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1. INTRODUCTION

This study presents the design and implementation of an loT-based
environmental monitoring system that integrates real-time data
collection with classification analytics to support sustainable decision-
making. In response to the increasing need for accessible and affordable
monitoring tools, the system utilizes a NodeMCU ESP8266
microcontroller, paired with DHT22 and raindrop sensors, to capture
temperature, humidity, and rainfall status at 30-second intervals. Data is
transmitted wirelessly and stored on Google Sheets, enabling cloud-
based visualization and analysis. A Random Forest classifier was
applied to categorize temperature conditions into low, medium, and high
ranges based on humidity and rain status to derive actionable insights
from the collected data. Model performance produces overall accuracy
of 65.9% revealed a strong ability to detect high-temperature conditions,
with rain status identified as the most influential predictor. However,
challenges such as class imbalance and limited prediction of low-
temperature conditions were observed. Recommendations include
enhancing the model with balanced datasets, time-based feature
engineering, and considering regression models for more granular
forecasting. This system demonstrates a scalable and adaptable approach
to environmental monitoring, suitable for educational, research, and
field applications in data-driven sustainability efforts.

Global temperatures are likely to exceed the 1.5°C warming threshold in 2024 with a 76% chance of setting
a record (Dunstone et al., 2022). As a result, 68% of environment-related Sustainable Development Goals
(SDGs) lack sufficient data, making it difficult to make informed decisions for sustainability (Campbell et
al., 2020). IoT-based real-time environmental monitoring systems with predictive and classification
analytics are urgently needed to improve data accuracy and support sustainable decision-making. However,
existing environmental monitoring solutions face challenges such as high costs, limited accessibility, and
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scalability issues. Many traditional systems are bulky, require significant power, and lack predictive
capabilities, making them inefficient for real-time applications in remote or resource-limited areas.
Additionally, the absence of an integrated and affordable system that can continuously monitor multiple
environmental parameters has created a gap in sustainability-driven decision-making. This project aims to
address these limitations by developing an IoT-based environmental monitoring system that is compact,
affordable, and capable of monitoring real data. As an initial system, this project uses a temperature and
raindrop sensor device to establish the whole system architecture. Due to its scalability and friendliness,
this system is highly adaptable and can be integrated with additional parameters or sensors. As a result of
its flexibility, the system can monitor a broader range of environmental parameters and benefit various
applications.

1.1 Literature review

Table 1 presents recent advancements in loT-based environmental monitoring that integrate artificial
intelligence, predictive analytics, and real-time data collection. The studies emphasize the growing
capability of machine learning and deep learning techniques to enhance data-driven decision-making in
environmental systems. For instance, several works demonstrate how Al integration has significantly
improved the accuracy and adaptability of environmental predictions (Arabelli et al., 2024; Khan et al.,
2024). In the urban area, many applications are focused on sustainability in transportation and city planning
(Rozhdestvenskiy & Poornima, 2024). However, most studies lack real-world deployment validation and
overlook crucial aspects such as system scalability, energy efficiency, and data security (Barnett & Riley,
1995; Kychkin et al., 2022). Based on literature, holistic, secure, and scalable solutions are needed to

support environmental monitoring infrastructures' long-term reliability and sustainability.

Table 1. Summary of Research conducted in environmental monitoring utilizing predictive modeling approaches

Reference Year Method Applied Key Contributions Identified Research Gaps
. IoT sensors, Al-based J?lscusse.s 1oT's role in real- Limited focus on scalability and
Barnett and Riley . . time environmental - .
2024 analytics, real-time o . energy efficiency in IoT
(1995) monitorin monitoring, predictive deplovment
& analytics, and challenges. ploy )
. . . Explores AI integration in IoT- Lack of real-world validation for
Arabelli et al. Machine learning, deep  based environmental . . .
2024 . o . Al-driven predictive analytics in
(2024) learning, IoT sensors monitoring for real-time X o
. . environmental monitoring.
predictive analytics.
Rozhdestvenskiy Predictive modeling, Uses loT and predictive More research is needed on
. IoT-based data analytics to enhance urban . . .
and Poornima 2024 . S integrating IoT data with urban
(2024) collect_lon, urban sustamabll%ty and planning strategies
analytics transportation. ’
Khan et al GRU-Auto encoder, AI,  Combines Al and IoT for real- Challenges in real-time
(2024) ' 2024 IoT-connected optical time adaptive environmental adaptability and accuracy of
systems data analysis. predictive analytics models.
. IoT platform Deve_:lop s an loTTbased Security and reliability concerns
Kychkin et al. . - - predictive analytics system for . o
2022 integration, predictive . I in IoT-based predictive
(2022) . continuous emissions .. o
analytics, ML models o emissions monitoring.
monitoring.
Blagoievic and Decision-makin Analyzes decision-making in Limited frameworks for multi-
£0) 2015 & IoT-based environmental parameter decision-making

