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ABSTRACT 

During major disaster events, human operators in a crisis center will be overloaded with under-stress a flood of 

phone calls. As an increasing number of people in and around big cities do not master the native language, the 

need for automated systems that automatically process the context and content of information about disaster 

situations from the communicated messages becomes apparent. To support language-independent 

communication and to reduce the ambiguity and multitude semantics, we developed an icon-based reporting 

observation system. Contrast to previous approaches of such a system, we link icon messages to disaster events 

without using Natural Language Processing. We developed a dedicated set of icons related to the context and 

characteristic features of disaster events. The developed system is able to compute the probability of the 

appearance of possible disaster events using Bayesian reasoning. In this paper, we present the reporting system, 

the developed icons, the Bayesian model, and the results of two experiments. 
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INTRODUCTION 

In the year 1993-1995 there were dangers of flooding along the great rivers in the Netherlands due to the heavy 

rainfall in Europe raising their water level. Attempts have been done to strengthen the walls of dikes. Because 

the dangerous area was too large, citizen participation was needed for surveillance and requested to 

communicate their observations to the provided emergency hotline. For each incoming report, emergency 

services were informed and started to verify the calls, to survey situation, to report about the situation and to 

provide help and support. These services were well trained in surveillance and communication among each 

other. They usually communicate with each other through a dedicated speech-based device and private 

communication channels at their disposal (Klapwijk & Rothkrantz, 2006). However, the citizens were not 

trained for reporting disaster. Problems occurred because civilians could not report their observation about the 

situation and their location objectively and properly. Moreover, many emigrants, who do not master the Dutch 

language, have populated the big cities in the Netherlands. Problems in communication could occur when these 

people would send a message about observations of disaster situations to the crisis center. On the other way 

around, when the center would send a message to all people in an affected area, many people could not 

understand the message. To solve this communication problem, a crisis language was proposed based on icons 

to structure the observation and communication of citizens.  

Many other countries were also realized the potentials of the icon language for fast automated processing across 
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language barriers. Standard map symbols were promoted by the U.S. Government on a national basis for sharing 

information during emergency situations by emergency managers and people in responding to disasters (ANSI, 

2006). These symbols were designed based on research on guidelines and standards for the design of hazard and 

emergency maps and icons by Dymon (2003). For a similar reason, a European symbol set for communicating 

disaster and emergency was developed by the Indigo project (Ahmad et al., 2012). More research were 

conducted for evaluating these crisis symbols e.g. Akella (2009), Robinson et al., (2010), and have resulted in 

considerations for future development. The International Organization for Standardization has issued ISO 7010 

in 2003 (updated in 2011) toward international standardizations for hazard and safety symbols.  

Fitrianie & Rothkrantz (2005, 2007) and Fitrianie et al. (2006, 2008) have developed some versions of an icon 

interface and a dedicated icon-based language for reporting observations. The set of icons is disaster and context 

specific, but the developed underlying communication system is generic. Fitrianie (2010) showed that the 

interface was able to support communication between users. The human users were able to express their 

concepts in mind solely using a spatial arrangement of icons. To convert a string of icons to natural language, 

dedicated grammars were developed. All these versions were deterministic from nature. 

Analyzes of Klapwijk & Rothkrantz (2006) and Benjamin & Rothkrantz (2007) on dialogue transcriptions of 

telephone calls send to the crisis center showed that there were a limited set of scenarios about disaster events. 

Each scenario has associated features. Some features are more or less typical for a certain event (salient 

features); while others may have a major or minor impact (dominant important features). Using expert analysis, 

Benjamin & Rothkrantz (2007) have formulated a set of predefined crisis scenario and their associated features. 

However, interpreting a disaster event by its features is a complex process. A disaster event is not a static event; 

it develops in the course of the time. A certain event can easily upscale into another event, for example an 

explosion followed by a toxic cloud. In the beginning different features are emerging than at the end. On the 

other hand, human’s observations are context sensitive (Fitrianie & Rothkrantz, 2007). They are based on 

multimodal input in a given context and may affected by emotional state due to the intense nature of the crisis. 

