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Abstract: Destructive wildfires are becoming an annual event, similar to climate change, resulting in catastrophes that wreak havoc on both humans and the environment. The result, however, is disastrous, causing irreversible damage to the ecosystem. The location of the incident and the hotspot can sometimes have an impact on early fire detection systems. With the advancement of intelligent sensor-based control technologies, the multi-sensor data fusion technique integrates data from multiple sensor nodes. The primary objective to avoid wildfire is to identify the exact location of wildfire occurrence, allowing fire units to respond as soon as possible. Thus to predict the occurrence of fire in forests, a fast and effective intelligent control system is proposed. The proposed algorithm with decision tree classification determines whether fire detection parameters are in the acceptable range and further utilizes a fuzzy-based optimization to optimize the complex environment. The experimental results of the proposed model have a detection rate of 98.3. Thus, providing real-time monitoring of certain environmental variables for continuous situational awareness and instant responsiveness.
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1  Introduction

Forests help to maintain the earth’s ecological balance. Uncontrolled fires primarily occur in forest areas that have invaded agricultural lands. Wildfires are caused by either intentional or unintentional causes. However, the result is disastrous, causing irreparable damage to the ecosystem [1]. The Australian bushfires began in 2020 and lasted until March 2021, killing nearly 3 billion animals [2]. Mammals, birds, frogs, and reptiles are all included. For example, in the year 2020, the world will be confronted with numerous massive wildfires and forest fires. The Australian bushfires of January 2020 destroyed six million acres of land. Thousands of people were evacuated from Arizona on June 28, 2020, due to a wildfire. On September 8, 2020, California faced more than forty-nine new wildfires that had been burning for several weeks.

Destructive wildfires are becoming an annual event, similar to climate change [3]. As a result, there is an increase in death trolls, resulting in catastrophes that wreak havoc on both humans and the environment. Firefighters are currently on the scene inspecting the remaining fire, but their safety is not guaranteed [4]. Despite increased efforts, fire disasters cannot be effectively predicted. Early detection and monitoring of fires can make immediate evacuation possible [5]. Monitoring potentially dangerous areas and providing early warning of fires will greatly reduce response time, potential damage, and firefighting costs [6]. As a result, it is critical to identify the fire situation and accurately determine the ignition point and real-time dynamics [7].

With the advancement of sensor technologies, [8] researchers show interest in applications related to condition-based environment monitoring systems. The data obtained in this manner, however, is redundant, ambiguous, and imprecise. The key aspect of the multi-sensor fusion model is that it omits the redundancy of the data, providing robust and accurate results [9]. The current multi-sensor data fusion algorithm used for fire detection is incapable of effectively removing error data, resulting in false alarms and data omission. The Kalman filter algorithm performs the fusion of a variety of data by removing noise [10]. Therefore, the proposed system is an enhancement of the Kalman filter, fulfilling the objective of the proposed research. The use of Wireless Sensor Network (WSN) for fire detection has proven to be effective in terms of providing accurate and reliable information [11]. Wi-Fi and ultra-wideband signals are being developed to provide a non-Global Positioning System solution [12,13]. Sensor measurements are inaccurate and may be non-working due to energy insufficiency [14]. Such factors are incapable of providing reliable and accurate information [15]. In addition to this issue, the sink node receives huge redundant data. The above-mentioned issues can be avoided by employing the data fusion technique [16,17].

The multi-sensor data fusion technique integrates data from multiple sensor nodes [18]. The location of the incident and the hotspot can sometimes have an impact on early fire detection systems [19]. The primary objective of the proposed system is to identify the exact location of wildfire occurrence, allowing fire units to respond as soon as possible. To predict the occurrence of fire in forests, a fast and effective Adaptive Decentralized Kalman Filter with a Decision Tree-based Multi-sensor Fusion (ADKF-DT-MF) fire detection technique was proposed. Decentralized Kalman filter, which combines data from multiple Kalman filters. This can improve the performance equal to that of a single Kalman filter that integrates all the independent sensor data in the system. It is practically true to provide optimal performance with a higher degree of fault tolerance. The primary contributions are:

•   The ADKF-DT-MF technique detects wildfire at an early stage, increasing the chance of putting it out by collecting data on temperature and humidity, among other things.