Ristic (2015)
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environmental
monitoring analytics

Sensor fusion, IoT

predictive-preventive
approaches.

Presents IoT-based sensor
fusion techniques for improved

Scalability and robustness issues

(2023) 2023 network integration environmental monitoring 1n Sensor ﬁ.ls.lon techniques for
accuracy IoT monitoring.

Doraswamy et al gzzi}:zﬁiml% T Develops a deep learning Optimization of multi-modality
(2024) Y t2024 dashboard ,mul timodal framework for analyzing IoT- data processing techniques for

data analy;is generated environmental data. sustainability monitoring.

Al techniques, Surveys .AI Fechmques use}d n Lack of standardized Al
Panduman et al. . . IoT applications for real-time . .

2024 predictive analytics, IoT . . integration frameworks for IoT

(2024) . . environmental monitoring and . X .

data integration analytics in environmental analytics.

IoT environmental Evaluates IoT-enabled Challenees in ToT system
Aryaetal. 2023 monitoring, smart monitoring systems for intero e%abili an dysecurit for
(2023) sustainability sustainability, focusing on air operability and security

frameworks and water quality. sustainability applications.

2.  SYSTEM DESIGN AND IMPLEMENTATIONS

Fig. 1 shows the general block diagram of the monitoring system utilizing the input, output, and the
microcontroller. The NodeMCU ESP8266 was selected for its integrated Wi-Fi module, cost-effectiveness,
user-friendly, reliability, and operates on low power, making it highly suitable for IoT-based applications.
The input section is flexible and adaptable to various sensor types, depending on the application. In this
project, the DHT22 sensor (for measuring temperature and humidity) and a rain sensor are used for
measuring the status of rain. For the output section, the project employs Google Sheets as the cloud-based
data logging platform. It is chosen due to its structured format, easy accessibility, real-time update
capabilities, and the ability to support data visualization, sharing, and storage without requiring a complex
setup. This makes it ideal for beginners and educational purposes while still being functional for practical
applications.

INPUT MICROCONTROLLER OUTPUT
OA0  poO
Ovu D20
Os3  p30 —
Os2  p4O 2
Os1 3vO 2
Osc cO -
DHT 22 0% b0 n
K
Temperature 8 G ng
& Humidity sensor 83v D8O ‘ Google
EN  rxO Spreadsheet
CRST  1XO ? P
Oe cO il
OviN 3,0

NodeMCU ESP8266

Fig. 1. The general block diagram consists of the input and output architecture of the monitoring system

Fig. 2 shows the process flow for real-time data acquisition and cloud integration of the system. The
process begins with initializing a Google Spreadsheet, where relevant columns such as ‘DATE’, ‘TIME’,
and sensor readings are defined. Next, a Google Apps Script is created to handle ‘HTTP GET’ requests,
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enabling the extraction of variables and timestamped data for updating the spreadsheet. On the hardware
side, the NodeMCU ESP8266 is programmed using the Arduino IDE. Necessary libraries are imported, and
the Wi-Fi connection is established to enable internet-based data transmission. Sensor readings are captured
periodically through the millis() function, which provides non-blocking timing. This function enables
customizable data sampling intervals. The microcontroller continuously checks if the specified interval has
elapsed (currentMillis - previousMillis >= interval). Once true, the sensor data is processed and pushed to
the Google Spreadsheet via a formatted GET request. This loop ensures asynchronous and consistent
environmental data logging, suitable for lightweight loT applications.

