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ABSTRACT 
After a disaster, authorities need to efficiently collect and analyze 

data from the disaster area in order to increase their situational 

awareness and make informed decisions. The conventional data 

acquisition methods such as dispatching inspection teams are 

often time-consuming. With the widespread availability of mobile 

devices, crowdsourcing has become an effective alternative means 

for data acquisition. However, the large amount of crowdsourced 

data is often overwhelming and requires triage on the collected 

data. In this paper, we introduce a framework to crowdsource 

post-disaster data and a new prioritization strategy based on the 

expected value of the information contained in the collected data 

(entropy) and their significance. We propose a multi-objective 

problem to analyze a portion of the collected data such that the 

entropy retrieved from the disaster area and the significance of 

analyzed data are maximized. We solve this problem using Pareto 

optimization that strikes a balance between both objectives. We 

evaluate our framework by applying it on bridges inspection after 

the 2001 Nisqually earthquake as a case study. We also 

investigate the feasibility of sending the crowdsourced data to the 

crowd for reviewing. The results demonstrate the effectiveness 

and feasibility of the proposed framework. 
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Human-centered computing →  Collaborative and social 

computing → Empirical studies in collaborative and social 

computing  
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1. INTRODUCTION 
After a disaster happens, the uncertainty about the disaster area 

abruptly increases and the conditions of entities in the disaster 

area such as the residents, buildings, bridges, etc. become 

unknown. The authorities need to quickly obtain information from 

the disaster area to increase their situational awareness and make 

informed decisions. The conventional method is to dispatch 

inspection teams to perform field surveys and collect information 

from the field. This method is time-consuming and normally 

difficult to execute right after the disaster [15]. For example, 

authors in [7] estimate that inspecting 61 bridges after an 

earthquake in Purchase Parkway, Western Kentucky, will exceed 

40 hours for a non-trained inspection team and 22 hours for a 

trained one. Ranf et al. [10] propose a prioritization method for 

dispatching teams for bridges inspections. They show that by 

employing their prioritization strategy, 80% of the damaged 

bridges in the 2001 Nisqually earthquake could be identified by 

inspecting 14% of all the bridges (481 out of 3,407) in the disaster 

area. However even inspecting 481 bridges may take several days 

or weeks to complete, relying on the limited number of public 

sector inspection teams. 

Japan has a program for post-earthquake quick inspection of 

buildings in which, volunteer architects and civil engineers from 

the private sector inspect buildings to evaluate the damage level 

and prevent secondary disasters. The public sector trains 

inspectors and registers them as volunteers [16]. Machine vision 

inspection is suggested in [1] for rapid post-earthquake building 

evaluation; however, the proposed framework still relies on the 

visual data collected from the field by inspection teams, which 

significantly limits the speed of the evaluation. 

 

Figure 1. Data collection and interpretation framework for a 

single time step. 

We propose a data crowdsourcing and prioritization framework 

for rapid inspection and decision-making. We model the system 

by defining transmitters, messages, channels, and receivers. A 

transmitter is an entity located in the disaster area which produces 

messages and sends them over a channel. These messages are 

collected and prioritized on a server. A receiver is another entity 

which receives the high priority messages from the server and 

interprets them. The transmitters can be on-site sensors, CCTV 

cameras, local people, cell phones, etc. The possible channels are 

phone lines, a website, a mobile application, etc. Several kinds of 

messages can be transmitted, such as images, videos, text, and 
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phone calls. Finally, the receivers can be off-site decision-makers, 

a computer vision software, etc. The framework is sketched for 

one cycle (i.e., one time step) in Figure 1. This cycle is repeated 

until messages are no longer sent from the disaster area or for a 

desired period of time. The data prioritization parameters are 

adjusted after each cycle according to the information acquired 

from interpreted messages as feedback from the receivers. 

A major challenge of crowdsourcing in disaster situation is that 

the number of receivers and their interpretation power is often 

limited; therefore, not all the messages could be interpreted. Thus, 

a prioritization method is needed to decide which messages 

should be interpreted first by the receivers such that the retrieved 

information from the disaster area is maximized or equivalently 

the uncertainty about the disaster area is minimized. To quantify 

the expected value of information contained in a message, we 

describe the possible events in the disaster area (e.g., whether a 

particular bridge is damaged or not) by binary random variables. 

