Research on Forest Fire Detection Method Based on Machine Learning
Abstract
There is no doubt that forest fires will have a negative effect on the economy and the environment. Each year, hundreds of thousands of forest fires occur throughout the world, posing a serious threat to the earth's ecological resources as well as human survival as a result. Forest fire monitoring and early warning technology has become a research area that is highly regarded by every country in the world, making it an important research topic for everybody. At the moment, video image forest fire detection relies mainly on traditional image detection methods, which are manual processing of features, then training classifiers based on those features. Due to the complexity of the forest environment, the algorithm's accuracy, robustness, and applicability are all very poor as a result. As a means of examining the existing problems, this paper conducts in-depth research in order to uncover the following issues:
(1) The purpose of this project is to establish the forest fire database through self-shooting and the collection of video images online, including positive and negative samples, as well as the normalization of images and the labeling of samples.
(2) We have improved the algorithm for segmenting suspicious areas in order to take into account the special characteristics of a forest scene. It is possible to extract suspicious areas in images using the three-frame difference method, and then finely segment the flame and smoke areas utilizing the RGB and HSV mixed color space model and the dark channel theory, and then send them to the classifier for classification using the three-frame difference method. Based on the results of experiments, it has been found that this method is capable of segmenting the flame area and the smoke area more accurately than any other method.
(3) To address the problems of poor recognition, false detection, and serious missed detection that traditional machine learning classifiers suffer from, this paper proposes to combine deep learning with traditional machine learning classifiers in order to solve the problems of poor recognition, false detection, and serious missed detection. In order to train a deep learning model, the picture must first be input into the trained deep learning model for feature extraction, and then the feature is used to train the classifier. The experimental results show that, compared to the classical LeNet-5 and traditional SVM classifiers, the classification method proposed in this paper has a greatly improved accuracy rate. In addition to resolving the problem of low recognition accuracy in traditional classifiers, deep learning models also fail to deliver effective results when utilizing small samples of data.
(4) This paper proposes a method of fusing deep and shallow features of flame and smoke to address the problem of incomplete feature extraction by deep learning models. For the purpose of extracting deep features from a dataset, a neural network model is used. Due to the small number of samples, the model cannot be fully trained due to the relatively small number of samples, which results in an incomplete feature extraction process. In addition to color and texture, which are artificially extracted shallow features, these two features also contain a lot of information. It is possible to get a more complete set of features if we combine the two. According to the results of the experiment, this method improves the accuracy of forest fire identification.
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1. introduction
Research Background and Significance
In addition to providing production and life, forests can also provide a large variety of valuable woods and raw materials, which in turn can be used to produce a wide variety of food for human consumption. In addition, forests perform a variety of functions, including controlling climate, maintaining water and soil, preventing and alleviating natural disasters such as drought, floods, sandstorms, and hail, and purifying air, cancelling noise, and so on. Additionally, forests play a crucial role in the sustained, rapid and healthy development of the entire national economy. They play an irreplaceable role in the construction of national economies and sustainable development. In spite of this, human beings are responsible for the destruction of forest resources, especially forest fires, which have caused a huge threat to forest resources, especially forest fires. Forest fires destroy forest resources because they have caused a great threat to forest resources. Daxinganling, Inner Mongolia at 12:15 noon on May 2, 2017, a forest fire broke out in the Beilahe forest farm of the Beilahe Forestry Bureau of Daxinganling, Inner Mongolia. This is one of the most destructive forest fires in recent years.
According to statistics, it is estimated that a total of 8,365 people (including 2,590 forest police officers) were mobilized to fight the forest fire, and the fire spread over 11,500 hectares. The National Forest Fire Prevention Headquarters mobilized cutting machines, chainsaws, fire suits and other materials to the scene of the Bila River fire to put out the fire. As part of the firefighting effort, 12 forest firefighting aircraft (2 AS-350, 2 M-26, 1 K-32, 1 M-171 and 6 fixed-wing chemical firefighting aircraft) were provided and an additional from surrounding provinces and territories. To fight the fires, the government is deploying more aviation firefighting aircraft. As a result of the fires in our country, we have suffered huge economic losses as a result.
