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Abstract: The purpose of this study is twofold: to create the foundation for the application 

development capable to connect rescuers to the victims of earthquake disaster and to determine who 
needs help the most. To achieve these objectives, the fuzzy expert method, decision tree, and expert 
knowledge bases are used. The results from fuzzy logic and decision tree analysis show that there is 
a high accuracy in the decision used to determine the prioritized victims that urgently need to be 
rescued during emergency response phase of disaster management. 
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1.  Introduction  
Indonesia is a country located at the meeting point of 

three tectonic plates, namely Indo-Australian, Eurasian 
and Pacific plates, thereby, making it a high potential 
region for natural disasters such as earthquakes and 
tsunamis1). The time occurrence of these natural disasters 
is unpredictable despite several known variables that can 
indicated when a disaster will happen2). Based on BNPB 
data, the country's seismic activity from 1900-2009 was 
above 8000 with a magnitude beyond 5 Richter Scale. 
According to the risk assessment record conducted by the 
National Disaster Management Agency BNPB (BNPB, 
2016), the social losses culminated caused by the 
earthquakes in Indonesia include 86,247,258 people, IDR 
406,689,834 in physical losses, and IDR 182,185,171 in 
economic losses. Therefore, a quick response is essential 
to reduce casualties. 

The communication process that occurs between rescue 
personnel and victims is a significant aspect affecting 
time3). However, disasters tend to disrupt this process 
because communication infrastructure is prone to be 
working unreliably due to post-disaster damages 
happened to it, in spite of the fact that the establishment 
of adequate emergency systems can increase the survival 
ratio4). The management of search and rescue personnel 
also plays an essential role in increasing the efficiency of 
the relief operations5). Surprisingly, there are not many 
innovations applied by relief organizations to address the 
challenges that arise after the occurrence of a disaster. 

The communications are contrary to the development 
of information and technology4,6,7), particularly in the field 
of disaster management8,9). Generally, this is a variation of 
a group of digital tools and resources used to communicate, 
disseminate, and store information10). In the case of 
disaster response, technology is used to optimize rescue 
routes, speed up evacuation time and increase the number 
of survivors11). Some research have been done to improve 
the efficiency of the disaster response process, including 
the use of aerospace signal transmitters, GPS in search of 
victims and mobile phone applications to help survivors11–

13). This study is, therefore, the foundation for the 
development of applications capable of connecting 
rescuers to victims and to determine the victims that 
urgently need to be saved. 

 
2.  Literature Study 

Disaster management is the preparation, response and 
recovery of victims and their commodities, through proper 
preparation, mitigation, response, recovery and 
evaluation14,15). The disaster management cycle has been 
described in various forms16). The main factor affecting its 
prevention is effective strategy development17). However, 
it is crucial to understand the line of activities conducted, 
thereby preventing ineffectiveness as it starts and ends9). 
According to Charter9), disaster response is an activity 
carried out immediately after a catastrophic event 
including the implementation of the plan, a response, 
search and rescue system, logistics supply system, 
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assessment, and evacuation process. This phase should be 
conducted within 72 hours, also known as Golden 
Hours18,19), in order to increase the probability of survivors. 
However, when it exceeds that time, the probability of 
death becomes very high. 

The earthquake process involves unusual physical 
behaviors on how the material and energy interact during 
extreme conditions when rocks or the earth ruptures. 
There has not been a theory that explains the dynamics of 
rock ruptures to disrupt the earth energy by location, time 
and magnitude1). Regarding its victims, it is difficult to 
distinguish whether they are always directly or indirectly 
affected by its occurrence. Injuries in victims caused by 
earthquakes mostly often lead to death after 24 hours. 
These deaths were mostly caused by damaged buildings 
where victims suffered severe trauma injuries20). 
Throughout the 20th century, 75% of the deaths caused by 
earthquakes around the world was due to the collapse of 
buildings21,22). 

