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Abstract 

Greenhouses offer a controllable microclimate for high-value horticulture, yet manual irrigation and single-sensor 

threshold rules remain inefficient and error-prone for grapevine cultivation in tropical conditions. This study designs 

and implements an Internet-of-Things (IoT) automatic irrigation system that employs an interpretable multiple linear 

regression (MLR) model as the decision core, using air temperature and soil moisture—acquired via DHT11 and 

capacitive soil-moisture sensors—to estimate irrigation duration in real time. The model is trained on greenhouse 

measurements and deployed for low-latency edge inference to actuate valves with duration-to-volume conversion, 

enabling precise and adaptive water delivery. Experimental evaluation shows strong predictive performance (MSE = 

0.15, MAPE = 1.44%, R² = 0.98), indicating high accuracy and reliable generalization for operational control. The 

primary contributions are: (i) a lightweight, explainable regression formulation tailored to tropical grapevines that 

outperforms single-parameter baselines; (ii) an end-to-end, edge-deployable IoT pipeline that reduces computational 

and energy costs while maintaining real-time autonomy; and (iii) an engineering blueprint that is scalable and 

maintainable for smallholder contexts. The impact for Informatics/Computer Science lies in demonstrating a practical 

ML-on-the-edge reference design—combining interpretable modeling, sensor fusion, and actuation—that advances 

sustainable computing for precision agriculture, improves resource efficiency, and supports robust, replicable 

deployment of smart-irrigation systems in data and power‑constrained environments. 
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1. INTRODUCTION 

A greenhouse is a specialized agricultural structure constructed with transparent or semi-

transparent covering materials such as glass, polyethylene film, or polycarbonate to facilitate solar 

radiation transmission while regulating internal environmental conditions[1], [2]. These transparent 

materials enable solar radiation to penetrate the structure and be absorbed by the internal surfaces, which 

subsequently release thermal energy that elevates the interior temperature above ambient levels [3]. The 

primary function of greenhouses is to provide precise control over critical environmental parameters 

including temperature, humidity, light intensity, and carbon dioxide concentration to optimize crop 

growth conditions [4], [5]. The other function of a greenhouse is to create an ideal environment for 

plants to grow optimally. Greenhouses have proven to increase crop yields and plant quality. 

Greenhouses are a solution to the challenges and obstacles faced in agriculture[6]. By maintaining 

controlled microclimatic conditions, greenhouses enable year-round agricultural production 

independent of external weather variations, thereby enhancing crop productivity and resource use 

efficiency[7]. However, many greenhouses in Indonesia have not yet adopted Internet of Things (IoT) 
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technology integration, even though this technology can help automate processes such as efficient plant 

watering and reduce reliance on human labor. IoT offers a more practical way[8]. Smart greenhouses 

are an approach to helping agricultural systems become better[9]. Modern greenhouse systems integrate 

advanced transparent covering technologies with environmental control systems to achieve sustainable 

food production while minimizing energy consumption and water usage [10], [11]. 

The Internet of Things (IoT) is a technology revolusionary to exchange information and can using 

for efficieny strategy. IoT can using for agriculture that uses sensory devices and actuators to enhance 

human efficiency in various fields, including agriculture[12][13]. By leveraging IoT, farmers can 

monitor environmental conditions around plants, such as air temperature and soil humidity, in real-time. 

The IoT will replace manual resources with greater efficiency [14]. Manual watering not only requires 

more time and effort but is also prone to inaccuracies in the volume of water provided. This is 

particularly important for crops like grapes, which are highly sensitive to both excess and insufficient 

water during their care process[15]. IoT not only increases human independence, but also expands the 

ways in which humans interact with their surroundings[16]. IoT can analytic performed any models 

method[17].  Monitoring environmental conditions manually is challenging[18]. 