The figure 1 shows a broken-line graph showing the forest fire losses in China between 2010 and today based on the statistics published by the National Forest Fire Prevention Network (http://www.slfh.gov.cn/). According to Figure 1, there has been a decline in the number of forest fires in China, the damage to forest areas, as well as the number of casualties after 2010. The public has gradually come to realize that forest fire prevention should focus on prevention, early detection, early rescue, as well as delaying the potential for a small fire to turn into a large one in the years after the big Khingan Mountains fire in 1987. For preventing forest fires, the detection of forest fires has become one of the most important methods of preventing forest fires. In China, funds for the prevention of forest fires are increasing year by year, and fire prevention measures are also being continuously improved as science and technology advance with each passing year. Fire early warning systems rely primarily on multi-sensor networks [1] and surveillance video image recognition systems in order to provide early warning of fires. A smoke sensor is able to detect smoke as a result of its operation, compared to single-sensor network systems, multi -sensor network systems with carbon monoxide sensors, temperature sensors, and other gas sensors have the disadvantage of low sensitivity, long response times, and short detection times [2]. It can be argued that these methods are not effective in detecting forest fires because of the vast area of the forest, the complexity of the environment, and the number of obstacles and disturbances that occur within the forest. During the last few years, video surveillance technology has developed rapidly as a result of the rapid development of image processing algorithms and computer technology. This method has also been shown to work in replacing traditional fire sensors with the use of machine vision or artificial intelligence to detect fires and is a viable alternative to existing fire detection technology. Forest fires can be detected by combining video surveillance with artificial intelligence in order to detect them [3][4]. 
The detection and recognition of forest fires based on images are increasingly becoming a focus of research in a wide range of countries. Until weather and other factors are taken into account, such as satellite monitoring, video image technology cannot be used to provide real-time early warnings of forest fires in the absence of weather and other factors. In my opinion, the economic investment is relatively small, based on what I have seen so far. There is a great advantage to using video images when compared to manual detection of forest fires or sensor detection of forest fires, which contains rich information that can provide people with a more intuitive expression and allow them to detect forest fires more effectively. The video image-based fire detection has several advantages over the previous traditional fire detection method, but it still has some shortcomings in terms of real-time, accuracy, and anti-interference performance. It is very important to conduct research on advanced detection methods in order to improve detection accuracy. In order to reduce the loss of trees due to forest fires, it is of great practical importance to be able to locate the fire accurately and quickly.
2. Literature Review
Images can contain more information about a scene through colour, texture, shape, intensity variations, flickering, etc., thus diversifying fire detection methods. A forest fire monitor that utilizes an image-based method is based on the following principle: digitally process the video footage received from video surveillance, then use image processing technology and related pattern recognition technology to extract the features of the picture, and finally classify and determine whether there is fire in the area shown in the video so that forest fires are automatically monitored and early warnings can be given so that damage can be minimized. In order to distinguish between fire and other disturbances, Stadler [5] et al, used the intensity flicker function in their study in order to make that distinction. A number of intensity flicker features have been investigated, including continuous difference, weighted difference, binary difference, zero-crossing, and high-pass difference. As a result of fires, artificial light sources frequently change strongly, so there is a great deal of impact on this technology. According to Marbach [6] et al, the YUV colour space model can be used to extract the suspected fire area from the colour data. Although this method has the advantage of being able to reduce false alarms, it has the disadvantage of not being able to determine the type of fire that is visible in the image. A new forest fire detection system has been developed by Martinez-de Dios [7] et al. That can be used to detect forest fires as soon as they start. Using a multi-source information fusion approach, the system proposes a three-dimensional fire perception system model. The information contained in images is obtained from a variety of sources, including infrared light, visible light, and GPS signals. As a result of the computer vision technology, it is possible to obtain in real time information about the flame inclination angle, the width of the base, and the maximum height, as well as display the spread of the fire in the video in real time. Currently, the situation is as follows. By Kandil [8], BP neural networks have been applied to fire monitoring, and the fire features have been fed into BP neural networks for training so that they can monitor fires. Using spatial wavelet analysis, they were able to identify the high-frequency characteristics of the fire for the first time by analyzing the spatial colour change of the fire. A fire detection algorithm based on irregular flame patterns was proposed by Ko [9] et al in 2012. The background model