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Abstract 

Machine learning is adopted widely in many sectors including healthcare, automotive and 

finance where machine learning use cases include disease detection, predictive maintenance, 

and fraud detection. During 2017/2018, around 40%(226,000) of the incidents attended by fire 

and rescue service were false alarms. Therefore, this thesis is focused towards the application 

of machine learning on fire alarm systems data to address the rising problem of false alarms. 

The fire alarm system on site gathers the data about different events which can be utilised to 

conduct the experiments with machine learning. Therefore , to address this problem five 

different classification machine learning models including Logistic Regression, Support Vector 

Machines, Naïve Bayes Classifier, Decision Trees and Random Forests have been used to 

experiment with data gathered from fire alarm system. The performance of the different 

machine learning models is evaluated using different methods such as precision, recall, f1-

score, confusion matrix, k-fold cross validation and mean accuracy to find the best suited 

models for reducing false alarm rates. 

 

Experiments were conducted on data gathered from the fire alarm system, 10-fold cross 

validation results indicated Naïve Bayes Classifier detecting 51 out of 53 Fires correctly but 

with a high misclassification rate and low mean accuracy of 61%. The remaining four models 

failed in classifying any fires correctly with 0.00 recall, still achieving overall accuracy in the 

range of 97-98% due to high imbalance in the dataset. The Cohen Kappa value of 0.0 was 

achieved by models indicating poor agreement in the decisions made. Machine learning 

models exhibited better performance on the new test data with incorporated temperature data, 

models achieved higher recall in the range of 0.70 to 1.00 during 10-fold cross validation as 

well as higher Cohen Kappa scores in the range 0.73 to 0.88 indicating substantial agreement 

in the decisions made by the machine learning models. The results on fire system data 

indicated machine may not be that effective due to poor correlation between the features in 
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the data and high imbalance in the data. However, much better results are achieved by 

incorporating some additional sensors such as temperature into the fire alarm system data.  
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1. Introduction  

False alarms are an area of high concern in the fire industry, causing a waste of resource and 

time. The false alarm rate has been increasing and there are limited solutions to effectively 

tackle this problem. Drax Technology the company where I worked as a Software Developer 

on the implementation of the fire detection and monitoring software solutions. The problem of 

high false rate was quite noticeable,  in the UK during the financial year 2017/2018 there were 

a total of 564,827 incidents that were attended by the Fire and rescue services 30% of these 

incidents were fires 167,150 which is 3% increase from the previous year 2016/2017. 

Interestingly, around 226,000 (40%) were fire false alarms. There is a huge waste of resource 

while addressing these false fire alarms which accounts up to £1 billion a year in the U.K. 

Smart IOT based forest fire detection systems, cameras to detect fires and image processing 

techniques have been proposed as solutions. However, till date there are not many effective 

solutions to tackle the issue of false alarms as it keeps increasing each year. Hence this 

research is mainly focused into finding appropriate solutions to reduce the false alarm rate.  

 

Decision making of the fire alarm systems can be enhanced by integration of machine learning 

which is the proposed area of work in this research. The scope of the research is focused 

around how can the machine learning models can be incorporated in fire alarm systems, 

results achieved by machine learning, impact of machine learning in reducing the outlined 

problem of false alarms. There is a wide knowledge gap in the fire industry due to unchanging 

nature of the systems employed with legacy systems used till date. Strict budgets allocated 

for fire alarm monitoring systems is one of the limitations hindering the development of smarter 

fire detection systems with newer technologies, best practices and smarter sensors. One of 

the limitations of the research is collecting relevant data from fire alarm systems. Thus, 

discovering suitable solutions for reducing false alarm rates using machine learning has a high 

value. 
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1.1 Research Questions 

Initial hypothesis is made as a part of the research that machine learning can help in reducing 

false alarms. Therefore, to verify or contradict the hypothesis different research questions will 

be addressed during the research which are listed below: 

• RQ1: Are machine learning algorithms an effective solution in reducing false alarm 

rates? 

• RQ2: What accuracy rates can be achieved through machine learning models and how 

the performance of models is measured? 

• RQ3: Can the proposed machine learning solution be applicable in real life situations 

on buildings equipped with fire alarm systems? 

• RQ4: How will the best suited machine learning models be selected? 

• RQ5: What is the impact of incorrect predictions made by machine learning 

algorithms? 

• RQ6: What is considered an acceptable performance from the machine learning 

models? 

• RQ7: Does the proposed solution comply with the fire standard and legislation ? 

1.2 Aims 

The aim of the research is to investigate the application of machine learning algorithms on the 

data gathered by fire alarm systems to reduce the false alarm rates.  

1.3 Objectives 

• Research into similar solutions proposed during the literature review analyse relation 

to the current research. 

• Gather required fire alarm data for experimentation using machine learning algorithms. 

Process the data to find trends in the data, filter the data into a suitable format for 

training and testing of machine learning models. 
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• Apply different machine learning models on the data by conducting multiple 

experiments, compare the performance between different models to find the most 

suited models. 

• Evaluate the performance by using different methods and identify solutions to improve 

the performance. 

• Demonstrate the impact of machine learning on fire alarm data in reducing false alarm 

rates, this could be either it has no impact, or it reduces the false alarm rate. 

• Commercial application of the proposed machine learning solutions. 

1.3 Organisation of Thesis Report 

Chapter two of the research thesis will commence with the Literature review which will provide 

an overview around use of machine learning in similar areas, analysing current solutions for 

solving similar problems. Chapter three will include the methodology followed in the research 

describing the process of achieving results, the methods used in different stages such as 

evaluation methods, data processing techniques etc. Chapter four covers the data processing 

techniques and methods used on the data to refine the data for machine learning. The details 

of different experiments conducted with machine learning are discussed in chapter five. 

Findings in the research will be discussed to answer various research questions in chapter 

six. Finally, the thesis is concluded in chapter seven along with proposals for future work.  
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2. Literature Review  

The chapter will cover the literature review which includes background research into 

applications of machine learning to solve similar problems, research into any similar proposed 

solutions which may be related to this research. Literature review will discover similar methods 

used to reduce false alarm rates i.e. use of sensors to detect fire, machine learning application 

on cancer data to predict severity of cancer spread, camera and image processing techniques 

for fire detection etc. The following will provide detailed analysis into those solutions and 

discovering the relationship to the research questions. 

2.1 An Empirical Study of Machine Learning Algorithms for Cancer Identification 

Machine learning algorithms have been used for the prediction of severity of cancer in thyroid, 

colon, and liver. The researchers used 25, 21 and 21 samples of data pertaining to thyroid, 

colon, and liver cancer respectively. Four machine learning algorithms such as DeepBoost,  

xgboost, BOOST I and SVM (support vector machines) were utilised by Turki (2018). 

Experimental results on real clinical data of thyroid, colon and liver cancer indicated good 

performance from the four machine learning algorithms. 

 

The area of concern concentrates on the severity of different cancer types as proposed by 

Turki (2018), whereas this research revolves around fire alarm data. Although the area is 

different, the approach is similar as there are machine learning algorithms being used in the 

current research as well. 

2.2 Forrest fire monitoring, detection and decision-making systems by wireless 

sensor network 

A design of a wireless network to tackle forest fire crisis using a set of temperature and 

humidity sensors preventing disasters and loss of valuable natural resources is implemented 

by Liu, Liu, Xu and Teo(2018). In this model when a fire is detected each node will send an 

alert through the cluster-head. Radio acoustic sound has been used to detect changes in 
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temperatures in the forest. FWI (Fire Weather Index) System developed by CFS(Canadian 

Forest Service) includes the probability of ignition and spread of fire. The writers used the FWI 

index to evaluate the possibility of fire onset and spread.  

 

The proposed Wireless sensor network aims to provide early warning for fire onset and 

evaluate the scale and intensity of the fire. To achieve the proposed Wireless sensor network 

Liu, Liu, Xu and Teo(2018) adopted the network based on six components. There are three 

fuel codes that represent moisture of the organic soil, three fire indexes which describe the 

intensity of the fire. These are used to derive the FWI index the accuracy of the index is 

dependent on the accuracy and distribution of the sensors.  

 

This network is deployed on a forest sensor to collect temperature, humidity, light, and smoke 

using TMP36,808H5V5, GL5537 IDR and MQ-135 respectively. Liu, Liu, Xu and Teo(2018) 

performed experiments with up to 10 clusters. To evaluate the performance the time in 

milliseconds to detect the fire was measured. The results indicate that as the number of 

clusters increase the accuracy of the model also increases.  In terms of future development, 

the writers propose to find the best algorithm of clustering to provide even efficient solution. 

2.3 Detecting of fire using image processing techniques with LUV colour space 

Most fire detection systems today are based on sensors which rely on temperature, smoke, 

and pressure to predict the fire event which are much slower than vision based detection which 

detects the fire light in order to predict fire as highlighted by Pritam and Dewan (2017). Fire 

detection using the image processing usually involves three steps: capturing the image, 

analysing the image, producing the result if there is fire then generating an alarm. 
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A solution that reads the video and extracts the frames, fire is identified in the frame by the 

fire pixels in the image using the LUV colour space is proposed by Pritam and Dewan (2017). 

Upon the detection of the fire edge detection techniques are applied. The two techniques i.e. 

colour detection and edge detection are combined. Image segmentation technique is then 

applied which distinguishes the fire segment from the background display. The writers also 

infer that LUV colour space along with hybrid transformation can achieve better results than 

mostly used techniques such as RGB, HSV and YCbCr. 

 

The proposed solution uses sensors which are used to detect the initial fire events similar to 

the current research. However, the intelligence is built by taking images in the event of a fire 

that are analysed using LUV colour space and edge detection techniques. This in relation to 

the current research is different as the current approach uses machine learning models and 

provided sensor data to make decision. The drawbacks of the solution proposed by Pritam 

and Dewan (2017) are that results can be affected by the quality of the image, brightness, 

background in the image. The solution can also be costly when applied on a commercial site 

as it would require many cameras to be equipped all over the site. 

2.4 Design of fire detection and alarm system based on intelligent neural 

network 

A fire detection system designed by Zhu and Zhang(2011) which is based on an intelligent 

neural network providing more intelligent results as compared to the traditional fire detection 

systems. The writer’s highlight that characteristics of an intelligent fire detection system is that 

it can learn and adapt. There are three different components required to achieve this: 

intelligent Controller, intelligent detector, and intelligent distribution. The intelligent controller 

components used are DS18B20 temperature sensor, photoelectric smog sensor composed of 

infrared emitter diode CO(Carbon monoxide) sensor. 
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Further developing an intelligent algorithm which can adapt to environment, learning, parallel 

processing, and fault tolerance. Zhu and Zhang(2011) used 3 different algorithms: BP 

Algorithm theory, Improved BP Algorithm and MATLAB neural network simulation. The writers 

applied the algorithms on different fire events readings for temperature, smog, and CO(Carbon 

Monoxide) samples of data so that it can learn. The results from these tests indicate that 

intelligent neural networks can detect fires more accurately and reduce the false alarms. Since 

this approach combines intelligent components with neural network algorithms hence it 

increases the reliability and versatility of the system.  

 

2.5 An IOT based fire alarming and authentication system for workhouse using 

raspberry pi 3  

An IOT based fire alarm detection system is proposed by Imteaj, Rahman, Hossain, Alam and 

Rahat (2017)  . The system is composed of raspberry pi, Arduino coupled with temperature, 

light sensors, and camera. The Arduino reads the data from the sensors which is then received 

by the raspberry pi. The Arduino code consists of a unique IP address for the Arduino to 

distinguish them. The programming on the raspberry pi is done using python. The 

implementation steps include configuring the Arduino/Raspberry pi, integrating the sensor 

modules, connecting to the relay model, plugging in ArduCam MT9D111, setup of the wifi-

module ESP-01, connection of the GSM module (SIM808) with raspberry pi and finally 

powering all the devices. 

 

The limits are set for the light intensity and gas sensor to  200 and 500 respectively. If these 

conditions are satisfied the camera will automatically take an image. The readings from the 

sensors are then sent over to the raspberry pie which then processes them based on different 

if-else conditions and thresholds in case of a fire it replies with “Fire OK” otherwise it would 

reply with “No Fire” response as proposed by Imteaj, Rahman, Hossain, Alam and Rahat 

(2017). Upon testing under different conditions triggering the replay based on the light ambient 
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and smoke data. On detail analysis the writers found that normal reading for smoke detectors 

are 0-30ppm and between 500ppm-200000ppm on alarming situations. In comparison the 

light ambient is in normal state between 60-80 with 200-250 on detecting flame light. Hence 

defined thresholds of 500ppm for smoke sensor and 200 for the light ambient sensor. The 

writers conclude that their system is designed effectively and scalable hence can be easily 

installed in buildings to avoid catastrophic accidents. 

 

The above solution is highly IOT based which includes a lot of sensors to be connected via an 

Arduino and raspberry pi. The system detects false alarms based on threshold readings for 

temperature, smoke, and pressure sensors. It related to the current research as the fire 

detection principle is similar however the false alarm detection proposed by Imteaj, Rahman, 

Hossain, Alam and Rahat (2017) is highly based on threshold values for the sensor readings 

as compared to the machine learning which adapts and learns based on data and can be 

much more flexible and dynamic. The downfalls of the solution proposed by the writers is that 

it involve intensive testing in the environment to get an outline of the threshold values. 

However, when applying this in the real world the environment which will vary the threshold 

values for the sensors.   

2.6 A new fire detection method based on the centroid variety of consecutive 

frames  

A non-contact method using video can greatly improve the detection time make intelligent 

decisions and improve reliability. Camera detection of fires involves distinguishing fire features 

such as colours, shape and the affected area with the frames is extracted from the main image 

proposed by Lei, Fangfei, Teng, Leping and Xinguo (2017). The method used includes frames 

of fire selected using the PGB-HIS colour model.  Region tracking algorithm is then used to 

obtain the centroid variety of each of the region. Finally, the statistics are processed deciding 

whether a fire has been detected or not. 
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Several experiments were conducted to test the approach. Hence a series of fire videos have 

been used. The 30 consecutive frames are analysed to detect the centroid variety to calculate 

the RD and ZMS values. If both values meet the recognition model a fire is raised with the 

alarm being triggered. The authors further conducted testing on kerosene fire, the fire burns 

created were of the size 33cm * 33cm oil pan by Lei, Fangfei, Teng, Leping and Xinguo (2017). 

The images were recorded at resolution 320*240 with camera frequency at 30 frames per 

second. 30 images met the detection requirement criteria with an average response time of 

5.77 seconds detected which meets the alarm requirements. Similarly, further testing was 

conducted where the background is lighter. Similar 33cm*33cm pan was used however image 

resolution was higher this time 1280*720. The average response time was much higher this 

time 12.68 seconds due to the image resolution being high. The writers conclude with the facts 

that this method has an advantage over the traditional methods used in terms of simplicity, 

fastness, strong adaptability, and ability to eliminate non-fire related situations. 

 

This proposed solution is similar to the current research as the main goal is to differentiate 

between fire and no fire as highlighted by Lei, Fangfei, Teng, Leping and Xinguo (2017) . 

However, the technique used is completely different the writers propose using non-contact 

camera to process images of fire as compared to this research using sensors with a built-in 

machine learning model to detect the false alarms. The drawbacks of this kind of solution 

include the excessive cost of the equipment when installed on a commercial site. The time 

taken to detect the fire can also be longer as compared to sensors also the quality of image, 

brightness, background also plays an important role. 

2.7 A method of false alarm recognition based on k-nearest neighbours  

False alarm detection can be a complicated process and the use of traditional methods i.e. 

repeated tests do not meet the requirements. To distinguish false alarms a method based on 

the K- nearest neighbour (KNN) is proposed by the Guan, Shi, Ma, Cui and Wu (2017). The 

states of the events are separated into 3 diverse types:  normal state, false alarm state and 
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faulty state. KNN as compared to other intelligent algorithms is suitable as it provides for 

multiple classifications, hence superior results can be obtained even using less data samples. 

Therefore, the data is collected for the 3 different states. To validate their approach, the writers 

use the ANN, conventional KNN and repeated test. The results can be seen in the Table 2.1: 

Method  Accuracy 

k-means + KNN 99.58% 

ANN 93.62% 

KNN 92.47% 

Repeated Test 63.47% 

Table 2.1 Experiment Results 

              

Combination of k-means and KNN method is much higher accuracy as compared to the ANN 

and KNN methods separately. The repeated test has the least accuracy. 

2.8 A Summary of research on the false alarm judgement methods 

Guan, Ma, Zhang and Zhang (2017) outline the significance of research into methods for the 

judgment of the false fires. The various methods that the writers go through include the 

following: 

• False alarm method based on attributes statistics 

• Alarm judgement method based on time series 

• Alarm matching method based on background knowledge 

• Alarm classification method based on machine learning 

• Alarm clustering method based on data mining 

In the alarm classification method, which resembles the current research being undertaken 

the alarm are divided false alarms and real alarms. RIPPER algorithm, SVM(Support Vector 

Machines) are the decision-making technologies used for the classification of false alarms. 

Alarm clustering methods include clustering the alarms into several different categories. The 

clustering approach aims to eliminate the false alarms. Attribute similarity, clustering methods 

such as k-means clustering are used in this method as illustrated by Guan, Ma, Zhang and 

Zhang (2017). 
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2.9 Early detection system for gas leakage and fire in smart home using machine 

learning  

Salhi, Silverston, Yamazaki and Miyoshi (2019) propose a smart home system for fire and gas 

leakage detection which enables remote notifications and monitoring via a dashboard. IOT 

sensors for the detection of Air Temperature, Air Humidity, Liquified Petroleum Gas, Smoke 

and Carbon Monoxide (C0) are used. This sensor information is later analysed to provide more 

meaningful insights. One method which may be adopted for the detection of fires is the 

threshold values of the sensors which can deduce a risk.  

 

A machine learning approach is also used to classify the event into four different levels which 

include:(0) no risk, (1) moderate risk ,(2) risk , (3) high risk during the experiment there is 80% 

data which is used for the training and 20% is used for validation. Supervised machine learning 

models such as Logistic Regression, Linear Discrimination Analysis, Support Vector Machines 

and CART ( Classification and Regression trees) are used. The cross-validation results 

indicate that the best results are achieved by the CART which give an accuracy of 99.93%. 

The future improvement suggested by the writers includes increasing the data with more 

sensors incorporated and application of more machine learning models so that the false 

positives can be reduced. 

