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Abstract

:

Building management systems are costly for small- to medium-sized buildings. A massive volume of data is collected on different building contexts by the Internet of Things (IoT), which is then further monitored. This intelligence is integrated into building management systems (BMSs) for energy consumption management in a cost-effective manner. Electric fire safety is paramount in buildings, especially in hospitals. Facility managers focus on fire protection strategies and identify where system upgrades are needed to maintain existing technologies. Furthermore, BMSs in hospitals should minimize patient disruption and be immune to nuisance alarms. This paper proposes an intelligent detection technology for electric fires based on multi-information fusion for green buildings. The system model was established by using fuzzy logic reasoning. The extracted multi-information fusion was used to detect the arc fault, which often causes electrical fires in the low-voltage distribution system of green buildings. The reliability of the established multi-information fusion model was verified by simulation. Using fuzzy logic reasoning and the membership function in fuzzy set theory to solve the uncertain relationship between faults and symptoms is a widely applied method. In order to realize the early prediction and precise diagnosis of faults, a fuzzy reasoning system was applied to analyze the arcs causing electrical fires in the lines. In order to accurately identify the fault arcs that easily cause electrical fires in low-voltage distribution systems for building management, this paper introduces in detail a fault identification method based on multi-information fusion, which can consolidate the complementary advantages of different types of judgment. The results demonstrate that the multi-information fusion method reduces the deficiency of a single criterion in fault arc detection and prevents electrical fires in green buildings more comprehensively and accurately. For the real-time dataset, the data results are presented, showing disagreements among the testing methods.
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1. Introduction


The safe use of electricity has become one of the eternal themes of China’s power industry development. How to effectively detect the cause of an electrical fire and reduce the incidence of electrical fire accidents that cause loss of life and property has become the focus of research on electricity safety in today’s society. Multi-information fusion technology is a functional simulation of the complex treatment of the human brain. The aim is to provide an advanced and reliable method for solving information processing and decision-making problems in the information age [1]. It mainly uses computer technology to synthesize, analyze, and process multiple units of the information under specific criteria derived from expert experience or experimental results, complementing them in space and time, eliminating redundant information, and ultimately achieving the desired decisions and tasks [2]. It has been proven that buildings consume 60% of total global electricity and are the major electricity consumers. Buildings consume 70% of the annual electricity in the United States [3]. There is a great need for a significant push towards developing an effective building management system (BMS) to manage electricity in buildings effectively. Figure 1 shows a scenario for the Internet of Things (IoT)-based green building management that leverages sensor fusion and machine learning.



Existing BMSs are expensive and not feasible for buildings of small and medium size. Building administrators should consider the dynamic and various necessities of buildings—such as irregularity detection, predictive maintenance, and residency tracking—to minimize electricity consumption and upsurge operational efficiency. The Occupational Safety and Health Administration (OSHA) provides standards for the control of heating, ventilation, and air conditioning (HVAC). If sensors are not used, rooms are ventilated after a routine period based on the number of people in the rooms. Hence, this process causes wastage of energy. BMSs with intelligence capabilities apply sensing to provide improved situational awareness and higher adaptive and dynamic managing of electricity and energy storage devices. In this case, the IoT is a potential solution that can support this integration. A report from the United Nations Environment Program has shown that the building industry consumes 30–40% of the world’s energy [4,5,6].



Meanwhile, China’s building industry accounts for 38% of social energy consumption [7,8,9]. Industries are also struggling to find green and sustainable means of development. Hence, there is a fundamental need for the building industry to discover and develop a sustainable development model in order to transform the present state of larger resource consumption. Mass notification systems and the IoT help to advance the evolution of fire safety systems [10,11].



A building consumes energy through original embodied energy, periodic embodied energy, operational energy, and destruction energy.



	
Initial embodied energy refers to the consumption of energy in several activities involved in the construction of a building, including extraction, processing, and manufacture.



	
Periodic embodied energy is consumed by renovating and sustaining the building during its life.



	
Operational energy involves the consumption of energy by appliances for heating, cooling, and powering.



	
The demolition of a building requires destruction energy.






Contribution: The innovation of this paper is the analysis and comparison, using fuzzy logic reasoning method, and the fault arc identification and reasoning system are established.



	
The fuzzy rules determined by many experiments and expert experience can be modified and adjusted at any time to establish an accurate expert database for fault diagnosis.



	
The fault identification results on MATLAB are consistent with human logical reasoning ability.