Based on the performance report of BNPB in 2017, the 
response time carried out by BNPB is 24 hours post-
incident of the disaster. Furthermore, the time needed to 
disseminate the information to the public regarding the 
occurrence of the disaster is approximately 3 hours. 
Furthermore, according to the 2016 performance report of 
national SAR agency (Basarnas, 2016), the percentage of 
the survivors resulted from carrying out SAR operations 
in the disaster was 79.86%, therefore, there is a potential 
to improve the effectiveness of the survivors’ rescuing 
process. 

Along with the development of mobile-based 
information and communication technology, the 
stakeholders of the disaster rescuers in Indonesia are 
coordinated through both web and mobile-based 
application of the Indonesia Rapid Assessment (InDRA), 
but it is considered as not been able to fully maximize the 
opportunities offered by information and communication 
technology yet. This digital platform cannot determine the 
prioritized victims that need to be rescued immediately. 
User-based technology should be developed to support the 
processes of disaster preparedness and disaster response 
aiming to increase the availability of information about 
prioritized victims that need to be evacuated by rescue 
teams, therefore the percentage of the survivors can be 
increased. 

In determining the victims that urgently need to be 
rescued, 11 indicators are considered before the rescue 
based on the model of search and rescue plans 23), and 
these indicators should include a number of subjects in 
affected area, age, time travel, circumstances, subject 
profile, medical and physical conditions, clothing, 
weather, terrain, hazards, and equipment profile. The age-
specific mortality rates were high for the young and old, 
but low for middle-aged people. Further inspection of 
empirical data suggests that infants under one year of age 
had lower mortality rates than older children24,25). The 
environmental risk was also considered as the factor that 

is likely to increase mortality rate during catastrophic 
events formed by calculation of hazard, vulnerability and 
capacity within prone areas1). The higher the risk of areas 
affected by the earthquake, the higher the number of 
victims. Besides, areas with low risk are first assessed to 
avoid prioritizing the rescue of victims in the area. 

Previous researches have successfully shown the 
potential in developing user-based technology in the 
process of disaster emergency response. There are various 
models of decision-making systems including Genetic 
Algorithm (GA) and Artificial Neural Network (ANN).  
GA that has been developed to discover the best route for 
emergency team to rapidly organize rescue program when 
crucial time after earthquake strike which generates and 
arranges the score of each route by elaborating geographic 
location and number of trapped victims11). ANN model 
has been developed to estimate life casualties in 
earthquake prone area where it applies eight parameters 
including earthquake magnitude, depth of hypocenter, 
intensity of epicenter, level of preparedness, earthquake 
acceleration, population to form, and disaster forecasting 
rate. The casualties’ prediction value, resulted by the ANN 
model, shows 20% error compared with the experimental 
value26).  

This research is composed of the structured notion of 
previous research that used machine learning as the 
methodology in order to enhance disaster management 
systems by providing potential development for the use of 
information and communication technology (ICT) to 
determine prioritized victims. 
 
 
3. Methods 

This study determines the variables affecting the safety 
of victims27) after an earthquake using the benchmarking 
method. These variables were used as a component of the 
interview with experienced practitioners in the field of 
disaster management from the National Disaster 
Management Agency (BNPB), the Indonesian National 
SAR Agency and Indonesia Red Cross. Furthermore, the 
data is processed using fuzzy28,29) and decision tree 
methods30) to obtain fuzzy rules and classify the model's 
error. 

Fuzzy logic is used to determine the prioritized victims 
by assessing the degree of membership of each variable. 
This method is easy to use since it employs linguistic 
judgement. This has a positive point because the attitude 
of the emergency response will be based on qualitative 
information so that this method will be able to conduct the 
analysis on determining the prioritized victims 31,32). 
Therefore, it makes the model quite flexible to be changed 
and depends on the actual condition of the damaged area. 
In developing the membership function, experts were 
asked to assess the suitability of the variables against the 
predetermined classification. The scoring uses a range 
from 1 to 10 where one is interpreted as inappropriate to 
the class and ten very appropriate. 