2.10 False ventricular-fibbrilliation/flutter alarm reduction of patient monitoring 

systems in intensive care units  

Yanar and Dogrusoz(2018) emphases on the cause and effect of the false alarms caused by 

Ventricular Fabrication in the intensive care units in hospitals. Ventricular Fabrication is a heart 

condition in which the heart quivers instead of pumping blood to the body, also causing a very 

rapid beating of the heart. These conditions are monitored by electrical equipment such as an 

ECG (Electrocardiography) which cause the triggering of the false alarms since the pulsatile 

waveforms released from the equipment, corruption of the signal, noise and missing data can 
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associate to the threshold values for the false alarms. Around 43% of the alarms trigged by 

ECG are false alarms causing disruption to patient’s rest, consume the hospital resources and 

diverting the hospital staff towards the emergency. 

 

Several methods have been developed to reduce such false alarms caused by the Ventricular 

Fabrication monitoring equipment which include 1) Only ECG Method: In this method the final 

verdict on the alarm status is solely based on the ECG signal. If the ECG signal is noisy, then 

it is assumed as a false alarm. If the signal is alarm related, then an informed decision is made 

on the authenticity of the alarm. 2) Only PPG/ABP Method: The false alarms are categorised 

based on the  PPG (photoplethysmogram) signal and ABP(Arterial Blood Pressure) if these 

produce noise then false alarm is assumed. Additionally, decision is based on the values if 

they are closed to the threshold to see if it is a real alarm or false alarm. 3) Main ECG, 

Secondary Decider PPG/ABP Method: This method combines the first two methods as it 

first considers the main ECG and then the PPG/ABP signal to decide. 4) Main ECG, 

Secondary Decider PPG Method: Similarly, this solution also focuses on the main ECG 

method and secondary use of the PGP (photoplethysmogram) signal as measuring the ABP 

is an expensive procedure as it cannot be measured by most devices, the PGP signal can be 

gathered from the devices already available in the patient intensive care units. Only ECG and 

Main ECG secondary PPG/ABP are the best performing methods with sensitivity/specificity 

rates of 100% and 98.1% respectively. 

2.11 Wavelength modulation spectroscopy enhanced by machine learning for 

early fire detection 

Matsuda, Huang, Tian and Tanaka (2019) propose a new machine learning algorithm to 

increase the fire detection accuracy. The different categories of fire alarm detection include, 

flame, smoke, temperature rise and gas detection. Gas products such as carbon dioxide(C02) 

and carbon monoxide(C0) are an early onset as compared to smoke in the event of fire. Hence 
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using gas concentration levels could prove yet a more effective method for the detection of 

the fire. However, setting the threshold, signal distortion and other environmental factor can 

be problems that can lower the accuracy. Therefore, the writers propose a new machine 

learning algorithm for fire detection by applying convolutional neural networks on analysing 

the waveform patterns of 2f-signals. 

 

A fire simulation is conducted using coal burning test. When the coal burns the concentration 

from the C0 and C02 sensors also increases as well as the temperature inside. Using this 

simulation there are 8000 non-fires and 8 fire 2f signal and concentration data. The gas 

concentration in the data for fire event is the value of environmental changes and the gas 

generated because of the fire. Finally, in total 16000 data samples are generated with 1400 

being used in training and 2000 in test. The data is trained using the CNN. The results indicate 

90% accuracy using the conventional method. However, using the gas concentration 

increases the accuracy by 8% hence giving us an accuracy of 98%. The accuracy increases 

even in the conventional method when there is a longer time data.  

2.12 Smart apparatus for fire evacuation – an IOT based fire emergency 

monitoring and evacuation system 

Majumder, O'Neil and Kennedy (2017) highlight that each year 14,500 Highrise fires occur 

causing 520 injuries and 40 deaths according to the National Fire Protection Agency. The 

deaths can be avoided if the evacuees had an informed instruction to exit the building as well 

as the route to take. The writers have presented a solution which can be used to provide real 

time evacuation instructions to the evacuees as well as inform the emergency services. The 

solution proposes the use of a mesh network and algorithm to provide these services. The 

writer’s vision was to have a central hub which receives all the data from different sensors and 

various nodes. 
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Once all the sensor data is received by the central hub it processes the data to achieve the 

location of the fire, the dynamic building maps, and the exit strategy for emergency. The exit 

strategy needs to be dynamic and developed in real time based on the situation. An algorithm 

needs to be developed so that it takes the fire location and the building map as an input and 

plan the exit strategy most effective based on the situation. Python has been used to gather 

the data from the sensors along with MATLAB for the processing of the data. MATLAB 

algorithm generates obstacle to represent the fires and the path planning algorithm finds all 

the possible exits from the current location, the algorithm also considers the walls and the 

location of the fire sensors in the building. The writers have tested the solution in controlled 

environments, and it has produced good results. 

2.13 Design and implementation of fire safety education system on campus 

based on virtual reality technology 

Zhang, Suo, Chen, Liu and Gao (2017) emphasise on the fire safety education to the students 

on campus. With students lacking knowledge of fire safety, no mitigation for the fire emergency 

the campus is highly vulnerable to fires. A VR(Virtual Reality) based method for the 

learning/training the students on campus for the fire emergencies can prove very helpful with 

an interactive way to learn. With the help of VR, a virtual fire safety environment is created like 

a real situation. The fire safety teaching in the VR platform contains two different categories 

which include fire safety knowledge and operational practice. Fire alarm, fire protection, 

hazards and evacuation are included in the fire safety knowledge whereas firefighting is 

included in the operation practices. The VR system is developed using 3ds Max Software, 

Unity Development platform including the fire safety protocol for the specific building/campus. 

The fire safety knowledge is transferred as the students interact in the VR platform which 

promotes the transference of learning via the Virtual Platform. The interaction is handled by 

the HTC VIVE hardware platform. There are two base stations, two wireless controllers and a 

helmet as a part of the kit for the VR platform. The movements on the hardware sensors 

simulate events in the Virtual Reality such as operating a fire extinguisher and so on. The 
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system has been tested with usability testing conducted on campus by the students with their 

consent. Users testing the system are free to explore and learn in the Virtual campus for 60 

minutes, after the interaction the knowledge is tested using a knowledge quiz which comprises 

fire safety questions based on fire safety manual issued by the government. There is another 

quiz for operational practice which includes knowledge on how to operate fire extinguishers 

etc. The results/feedback from the students indicated that the students were able to grasp 

more fire safety skills using the VR system. 

2.14 A fire protection robot system based on SLAM localization and fire source 

identification 

In emergency fire situations with high temperature, lack of oxygen , smoke to extinguish the 

autonomous robots can be replaced by human rescuers to reduce causalities. Such a solution 

had been proposed by Fan et al (2019). The researchers propose a method which uses the 

combination of the SLAM(Simultaneous localization and mapping) algorithm and image 

processing techniques which can help the firefighting robots to navigate and then extinguish 

the fire. The map is constructed using SLAM GMAPPING algorithm which mainly uses a 

filtering algorithm called SIR(Sample Importance Resampling). The trajectory of the robot to 

the fire location is estimated using RBPF(Rao-Blackwellized Particle Filter).  

 

An algorithm is used for the identification of the fire source. There are different steps to 

accomplish the required goal. 1)The first step includes using the original image to split the 

RGB signal of the image. 2)Then the image is smoothened using Gaussian Filtering which 

removes the noise from the image. 3) The relevant threshold is set for the image and 

morphological operations such as opening, erosion, expansion etc are applied. 4) Three 

channel superposition are used to determine the position of the flames. 5) Next the contour 

recognition algorithm is used to detect the contour of the flame as well as the using the centre 

of gravity of the contour to find the centre of the flame. 6) Finally, Minimum circumscribed 
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rectangle algorithm is used to frame the area of the flame/fire using the flame centre obtained 

in the last step. A simulation test is conducted on the graphical indoor map created using 

RPLIDAR A3 laser radar. Fire simulation video had been processed using OpenCV python 

programming and there are some promising results in terms of the fire source using the 

algorithm. 

2.15 Real-time fire detection method combining AdaBoost, LBP and 

convolutional neural network in video sequence  

Maksymiv, Rak and Peleshko (2017) research into a solution for detection of emergencies 

such as Fire, smoke, and explosions by utilising the recorded video which is processed using 

an algorithm. There are two main steps in the process the first step is to analyse the video to 

find regions including flame/smoke which is achieved using LBP(Local Binary Pattern) and 

Adaboost this reduces the compute time. However, there is a high rate of false positives. 

Hence, the next step is to use CNN(Convolutional Neural Network) to tackle the problem of 

high false positives which improves the overall reliability. The last stage includes processing 

using two SVM classifiers to conclude regarding the presence of fire/smoke in the video. The 

constant movement of fire and smoke particles in the frame the ROI(region of interest) must 

be updated based on the characteristic of the change of particles in the frame. To test the 

proposed solution the writers formed their dataset of images. This consisted of 150 images 

with fire, 150 with smoke and 300 which did not contain fire or smoke labelled as others. The 

classifier had been trained with a previous dataset consisting of 1876 images with fire and 

4634 images without fire. Precision and recall have been used to evaluate the performance of 

the classifier. High precision indicates that there is a low false positive rate, low false negative 

rate would be shown for high recall rates. If both the precision and recall is higher it indicates 

the model is performing well. As seen in the Table 2.2 the results show that the highest 

precision and recall is achieved for detection of fire with 91.9% for precision and 98.2% 

respectively. Hence the results show good performance from the classifier combined with 

Adaboost and LBP as seen in Table 2.2 below: 
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Category Precision  Recall 

Smoke 85.4% 94.4% 

Fire 91.9% 98.2% 

Other 83.6% 93.1%  

Total 86.96% 95.2% 

Table 2.2 Precision and Recall 

      

2.16 Machine learning based intrusion detection system   

Halimaa and Sundarakantham(2019) outline the importance of an intrusion detection system 

to prevent malicious activity in the network system. There are many Intrusion detection 

systems that are built using different machine learning algorithms and statistical analysis. The 

false alarm rate could be lowered if the accuracy of the intrusion detection system is high. This 

will also prevent harmful malicious activity as the detection rate increases. The writers use the 

classification algorithms such as SVM(Support Vector Machines) and Naïve Bayes for building 

the intrusion detection system. The main stages highlighted include Pre-Processing, 

Classification and results, evaluation of the model performance. During the pre-processing 

stage the dataset consist of some symbolic features such as protocol, service and flag which 

have been removed before classification. Other non-numeric features have also been 

removed. There is a comparative analysis between SVM(Support Vector Machine) and Naïve 

Bayes classifier for the accuracy and misclassification rate. 

 

The first dataset consists 19,000 samples with 24 different types of attacks which are further 

split into 4 different categories to ease the process of classification. These categories include 

Normal, Dos, Probe and R21. The data is randomised using WEKA tool. Sample dataset with 

the same train/test split is used for both SVM(Support Vector Machines) and Naïve Bayes 

demonstrated by Halimaa and Sundarakantham(2019). Support vector machines outperforms 

Naïve Bayes by a great margin with 97.29% accuracy by SVM as compared to 67.26% by 

Naïve Bayes, the misclassification for Naïve Bayes is also very high as compared to SVM 
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which can see in Table 2.3 . The proposal for future improvements includes construction of a 

hybrid multi-level model. This would use the combination of well organised classifiers.  

 

Algorithm Accuracy Misclassification Rate 

SVM(Support Vector 
Machines) 

97.29 2.70 

Naïve Bayes 67.26 32.73 

Table 2.3 Classification Report 

 

2.17 Heart disease detection using machine learning majority voting ensemble 

method 

Atallah and Al-Mousa (2019) propose a machine learning based solution for heart disease 

detection with a majority voting assemble method. The final verdict of the classification is 

based several different machine learning models as compared to just one model. There is real 

life dataset which is obtained from a group of healthy and ill patients. The UCI repository was 

used to obtain heart disease dataset. It consisted of a total of 76 attributes which was trimmed 

to 14 most useful attributes for training the machine learning models. The main types of 

attributes include age, sex , CP(Chest Pain Type), Trestbps(Resting Blood Pressure), 

Chol(Cholestrol) and Thalach(Maximum Heart rate achieved). Furthermore, to analyse the 

data further a correlation algorithm has been performed on the data to find the most important 

features, as a result of this the highest correlated features included CP(Chest Pain Type), 

Thalach(Maximum Heart Rate achieved), Exang(Exercise-induced angina) and 

OldPeak(Depression induced by exercise).  

 

The data was split for training and testing after the analysing had been completed with 80% 

for training and 20% for test. The different algorithms used included K-Nearest Neighbours 

Classifier, Logistic Regression, Random Forests, SGD Classifier(Stochastic Gradient 

Descent) classifier and finally an ensemble classifier which combines the results of the other 

four algorithms classification is based on the majority vote of the other classifiers as illustrated 
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by Atallah and Al-Mousa (2019) . GridSearchCV a cross-validation technique has been applied 

to the dataset which has a positive impact on the performance of the models. The results 

showed the same accuracy of 87% from 3 algorithms which included KNN Classifier, Random 

Forests and Logistic Regression. SGD(Stochastic Gradient Descent) achieved an accuracy of 

88% which is marginally higher than others. The overall accuracy of the ensemble method is 

90% which exceeds the accuracy of all the other models. These results show promise and 

could possibly aid doctors in diagnosing patients. 

2.18 Literature Review Analysis  

Many of the proposed solutions in literature review are related to the current research. This 

can also derive purpose and the core goals of this research and how it could be different from 

proposed methods. Imteaj, Rahman, Hossain, Alam and Rahat (2017) propose an IOT 

solution using a raspberry pie resembles the approach by Liu, Liu, Xu and Teo(2018) which is 

a use of a wireless network in order to detect the fire alarms. Both methods are heavily reliant 

on the use of large number of sensors and sensor accuracy they are much closely related to 

the traditional methods of fire detection. Turki (2018) work although completely irrelevant to 

fire detection is related in terms of the methods used for problem solving such as  machine 

learning. Zhu and Zhang(2011) and Turki (2018) work is related as both incorporate machine 

learning model to solve the problem although  Zhu and Zhang(2011) concentrates on fire 

events. Turki (2018) on the other hand applies it to cancer data to find the severity of the stage. 

These solutions mostly use the sensors to collect the data and then further work on the 

detection. 

However, with new methods being employed quite a few of the related works included the use 

of video camera used for the detection of the fire. Pritam and Dewan (2017) use pictures of 

the fire taken from a camera equipped in the room. Then they apply LUV colour space and 

other image processing techniques on the image to detect the fire. Lei, Fangfei, Teng, Leping 

and Xinguo (2017) also use the video camera using pictures of the fire to detect weather a fire 
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is genuine or no.  The writers point out the that detection time can be drastically faster and 

more accurate as compared to the traditional methods.  

 

To conclude there are plenty of different types of solutions being proposed by the writers which 

involve using intelligent sensors, combination of many sensors, and the newly used approach 

of using video and camera in order to process images to make the decisions. This current 

research however makes a slightly new solution as compared to the normal traditional method 

this also used the data collected from the sensor, but that data is then sourced into the 

machine learning as a dataset which can analyse and process the data in order to provide 

further intervention and useful information. 
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3. Methodology and methods  

Methodology is the approach used to carry out the research project and evaluate the project. 

Since this project involves the implementation of the machine learning model to distinguish 

false alarms from real alarms there would be different methods used for the problem solving, 

experiments and evaluation. Different methods used in this research will be discussed in detail 

in this chapter. Additionally, risk assessment has been carried out for the project which can 

be found in Appendix D. 

3.1 Data Collection 

The first stage is to collect the relevant data in this case data from fire alarm systems. This 

data would be collected through the AMX Fire Alarm system from one of the real sites. 

Additionally, another dataset is formed by conducting simulation experiments in a controlled 

environment which includes additional sensors such as temperature which relates to the work 

by Imteaj, Rahman, Hossain, Alam and Rahat (2017) as the proposed solution included IOT 

temperature sensors (see section 2.5). The details about how the data is collected through 

the fire alarm system and test data using simulation experiments are discussed in section 4.1 

data collection. 

3.2 Data Preparation 

The data needs to be processed as there is a large amount of data that is being received with 

many attributes. The original dataset in raw format must be processed and filtered to convert 

to a suitable format to apply machine learning algorithms which is accomplished by: 

• Data Reduction  

• Data Cleansing 

• Decomposing Data 
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3.3 Feature Selection 

The relevant features used for experiments with machine learning must be selected as the 

raw data consists of many useless attributes. The following methods would be used to aid the 

process of feature selection: 

• Filter Methods 

• Wrapper Methods 

• Embedded Methods 

Filter methods can help in feature selection as they provide a score to each feature based on 

a statistical test carried out on the data helping in understanding relationships between the 

features. The features can then be arranged based on the highest score features being the 

most important in the data recognised by the filter methods. The following filter method is used: 

• Pearson’s Correlation  

Wrapper methods include using a subset of features to train a model, to select the best 

features and find optimal number of features. The accuracy of the model is measured, again 

a different subset with different features is used to train a model with the accuracy measured. 

Hence the unnecessary features are removed. The following Wrapper methods will be used: 

• Backward Elimination  

• Recursive Feature selection 

Embedded methods analyse features which can drastically increase the accuracy of the 

model. Embedded methods are implemented using algorithms that have built-in feature 

selection methods where shrinkage is performed reducing the variance in the data as well as 

decreasing chances of overfitting. Examples of such methods include the following: 

• LASSO Regression 
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3.4 Machine Learning Models 

There will be different experiments conducted on the data with various classification algorithms 

which will help answering RQ1(Research Question) around effectiveness of machine learning 

classifications. Machine learning algorithms used in this research are listed below: 

• Logistic Regression 

• Support Vector Machines  

• Decision Trees 

• Random Forests 

• Naïve Bayes 

These various models are selected because we have labelled data and trying to predict the 

target variable i.e. ‘Fire’ or ‘No Fire’. Therefore, it is a classification problem with labelled data 

hence these models are selected based on being most suitable for the situation. Logistic 

regression is proven to be good for binary classifications and the current problem also involves 

binary classification. Additionally, it was discovered through literature review it has been used 

for early detection of gas and fire by Salhi, Silverston, Yamazaki and Miyoshi (2019) details in 

section 2.9. Also, it can handle various types of relationships since it performs non-linear log 

transformation. Support vector machine is chosen because it can solve both linear and non-

linear problems as it created a hyperplane to separate classes, it also captures complex 

relationships between the datapoints. It has been used for real time fire detection in the 

solution proposed by Maksymiv, Rak and Peleshko (2017) discussed in section 2.15. Decision 

trees and random forest are selected because they make decision based on nodes identifying 

the most useful variables in the data for prediction, random forests are efficient on large 

datasets. Random forests are essentially a collection of decision trees.  Classification and 

regression trees are used by Salhi, Silverston, Yamazaki and Miyoshi (2019) for early 

detection of gas leakage and fire where it produced really good results(see section 2.9). 

Finally, Naïve Bayes classifier is selected because it can perform real time predictions in high 

speed. It is different from other classifiers since it assumes that features are independent, 
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hence sometimes outperforming other models. It has been used in the intrusion detection 

system proposed by Halimaa and Sundarakantham(2019) discussed in section 2.16.  