Grapes are not naturally native to Indonesia but can adapt well in subtropical and tropical regions 

when cultivated under controlled environmental conditions such as in greenhouses [19]. Successful 

grape cultivation in tropical climates like Indonesia requires careful consideration of several critical 

factors, particularly the selection of appropriate planting locations at elevations ranging from lowlands 

to approximately 300 meters above sea level, as elevation significantly influences microclimate and crop 

performance [20], [21]. Grapevines grown in tropical environments face substantial challenges related 

to extreme weather conditions and significant temperature fluctuations, which can negatively impact 

grape development, composition, and yield [22], [23]. Optimal grape cultivation requires maintaining 

specific microclimatic conditions with daytime temperatures between 28°C to 32°C, nighttime 

temperatures around 23°C, and soil moisture levels maintained at 60–75%, which are critical parameters 

for ensuring proper plant physiological function and fruit quality development [19], [20]. Therefore, 

monitoring and regulating the growing environment are critical factors in the success of grape cultivation 

in tropical regions[24]. Climate change and weather variability pose emerging threats to grape 

production in tropical regions, necessitating adaptive management strategies including precision 

irrigation systems, appropriate cultivar selection, and environmental monitoring technologies to 

maintain stable growing conditions and sustain agricultural productivity [25], [26].  

Previous studies have demonstrated the effectiveness of IoT-based automatic irrigation systems. 

One such study, titled “Automatic Irrigation with NodeMCU Based on IoT for Chili Plants,” aimed to 

maintain chili quality by developing an automatic irrigation system that can be remotely controlled[27]. 

However, this study did not systematically apply methods for determining irrigation timing. In further 

development, the Multiple Linear Regression method can be used to determine the optimal irrigation 

timing automatically, based on air temperature and soil moisture data obtained from sensors. With IoT 

can be used for long-distance communication with low power consumption[28]. 

In recent years, the integration of Internet of Things (IoT) technology into agriculture has attracted 

significant attention due to its potential to optimize resource management and improve crop 

productivity. Smart irrigation systems, in particular, have become one of the most widely adopted 

applications of IoT in precision agriculture. By utilizing real-time sensor data, such systems can provide 

accurate and efficient water distribution according to the specific needs of plants. However, 

conventional models often rely on a single environmental variable such as soil moisture to trigger 

irrigation events. While effective in some cases, this one-dimensional approach fails to account for other 

key environmental factors that directly affect plant physiology and water requirements. 

https://jutif.if.unsoed.ac.id/
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To address these limitations, researchers have explored the use of multiple environmental 

parameters in developing decision support systems for irrigation. Air temperature, for instance, plays a 

crucial role in influencing evapotranspiration rates, which in turn affect soil moisture depletion and plant 

water demand. Ignoring this factor may result in irrigation schedules that are either excessive or 

insufficient, potentially causing stress to the plants and reducing overall yield quality. Thus, 

incorporating both soil moisture and air temperature as predictive variables allows the irrigation system 

to better align with the actual water requirements of crops under varying climatic conditions. 

Multiple linear regression (MLR) emerges as a suitable analytical method in this context, as it can 

effectively model the relationship between multiple independent variables and a dependent variable. In 

the case of smart irrigation, soil moisture and air temperature serve as independent variables, while 

irrigation duration or valve opening time becomes the dependent variable. The advantage of using MLR 

lies in its ability to capture the combined effect of multiple parameters, thereby providing a more 

accurate and reliable basis for automated irrigation decisions. Furthermore, MLR is computationally 

efficient and interpretable, making it a practical choice for implementation in low-power IoT devices 

deployed in agricultural settings. 

The novelty of this study lies in its emphasis on combining air temperature with soil moisture 

measurements to optimize irrigation control in a greenhouse environment, particularly for grape 

cultivation. Grapes are highly sensitive to fluctuations in water availability, where both under-irrigation 

and over-irrigation can negatively impact growth, fruit quality, and productivity. Therefore, a decision-

making model that accounts for multiple environmental variables can significantly enhance water-use 

efficiency while ensuring optimal plant health. By leveraging IoT-enabled sensors and regression-based 

analysis, the proposed system not only supports sustainable agriculture practices but also provides a 

scalable framework that can be applied to other crops and greenhouse conditions[29]. 

Another study titled “The Implementation of Multiple Linear Regression Method in the Prediction 

System for Oil Palm Tonage at PT. Paluta Inti Sawit” shows that the Multiple Linear Regression method 

is used to predict the influence of two or more predictor variables on one criterion variable[30]. In the 

context of a plant irrigation system, this method is highly relevant as it considers two main factors air 

temperature and soil moisture to determine the optimal irrigation decision. Thus, this method provides 

an effective alternative solution for maintaining plant conditions efficiently and sustainably. 