	
Identification is accomplished of the fault arcs which quickly cause electrical fires in low-voltage distribution systems for building detection.



	
The fault identification method based on multi-information fusion is detailed to achieve the purpose of each judgment’s complementary advantages.






The paper is structured as follows: An exhaustive literature survey is performed in Section 2. Section 3 discusses the adopted methodology. Section 4 shows discuss the obtained results. Finally, Section 5 concludes the paper.




2. Literature Review


In this paper, the background and significance of the research, the characteristics of electrical fires, the leading causes of electrical fires, the current protection devices’ current situation, and technical measures for preventing electrical fires at home and abroad are reviewed [12,13,14]. The existing standard specifications for preventing electrical fires are reviewed, and the key issues to be solved. Gao is analyzed in depth. A. indicates that when the fault point breaks out an arc or an electric spark, it generates abnormal high temperature. The center temperature of a few safety arcs can reach 2000 or 4000 degrees centigrade [15,16,17]. Due to the limitation of the impedance, the fault current is small, which is not enough to make the overcurrent protection device act; the fault arc continues to occur, frequent ignition and arcing can directly ignite the combustible material near the electrical circuit or equipment, which is a particularly dangerous source of ignition. The risk of fire is far greater than that of a metal short circuit [18]. Hong, W. said that the national electrical law NEC of the United States estimated that about 40% of residential fires are caused by “fault arcs” [19]. Xinhua, J. has analyzed in detail the reasons why conventional short-circuit protection cannot fully protect the fault arcs. This results in a long reaction time of upstream circuit breakers or fuses, which cannot be divided in time, and causes severe accidents in person and equipment [20]. For example, the GB50045-2005 code for tall buildings’ fire protection design should be set up by the high regulations, where fire hazards are high for crowded places in high-rise buildings. The code of residential design issued by China has also specified that the circuit breaker with residual current protection function should be installed at the inlet of residential buildings’ total power supply [21]. At present, it has been installed. The residual current protector has been widely applied. Many residual current protectors can realize independent alarms and do not need to connect with the controller [22]. Tushar et al. proposed signal processing and machine learning techniques in IoT-based BMS by addressing the research gaps of existing BMSs that are very costly and difficult to consider for small- and medium-sized buildings [23]. The authors described how to extract occupancy information of elevated buildings using inexpensive IoT sensors. Shi & Liu systematically analyzed and visualized the green building. The authors analyzed the green building’s current knowledge system considering CiteSpace based on Web of Science (WoS) [24]. Clusters and citation bursts analysis is done, and based on these keywords, the authors developed a knowledge graph to represent a green building. The status quo and development trend of green building and easier identifying the deficiencies in green building development. Pramanik proposed to merge green and smart technologies to make the green smart building (GSB) to provide a smart and eco-friendly living to society [25]. The GSB concept is detailed suitably, which supports the architectural models of a GSB. Diverse entities and functions in various communication levels among different digital components of a GSB are presented. The authors also presented the real applications of green and smart technologies in buildings. Rameshwar et al. presented comprehensive and significant research conducted to date with regard to green buildings. In-depth analysis of design technologies that lay a strong foundation for green building has been detailed. The smart automation technologies are also highlighted, which help in energy conservation along with various performance parameters [26]. In this paper, Asadian et al. proposed a multi-criteria framework composed of sixty-eight sub-factors on the core level. Eight quality condition components are considered on the secondary level alongside energy, space flexibility, cost-effectiveness, client comfort, working efficiency, safety, culture, and technology. The first includes a multi-criteria model in the design process to define all factors, and the second proposes a conceptual model for reducing carbon dioxide emissions [27].



Early detection and alarm are realized in a building fire alarm system by the multi-sensor and information fusion technology [28]. The range of fire monitoring in space and time is expanded by utilizing the multi-sensor to monitor the parameters such as light, smoke, temperature, gas, and moisture, the range of fire monitoring in space and time. The D-S evidence theory fuses the multi-sensor information with the specific fire model for accurate and in-time fire alarm. The monitoring data’s failure is avoided by the presented technique effectively to significantly improve fire warnings’ reliability. The fire monitoring and safety management system are important applications in IoT technology [29]. The research and development of IoT are provided in the firefighting, monitoring, and safety management field. Intelligent fire monitoring systems require an accurate and effective firefighting software design. For fire monitoring, critical issues of wireless sensor network hardware and software are discussed. The function of each module is discussed and implemented by the authors. The application features of IoT technology is discussed according to firefighting requirement. A new method is proposed for modeling human reasoning about objects’ similarities [30]. The authors showed the method to find the underlying structure of the matrix with intensities of objects. The demonstrated approach is fuzzy logic-based, and only maximum and minimum operators are utilized. The decomposition in practice applied to exemplary data from classic psychological found by the heuristic algorithms. The experiments that had undermined traditional human reasoning models are explained by the fuzzy logic as detailed by the authors [31]. The fuzzy logic with some paradoxes of classical logic is confronted when it tries to model human reasoning. The fuzzy logic reduces the threshold problems, and authors also express a neuro-fuzzy system. Further analysis is required by the Wason selection task focusing on fuzzy modus ponens and modus tollens.



