration results of the three INA219 sensors revealed strong linear behavior and
acceptable accuracy across the measured range. Each sensor produced regression equations with slopes close
to one and R? values approaching 1, indicating high consistency and minimal nonlinearity. The average
absolute errors ranged from 4.72 mA to 5.62 mA, with error percentages between 0.65% and 1.02%. Accuracy
values exceeded 98% for all sensors, with Sensor 3 achieving the highest accuracy at 99.04%. Additionally,
RMSE values were all under 7 mA, confirming the reliability and precision of the sensors in current
measurement applications.
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Figure 8. Linearity of INA219 Sensor with clamp meter reference: (a) INA219 Sensor 1, (b) INA219 Sensor
2 and (c) INA219 Sensor 3

Table 2. Summary of current calibration results for the three INA219 sensors, including average error, error
percentage, accuracy percentage, and RMSE

Results
Sensor Average error Average Average percentage RMSE
percentage error accuracy
INA219 sensor 1 5.62 mA 1.02 % 98.98 % 6.3893 mA
INA219 sensor 2 4.72 mA 0.65 % 99.35 % 6.1144 mA
INA219 sensor 3 547 mA 0.96 % 99.04 % 6.7786 mA

3.3 System Performance
The operational stability and real-time monitoring capability of the developed multi-channel
acquisition system were evaluated through two consecutive 8-hour tests conducted under field conditions. Both
tests took place from 08:00 to 16:00 WIB and successfully generated 481 complete data points each, without
any data loss, demonstrating high system reliability in both wireless transmission and local data storage

3.3.1 Day one

On the first day, the test was conducted under relatively stable weather conditions. All three solar
panels showed a gradual increase in power output during the morning, reaching a peak between 14:00 and
15:00 WIB, and then steadily declined toward late afternoon. Solar Panel 2 consistently delivered the highest
output, while Panels 1 and 3 exhibited similar performance with slight variations. Power readings ranged from
approximately 0.2 W to 1.3 W, indicating smooth irradiance changes throughout the day. These findings
validate the system’s ability to monitor individual panel performance and capture diurnal variations accurately
and continuously, as shown in Figure 9.
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Figure 9. Power output profiles of three solar panels in day one

3.3.2 Day two

During the second test, which was conducted under more dynamic weather conditions, the power output
profile exhibited greater fluctuations, particularly between 10:00 and 12:00 WIB, likely due to intermittent
cloud cover. Solar Panel 2 again delivered the highest average power, while Solar Panels 1 and 3 followed
closely with similar performance patterns. The system recorded peak values slightly above 1.3 W and
occasional dips below 0.2 W, effectively capturing transient changes in irradiance with high accuracy. Despite
the more variable environmental conditions, the system maintained stable operation, successfully collecting
complete datasets and confirming its effectiveness for real-time monitoring and comparative performance

analysis across multiple PV channels, as shown in Figure 10.
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Figure 10. Power output profiles of three solar panels in day two

3.4 Data visualization

The system employs the ThingSpeak IoT platform to visualize real-time power data from each solar
panel. Individual charts present the power output trends of the three panels, allowing users to easily monitor
and compare their performance. By focusing exclusively on power, the interface becomes simpler to interpret
and more accessible to non-technical users. The web-based dashboard offers immediate feedback on panel
behavior, supports remote access through a browser, and enhances the overall usability of the monitoring
system, as shown in Figure 11.
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Figure 11. Dashboard Thingspeak

3.5 Discussion

The INA219 current—voltage sensor was selected for its high-resolution digital output, low power
consumption, and [?°C communication compatibility, making it well-suited for real-time power monitoring in
photovoltaic applications. In this study, the sensor modules were calibrated against a digital multimeter prior
to deployment, yielding an average voltage error of less than 1% and current RMSE values below 7 mA.
Additionally, the coefficient of determination (R?) for all three sensor modules exceeded 0.9998, indicating a
very high level of linear correlation between the sensor readings and reference measurements. These results
are consistent with prior work by Kusuma et al. [17], who reported voltage accuracy of 99.87% and current
accuracy of 91.43%, with RMSE values of 0.0146 V and 227.65 mA, respectively, when using INA219 for
battery monitoring. The high level of accuracy across both studies validates the sensor’s reliability in outdoor
monitoring environments.

Following sensor calibration, the system was subjected to two consecutive 8-hour test sessions. During
each session, it successfully recorded and transmitted 481 data points per day without any interruption. This
100% success rate validates the reliability of both the microSD card storage and Wi-Fi-based cloud
transmission components. The one minute data sampling interval was consistently maintained, ensuring stable
temporal resolution for continuous monitoring applications. These findings confirm that the system’s hardware
and software architecture is suitable for long-term deployment in real-world solar monitoring scenarios.

Variations in power output across the three panels were observed during testing. These differences are
likely attributed to environmental and physical factors, including partial shading, panel orientation, surface
cleanliness, and intrinsic efficiency differences [14, 15]. Such deviations highlight the importance of per-panel
monitoring, as aggregate measurements may obscure localized anomalies that could negatively affect overall
system performance. The use of the INA219 current—voltage sensor further supports accurate per-channel
analysis, as it provides high-resolution digital output with I*C communication. Compared to other sensors like
the ACS712, the INA219 demonstrates superior performance in detecting current fluctuations and maintaining
stability during surge conditions, as evidenced in prior implementations for motor control systems [21].

The ThingSpeak IoT platform was utilized in this study as the primary medium for real-time data
visualization and cloud storage. This platform offers a user-friendly interface and supports HTTP-based API
communication, allowing seamless integration with the ESP32 microcontroller for scheduled data uploads at
one-minute intervals. Throughout the testing period, the system achieved a 100% transmission success rate
with no packet loss, enabling continuous remote monitoring of panel performance. These findings align with
Ibrahim et al. [22], highlighting ThingSpeak’s capability to facilitate reliable data tracking and trend
visualization. This validates the platform as a practical solution for IoT applications that demand affordability
and ease of access.

Despite its strong operational performance, the current system is limited to electrical measurements and
does not include environmental parameters such as surface temperature or solar irradiance. The absence of
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such data restricts deeper analysis, particularly when assessing efficiency losses under dynamic outdoor
conditions. Since photovoltaic modules are known to exhibit reduced performance at elevated temperatures,
the lack of thermal context limits the interpretation of output variability, especially under high solar exposure.
Future work will focus on integrating additional environmental sensors, including DS18B20 sensor to capture
panel surface temperature.

4. CONCLUSION

A multi-channel power data acquisition system for solar panel monitoring was successfully designed,
calibrated, and tested using ESP32 microcontrollers and INA219 sensors. The INA219 sensors achieved
measurement accuracy exceeding 98%, with maximum errors of 1.02% for current and 0.43% for voltage. The
system provided reliable real-time power monitoring of individual solar panels, maintaining high measurement
accuracy and consistent data transmission over extended durations. An 8-hour field test revealed performance
variations among panels and demonstrated the system's capability to identify local inefficiencies. Throughout
the test, all data were 100% transmitted successfully to the ThingSpeak platform without packet loss.
Integration with ThingSpeak enabled user-friendly data visualization, thereby improving practical usability.
The system represents a scalable and cost-effective solution for photovoltaic monitoring, with opportunities
for further enhancement through the integration of thermal parameters and assessment of cooling mechanisms.
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