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ABSTRACT 
 

Smart greenhouse system has become one of the main technologies in precision agriculture 

due to its ability to control environmental parameters that influence plant growth. This study 

aims to perform calibration and validation of a multi-sensor system based on ESP32, which 

will be integrated into a smart greenhouse automation system. The sensors included DHT22 

for air temperature and humidity, an analog TDS sensor for nutrient concentration, and a 

resistive soil moisture sensor (V1.2) for soil humidity. The testing was conducted in a real 

greenhouse environment with statistical parameters such as MAPE, RMSE, and R² were 

used as the basis for evaluating sensor accuracy. Results showed that the DHT22 sensor 

produced MAPE, RMSE, and R² of respectively 2.75%, 1.08%, and 0.989 for air 

temperature, and 6.53%, 4.80%, and 0.997 for air humidity. The TDS sensor showed a 

MAPE of 0.267%, RMSE of 2.760%, and R² of 0.875 in AB Mix solution of approximately 

1000 ppm. The integrated ESP32 system operated reliably in three modes—manual, semi-

automatic, and automatic—with a response time of less than two seconds. These findings 

confirm the potential application of multi-sensor systems in smart agriculture and highlight 

the importance of calibration to achieve reliability in modern greenhouse operations. 

1. INTRODUCTION 

The implementation of Internet of Things (IoT) sensor systems is significantly transforming the agricultural environment 

by offering scalable and accessible solutions for environmental monitoring. However, despite their potential to enable 

real-time data acquisition and improve decision-making in precision agriculture, these systems often suffer from 

fundamental limitations. A persistent concern is the technological fragility of low-cost sensors, which, due to their low-

cost manufacturing processes, tend to degrade under fluctuating environmental conditions (Farooq et al., 2020). 

One of the most significant issues lies in the reliability of sensor calibration. Many commercially available sensors 

are factory-calibrated under standard conditions that do not represent the diversity and dynamics of agricultural fields. 

As a result, sensors can produce biased readings that compromise the validity of the collected data (Rajan et al., 2018). 

Mansoor et al. (2025) argue that such data inaccuracies hinder actionable decision-making, potentially leading to 

inefficient resource utilization or crop failure. Despite these limitations, the ESP32 microcontroller has emerged as a 

promising platform for agricultural IoT due to its balance between affordability, processing power, and integrated 

connectivity features. Recent studies have shown that the ESP32 has been used for a variety of agricultural applications, 

including smart farm monitoring systems, automated irrigation, and environmental control. For example, Syahputra & 

Andriani (2025) developed a greenhouse monitoring system using the ESP32 in conjunction with a DHT11 sensor and 

soil moisture sensors, enabling real-time environmental monitoring via a mobile app. Similarly, Pereira et al. (2023) 
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utilized the ESP32 in an automated drip irrigation system and demonstrated its effectiveness in optimizing water use 

based on soil conditions. 

The utility of the ESP32 extends beyond basic monitoring. The platform supports flexible integration of multiple 

sensors, cloud-based communication, and real-time control operations. This is supported by research Montillo-Balderas 

et al. (2025), which demonstrated the use of the ESP32 to design a sustainable irrigation system, highlighting the role 

of this microcontroller in modernizing and automating agricultural practices. 

Despite their hardware advantages, ESP32-based systems are still susceptible to weaknesses in the sensors they 

support. In particular, factory-calibrated sensors are often poorly adapted to real-world conditions. Research Canja et al. 

(2025) notes that factory calibration fails to account for variations in soil texture and composition, particularly for 

moisture sensors, necessitating on-site recalibration procedures for accuracy. Sensors such as the DHT22 and DS18B20, 

while widely used, have been reported to exhibit delayed response times and inaccuracies under extreme conditions 

(Zukhri et al., 2025). Analog sensors such as TDS V1.2 and soil moisture probes are further limited by their susceptibility 

to temperature and salinity disturbances, requiring complex calibration processes to correct their readings (Rodríguez 

Padrón et al., 2022). 