As observers of a disaster event may locate on different positions and perceive the situation at different time, 

some of them may have direct view to a disaster situation, some may only hear an explosion from a distance, 

and others may be informed by rumors or may have reported a subjective interpretation. In the process reporting 

observations, the information may become ambiguous, incomplete and language dependent. Here, 

computational methods can be used to reason about multiple hypotheses in parallel and to select the most 

(optimal) possible interpretation. 

The present paper proposes a probabilistic model of an icon-based reporting observation system. The system 

allows observers to send their observations during a disaster event to the crisis center solely using icon-based 

messages. Using the probabilistic-based reasoning tool, the system is able to process a large amount of messages 

of icon strings in real time and compute the most probable event. In the next section we present related work on 

icon-based languages. Then, we describe our probabilistic model and continue with its implementation. Next, 

the results of our user test are presented. Finally, we conclude this paper. 

RELATED WORK: DETERMINISTIC MODEL 

Icons are visual symbols; nonverbal representations that precede verbal symbols. They form a language called 

visual language. This language is known as the basic literacy in the thought processes and the foundations for 

reading and writing. It provides an alternative to text as a mode of comprehension and expression (Singhal & 

Rattine-Flaherty, 2006).  

In a visual language, a message can be composed using an arrangement of icons or using combinations of 

symbols to compose new symbols with new meanings. The arrangement can be realized in a rigid sequence 

order (Fitrianie & Rothkrantz, 2005) or in a two dimensional order (Fitrianie et al., 2006). A translation module 

that used a dedicated grammar for interpreting and converting visual messages into natural language text and 

speech, was developed by adopting approaches of NLP. The grammar forces the users to follow linguistic lines 

behind sentence constructions. This makes the previous solutions somewhat rigid and requires the users to learn 

a "new" grammar.  

A free and natural way of creating a spatial arrangement of graphics symbols (such as icons, lines, arrows and 

shapes) to represent concepts or ideas was proposed in Fitrianie et al. (2008, 2009a).  The elements in a visual 

symbol represented concepts in a spatial context. Figure 1 shows the visual language-based interface. The 

interface provided a drawing area where users could attach and re-arrange icons, lines, arrows and ellipses on to 

describe the observations of disaster situations. In this language, the relationship between icons could be 
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expressed using arrows, lines and ellipses. All of these free arrangements were used to create a meaningful 

visual language-based "sentence" that represented a context. 

 

Figure 1. An icon-based interface (Fitrianie, 2010). 

Fitrianie et al., (2008, 2009a) and Fitrianie & Rothkrantz (2012) proposed an agent-based architecture for 

constructing a coherence and context dependent interpretation of the way in which people relate certain concepts 

to describe events (see Figure 2(a)). The approach comprised the (user) workspace, the ontology and scripts and 

the autonomous work of agents. Ontology was defined as a body of knowledge of the world and represented the 

real world environment hierarchically structured as a directed graph of concepts (Figure 2 (c)). It held 

predefined concepts in the form of a graph of concepts and properties. Figure 2(a) illustrates the agents that 

explore matching instances in the workspace (bottom up), at the same time they activate their corresponding 

concept-property in the ontology and dynamically build relationships among these concepts and message 

structures. An active concept could activate one or more scripts (top-down). A script represented the chain of 

events that identify a possible crisis scenario, which were distinguished by some conditions. Figure 2(b) shows 

an example of a script in XML format. In this example, a car accident event is acknowledged by some of cases 

of conditions. One of the cases depicts a situation when there is an injured actor in the area. A weight value 

(cost) is assigned on each case to show how important the case is. Usually, a case becomes important because it 

contains key concepts that make up the case’s salience. 

Conceptually, this approach follows the Event Processing technique (Pottebaum et al, 2011). Each icon can 

represent an event that presents (or happens) in the real world. The duration of an event can be measured by the 

duration of an icon existing on the user’s workspace. The ontology acts as both an event recognizer and a 

semantic event processing; while the scripts facilitate use cases.  The agents work bottom-up to explore simple 

events that can be recognized on the user’s workspace and top-down to investigate complex events that would 

lead to a decision in the use case. In the developed agent-based architecture, the most salient script was selected 

on the basis of available features included in the inputted message send by the observer, which comprised a set 

of icons and their spatial representation. However, the user input may not be uncertain, and the order and timing 

in which concepts are active and which conditions are valid cannot be determined beforehand (Fitrianie, 2010). 

