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Abstract 

This research paper explores the world of nearly real time analytics by focusing on methods of combining information 

obtained from Environmental Sensor data. The study utilized a customized setup consisting of three arrays of sensors 

connected to Raspberry Pi devices. It. Analyzed a dataset that encompassed various environmental conditions. By 

utilizing the Random Forest algorithm this research investigated how sensor readings, including temperature, 

humidity, LPG concentrations, smoke, light intensity and motion detection can be fused together. The methodology 

used cross-validation to ensure model training while visually presenting the intricate relationships, between 

environmental parameters. The results demonstrated the performance of the Random Forest model through 

visualizations showing Out of Bag (OOB) error rates and a comparative analysis of machine learning classifiers. The 

findings shed light on the potential of combining information from sensors to enable reliable predictions using 

Environmental Sensor data. This provides a foundation for advancements in analytics and applications related to 

environmental monitoring. 
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1. Introduction 

The integration of environmental sensors within the framework of the Internet of Things (IoT) has propelled a 

paradigm shift in data acquisition and analytics. This fusion has enabled the collection of vast and diverse sets of data, 

nurturing the promise of near real-time insights into our surroundings [1]. The synergy between these technologies 

has not only revolutionized data acquisition but has also ushered in a new era of analytics, allowing for a deeper 

understanding of our environment and its dynamics [2]. However, the efficient extraction of meaningful and actionable 

insights from this deluge of data remains a significant challenge. The sheer volume, heterogeneity, and often disparate 

nature of data generated by environmental sensors demand sophisticated information fusion techniques. This paper is 

dedicated to exploring the pivotal role of efficient information fusion methodologies in harnessing the potential of 

environmental sensor data for near real-time IoT analytics [3-6]. 

By delving into the complexities of data fusion, this study aims to elucidate the critical mechanisms and strategies 

employed in amalgamating data from diverse environmental sensors. Furthermore, it seeks to elucidate how this fusion 

optimizes the analytics process, enabling the extraction of timely, accurate, and comprehensive insights [7].  

Throughout this discourse, we will navigate through the landscape of environmental sensor networks, delve into the 

intricacies of data fusion methodologies, and explore the implications and applications of near real-time analytics in 

diverse domains [8-11]. By illuminating the significance of efficient information fusion techniques, this paper 

endeavors to contribute to the evolving field of IoT analytics and advance our capabilities in understanding and 

responding to environmental phenomena in a more timely and insightful manner [12-15]. 
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2. Related Works 

This section serves as a critical cornerstone in contextualizing the current landscape of research and advancements in 

the field of efficient information fusion from environmental sensors for near real-time IoT analytics. 

Himeur et al. [15] presented a comprehensive overview of data fusion strategies targeted at enhancing energy 

efficiency in buildings. Their work highlighted challenges and novel directions in this domain, providing valuable 

insights into fusion methodologies aimed at optimizing energy usage within built environments.  Erhan et al. [16] 

conducted a thorough review focusing on smart anomaly detection in sensor systems. This multifaceted analysis 

offered diverse perspectives, elucidating approaches to detect anomalies in sensor data, thereby contributing to the 

enhancement of data reliability and system robustness. In addition, Gravina et al. [17] delved into the complexities of 

multi-sensor fusion within body sensor networks, outlining the state-of-the-art techniques and underscoring research 

challenges. Their work contributed to the understanding of amalgamating data from diverse sensors for healthcare 

applications.  Ouhami et al. [18] conducted a survey on the integration of computer vision, IoT, and data fusion for 

crop disease detection using machine learning. Their research explored ongoing advancements in remote sensing 

techniques, particularly in agriculture, paving the way for more accurate and timely disease detection in crops. 

Moreover, Munir et al. [19] focused on the integration of artificial intelligence and data fusion at the edge, highlighting 

their significance in aerospace and electronic systems. Their insights shed light on the potential of edge computing in 

enabling efficient real-time data fusion for various applications. Muzammal et al. [20] proposed a multi-sensor data 

fusion approach for medical data obtained from body sensor networks. Their ensemble-based methodology showcased 

advancements in medical data analysis, contributing to improved diagnostics and healthcare services. Wang et al. [21] 

explored environmental monitoring utilizing the fog computing paradigm and IoT, illustrating its potential in gathering 

and processing environmental data. Their work highlighted the role of fog computing in facilitating real-time analytics 

for environmental monitoring systems. Din et al. [22] introduced a cluster-based data fusion technique for analyzing 

big data in wireless multi-sensor systems. Their research presented a novel approach to handle large volumes of data 

efficiently, enhancing the reliability of wireless sensor networks. 