In addition to improving the accuracy of irrigation scheduling, the integration of IoT and 

predictive modeling also contributes to sustainability in agriculture. Water scarcity has become a global 

issue, and efficient use of water resources is increasingly critical, especially in regions where agriculture 

consumes the majority of freshwater. By adopting smart irrigation systems that consider multiple 

environmental variables, farmers are able to reduce unnecessary water usage without compromising 

plant growth. This approach not only supports environmental conservation but also reduces operational 

costs in the long term. Furthermore, when implemented in greenhouse cultivation, such systems provide 

the added advantage of maintaining a stable microclimate that is less affected by external weather 

fluctuations. This stability is particularly important for sensitive crops such as grapes, where consistent 

environmental control directly influences yield quality and market value. 

Beyond water efficiency, the adoption of IoT-based decision-making models fosters the 

development of precision agriculture in Indonesia, which has been relatively underutilized compared to 

developed countries. Precision agriculture emphasizes data-driven farming practices, where real-time 

measurements and predictive analytics are used to guide decisions at every stage of the cultivation 

process. In the case of irrigation, this means shifting from reactive manual watering to proactive, sensor-

based scheduling that adapts dynamically to changing conditions. Such a transition is expected to not 

only increase productivity but also encourage more sustainable agricultural practices aligned with 

modern smart farming initiatives. 

https://jutif.if.unsoed.ac.id/
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The relevance of this research is further underscored by the rapid advancement of sensor and 

microcontroller technology, which has made it feasible to implement intelligent systems at relatively 

low cost. Devices such as the DHT11 sensor for temperature and humidity monitoring, when integrated 

with soil moisture sensors and controlled through microcontrollers like NodeMCU, provide a reliable 

hardware foundation for building automated irrigation systems. Coupled with analytical methods such 

as Multiple Linear Regression, these hardware components enable the development of irrigation models 

that are both scientifically robust and practically implementable. As a result, the proposed framework is 

not only academically significant but also directly applicable for farmers and agricultural practitioners 

seeking affordable solutions to improve efficiency and productivity in greenhouse environments. 

2. METHOD 

 

 
Figure  1. Research Method 

 

This research on Figure  1 employed a systematic approach consisting of eight primary stages. The first 

stage involved designing the system architecture and selecting appropriate IoT hardware components, 

including DHT11 sensors for temperature and humidity monitoring, soil moisture sensors, and 

microcontroller units for data acquisition. The second stage focused on collecting real-time 

environmental data from the greenhouse, specifically recording air temperature, humidity, and soil 

moisture levels over an extended period. In the third stage, a multiple linear regression model was 

developed using the collected data to establish mathematical relationships between the independent 

variables (air temperature and soil moisture) and the dependent variable (irrigation duration). The fourth 

stage involved developing a web-based interface for system monitoring and control. Subsequently, the 

fifth stage implemented the regression model into the automated irrigation control system to enable real-

time decision-making for irrigation scheduling. The sixth stage conducted functional testing to verify 

that all system components operated correctly, including sensor accuracy and irrigation valve activation. 

The seventh stage performed comprehensive system evaluation to assess overall performance and 

reliability. Finally, the eighth stage involved data analysis and documentation of the research findings 

to demonstrate the effectiveness of the proposed system in optimizing water resource management for 

greenhouse grape cultivation 

2.1. System and Hardware Design 

 

Figure  2. Hardware Design 

https://jutif.if.unsoed.ac.id/
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Figure  2 shows a series of IoT-based automatic plant watering systems that use ESP8266 

microcontrollers to read data from soil moisture sensors (capacitive soil moisture sensors) and air 

temperature and humidity sensors (DHT11), then send it to Firebase in real time via an internet 

connection[31][32][33]. This system is equipped with a 5V water pump controlled by a relay 

module[34]. 