3.5 Training and Experiments 

Machine learning models will be trained using the training dataset and validated on test 

dataset. There will be experiments conducted on the data gathered from fire alarm system, 

test data gathered through experiments including temperature sensor data. All the models will 

be trained with the same data to conduct fair evaluation of performance between models. 

3.6 Evaluation 

After the experiments have been conducted using different machine learning models. The 

performance of the models will be evaluated which will help in addressing several different 

research questions such as RQ1, RQ2 and RQ4 which are around effectiveness of machine 

learning models, accuracy achieved by different models. The evaluation methods used are 

listed below: 

• Classification Accuracy 

• Confusion Matrix 

• Precision, Recall 

• F1 Score 

• K-Fold Cross-Validation 

• Cohen’s Kappa  

• Matthews Correlation Coefficient 

3.6.1 Classification Accuracy 

The classification accuracy will be used to evaluate the accuracy of the machine learning 

models this relates back to RQ2(Research Question). The classification accuracy is quite 

straightforward as it can be simply calculated using the ratio of number of correct predictions 

made against the total number of predictions made by the machine learning model. 

Classification Accuracy= Number correct predictions ÷Total number of predictions made 
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3.6.2 Confusion Matrix 

Confusion matrix is another evaluation metric that can be used to evaluate machine learning 

models. It uses a matrix to describe the performance of models, the matrix includes the 

following 4 important terms 

• True Positives = This case would be when the algorithm predicts “Fire” and the actual 

output is also “Fire”. 

• True Negatives = In this scenario the model predicts “No Fire” and the actual result is 

“No Fire” 

• False Positives= A false positive case would be when model predicts “Fire” but the 

actual result is “No Fire”.  

• False Negatives= Finally a false negative is when the algorithm predicts “No Fire” and 

the actual output is also “Fire”. 

A confusion matrix example can be seen in Table 3.1. 

n=100 Predicted: No Fire Predicted: 
Fire 

Actual: No Fire  TN=25 FP=25 

Actual: Fire  FN=25  TP=25 

                        Table 3.1 Confusion Matrix 

 

3.6.3 F1 Score 

F1 score is in the range [0,1], F1 score demonstrates how precise the classifier is performing 

,how many correct predictions against how many incorrect predictions. There are two 

important terms in F1 score: 

• Precision: This is the number of correct positive results ratio to the number of positive 

results predicted by the classifier. 
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• Recall: This indicates the number of correct positive results divided by the total number 

of samples. 

3.6.4 K-Fold Cross Validation  

K-Fold Cross validation is very effective for measuring the performance of the various machine 

learning models across the entire dataset. It evaluates the machine learning models by training 

on the subsets of the data and evaluate with the complementary subset of the data. This 

enables the model to have exposure to the entire dataset providing a better overall view of the 

efficiency of the machine learning model. In this research K-Fold cross validation will be used 

where the data is split into k-subsets. The model is trained using all the k-subsets except one 

subset against which the model is evaluated. The entire process is repeated k-number of 

times. 

3.6.5 Cohen’s Kappa 

Cohen’s Kappa coefficient statistically measures the inter-rater agreement for categorical 

items. It can be considered more robust as compared to percentage agreement calculate, as 

it does take into consideration the k which is agreement by chance. In some cases, accuracy, 

precision, and recall do not provide a complete overview about the performance of a machine 

learning model. Cohen’s Kappa is also very useful in cases when there is a huge imbalance 

in the data. It is useful to compare the performance in terms of how much better the classifier 

is than just a random guess based on the frequency of the class. 

3.6.6 Matthews Correlation Coefficient 

There are various metrics discussed above such as precision, recall and f1-score but some of 

these metrics can produced inflated values specially on imbalanced datasets. Therefore, 

Matthews Correlation Coefficient is chosen to evaluate the quality of the binary classification 

since it can produce more informative evaluation scores as compared to accuracy and F1 

score (Jurman, Riccadonna and Furlanello  2012). This is because Matthews Correlation 

Coefficient takes into all four categories in the confusion matrix( TP , TN, FP, FN). The 



 

27 
 

correlation coefficient value ranges from -1 to +1 where a value of +1 represents perfect 

prediction, negatives values represent inverse predictions. Value of 0 indicates random 

prediction.  

3.7 Significance Test 

Once the research has been carried out significance test can be used to assess how has this 

research helped to solve the underlying problem. Tests of significance are used to support or 

decline the effects of the proposed work in solving the problem. Therefore, a significance test 

is a great method to justify how the research solves or helps solving the underlying problem. 

3.7.1 Null Hypothesis H0 

Null hypothesis is when the experiment or the study does not make any difference in solving 

the underlying problem. For this research it would be that the use of machine learning is not 

useful for reducing false alarms.  

3.7.2 Alternative Hypothesis Ha 

Alternative hypothesis proves that the solution does help in solving the underlying problem. 

So, for this research alternative hypothesis would be that machine learning can help in 

lowering false alarms or on average it is better than most methods used currently. 
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4. Data Collection, Analysis and Processing 

Collecting the relevant data is an important stage in this research. This chapter will include 

how the data is collected, as well as the different processing methods such as Filter, Wrapper 

and embedded methods applied on data, in order to understand the relationships in the data 

as well as prepare the data for the models. This can serve well in increasing the accuracy of 

the machine learning models by training the models using the most important and correlated 

features in the data, therefore different methods such as Pearson Correlation, LASSO 

Regression, Backward Elimination and recursive feature elimination are performed on the 

datasets.  

4.1 Data Collection 

There are two different datasets gathered using different sources to conduct experiments. 

There is data gathered from AMX fire alarm system used in the fire industry. Additionally, there 

is another dataset which is gathered using simulation experiments with additional temperature 

sensor data. The details of how the data is collected are discussed in the following sections. 

4.1.1 Fire Alarm System AMX  

Data has been collected from the AMX Fire alarm system developed by Drax Technology  from 

one of the real sites, there is a confidentiality agreement in place to use that data for research 

purposes which can be seen in Appendix C. A detailed architecture of how AMX fire alarm 

system collects data can be seen in section 6.10. AMX software connects with a fire panel 

which is connected to sensors that gather the fire data for the site. API’s are embedded which 

store event data in the cloud from the AMX system. Events are triggered when a  device meets 

certain thresholds. This is then sent to the AMX via an RS232. Now an API is triggered which 

pushes the data from AMX to the cloud database. An example data log collected using AMX 

fire alarm system can be seen in the Table 4.1 AMX Event Data it can be seen that it contains 

information such as Event Name, Location, Date, Description 1, Description 2, Node Type, 

Device Reference, Classification, Reset Text, Reset date and time etc.  
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Attribute Notes 

Event_Name Event Type i.e. Fire,Fault 

Location  

Date  

Time  

Desc1 Decsription 1 for event 

Desc2 Description 2 for event 

NodeType Type of panel event came from 

Node Panel number of event 

EventLoop Loop number of event 

Input_DevAddress Device number of event 

InputType Type of input of event 

Reference The combination of panel, loop and device 
number 

Service Flag If there is a service event this is flagged 

FireIndex 0 or 1 based on if it was a real fire or not 

Call Point 1 if the alarm is triggered via call point 

Switch 1 if this alarm was triggered using switch 

Sounder Was the device type of sounder 

IonisationSmoke If the event consisted of ionisation smoke 

OpticalSmoke If the event had optical smoke 

Table 4.1 Fire Data Log AMX 

4.1.2 Test Data with Temperature Sensors 

Simulation experiments are conducted in a controlled test environment to gather data with IOT 

temperature sensors similar to the environment seen in section 6.10. There were 173 

simulation events in total with 14 simulated fire events by raising temperature in the test 

environment. Data gathered from the AMX fire alarm system is a larger dataset as compared 

to dataset gathered using simulation experiments. Therefore, it must be noted that there is a 

difference in frequency of total number of samples (3989/173) and fires (53/14) in both 

datasets. This can be useful because in a live site there will be varying dataset sizes, the 

dataset will be dependent upon the nature of the site (smaller sites with less sensors will have 

less events as compared to larger sites). However, there must be adequate amount of data 

collected to train machine learning models appropriately. Most of the data attributes are same 

as the last dataset with the new addition of temperature data as seen in a log of the data below 

in Table 4.2. 

EventID 1 

Event_Name Fire 

Location Test Location 

DateTime 18/06/2019 13:11 
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Temp15MinsBefore 26.2  

TempAtTimeOfFire 34.85 

Node 3 

EventLoop 2 

Input_Dev 54 

InputType 0 

CallPoint 0 

Sounder 1 

Switch 0 

IonisationSmoke 0 

FireIndex 0 

Table 4.2 New Temperature Sensor Data Log                        

4.2 Data Analysis 

Exploratory data analysis has been conducted on the data to understand trends, relationships, 

and other insights about the data. There are different graphs such as heatmaps, pair plots, 

count plots, violin plots and scatter plots used to visualise the data with libraries such as 

seaborn and matplotlib. 

The raw data consists of 28 attributes, but it also consists of many attributes which are null by 

default. Heatmap is visualised using seaborn on the raw data, it can be deduced from the 

Figure 4.1 SNS Heatmap for Null data points 
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Figure 4.1 that ManualClearAll, FireReset,Classification and NodeName are mostly null hence 

these attributes will be removed. Additionally, Desc1,Decs2 and Location frequently have null 

values too. 

Seaborn Pair plot is graphically plotted as seen in Figure 4.2 provides a comprehensive view 

aiding in understanding trends in the data where orange dots represent class Fire(1’s) . The 

pairplot takes the data frame, hue as input where hue variable is set to the target variable Y 

FireIndex. It can be seen in the scatter plot between InputDev_Address and FireIndex that the 

fire instances are distributed between devices ranges 0 to 100. Furthermore, for OpticalSmoke 

there are fire instances on both cases when optical smoke is present and absent. In the 

relationship between Node and FireIndex it can be observed that fire instances are dispersed 

Figure 4.2 SNS Pair plot Between Features 
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between Node number 0, 200,400,600 and 800 respectively with no fire instances generated 

from Node 1000 and 1200.  

 

As CallPoint was absent in the pair plot graph therefore a count plot between FireIndex with 

the hue set to CallPoint is visualised as seen in Figure 4.3 to observe the relationship between 

FireIndex and CallPoint. The ratio between fire and non-fires is quite enormous as seen in the 

graph. Alarms can be triggered using manual call point it can be inferred that most of the 

alarms triggered through call points are non-fires when FireIndex is 0. Interestingly, there are 

no fire instances in the dataset where the CallPoint is 1. Therefore, it can be deduced that no 

fire alarms triggered through a manual call point. 

 

 

 

Figure 4.3 SNS Count Plot FireIndex with Hue CallPoint 
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The trends between IonisationSmoke, Node and FireIndex can be observed in Seaborn Violin 

Plot visualisation in Figure 4.4. Ionisation smoke alarms refers to the presence of smoke in 

the alarm. It is evident in the graph that ionisation smoke is present in both fires(1) and non-

fires(0),however mostly in fire instances. For non-fires(0) ionisation smoke is present around 

mostly Node 0, for fire(1) instances existence of ionisation smoke around node 0 mostly but 

also few events with ionisation smoke for nodes 600 and 800 explaining correlation between 

Node, Ionisation Smoke and FireIndex. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.4 SNS Violin Plot FireIndex & Node 
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Data gathered using simulation experiments contains new sensor data such as temperature 

gathered using IOT sensors continuously logging the temperature. For conducting the 

machine learning experiments temperature at the time of fire and 15 mins before the fire is 

taken from the log to observe the difference in temperature in normal state(room temperature) 

and at the time of fire. This can help in studying sudden changes in behaviour  (from normal 

state to fire). However, 15 mins is taken as an arbitrary time interval during simulation 

experiments, therefore in an actual situation more frequent time intervals can be utilised. 

Exploratory data analysis is done to study the impact of the newly incorporated data on the 

status of fire events. Seaborn Join Plot is visualised with FireIndex on x-axis and the 

temperature on Y-axis as seen in the Figure 4.5  the orange line represents the cut off in 

temperature values between two classes i.e. Fire/No Fire. Most of the fire instances have 

occurred in the range of temperature from 50 C to 100C. However, few fire instances have 

occurred with temperature lower in the range of 35-50. In comparison to the last dataset there 

is clear pattern which is observed in the relationship between fire and temperature. Therefore, 

including temperature sensor data should have a positive impact on performance of machine 

learning algorithms. 
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4.2.1 Imbalanced Data 

There is a clear observation which can be made from the data analysis that there is a high 

imbalance in the data. Imbalanced data occurs when the number of data points in one class 

are lower as compared to the other classes. Common use cases include detection of fraud 

transections, identification of rare diseases and electricity pilferage etc. It has been noticed 

through the data analysis that fire alarm data is highly imbalanced in binary classes in the data 

such as “Fire” and “No Fire” distributed at a very high ratio difference between the classes. 

There are 3989 samples of data which only consist of 53 fires which is a very low ratio of 

1.33%. The classification models may achieve very high accuracy by predicting all the events 

belonging to one class such i.e. “No Fire”.  Due to the high imbalance in the data the 

performance of the machine learning models might be halted. Therefore, distribution of 

Figure 4.5 Joint Plot between Fire and Temperature 
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adequate number “Fire” instances in training dataset is quite important to give the machine 

learning models exposure to the data Fires(1’s) in the data. 

It is important to overcome the effects of the imbalanced data as naive behaviour in terms of 

evaluating the performance of different machine learning algorithms. Therefore, confusion 

matrix , recall for detection of 1’s i.e. fires, Cohen kappa and cross validation will also be critical 

in measuring the performance of the models. Under sampling the data to reduce the abundant 

class in the data will also be discovered. 

4.3 Filter Methods 

As discussed in the in the methodology section filter methods such as Pearson Correlation 

are used to discover the correlation between features. 

4.3.1 Pearson Correlation 

Pearson correlation is a filter method which can statistically help us understand the 

relationship between the different features in the dataset as well as the relationship with the 

target variable (Zheng and Casari 2018). The mathematical representation of person’s 

correlation can be seen below in Figure 4.6: 

 

 

 

 

 

 

 

 

Generally, all the features in the dataset are stored in X and the target variable to be predicted 

is stored in Y. The correlation value ranges from -1 to 1 where negative numbers indicating a 

negative relationship between the variables, values above 0 indicate some sort of relationship 

Figure 4.6 Pearson Correlation Formula 
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between the variables, whereas a value of 0 indicating there is no relationship between the 

variables. 

4.3.1.1 Fire System Dataset Pearson Correlation 

Pearson correlation is performed on the fire dataset gathered from fire alarm system, SNS 

heatmap in Figure 4.7 below shows the Pearson correlation scores of all the features in 

relation to each other. It is evident that our target value Y is FireIndex. Therefore, Pearson 

correlation scores of the features in conjunction with the target value FireIndex will be 

considered.  

 

It is evident there are few features which have a negative relationship with FireIndex which 

include Switch(-0.025), Call Point(-0.076), Current Event(-0.032) and Node(-0.09). Contrarily, 

 

Figure 4.7 Pearson Correlation Heatmap Fire System Dataset 
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it is noticed that the highest scores are achieved by Sounder(0.2) , Ionisation Smoke(0.1), 

EventLoop (0.094) etc. 

 

The graph in Figure 4.8 shows the Pearson correlation in correspondence to the FireIndex the 

target variable as the SNS heatmap above can be a bit complicated since it provides the 

Pearson correlation of all the variables as compared to each other. The purpose of the method 

is that it can provide us overview into the most useful features hence giving us ability to drop 

the non-important features. 

4.3.1.2 Test Dataset with Temperature Pearson Correlation 

Pearson correlation heatmap for the test dataset incorporating temperature can be seen in 

Figure 4.9. There is a huge transition observed in Pearson correlation with the new 

temperature data. Temperature at the time of the event has achieved a very high correlation 

with the FireIndex with a value of 0.88 which is the highest as compared to Pearson correlation 

values in the Fire System dataset. Additionally, temperature readings 15 minutes before the 

event also prove to have some correlation with a value of 0.18. These results show a 

significant improvement in correlation values of sensor temperature data. 
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Figure 4.8  Pearson Correlation Line Graph Fire System Dataset 
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4.4 Wrapper Methods 

Wrapper method utilise a machine learning algorithm and then analyse the performance to 

select the best features. All the features are used in the model initially, which then processes 

the performance and gives the results. The following wrapper methods will be used: 

• Backward Elimination 

• Recursive Feature Elimination 

4.4.1 Backward Elimination 

In backward elimination all the features are provided as an input to the model where worst 

performing features are iteratively removed one by one to the point where the model 

performance reaches an acceptable level (James, Witten,  Hastie and Tibshirani 2013). The 

metric used to judge the importance of the features is pvalue if that is greater than 0.5 then 

the feature is removed.  

 

 

Figure 4.9 Pearson Correlation Heatmap Test Dataset with temperature 
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4.4.1.1 Fire System Dataset Backward Elimination 

 

 

 

 

 

 

 

Figure 4.10 shows the pvalues of the different features where the black line corresponds to a 

value of 0.5 features which are higher than 0.5 are eliminated and remaining are kept in the 

backward elimination process. Most of the features have a pvalue above 0.5 therefore they 

are eliminated. Hence as a result of backward elimination as seen in the Figure 4.9 above 5 

out of the 9 features are eliminated and only 4 features have lower pvalue than 0.5 which 

include InputType, Sounder, IonisationSmoke and OpticalSmoke.  
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Figure 4.10 pvalue Backward Elimination 
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4.4.1.2 Test Dataset with Temperature Backward Elimination 

Backward elimination on the test dataset resulted in temperature at time of fire event as one 

of the featured selected. Additionally, the temperature data received the highest pvalue than 

all other attributes for the test dataset. There are four features selected during backward 

elimination on test dataset which can be seen below in Table 4.3. 

TempAtTimeOfFire Node Input_DevAddress InputType 

Table 4.3 Backward Elimination Test Dataset 

 

4.4.2 Recursive Feature Elimination 

Recursive feature elimination is a method which returns us with the optimal number of features 

by recursively removing the features based on an accuracy metric. Therefore, recursive 

feature elimination has been performed on the dataset with all the features. 

4.4.2.1 Fire System Dataset Recursive Feature Elimination 

Results of recursive elimination can be seen above in Figure 4.11. The optimum number of 

features providing the highest accuracy are 7 out 9 in total. The selected features include 

Node, CallPoint, Sounder, Switch, Ionisation Smoke and OpticalSmoke. In comparison to 

backward elimination which after elimination provides a subset of 4 features the recursive 

elimination provides 7 instead. 

4.4.2.2 Test Dataset with Temperature Recursive Feature Elimination 

Recursive feature elimination on the test dataset indicated the optimum number of features as 

7 with the score of 0.79 which is much higher score than fire system dataset with 0.020. 