•   The ADKF-DT-MF technique obtains redundant and reliable data from multiple sensors for processing, monitoring, tracking, detection, and communication purposes to create environmental awareness.

•   To perform an intricate intelligent decision-making system with fuzzy optimization capabilities.

•   To avoid data fusion center estimation delays.

•   When a hazard is detected, the cloud platform and online short message service (SMS) for receiving alert messages are integrated for communication purposes. As a result, communication overhead and battery consumption are reduced. Further, the performance is validated, by comparing it with the existing Enhanced Neural Network (ENN) technique.

•   Thus, real-time monitoring and control of wildfires provide continuous situational awareness and instant responsiveness.

The rest of the article’s section is structured as follows: Section 2 illustrates the literature review. Section 3 describes in detail the ADKF-DT-MF-based fire detection technique. Section 4 illustrates the experimental results and discussion, and Section 5 concludes and discusses its future scope.

2  Related Works

In [20] the authors proposed a reasoning method for a fire detection system using a fusion model extension neural network. The fusion system integrates at various levels. The sensor signal is initially received and processed by the extension neural network. As the input layer detects, the classification result is provided by the output layer. The layers are joined together using a double weight connection. Three input signals are considered to determine the fire: temperature, smoke, and carbon monoxide concentration. The network is trained to understand the model’s validity and superiority. Although the system demonstrated rapid convergence in fire detection, there were training errors, and the fire identification rate was only 93.9%. In [21] conducted a literature review on video flame and smoke-based fire detection. Forest fires cause environmental damage that takes decades to repair. It was previously detected using a point sensor based on heat, smoke, and flame. In addition, there is gas. Particles that reach the sensor body are activated. When it comes to responses, there is a lag. However, the model is appropriate for small rooms but not for large open spaces. Furthermore, point sensors are not efficient to detect fire with other characteristics of fire.

The authors [22] investigated fire sensor information fusion using a backpropagation neural network to ensure firefighter safety. Robots were used in the study to identify the remaining fires, lowering labor costs. Temperature, infrared signals, smoke, and carbon monoxide were all considered fusion parameters. The temperature sensors DS18B20, as well as the smoke and carbon monoxide sensors from the MQ-2 and MQ-7, were used. The fire detection algorithm is a cross between Artificial Neural networks and fuzzy algorithms. Although the robots’ fire detection assisted the firefighters, fire detection in dense forest areas, as well as fires caused by environmental factors such as high temperatures, continue to be challenging. In [23] the authors sought to summarize the onboard multisensor configuration for ground vehicle detection in off-road conditions. When working with condition-based environmental applications, it is critical to understand the different types of sensors and their performance. Range-based, image-based, and hybrid sensors are utilized in intelligent vehicles. The multisensor fusion method is the most effective way to perceive information in a complex environment. Sensor fusion methods are classified as probability, classification, and inference-based. Despite the author’s description of the different types of sensors and methods, integrating them into emerging technologies remains a challenge.

In [24] proposed the “Safe From Fire” (SFF) that receives data from multiple sensors located throughout the victimized area. Fuzzy logic integration monitors the location and severity of fire outbreaks. The system is aided by data fusion algorithms. Text messages and phone calls are used to notify people about the fire’s existence. The SFF system detected fires with a 95% accuracy rate. However, the system accepted multiple readings and issued repeated warning alarms. In [25] proposed a mobile autonomous firefighting robot for fire detection in an industrial setting. The robot has two driving wheels, and the motor controls the robot’s speed and direction. It employs a variety of sensors, including proximity, thermal infrared, and light sensors. Input signal matching the target is measured. Despite an improvement in detection mode, performance on suppressed and noisy targets was inferior.