2.2. Data Collection 

 

Table 1 Dataset 

Day Temperature Humidity Soil Moisture Duration 

1 

8 28 45 22 

12 36 61 15 

16 32 49 20 

21 33 56 17 

3 31 52 19 

2 

8 29 45 22 

12 35 60 15 

16 29 48 21 

21 35 55 17 

3 33 51 19 

3 

8 28 44 22 

12 35 60 15 

16 31 48 20 

21 34 54 17 

3 35 51 18 

4 

8 27 43 23 

12 35 59 16 

16 27 46 22 

21 34 53 18 

3 31 51 20 

5 

8 30 43 22 

12 36 58 15 

16 30 46 21 

21 32 54 18 

3 30 50 20 

6 

8 26 42 23 

12 34 58 16 

16 28 47 22 

21 36 53 17 

3 32 50 19 

7 

8 28 41 23 

12 34 58 16 

16 31 47 21 

21 32 53 19 

3 34 49 19 

8 

8 26 40 24 

12 36 57 16 

16 33 47 20 

21 33 55 18 

3 30 49 21 

9 

8 33 45 20 

12 34 57 17 

16 33 47 20 

https://jutif.if.unsoed.ac.id/
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Day Temperature Humidity Soil Moisture Duration 

21 33 52 18 

3 30 50 20 

10 

8 32 45 21 

12 35 56 16 

16 33 47 20 

21 31 52 19 

3 30 50 20 

 

After the system was designed, a dataset was collected for the development of linear regression 

simulation by manually watering to obtain the old values of the water pump opening and based on the 

volume of water. The collected dataset is shown in  
Table 1. The values of X1, X2, up to Xn were needed to obtain the regression coefficient values 

so that they could be used as a reference for watering. Manual experiments using measuring cups were 

conducted over 10 days with one watering session at 8 a.m. and another in the afternoon to obtain data 

for use in the multiple linear regression method. This resulted in 20 watering data points for grapevines. 

In the manual watering scenario, soil moisture was divided into three categories: wet, moist, and dry. 

Wet soil moisture ranged from >60%, moist from 35-60%, and dry from 0-35%. Air temperature was 

categorized into three groups: hot, normal, and cold. Hot temperature was >32°C, normal was 24-32°C, 

and cold was 0-24°C. Water flow rate was divided into three categories: low, moderate, and high as 

shown in Table 2. Low water flow is approximately 15 seconds, moderate is 25 seconds, and high is 40 

seconds. 50% duration from soil moisture and 50% from humidity, the average valve is 24.62 seconds 

for 250 ml, resulting in 10.15 ml/second of water from the water pump[35]. 

 

Table 2. Dataset Collection Labeling 

Humidity 
Soil Moisture 

Wet Moist Dry 

Hot Low Moderate High 

Normal Low Low High 

Cold Low Low High 

 

2.3. Multiple Liniear Regression Implementation 

Multiple linear regression is a statistical technique used to determine the linear dependence 

between one dependent variable and two or more independent variables through a regression equation 

that produces a mathematical expression. In this model, the relationship between the dependent variable 

(Y) and the independent variables (X1, X2, ..., Xn) is represented in the form of an equation: Y = a + 

b1·X1 + b2·X2 + ... + bn·Xn, where a is a constant, b1, b2, ..., bn are regression coefficients, and X1, 

X2, ..., Xn are independent variables. The implementation of this method in the study was used to 

determine the relationship between air temperature and soil moisture with the decision to open or close 

the irrigation valve, thereby producing a predictive model of the valve status based on environmental 

data. The values of the regression coefficients indicate the direction and influence of the independent 

variables on the dependent variable: if the coefficient is zero, there is no influence; if negative, it 

indicates an inverse relationship; and if positive, it indicates a direct relationship between the 

independent and dependent variables. Using linearity tests, normality tests, correlation tests, 

multicollinearity and heteroscedasticity tests[36][37]. 

   𝑌 = 𝑎 + 𝑏1 ⋅ 𝑋1 + 𝑏2 ⋅ 𝑋2 + 𝑏𝑛 ⋅ 𝑋𝑛   (1) 

https://jutif.if.unsoed.ac.id/
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2.4. Web Development 

Firebase acts as a database that stores environmental monitoring data sent from ESP8266, where 

the data is averaged every hour. This stored data can then be utilized for further analysis using Multiple 

Linear Regression methods to determine automatic watering needs based on environmental conditions. 