Research Gap: Multi-information fusion technology is a functional simulation of the complex treatment of the human brain. The aim is to provide an advanced and reliable method for solving the information processing and decision-making problems in the information age. There is a great need for a significant push towards developing to effectively manage the electricity in buildings through efficient building management systems.




3. Research Methods


In view of the causes of the frequent occurrence of electrical fires and the investigation and study of the existing protective devices against electric fires in the market, it is concluded that the effective protection measures for preventing electrical fires in low-voltage distribution systems in buildings are based on the original fuse, overload, under-voltage protection, and residual current protection devices. The fault arcs easily causing electrical fires should be regarded as the key monitoring objects [28]. To accurately identify the fault arcs that easily cause electrical fires in low-voltage distribution systems for building detection, this paper introduces in detail the fault identification method based on multi information fusion to achieve the purpose of complementary advantages of each judgment. Figure 2 shows the direct causes of large and major fires in recent years.



As can be seen from Figure 2, the largest and most serious fires caused by electrical failures in the year to year major fires are the largest. From this, it can be seen that electrical fires are the first of all kinds of fires, regardless of the quantity of loss they cause. Electrical fires are closely related to daily human life. It will cause significant harm to people’s lives and property and bring instability to social stability and national economic development. Electricity can not only benefit mankind, but also bring unexpected harm to mankind. Therefore, effective measures should be taken to detect the electrical fire’s cause, so it is urgent to prevent electric fires.



3.1. Multi Information Fusion Method


The commonly used information fusion methods include the weighted average method, Kalman filtering method, Bias estimation method, evidence reasoning, genetic algorithm, rough set theory, expert system, fuzzy logic reasoning, neural network, etc. Scholars have paid expert systems, fuzzy logic inference, and neural networks much attention to their artificial intelligence characteristics. It has been applied in many fields [32,33,34,35]. After collecting the fire characteristics parameters of information, the data fusion layer processes the data. Based on data layer data processing, layer characteristics of fusion are conducted. Decision-making information is also merged with the decision-making fusion. Multi-field information is the output of decision-making [36]. Fire dynamics simulators are utilized for training and validation to build a variety of fire scenarios.



The multi-sensor data fusion technology has aroused widespread interest both domestically and abroad, and many fruitful results have been achieved. The Multi-sensor information fusion improves system reliability by increasing the measurement credibility and applied to a wide variety of military and industrial fields like control of autonomous vehicles, robotics, industrial process control, medical diagnostics, and image processing [37,38]. Multi-sensor data fusion has many methods, and the classical inference, Kalman filter, Bayes estimation method are the main sophisticated ones.




3.2. Fuzzy Logic Inference System Based Fault Arc Detection


Fuzziness is used to describe the uncertainty and imprecision of events. The fuzzy system imitates human’s fuzzy comprehensive judgment ability. Fuzzy logic reasoning represents many experimental results, experts’ experience, or knowledge of language control rules. These rules are used to realize the logical reasoning or control of mathematical models with unknown, complex, or nonlinear systems using traditional models too complicated [39,40,41,42,43,44].



The fuzzy logic inference system consists of four parts, as shown in Figure 3:




	
Fuzzification



	
Fuzzy rule base



	
Fuzzy logic inference



	
De-fuzzification








The graph shows that the fuzzy logic inference system defines a nonlinear relationship between input variables and output variables. X and y are input and output of fuzzy logic inference systems, respectively. They are all non-fuzzy quantities. Because fuzzy logic inference system is based on fuzzy sets, data processing is based on fuzzy sets. Fuzzification is to transform non-fuzzy input variables into fuzzy sets on input and output fields, mapping the input space into the fuzzy set on the input domain, which plays a vital role in the fuzzy inference system.