Temperature at time of the fire event and temperature 15 minutes before are selected by 

recursive feature elimination. 

 

Figure 4.11  Recursive Feature Elimination Results 
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4.5 Embedded Methods 

Embedded follow the approach of where they sort the importance of the features based on 

the iterative training process where it extracts those features which it renders most useful in 

terms of predicting the correct outcome. LASSO regression is one of the most common 

embedded methods used for this purpose.  

4.5.1 Lasso Regression 

The gathered data can contain noise and irrelevant features which can increase the compute 

time and have negative impact on the performance of the models. The data with 

noise/irrelevant features when used to train the model can provide poor results which is called 

overfitting. LASSO Regression uses regularization to avoid the problem of overfitting. It works 

by reducing the error between the predicted and the actual value along with finding the value 

of coefficients for the features (Shalev-Shwartz and Ben-David 2015).  

LASSO helps to perform regression analysis that can help in the variable selection to increase 

the accuracy of the model. Hence LASSO has been applied to the current data set which 

consists of 9 features in total. In LASSO regression features with a coeficient 0 are considered 

irrelavant, hence those features are removed. 
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4.5.1.1 LASSO Regression Fire System Dataset 

LASSO model removes 6 features out of the 9 and selects 3 features as seen in the Figure 

4.12. The features selected by the LASSO model are EventLoop, Input_DevAddress and 

Node. These results contradict the Pearson correlation as Optical Smoke, Sounder which 

were highly scored in that method are eliminated using LASSO regression. 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.5.1.2 Lasso Regression Test Dataset 

Lasso regression results on the test data indicated Temperature at the time of the event as 

one of the features selected by Lasso Regression as seen in Figure 4.13. This is in line with 

Pearson Correlation results in section 4.3.1 as temperature at the time of the event has been 

selected as an important feature in that dataset. Temperature sensor data has demonstrated 

high scores as important feature in both Lasso Regression and Pearson’s Correlation whereas 

other features showed contradiction in various feature selection methods. 

 

Figure 4.12  LASSO Regression Fire System 
Dataset 
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4.6 Data Processing Critical Reflection 

Data analysis and processing has provided some key insights about the data. The different 

methods have been used in order to find best features for increasing model performance, 

understanding the data better, additional details of why these methods are used can be seen 

in section 3.3. One of the observations is made that the data has a huge imbalance between 

the classes with fire instances occurring in data at a very low ratio. It has been demonstrated 

through data analysis that there is high variance in the data features as seen in the pair plots 

the distribution of data points was randomly scattered. The different methods for feature 

selection applied to fire system dataset implied contradiction in results between Pearson 

Correlation, Lasso Regression, Backward Elimination and recursive feature elimination with 

all these methods selecting different features indicating poor correlation and high variance in 

the features in the data. However, on the test dataset  the temperature sensor data at time of 

event is the only feature which has been rendered as quite important by all the methods. It 

has achieved the highest values in Pearson correlation, pvalue in backward elimination and 

increased the score for recursive feature elimination. 

 

 

 

 

 

 

Figure 4.13 LASSO Regression Test Dataset 
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5. Experiments and Results 

This section will include the results obtained from the experiments conducted using different 

machine learning classification algorithms, this will help in answering various research 

questions such as RQ1, RQ2 , RQ4 and RQ5. Investigating into the use of machine learning 

algorithms to classify fire events has been not straight forward. There was primary research 

conducted to analyse the application of machine learning in similar areas. Furthermore, 

different stages had to be accomplished such as gathering the data, filtering, and processing 

the data to prepare for machine learning. Experiments have been conducted on multiple 

datasets which includes data from the fire alarm systems, data gathered with simulation 

experiments incorporating the temperature sensor data. The following five classification 

algorithms have been used choice of these algorithms is explained in section 3.4.  

• Logistic Regression  

• Support Vector Machines 

• Decision Trees 

• Random Forests 

• Naïve Bayes Classifier  

Performance of the different models is compared using metrics such as accuracy, f1-score, 

recall, classification report and confusion matrix etc.  

5.1 Experiments Tools  

Different tools and metrics are used for the experiments which consists of the following: 

• Tools/Libraries Used: The main tools used for the experiments include using python 

3, jupyter notebook, sci-kit learn, NumPy, pandas, matplotlib, seaborn and some other 

tools etc. 

• Experiment Results: The results are analysed using the classification report which 

entails precision, recall, f1-score as well as confusion matrix consisting of 

TP,TN,FP,FN etc. 
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5.2 Experiments with Fire System Dataset 

In this section the results of the experiments conducted using fire system data will be 

discussed. The details on how this data is collected can be seen in section 4.1.  This dataset 

consists of 3989 samples. 

5.3 Training/Test Data for Experiments 

There needs to be a fair performance evaluation between the different machine learning 

algorithms, the same training data and test data would be used with 70% for training and 30% 

for test detailed distribution is seen in Table 5.1 below.   

 Training Data Test Data 

Percentage 70% 30%  

Total Data Samples 2792 Data Samples 1197 Data Samples 

1’s Fire Instances in Data 36 Fire Instances 17 Fire Instances 

0’s Non-Fires in Data 2766 Non-fires 1180 Non-Fires 

Table 5.1 Train/Test Split Fire System Dataset 

 

5.4 Logistic Regression 

Approximately 70% of the data science problems are classification problems and logistic 

regression is one of the most used algorithms for binary classification problems (two 

categories) which are “Fire” or “No  Fire” in current research. Spam detection and diabetes 

prediction are some of the use cases of logistic regression. The target variable for logistic 

regression is dichotomous(Fire or No Fire in this case)in nature. Linear regression returns a 

continuous output value such as stock price, house price etc. Whereas logistic regression 

output is continuous i.e. does a patient have cancer or not. MLE(Maximum likelihood 

approach) is used to make the output estimations in logistic regression. The mean and 

variance are set to the parameters to predict a specific parameter (Simeone 2018).  
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The function used at the core of the method is sigmoid function. This is mapped in a S 

shaped curve as seen in the Figure 5.1 where the value ranges from 0 to 1. For outputs of 

sigmoid function lower than 0.5 the result is classified as NO i.e. No Fire. For Values higher 

than 0.5 such as 0.75 it is classified as YES.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Logistic regression does not require a lot of compute power and is relatively straightforward. 

The results from logistic regression are interpreted easily, feature scaling is also not required. 

However, there are some disadvantages to the model itself such as its vulnerability to 

overfitting when there are large number of features. Variables which are not correlated to the 

target variable can also cause logistic regression to perform poorly due to the high variance 

in the data(see section 4.2) resulting in the model capturing noise.   This can negatively impact 

the predictive performance of the model to classify fires/non-fires correctly.  

5.4.1 Logistic Regression Experiment Results 

Logistic regression has been applied to the fire system dataset,  it overlaps with the research 

performed by Atallah and Al-Mousa (2019)  where logistic regression was used for prediction 

of heart disease (see section 2.17) . Performance of the model is analysed using confusion 

matrix and classification report which will help in answering research questions RQ1, RQ2. 

Figure 5.1 Sigmoid Function 
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Confusion matrix for logistic regression implied that the model classified all events as non-

fires with no true positives or false positives seen in the matrix in  Table 5.2. There are 17 

incorrect predictions made as indicated through false negatives. The model fails in classifying 

any fire events correctly achieving no true positives. Additionally, classification report shows 

0.0 precision, recall and f1-score for the classification of fires(1) as seen in Table 5.3. Overall 

accuracy of 98.58% is achieved through logistic regression, misclassification rate is 1.42% 

which is key in this scenario as all misclassified events are fires.  

 

 

 

 

 

 

 

 

 

 

 

 

5.5 Support Vector Machines 

Support vector machine is also a supervised machine learning algorithm. It is used for both 

regression and classification problems but in this study it is used for classification. In 

SVM(Support Vector Machines) an n-dimensional space( where n is the number of features) 

consists of all the data points. A hyperplane which differentiates the two classes is discovered 

on the dataset. Hyperplane is a line to distinguishes or linearly separates a set of data. An 

example can be seen in the Figure 5.2: 

n=1197 Predicted: No Fire Predicted: Fire 

Actual: No Fire TN= 1180 FP= 0 

Actual: Fire FN= 17 TP=0 

Table 5.2 Confusion Matrix Logistic Regression 

 

 Precision  Recall  F1-
Score 

Support 

0 0.99 1.00 0.99 1180 

1 0.00 0.00 0.00 17 

Accuracy   0.98 1197 

Table 5.3 Classification Report Logistic Regression 
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Selecting the right hyperplane is one of the challenges in support vector machines. In order to 

choose the right hyperplane, the distance between the hyperplane and the nearest data point 

needs to maximised which is also known as a margin.  However, in many cases due to the 

complexity of the data it is not possible to separate the data using a straight line. In those 

cases, Non-Linear SVM(Support Vector Machines) is used. With the help of kernel functions 

the data is transformed into another dimension. Hence rather than 2D the data is in 3D space 

where it can be easily separated by a margin. There are various tuning parameters for support 

vector machine, their value can have an impact upon the performance of algorithm (James, 

Witten,  Hastie and Tibshirani 2013). 

• C – This represents the regularization parameter. It refers to the penalty upon 

misclassified points.  

• Kernel – The refers to the type of kernel to be used. There are various types such as 

linear, polynoid, sigmoid, RDB( Radial basis function) etc. 

• Gamma – This is the coefficient for the kernel i.e. which could be linear, polynoid, 

sigmoid etc. The complexity increases with the increase in the value of gamma. 

Support vector machines are effective in high dimensional spaces. Support Vectors which is 

a subset of the training set is used which makes it memory efficient. There is a rise in 

performance when the number of dimensions is higher than the number of samples. However, 

Figure 5.2 Hyperplane SVM(Support Vector Machines) 

Support 

Vectors 

Hyperplane 

Margin 
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if the data has too much noise the performance will be diminished. It can be compute intensive 

in terms of picking the correct kernel and parameters. 

5.5.1 Support Vector Machines Experiment Results  
 

Support vector machines has demonstrated the same results as logistic regression which 

relates back to research question RQ2 about results achieved by machine learning models, 

identical Confusion Matrix and Classification Report can be seen in Figure 5.4,5.5 

respectively. Both models have failed in classification of any fires correctly. Support Vector 

Machines showed an accuracy of 96.7% for early detection of fire and gas leakage in the 

research proposed by Salhi, Silverston, Yamazaki and Miyoshi (2019) discussed in section 

2.9. In the current experiments has shown an accuracy of 98.5% but fails to classify fires 

correctly.  

 

 

 

 

 

 

 

 

 

 

 

 

 

5.6 Decision trees and Random Forests 

Classification and regression problems can be solved using decision trees and random 

forests. Decision trees work by iteratively ask questions from nodes which represents 

attributes in the data making a flow-chart like structure. Leaf nodes and branches in the trees 

n=1197 Predicted: No 
Fire 

Predicted: 
Fire 

Actual: No 
Fire 

TN= 1180 FP= 0 

Actual: Fire FN= 17 TP=0 

Table 5.4 Confusion Matrix SVM 

 

 Precision  Recall  F1-
Score 

Support 

0 0.99 1.00 0.99 1180 

1 0.00 0.00 0.00 17 

Accuracy   0.98 1197 

Table 5.5 Classification Report SVM 
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represent class labels and the outcome of the test (Mohri, Rostamizadeh and Talwalkar 2018). 

Decision trees are an effective method for classification, it works by asking a series of 

questions to reach the desired outcome to form a tree like structure as seen in Figure 5.3.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Random splits of the features may not provide valuable insights of the data. Hence, the quality 

of the split is measured using: 

• Gini Impurity: Gini impurity is a mechanism to decrease the misclassification. The 

higher the randomness in the data the greater the impurity. 

• Entropy: This is the measure of randomness. The higher the randomness in the split 

the higher the value of entropy. 

Decision trees tries to have less impurity and lower entropy when choosing features for the 

split. The depth of the tree must be limited to prevent overfitting. In the experiments sci-kit 

learn is used which provides the following hyperparameters to control the decision trees: 

Figure 5.3 Decision Trees Example 
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• max_depth: This variable can be used to limit the depth of the tree. If this variable is 

not specified, the features will be split until all leaves are pure.  

• min_sample_split: This is the minimum number of samples to split the node. If 

unspecififed, the model will keep splitting until the min_sample_split parameter is 

reached. 

• min_impurity_decrease: Normally, the aim with each split is to decrease impurity 

however this is not achieved sometimes. Therefore min_impurity_decrease sets the 

threshold to the split.  

Random forests on the other hand is the combination of many decision tress. Bagging method 

is used to build random forests as it uses each decision tree as a parallel estimator. Similarly, 

random forests can be used for regression as well as classification. Since there is a 

combination of decision trees therefore it takes the mean of the decision trees. Normally, the 

accuracy of the random forests is higher than decision trees and it’s also less likely to have 

the problem of overfitting (Mohri, Rostamizadeh and Talwalkar 2018). Additionally, to 

decrease the compute time so that it does not become a bottleneck the decision trees in 

random forests run parallel. The decision trees must be uncorrelated to achieve better results, 

otherwise if the trees are similar then the results from random forests won’t differ much from 

a single decision tree. To achieve uncorrelated decision trees, the following methods are used: 

• Bootstrapping: Random selection of samples of data from the training data to form a 

bootstrap sample. 

• Feature Randomness: This refers to the features in each decision tree which is 

achieved by randomly selecting features. The maximum number of features can be 

controlled by using the max_features parameter.  

There is an important parameter which can be used while conducting experiments. The is the 

n_estimators parameter which indicates the number of decision trees in the forest. Therefore, 

normally the accuracy of the model should increase as the number of decision trees increase. 
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However, at a certain point it does not make any difference to the results. There are many 

advantages of random forests such as not requiring feature scaling, the trees run in parallel to 

minimise effect on performance.  

5.6.1 Decision Trees Experiment Results  

Decision trees show a slight variation in results obtained from Logistic Regression and Support 

Vector Machines it performs slightly worse, there is 1 false positive classification made by 

decision which means the model has predicted fire when there was no fire which is the 

definition of false alarm as seen in Confusion Matrix in Table 5.6. Therefore, the impact of 

false positive classifications is detrimental it also sheds light on the research question RQ5. A 

lower overall accuracy of 98.49% compared to logistic regression and SVM is observed, 

similar precision, recall and f1-score of 0.0 is achieved for classification of fires as seen in the 

classification report in Table 5.7. 

 

 

 

 

 

 

 

 

 

 

 

 

5.6.2  Random Forests Experiment Results 

Random forests have shown the same behaviour as Logistic Regression and Support Vector 

machines. These three models have classified all the events as non-fires failing in 

classification of fires correctly as seen in the confusion matrix Table 5.8 and classification 

report in Table 5.9. This associates back to research question RQ4 the best models selected 

n=1197 Predicted: No 
Fire 

Predicted: 
Fire 

Actual: No 
Fire 

TN= 1179 FP= 1 

Actual: Fire FN= 17 TP=0 

Table 5.6 Confusion Matrix Decision Trees 

 Precision  Recall  F1-
Score 

Support 

0 0.99 1.00 0.99 1180 

1 0.00 0.00 0.00 17 

Accuracy   0.98 1197 

Table 5.7 Classification Report Decision Trees 
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in this case 3 models have exhibited similar behaviour. Interestingly, random forests 

performed well in detection of heart diseases proposed by Atallah and Al-Mousa (2019) where 

both Random Forrests and Logistic Regression shown an accuracy of 87% (see section 2.17). 

 

 

 

 

 

 

 

 

 

 

 

 

 

5.7 Naïve Bayes Classifier 

Naïve Bayes classifier is an algorithm used for classification problems such as email spam 

filters. Naïve Bayes Classifier assumes the X (features) to be independent  of each other which 

is one of its key differences from other algorithms. This classifier is based on the Bayes 

Theorem and is considered suitable for large datasets.  Two key terms to understand in the 

Bayes theorem is probability and conditional probability.  Probability refers to the how likely 

an event is to take place between 0 and 1. For instance an event X is denoted by P(X) and 

would be calculated by division of desired outcome with all the possible outcomes. Conditional 

probability is how likely is an event X to occur given that another event correlated with event 

X has already occurred (Shalev-Shwartz and Ben-David 2015). Additionally, there is another 

concept to understand which is joint probability which refers to the probability of two events to 

occur at the same time. The equation for bays theorem can be seen in Figure 5.4. 

n=1197 Predicted: No 
Fire 

Predicted: 
Fire 

Actual: No 
Fire 

TN= 1180 FP= 0 

Actual: Fire FN= 17 TP=0 

Table 5.8 Confusion Matrix Random Forests 

 

 Precision  Recall  F1-
Score 

Support 

0 0.99 1.00 0.99 1180 

1 0.00 0.00 0.00 17 

Accuracy   0.98 1197 

Table 5.9 Classification Report Random Forests 

 



 

55 
 

 

 

Naïve Bayes performs fast due to the assumption that features are not corelated to each other 

which proves very useful in cases where speed is preferred over accuracy. Likewise, due to 

this consideration about the features the accuracy of Naïve Bayes Classifier can be lower as 

compared to other complicated classification algorithms. 

5.7.1 Naïve Bayes Experiment Results 

Naïve Bayes has produced the most interesting behaviour in comparison to other models. It 

classifies 15 out of 17 fires correctly which is the highest as compared to other algorithms as 

seen in the confusion matrix in Table 5.10. This comes at the expense of very high false 

positive rates with 448 false positive which results in high misclassification rates. Additionally, 

highest recall of 0.88 for classification of fires is exhibited by Naïve Bayes as identified in the 

classification report in in Table 5.11. 

 

The classifier demonstrated overall accuracy of 62.4% with high misclassification rate of 

37.6% due to high false positive rate. Naïve Bayes was utilised in the intrusion detection 

system by Halimaa and Sundarakantham(2019) where it achieved an accuracy of 67.26% as 

compared to 97.29% by support vector machines discussed in section 2.16, hence producing 

similar behaviour in those experiments. Deviation in the results of Naïve Bayes from other 

models may be due to the mathematics behind the algorithm assuming all features to be 

uncorrelated. 

 

Figure 5.4 Bayes Theorem Equation 
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5.8 Fire System Dataset Results Summary 

There has been very similar behaviour indicated by four models which include Logistic 

Regression, Support Vector Machine, Decision Trees and Random Forests, these models 

have mostly classified all events as non-fire resulting in no true positives and 0.0 recall which 

is also known as true positive rate or sensitivity as seen in Table 5.12. The performance of 

these models examines research question RQ1 which is effectiveness of the machine learning 

models in reducing false alarms. The overall accuracy is deceitful since there is a huge 

imbalance in the data. Naïve Bayes has shown the best true positive rate with a recall of 0.88 

successfully managing to classify 15 out of 17 fires, but this comes at the expense of high 

misclassification rate of 37.6%. 