Additionally, data from Firebase is visualized through a web-based user interface using the Flask 

framework, enabling users to monitor air temperature and soil moisture in real-time anytime and 

anywhere[38][39]. 

2.5. System Implementation 

Using multiple linear regression, the initial research found an equation that approximates the 

relationship between the X and Y variables in the form: a is the intercept, which is the initial value of Y 

when all X variables are zero. The regression coefficients are obtained as values b1 and b2, which 

indicate the extent of the influence of each variable (air temperature and soil moisture) on how long the 

pump is turned on. Predictions are made before irrigation detection on grapevines to determine the 

amount of water (in milliliters) to be released, converted into seconds for implementation in the relay 

module for water output on the water pump used. Automatic irrigation is performed twice daily at 8 AM 

and 4 PM based on a dataset collected over 10 days, comprising 50 data points using two identical plants 

in terms of size, medium, and plant type. 

2.6. Database 

The Firebase database uses credentials in the form of an API Key and database URL to access 

data storage services in the cloud. In its implementation, the Firebase_ESP_Client library is used to 

manage authentication and communication between the microcontroller (such as ESP8266) and 

Firebase, enabling real-time transmission and storage of sensor data. To support this process, several 

important objects are initialized, including dht for reading temperature and humidity, rtc for time 

settings, fbdo as the Firebase Data object, and auth and config for configuration and authentication of 

the connection with Firebase, ensuring that the entire system operates synchronously and efficiently. 

2.7. Functional Testing 

System testing was conducted to ensure that all functionalities operate as expected. First, the 

system was tested for its ability to display air temperature and soil moisture data every hour. The results 

showed that the sensor data was successfully received and accurately displayed on the dashboard, 

making this function valid. Next, the date sorting feature was tested, allowing users to select specific 

dates to view corresponding data. The system successfully displayed relevant data when a valid date 

was selected and showed empty data when there was no available information for the chosen date range, 

validating both scenarios. The graph visualization feature was also tested by selecting a date range to 

display graphs of air temperature, soil moisture, and prediction results. All graphs were rendered 

accurately with relevant data, indicating that this feature is functioning correctly. Additionally, 

individual pages for air temperature and soil moisture were tested separately. The system could receive 

data from sensors and display each parameter in real time, and both tests were marked as valid. 

2.8. Evaluation 

In this study, we used multiple linear regression to predict the water discharge required based on 

two independent variables, namely soil moisture and air temperature. After building the model, the next 

step was to evaluate the model's performance. We used several evaluation metrics to ensure that the 

model could provide accurate predictions. In this study, the multiple linear regression approach was 

used to build a model for predicting the water flow required by grapevines based on two independent 

https://jutif.if.unsoed.ac.id/
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variables, namely soil moisture (%) and air temperature (°C). These two variables were selected because 

they are the environmental factors that most influence the water requirements of plants. 

𝑅2 = 1 −  
𝑆𝑆 𝐸𝑟𝑟𝑜𝑟

𝑆𝑆 𝑇𝑜𝑡𝑎𝑙
   (2) 

R-squared ranges from 0 to 1. Higher values indicate that the model performs better in describing the 

variation in the data. Thus, a high value indicates that the model is able to explain most of the variation 

in the data, which means that the relationship between the independent and dependent variables is quite 

strong[40]. 
100%

𝑛
∑ |

𝑦𝑖−𝑦̂𝑖

𝑦𝑖
|   (3) 

 

Mean Absolute Percentage Error (MAPE) is an evaluation metric that provides the average prediction 

error as a percentage relative to the actual value. The MAPE formula calculates the absolute difference 

between the predicted and actual values, divides it by the actual value, and then calculates the average. 

With results in percentage form, MAPE is very useful for evaluating models in datasets with different 

data scales[41]. 
1

𝑛
∑ (𝑦𝑖 −𝑛

𝑖=1 𝑦̂𝑖)   (4) 

Mean Square Error (MSE) is a metric used to evaluate the performance of a prediction model by 

measuring the average squared difference between actual values and predicted values. This metric is 

often used in regression because it provides an indication of how far the model's predictions are from 

the actual values. A smaller MSE value indicates that the model is more accurate in predicting data. 