3.3. Simulation Study of Fuzzy Logic Inference System Based Fault Arc Detection


The fuzzy logic inference function is to deal with fuzzy rules matching based on fuzzy logic operation and fuzzy input information. According to different rules of the activation rule library, the corresponding output results can be obtained. The process of ambiguity resolution and fuzzification is precisely the opposite. It transforms the fuzzy output of the fuzzy inference system into a specific physical meaning [45,46,47,48,49]. The commonly used de-fuzzification methods include the gravity method, weighted summation method, area center method, and so on.



In fault diagnosis, the relationship between input and output has some degree of uncertainty. Using fuzzy logic reasoning and membership function in fuzzy set theory to solve the uncertain relationship between faults and symptoms is a widely applied method. In order to realize the early prediction and precise diagnosis of faults, the fuzzy reasoning system is applied to analyze the arcs causing electrical fires in the lines. Firstly, according to a large number of experimental results and expert experience, the characteristic quantities of the arc fault are extracted, and the validity and defects of each characteristic quantity as the criterion are determined. The influence of each criterion on the overall failure probability judgment is judged [50,51,52,53]. The fuzzy rules for identifying fault arcs are established as knowledge in the knowledge base so that the results of fuzzy reasoning conform to the actual situation. Secondly, based on the extracted fault arc characteristics, data fusion is preprocessed to obtain comprehensive information for identifying the fault arcs [54,55,56]. Finally, according to the collected signal characteristics, the fuzzy logic inference system uses the forward reasoning method to establish the fuzzy logic system to identify the fault arcs and make real-time inferences for the failure’s probability.



	
Fuzzification: The probability of fault arc is evaluated by fuzzy mathematics as shown in Equation (1).







    μ A   (   x i   )  ,   0   ≤    μ A   (   x i   )    ≤ 1   



(1)





The probability of fault arc is evaluated by fuzzy mathematics. Firstly, three input characteristics x = {x1, x2, x3} fuzzy sets of fault arcs are defined, A = {A1, A2, and A(A)} are used to represent the fuzzy set, which accurately reflects the probability of occurrence of arc fault when each input characteristic quantity occurs. The function is the membership function of the input variables, and the fuzzy set A on x can be expressed as in Equation (2):


   A =    μ A   (   x 1   )  /  x 1      +    μ A   (   x 2   )  /  x 3      =     ∑   i = 1    μ A   (   x i   )  /  x i    



(2)







The summation sign in the formula is not a summation. It represents the fuzzy set of all input variables with the membership function μi of the input characteristic quantity X. The fuzzy set of the output variable failure probability is B. The membership function is    μ s   ( y )   . The membership functions of fuzzy input and output variables can be chosen as a trapezoid, Gauss type, triangle, or other shapes. The selection of membership functions and the determination of initial values are based on experience. Then, it is determined according to the test and simulation results. In this paper, the description of the failure probability size is described using the language of the large, medium, small, and no-fault possibilities. The membership functions of the three input variables and the output fault probability are divided into four language variables: the fault is large, the fault is partial, the fault is small, and the fault is represented in English abbreviation {pb, PM, PS.Zo}. This adopts a triangular distribution function that is simple in shape, easy to calculate, and widely used, and a descending trapezoid distribution function and a lifting half trapezoid distribution function often used to describe the partial or small relation are shown in Equation (3). The Triangle membership function curve is shown in Figure 4.


    μ A   (   x i   )  =    x i  − b   a − b   ,   b   ≤  x i  a     Or     μ A   (   x i   )  =   c −    x i    c −   a   ,   a   ≤  x i  ≤ c     Or     μ A   (   x i   )      0 ,    x i  <   b   o r      x i  >   c   



(3)







	ii.

	
Establishing fuzzy inference rules







The fault arc detection system based on fuzzy logic reasoning is a multi-input and single output structure and adopts “IF and…Then…” rule form description implemented by fuzzy logic reasoning, described by fuzzy conditional statements. The fuzzy reasoning rules described in this series of fuzzy conditions constitute the fuzzy logic inference rule.



The fuzzy logic toolbox in MATLAB software can observe and modify the membership functions of various variables in the fuzzy logic reasoning system and the fuzzy inference rules of the system conveniently and intuitively. In this paper, the fuzzy reasoning system is simulated by using the toolbox.