To overcome these limitations, the use of regression models is effective in adjusting sensor output to environmental 

fluctuations, as detailed by Lee et al. (2020). Evaluation of regression model performance is generally carried out by 

calculating the Average Percentage Error (APE) and Mean Absolute Percentage Error (MAPE) to assess the relative 

level of deviation between sensor predictions and reference values. Root Mean Square Error (RMSE) is used to measure 

the average absolute deviation in physical units of measurement. Furthermore, the coefficient of determination (R²) is 

used to describe the level of agreement between calibration results and reference values. An R² value close to 1 indicates 

that the regression model is able to explain most of the variation in sensor data relative to actual conditions. By 

combining APE, MAPE, RMSE, and R² indicators, the effectiveness of the sensor calibration model can be quantitatively 

evaluated, resulting in more accurate and stable readings when applied in real time to a smart greenhouse system.  

This study aims to address a methodological gap by developing a multisensor system for greenhouse monitoring 

using ESP32 microcontroller, with a focus on structured sensor validation. The novelty lies in the design and application 

of an ESP32-based modular sensor platform and sensor calibration under diverse greenhouse environmental conditions. 

The study emphasizes real-world applications by validating performance under field-relevant conditions, thus addressing 

both technological and methodological gaps in the literatures. Ultimately, this research is expected to contribute in 

establishing a reproducible benchmark for evaluating sensor performance systems in precision agriculture. By 

integrating a validated field-specific sensor calibration model with standard laboratory tools, this work lays the 

foundation for the implementation of robust and reliable IoT monitoring solutions tailored for smart greenhouses. 

2. MATERIALS AND METHODS 

2.1. Materials and Instruments 

This research was conducted in the laboratory of the Agricultural Mechanization and Workshop Research Center, 

Universitas Syiah Kuala. The materials used to design the smart greenhouse included an ESP32 microcontroller, a DHT 

22 sensor, a TDS V1.0 sensor, a water temperature sensor (DS18B20), a DS3231 RTC, a Humidity-Moisture Module 

V1.2, a 4-channel relay, a 220-volt AC solenoid, a male-female jumper, a 2A 12-volt adapter, and an Arduino IoT Cloud 

interface application. The sensor calibration instrumentation used a Dual-Function TDS (Total Dissolved Solids) and 

EC meter, a soil moisture meter (YIERYI), and a digital hygrometer for temperature sensor calibration. 

2.2. Device Architecture 

The device architecture is designed with an integrative approach, with the ESP32 serving as the central processing unit 

that receives data from sensors, reads digital and analog signals, converts the readings into standard units, and sends the 

data to the Arduino IoT Cloud via a Wi-Fi connection. This ESP32-based architecture follows the principles of modern 

smart greenhouse systems, which consist of a sensor layer, a processing layer, a communication layer, and a cloud layer 

for storage, visualization, and decision-making (Bicamumakuba et al., 2025; Soussi et al., 2024). In this study, the 
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system was designed to acquire five main parameters from four types of sensors: air temperature, air humidity, TDS 

concentration, water temperature, and soil moisture. 

This system was designed to obtain five parameters from four sensors: a DHT22 sensor to measure air temperature 

and humidity, a TDS sensor to detect dissolved substance levels in water, a DS18B20 sensor to monitor changes in water 

temperature, and a capacitive soil moisture sensor to monitor soil moisture content under three different conditions (dry, 

normal, and wet). All sensors are connected to the ESP32 via digital and analog input lines according to the 

characteristics of each sensor. The reading data is then calibrated internally by the ESP32 microcontroller, formatted in 

standard units, and sent wirelessly to the Arduino IoT Cloud platform for storage and visualization of real-time 

monitoring. The system is powered by a 12V 2A adapter with an external voltage regulator, while the communication 

interface uses Wi-Fi for IoT-based data integration. This architecture enables the acquisition, processing, and monitoring 

of sensor data to be carried out automatically, efficiently, and scalably in a single integrated system. The wiring diagram 

is shown in Figure 1 with detail modules is summarized in Table 1. 