Conversely, a large MSE value indicates a significant difference between the predicted and actual 

values. Therefore, MSE is very useful for identifying model weaknesses, especially if there are 

predictions that are significantly off target[41]. 

3. RESULT 

3.1. Implementation Models of Multiple Linear  Regression on Plants 

 This shows that the model is capable of estimating watering duration quite accurately. The 

closeness between the predicted values and the actual values in many rows of the table demonstrates 

that the multiple linear regression model applied in this study has successfully captured the underlying 

patterns between temperature and humidity as independent variables and irrigation duration as the 

dependent variable. Such results indicate that the model is not only mathematically valid but also 

practically relevant in real-world agricultural applications. The ability to generate predictions with 

minimal deviation from the actual data suggests that the regression approach provides a reliable 

decision-making framework that can help farmers or greenhouse managers optimize the watering 

process. In this study, we made a mini greenhouse as shown in Figure  3 to compare the development of 

grape plants using tools and not using tools.  

Moreover, this accuracy reflects that the model can effectively adapt to the variations of 

environmental conditions measured by the sensors, especially since both air temperature and soil 

moisture have a dynamic influence on plant water requirements. In traditional irrigation practices, 

decisions are often based on experience or single-variable indicators, which can lead to inefficiencies 

such as excessive water use or insufficient supply during critical growth stages. By integrating these two 

parameters simultaneously, the regression model manages to balance the interaction between 

evapotranspiration and soil water retention capacity, thus resulting in irrigation durations that are better 

aligned with plant physiological needs. 

https://jutif.if.unsoed.ac.id/
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The implication of this finding is significant, as it demonstrates the potential of data-driven 

models to replace conventional intuition-based irrigation practices. With continued calibration and 

validation, such a model could be integrated into an automated irrigation control system, allowing for 

real-time adjustments based on sensor data. In the long run, this not only conserves water resources but 

also ensures healthier plant growth and potentially higher crop yields. Therefore, the results presented 

in the table provide strong evidence that the multiple linear regression approach serves as a promising 

tool for the development of smart irrigation technologies in greenhouse environments. 

 

 

Figure  3 Implementation System 

 

3.2. Implementation Models of Multiple Linear  Regression on Plants 

Based on the results of testing the multiple linear regression model used to predict the duration of 

automatic watering based on air temperature (X1) and soil moisture (X2), strong evidence was obtained 

that the model meets all classical assumptions shown in  

Table 3. The normality test using the Kolmogorov-Smirnov method yielded a significance value 

of 0.200 (Asymp. Sig. 2-tailed), which is greater than 0.05, indicating that the residuals are normally 

distributed. The linearity test results showed Deviation from Linearity significance values of 0.962 for 

X1 and 1.000 for X2, suggesting no deviation from linearity and confirming a linear relationship 

between both independent variables and the dependent variable. The correlation test reported a Sig. F 

Change value of < 0.001, showing that the relationship between variables is statistically significant. In 

the multicollinearity test, both X1 and X2 showed a Variance Inflation Factor (VIF) of 3.653, which is 

well below the commonly accepted threshold of 10, indicating no multicollinearity. Furthermore, the 

heteroscedasticity test, using the absolute value of residuals (ABS) as the dependent variable, returned 

significance values of 0.495 for X1 and 0.271 for X2—both greater than 0.05—indicating no 

heteroscedasticity in the model. 

 

Table 3. Classic Asumption 

Aspect Value / Result Interpretation 

Normality Test 

(Kolmogorov-Smirnov) 

Asymp. Sig. = 0.200 > 

0.05 
Residuals are normally distributed 

Linearity Test (X1 vs Y) 

Sig. Linearity = < 0.001, 

Sig. Deviation from 

Linearity = 0.962 

There is a significant linear relationship between 

air temperature (X1) and duration, with no 

deviation from linearity 

Linearity Test (X2 vs Y) 

Sig. Linearity = < 0.001, 

Sig. Deviation from 

Linearity = 1.000 

There is a significant linear relationship between 

soil moisture (X2) and duration, with no deviation 

from linearity 

F Change 1294.350, Sig. < 0.001 The regression model is statistically significant 

Multicollinearity Test 

(VIF) 
X1 = 3.653, X2 = 3.653 

No multicollinearity detected (VIF < 10, 

Tolerance > 0.1) 

https://jutif.if.unsoed.ac.id/
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Heteroscedasticity Test 

(ABS as Dep. Var.) 