There are five primary graphical user interfaces in the fuzzy logic toolbox, which can be used to establish, edit, and observe the fuzzy inference system. It contains three editors and two observers. The simulation uses Mamdani fuzzy logic reasoning method and uses fuzzy reasoning system (FIS) in the fuzzy toolbox to establish fuzzy rules. For example, according to the experimental analysis, the high-frequency coefficient D1 of the wavelet has a large amplitude. Simultaneously, the difference between the mean value of each cycle and the amplitude of the waveform slope exceeds a specific closed value. Then a fault arc cycle can be determined. The rule can be expressed as follows IF (the difference between the mean of sampling is PB) AND (slope is PB) AND (high-frequency wavelet coefficient is PB) THEN (failure probability is PB).



	iii.

	
Fuzzy rules are set up







If (mean difference is PS) and (slope is ZO) and (wavelet coefficient is ZO)



then (failure probability is ZO).



If (mean difference is PS) and (slope is PM) and (wavelet coefficient is ZO)



then (failure probability is PS).



If (mean difference is PB) and (slope is PS) and (wavelet coefficient is PM)



then (failure probability is PB).



If (mean difference is ZO) and (slope is PB) and (wavelet coefficient is ZO)



then (failure probability is PM).



If (mean difference is PM) and (slope is PS) and (wavelet coefficient is ZO)



then (failure probability is PS).



If (mean difference is PM) and (slope is PB) and (wavelet coefficient is PM)



then (failure probability is PB).



If (mean difference is PM) and (slope is PM) and (wavelet coefficient is PB)



then (failure probability is PB).



If (mean difference is PS) and (slope is PS) and (wavelet coefficient is PB)



then (failure probability is PM).



If (mean difference is PS) and (slope is PM) and (wavelet coefficient is ZO)



then (failure probability is PS).



If (mean difference is PB) and (slope is PB) and (wavelet coefficient is PM)



then (failure probability is PB).



The input and output surface view window of the fuzzy logic toolbox can directly display the corresponding relationship between the fuzzy logic inference system’s input and output.





4. Results and Discussion


4.1. Ambiguity Resolution


Using the most commonly used anti de-fuzzification method, the centroid method (moment method) is used as a fuzzy solution in this paper. Its characteristic is to consider the information of fuzzy quantity and calculate it more easily by Equation (4), as shown below.


  Y   =       ∑   i = 1  n   μ B     (   y i   )    ×    y i        ∑   i = 1  n   μ B     (   y i   )    ×    y i     



(4)







   μ B   (   Y i   )    is the membership function of output variables.




4.2. Fuzzy Logic Reasoning Results


In the fuzzy toolbox, the output of the corresponding fault probability can be obtained by changing the input feature’s size on the view of the fuzzy detector. Thus, it is reasonable to determine whether the fuzzy rule is reasonable. Whether the fuzzy logic inference system can detect the fault arc cycle accurately is listed. The output of the failure probability corresponding to ten different input values is enumerated in Table 1.



The analysis shows that the results in Table 1 are in line with the actual situation. It shows that the fuzzy logic inference system can simulate human thinking reasoning very well and fuse the three kinds of input information to extract useful information to identify the arc period. A total of 10 inputs are taken and obtain the results in terms of different parameters. There is variation in the obtained output at varying inputs. Variation in the output in terms of various parameters is effectively represented in terms of graphs in which every point is shown clearly. The results in terms of mean difference, probability, slope, and wavelet coefficients are graphically represented in Figure 5, Figure 6, Figure 7 and Figure 8.



These various parameters obtained for the ten inputs show the effectiveness of the presented method. The values in terms of different performance metrics are obtained efficiently in terms of mean difference, slope, wavelet coefficients, and probability.



The existing protection devices for low-voltage distribution systems in the buildings cannot detect the fault arcs that easily cause electrical fires. There are some loopholes in preventing electrical fires, resulting in the continuous occurrence of electrical fires and the great threat to people’s lives and property safety.



Based on reading many documents and communicating with the Architectural Design Institute, the leading causes and defects of the electrical fire are identified, and the fault identification model and fuzzy rule base are established, and the essential contents are studied. However, due to the limitation of research time, experimental conditions, and design experience, there are still many deficiencies, so electrical fire’s intelligent detection technology should be commercialization. The main problems in the research process are as follows: (1) In the fault arc simulation field, there are no corresponding standards in China to regulate the specific experimental environment and experimental equipment of the fault arc generator. After reading many documents, this paper refers to the foreign standards, combined with the causes of aging and poor contact in the actual circuit.