and the colour model of fire are initially used to detect candidate fire regions. To verify real fires, a fire probability model is generated and applied to a Bayesian network. In 2015, Dimitropoulos [10] and others proposed a block strategy, which is aimed at detecting flame flickering characteristics. The main idea is to divide the image into several small blocks, and count the " The number of jumps from "fire pixel" to "non-fire pixel" is used to represent the flickering characteristics of the flame. In 2016, Ganesan [11] et al, proposed an improved fuzzy C-means clustering method for identifying and extracting forest fire areas. A RGB colour space and a CIELab colour space were used for the experiments. Based on the evaluation of image quality parameters, the improved fuzzy c-means clustering method is compared with the K-means clustering method. Jian [12] presented a method that combined two-step segmentation with motion features to extract smoke from suspicious regions of videos. The Otsu algorithm is used to segment the smoke, and the ViBe algorithm is used to detect the motion of the smoke as it moves. The primary way in which smoke can be identified is by its colour, shape, and texture. It is possible for convolutional neural networks to learn feature representations of appearance from a single frame, but they cannot capture information about motion between frames in the same frame. For this problem, Hu [13] et al proposed a spatiotemporal-based convolutional neural network for video smoke detection and real-time detection, and also proposed a more powerful architecture that utilizes a multitask learning approach to jointly identify smoke and estimate optical flow, while simultaneously capturing both intra-frame appearance and inter-frame motion features simultaneously using a multi-task learning strategy. Fuzzy entropy optimized threshold fusion convolutional neural networks were used to detect forest fire smoke in "A Novel Forest Fire Detection System Using Fuzzy Entropy Optimized Threshold and STN-Based CNN" [14]. It is introduced that in the CNN layer, there is an STN (Spatial Transformer Network), and in the softmax layer, there is an entropy function threshold operation that is used to improve the detection accuracy. As part of the video preprocessing process, there is a test that tests blockiness, blurriness, noise, and the use of effective methods to enrich the video quality in order to reduce false alarm rates. After all the frames have been preprocessed, a three-frame difference method is proposed in order to calculate the motion of all the frames. It is reported that in experiments, the method has a high fire accuracy detection rate, a low false detection rate, good accuracy, and a short execution time when dynamic features are extracted from images using an STN-based CNN.
3. Basic theory and related technology
3.1 Moving object detection method
[bookmark: _Hlk133155564][bookmark: _Hlk133156149]Image recognition relies on the ability to detect moving targets [15], which forms the basis of target feature extraction and feature analysis. An object that is moving is referred to as a moving object in a video sequence, in which the static part of the video sequence is referred to as the background while the moving part is referred to as the foreground. It is the goal of moving target detection to separate the foreground area from the background area in order to determine the moving target. As a result, it is likely that there will be slight disturbances in the video images of fires, which will result in slight changes in the background and therefore make it more difficult to detect and recognize the targets of the fires. For the purpose of detecting moving targets, the following methods are often used: background difference method [16], frame difference method, and optical flow method [17][18].
3..11 Background difference method
One of the most commonly used algorithms for target detection is the background subtraction method, also known as the background subtraction technique. The basic idea here is to determine the background frame image first, and then compare the current frame image with the background frame image once the background frame image is determined. On the other hand, if the difference value exceeds a preset threshold, then it is considered as if there is a motion element at this point, which is the foreground point; In this point, which is the background point, there is no motion element at all.
With the background difference method, the complexity of the algorithm is low, so the detection speed is fast, and in complex situations, the moving target can be fully extracted even with low algorithm complexity. Using this method, the accuracy of moving target detection is determined by two factors:
The threshold that has been selected is one. When a threshold is set too high, it can result in missed detection, whereas if it is set too low, it will result in false detection; the second is the construction of the background image, which has to be done correctly. It is easy to select a frame image without moving objects as the background of the video or to select a frame image without moving objects as the initial frame image of the video. It is also possible to use the average value of multiple consecutive frames of images in the video sequence as the background image in the video sequence. Nevertheless, the detection effect on complex scenes is not very good due to the fact that the background subtraction method is sensitive to illumination changes, small disturbances, camera shakes, and other factors. Therefore, the background image is generally not a simple single-frame image, but a complex model that is continuously updated, so it is not a simple single-frame image.
3.12 Frame difference method
Whether the frame difference method is called the frame difference method or the background difference method, its essence can also be classified as the frame difference method.