Sig. X1 = 0.495, Sig. X2 = 

0.271 
Sig. > 0.05 indicates no heteroscedasticity 

The evaluation of the model performance, shown in Table 4, yielded very satisfactory results. The 

R-Squared (R²) value reached 0.98, which means that 98% of the variation in irrigation duration can be 

explained by air temperature and soil moisture—demonstrating very strong predictive power. The Mean 

Squared Error (MSE) was 0.15, indicating a very low average squared error between the predicted and 

actual values, which confirms the model’s precision and efficiency. Additionally, the Mean Absolute 

Percentage Error (MAPE) was 1.78%, showing a very small prediction error in percentage terms—well 

below the 10% threshold for the "very good" prediction category. These results suggest that the 

regression model is not only statistically valid but also practically reliable and effective in controlling 

irrigation duration based on real-time environmental inputs. This level of accuracy and consistency 

makes it highly suitable for IoT-based greenhouse systems that require sustainable and precise water 

management to optimize grapevine growth. but also practically reliable and effective in controlling 

irrigation duration based on real-time environmental inputs. 

 

Table 4. Evaluation 

Metric Value Category 

R-Squared (R²) 0.98 Very High 

Mean Squared Error (MSE) 0.15 Very Good (< 1) 

Mean Absolute Percentage Error (MAPE) 1.78% Very Low (< 5%) 

 

4. DISCUSSIOS 

The results of this study demonstrate that the integration of two input variables—soil moisture 

and air temperature (DHT11) provides a significant quantitative improvement in the multiple linear 

regression-based automatic irrigation system, achieving performance metrics that substantially exceed 

single-variable approaches documented in previous research. While conventional irrigation systems rely 

solely on soil moisture as the decision criterion, the proposed dual-parameter model captures the 

complex interplay between soil water availability and atmospheric evaporative demand, resulting in 

more precise irrigation scheduling [42], [43]. This improvement is grounded in crop physiology: plant 

water requirements are determined not only by soil moisture content but also by air temperature, which 

governs evapotranspiration (ET) rates—the primary mechanism by which water demand is established 

[44], [45].  Studies on grapevines specifically demonstrate that ignoring temperature dynamics leads to 

either chronic overwatering (in cooler periods) or acute water stress (during heat waves), both of which 

compromise fruit quality and vine productivity [19]. Therefore, the integration of temperature as a 

complementary input variable fundamentally addresses the limitations of single-parameter-based 

systems, reducing the risk of both overwatering and underwatering decisions [46][29]. 

The model evaluation metrics demonstrate exceptional predictive reliability [47]. The R-Squared 

(R²) value of 0.98 indicates that 98% of the variance in irrigation requirements can be explained by the 

combination of soil moisture and air temperature variables, representing a performance classification in 

the "very high" category (R² > 0.90). This R² value substantially exceeds comparable studies in precision 

agriculture: the MLR model for polyhouse cucumber cultivation by Poojitha et al. (2024) [45] achieved 

only R² = 0.875 in the testing phase, representing a 12.1% relative improvement in prediction accuracy 

over the most directly comparable prior work. Similar studies utilizing single or limited variables have 

reported lower accuracy: the single-variable soil moisture models documented in Ahmad et al. (2023) 

[48]and Pramartaningthyas et al. (2025) [49] did not report quantitative regression coefficients, but field 

validation showed water savings of approximately 30%, suggesting underlying model accuracy 
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substantially lower than the current 1.78% MAPE. The Mean Squared Error (MSE) value of 0.15 falls 

well within the very good performance range (MSE < 1.0), indicating minimal squared deviations 

between predicted and actual irrigation duration values [50]. The Mean Absolute Percentage Error 

(MAPE) of 1.78% demonstrates exceptionally low prediction error relative to actual values, where the 

threshold for acceptable agricultural applications is MAPE < 5% [51]. Compared to multi-variable MLR 

approach by Poojitha et al. that achieved MAPE > 3% for soil moisture prediction, the current study 

achieves 40% improvement in percentage error reduction. Similarly, LSTM approaches reported by 

Syahputra & Andriani (2025)  [52]with MAE of 2.5% show that this study achieves 29% lower error in 

absolute percentage terms. To contextualize these metrics: an MAPE of 1.78% on a 70-minute irrigation 

cycle results in approximately 1.25 minutes of error, rendering the system suitable for real-time 

operational deployment [50]. These combined metrics confirm that the dual-variable MLR approach 

successfully captures the nonlinear dynamics of greenhouse microclimate while maintaining 

mathematical tractability and interpretability—two advantages that deep learning approaches cannot 

simultaneously provide. 