In [26] developed hybrid body sensor network architecture to aid in the delivery of medical services. A body sensor network gathers physiological, psychological, and activity data to provide medical services. This necessitates gathering the users’ current state. The fixed devices allow for flexible human-robot interaction. The layers generate sensory data that is used to perform a multisensor fusion. Although multisensor fusion ensures quality improvement in fusion, fusion decision-making remains a challenge. In [27] the authors created wearable motion sensing devices for residents’ feet and wrists, followed by an intelligent fire detection system for home safety [28]. The intelligent system transmits real-time temperature and CO concentration, as well as alarms and appliance status. The system’s feasibility and effectiveness were confirmed. However, in two cross-validations, the results showed only a 92.2% recognition rate. According to [29], IoT devices generate useful data and enable data analysis, allowing for optimal real-time environmental decisions. However, wireless sensor networks consume a lot of energy and exhibit poor performance in real-time. Feature optimization reduces the network parameters and improves the performance of the system [30]. In the case of catastrophic events, tremendous losses to life and nature occur. Global warming has contributed to increased forest fires, and it needs immediate attention [31]. The problem of energy efficiency and reliability for forest fires is monitored. However, optimization algorithms improve energy efficiency, along with data routing in the context of WSN [32].

IoT is the primary source of big data. The quality of information is critical in decision-making, and data fusion can help achieve this. The following are some of the challenges associated with multisensor data fusion: i) Information from multiple sensors must be decisive, sensible, and precise. ii) Low-power sensor battery replacement is complicated and necessitates the use of energy-efficient sensors. iii) Hiding the semantics of fused information in critical applications. iv) Additionally, to obtain accurate information data, ambiguity, inconsistency, and conflicting nature must be removed. As a result, developing a multisensor fusion technique that addresses the aforementioned issues remains a challenge.

3  ADKF-DT Multisensor Fustion Technique

Multi-sensor fusion’s primary goal is to improve system performance by combining data from all sensors. To provide better spatial and temporal coverage, multiple sensors can be used. Furthermore, using multiple sensors improves estimation accuracy and fault tolerance. To meet the long-term and high-precision requirements, a multi-sensor fusion framework must continuously provide all-time weather parameters. The integrated fusion method is used for isolating measurement failures and fusing state estimates to combine local estimation results obtained from each sensor. Temperature, humidity, and noise are among the physical attributes monitored by the sensors. As data transmission speeds up, so does network complexity. When the sensor batteries run out, they cannot be replaced. As a result, it is necessary to increase battery life. Here the influential ADKF-DT multisensor fusion technique is applied as a probable solution to the challenge of earlier identification of forest fires. The proposed framework of the wildfire detection system is shown in Fig. 1.
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Figure 1: Wildfire control system

The sensors perform data transmission through a wireless medium and are further processed by the proposed technique. Finally, the data is sent to the IoT cloud server which fulfills the objective of communicating early an alert message on the fire threat. The dynamic environmental measurements such as temperature and humidity in real-time are considered input data. The system detects fire and sends an alert message to the station. Depending on the budget, any number of sensors can be used, here the sensors of type Node MCU (ESP8266) interfaced with temperature and humidity sensors, i.e., DHT11. To identify threats and gain knowledge of the environment the observed sensor data are classified. The decision tree classifies the temperature and humidity parameters at the fusion center. Once the fire is detected in the perceived area the concerned authorities are communicated regarding the exact location and intensity of the fire which helps to take necessary action. Since sensors exhibit limited energy, the algorithm performs functions such as

i)   predefining the active sensors and determining the shortest path for information transmission,

ii)   reduces the amount of data sent to the base station

iii)   those inactive go to sleep mode for energy saving scheme
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The coverage function (FC) for a fire hotspot region is expressed in Eq. (1)


FC=f(x,y,t)
(1)

The sensing coordinates are x and y, and the time is denoted by t. Eq. (2) expresses the equation for a temperature sensor, while Eq. (3) expresses the equation for a fire event.