 
Figure 1. IoT smart greenhouse wiring diagram 

Table 1. Detail description of modules for IoT smart greenhouse 

Modules Signal Line Pin ESP32 Modules Signal Line Pin ESP32 

DHT22 Data GPIO4 RTC DS3231 SDA GPIO21 

Vcc 3.3 V SCL GPIO22 

Gnd Gnd Vcc 3.3 V 

Soil Moisture V1.2 Data GPIO34 Gnd Gnd 

Vcc 3.3 V TDS V1.0 

DS18B20 

Data GPIO35 

Gnd Gnd Vcc 3.3 V 

Relay Vcc 5 Volt Gnd Gnd 

Gnd Gnd Data GPIO15 

CH1 – Irigasi GPIO23 Vcc 3.3 V 

 CH2 – Misting GPIO26  Gnd Gnd 

 CH3 – Mixing GPIO27    

2.3. Sensor Testing Protocol 

Tests were conducted on five parameters: air temperature and humidity, TDS, water temperature, and soil moisture. The 

purpose of this test was to evaluate the accuracy and consistency of each sensor reading against reference values obtained 
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from standard instruments. The DHT22 sensor was used to measure air temperature (°C) and relative humidity (%RH), 

with data collected every hour throughout the observation period. Each measurement was repeated three times to ensure 

reproducibility of the results. The sensor readings were compared with laboratory reference instruments using statistical 

analysis of APE, MAPE, RMSE, and the coefficient of determination (R²) to assess the accuracy and linear relationship 

between the sensor data and the standard values. 

Meanwhile, the TDS and water temperature sensors were tested using a 1000 ppm AB Mix solution. The TDS 

measurements were repeated five times, and the sensor measurements were compared with the TDS reference values 

obtained from standard instruments. Soil moisture accuracy was evaluated by calculating APE, MAPE, RMSE, and R² 

values to assess the suitability and stability of the sensor for various AB Mix solution treatments. 

For the soil moisture sensor, testing was conducted under three different soil moisture conditions: dry, normal, and 

wet soil. These conditions were determined based on the actual soil moisture content obtained using a standardized (in-

situ) instrument before the sensor was tested. Soil moisture measurement data were collected three times for each 

treatment. Because soil moisture values were only observed based on the soil moisture content treatment, APE, MAPE, 

RMSE, and R² calculations were not applied. Instead, sensor readings were presented as a direct comparison to 

theoretical soil conditions. 

2.4. Sensor Accuracy Testing 

Sensor accuracy was evaluated using four statistical indicators: Absolute Percentage Error (APE), Mean Absolute 

Percentage Error (MAPE), Root Mean Square Error (RMSE), and the coefficient of determination R². The simultaneous 

use of multiple metrics aims to obtain a more comprehensive picture of performance, as each metric represents a different 

aspect of error. RMSE is sensitive to large deviations and outliers, MAPE provides an interpretation of error as a 

percentage that is easily compared across parameters, while R² indicates the degree of agreement between sensor 

readings and reference values (García-Vázquez et al., 2023). This multi-metric approach is recommended in the 

evaluation of greenhouse sensors and predictive models because it can simultaneously assess absolute error, relative 

error, and the strength of the linear relationship (Bolandnazar et al., 2023). Equation (1) to (4) show calculation method 

for APE, MAPE, RMSE, and R2, respectively. 

𝐴𝑃𝐸𝑖 =∣
𝑌𝑖−𝑌̂𝑖

𝑌𝑖
∣× 100%  (1) 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑ ∣

𝑌𝑖−𝑌̂𝑖

𝑌𝑖
∣

𝑛

𝑖=1
× 100%  (2) 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑ (𝑌𝑖 − 𝑌̂𝑖)

2𝑛

𝑖=1
  (3) 

𝑅2 = 1 −
∑ (𝑌𝑖−𝑌̂𝑖)2𝑛

𝑖=1

∑ (𝑌𝑖−𝑌̄)2𝑛
𝑖=1 )

  (4) 

where 𝑌𝑖 is the reference value, and 𝑌̂𝑖 is the sensor reading at the i-th measurement point, 𝑌 ˉ is the mean of all reference 

values, and n is the total number of measurement data points. 