 Accuracy Misclassification 
Rate 

Recall for 
Class 1/ 
TPR/Sens
itivity  

True 
Positives 

Total incorrect 
classification = 
FP+FN 

Logistic 
Regression 

98.57% 1.43% 0.00 0 17 

Support 
Vector 
Machines 

98.57% 1.43% 0.00 0 17 

Decision 
Trees 

98.49% 1.51% 0.00 0 18 

n=1197 Predicted: No 
Fire 

Predicted: 
Fire 

Actual: No 
Fire 

TN= 732 FP= 448 

Actual: Fire FN= 2 TP=15 

Table 5.10 Confusion Matrix Naive Bayes 

 

 Precision  Recall  F1-
Score 

Support 

0 1.00 0.62 0.76 1180 

1 0.03 0.88 0.06 17 

Accuracy   0.62 1197 

Table 5.11 Classification Report Naive Bayes 
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Random 
Forests 

98.57% 1.43% 0.00 0 17 

Naïve 
Bayes 

62.4% 37.6% 0.88 15 450 

Table 5.12 Fire System Dataset Results Summary 

5.9 Experiments with Under sampled data 

There is a huge imbalance in the data and models have classified events in one class based 

on the frequency as proven through the results in section 5.8 . Therefore, under sampling will 

be performed on the dataset where the number of non-fires i.e. the abundant class will be 

considerably reduced. The non-fires have been reduced abundantly from 3936 to 447 and 

data is distributed into 70% for training and 30% for test the details can be seen in  Table 5.13 

below. 

Total Samples Non-Fires in 
Data  (0) 

Fires in data(1) Training 
Data 

Test Data 

500 447 53 70% 
350 Samples 
37 Fires 

30% 
150 Samples 
16 Fires 

Table 5.13 Under sampled data distribution 
  

An improvement in the performance of various machine learning models upon conducting 

experiments on the under sampled data has been witnessed. Models that failed to make true 

positives classifications with initial dataset have classified some fire instances correctly with 

the under sampled data. An improved recall in the range of 0.44-0.56 is observed in the models 

such as Logistic Regression, SVM, Decision Trees and Random forests for classification of 

fires as seen in Table 5.14 also refers to research question RQ1. Naïve Bayes achieves 

highest recall of 1.00 classifying all fires correctly, but with a high misclassification rate of 

54.76%  However, still half of the fires are incorrectly classified the various machine learning 

models with higher number of false negatives 9 in logistic regression and SVM followed by 7 

in Decision trees and random forests which is in contrast to the research question RQ4. 

Therefore, it has been evident that the imbalance in the data halts the performance of the 

machine learning models but due to the nature of the dataset there will always be a huge 

imbalance between fires and non-fires no matter which site the data is collected from. 
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Therefore, careful consideration needs to be taken upon training the machine learning models 

with the relevant data.  

 Accuracy Misclassification 
Rate 

Recall for 
Class 1/ 
TPR/Sens
itivity  

True 
Positives 

Total incorrect 
classification = 
FP+FN 

Logistic 
Regression 

94% 6% 0.44 7 9 

Support 
Vector 
Machines 

93.33% 6.67% 0.44 7 10 

Decision 
Trees 

95.33% 4.67% 0.56 9 7 

Random 
Forests 

95.33% 4.67% 0.56 9 7 

Naïve 
Bayes 

45.33% 54.67% 1.00 16 82 

Table 5.14 Under sampled Data Results 

5.10 Experiments with test dataset including Temperature  

Results from experiments conducted with AMX fire alarm systems illustrated lower true 

positive rates i.e. ability to classify fires correctly. One of the reasons behind this may be the 

poor correlation between the features in that dataset as expressed through different filter and 

wrapper methods in sections 4.3 and 4.4 respectively. IOT sensors such as temperature and 

humidity were used to monitor forest fires by Liu, Liu, Xu and Teo(2018) discussed in section 

2.2. Imteaj, Rahman, Hossain, Alam and Rahat (2017) proposed a fire alarm detection system 

using raspberry pi 3 with sensors such as temperature, light and camera (see section 2.5). 

Therefore, simulation experiments are conducted to add IOT sensor temperature data in order 

to improve the performance of the models, details on how this data is collected are described 

in section 4.1 data collection. 

5.10.1 Training/Test data for Experiments  

Experiments conducted on test dataset gathered through simulation experiments 

incorporating temperature sensor data used 70% training data and 30% test data. The data 

consists of 173 samples in total detailed distribution can be seen in Table 5.15 
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 Training Data Test Data 

Percentage 70% 30% 

Total Samples 121 52 

Fires(1’s) instances in data 9 5 

Non-Fires(0’s) in data 112 47 

Table 5.15 Train/Test Split Dataset with Temperature 

 

5.10.2 Experiments Results Temperature Dataset 

Machine learning models have demonstrated a great improvement in performance using the 

test dataset with temperature. The best results are achieved on this dataset, models have 

indicated a higher recall in the range 0.60-1.00 which is a huge improvement as compared to 

the last dataset. Interestingly, the number of incorrect classifications has decreased drastically 

as well with 1 or 2 incorrect classification by all models expect Naïve Bayes as seen in Table 

5.16. Overall accuracy in the range of 96%-98% is achieved by various models except low 

performing Naïve Bayes as seen in Figure 5.5 , it also links to research question RQ2 around 

the accuracy rates achieved by various models. These results also associate back to RQ1 

about the effectiveness of machine learning models and have shown to increase the 

performance of the various models. Naïve Bayes achieves 1.00 recall and classifies all fire 

correctly but has  46 incorrect classifications with misclassification rates of 86.53%.  The best 

performance is exhibited by Logistic regression with the highest accuracy and only 1 incorrect 

classification. The detailed confusion matrix and classification report for all models can be 

seen in Appendix B. Dataset with temperature has proven to be a key asset in improving the 

performance of the models. Imteaj, Rahman, Hossain, Alam and Rahat (2017) used IOT 

sensors such as temperature for detection of fire alarm detection discussed in section 2.5. 

The impact in the performance of the models with this dataset could be due to the reason that 

temperature data accomplished highest scores in Pearson Correlation, Backward Elimination, 

Recursive Feature elimination and LASSO regression as proven in sections 4.3,4.4 and 4.5.  
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 Accuracy Misclassification 
Rate 

Recall for 
Class 1/ 
TPR/Sens
itivity  

True 
Positives 

Total incorrect 
classification = 
FP+FN 

Logistic 
Regression 

98.08% 1.92% 0.80 4 1 

Support 
Vector 
Machines 

96.15% 3.85% 0.60 3 2 

Decision 
Trees 

96.15% 3.85% 0.80 4 2 

Random 
Forests 

96.15% 3.85% 0.80 4 2 

Naïve 
Bayes 

13.46% 86.53%  1.00 5 46 

 Table 5.16 Test Dataset ML Models Results 

 

 

 

 

 

Figure 5.5 Bar Graph ML Models Performance Test Dataset 
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5.11 Evaluation of Model Performance 

The results of various model have been discussed in this chapter. The performance of the 

models has been evaluated using different evaluation methods considering the observations 

made during the research such as imbalance in the dataset to choose the most suited 

evaluation metrics which will help in answering research questions RQ1, RQ4 and RQ6. The 

various evaluation methods include the following (details on why these methods are used can 

be seen in section 3.6)  

• Cohen Kappa 

• MCC( Matthews Correlation Coefficient)  

• K-Fold Cross Validation 

5.12 Cohen’s Kappa  

Cohens kappa is a great statistic metric measure for the performance when there is an 

imbalance in the dataset, it compares the observed accuracy with expected accuracy(random 

chance). The score demonstrates the level of agreement between two annotators on 

classification problems. Cohen kappa metric for various classification models is computed 

using the following 

• from sklearn.metrics import cohen_kappa_score 

• cohen_score = cohen_kappa_score (y_true, y_pred ) 

y_true = ground truth correct target values 

y_pred = predictions made by the specific classification model 

Therefore, the two annotators use are the y_true which is the true labels of the data and y_pred 

which is the classifications made by the specific model. The evaluation metric can aid in 

responding to research questions RQ1, RQ2 and RQ4.  

k =
po − pe

1 − pe
= 1 −  

1 −  po

1 −  pe
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In the above formula po indicates the observed agreement, pe indicates the expected 

agreement. Therefore, it interprets how much better a classifier is performing as compared to 

a classifier which makes random guesses based on the frequency of the class (Wang, Yang 

and Xia 2019). The value of Cohen kappa ranges from -1 to 1 and is always less than or equal 

to 1. The values of Cohen kappa can be interpreted as below: 

• <= 0  indicates no agreement  

• 0-0.20 indicates slight agreement 

• 0.21-0.40 indicates fair agreement  

• 0.41-0.60 indicates moderate agreement 

• 0.61-0.80 indicates substantial agreement 

• 0.81- 1 indicated almost perfect agreement  

 

Cohen kappa scores express that the worst performance from the models was seen on the 

initial fire system dataset, most models achieved Cohen kappa score of 0.0 indicating no 

agreement which is because these models randomly classified all events as non-fires based 

on the quantity in the dataset as seen in Table 5.17. Naïve Bayes achieved a marginally better 

score of 0.04, which also translates to poor agreements since too many false positives were 

classified in Naïve Bayes.  

Under sampling the data had a positive impact on the performance the Cohen Kappa values 

in the range of 0.55-0.69 were achieved by various models which demonstrates moderate 

agreement by the models. However, there are still half of the events which have been 

misclassified by the various models.  

The models have shown the best performance with the test dataset including temperature 

sensor data as proven by the highest Cohen Kappa scores seen in Table 5.17, this aids in 

elaborating the research question RQ2 around how the performance of the various models is 

measured. Cohen Kappa scores in the range of 0.73 to 0.88 are achieved by various models 
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suggesting substantial agreement between the models. Logistic Regression achieves the best 

score of 0.88 with only 1 incorrect classification. Contrarily, Naïve Bays was an 

underperforming model in all the datasets due to high misclassification rates, high number of 

false positives. This may be due to the Naïve Bayes assuming features are independent, the 

model also achieved a low accuracy of 67.26% in the intrusion detection system study 

conducted by Halimaa and Sundarakantham(2019) details in section 2.16. 

 Cohen Kappa 
Score Fire System 
Dataset 

Cohen Kappa 
Score Under 
Sampled Data 

Cohen Kappa Score 
Test Data with 
Temperature 

Logistic Regression 0.0 0.58 0.88 

Support Vector 
Machines 

0.0 0.55 0.73 

Decision Trees 0.0 0.69 0.78 

Random Forests 0.0 0.69 0.78 

Naïve Bayes 0.04 0.11 0.004 

Table 5.17 Cohen Kappa Scores 

 

 

5.13 Matthews Correlation Coefficient 

A very similar trend to Cohen Kappa scores was observed with MCC(Matthews Correlation 

Coefficient scores therefore the results can be seen in Appendix E.  
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Figure 5.6 Cohen Kappa Scores 
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5.14 K-Fold Cross Validation and Mean Accuracy  

A resampling procedure used to estimate the skill of a machine learning model on new data. 

It aids evaluating the performance of the machine learning models which will help in answering 

research questions RQ1, RQ4 and RQ6. The benefit with K-Fold cross validation is that it 

enables the evaluation of the model performance across the entire dataset. K-fold cross 

validation consists of a single parameter called K which is the number of folds (Mohri, 

Rostamizadeh and Talwalkar 2018). 

 

The value of k is important to avoid misrepresentation about the skill of the model, causing 

high variance and high bias (overestimation of model skill). K values of 5 or 10 are normally 

used, in this research value of k used is k=10, because model skill is estimated with low bias 

a modest variance. Guan, Shi, Ma, Cui and Wu (2017)  also used 10-fold cross validation for 

evaluation in the research around methods for false alarm recognition (see section 2.7).  The 

Figure 5.7 shows that where k=5 data is distributed into 5 equal folds. The experiment is 

conducted using 1-fold for test and the remaining 4 as training, evaluation score is retained. 

The experiment is then repeated 5 times by changing the fold for testing each time as shown 

in Figure 5.7. 

Iteration 1 Test Train Train Train Train 

Iteration 2 Train Test Train Train Train 

Iteration 3 Train Train Test Train Train 

Iteration 4 Train Train Train Test Train 

Iteration 5 Train Train Train Train Test 

Figure 5.7 Cross Validation 

 



 

65 
 

 

5.14.1 10-Fold Cross Validation Fire System Dataset 
 

The distribution of the data across the 10-fold can be seen below in the Table 5.18. There are 

3989 samples in total with at least 5 fires in each fold. 

 

Accuracy and true positives achieved by the various models in 10-fold cross validation is 

plotted in the line graphs in Figure 5.8. Additionally, the average totals across the 10-folds 

such as mean accuracy, true positives, recall and incorrect classifications can be seen in Table 

5.19.  10-Fold cross validation results for the under sampled data can be seen in Appendix F.  

• Logistic Regression & Support Vector Machines: Both models exhibit the same 

behaviour as in the last experiments with 70% training and 30% test data. A flat orange 

line is observed with no true positive classifications made by both models across the 

10 folds. These models have classified all events as non-fires across all the 10-folds 

hence failing in classifying any fires correctly, this is also the reason the Cohen Kappa 

scores for these models earlier in section 5.12 is 0.0. These models achieved 0.0 recall 

and 53 incorrect classification across the 10-folds. All the incorrect classifications made 

by these models are fire events i.e. false negatives. 

• Decision Trees & Random Forests: These algorithms demonstrate similar trend with 

slight difference. Decision trees slightly outperforms random forests with 1 true positive 

detected in fold-6 and fold-5 while random forests have a flat orange line for true 

positive across the 10-folds. Decision trees achieved a recall of 0.04 as compared to 

0.0 by random forests. Finally, random forests make more incorrect classifications with 

 K=1 K=2 K=3 K=4 K=5 K=6 K=7 K=8 K=9 K=10  

Total 
Samples  

399 399 399 399 399 399 399 399 399 398 

Fires 5 5 5 5 5 5 6 6 6 5 

Table 5.18 Fire System Dataset 10-Fold Distribution 
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a total of 64 as compared to 60 by decision trees. Due to the variance in the data 

random forests is slightly outperformed by decision trees using the default parameters. 

• Naïve Bayes: Naïve Bayes demonstrated the most interesting behaviour with the 

highest recall of 0.96 classifying 51 out of the 53 fires correctly. However, the high true 

positive rate comes with high false positive rate with the highest incorrect 

classifications with 1543.  
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 Mean 
Accuracy 
across 10-
Folds 

True 
Positives 
Across 10-
Folds 

Recall/True 
Positive 
Rate/Sensitivity 
across 10-Fold 

Total Incorrection 
Classification= 
FP+FN across 10-
folds 

Logistic 
Regression 

98.67 0 0.0 53 

Support 
Vector 
Machines 

98.67 0 0.0 53 

Decision 
Trees 

98.47 2 0.04 60 

Random 
Forests 

98.45 0 0.0 64 

Naïve Bayes 61.33 51 0.96 1543 

Table 5.19 10-Fold Cross Validation Results Fire System Dataset 

 

The various machine learning models exhibit the same behaviour in 10-fold cross validation 

as compared to the results discussed in section 5.8 where there was 30% test data consisting 

of 17 fires in test data with models failing to predict any fires correctly, during 10-fold cross 

validation repeated in 10-folds the performance of models is tested on all 53 fires. Turki (2018) 

utilised cross validation and mean accuracy for the evaluation of support vector machine 

results on the cancer data(see section 2.1). Logistic regression and support vector machines 

classify all events as non-fires achieving highest mean accuracy of 98.67%. Naïve Bayes 

achieved the highest true positive rate with 0.96 and 51 fires classified but lowest mean 

accuracy of 61.33% due to high misclassification rate as seen in Figure 5.9. Decision Trees is 

the only model apart from Naïve Bayes which makes 2 true positive classification achieving 

recall of 0.04. These results will aid in terms of drawing conclusions around our initial 

hypothesis made during this project as well as the research questions RQ1, RQ2, RQ4.  
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5.14.2  10-Fold Cross Validation Test Dataset including Temperature 

The distribution of the data into the 10-fold can be seen in the Table 5.20. The data consists 

of 173 samples in total, there is at least 1 fire in each of the folds.  

 K=1 K=2 K=3 K=4 K=5 K=6 K=7 K=8 K=9 K=10  

Total 
Samples  

18 18 18 17 17 17 17 17 17 17 

Fires 2 2 2 1 1 1 1 1 1 2 

Table 5.20 10-Fold Data Distribution Test Dataset 

The performance of the different models across during the 10-Folds is plotted on the line graph 

with the true positives as seen in the Figure 5.10. The average scores across the 10-folds can 

be seen in Table 5.21.  

Logistic Regression: The model demonstrated good performance across the entire dataset 

classifying 10 out of possible 14 fires correctly with recall of 0.7 across the 10 folds. There are 

accuracy drops in fold 6 and 7 as the models makes incorrect classification in these folds. 

Overall, 7 incorrect classifications are made across the entire dataset. 
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Support Vector Machines: Support vector machine have performed quite well across the 10-

folds with the lowest incorrect classifications with only 5. Interestingly SVM is the only model 

with 0 false positives across the 10 folds, false positive classification defines false alarms in 

real life scenarios. The model classified 9 fires correctly with a true positive rate of 0.6.  

Decision Trees & Random Forests: Decision trees classify higher fires correctly as 

compared to logistic regression, support vector machines and random forests with 11 correctly 

classified out of 14 with impressive recall of 0.85 across the 10-Folds. The behaviour of 

decision trees and random forests is quite similar. The models made 7 incorrect classification 

classifications. Random forests achieved one less true positive as compared to Decision 

Trees, but also have one less incorrect classification too. 

Naïve Bayes: Naïve Bayes is the only model which classified all the 14 fires correctly, but this 

is because the model classified most events fires with 152 false positive classification across 

the 10-fold. This has a huge negative effect on the mean accuracy of the model. 