On the other hand, the method required that all concepts in the ontology and the scripts had to be designed and 

specified in advance. To support the autonomous participants to report observations with sensed data (i.e. what 

observers see, hear, smell, and even feel or experience) expressively, the interface has to provide a relatively 

large number of icons and relations. As a consequence, the uncertainty of the user input is too high and the 

world model is too complex to be designed as conditions in scripts; such in the case of missing features that are 

not presented visually in the workspace and/or that are not defined in the predefined script’s conditions. 

Moreover, the designed procedure did not take into account the fact that different features have different weights 

in the reasoning process. Different disasters may have more than one feature in common. Some can be salient 

features, while the others can be discriminant features characterizing a particular disaster event and the impact 

of these features on a specific disaster event may be different. 
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(a)  

 

 

(b) 

 

(c) 

Figure 2. An agent-based interpretation for a single multimodal message and (b) an example of a script and (c) an 

ontological representation of “on Location(x,y), an accident between a car and a truck results in an explosion; the 

explosion causes fire and smoke”; an icon is an instance of a concept in the ontology. 

PROBABILISTIC MODEL 

As mentioned before, human observers typically generate a hypothesis about a certain situation and report it 

within its context (Klein, 1998). Therefore, to handle ambiguous, incomplete, subjective observations, a 

probabilistic model is the most appropriate. In this section we present a probabilistic classification tool of 

disaster events based on icon-based messages. To realize such a tool, we have reused the work of Fitrianie 

(2010, see Figure 1) on the icon-based reporting observation system on a smartphone. We developed a new set 

of icons to include more crisis scenarios and developed a reasoning tool based on Bayesian networks for 

semantic interpretation of the icon-based messages.  

The Icon-based Observation Interface 

Figure 3 shows a schematic view of crisis situation. As mentioned before, at any time, observers are associated 
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with a location in the geographical space. The crisis center operators collect the reports and form a global view 

about the crisis. Our developed system helps them to calculate the most probable causes. Further, knowledge of 

the world can be used by the crisis center for supporting the decision making process and executing actions. 

Similar to the work of Fitrianie (2010), the observation system is intended for naive, non-professional human 

observers to report about disaster events using solely spatial arrangements. Observers are not requested to give 

an interpretation of their observation but to report about the availability of characteristic features of disaster 

events. Confronted with a disaster situation, an observer can send their icon-based messages two ways: (1) as a 

string of icons or (2) placed them on a map interface.  

The interface supported a real-time two-way context-sensitive data exchange. It enables users to report their 

observations from their position. To report the context on a string of icons, the observer can select manually the 

icons representing context.  Since the interpretation of a disaster situation is context sensitive, the exact location 

of an event is important. Therefore, the client mobile application has an ability to track the user’s location using 

GPS, which is indicated automatically by the system using the icon  = ‘me’. Observational data, such as 

blocked road, broken bridge, damaged building, fire, and so on, can be used by the reasoning system to compute 

the most probable disaster event. By combining the position of observer and the possible location of an observed 

situation, the possible location of a disaster event can be computed from at least three observations. At the same 

time, the icon-based interface receives the information gathered from all other users. This two-way 

communication allows both operators in crisis center and people in the field to continuously update of the state 

of the art of the situations. 

 

Figure 3. Disaster dispersion occurs in the world; observers in field report their observation. 