First, the background image is no longer a fixed frame image, and there is no need to model it, only the previous frame in the video sequence. Frame difference method's main idea:
In the continuous frame sequence of the video, the pixels of the background elements remain constant, but moving objects change positions in different frames. There are two types of frame difference methods: two-frame difference and three-frame difference.
(1) The two-frame difference method
A two-frame difference method identifies moving targets by comparing two adjacent frames in a video sequence, and determining whether the difference image is higher or lower than a threshold value.
Among the advantages of the two-frame difference method are: 1) It is easy to understand and implement; 2) There is a small amount of computation in the program when implementing the algorithm, which is suitable for real-time monitoring; 3) It is not sensitive to light and can be used in outdoor environments like forests. Shadows from targets can also be ignored in this environment.
Several disadvantages exist: 1) If the moving target moves slowly, it will produce a "
“Hole” phenomenon. The reason is that the moving target changes slowly or the interval between selected two adjacent frames is very short. The relative position of the moving target between the video sequences does not change obviously, and two adjacent frames of images will appear.
In the case of an overlapping phenomenon, the result only shows the general outline of the moving target.
There is a hollow interior to it. Alternatively, if the moving target is moving too fast or the interval between selected adjacent frames is very long, the sequence of adjacent video frames will expose more background, which can be construed as a moving target and interfere with the analysis.
2) The three-frame difference method
The three-frame difference method is essentially an improved two-frame difference method. This method involves extracting three consecutive frames from the video frame sequence and performing difference operations on two adjacent frames to obtain two differences. In order to obtain three frames of difference images, the image performs a logical AND operation on the two difference images.
This method eliminates the background exposure problem caused by the two-frame difference method by avoiding the defects of the two-frame difference method. The contours of moving targets can be extracted more accurately using this algorithm, and the complexity of the algorithm is not high, so it is easy to use.

3.2 Support Vector Machines
Support vector machine [19] is a new type of data mining technology that is based on the theory of machine learning, and is a type of data mining technology. As a supervised learning method, it can be used as a part of statistical classification and regression analysis. To resolve the situation of linear inseparability, it adopts the form of mapping based on the notion of linear separability, in order to resolve the situation of linear inseparability. In order to be used in high-dimensional spaces, low-dimensional data is mapped to high-dimensional space using the kernel function, so that it can be used in high-dimensional spaces as well. By minimizing structural risk, the optimal interface is sought in the feature space.
3.3 Convolutional Neural Network
As one of the most efficient recognition methods recently developed, convolutional neural networks [20] have attracted a lot of attention. In the 1960s, Hubei and Wiesel proposed the concept of convolutional neural networks. It is also known as CNN (also known as the Cable News Network). The first convolutional neural network was implemented in Fukushima's new recognition machine for the first time in 1980. As a result, more scientific researchers were able to improve the network as a result. In their proposal, Alexander and Taylor present the most representative results of their research.This new "improved cognitive machine" is a combination of several improved methods as well as an effort to avoid the time-consuming process of propagating errors. There are four parts to the introduction of CNN neural networks:
(1) Local perception
A local perceptual field is the first special structure in convolutional neural networks, which can reduce the number of parameters. It is also important to note that the spatial connectivity of images is also based on the fact that local pixels are highly correlated, whereas distant pixels are weakly correlated. People perceive the outside world from a local point of view to a global point of view. A neuron only needs to perceive part of the image in order to obtain the global image, and then combines the local information at a higher level in order to obtain the global image. The network is a representation of the connectivity of the system, which is also influenced by the biological visual system. A visual cortex neuron is a local receptive neuron (that is, they are only responsive to stimuli in specific areas of the cortex).
(2) Parameter sharing
The problem of too many parameters in local perception continues to be a problem, so a weight-sharing method is proposed to address this problem. The concept of weight sharing refers to the fact that the statistical properties of one part of an image are the same as those of the other parts of the image. It is possible to use the learning features that we learned in this part in another part, so that we can apply the same learning features to all positions in this image.
(3) Multi-core convolution
Previously, we had only been able to extract one feature, which was insufficient to satisfy the actual needs of the users. Several convolution kernels can be used to extract a variety of features, such as 32 convolution kernels that can learn 32 different types of features at the same time.
(4) Network structure
It is possible to achieve displacement, scale, and deformation invariance by combining local receptive fields, weight sharing, and subsampling over time and space in a convolutional neural network.