 

 Mean 
Accuracy 
across 10-
Folds 

True 
Positives 
Across 10-
Folds 

Recall/True 
Positive 
Rate/Sensitivity 
across 10-Fold 

Total Incorrection 
Classification= 
FP+FN across 10-
folds 

Logistic 
Regression 

95.92% 10 0.7 7 

Support 
Vector 
Machines 

97.12% 9 0.6 5 

Decision 
Trees 

95.95% 11 0.85 7 

Random 
Forests 

96.50% 10 0.65 6 

Naïve Bayes 12.05% 14 1.0 152 

Table 5.21 10-Fold Cross Validation Results Test Dataset 
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K-fold Cross Validation is one of the most comprehensive evaluation methods for the 

performance of various machine learning models, because it uses each of the k-folds for 

testing and remaining for training as compared the standard train/test split. The value of k=10 

has worked well on current datasets.  The test dataset has produced the better results from 

the machine learning models with four models performing well, mean accuracy achieved by 

Support Vector Machines (97.12%),Random Forests(96.50%), Decision Trees (95.95%) and 

Logistic Regression (95.92%) as seen in Figure 5.11 these results help us address research 

question RQ6.  
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6. Discussion and Proposals 

The results have been discussed in chapter five, therefore this chapter will include the 

interpretation of these results by addressing all the research questions discussed in section 

1.1 bringing the thesis towards its conclusion. The research questions will be addressed by 

referencing to the specific section in thesis to support it with findings. 

6.1 RQ1: Are Machine learning algorithms an effective solution in reducing false 

alarm rates? 

The results achieved by machine learning models on the fire system dataset achieved poor 

Cohen Kappa scores of 0.0 as discussed in section 5.12 indicating no agreement in the 

decisions made by the models classifying events randomly. Furthermore it was discovered 

through the results of models such as Logistic Regression, SVM, Decision Trees and Random 

forests failed in classifying fires correctly as seen in the confusion matrix in sections 5.4.1, 

because the models randomly classified all events as non-fires based on the quantity of non-

fires. Finally, when the performance of the models was evaluated on the entire dataset by 

dividing the data into 10 folds in cross validation discussed in section 5.14.1 most models 

failed in classifying any fires correctly achieving recall of 0.0 still demonstrating the behaviour 

of randomly classifying all events. Naïve Bayes demonstrated some ability in trying to 

distinguish between events achieving highest recall of 0.96 but this came at the cost of high 

misclassification rate of 38.67% hence making it unsuitable. Therefore, it was observed 

through these results that machine learning may not be effective on the data collected from 

fire alarm systems due to poor relations between features in the data( see sections 

4.3,4.4,4.5). Due to the imbalance(see section 4.2.1), the experiments were repeated by under 

sampling the data. There was some improvement seen in the results better recall in range of 

0.44 to 0.56 discussed in section 5.9. Cohen Kappa scores improved in the range of 0.55 to 

0.69 indicating moderate agreement in the decision made by the models discussed in section 

5.12. But still there are half of the fires incorrectly classified upon under sampling the data as 
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discussed in section 5.9. Therefore, machine learning algorithms did not provide effective 

results on the fire system dataset. 

 

However, there was significant improvement observed in the performance of models on the 

test dataset with temperature sensor data. New sensors such as temperature were 

incorporated to increase the robustness in the data and improve model performance 

discussed in section 6.10, details on data collection in section 4.1.2. Machine learning models 

demonstrated recall scores in the range 0.60 to 1.00 on this dataset discussed in section 5.10. 

Furthermore, the highest Cohen Kappa scores in the range of 0.73 to 0.88 were acquired by 

machine learning models suggesting substantial agreement in the decisions made by machine 

learning models discussed in section 5.12. Finally, models illustrated good performance in 10-

fold cross validation results with recall in the range 0.6 to 0.85 and mean accuracy range in 

95-97% discussed in section 5.14.2. Therefore, machine learning algorithms demonstrated 

effectiveness to a degree in aiding to reduce false alarms. 

6.2 RQ2: What accuracy rates can be achieved through machine learning 

decisions and how the performance of models is measured? 

Machine learning models achieved mean accuracy in the range 97-98% for fire system dataset 

discussed in section 5.14.1, for the test dataset mean accuracy in the range of 95-97% was 

accomplished by models as discussed in sections 5.14.2. However, during the research it was 

identified that accuracy can be misleading due to imbalance in the data(see section 4.2.1). 

Therefore, most suited evaluation methods based on the situation were used described in 

section 3.6.  

6.3 RQ3: Can the proposed machine learning solution applicable in real life 

situation on building equipped with fire alarm systems? 

It is possible to implement the proposed solution by incorporating IOT sensors and integrating 

the data with the fire alarm system. The proposed architecture and details on how this will can 
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be applied in buildings is discussed in section 6.10. Additionally, the application of machine 

learning in fire alarm systems is explained in section 6.11. 

6.4 RQ4: How will the best suited machine learning models be selected? 

During the research different methods have been used to evaluate the model performance to 

choose the most suited models. The selection of these evaluation methods has varied based 

on the findings in the research such as imbalance in the data therefore the most suitable 

methods have been selected. Initially, the model performance is measured by using confusion 

matrix and classification report as discussed in chapter five in sections 5.4.1, 5.5.1, 5.6.1, 

these methods have been used for evaluation of models for heart disease detection by Atallah 

and Al-Mousa (2019) discussed in section 2.17 as well as for early detection of gas leakage 

proposed by Salhi, Silverston, Yamazaki and Miyoshi (2019) in section 2.9.  

 

Additionally, evaluation methods such as Cohen Kappa, MCC(Matthews Correlation 

Coefficient) and 10-fold cross validation discussed in chapter five sections 5.12, 5.13, 5.14 

respectively have been used. These methods are chosen because they enable us to measure 

the quality of classifications made by models on imbalanced data. Cross validation and mean 

accuracy have also been used for evaluation by Turki (2018) for machine learning application 

in cancer identification as discussed in section 2.1.  

6.5 RQ5: What is the impact of incorrect predictions made by machine learning 

algorithms? 

Incorrect classification can be highly detrimental in life safety critical decisions such as status 

of fire events. If the events are translated to the confusion matrix discussed in chapter three 

section 3.6.2, FP(False Positive) when the model predicts “Fire” but actual result is “No Fire” 

is the definition of false alarm  high rates of this were observed by Naïve Bayes as discussed 

in chapter five in the following sections  5.7.1, 5.10.2. Additionally, FN(False Negative) is when 

the model predicts “No Fire” but actual result is “Fire” which is highly risky in life safety critical 
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situation has been detected in various models such as Logistic Regression, SVM, Decision 

Trees and Random forests on the fire system dataset as discussed in sections 5.4.1, 5.5.1 , 

5.6.1, 5.6.2 etc. Therefore, incorrect predictions in fire safety system may have very 

detrimental consequences. 

6.6 RQ6: What is considered an acceptable performance from the machine 

learning models? 

Machine learning models have shown different results as discussed in chapter five. The false 

alarm rate has been varying between 40 to 44 percent in the last 10 years, around 226,000 

(40%) of the incidents attended by the fire and rescue services in  2017/2018 were false alarms  

Therefore, the acceptable performance of the ML models is the ability to lower the 40% false 

alarm rate. Machine learning models are applicable per site using the data from that site, 

performance of the machine learning models is dependent upon the nature of the site  (size, 

number of sensors, daily events, dataset etc). Therefore, different accuracies based on the 

size of the site may have a different outlook and may prove to be effective in lowering the 40% 

false alarm rate. 

6.7 RQ7: Does the proposed solution comply with the fire standard and 

legislation ? 

The proposed architecture discussed in section 6.10 complies with the fire legislation and 

standards as per section 6.10.3 the fire standard states the building must be equipped with a 

fire alarm system. The proposed solution aims to add additional sensors such as temperature 

to the existing architecture of the fire alarm system. According to the compliance standard 

different detectors may be used for fire detection such as Heat and Multi-Sensor detectors , 

inclusion of temperature sensors falls under this category of sensors discussed in section 

6.10.4. 
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6.8 Limitations  

There are some limitations in this research area which play a role in the root problem of false 

alarms. The limitations include the following 

• Poor Availability to Data: It is quite difficult to research into this area as the first stage 

includes collecting the relevant data from a fire alarm system in a building which is 

normally not accessible. This case was an exception as I worked for a Fire Alarm 

Systems company hence was able to get access to a dataset. 

• Imbalance in data: There would always be a very low ratio of fire events as compared 

to non-fires on the site. This impacts the machine learning models performance as 

there is low exposure to the fire classes in the training dataset. 

• Legacy Fire Systems: The fire alarm industry has an unchanging nature as a lot of 

the systems used now a days are legacy systems built around 20 years ago. This also 

plays a role in the high false alarm rate as more smarter systems built using modern 

technologies and incorporating smart sensor may reduce the false alarm rates. 

• Budget: There are tight budgets for the fire officers to work with in equipping the 

building with the fire detection system. This budgets also play a role in choosing 

simpler systems as compared to more sophisticated systems. 

• Insurance Companies:  The fire safety system on site can be of high interest to the 

insurance companies. As mitigating the risk by including more smarter IOT sensors 

(temperature, humidity, C02 etc) can potentially increase the detection rate on site 

which enables earlier intervention helping in preventing excessive fire spread/damage. 

This can reduce the cost of the claim and can be a factor leading to reduction in the 

insurance premiums (Car insurance premium is reduced by adding speed monitoring 

devices).  Additionally, insurance companies are likely to have fire event data which 

can aid in investigating the impact of having more sophisticated fire alarm systems in 

reducing fire spread/damage as many fires spread due to equipment failures, out of 

date fire alarm systems, and poor maintenance etc. 
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6.9 Research Approach Application 

During this research there are different methods used which have been discussed in the 

methodology chapter three. The research investigated into use of machine learning methods 

on fire system dataset gathered from AMX fire alarm system and test dataset gathered through 

experiments. However, due to the limited availability of the fire datasets the scope of the 

research approach and methods is not only limited to these specific datasets. The results can 

be reproduced by using the methodology used in this research discussed in chapter three can 

be applied on any similar datasets with fire information such as the Forrest Fire detection 

dataset with temperature and humidity data proposed by Liu, Liu, Xu and Teo(2018) discussed 

in section 2.2. Similarly, machine learning can be incorporated using the methodology followed 

in this research on the IOT based fire alarm detection system with temperature, light and 

camera sensors proposed by Imteaj, Rahman, Hossain, Alam and Rahat (2017) in section 

2.5.   

6.10 Fire System Architecture Proposal  

There are experiments conducted in a controlled environment using temperature sensors 

which proved to improve the results of machine learning models significantly as discussed in 

section 5.10. Therefore, there are proposals made on how this data can be incorporated into 

the current fire system architecture which helps address research question RQ3. Currently, 

AMX primarily collects fire data through the smoke detectors with data communicated to the 

AMX fire alarm system via event loops serial communication via RS323. The IOT temperature 

sensors can be incorporated in the specific rooms as seen in Figure 6.1. These sensors can 

be paired to the device id of the specific room to link the data. The default information is 

communicated to fire alarm system, however now the temperature sensor data snapshots 

stored in the cloud are sent via rest API’s to the relevant event attaching the temperature 

information in the event log with the proposed architecture seen in Figure 6.1. Therefore, 

incorporating temperature sensors to the current system is quite straightforward. There is 

flexibility to install the temperature sensor after the fire system has been installed as well as 
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only adding the temperature sensors in certain risky areas in the building as the data from the 

temperature sensors is independent from the main fire alarm system data. There will be further 

added cost for the temperature sensor equipment.  

 

 

6.10.1 Environmental Factors and Constraints 

This proposed solution does provide us with more data which can be utilised to make more 

informed decisions. However, there are some environmental factors which can affect the 

performance of the proposed solution such as the following: 

1. Chemical Labs: This solution being incorporated in chemical labs can give us with 

misleading information in terms of the temperature as certain chemical reactions taking 

place in a lab can increase the overall room temperature.  

2. Weather Conditions: If the room has a lot of windows and the temperature outside is 

very high in the summer the temperature sensors can show high value of temperature 

but does not deduct that there may be a fire in the room. 

Figure 6.1 Architecture Proposal for new sensors 



 

80 
 

3. Server Rooms/Data Centres: Data centres where the rooms are accumulated by 

hundreds of servers in the room increase the overall temperature of the room.  

4. Speed: Speed of the machine learning models is also a constraint in terms of the time 

taken to train the models, time taken in decision making by the model. Therefore, it is 

important to consider speed of machine learning models.  

6.10.2 Solution Cost 

The proposed architecture in section 6.10 will add to the overall cost of the fire alarm system. 

Since there is new equipment added such as the IOT sensor and the cloud connector. 

Therefore, this factor must be considered because many buildings might not have the budget 

to install these sensors. 

6.10.3 Compliance Standards/Legislation 

Since the proposed area of work is related to the fire industry the fire standard and legislation 

must be considered to make sure it complies with the standards. The proposed work complies 

with the British fire standard as seen in Appendix H.  

6.10.4 Fire Detection Sensors 

There are different types of fire events which tend to differ in nature. During this research new 

experiments were conducted where temperature sensors have been used in addition to fire 

system data as discussed in section 6.10. The different type of detectors can be seen in Table 

6.1.  

No Type of detector  

1.0 Smoke Detectors • Ionisation Detectors 

• Photelectric Detectors 

1.1 Heat Detectors • Fixed Temperature Heat Detectors 

• Rate of rise heat detectors 

1.2 Multi Sensor Detector  

1.3 Multi-Sensor Detectors  

1.4 Flame Detectors  

1.5 Carbon Monoxide Detectors  

1.6 Special Fire Detection System • Aspirating Smoke Detection System 

• Beam Type Smoke Detection System 

• Linear Heat Detection Systems 

Table 6.1 Types of sensors 
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6.11 Machine Learning Application in Fire Alarm Systems Proposal 

The experiments in this research have been conducted in a local environment setup on a 

machine using Jupyter Notebook, therefore an architecture is proposed around the application 

of machine learning in fire alarm systems as seen in Figure 6.2 this helps address RQ3 around 

the application of proposed solution in real life situations. The proposed architecture uses 

AWS machine learning but there are other alternatives which can be used such as Azure ML, 

Google Cloud etc.  The first step involves gathering required data from the fire alarm system, 

this data is then stored in AWS S3 bucket in csv format. The next step involves using the 

machine learning services in AWS where the necessary permissions are assigned to access 

data in S3 bucket. Data is prepared for training then the ML model, model is then trained with 

the data reserving a portion of the data for test. The performance of the model is reviewed if 

its satisfactory then a real time prediction API is created. Once all these steps are completed, 

when a new event comes into AMX a call is made to the real time predict API end point with 

the event data in request payload in correct format. The predict API returns the prediction back 

synchronously it can be then utilised in the fire alarm system.  

 

Figure 6.2 Machine Learning Application in Fire Alarm System 
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7.Conclusions and Future Work 

This section will summarise findings in this research to conclude as well as proposals for future 

work. 

7.1 Conclusion 

This research focused around the use of machine learning on fire alarm system data to reduce 

false alarm rates. In the data processing stage, it was observed that in the initial dataset from 

the fire alarm system there were no strong relationships in the data through different filter 

methods. During the literature review many proposed solutions used smart IOT sensors to 

gather data such as temperature, C02 and CO. Liu, Liu, Xu and Teo(2018) proposed use of 

sensors for temperature and humidity to monitor forest fires. Furthermore, Matsuda, Huang, 

Tian and Tanaka (2019) used carbon monoxide, carbon dioxide for early detection of fires. 

Therefore, a new dataset was gathered using a test environment including data from fire alarm 

system along with IOT sensor data.  

 

The goal of the different machine learning models is to classify the fires/non-fires correctly to 

lower false alarm rates, to perform these classifications inputs(features) provided to the 

machine learning models include ionisation smoke, switch, optical smoke, temperature etc. 

Therefore, it is key to understand how different algorithms reach to the outcome (Fire/No Fire) 

based on the input data. Logistic regression uses the observation data(features) to create a S 

based curve called sigmoid. It computes the sigmoid function( weighted sum of input features) 

achieving a probability between 0 and 1 to classify an event as Fire/No Fire. Support vector 

machines create a separation(hyperplane) between the two classes (Fire/No Fire) using the 

input data (features). SVM computes the points closest to the separation(hyperplane) called 

support vectors. The distance between the hyperplane and support vectors is called margin, 

SVM tries to maximise the margin to create the best hyperplane representing clear separation 

between two classes (Fire/No Fire). Decision trees use a set of nodes(features) to iteratively 
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ask questions based on the data to identify key differences between classes(Fire/No Fire). An 

ensemble of decision trees forms a random forest.  Naïve bayes utilises the bayes theorem 

and works based on the probability of an event Y(Fire/No Fire) to occur based on the X data 

points (features). Naïve bayes assumes all features to be independent of each other. 

 

Results of experiments performed on the initial dataset gathered from the fire alarm system 

indicated overall accuracy in range of 97-98%, due to high imbalance in the data overall 

accuracy can be misleading (0% accuracy in classifying the fires correctly). Therefore, key 

performance indicators to help identify the performance of the models was measured using 

Cohen kappa (0.00) which depicts that machine learning model made random classifications 

having poor agreement (classified all events as non-fires achieving high accuracy due to 

imbalance), 10-fold cross-validation experiments indicated failure of models in predicting fires 

correctly in any of the folds having recall of 0.0. There was some improvement in the 

performance after under sampling the data moderate agreement was demonstrated through 

Cohen Kappa values in the range of 0.58 – 0.69, recall values also showed an improvement 

in the range of 0.44 to 0.56. Therefore, machine learning models did not perform well on the 

initial dataset failing to classify fires correctly and achieved higher overall accuracy by 

classifying all events as non-fires. 

 

However, machine learning models demonstrated better performance with test dataset 

including temperature data with higher rates of true positives in cross validation experiments, 

mean accuracy in the range of 95-97% with all models performing well expect Naïve Bayes, 

the best performance was indicated by Support Vector machine in cross validation. 

Additionally, Cohen kappa values in the range of 0.73 to 0.88 were observed by the models 

indicating substantial agreement, recall in the range 0.60 to 1.00 was observed by the models. 

Therefore, models have achieved an accuracy range between  70-90% in classifying fires 
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correctly which is a substantial increase as compared to the initial dataset where models failed 

to classify fires correctly. Most models exhibited similar behaviour with slight differences 

therefore relating to the proposed work by Atallah and Al-Mousa (2019) for heart disease 

detection it may be better to use an ensemble method which combines the results of various 

classifiers rather than relying on the results of one classifier.  These experiments indicate that 

incorporating IOT sensors in the fire systems have positively impacted the performance of the 

machine learning models.  

 

Most of the proposed solutions in the literature review data was collected through sensors for 

fire detection  Maksymiv, Rak and Peleshko (2017) detected fires using recorded video data. 

Salhi, Silverston, Yamazaki and Miyoshi (2019) used IOT sensors such as temperature, 

humidity, and carbon monoxide. This research was different as it used the data from a fire 

alarm system which is commercially being used in real time by many different sites. This 

research also proposed how the findings can be applied to fire alarm systems to improve the 

decision making with architectural changes to incorporate new sensors and application of 

machine learning. Finally, it has been evident that machine learning models did not perform 

well on the initial data due to poor datasets, imbalance in data, and lack of correlation between 

features. However, incorporating smarter sensors such as temperature have shown promising 

results and can potentially aid in reducing false alarms.  