Icon Database 

Figure 4 shows examples of icons used in this project. To define a set of characteristic features, we studied the 

scenarios of possible disaster events that were prepared and currently used for training the first responders in the 

Netherlands (Burghardt & Rothkrantz, 2005). The scenarios included 15 types of disaster events occurred in the 

Netherlands in the last 50 years. The overall studies served a number of purposes. First, we developed a list of 

observable, specific, characteristic discriminative features and possible contexts where disaster events could 

take place for each scenario. Most features were selected to describe human perception, such as sound, vision, 

smell, and feeling. The formulated list was tested to make sure that the features and contexts were discriminative 

enough so that each of the scenarios was identifiable by a unique set of features-contexts. Secondly, we grouped 

the list of features based on three aspects of an event were used to distinguish one event to another, such as what 

is happening, where it is happening and who is involved. Finally, we designed and developed corresponding 

icons. This set of new icons was added into the developed icon-based reporting observation system. To avoid 

ambiguous meanings created by the relation between the icons and words, a verbal context that could link both 

visual and verbal thoughts was designed together to form an icon that could be remembered and recalled. 

Scenarios were employed to represent context that binds verbal and icons together. A separate set of user tests 

(following Fitrianie & Rothkrantz, 2009b) was conducted to ensure that the "universal" meaning of the 

knowledge representation could be conveyed as intended by the designer of the icons. 
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Figure 4. Examples of icons; the frames of the icons have a particular meaning adopted from Dymon (2003). 

Probabilistic Reasoning 

According to semiotics, icons alone are meaningless without a particular context and icons exist in the context 

of other icons. Based on this view, we applied a context sensitive reasoning process. Here, we started by 

defining icons distinguished for different contexts, i.e. disaster events. Then, we determined icons that were 

corresponding with salient features in the selected contexts. The next is we modeled the features and 

corresponding disaster events as nodes in a Bayesian network. 

For every disaster event we generated a string of icons that could be observed from different context and at time 

during a certain disaster event. CPT’s (conditional probability tables) were used to model the probabilistic 

relation between nodes. Usually a lot of data is required to compute the CPT’s automatically, however disaster 

events are fortunately rare events. Therefore, we set the entries in the CPT’s interviewing experts from crisis 

centers using the work of Klapwijk & Rothkrantz (2006) and Benjamin & Rothkrantz (2007). Since the context 

of a disaster event is essential the probability of icons that represent context and observed features was set to a 

high value. This implies that the probability of a disaster event with unknown context is relatively low. Further, 

as we distinguished salient features for each selected disaster event, we also determined discriminative features 

for these events. We set higher probability for the salient features than other features, which were shared by 

many disaster events. By this way, a disaster will be distinguished as emergence of small incidents or 

occurrences. Some icons may not be upscale; therefore, they may disappear after sometimes (low loading). 

While some others icons will always characterize the event (high loading). 

Figure 5 shows the schematic view of the procedure to compute the most probable disaster event. Let us 

consider a set of icon strings of observations from different locations on the map and at different moments of 

time. Our algorithm works as follows. It starts with the inspection of appearance of icons that represent context 

and icons that represent observed features. For every possible event, we consider a graph of nodes 

corresponding to the features icons and the disaster events. The features nodes are connected to the disaster 

events by arrows indicating the causal relationship. With every arrow, we assign a CPT. The probability of a 

disaster event can be computed using different models of Bayesian Network. Here, we used Noisy-OR model. 

For every message of icons strings, the probability of possible event is computed. For every Bayesian model of 

disaster events we compute the probability of that event and per event we take the average over all observations 

in some time interval. As a result, after processing a number of icon messages during a given time interval, we 

have a list of probabilities of possible disaster events. The event with the highest probability value could be 

selected as most probable event. Some disaster events may have similar probabilities values; therefore, we 

consider a list of N-Best, i.e. the N most probable disaster events. This part of the algorithm is applied on 

successive time interval. The results are stored in a database of historic events. Since, disaster events develop 

over time, the features may not all be possible to be observed at once. At consequence, the probability of events 

can change over time. This can be modeled using Dynamic Bayesian Networks (DBN). 
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Figure 5. Reasoning procedure. 

IMPLEMENTATION OF THE PROBABILISTIC MODEL 

Figure 6 shows our model of disaster events, contexts and features. The model is displayed as a graph, where 

location and features caused disaster events with some probability. The next step is to consider the model as a 

Bayesian networks. As the context information, i.e. location, plays a crucial role in the classification process, the 

conditional probability of p(disaster-event|context) was set to 0.8; while the other conditional probabilities 

p(disaster-event|feature) were set to vary between 0.2 and 0.7. Characteristics and salient features have a higher 

probability than others.  