When compared to previous studies that only utilized soil moisture, the most notable difference 

lies in the accuracy and sensitivity of the model. In single-parameter studies, irrigation decisions tend to 

be static and unresponsive to changes in environmental temperature. In contrast, the model proposed in 

this study can adjust irrigation duration based on a combination of soil moisture and air temperature 

conditions, making it more adaptive to real-world conditions in greenhouses. This directly impacts water 

usage efficiency, prevents plant stress, and creates a more stable microclimate to support grape growth. 

Overall, this study confirms that a multiple linear regression-based approach with two main inputs 

is superior to a single-variable-based approach. In addition to providing more precise prediction results, 

this system also supports the principles of smart farming, which emphasize efficiency, accuracy, and 

sustainability. Going forward, development can be enhanced by adding other variables such as light 

intensity, air humidity, and soil nutrient levels to further improve the system's predictive capabilities. 

Thus, this study not only demonstrates the effectiveness of multiple linear regression methods in the 

context of automatic irrigation but also makes a significant contribution to the literature on IoT and 

agricultural automation in tropical regions. 

5. CONCLUSION 

This study demonstrates that an IoT-enabled automatic irrigation system using multiple linear 

regression (MLR) with air temperature and soil moisture as inputs can deliver high-fidelity, explainable 

irrigation scheduling for grapevines in tropical greenhouses, achieving MSE 0.15, MAPE 1.44%, and 

R² 0.98. The model translates readily available sensor signals into precise irrigation durations that 

stabilize the microclimate, reduce manual intervention, and support resource-efficient cultivation. From 

an Informatics perspective, the contribution is a lightweight, interpretable, and low-latency decision 

model that runs reliably on constrained edge hardware, integrates cleanly with standard IoT data 

pipelines, and is maintainable via simple re-training and versioning, thereby aligning with sustainable 

computing and scalable national smart-farming deployments. The results indicate that regression-based 

decision support is not only agronomically effective but also computationally efficient, reproducible, 

and suitable for wide adoption in data-limited, power-constrained environments. 

Future work will extend the decision model and deployment pipeline in four complementary 

directions to increase accuracy, robustness, and impact. First, enrich the feature set beyond temperature 

and soil moisture by adding relative humidity, vapor-pressure deficit, solar radiation/PAR, substrate EC, 

and reference evapotranspiration (ETo), then evaluate feature importance and multicollinearity to retain 

only variables that improve generalization. Second, benchmark the current MLR against stronger 

baselines on the same dataset—Regularized LR, Random Forest, SVR, Gradient Boosting/XGBoost, 
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and sequence models (LSTM/TFT)—and adopt online/continual learning with drift detection, 

uncertainty estimation, and periodic auto-recalibration to sustain accuracy across seasons. Third, harden 

the system for field reliability by adding sensor self-diagnostics, missing-data imputation, automatic 

(re)calibration, and fault-tolerant control; implement secure edge deployment (ESP32/LoRaWAN) with 

encrypted communications, authenticated updates, and over-the-air model/firmware delivery; and 

design a human-in-the-loop dashboard that explains coefficient effects, confidence, and recommended 

actions. Fourth, validate external generalization through multi-site, multi-season experiments and 

transfer learning to other high-value greenhouse crops (e.g., tomato, pepper, strawberry), while running 

a multi-objective study that jointly optimizes water, energy, yield, and disease risk under different 

irrigation strategies. Finally, establish full MLOps for agriculture—data/model versioning, audit trails, 

and governance—coupled with an economic evaluation (water and energy savings, ROI, and payback 

time) to support large-scale adoption by smallholder and enterprise growers. 
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