After acquiring the membership degree function of each 
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variable, fuzzy rules were made to determine the 
relationship between independent and dependent 
variables. Fuzzy rules are formed using the decision tree 
model to determine the classification accuracy from the 
model. To get fuzzy rules, the decision tree method is used 
to determine the relationship between the independent 
variable with the dependent variables. Decision Tree is a 
classification algorithm, which is a supervised machine 
learning. The purpose of developing this model is to 
predict the variable target based on variable input by 
studying the rules of decision making. Decision tree starts 
from the rood node and then forms other nodes to find the 
leaf node which is the target variable33). Furthermore, 
decision tree is able to generate the relationships among 
the variables which are needed for completing the fuzzy 
logic model. There are two stages involved in composing 
a decision tree model, namely the training and testing 
phases. The training phase is a stage that forms the 
decision tree model of a data set, while to the testing phase, 
tests it from a sample data set to determine its accuracy. 
After the decision tree model is obtained, the relationship 
between the variables is used for defuzzification, with the 
entire process achieved using the Matlab and Orange 
features28). The output of this system is used to decide and 
prioritize victims using scores obtained from the fuzzy 
method calculation, which is an independent variable. 

Furthermore, the empirical studies were used to 
generally classify the dependent variables into 4 (four) 
attributes, namely age, distance, regional task and victim’s 
health condition. The first describes how old the victim 
was during the disaster24). The second, which is the 
distance of victims to safety point, is indicated by GPS 
from the assembly point when the earthquake occurs23). 
The third (regional risk), describes multiplication of 
hazard with the vulnerability and capacity ratio of the 
region, while the forth, describes the physical condition of 
a victim during the earthquake34). 

 
Table 1. Dependent Variable 

No Variable Description Classific
ation 

1 Age of 
victims 

People over the age of 60 
have a mortality rate five 
times greater than others as 
well as children aged 5-9 
years. 
Age-based mortality rates 
tend to increase for the 
young and old, while the 
middle-aged have low 
mortality rates. 
One-year-old children 
have a lower risk of death 
than older kids. 
 
 

Kid, 
Adult, 
Elder 

2 The 
distance 

of victims 
to an 

assembly 
point 

Victims with the farthest 
distance from the assembly 
point are more prioritized 

Nearby, 
Medium, 

Far 

3 Regional 
Risk 

An index that shows 
potential negative impacts 
likely to arise due to a 
potential disaster that 
exists based on the level of 
vulnerability and capacity 
of the area 

Low, 
Moderate

, High 

4 Medical 
Condition 

Victims with the weakest 
physical condition are 
prioritized 

Sick, 
Okay, 

Healthy 
 

The defuzzification process produces a value that 
determines whether the prioritized victim should be saved 
or not. 

 
4. Discussion and Result 

The questionnaire is given to experienced experts from 
top management level in the field of search and rescue 
such as National Red Cross, National Disaster Agency and 
National Search and Rescue, the number of which is 
considered as good since they are the authorities 
representing their respective institutions and is mapped 
into graphs as shown in Fig. 1. 

Fig. 1: Respondent Data Mapping 

 Based on the experience of practitioners in the field, the 
function and degree of membership are formed for 
decision making using fuzzy logic method. 

Membership degree functions for dependent variables 
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are calculated using linear functions. In this priority, 
membership function ranging from 0%-100% are divided 
into two criteria; low and high priorities. The following 
equations define these: 

 
 

   
 (1) 
 

 
Then, the membership functions of low priority as 
follows: 
 

 
  (2) 

 
 

 
Based on both functions above, there is a value of 

fuzziness between 40 and 60, while the priority level is 
assessed when the score is above 60, thereby, prioritizing 
the range. These functions are influenced by the 
independent variables detailed in Table 1. 

Membership degree function for Regional Risk is 
developed using data from BNPB (1) which classified the 
region into three risk levels; low, medium, and high. The 
risk is represented as an index from 0 to 1, where 0 
represents very low, and one is very high. The following 
equation defines the membership function: 

 
 
    (3) 

  
 
   (4) 

 

  (5) 

 
Based on the membership degree function above, it is 

noted that there is a fuzzy value between 0.1667-0.5 and 
0.5-0.833; therefore, the value to be obtained is dependent 
on the fuzzy rule applied. The Regional Risk function is 
formed by dividing one scale into three parametric with a 
similar health condition. However, the regional risk 
variable should be multiplied by 10, thereby making the 
maximum score 10 in terms of health condition. 