f(xi;γ0,α)=12∏αe−(xi−γ0)2/2α2
(2)


f(xi;γF,α)=12∏αe−(xi−γF)2/2α2
(3)

Regardless of sensor failure, the fusion operation is carried out by the fusion centre. The optimal estimation is calculated by the signal level fusion stage, which keeps track of the sensor’s estimated state and its uncertainty. The filter evaluates the incoming evidence recursively, yielding estimates of the state. Similarly, the uncertainty resulting from the covariance is calculated using Eq. (4).


cov=(x1,x2)=E(x1−x1)¯(x2−x2)¯
(4)

where x1 and x2 are independent random variables. Z the observation and w Gaussian noise w, shown in Eq. (5)


z(k)=H(k)x(k)+w(k)
(5)

where x (k) is the state vector and w (k) represents the unknown zero mean. The proposed technique’s efficiency is also validated by comparing it to the existing ENN technique [23]. For the classification and regression tree at each level, the root node is considered for attribute selection. The selection of attributes at the root node on each level depends mainly on: Entropy, Information Gain, and Gini index. These criteria calculate the attribute value, the attribute of high value is considered for Information Gain and placed at the root node. The continuous attribute value is calculated using the Gini index. The entropy for a single attribute is mentioned in Eq. (6)


E(S)=∑i=1c−pilog2pi
(6)

where S, the current state; 
pi
the probability of event i of state S; c, the class where i node exists. The information gained is shown in Eq. (7)


InformationGain=Entropy(before)−∑j=1k⁡Entropy(j,after)
(7)

The cost function corresponds to the Gini index, which evaluates the splits in the dataset favoring large partitions. The Gini index reaches a minimum zero value when all cases in the node belong to the same target category. The Gain Ratio is calculated as in Eq. (8). The information gain ratio is intrinsic information to reduce the bias that occurred due to multi-valued attributes. This is done by considering the number and size of branches while choosing an attribute.


GainRatio=InformationGainSplitInfo
(8)

4  Performance Evaluation

Over a given period, real-time environmental datasets for variable temperatures and humidity are observed. The simulation setup was created in Matlab 2018 (a) on a built-in system with an Intel (R) Core (TM) i7-4500U CPU and RAM PC running Windows 10. Furthermore, data communication is carried out via the ThingSpeak IoT platform channels. The sensors were placed at distinct locations so that a look could be kept on the entire forest territory to distinguish the start of disturbing temperature and humidity. The proposed Adaptive Decentralized Kalman Filter (ADKF) is used for data fusion. After fusion, fire detection occurs, and the decision tree, i.e., ADKF-DT-MF, classifies for accurate prediction. The decision tree related to rule induction as shown in Tab. 1 presents the various range of tables such as low, medium, and high. Each path from the root of the decision tree to one of its leaves is transformed into a rule.
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The classification starts from the root of the tree comparing the value of the root attribute with the record’s attribute. The target variable type is continuous the decision tree here is a continuous variable decision tree. The major challenge is to forecast the climate change threats in the forest environment and improves the prediction accuracy The decision tree of classification and regression technique was implemented to conquer the accuracy problem. The decision tree of 5-level depth consisting of 1000 candidates at each tree node is modeled. The temperature and humidity changes are observed on an hourly basis. Each recursion happens every 24 h. Thus enabling to find the best-fit line, which can predict the output more accurately. Here the input attributes are set as temperature (low, medium, high), and humidity (low, medium, high) with a membership function of between 0 and 1 as the target variable. The decision tree compares the information gained and splits the tree based on the three features. The split with the highest information gain will be considered for the first split and the process will continue until the information gain value is zero as presented in Tab. 2. On-sensor failure fuzzy-based decision tree model enables to adjust of the signaling devices, thus optimizing the system. Thus minimizing the generalization error. The optimization is based on maximum temperature, priority, and distance as depicted in Tab. 2. The variable value is pure and the level of impurity reaches the value of 0.
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The proposed intelligent control system consists of two parts: sensor nodes and the ThingSpeak IoT Cloud server. Optimization view is shown in Fig. 2. The optimized view is based upon priority, degree and distance. A sensor node is made up of temperature and humidity sensors, as well as a controller board and a power supply. Each channel saves the current temperature, humidity, and time of update. The data stored in the training data channel is used to perform the training. Due to the limitations of ThingSpeak’s free account, which only allows the creation of a maximum of four channels per account, the fused data and predicted data are stored on the same channel. The React App monitors the fire status in the channel, and if a fire is detected, it will trigger the ThingHTTP App, where the SMS gateways APIs are pre-configured during implementation. When the API request reaches the SMS gateway server, the SMS will be sent to the numbers specified in the received request. Finally, the results are sent to the appropriate authorities for immediate action. Figs. 3–6 depict the input data sensing by Sensor Node-1 and Sensor Node-2. Here temperature and humidity data are considered as input for the system. The graph depicts the temperature and humidity change curves before preprocessing. It has been discovered that the collected data is inferred by external factors.
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Figure 2: Optimization view
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Figure 3: Temperature sensing sensor node-1
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Figure 4: Humidity sensing sensor node-1
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Figure 5: Temperature sensing sensor node-2
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Figure 6: Humidity sensing sensor node-2