4. Methodology
The support vector machine-based fire recognition algorithm designed in this chapter is designed to address the accuracy issues with traditional fire image recognition in order to increase the accuracy of the fire image recognition process, as well as improve the method of extracting suspected fire areas from the image and the process of identifying flames and smoke features from the image in order to increase the accuracy of fire image recognition.
As a result of the experiments conducted in this chapter, it has been demonstrated that the method presented in this chapter is able to extract the suspected fire area, and that the selected features also enhance the accuracy of detection.
4.1 Suspected fire area detection
By removing distracting objects from the video and extracting the suspected fire area from the large background, we can identify forest fires. In order to reduce calculations, improve recognition accuracy, and speed up the processing of the image, it is necessary to perform subsequent image processing and related analysis on the region of interest. There is a direct correlation between the extraction of suspected fire areas and the results of feature extraction and recognition based on those areas. Because of this, efficient and accurate extraction of suspicious areas is crucial to accurate fire identification. Fire is characterized by two characteristics: flames and smoke. It should be noted that if only motion features are used to extract the suspected fire area, the accuracy of fire detection will be reduced. As a result, this paper proposes a method for combining flame and smoke information to separate and extract suspicious areas of smoke and flame as much as possible, so that subsequent feature vectors can be defined accurately.
4.2 Flame feature extraction
The motion pixels and color pixels of the flame were used in the previous section to extract the suspected flame area based on the motion pixels and color pixels. To identify the fire more accurately and reduce false positives and false positives, this section will analyze the characteristics of flames different from other disturbances, to extract the feature vector.
4.2.1 MB - LBP Features
It is an operator used to describe the local texture features of an image. LBP (Local Binary Pattern) was introduced in 1996 [21]. It is often used to extract texture features. In the present day, it is widely used in the recognition of faces and license plates. The improved LBP method is used to extract flame features in this paper.
4.3 Smoke Feature Extraction
Smoke is produced before flames when a fire breaks out. Particularly during forest fires, flames have a limited range of movement, and tall trees block the flame from spreading further. By the time the camera detects the flame, the fire may already be moving very fast. Smoke moves relatively fast and has a wide range of movements when it comes to its movement. When compared with the flame, it can be detected earlier and the damage can be reduced if it is detected early enough. As a result, detection of smoke is very important. The dark channel prior and motion information are used to extract the suspected smoke area according to the dark channel prior. It is the purpose of this paper to analyze and extract the features that are of interest to it in order to extract the smoke features.
4.4 Analysis of identification results of different suspicious region segmentation methods
Aiming at the proposed method of using colour pixels and motion pixels to segment suspected flame areas and using dark channel priors and motion pixels to segment suspected smoke areas to extract suspected fire areas, using the same test set, colour detection and motion detection are used respectively, dark channel prior detection, colour combined with motion detection, dark channel prior theory combined with motion detection, color and dark channel combined with motion detection six methods for extracting suspected fire areas have been compared for recognition accuracy experiments.
Summary
The purpose of this chapter is to outline the existing difficulties associated with current forest fire detection methods based on video/image, and introduce the flow chart of the forest fire detection algorithm that is proposed in this chapter. Based on previous research, the suspicious area segmentation algorithm is improved, so that the flame area and smoke area can be segmented more accurately. After segmenting the suspected flame and smoke areas, the features of flame and smoke are extracted. As for the part of extracting flame features, this paper proposes to combine flame MB-LBP texture features with the three motion features summarized in the predecessors. Then extract the smoke features.
4.5 Forest fire recognition based on deep learning
The first-time images have been recognized using deep learning has been achieved. A few years ago, deep learning was first applied to image recognition, speech recognition, natural language processing, robots, and other fields of machine learning, but now it is being applied to a variety of machine learning fields. One of these developments was the emergence and development of convolutional neural networks, which opened a new era in the field of computer vision as it was the first field in which deep learning technology had achieved breakthrough results. In the field of deep learning, convolutional neural networks can be said to be the most prominent network framework, especially in the area of computer vision, which demonstrates its importance in this field. It is believed that AlexNet regained popularity in 2012, when the network regained its popularity after falling silent for ten years in the early 21st century in the form of LeNet. A number of different networks have been invented, from ZF Net to VGG, GoogleLeNet to ResNet, and DenseNet. As a result, the complexity of the network grows, the structure becomes more complex, and the method to solve gradient disappearance during backpropagation becomes more and more sophisticated [21]. To meet the needs of this topic, the purpose of this chapter is to improve the existing LeNet-5 network to meet the requirements.