Then, we calculate the entropy of messages according to the 

events that they may cover. In addition to the entropy, we also 

consider the significance (i.e., importance) of messages in 

prioritization, as we may prefer to interpret messages covering an 

important object or area first. We propose a multi-objective 

optimization problem that jointly maximizes the significance of 

and the expected value of the information contained in the 

messages. We adopt the well-known Pareto optimization 

technique to select high priority messages for interpretation. 

To evaluate our framework, we conduct an extensive set of 

experiments on the 2001 Nisqually earthquake. The damaged 

bridges after this earthquake are documented in [9]. We apply our 

framework using a realistic synthetic data set generated based on 

crowdsourced data obtained from United States Geological 

Survey (USGS), in order to retrieve information from the field 

and discover damaged bridges. The experimental results show that 

our framework can identify over 80% of the damaged bridges and 

reduce the total uncertainty to 30% after 3 hours with 80 expert 

reviewers. We also evaluate the feasibility of reviewing 

crowdsourced data by a crowd of 1000 non-expert first, termed as 

“crowdreviewing”, and then by a smaller set of expert reviewers. 

With crowdreviewing, the framework identifies over 50% of the 

damaged bridges by employing only 8 expert reviewers. 

The remainder of this paper is organized as follows. Section 2 

discusses the related work, followed by our methodology in 

Section 3. Experimental results are presented in Section 4. Finally, 

we make the conclusion and discuss the future work in Section 5. 

2. RELATED WORKS 
While disaster-related data can be acquired in many ways such as 

from automatic sensor readings, reports from field workers and 

civilians, etc., crowdsourcing has been shown to be a cost-

effective and time-efficient way to acquire disaster data [2] and 

then to analyze the collected data [14]. Moreover, in contrast to 

sensor reading, crowdsourcing is not limited to a fixed set of 

locations and is normally not subject to infrastructural damages. 

For example, the Ushahidi-Haiti project (i.e., Mission “4636”) 

gathered more than 80,000 text messages from on-site users (on-

site rescuers, local people, etc.) after the 2010 Haiti earthquake. 

Using the collected data, off-site volunteers created a post-disaster 

map of Haiti revealing undamaged roads, buildings, hospitals, and 

shelters [3]. According to our proposed framework, in this project, 

the on-site rescuers and local people were transmitters, text 

messages and emails were messages, the short message service 

(SMS) and the Internet were the corresponding channels, and the 

first responders and off-site users were the receivers. 

To increase the situational awareness, authors in [12] proposed a 

framework for efficient data collection and effective analysis of 

user-generated videos. Fast and efficient data collection is 

achieved by prioritizing data transmission under limited 

bandwidth, while effective analysis is obtained by evenly 

distributing the collected data among the analysts. A recent study 

[13] extends [12] by defining urgency maps and continuous 

monitoring of the disaster area. The authors in [13] evaluate their 

framework on the 2014 South Napa Earthquake as a realistic case 

study. Both in [12] and [13], the focus is on prioritizing visual 

data such as images and videos according to spatial urgency 

values defined in the disaster area. 

Unlike [12, 13] that prioritize data based on urgency values, the 

current study prioritizes the interpretation of disaster related 

messages considering their significance and expected value of 

information. This approach enables us to maximize retrieval of 

information about significant objects in the field, under limited 

resources such as the number of analysts or bandwidth. Moreover, 

the current study is not limited to images and videos and considers 

any kind of data such as text, voice, etc., which are also valuable 

in understanding the disaster situation [3]. 

A system that is closely related to our work is GeoQ (geo-

q.com/geoq/), which is a crowdsourcing platform for disaster data, 

developed by US National Geospatial-Intelligence Agency. GeoQ 

allows the analysts to collect geographic structured observations 

across a large area, but manages the work in smaller geographic 

regions. A disaster area is partitioned into small regions (e.g., 

1km2 squares), so called work cells, which are assigned to the 

analysts. The role of the analysts is to evaluate the data in their 

allocated work cells (e.g., social data from Twitter and YouTube, 

imagery data from satellites) to identify any relevant incident 

associated with disasters (e.g., a building on fire, road block) that 

needs to be marked on the GeoQ’s crisis map. Our current work 

complements GeoQ by proposing a method to prioritize collected 

data for decision-making so that the authorities are not 

overwhelmed by the flood of data. 