As an example, let consider two scenarios: terrorist attack in a public place and fire in the underground. In both 

scenarios, the location of the disaster event could happen in the entrance/exit of the underground. In both cases 

we may expect observation of fire, smoke, explosion running people, victims, some first responders, but a 

crucial difference is that in case of terroristic attacks weapons maybe observed. In general we can state that the 

more features are observed, the higher the probability of that disaster-event including those features. Figure 7 

displays the nodes of the Bayesian Networks; Table 1 and 2 shows an example of the probability table’s of the 

relation between the icons and the disaster events. 
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Figure 6. Nodes on Bayesian Networks (context icons  disaster events  features icons). 
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Fire in Underground 0 0.4 0.4 0.4 0.3 0.3 0.4 0.4 0.3 0.3 0.4 

Terrorist Attack in 

Public Places 
0.6 0.4 0.4 0.3 0.3 0.3 0.4 0.4 0.3 0.3 0.4 

Table 1. An example of probability table p(disaster events|feature) 

 
    

Fire in –Under-ground 0.7 0.7 0 0 

Terrorist Attack in Public Places 0.7 0.7 0.8 0.8 

Table 2. An example of probability table p(disaster-event|context). 

 
Figure 7. An example of Bayesian models: fire in the underground and terroristic attack in public places. 

Using Table 1 and 2, for example for the input:  

      

and the Noisy-OR model, we can calculate the probability p(Fire in Underground) and p(Terrorist Attack in 

Public Places) as follow: 

p(Fire in Underground) = 1 - (1 - 0.7) (1 - 0) (1 – 0.4) (1 – 0.4) (1 – 0.4) (1 – 0.3) = 0,955 
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p(Terrorist Attack in Public Places) = 1 - (1 - 0.7) (1 - 0.6) (1 – 0.4) (1 – 0.4) (1 – 0.4) (1 – 0.3) = 0.997 

The probability of the terrorist attack event is bigger than the fire event. Their probabilistic values are very close 

due to the fact that both events have many features in common, including the location.  

To model the Bayesian networks, the graphs and CPT’s, we used a tool SMILE/GeNIe developed at the 

University of Pittsburgh (http://genie.sis.pitt.edu). The Structural Modeling, Inference, and Learning Engine 

(SMILE) is a fully platform independent library of C++ classes that implements graphical probabilistic and 

decision-theoretic models and is suitable for direct inclusion in intelligent systems. The individual classes 

defined in the Application Program Interface of SMILE enable the user to create, edit, save and load graphical 

models, and use them for probabilistic reasoning and decision making under uncertainty. The Graphical 

Network Interface (GeNIe) is the graphical user interface to the SMILE library. It is implemented in C++ and 

makes heavy use of the Microsoft Foundation Classes.  

EXPERIMENT 

To have insight how our concept can be applied in a real-life disaster, we tested our icon language concept in a 

disaster exercise. Next, we conducted a laboratory user testing. The following sections describe these tests 

sequentially. 

Field Experiment 

We aimed at observing how people communicate each other in a disaster situation. For this, we participated in a 

crisis exercise in 2009 organized by D-CIS lab (http://d-cis.nl) in the South-West of the Netherland. The 

exercise involved a large number of emergency services and volunteers (to represent citizens). It simulated 

flooding disaster around the area that was located below sea level, protected by dikes and threatening a nuclear 

plant. The event was organized to exercise emergency and evacuation procedures, to test new technologies and 

to develop the skills of the emergency services. Our prototype of the icon-based communication tool was one of 

communication devices being tested. A scenario had been developed so that the citizens sent their observation 

reports from different locations, the emergency services communicated among and between the citizen and 

themselves to solve and mitigate problems and the crisis center organized an evacuation of the citizens from the 

dangerous area.   