3. RESULTS AND DISCUSSION 

3.1. Arduino IoT Cloud Interface 

This program was developed to build an automation system capable of real-time environmental monitoring and nutrient 

control. This confirms the findings of Farooq et al. (2022) and Shanto et al. (2023), which emphasize the importance of 

real-time responsiveness in agricultural automation. This program integrates various sensors, including humidity 

sensors, DHT22 air sensors, and TDS sensors. All sensor data is processed by the ESP32, stored, and displayed via the 

Arduino IoT Cloud, allowing users to remotely monitor environmental and nutrient conditions. The ESP32's capacity 

supports multiple sensors without data loss or latency. Supported by Maier et al. (2017) and Shamshiri et al. (2021), the 

ESP32's dual-core architecture and modular design are ideal for scalable IoT systems. 
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In addition, there are three operational modes implemented, including manual mode, where all actuators (irrigation, 

misting, mixing) are directly controlled by the user through the Arduino IoT Cloud interface, which provides intuitive 

control and monitoring, reflecting usability insights (Rezvani et al., 2020). This mode provides flexibility and full control 

in critical situations. Semi-automatic mode is activated based on a timer setting according to the user's specified time. 

Automatic mode allows all actuators to respond directly to sensor data without human intervention. In simulation tests 

such as drought and increased air temperature, the system was able to activate irrigation, misting, and mixing in less 

than 2 seconds from the sensor reading. The 12V 2A power supply prevented overheating, and also maintained a more 

consistent Wi-Fi connectivity throughout the test. This demonstrates that the ESP32 architecture is not only capable of 

managing multi-sensor integration but also supports scalable and reliable automation systems in precision agriculture 

applications. The dashboard display is presented in Figure 2. 

 

Figure 2. Arduino IoT cloud dashboard interface 

3.2. DHT22 Sensor Performance: Temperature and Humidity Accuracy 

Table 1 shows the results of the DHT22 temperature sensor calibration calculations against the reference values of the 

comparison instrument. The APE values ranged from 0.001% to 6.515%, with an average MAPE of 2.755%. This value  

Table 1. Accuracy Evaluation Results of the DHT22 Sensor for Temperature Measurements 

Time Reference Value (°C) Sensor Value (°C) APE (%) MAPE (%) RMSE (°C) R² 

08:00 AM 27.267 26.800 1.711 

2.755 1.084 0.989 

09:00 AM 29.233 29.234 0.001 

10:00 AM 32.367 31.391 3.015 

11:00 AM 37.567 36.933 1.686 

12:00 PM 36.400 36.267 0.366 

01:00 PM 35.867 33.530 6.515 

02:00 PM 33.067 31.893 3.548 

03:00 PM 32.300 31.096 3.727 

04:00 PM 31.900 30.760 3.574 

05:00 PM 30.567 29.667 2.944 

06:00 PM 30.233 29.260 3.219 
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indicates that the DHT22 sensor has a high level of accuracy throughout the observation period. The RMSE value of 

1.084% confirms that the deviation between the sensor and reference values is relatively small. Furthermore, the 

coefficient of determination (R² = 0.989) shows a very strong linear relationship, indicating that the calibration model 

adequately represents the reference temperature data. Overall, these results indicate that the DHT22 sensor performs 

stably under various environmental temperature conditions, with small deviations that tend to occur during the day when 

temperature fluctuations are maximum. Fluctuations in air temperature data are presented in Figure 3. 

  

Figure 3. Fluctuations of data: (a) air temperature, (b) air humidity 

Evaluation of the DHT22 sensor's performance under real-world conditions demonstrated a high level of reliability 

in temperature measurements, with a MAPE below 5% and an R² value reaching 0.98. These results align with findings 

Hasin et al. (2023), which reported similar accuracy under controlled laboratory conditions. Despite its relatively good 

accuracy, the DHT22 sensor exhibited a response time delay of approximately two seconds between readings, which 

may limit its use in real-time applications with high data acquisition frequency, as noted by Ningsih et al. (2023). 

Fluctuations in air humidity data are presented in Figure 4. 