’ Initialization of the spreadsheet (create the

desired columns)

¢

Millis(s) function update (for time interval
R of dataset setting)
(currentMillis = millis();)

’ Setup of the App Script ‘

v

Arduino Programming- program the sensor
to read data

Microcontroller process data and make a
decision (optional) Microcontroller pushed the

data to Google Spreadsheet

I

Fig. 2. The flow of overall system operations

3. DATASET COLLECTION AND INTERPRETATIONS

Fig. 3 shows the data set spanning from 9 January 2025 to 23 January 2025 using the designed IoT-based
monitoring system installed on the balcony area of a residential house in Bandar Seri Alam, Johor Bharu.
The data entries were recorded at 30-second intervals. Temperature readings are recorded in degrees Celsius
(°C), while humidity levels are expressed as relative humidity in percent (Y%RH). Meanwhile, the rain status
is encoded as a binary value, where 'l' indicates no rain and '0' indicates rain at the time of data capture.

A B [ D

1 DATE TIME TEMPERATURE HUMIDITY RAIN
2 1/9/2025 21:51:18 276 1 1
3 1/9/2025 222119 272 139 1
1/9/2025 22:51:21 27 22 1
1/9/2025 23:21:23 269 389 1
1/9/2025 23:51:26 27.2 30.8 1
111072025 0:21:26 282 10.3 1
8 1/10/2025 0:51:27 278 13.5 1
111072025 1:21:20 277 1.7 1
1 1/10/2025 1:51:30 2786 76 1
111072025 2:21:32 275 15 1
1/10/2025 2:51:33 275 222 1
111072025 16:02:44 256 99.9 0
4 1/10/2025 16:32:46 262 99.9 o
1/10/2025 17:02:48 265 99.9 ]
1/10/2025 17:32:50 265 99.9 o
111072025 18:02:51 266 99.9 ]

Fig. 3. Example of Google spreadsheet interface of the dataset utilized in this study

Fig. 4 shows the temperature (°C) and humidity (%RH) fluctuation from January 9 to January 23, 2025,
based on interpolated IoT sensor data. The left y-axis corresponds to temperature values (in red), while the
right y-axis represents humidity levels (in blue). According to the data, temperature and humidity have a
https://doi.org/10.24191/jcrinn.v11i1.534
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clear inverse relationship where the humidity tends to decrease as the temperature increases. These patterns
align with known meteorological behavior, where warmer air holds more moisture but often results in lower
relative humidity percentages.

Temperature and Humidity Over Time with Dual Axis (Interpolated)
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Fig. 4. The interpolated relationship between temperature and humidity

Fig. 5 provides a visual summary of the rainfall status distribution over the monitoring period. The
dataset consists of binary rain status values, where '0' represents rain and 'l' represents no rain. According
to the chart, most observations (~490 entries) occurred during non-rain conditions, while approximately
220 entries were recorded during rain events. This imbalanced distribution highlights that dry conditions
were more frequent during the observation window. The skewed nature of the data is an important
consideration for predictive modeling or classification tasks, especially when applying supervised learning
methods.

Rain Status Distribution
500}

400 r

3001

Count

2001

100

Rain No Rain

Fig. 5. The bar chart of total distribution data for rain and no rain conditions

4. CLASSIFICATION MODEL USING THE RANDOM FOREST ALGORITHM

In this study, the Random Forest algorithm was utilized as the primary classification model due to its
robustness and versatility when it comes to handling structured environmental data. By combining multiple
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decision trees and aggregating their outputs, Random Forest improves predictive accuracy while
minimizing overfitting risk. As in this study, it is particularly effective when there is no linear relationship
between features in a small or medium-sized dataset. Additionally, Random Forest provides an integrated
built-in feature importance analysis to identify significant predictors of the model output. In this
experiment, Random Forest classifiers were used to classify temperature patterns according to
environmental conditions consisted of temperature, relative humidity, and rain status, as temperature was
set as an output of the classification models. The task categorizes temperature readings into three discrete
classes as detailed in Table 2.

Table 2: Detailed data labelling for temperature features

Class Label Temperature Category Details

Class 0 Low Temperature < 25 °C

Class 1 Medium 25 °C < Temperature <27 °C
Class 2 High Temperature > 27 °C

The next step is data preprocessing, where all missing values are interpolated to maintain the continuity
of the time series dataset. The categorical rain status (0 for rain, 1 for no rain) was included as a binary
feature. The indexing of time and date was removed as it is considered non-informative for classification
without temporal encoding. Afterwards, the selected features were set for inputs and outputs before the data
was divided into training and test sets of 80:20 percent, respectively. Model training was conducted using
the scikit-learn library to train a Random Forest classifier. Then, to avoid overfitting, the hyperparameters
were tuned, such as the number of trees ('n_estimators’) and maximum depth ('max_depth'). Lastly,
precision, recall, F1-score, and total accuracy were used to evaluate the model's performance, as shown in
Table 3.