Lin et al. [23] investigated multi-sensor fusion in medical human-robot interaction scenarios within body sensor 

networks. Their research focused on enhancing the interaction between humans and robots in medical settings through 

advanced sensor fusion techniques. Tsanousa et al. [24] conducted a review encompassing multisensor data fusion 

solutions in smart manufacturing, elucidating evolving systems and trends. Their work highlighted the role of data 

fusion in optimizing manufacturing processes within smart environments. Kumar et al. [25] provided a comprehensive 

survey on machine learning algorithms tailored for wireless sensor networks. Their study outlined various machine 

learning techniques, showcasing their potential applications and advancements in wireless sensor networks. Iurcev et 

al. [26] proposed improved automated methods for near real-time mapping applications in the environmental domain. 

Their research focused on enhancing mapping techniques, particularly in environmental monitoring, contributing to 

more efficient and accurate real-time mapping methodologies. 

3. Methodology 

In this section 3, we focus is on delineating the systematic approach employed in this study to investigate and 

analyze the efficient information fusion from environmental sensors for near real-time IoT analytics. 

The Random Forest algorithm, a prominent ensemble learning technique in machine learning, operates on the principle 

of constructing multiple decision trees and amalgamating their outputs to make robust and accurate predictions. This 

method involves creating a multitude of decision trees, each trained on a distinct subset of the dataset and utilizing a 

random selection of features (refer to Algorithm 1). Through this process, the algorithm mitigates overfitting 

tendencies often encountered in single decision tree models. In the context of our study involving Environmental 

Sensors, the Random Forest algorithm serves as a pivotal tool in information fusion and learning from sensor data. By 

employing this algorithm, we aim to harness the diverse readings obtained from these sensors, such as temperature, 

humidity, CO levels, LPG concentrations, smoke detection, light intensity, and motion detection. The algorithm is 

adept at accommodating varied types of data and effectively fusing information from these disparate sources. It 

facilitates the creation of an integrated model that can learn patterns, relationships, and correlations existing among 

these sensor readings, thereby enabling us to derive comprehensive insights into environmental conditions. 

The Random Forest algorithm's strength lies in its ability to handle large volumes of data, mitigate overfitting, and 

provide robust predictions by aggregating the outputs of multiple decision trees. In our application, it allows us to 
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effectively fuse information obtained from Environmental Sensors, enhancing the accuracy and reliability of our 

analytics by learning from the combined information captured by these sensors in near real-time. This approach aids 

in identifying intricate patterns and relationships within the environmental data, ultimately contributing to a more 

comprehensive understanding of the monitored surroundings. 

 

Algorithm 1: Random Forest Pseudocode 

To generate 𝑐 classifiers: 

for 𝑖 = 1 to 𝑐 do  

      Arbitrarily sample the training data 𝐷 with substitution to produce 𝐷𝑖  

      Make a root node, 𝑁𝑖 containing 𝐷𝑖  

      Call BuildTree (𝑁𝑖) 
end for 

 

BuildTree(N): 

    if 𝑁 comprises examples of only one class then 

       return 

    else 

       Arbitrarily choose x% of the likely splitting features in 𝑁 

       Choose the feature 𝐹 with the maximum information gain to split on 

       Make f child nodes of 𝑁,𝑁1, … , 𝑁𝑓, where 𝐹 has 𝑓 likely values (𝐹1, … , 𝐹𝑓) 

      for 𝑖 = 1 to 𝑓 do 

            Set the contents of 𝑁𝑖 to 𝐷𝑖 , where 𝐷𝑖  is all examples in 𝑁 that match 𝐹𝑖 

            Call BuildTree (𝑁𝑖) 
        end for 

    end if. 

To ensure the robustness and reliability of our model trained on the Environmental Sensor data, we implement a 5-

fold cross-validation technique. This approach involves partitioning the dataset into five equal subsets while 

sequentially designating each subset as the validation set and the remaining four as the training set. Through this 

iterative process, the model undergoes training and validation five times, each time utilizing a different partition for 

validation while training on the other four partitions. By systematically rotating through these subsets, we effectively 

mitigate biases and variance in our model's performance evaluation. This method allows us to assess the model's 

generalization capabilities across various subsets of the dataset, enhancing its adaptability to diverse environmental 

conditions and ensuring that the derived insights and predictions are reliable and consistent across different segments 

of the data. 

4. Experimental Design 

This section elucidates the specific design, setup, and execution of experiments conducted to validate the efficacy 

and performance of the developed information fusion framework for near real-time IoT analytics. 

In this study, we present a case study that encompasses the acquisition of data from a trio of identical, specifically 

crafted sensor arrays constructed on breadboards. Each array was intricately linked to a Raspberry Pi device and 

stationed in distinct physical locations characterized by diverse environmental conditions. The data collection process 

involved these three individuals IoT devices, each consistently gathering seven distinct readings from four sensors at 

regular intervals. These sensor readings encapsulated crucial environmental parameters such as temperature, humidity, 

carbon monoxide (CO), liquid petroleum gas (LPG), smoke, light intensity, and motion detection. Spanning from 

07/12/2020 00:00:00 UTC to 07/19/2020 23:59:59 UTC, the dataset encompasses a substantial volume, comprising 

405,184 rows of meticulously gathered data. To ensure seamless data transmission, the sensor readings, coupled with 

unique device identifiers and timestamps, were encapsulated as a unified message adhering to the ISO standard of 
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Message Queuing Telemetry Transport (MQTT) network protocol. In Table 1, we provide summary statistics for our 

case study. 