Table 2. Accuracy Evaluation Results of the DHT22 Sensor for Relative Humidity Measurements 

Time Reference Value (%) Sensor Value (%) APE (%) MAPE (%) RMSE (%) R² 

08:00 AM 91.000 98.133 7.839 

6.529 4.798 0.997 

09:00 AM 79.000 80.067 1.350 

10:00 AM 62.333 65.067 4.385 

11:00 AM 46.667 50.460 8.129 

12:00 PM 53.000 51.610 2.623 

01:00 PM 54.333 60.467 11.288 

02:00 PM 57.333 60.730 5.924 

03:00 PM 59.667 60.967 2.179 

04:00 PM 63.000 71.333 13.228 

05:00 PM 70.333 74.300 5.640 

06:00 PM 69.667 76.100 9.234 

Based on Table 2, the DHT22 sensor demonstrated a good level of accuracy in measuring relative humidity, with an 

overall MAPE of 6.529%, an RMSE of 4.798%, and an R² value of 0.997, indicating a very strong correlation between 

the sensor readings and the reference values. The highest APE values occurred at 04.00 PM (13.228%) and 01.00 PM 

(11.288%), which were likely caused by rapid fluctuations in air humidity during these periods, leading to a slight lag 

in the sensor’s response. In contrast, the smallest deviation occurred at 09.00 AM (APE of 1.350%), when relative 

humidity conditions were comparatively stable. Overall, these results are consistent with the pattern shown in Figure 4, 

in which the sensor was able to follow the trend of the reference values closely, despite small deviations during periods 

of sharp humidity change. 
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Under high humidity conditions (>90% RH), the sensor exhibited significant deviations from the reference value, 

consistent with the performance degradation discussed by Ansari et al. (2023) and Sagita et al. (2024). These deviations 

were primarily caused by saturation effects and possible condensation on the sensor element, which reduced its 

reliability. To address these limitations, a standard hygrometer was calibrated prior to deployment. This recalibration 

strategy is also recommended by Wahyu et al. (2024) and Siskandar et al. (2022) as it has proven effective in restoring 

measurement consistency. Overall, while the DHT22 remains an economical and reasonably accurate sensor, its use in 

dynamic greenhouse environments requires periodic recalibration and data filtering to maintain measurement reliability. 

3.3. TDS Sensor Analysis 

As seen in Figure 5, the V1.0 analog TDS sensor values show very little deviation compared to the standard values, with 

APE ranging from 0.202% to 0.420% and an average MAPE of only 0.267%. The RMSE value of 2.760% indicates a 

very small deviation between the measured data and the reference data. Furthermore, the coefficient of determination 

(R² = 0.875) indicates a strong linear correlation, meaning the sensor output closely follows the reference data. Overall, 

these results demonstrate that the TDS sensor has reliable and precise performance, making it suitable for real-time 

monitoring applications. TDS data calibration calculations are presented in Table 3. 

 

Figure 5. TDS value test results 

The performance of the TDS sensor improved significantly after temperature compensation. Raw sensor readings 

are prone to inaccuracies due to the non-linear effect of temperature on water conductivity. These findings align with 

research by Bogdan et al. (2023), which emphasized the importance of real-time temperature correction to ensure the 

reliability of TDS measurements. Without such compensation, TDS data can potentially mislead nutrient management 

decisions and result in suboptimal or even hazardous conditions for plants. Furthermore, periodic recalibration of the 

standard TDS solution, as recommended by Passos et al. (2023), was performed to maintain accuracy across a wide 

concentration range. This procedure is consistent with best practices in hydroponic nutrient monitoring and confirms 

the practical feasibility of using TDS sensors in greenhouse systems. 