Membership degree function for the age of a victim is 
defined after interpreting function using questionnaires 
already filled by an expert in Search and Rescue, with the 
age variable divided into three namely young (kid), adult 
and elder. These classifications tend to create their 

membership functions which are dependent on the expert 
judgment. 

 
  (6) 

 

 

 
  (7) 

 

 

  (8) 

 

According to these functions, the membership for the 
young category has a range from 0 to 52, followed by an 
adult from 39 to 40 with a fuzzy area between 4 and 39, 
as well as 40 and 75. 

Similarly, the membership function of the victim's 
distance to safety point during a disaster occurs, with the 
purpose formed expert’s judgment during Search and 
Rescue. This also consists of 3 linguistic variables, 
namely nearby, medium and far (kilometer unit). The 
functions below illustrate the membership function. 

   

 (9) 

 

 (10) 

 

  (11) 

 

These numbers represent kilometer unit of the distance 
which has to be passed through by victim to get to the 
closest safety/assembly points in their surroundings.  

Besides creating a membership function of all variables, 
the judgment of expert also decides the correlation 
between the dependent and independent variable, as 
shown in the decision tree below. 

 

( )High

( 0.5) / (1 0.5) 0.5 1
1 1x

x for x
for x

µ
− − ≤ ≤

=  =
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Fig. 2: Decision Tree 
 

Based on the above decision tree, some rules used to 
run the fuzzy system are deduced. Decision tree shows on 
Fig. 2 shows the relation between the independent and 
dependent variables, as below: 

1. IF Healthy Level is Sick, AND Age is Adult or Kid, 
AND Risk Level is High or Moderate, THEN The 
Victim is Prioritized. 

2. IF Healthy Level is Sick, AND Age is Adult or Kid, 
AND Risk Level is Low, THEN The Victim is 
Prioritized. 

3. IF Healthy Level is Sick, AND Age is Elder, AND 
Distance is Far or Nearby, THEN The Victim is 
Prioritized. 

4. IF Healthy Level is Sick, AND Age is Elder, AND 
Distance is Moderate, THEN The Victim is 
Prioritized. 

5. IF Healthy Level is Healthy or Okay, AND Age is 
Elder or Kid, AND Risk Level is Moderate, THEN 
The Victim is not Prioritized. 

6. IF Healthy Level is Healthy or Okay, AND Age is 
Elder or Kid, AND Risk Level is High, THEN The 
Victim is not Prioritized. 

7. IF Healthy Level is Healthy or Okay, AND Age is 
Adult, THEN The Victim is not Prioritized.  

After testing the decision model, the Recall 
performance for the model achieves 79.8% accuracy 
which is better than using logistic regression and Random 
Forest with a Recall of 79.3% and 78.1% which are very 
close to the decision tree model. The Recall is calculated 
by using the ratio of true prediction from the model and 
the actual data. The data results for other methods —
which are all supervised machine learning classification 
methods— were obtained from the Orange Big Data 
software program. Here is the comparison among the 
models: 

 
 

 
Table.2 Performance Index Comparison among Machine 

Learning Model 
Method AUC CA F1 Precision Recall 

Tree 0.738 0.708 0.763 0.731 0.798 

SVM 0.522 0.416 0.124 0.531 0.070 

Random Forest 0.710 0.669 0.735 0.695 0.781 

Logistic 

Regression 

0.746 0.715 0.766 0.741 0.793 

AdaBoost 0.707 0.669 0.737 0.692 0.789 

 
5. Conclusion 

The Fuzzy logic and decision tree provide the optimal 
evidence to be used in determining and prioritising the 
victims to be rescued during the occurrence of a natural 
disaster such as an earthquake. This helps to reduce the 
rescue time during emergency response, thereby, 
increasing the chances of victims' survival rate. However, 
the fuzzy function has to be defined more using other 
approaches to obtain more confidence and use those 
function as bases of model application. Furthermore, the 
decision tree has already proven to be a potential approach 
to categorizing actions required according to relevant 
variables. In another word, the decision tree shows to 
predict can be made with significant accuracy, particularly 
during Disaster Emergency Response. 
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