Table 1: Summary of descriptive statistics for environmental sensory data. 
 

co humidity lpg smoke temp 

count 405184 405184 405184 405184 405184 

mean 0.004639 60.51169 0.007237 0.019264 22.45399 

std 0.00125 11.36649 0.001444 0.004086 2.698347 

min 0.001171 1.1 0.002693 0.006692 0 

25% 0.003919 51 0.006456 0.017024 19.9 

50% 0.004812 54.9 0.007489 0.01995 22.2 

75% 0.005409 74.3 0.00815 0.021838 23.6 

max 0.01442 99.9 0.016567 0.04659 30.6 

 

5. Results and Discussion 

This section encapsulates the empirical findings, analyses, and their interpretations derived from the conducted 

experiments, shedding light on the performance and implications of the developed information fusion framework for 

near real-time IoT analytics. 

In Figure 1 of our results, we present a comprehensive visualization depicting the temporal flow and correlation 

between temperature and humidity readings obtained from the Environmental Sensor data. This visualization 

Figure 1: Cyclic Variation of Temperature and Humidity Over Time: A Visual Representation of Environmental 

Sensor Data 
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encapsulates the dynamic interplay between these two crucial environmental parameters over the specified timeframe. 

By plotting these variables against time, we aim to elucidate  their trends, patterns, and potential correlations, providing 

a clear and intuitive understanding of their relationship. This visualization facilitates the identification of potential 

dependencies or associations between temperature and humidity levels, offering insights into how changes in one 

parameter may impact the other. Through this graphical representation, we enhance the interpretability of the data, 

enabling stakeholders to grasp the concurrent fluctuations and potential interactions between temperature and 

humidity within the monitored environment. 

``in Figure 2, we visualize the Out-of-Bag (OOB) error rate visualization, a critical metric derived from the Random 

Forest model trained on our Environmental Sensor dataset. This graphical representation elucidates the model's 

performance during training by plotting the OOB error rate against the number of decision trees utilized in the 

ensemble. The OOB error rate serves as a crucial indicator of the model's predictive accuracy, reflecting how 

effectively the model generalizes to unseen data. This visualization allows for a comprehensive assessment of the 

model's learning curve, providing insights into the convergence of the error rate as more decision trees are incorporated 

into the ensemble. By observing this graphical representation, we gain valuable insights into the model's stability, 

overfitting tendencies, and its ability to make accurate predictions as it learns from the Environmental Sensor data. 

In Figure 3, we present a comparative analysis showcasing the performance of multiple machine learning classifiers 

applied to our Environmental Sensor dataset. This visualization encapsulates the accuracy, and F1-score metrics 

Figure 3: Performance Evaluation of Machine Learning Classifiers on Environmental Sensor Data: 

Accuracy,, and F1-score Metrics Comparison 

Figure 2: Out-of-Bag (OOB) Error Rate Evolution with Increasing Decision Trees in the Random Forest 

Ensemble 
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attained by various classifiers, namely Random Forest, Support Vector Machines (SVM), Logistic regression, and 

Decision Tree. By juxtaposing the performance metrics of these classifiers, we aim to provide a comprehensive 

overview and comparative assessment of their predictive capabilities in handling the intricacies of the sensor data. 

This visualization enables stakeholders to discern the strengths and weaknesses of each classifier, facilitating an 

informed selection of the most suitable model for deriving insights and making predictions from the Environmental 

Sensor dataset. 

6. Conclusion  

This study embarked on a comprehensive exploration of efficient information fusion methodologies from 

Environmental Sensor data for near real-time IoT analytics. Through the amalgamation of diverse sensor readings 

encompassing temperature, humidity, CO levels, LPG concentrations, smoke, light intensity, and motion detection, 

our approach leveraged the Random Forest algorithm to fuse and glean insights from these disparate data sources. The 

application of 5-fold cross-validation ensured robustness in model training, while visualizations depicted the dynamic 

interplay between environmental parameters, offering a nuanced understanding of their relationships. Furthermore, 

our results demonstrated the Random Forest model's performance through visualization of the Out-of-Bag (OOB) 

error rate and a comparative analysis of multiple machine learning classifiers. The insights derived from this study not 

only showcase the potential of the Random Forest algorithm in facilitating comprehensive data fusion but also 

emphasize the importance of employing robust methodologies for accurate and reliable predictions. 
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