Table 3. Accuracy Evaluation Results of the TDS Sensor 

Replicate Standard Value (ppm) Sensor Value (ppm) APE (%) MAPE (%) RMSE (ppm) R² 

1 983 985 0.203 0.267 2.760 0.875 

2 983 985 0.203    

3 984 988 0.420    

4 988 990 0.202    

5 987 990 0.304    
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3.4. Soil Moisture Sensor Performance 

Sensor performance is the sensor's ability to detect water content in three categories of soil types. Sensor measurements 

were repeated three times on different soil types, after which the average of the repetitions was analyzed, with the results 

shown in Table 4. The previously obtained sensor data was then used to analyze water content based on a calibration 

instrument that could only determine dry (0-30%), normal (30-60%), and wet (61-100%) soil categories. These results 

demonstrate the sensor's ability to effectively differentiate soil moisture levels. The test results are presented in Figure 6. 

According to Table 4, the sensor produced readings of 4% in dry soil, 55% in normal soil, and 81% in wet soil. These 

results indicate that the sensor is able to clearly distinguish three levels of soil moisture content. This classification 

capability is important in automated irrigation systems because watering decisions are highly dependent on actual soil 

moisture conditions. In the context of agricultural IoT, soil moisture sensors are a critical input for determining when 

pumps or solenoids need to be activated, as demonstrated in various threshold-based and machine learning-based 

automated irrigation systems (Sangeetha et al., 2024). 

Table 4. Classification of soil moisture conditions based on soil moisture sensor testing results 

Calibration Instrument 

Classification 

Sensor Reading 

(%) 

Description 

Dry 4 Low soil moisture; below field capacity and may cause water 

stress. 

Normal 55 Optimal soil moisture; supports healthy root and plant growth. 

Wet 81 High soil moisture; soil is nearly saturated and may limit oxygen 

availability. 

 

 

Figure 6. Soil moisture testing (a) dry, (b) normal, (c) wet 

The soil moisture sensor V1.2 includes capacitive sensors, as described by González-Teruel et al. (2019) and Marin 

et al. (2024), offering greater stability across a wide range of conditions. However, resistive sensors have proven to be 

effective when properly calibrated. This study confirms the need for soil-specific calibration, as soil texture and salinity 

significantly impact sensor accuracy (Payero et al., 2017). Furthermore, environmental factors such as temperature and 

salinity affect sensor output, requiring additional compensation or filtering for long-term deployment. Although resistive 

sensors may be susceptible to drift, their affordability and clear differentiation capabilities make them suitable for 

general soil condition monitoring in automated systems. 

The novelty of this study lies in the systematic, temperature- and soil-specific calibration approach applied to low-

cost ESP32-integrated sensors—specifically the analog TDS sensor, the resistive soil moisture sensor V1.2, and the 

DHT22 sensor—validated directly under real greenhouse operating conditions rather than controlled laboratory settings 
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alone. The main contribution of this research is a practical and reproducible calibration framework, supported by 

quantitative accuracy metrics (MAPE, RMSE, and R²), that bridges the gap between affordable commercial sensors and 

the measurement reliability required for precision agriculture automation. Consequently, the findings offer a cost-

effective yet scientifically validated alternative to expensive industrial-grade sensors, supporting the wider adoption of 

smart greenhouse systems in resource-limited agricultural settings. 

4. CONCLUSIONS AND RECOMMENDATIONS 

This study demonstrates the effectiveness of generating accurate and reliable environmental data, which is crucial for 

precision agriculture automation. This can be achieved with proper ESP32-based calibration. The temperature-

compensated TDS and resistive soil moisture sensors, along with DHT22 calibration for temperature and humidity, 

effectively improved measurement accuracy under various environmental conditions. Sensor accuracy metrics, 

including MAPE values below 5% and R² values above 0.9%, except for the TDS value with R² <0.875%, confirm the 

multisensor's suitability for real-world agricultural applications. The integration of ESP32 with Arduino IoT Cloud 

allows the system to operate in manual, semi-automatic, and automatic modes, with an actuator response time of less 

than two seconds. These findings contribute to the body of knowledge regarding the empirical validation of low-cost 

sensor-based agricultural IoT systems in real-world greenhouse environments. The developed system can serve as a 

baseline model for the development of modular, economical, and replicable smart greenhouses. Future research is 

recommended to explore the integration of predictive algorithms, machine learning, automatic temperature 

compensation, and long-term testing to evaluate sensor stability and system reliability over one or more crop cycles. 
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