Table 3: The model performance using the Random Forest classifier

Class Label Precision Recall F1-Score Support
Class 0 0.00 0.00 0.00 29
Class 1 0.84 0.62 0.71 98
Class 2 0.57 0.93 0.70 84

As a result, the model's overall accuracy of 65.9% suggests a decent capacity for classification. The
precision, recall, and F1-score in Class '0' return to 0.00 values due to an imbalance and underrepresentation
for low temperature data; as a result, the model was unable to identify patterns that set this group apart.
Next, the precision, recall, and F1-score in Class 'l' yield values of 0.84, 0.62, and 0.71, respectively
demonstrated a strong balance and precision, although the model's intermediate recall suggests that it makes
accurate predictions but occasionally overlooks real-world occurrences. Finally, Class "2' gives a high recall
value at 0.93. Although the precision is lower (0.57), the high recall suggests that the model is particularly
sensitive to identifying hot temperature periods, occasionally mislabeling other classes as high.

5. THE FEATURE IMPORTANCE AND CONFUSION MATRIX ANALYSIS

Fig. 5(a) shows the feature importance analysis of the Random Forest classifier, revealing that rain status
is the most influential predictor in determining the temperature class, contributing approximately 81.5% to
the model's decision-making process. In contrast, humidity contributed only 18.5%, indicating a
significantly less impact on the classification outcome. This suggests that the model relies heavily on the
presence or absence of rain to distinguish between temperature classes. However, this reliance introduces
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a limitation in the model’s generalizability, especially when temperature variation is not strongly associated
with rain patterns. Moreover, the model struggles to predict low-temperature events (Class 0), likely due to
class imbalance, as the dataset contains relatively fewer samples of low-temperature conditions. As a result,
the model fails to capture the unique patterns associated with this class, leading to poor classification
performance. To improve this, it is recommended to augment the dataset with more low-temperature
samples or apply balancing techniques such as oversampling, undersampling, or synthetic data generation.

Fig. 5(b) shows the confusion matrix distribution of actual versus predicted temperature classes across
three categories: Low, Medium, and High. The model struggled significantly with predicting the 'Low'
temperature class, with 0 correct predictions. All instances from the Low class were misclassified as either
Medium or High. For the Medium temperature class, the model correctly identified 61 instances but
misclassified 37 samples as High. The High-temperature class shows the most promising performance, with
78 out of 84 instances correctly predicted, indicating a high recall rate for this category.

Confusion Matrix for Temperature Classification
Feature Importance (Random Forest)
70
.
3 0 6 23
60
RAIN
50
7
g 8 E
5 O35
= =3 0 37 40
i 30
o=
< - 30
HUMIDITY ™m
=
o- 0 6
T -10
0.0 0.2 0.4 06 0.8 To
Importance Score LO‘W Merlllium High -0
Predicted Class
(a) (b)

Fig. 5: (a) The feature importance plot between humidity and rain status in the model classification (b)The Confusion
matrix distribution between actual versus predicted classes across three temperature categories.

6. CONCLUSION AND RECOMMENDATIONS

In conclusion, the classification model showed reasonable performance in identifying high-temperature
conditions but performed poorly in predicting low-temperature instances, primarily due to class imbalance.
The analysis also revealed that rain status was the most influential feature, indicating the model’s heavy
reliance on rainfall patterns in making predictions.

To enhance the model's effectiveness, several recommendations are proposed. First, the dataset should
be balanced to ensure adequate representation of all temperature classes, which can be achieved through
oversampling techniques like SMOTE or by undersampling the dominant classes. Second, additional
features should be engineered, such as incorporating time-based variables or lagged values to better capture
temporal dependencies. Third, alternative classification algorithms such as Gradient Boosting or Support
Vector Machines (SVM) should be explored to improve predictive performance and model robustness.
Lastly, instead of classifying temperature into discrete categories, the problem could be reframed as a
regression task to predict continuous temperature values, allowing for more precise and detailed
environmental monitoring.
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