We found that the emergency services did not need to use our tool since they were trained in observation and 

communication using their own device. In the case of overloaded network, they used a private communication 

network and were still be able to communicate verbally. We also observed that the citizens did not use our tool 

either. Instead, they preferred verbal communication using mobile phones and relied fully on the crisis center to 

understand their message. The speech messages from citizens were mostly unstructured, redundant, containing 

irrelevant messages and almost impossible to process automatically. Due to the overwhelmed situation, the 

limited number emergency services, and transport problems of the services to the reported area, it was difficult 

for the crisis center to complete and verify the citizen’s reports. As a result, the crisis center faced difficulty and 

delay in rendering the situational awareness in the dangerous areas.  

Laboratory Experiment 

Eight Computer Science students of Delft University of Technology took part in the test and another one as a 

pilot to answer two research questions: (1) can users create messages to convey their concepts in mind using the 

developed icon-based language? And (2) how accurate is our probabilistic reasoning tool? For this experiment, 

their demographics information was considered not relevant. Before the actual test, we provided a short manual 

and training to use the system. The participants were asked to describe situations by (1) writing down their 

initial observation, (2) reporting the observation using the map version of the icon-based reporting observation 

system, (3) writing down the textual version of the message, and (4) selecting a most relevant disaster event 

from the list of 15 events. The situations were shown in videos of sequence of disaster scene illustrations built 

using Lego-bricks (Figure 8). Each illustration consisted of eight scenes ordered by the progress of a particular 

disaster event. There were not incorrect answers and the participants were encouraged to report as much and 

many as they could. All user interactions were logged and the user speech was recorded. At the end of the test, 

the participants were asked to fill in a questionnaire, which focused on aspects: (1) whether the provided icons 

were sufficient for conveying the intended message, (2) whether the user understood how to construct a 

message, and (3) whether the user had situation awareness of what was happening during the reporting. The 
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answers were self-rated and indicated on a Likert scale from 1 to 5 anchored by bipolar descriptors from 

“strongly disagree” to “strongly agree. 

We processed the results to calculate: (1) the report completeness by comparing the participants answers with 

the developer’s which were considered as the minimal observation reports; the answers were transcribed into 

lists of concepts of contexts and features; and (2) the accuracy of the automated interpretation results based on 

the user’s selected disaster events. We also analyzed the record transcription and the questionnaire results. 

 

The policemen help the 

passenger out of the flipped car 

in front of a tank station. The 

paramedics are waiting near the 

ambulance. There is smoke and 

fire out of the car. 

 

 

The policemen walk with the 

victim. The car is exploded. 

 

 

A big fire at the tank station. 

The firemen put out the fire. 

The firetruck is in front of the 

gas station. 

 

Figure 8. Examples of Lego crisis-illustrations and possible user messages. The illustrations show a car incident that 

escalates to an explosion and fire. 

The test results showed that all participants were able to confidently create icon-based messages using the 

provided system for representing their observations. Most participants found that the system had met their 

expectation, the meaning of most provided icons was clear. Although our system provided more icons than the 

version of Fitrianie (2010), the participants still requested more icons so that they could report about the 

situation in more detail and expressive. Apart from this problem, the participants reported that the system was 

easy to use and they only needed a small period of time to adapt to it. 

Table 3 shows that directly after watching the scenes, the test users had relatively the same state of mind as the 

developer. The participants adapted the messages based on the provided icon database during the message 

construction. Over 50% of the features on the initial description were substituted using other available features 

provided by the system. Unsuccessful icon searching in the beginning of the test caused the higher number 

missing concepts in the icon-based messages. Then, the participants tended to explain what they actually wanted 

to report on the textual version by considering more concepts provided by the system. Therefore, the initial 

report had more new concepts. Nevertheless, the results on the coverage of the union of the input concepts 

indicated that the participants had relatively the same situation awareness as the developer, which was also 

supported by the 100% agreement on disaster events as well as the analysis results of the questionnaire. 
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Corpus Average # Missing 

Concepts 

Average # 

Substation w/ 

Provided Concepts 

Average New 

Concepts 

A: Initial observation 1.45±0.68 0.20±0.77 3.10±1.89 

B: Icon-based Messages 4.51±1.33 3.22±1.36  

C: Textual report 3.39±1.27 2.09±0.36 1.55±0.12 

A ∧ B ∧ C  4.26±1.33 3.13±1.32  

A ∨ B ∨ C 1.27±0.03 0.24±0.30 3.10±1.89 

Table 3. The coverage of input concepts. 