Due to the limitation of the experimental conditions, this paper only simulates several representative load circuits and the situation of the load changes. It further researches other nonlinear load conditions that often exist in the circuit because of the limitation of experimental conditions. The other main problems are (2) in fully distinguishing the similarities and differences between fault arc characteristics and nonlinear load, and (3) in studying the intelligent detection technology of electrical fire. This research mainly includes experimental platform construction, data collection and analysis, and simulation verification of multi-information fusion.



Results are also obtained for the real-time dataset, and Table 2 presents the data showing the disagreements among the testing methods. By dividing the disagreement count, percent disagreement was calculated by the number of the tested samples. The graphical representation of the disagreements among the testing methods is shown in Figure 9.



The FIS and the disagreement amount between the classifiers have decreased considerably; there are consistent FIS results for the consecutive years. FIS disagreement was much more evenly spread between the white and light spotted classes, and there is no systematic bias in the FIS’s grading.





5. Conclusions


On the basis of the existing electric fire protection device, this paper adopts a multi-modality fusion method to detect the fault arcs in distribution lines that are easy to cause electrical fires in the low-voltage distribution systems of buildings. By setting up the experimental platform, using the current transformer and data acquisition module to collect experimental data, the fault’s main characteristics are analyzed, and the appropriate criterion is selected. Finally, fuzzy logic inference system is adopted to carry out multi-information fusion. It is concluded that the fuzzy logic inference system can achieve the function of simulating human thinking reasoning very well and fuse the three kinds of input information to extract useful information to identify the arc period. It is drawn from the obtained results that the multi-information fusion method can make up for the deficiency of a single criterion in fault arc detection and prevent electrical fires more comprehensively and accurately. The multi-sensor information fusion method to test parameters can estimate the value of distributing parameters. Any prior knowledge of sensor measurement data is not required to be known. Improvement is not only in the accuracy of measurement parameters but also in the stability and low computational complexity.
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Figure 1. An Internet of Things (IoT)-based green building management scenario that uses sensor fusion and machine learning. 
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Figure 2. Direct causes of large and major fires in recent years. 
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Figure 3. Schematic diagram of the fuzzy logic reasoning system. 
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Figure 4. Triangle membership function curve. 
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Figure 5. Mean difference values corresponding to ten different input values. 
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Figure 6. Probability values corresponding to ten different input values. 
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Figure 7. The slope values corresponding to ten different input values. 
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Figure 8. The wavelet coefficient values corresponding to ten different input values. 
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Figure 9. Disagreements among the testing methods. 
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Table 1. Results of fuzzy inference system.
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	Different Input Values
	Mean Difference
	The Slope
	Wavelet Coefficients
	The Probability





	1
	0.08
	0.16
	0.07
	0.28



	2
	0.10
	0.25
	0.15
	0.35



	3
	0.08
	0.37
	0.14
	0.40



	4
	0.12
	0.04
	0.20
	0.62



	5
	0.16
	0.45
	0.22
	0.67



	6
	0.12
	0.69
	0.23
	0.70



	7
	0.13
	0.71
	0.25
	0.75



	8
	0.21
	0.62
	0.26
	0.85



	9
	0.22
	0.70
	0.26
	0.89



	10
	0.24
	0.72
	0.27
	0.94
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Table 2. Disagreements among the testing methods.
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Color Class

	
Light Spotted

	
White




	
Crop Year

	
1998

	
1997

	
1996

	
1998

	
1997

	
1996






	
c classifier

	
195

	
961

	
1231

	
469

	
400

	
1230




	
28.98%

	
65.23%

	
48.43%

	
70.33%

	
28.67%

	
45.99%




	
HVI

	
24

	
181

	
112

	
620

	
1130

	
2254




	
4.1%

	
11.8%

	
4.2%

	
90.21%

	
84.86%

	
93.56%




	
FIS

	
210

	
920

	
1210

	
405

	
321

	
1034




	
31.43%

	
76.23%

	
52.11%

	
64.01%

	
23.33%

	
41.12%




	
C-HVI Disagreement

	
2

	
11

	
7

	
310

	
834

	
1322




	
0.40%

	
1.20%

	
0.35%

	
48.32%

	
60.23%

	
51.44%




	
C-FIS Disagreement

	
72

	
130

	
220

	
35

	
80

	
140




	
10.92%

	
10.45%

	
9.6%

	
5.98%

	
6.00%

	
5.82%
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