7.2 Future Work 

There is scope for further work by conducting more experiments incorporating other sensors 

such as humidity, carbon monoxide, carbon dioxide and datasets from other fire systems due 

to limitations in obtaining the data. It was discovered in the literature review in chapter two that 

many of the solutions used smart camera detectors with image processing techniques to 

detect fires. There is room for research into using equipped CCTV video feed on site to be 

processed at the time of fire, this combines with the machine learning results from the fire 

alarm system data which can make a much more informed decision. Additionally, this research 
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lacked how the machine learning can be applied in real time where the models are trained 

using the data from real sites to make decisions in real time to be available to the operators 

monitoring the fire alarm system as well as the architectural changes required to integrate 

sensors and running machine learning models. Furthermore, as there is more sensor data 

being added which monitored over an interval of time. Hence, with the time series data there 

is room for investigation into time series forecasting. 
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Appendix B – Result with Test Data Confusion Matrix, Classification Report 

B.1 Logistic Regression:  

Reflecting upon the performance of logistic regression based on the Confusion matrix seen in 

Table B.1 it is observed that the model performed very well with only 1 misclassification(1 

False negative). Logistic regression demonstrated 4 true positives out of 5 which is much 

better as compared to the results with the previous dataset as it failed to predict any fires 

correctly. Additionally, there are 47 true negatives. 

Classification report indicated high precision of  1.00, recall of 0.80, and f1-score of 0.89 for 

prediction of the fires (1’s) as seen in Table B.2. Last dataset shows 0.0 precision, recall and 

f1-score for prediction of Fires(1), hence temperature data has raised the performance of the 

model. 

Classification of Fire instances through logistic regression achieves an accuracy of 

98.07692%, misclassification rate of 1.92308% which is the one misclassified false negative. 

Integrating temperature sensor data has proved to be positive impact on performance of the 

model in detection of fires(1) correctly. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

n=52 Predicted: No 
Fire 

Predicted: 
Fire 

Actual: No 
Fire 

TN= 47 FP= 0 

Actual: Fire FN= 1 TP=4 

Table B.1 Confusion Matrix Logistic 
Regression 

 

 Precision  Recall  F1-
Score 

Support 

0 0.98 1.00 0.99 47 

1 1.00 0.80 0.89 5 

Accuracy   0.98 52 

Table B.2 Classification Report Logistic Regression 
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B.2 Support Vector Machines 

Support vector machines shows an improvement in the performance in prediction of the true 

positives correctly.  

Classification report exemplifies that support vector machine performs well in prediction of the 

fire instances correctly with a recall of 0.60 and detecting 3 True Positives as seen in Table 

B.4.  

Accuracy of 96.15% is achieved which is the same as Decision Trees and random forests 

however there is a difference in the confusion matrix as SVM has 2 False Negatives and 3 

True Positives, Decision Trees and Random Forests have 1 False Positive, 1 False Negative 

and 4 True Positives. Therefore, in prediction of fire instances decision trees and random 

forests outperform support vector machine in this train/test split experiments. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

n=52 Predicted: No 

Fire 

Predicted: 

Fire 

Actual: No 

Fire 

TN= 47 FP= 0 

Actual: Fire FN= 2 TP=3 

Table B.3 Confusion Matrix Support Vector 
Machines 

 

 Precision  Recall  F1-

Score 

Support 

0 0.96 1.00 0.9 47 

1 1.00 0.60 0.75 5 

Accuracy   0.96 52 

Table B.4 Classification Report Support Vector 
Machines 
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B.3 Decision Trees and Random Forests 

Decision trees and random forests perform slightly below logistic regression, same number of 

True Positives(4) is achieved. However, there are 2 misclassified instances with 1 False 

Negative and False Positive as seen in Confusion matrix in Table B.5. There are 46 true 

negatives achieved which does not surprise as the dataset consists of large number of non-

fires. 

Precision recall and f1-score of 0.80 for fire(1) instances is achieved which in relation to the 

performance of models on last dataset is much improved as seen in the Table B.6 

Classification report.  

96.15384% accuracy is achieved by decision trees and random forests with 3.84616% 

misclassification rate , although on the previous dataset decision trees/random forests 

achieved higher accuracy of 98.49624% and 98.57978% respectively. Higher potential in 

prediction of fire(1) instances is indicated in the current dataset. Additionally, the previous dataset 

consisted of a larger dataset with many non-fires(0) as compared to the current one which also 

makes the accuracy for last models a bit misleading. Overall, the performance is much more 

satisfactory proving useful in reduction of false alarms. 

 

 

 

 

    

 

 

 

 

   

n=52 Predicted: No 

Fire 

Predicted: 

Fire 

Actual: No 

Fire 

TN= 46 FP= 1 

Actual: Fire FN= 1 TP=4 

Table B.5 Confusion Matrix Decision Trees 
and Random Forests 
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B.4 Naïve Bayes 

Naïve Bayes classifier has very interesting results again on the new dataset. Only model to 

predict all 5 fires in test correctly with 5 true positives and 2 false negatives. The performance 

will be considered poor as there are 45 false positives accounting for very high miss 

classification rate as seen in Table B.7  confusion matrix.  

Classification report in Table B.8 shows that recall of 1.00 is achieved which is the highest 

from all models but very low precision of 0.10 and f1-score of 0.18 for fire instances(1) is 

achieved. Very low recall and f1-score is observed for non-fires(0). 

Highest misclassification rate of 86.53847% and lowest accuracy of 13.46153% is illustrated 

by Naïve which is much lower than all the other models such as Logistic Regression, SVM , 

Decision trees and random forests. Naïve Bayes has indicated bad performance in both datasets 

making is unsuitable for reduction in false alarm rates. 

 

 

 

 

  

 

 

 Precision  Recall  F1-

Score 

Support 

0 0.98 0.98 0.98 47 

1 0.80 0.80 0.80 5 

Accuracy   0.96 52 

Table B.6 Classification Report Decision Trees & 
Random Forests 

 

n=52 Predicted: No 

Fire 

Predicted: 

Fire 

Actual: No 

Fire 

TN= 1 FP= 46 

Actual: Fire FN= 0 TP=5 

Table B.7 Confusion Matrix Naive Bayes 
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 Precision  Recall  F1-

Score 

Support 

0 1.00 0.02 0.04 47 

1 0.10 1.00 0.18 5 

Accuracy   0.12 52 

Table B.8 Classification Report Naive Bayes 
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Appendix C – Drax Confidentiality Agreement 
 

CONFIDENTIALITY AGREEMENT 

THIS AGREEMENT is entered into on 18th June 2019   

BETWEEN 

Drax (UK) Ltd trading as Drax Technology, company number 4164079, whose registered office is 

situated at The Pixmore Centre, Pixmore Avenue, Letchworth Garden City, Hertfordshire, SG6 1JG 

(“Drax” and/or the “Disclosing Party”) 

AND 
Usman Ali (the “Receiving Party”)  

(each a ‘Party’ and together the ‘Parties’) 

WHEREAS 

A. The Parties have entered into discussions regarding the development of compliance management 

solutions. 

B. In connection with the appointment, the Parties may share, and discuss between the parties 

certain confidential financial, technical and commercial information belonging to the Parties. 

C. The Parties wish to protect the confidentiality of proprietary information by entering into this 

Agreement. 

In consideration of the provision of information by the Disclosing Party to the Receiving Party and the 

Receiving Party’s undertaking to maintain the confidentiality of such information, the parties agree as 

IN WITNESS whereof this Agreement has been executed on the date first written above 

By 

 
……………………………………………… 

For and on behalf of Drax (UK) Ltd 
 

Name Alex Cother 
   

Title Director 

 

BY 

 

 

 

 

……………………………………………… 

Usman Ali 
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Appendix D – Risk Assessment 

Risk  Likelihood Prevention 

Lack of data collected  Medium Collecting the relevant data for 

experiments is one of the challenges in 

this research as the fire alarm data is 

not available publicly. However, since I 

work in the fire industry it was possible 

to get access to the data. 

Low/Poor accuracy of the 

machine learning model 

Medium Experiment with several diverse types 

of models with accuracy comparison.  

Less meaningful information 

in the data 

Medium To reduce this the event data will also 

be combined with further sensor data 

such as temperature to add more 

meaningful data. 

Data contains too much 

irrelevant information which 

can affect the model 

performance 

High Only certain features with useful 

information will be extracted from the 

data using various data filtering 

methods. 

Lack of resources Medium This research requires use of fire alarm 

system equipment data to conduct 

experiments. Additionally, there is a test 

environment needed for further 

experiments. This is easily dealt with by 

using the available equipment at Drax 

Technology. 

High cost of application of 

this solution on real sites 

Medium Most sites already have a fire detection 

system in place. The machine learning 

model only needs to be incorporated on 

that data collected. 

Lack of time management in 

the project 

Medium The project will be effectively managed 

under guided deadlines the GANTT 

chart will be used to meet certain 

deadlines in the project. There will be 

contingency time added in the project to 

avoid such issues. 

Table D.1 Risk Assessment 
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Appendix E – Matthews Correlation Coefficient  
 

MCC(Matthews Correlation Coefficient) is a coefficient used to measure the quality of binary 

classifications. It has been selected in this research because it has been observed during the 

research there is an imbalance in the data also because accuracy is misleading in imbalanced 

and metric such as f1-score, recall focus on certain areas in the confusion matrix (Jurman, 

Riccadonna and Furlanello  2012). It measures the performance of the models in both classes 

considering TP, TN, FP and FN hence regarded as a balanced measure also proving to be 

suitable for different sizes of classes. MCC aids in addressing research questions RQ1, RQ2 

and RQ4. The formula for MCC can be seen below 

MCC = 
TP×TN−FP×FN

√(TP+FP)(TP+FN)(TN+FP)(TN+FN)
 

The value can be derived from the confusion matrix. The value ranges from -1 to 1 where 

values below 0 indicate inverse prediction, values above 0 indicating some sort of agreement, 

value of 1 indicates perfect prediction. MCC for various classification models is computed 

using the following built in function in scikit-learn 

• from sklearn.metrics import matthews_corrcoef 

• matthews_corrcoef = matthews_corrcoef (y_true, y_pred) 

y_true = ground truth correct target values 

y_pred = predictions made by the specific classification model  

 

A very similar trend to Cohen Kappa scores is observed with MCC(Matthews Correlation 

Coefficient scores, most models perform poorly initial fire system dataset with lowest scores 

due to making random classifications in one class as seen in Table E.1 and Figure E.1. Better 

results are achieved upon under sampling the data but still not to a very high standard. The 

best MCC scores from various models except Naïve Bayes are achieved on the test dataset 

with temperature. 
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 MCC Fire System 

Dataset 

MCC Under 

Sampled Data 

MCC Test Data with 

Temperature 

Logistic Regression 0.0 0.64 0.88 

Support Vector 

Machines 

0.0 0.59 0.75 

Decision Trees 0.0 0.73 0.78 

Random Forests 0.0 0.73 0.78 

Naïve Bayes 0.12 0.25 0.04 

   Table E.1 MCC Scores 
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Figure E.1 MCC Score Bar Graph 
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Appendix F – 10-Fold Cross Validation Results Under Sampled Data 

Data distribution across the 10-folds for the under sampled data can be seen in Table F.1 

results on the under sampled data can be seen in the table F.2 with average scores across 

the 10-folds.  

 

 Mean 

Accuracy 

across 10-

Folds 

True 

Positives 

Across 10-

Folds 

Recall/True 

Positive 

Rate/Sensitivity 

across 10-Fold 

Total Incorrection 

Classification= 

FP+FN across 10-

folds 

Logistic 

Regression 

93.2 21 0.41 34 

Support 

Vector 

Machines 

92.99 20 0.39 35 

Decision 

Trees 

93.8 27 0.53 31 

Random 

Forests 

93.2 25 0.47 33 

Naïve Bayes 48.59 53 1.0 257 

Table F.2 Under sampled Data 10-Fold Cross Validation Results 

 

 

 

 

 

 K=1 K=2 K=3 K=4 K=5 K=6 K=7 K=8 K=9 K=10  

Total 

Samples  

50 50 50 50 50 50 50 50 50 50 

Fires 6 6 6 5 5 5 5 5 5 5 

  Table F.1 Under sampled Data 10-Fold Distribution 
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Appendix G – ML Scripts Code  

Only specific code is included in this appendix only for the scripts running the models. All the 

remaining code with all files is submitted in zip format as a part of the thesis submission.  

G.1 Logistic Regression – Code 
 

#!/usr/bin/env python 

# coding: utf-8 

 

# In[45]: 

 

import pandas as pd 

import numpy as np 

import matplotlib.pyplot as plt 

import seaborn as sns 

from sklearn.metrics import roc_curve 

from sklearn.metrics import roc_auc_score 

from sklearn.metrics import cohen_kappa_score 

from sklearn.metrics import log_loss 

from matplotlib import pyplot 

get_ipython().run_line_magic('matplotlib', 'inline') 

 

 

# In[46]: 

 

 

fire = pd.read_csv('fireML.csv') 

 

 

# In[47]: 

 

 

fire.head() 

 

 

# In[48]: 

 

 

pyplot.figure(figsize=(8,6)) 

sns.heatmap(fire.isnull(),yticklabels=False,cbar=False,cmap='viridis') 

 

 

# In[49]: 

 

 

fire.info() 

 

 

# In[50]: 

 

 

sns.set_style('whitegrid') 

 

 

# In[51]: 
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sns.countplot(x='FireIndex',data=fire) 

 

 

# In[52]: 

 

 

pyplot.figure(figsize=(12,8)) 

sns.countplot(x='FireIndex',hue='CallPoint',data=fire) 

 

 

# In[53]: 

 

 

pyplot.figure(figsize=(12,8)) 

sns.violinplot(x='FireIndex',y='Node', data=fire, hue='IonisationSmoke', 

split=True) 

 

 

# In[54]: 

 

 

sns.lmplot(x='FireIndex',y='CallPoint',data=fire,hue='CallPoint') 

 

 

# In[55]: 

 

 

sns.countplot(x='FireIndex',hue="Node",data=fire) 

 

 

# In[56]: 

 

 

sns.distplot(fire['Node'].dropna(),kde=False,bins=30) 

 

 

# In[57]: 

 

 

sns.jointplot(x='FireIndex',y='Node',data=fire, kind="hex", 

color="#4CB391") 

 

 

# In[58]: 

 

 

from sklearn.model_selection import train_test_split 

 

 

# In[59]: 

 

 

X = fire[['Node', 'EventLoop','Input_DevAddress' ,'InputType', 

'CallPoint','Sounder','Switch','IonisationSmoke','OpticalSmoke']] 

y = fire['FireIndex'] 

 

 

# In[60]: 
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X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.30, 

random_state=101) 

 

 

# In[61]: 

 

 

print(y_test) 

 

 

# In[62]: 

 

 

from sklearn.linear_model import LogisticRegression 

 

 

# In[63]: 

 

 

logmodel = LogisticRegression() 

logmodel.fit(X_train,y_train) 

 

 

# In[64]: 

 

 

predictions = logmodel.predict(X_test) 

 

 

# In[65]: 

 

 

from sklearn.metrics import classification_report,confusion_matrix 

 

 

# In[66]: 

 

 

print(confusion_matrix(y_test,predictions)) 

 

 

# In[67]: 

 

 

print(classification_report(y_test,predictions)) 

 

 

# In[68]: 

 

 

from sklearn import metrics  

print("Logistic regression accuracy(in %):", metrics.accuracy_score(y_test, 

predictions)*100) 

 

 

# In[69]: 

 

 

from sklearn.metrics import mean_absolute_error 
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# In[70]: 

 

 

ns_probs = [0 for _ in range(len(y_test))] 

 

 

# In[71]: 

 

 

lr_probs = logmodel.predict_proba(X_test) 

 

 

# In[72]: 

 

 

lr_probs = lr_probs[:, 1] 

 

 

# In[73]: 

 

 

ns_auc = roc_auc_score(y_test, ns_probs) 

lr_auc = roc_auc_score(y_test, lr_probs) 

 

 

# In[74]: 

 

 

print('No Skill: ROC AUC=%.3f' % (ns_auc)) 

print('Logistic: ROC AUC=%.3f' % (lr_auc)) 

 

 

# In[75]: 

 

 

#Calculating the ROC Curve 

ns_fpr, ns_tpr, _ = roc_curve(y_test, ns_probs) 

lr_fpr, lr_tpr, _ = roc_curve(y_test, lr_probs) 

#Set the size of plot 

pyplot.figure(figsize=(8,6)) 

# plot the roc curve for the model 

pyplot.plot(ns_fpr, ns_tpr, linestyle='--', label='No Skill') 

pyplot.plot(lr_fpr, lr_tpr, marker='.', label='Logistic=0.797') 

# axis labels 

pyplot.xlabel('False Positive Rate') 

pyplot.ylabel('True Positive Rate') 

# show the legend 

pyplot.legend() 

# show the plot 

pyplot.figure(figsize=(1,1)) 

pyplot.show() 

 

 

# In[76]: 

 

 

lr_probs = logmodel.predict_proba(X_test) 

# keep probabilities for the positive outcome only 

lr_probs = lr_probs[:, 0] 

# calculate scores 

ns_auc = roc_auc_score(y_test, ns_probs) 
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lr_auc = roc_auc_score(y_test, lr_probs) 

# summarize scores 

print('No Skill: ROC AUC=%.3f' % (ns_auc)) 

print('Logistic: ROC AUC=%.3f' % (lr_auc)) 

# calculate roc curves 

ns_fpr, ns_tpr, _ = roc_curve(y_test, ns_probs) 

lr_fpr, lr_tpr, _ = roc_curve(y_test, lr_probs) 

 

pyplot.figure(figsize=(8,6)) 

 

# plot the roc curve for the model 

pyplot.plot(ns_fpr, ns_tpr, linestyle='--', label='No Skill') 

pyplot.plot(lr_fpr, lr_tpr, marker='.', label='Logistic') 

# axis labels 

pyplot.xlabel('False Positive Rate') 

pyplot.ylabel('True Positive Rate') 

# show the legend 

pyplot.legend() 

# show the plot 

pyplot.show() 

 

 

# In[77]: 

 

 

probs = logmodel.predict_proba(X_test) 

probs = probs[:, 1] 

auc = roc_auc_score(y_test, probs) 

print('AUC: %.2f' % auc) 

 

 

# In[78]: 

 

 

score = log_loss(y_test, predictions) 

print(score) 

 

 

# In[79]: 

 

 

from sklearn.metrics import plot_roc_curve 

log_disp = plot_roc_curve(logmodel, X_test, y_test) 

plt.show() 

 

 

# In[80]: 

 

 

cohen_score = cohen_kappa_score(y_test, predictions) 

print(cohen_score) 

 

 

# In[81]: 

 