Our analysis on new additional concepts in the user reports showed that our observers had generated a possible 

hypothesis and observed features supporting that hypothesis, although those features were not or not yet present. 

For example, some participants would assume that when they observed smoke, there should have also been fire. 

Some of these new concepts were added due to the fact that our observers had envisioned future developments 

of the displayed events and reported earlier features fitting these developments. This implies that people have 

prototypes of disaster events in their mind and such prototypes shared by many people. 

SUMMARY AND CONCLUSION 

This paper presents our project on developing a reporting observation system using icon-based language. 

Observers can use the reporting system on their smartphones. An observation message contains a report about 

the context and features of a certain disaster event represented by an arrangement of icons. The order and 

position of icons on the input messages cannot not determined beforehand. Bayesian network is used to compute 

the most probable disaster event based on the communicated icon-based messages. The networks were modeled 

based on analysis on disaster events of the last 50 years in the Netherlands, which resulted in a list the most 

salient and discriminative features corresponding to disaster events and represented by icons. Expert engineering 

approach was applied to set the values of the probability tables of the Bayesian Networks. The system is able to 

process many communicated observations and to select the most relevant disaster crisis. 

The lab experimental results showed that our developed probabilistic reasoning was able to interpret the 

communicated icon messages correctly. However, we have to consider the following factors. Firstly, the 

experiments were not performed in a realistic setting, since it was difficult to perform an experiment in a real-

life disaster scenario. As a result, important aspects (e.g. the perception problems and the different emotions 

people exhibit during a disaster and how people deal with multitasking and task interruptions in these situations) 

could not be investigated. Secondly, all participants of the experiment were highly educated people, which 

meant that the results only reflected one segment of the population.  

Although research showed that people caught in disaster were able to creatively utilize and adapt any 

technologies available (Shklovski et al., 2010), the field experimental results showed that a system that was 

specifically designed to work when a disaster strikes was unlikely to be used optimally. Therefore, future 

development of such systems should integrate or be integrated in some of the widely used system available, e.g. 

social media. Furthermore, the advice given to policy makers in the crisis management domain is to continue 

promoting the icon language as a disaster communication paradigm and employ it in both training and real-life 

disaster events. 

The reasoning tool was developed based on the past disaster events. In the case a new disaster event takes place, 

this event will not be recognized because it is not modeled in the Bayesian Network. The question is that how to 

handle new events. The first option is to model disaster events that could happen in the futures. For example, 

exploring the possibility of a possible terrorist attack on critical infrastructures, such as blowing up electrical 

plants, nuclear plants, gas-pipes, tunnels, and many other places. Crisis experts could help to model such events. 

Since these events are beyond their experience, they would approach them with models and prototypes, which 

could be very similar to the envisioned disaster events. Based on this way, a large number of events can be 

modeled. The next question is whether or not our Bayesian model is still valid. We consider that as long as only 

few events take place on the same context, i.e. location, our Bayesian model can still hold. 
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Another issue is that if more than one disaster event occur not only on the same context, but also at the same 

time. As it is now, our model does not cover combinations of events. If the events come sequentially, the model 

can still be applied. For example, a sequential combination of disaster events is when there is a fire in the 

woodland; it is blown by the wind in the direction of a village and setting the whole village on fire after some 

time. In the case when the events take place simultaneously, we have to design new models. Future work 

consists of exploring other Bayesian reasoning models and reconsidering the values in the conditional 

probability tables. At this moment, new scenarios have been developed concerning terroristic attacks. 

Unfortunately, the reports are confidential.  

Our final conclusion is that our icon-based reporting system can serve as communication means for non-native 

people in the Netherlands. Classification of disaster events has to be done in a probabilistic way. Furthermore, 

the developed Bayesian reasoning tool gave promising results for the development of the probabilistic model of 

the reasoning tool of an icon-based reporting observation system. This yields future work on comparison with 

similar system in the domain of crisis management and conducting larger scale experiments, e.g. crisis 

exercises. 
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