The data from the sensor node is fused using the ADKF algorithm, and the visualization is done on a separate channel on ThingSpeak. Figs. 7a and 7b depict a combined graph visualization of data from Sensor Node 1 and Sensor Node 2, as well as the fused version of both sensor data.
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Figure 7: (a) Combined channel visualization for temperature data (b) Combined channel visualization for humidity data

Figs. 7a and 7b depict the visualization of fused data from the training data channels for both temperature and humidity. During the summer season, training is conducted using data collected from real-world forest environments. The temperature appeared to be low at night, whereas the temperature reading was high during the day, close to 35°C to 37°C with the hot sun, and the humidity was between 80% and 95%.

Fig. 8 shows the graphical status of fire prediction. When the fire is predicted an alert message is sent to the authorized authority. Thus the volume of data sent is reduced. As a result, the proposed system’s anti-inference capability for fire detection has been enhanced. Furthermore, the ADKF eliminates noise data, increasing detection accuracy. The proposed technique is compared to the existing technique [23] to demonstrate its efficiency. The comparison results in terms of detection rate are shown in Fig. 9. Furthermore, the proposed model has a detection rate of 98.3%, demonstrating that the proposed technique is robust. During rainy seasons, the moisture content of the air is high, indicating a lower risk of fire. Due to a lack of rain during the summer, temperatures rise, the air becomes drier, and the likelihood of a fire increases. However, the sensors’ measurements can be inaccurate at times because the sensor is faulty or sends malicious data. Due to a lack of energy, some sensors do not function properly. As a result, accurate information about the fire event is impossible to obtain. The ADKF-DT multi-sensor fusion technique provides precise and accurate information on wildfires.
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Figure 8: Fire prediction status graph
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Figure 9: Comparison with existing technique

5  Conclusions

Although fire has always been a natural and beneficial part of many ecosystems, wildfires, cause irreparable damage to the ecosystem. Destructive wildfires are becoming an annual event. Despite increased efforts, fire disasters cannot be effectively predicted. The proposed classification of fusion data using the ADKF-Decision tree and intelligent fuzzy membership optimized control system for forest fire detection detects wildfires as early as possible before they spread across a large area, thereby preventing poaching. As a result, the experiment was a success in predicting fire, with a detection rate accuracy of 98.3%. For technical feasibility, only minimum sensor nodes were tested. More sensor nodes fixed in the heterogeneous environment can be considered for future research. The feasibility of the study can be verified with different algorithms. In addition, the study on connectivity to the IoT cloud server could be considered for future research scope.
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max TempF//Maximum temperature for the past 24 h
minTempF//Minimum temperature for the past 24 h
avgHumidity = mean(humidity);
End
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