 

from sklearn.metrics import matthews_corrcoef 

 

matthews_corrcoef = matthews_corrcoef(y_test, predictions) 

print(matthews_corrcoef) 

 



 

115 
 

 

G.2 Support Vector Machines – Code 
 

#!/usr/bin/env python 

# coding: utf-8 

 

# In[246]: 

 

 

import seaborn as sns 

import pandas as pd 

import matplotlib.pyplot as plt 

from sklearn.metrics import roc_curve 

from sklearn.metrics import roc_auc_score 

get_ipython().run_line_magic('matplotlib', 'inline') 

from matplotlib import pyplot 

 

 

# In[247]: 

 

 

fire = pd.read_csv('fireML.csv') 

 

 

# In[248]: 

 

 

X = fire[['Node', 'EventLoop','Input_DevAddress' ,'InputType', 

'CallPoint','Sounder','Switch','IonisationSmoke','OpticalSmoke']] 

y = fire['FireIndex'] 

 

 

# In[249]: 

 

 

from sklearn.model_selection import train_test_split 

 

 

# In[250]: 

 

 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.50, 

random_state=101) 

 

 

# In[251]: 

 

 

from sklearn.svm import SVC 

 

 

# In[252]: 

 

 

svc_model = SVC(probability=True) 

 

 

# In[253]: 
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svc_model.fit(X_train,y_train) 

 

 

# In[254]: 

 

 

predictions = svc_model.predict(X_test) 

 

 

# In[255]: 

 

 

from sklearn.metrics import classification_report,confusion_matrix 

 

 

# In[256]: 

 

 

print(confusion_matrix(y_test,predictions)) 

 

 

# In[257]: 

 

 

print(classification_report(y_test,predictions)) 

 

 

# In[258]: 

 

 

probs = svc_model.predict_proba(X_test) 

probs = probs[:, 1] 

auc = roc_auc_score(y_test, probs) 

print('AUC: %.2f' % auc) 

 

 

# In[259]: 

 

 

ns_probs = [0 for _ in range(len(y_test))] 

 

 

# In[260]: 

 

 

lr_probs = svc_model.predict_proba(X_test) 

# keep probabilities for the positive outcome only 

lr_probs = lr_probs[:, 1] 

# calculate scores 

ns_auc = roc_auc_score(y_test, ns_probs) 

lr_auc = roc_auc_score(y_test, lr_probs) 

# summarize scores 

print('No Skill: ROC AUC=%.3f' % (ns_auc)) 

print('Logistic: ROC AUC=%.3f' % (lr_auc)) 

# calculate roc curves 

ns_fpr, ns_tpr, _ = roc_curve(y_test, ns_probs) 

lr_fpr, lr_tpr, _ = roc_curve(y_test, lr_probs) 

 

pyplot.figure(figsize=(8,6)) 

 

# plot the roc curve for the model 
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pyplot.plot(ns_fpr, ns_tpr, linestyle='--', label='No Skill') 

pyplot.plot(lr_fpr, lr_tpr, marker='.', label='Logistic') 

# axis labels 

pyplot.xlabel('False Positive Rate') 

pyplot.ylabel('True Positive Rate') 

# show the legend 

pyplot.legend() 

# show the plot 

pyplot.show() 

 

 

# In[ ]: 
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G.3 Decision Trees and Random Forests – Code  
#!/usr/bin/env python 

# coding: utf-8 

 

# In[4]: 

 

 

import numpy as np  

import pandas as pd 

import matplotlib.pyplot as plt 

import seaborn as sns 

from sklearn.metrics import roc_curve 

from sklearn.metrics import roc_auc_score 

from sklearn.metrics import log_loss 

from sklearn.metrics import cohen_kappa_score 

from matplotlib import pyplot 

 

 

# In[5]: 

 

 

get_ipython().run_line_magic('matplotlib', 'inline') 

 

 

# In[6]: 

 

 

df=pd.read_csv('FireML.csv') 

 

 

# In[7]: 

 

 

df.head() 

 

 

# In[8]: 

 

 

df.info() 

 

 

# In[9]: 

 

 

X=df[['Node', 'EventLoop','Input_DevAddress' ,'InputType', 

'CallPoint','Sounder','Switch','IonisationSmoke','OpticalSmoke']] 

y=df['FireIndex'] 

 

mydata=df[['Node', 'OpticalSmoke','Input_DevAddress','FireIndex']] 

 

 

# In[10]: 

 

 

from sklearn.model_selection import train_test_split 

 

 

# In[11]: 
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X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.30, 

random_state=101) 

 

 

# In[12]: 

 

 

from sklearn.tree import DecisionTreeClassifier 

 

 

# In[13]: 

 

 

print(X_train.count()) 

 

 

# In[14]: 

 

 

print(y_train.count()) 

 

 

# In[15]: 

 

 

print(X_test.count()) 

 

 

# In[16]: 

 

 

print(y_test.count()) 

 

 

# In[17]: 

 

 

dtree= DecisionTreeClassifier() 

 

 

# In[18]: 

 

 

dtree.fit(X_train,y_train) 

 

 

# In[19]: 

 

 

predictions= dtree.predict(X_test) 

 

 

# In[20]: 

 

 

from sklearn.metrics import classification_report,confusion_matrix 

 

 

# In[21]: 
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print(confusion_matrix(y_test,predictions)) 

print('\n') 

print(classification_report(y_test,predictions)) 

 

 

# In[22]: 

 

 

from sklearn import metrics  

print("Decision Tree(in %):", metrics.accuracy_score(y_test, 

predictions)*100)  

 

 

# In[23]: 

 

 

score = log_loss(y_test, predictions) 

print(score) 

 

 

# In[24]: 

 

 

cohen_score = cohen_kappa_score(y_test, predictions) 

print(cohen_score) 

 

 

# In[25]: 

 

 

from sklearn.metrics import jaccard_score 

 

jaccard_index = jaccard_score(y_test, predictions) 

print(jaccard_index) 

 

 

# In[26]: 

 

 

from sklearn.metrics import matthews_corrcoef 

 

matthews_corrcoef = matthews_corrcoef(y_test, predictions) 

print(matthews_corrcoef) 

 

 

# In[27]: 

 

 

ns_probs = [0 for _ in range(len(y_test))] 

 

 

# In[28]: 

 

 

lr_probs = dtree.predict_proba(X_test) 

 

 

# In[29]: 

 

 

lr_probs = lr_probs[:, 1] 
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# In[30]: 

 

 

ns_auc = roc_auc_score(y_test, ns_probs) 

lr_auc = roc_auc_score(y_test, lr_probs) 

 

 

# In[31]: 

 

 

print('No Skill: ROC AUC=%.3f' % (ns_auc)) 

print('Logistic: ROC AUC=%.3f' % (lr_auc)) 

 

 

# In[32]: 

 

 

#Calculating the ROC Curve 

ns_fpr, ns_tpr, _ = roc_curve(y_test, ns_probs) 

lr_fpr, lr_tpr, _ = roc_curve(y_test, lr_probs) 

 

#Set the size of plot 

pyplot.figure(figsize=(8,6)) 

 

# plot the roc curve for the model 

pyplot.plot(ns_fpr, ns_tpr, linestyle='--', label='No Skill') 

pyplot.plot(lr_fpr, lr_tpr, marker='.', label='Logistic=0.729') 

# axis labels 

pyplot.xlabel('False Positive Rate') 

pyplot.ylabel('True Positive Rate') 

# show the legend 

pyplot.legend() 

# show the plot 

pyplot.figure(figsize=(20,10)) 

pyplot.show() 

 

 

# In[33]: 

 

 

lr_probs = dtree.predict_proba(X_test) 

# keep probabilities for the positive outcome only 

lr_probs = lr_probs[:, 1] 

# calculate scores 

ns_auc = roc_auc_score(y_test, ns_probs) 

lr_auc = roc_auc_score(y_test, lr_probs) 

# summarize scores 

print('No Skill: ROC AUC=%.3f' % (ns_auc)) 

print('Logistic: ROC AUC=%.3f' % (lr_auc)) 

# calculate roc curves 

ns_fpr, ns_tpr, _ = roc_curve(y_test, ns_probs) 

lr_fpr, lr_tpr, _ = roc_curve(y_test, lr_probs) 

 

pyplot.figure(figsize=(8,6)) 

 

# plot the roc curve for the model 

pyplot.plot(ns_fpr, ns_tpr, linestyle='--', label='No Skill') 

pyplot.plot(lr_fpr, lr_tpr, marker='.', label='Logistic') 

# axis labels 
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pyplot.xlabel('False Positive Rate') 

pyplot.ylabel('True Positive Rate') 

# show the legend 

pyplot.legend() 

# show the plot 

pyplot.show() 

 

 

# In[34]: 

 

 

from sklearn.ensemble import RandomForestClassifier 

 

 

# In[35]: 

 

 

rfc = RandomForestClassifier(n_estimators=400) 

 

 

# In[36]: 

 

 

rfc.fit(X_train,y_train) 

 

 

# In[37]: 

 

 

rfc_pred= rfc.predict(X_test) 

 

 

# In[38]: 

 

 

print(X_train) 

 

 

# In[39]: 

 

 

print(confusion_matrix(y_test,rfc_pred)) 

print('\n') 

print(classification_report(y_test,rfc_pred)) 

 

 

# In[40]: 

 

 

from sklearn import metrics  

print("Random Forrest(in %):", metrics.accuracy_score(y_test, 

rfc_pred)*100) 

 

 

# In[41]: 

 

 

score = log_loss(y_test, rfc_pred) 

print(score) 
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# In[42]: 

 

 

cohen_score = cohen_kappa_score(y_test, rfc_pred) 

print(cohen_score) 

 

 

# In[43]: 

 

 

from sklearn.metrics import matthews_corrcoef 

 

matthews_corrcoef = matthews_corrcoef(y_test, rfc_pred) 

print(matthews_corrcoef) 

 

 

# In[44]: 

 

 

from sklearn.metrics import jaccard_score 

 

jaccard_index = jaccard_score(y_test, rfc_pred) 

print(jaccard_index) 

 

 

# In[45]: 

 

 

df['FireIndex'].value_counts() 

 

 

# In[46]: 

 

 

ns_probs = [0 for _ in range(len(y_test))] 

 

 

# In[47]: 

 

 

lr_probs = rfc.predict_proba(X_test) 

 

 

# In[48]: 

 

 

lr_probs = lr_probs[:, 1] 

ns_auc = roc_auc_score(y_test, ns_probs) 

lr_auc = roc_auc_score(y_test, lr_probs) 

print('No Skill: ROC AUC=%.3f' % (ns_auc)) 

print('Logistic: ROC AUC=%.3f' % (lr_auc)) 

 

 

# In[49]: 

 

 

#Calculating the ROC Curve 

ns_fpr, ns_tpr, _ = roc_curve(y_test, ns_probs) 

lr_fpr, lr_tpr, _ = roc_curve(y_test, lr_probs) 

 

#Set the size of plot 
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pyplot.figure(figsize=(8,6)) 

 

# plot the roc curve for the model 

pyplot.plot(ns_fpr, ns_tpr, linestyle='--', label='No Skill') 

pyplot.plot(lr_fpr, lr_tpr, marker='.', label='Logistic=0.826') 

# axis labels 

pyplot.xlabel('False Positive Rate') 

pyplot.ylabel('True Positive Rate') 

# show the legend 

pyplot.legend() 

# show the plot 

pyplot.figure(figsize=(20,10)) 

pyplot.show() 

 

 

# In[50]: 

 

 

lr_probs = rfc.predict_proba(X_test) 

# keep probabilities for the positive outcome only 

lr_probs = lr_probs[:, 1] 

# calculate scores 

ns_auc = roc_auc_score(y_test, ns_probs) 

lr_auc = roc_auc_score(y_test, lr_probs) 

# summarize scores 

print('No Skill: ROC AUC=%.3f' % (ns_auc)) 

print('Logistic: ROC AUC=%.3f' % (lr_auc)) 

# calculate roc curves 

ns_fpr, ns_tpr, _ = roc_curve(y_test, ns_probs) 

lr_fpr, lr_tpr, _ = roc_curve(y_test, lr_probs) 

 

pyplot.figure(figsize=(8,6)) 

 

# plot the roc curve for the model 

pyplot.plot(ns_fpr, ns_tpr, linestyle='--', label='No Skill') 

pyplot.plot(lr_fpr, lr_tpr, marker='.', label='Logistic') 

# axis labels 

pyplot.xlabel('False Positive Rate') 

pyplot.ylabel('True Positive Rate') 

# show the legend 

pyplot.legend() 

# show the plot 

pyplot.show() 

 

 

# In[51]: 

 

 

from sklearn.metrics import plot_roc_curve 

log_disp = plot_roc_curve(dtree, X_test, y_test) 

plt.show() 

 

 

# In[52]: 

 

 

log_disp = plot_roc_curve(rfc, X_test, y_test) 

plt.show() 

 

 

# In[ ]: 
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G.4 Naïve Bayes Classifier – Code  
 

#!/usr/bin/env python 

# coding: utf-8 

 

# In[2]: 

 

 

import pandas as pd 

import numpy as np 

import matplotlib.pyplot as plt 

import seaborn as sns 

from sklearn.metrics import roc_curve 

from sklearn.metrics import roc_auc_score 

from sklearn.metrics import log_loss 

from sklearn.metrics import cohen_kappa_score 

from matplotlib import pyplot 

get_ipython().run_line_magic('matplotlib', 'inline') 

 

 

# In[3]: 

 

 

fire = pd.read_csv('fireML.csv') 

 

 

# In[4]: 

 

 

fire.head() 

 

 

# In[5]: 

 

 

sns.heatmap(fire.isnull(),yticklabels=False,cbar=False,cmap='viridis') 

 

 

# In[6]: 

 

 

fire.info() 

 

 

# In[7]: 

 

 

sns.set_style('whitegrid') 

 

 

# In[8]: 

 

 

sns.countplot(x='FireIndex',data=fire) 

 

 

# In[9]: 
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sns.countplot(x='Node',hue="FireIndex",data=fire) 

 

 

# In[10]: 

 

 

sns.distplot(fire['Node'].dropna(),kde=False,bins=30) 

 

 

# In[11]: 

 

 

sns.jointplot(x='FireIndex',y='Node',data=fire,color='green') 

 

 

# In[12]: 

 

 

from sklearn.model_selection import train_test_split 

 

 

# In[13]: 

 

 

X = fire[['Node', 'EventLoop','Input_DevAddress' ,'InputType', 

'CallPoint','Sounder','Switch','IonisationSmoke','OpticalSmoke']] 

y = fire['FireIndex'] 

 

 

# In[14]: 

 

 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.30, 

random_state=101) 

 

 

# In[15]: 

 

 

print(X_train) 

 

 

# In[16]: 

 

 

print(y_train) 

 

 

# In[17]: 

 

 

from sklearn.naive_bayes import GaussianNB  

 

 

# In[18]: 

 

 

gnb = GaussianNB()  

gnb.fit(X_train,y_train) 
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# In[19]: 

 

 

predictions = gnb.predict(X_test) 

 

 

# In[20]: 

 

 

from sklearn.metrics import classification_report,confusion_matrix 

 

 

# In[21]: 

 

 

print(confusion_matrix(y_test,predictions)) 

 

 

# In[22]: 

 

 

print(classification_report(y_test,predictions)) 

 

 

# In[23]: 

 

 

# comparing actual response values (y_test) with predicted response values 

(y_pred)  

from sklearn import metrics  

print("Gaussian Naive Bayes model accuracy(in %):", 

metrics.accuracy_score(y_test, predictions)*100) 

 

 

# In[24]: 

 

 

ns_probs = [0 for _ in range(len(y_test))] 

 

 

# In[25]: 

 

 

lr_probs = gnb.predict_proba(X_test) 

# keep probabilities for the positive outcome only 

lr_probs = lr_probs[:, 1] 

# calculate scores 

ns_auc = roc_auc_score(y_test, ns_probs) 

lr_auc = roc_auc_score(y_test, lr_probs) 

# summarize scores 

print('No Skill: ROC AUC=%.3f' % (ns_auc)) 

print('Logistic: ROC AUC=%.3f' % (lr_auc)) 

# calculate roc curves 

ns_fpr, ns_tpr, _ = roc_curve(y_test, ns_probs) 

lr_fpr, lr_tpr, _ = roc_curve(y_test, lr_probs) 

 

pyplot.figure(figsize=(8,6)) 

 

# plot the roc curve for the model 

pyplot.plot(ns_fpr, ns_tpr, linestyle='--', label='No Skill') 

pyplot.plot(lr_fpr, lr_tpr, marker='.', label='Logistic') 
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# axis labels 

pyplot.xlabel('False Positive Rate') 

pyplot.ylabel('True Positive Rate') 

# show the legend 

pyplot.legend() 

# show the plot 

pyplot.show() 

 

 

# In[26]: 

 

 

probs = gnb.predict_proba(X_test) 

probs = probs[:, 1] 

auc = roc_auc_score(y_test, probs) 

print('AUC: %.2f' % auc) 

 

 

# In[27]: 

 

 

score = log_loss(y_test, predictions) 

print(score) 

 

 

# In[28]: 

 

 

from sklearn.metrics import plot_roc_curve 

log_disp = plot_roc_curve(gnb, X_test, y_test) 

plt.show() 

 

 

# In[29]: 

 

 

cohen_score = cohen_kappa_score(y_test, predictions) 

print(cohen_score) 

 

 

# In[30]: 

 

 

from sklearn.metrics import jaccard_score 

 

jaccard_index = jaccard_score(y_test, predictions) 

print(jaccard_index) 

 

 

# In[31]: 

 

 

from sklearn.metrics import matthews_corrcoef 

 

matthews_corrcoef = matthews_corrcoef(y_test, predictions) 

print(matthews_corrcoef) 
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Appendix H – Fire Standards and Legislation  
 

The personnel responsible for the fire alarm safety on the building have a choice on selecting 

the type of fire alarm system they want to equip on the building. This depends on the size of 

the building, what is the building used for , structure of the building etc. There are following 

types of different fire alarm systems: 

• Conventional 

• Addressable 

• Analogue Addressable 

• Wireless Systems 

According to the British standard for fire. All buildings are subject to The Regulatory Reform 

(Fire Safety) Order 2005 it replaced most of the other fire safety legislation to make a simple 

order which can be understood. It applies over most types of buildings except people’s private 

homes and the individual flats in a block or house. Additionally, the responsible fire personnel 

on the building has conducted the appropriate risk assessment for the site.  

The main rules under the order consist of the following: 

• Carrying out a fire risk assessment on the site to find potential risks  

• Lower the risk of fire by taking all possible meaning and having precautions in place 

for the remaining risks. 

• Creating plans to deal with emergency events keep the record and log the findings. 

Review the findings when necessary. 

 