4. 6 Classic LeNet-5 network model
LeNet is proposed by Le Cim, the founder of convolutional neural network in 1998, to solve the visual task of handwritten digit recognition. Since then, the most basic architecture of CNN has been settled: convolutional layer, pooling layer, fully connected layer. The LeNet used in major deep learning frameworks today is a simplified and improved LeNet-5 (-5 means it has 5 layers), which is slightly different from the original LeNet, such as changing the activation function to ReLu, which is now very commonly used.
4. 7 Improved LeNet-5 network model
Convolutional neural networks have made impressive achievements in the field of computer vision, but it is not a panacea, and it also has its own determinism and limitations. In the application scenarios that can only provide a limited amount of data, the deep learning algorithm cannot estimate the law of the data without bias. In order to achieve good accuracy, it needs big data support. for small data
For simple problems, deep learning may not yield enough additional effect over simpler methods with the same computational overhead and time. But the achievement of deep learning in feature engineering is also a revolutionary breakthrough. deep learning
A method for the computer to automatically learn pattern features is proposed, and feature learning is integrated into the process of simple models, thereby reducing the incompleteness caused by artificially designed features, and some machine learning with deep learning as the core Applications, in application scenarios that meet certain conditions, have achieved recognition or classification capabilities beyond existing algorithms. Therefore, inspired by the GoogleNet-based migration learning method, combining the advantages of deep learning and traditional machine learning classifiers, using convolutional neural networks for feature extraction, and using traditional machine learning for classification
classifier, a method combining convolutional neural network and traditional classifier is proposed, which has the following advantages:
(1) Due to the nature of convolution and pooling calculations, the translation part of the image has no effect on the final feature vector. From this perspective, the extracted features are less prone to overfitting. Moreover, due to the translation invariance, the process of altering the sample is omitted.
(2) The features extracted by CNN are more scientific than simple projection, direction, and center of gravity. Feature extraction will not be the final obstacle to improving accuracy.
(3) Different convolutions, pooling, and the size of the final output feature vector can be used to control the fitting ability of the overall model. The dimensionality of the feature vector can be reduced during overfitting, and the output dimensionality of the convolutional layer can be increased during underfitting. Compared with other feature extraction methods, it is more flexible.
(4) Use traditional machine learning classifiers for classification, taking into account the poor effect of deep learning in the case of small data sets.
5. Evaluation
This paper mainly studies the forest fire identification method based on machine learning, including traditional machine learning and deep learning. For the traditional machine learning to identify forest fires, the suspicious area segmentation algorithm is improved; for the deep learning part, a method combining deep learning and traditional machine learning classifiers is proposed. The research work of this paper is summarized as follows:
(1) Complete the construction of the forest fire database through self-shooting and online collection of videos/images, including positive and negative samples, as well as image normalization and sample labeling.
(2) Some existing forest fire detection and recognition methods are studied and summarized. According to the particularity of forest scenes, the suspicious area segmentation algorithm is improved and sent to the traditional classifier for classification.
(4) Aiming at the problem of traditional machine learning recognition accuracy, this paper proposes a method that combines deep learning and traditional machine learning classifiers, that is, using convolutional neural networks for feature extraction and traditional machine learning classifiers for classification. Aiming at the problem that the feature extraction is not good enough, this paper proposes a method of fusing the deep features and shallow features of flame and smoke. Experimental results prove that the accuracy of forest fire identification is improved. The algorithm of forest fire identification based on traditional machine learning is improved, and a method combining deep learning and traditional machine learning classifier is proposed.
However, the method in this paper still has shortcomings:
(1) The database in this article was taken by myself and downloaded from the Internet, which has certain limitations and cannot represent the characteristics of all forest fires. Therefore, the features learned by the model are not applicable to all scenarios. In the later stage, it is still necessary to enrich the samples of the database number, to enhance the robustness of the algorithm.
(2) In the future, we will continue to study fire recognition in the field of deep learning, explore more efficient models and more effective methods,
Such as transfer learning, twin network and so on.
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