3. METHODOLOGY 
The major goal of our framework is reducing the uncertainty in 

the disaster area, because less uncertainty means more situational 

awareness. We firstly quantify the uncertainty as follows. We 

define binary random variables to describe the events (e.g., 

whether a bridge is damaged or not) in the disaster area and 

calculate the uncertainty using the entropy of these random 

variables. For example, we can assign a random variable, Xi, to 

each bridge in the disaster area, which takes the value of 1 if the 

bridge is damaged and 0 otherwise. The Bernoulli distribution of 

such a random variable can be defined according to the spatial 

intensity of the disaster and pre-processed curves, such as in this 

case, fragility curves for bridges1. Note that, inspecting bridges is 

the running example in this study; however, our framework can be 

used for any post-disaster decision-making process, for example 

about collapsed buildings, road closures, hazardous materials 

leakages, etc. For the sake of simplicity we assume the random 

variables defined in the disaster area are all mutually independent. 

In the following subsections, we first propose a model to quantify 

the uncertainty or the amount of information that can be obtained 

from the disaster events, through analyzing the collected messages 

                                                                 

1 Bridge fragility curves describe the conditional probability that a 

bridge reaches at least a given damage state as a function of the 

ground motion [5, 11]. 



(Section 3.1). We then, present a simple model to quantify the 

significance of the events (Section 3.2). 

3.1 Modeling Uncertainty of Events 
Let’s define the random variable Xi such that the probability of 

event Xi = 1 is pi, and the probability of the event Xi = 0 is qi = 1 -

pi. The entropy of Xi defines the expected value of information 

contained in its single trial and it can be calculated by the binary 

entropy function, Hb, as 

𝐻(𝑋𝑖) = 𝐻𝑏(𝑝𝑖) = −(𝑝𝑖 log 𝑝𝑖 + 𝑞𝑖 log 𝑞𝑖) (1) 

We choose the base of the logarithm to be 2, and consequently the 

unit of entropy to be bits. A message revealing the value of Xi is 

expected to contain Hb(pi) bits of information. For example, if the 

probability of damage of a particular bridge is p = 0.5, the entropy 

of an image covering this bridge is 1 bit, according to Eq. (1). The 

total uncertainty in the disaster area can be calculated as 

𝐻𝑇 = ∑ 𝐻𝑏(𝑝𝑖)

𝑁

𝑖=1

 (2) 

where N is the total number of binary random variables defined in 

the disaster area. Now, let’s define mj,i to be the probability that 

message Mj covers event Xi = 0|1. Since entropy is additive for 

independent trials, the total entropy of Mj is 

𝐻𝑀𝑗
= ∑ 𝑚𝑗,𝑖𝐻𝑏(𝑝𝑖)

𝑛

𝑖=1

 (3) 

where n is the number of independent binary events covered by 

Mj. Assuming receivers’ capacity is finite, the total amount of 

information that all the receivers can interpret in a given time T is 

defined as 

𝐻𝑅 =  ∑ 𝐻𝑀𝑗

𝐿

𝑗=1

                    (4) 

where L is the maximum number of messages that can be 

interpreted in the time T. The constraint L can be imposed for 

several reasons. For instance, the number of receivers and their 

interpretation power can limit the number of messages which can 

be interpreted in a given time. The channel capacity can be also 

the dominant limitation. 

3.2 Modeling Significance of Events 
The significance (i.e., importance) of information about different 

events is not necessarily the same. For example, the significance 

of information about a bridge might be more than the significance 

of information about a single building. It is also possible that one 

instance of a random variable (e.g., a bridge with higher traffic) to 

be more significant than another one (e.g., a bridge with lower 

traffic). To accommodate the significance of information in the 

framework, we define the significance of Mj as 

𝑆𝑀𝑗
= ∑ 𝑚𝑗,𝑖𝑆𝑖

𝑛

𝑖=1

 (5) 

where Si is the significance of Xi. The value of Si must be defined 

in advance for all random variables. For example, in the case that 

we study in Section 4, we use the daily traffic of each bridge, on a 

logarithmic scale, as its significance. The total expected 

significance that all the receivers can obtain in the time T is 

𝑆𝑅 =  ∑ 𝑆𝑀𝑗

𝐿

𝑗=1

                    (6) 

3.3 Problem Definition and Solution 
In this section, we define a multi-objective optimization problem 

that jointly maximizes the total entropy, Eq. (4), and total 

significance, Eq. (6), that receivers can obtain from the disaster 

area during the time step size T. 

Note that T directly translates to the maximum number of 

messages, L. To solve this problem, we suggest using multi-

objective maximization techniques since there might be 

conflicting objectives. Particularly, we use Pareto optimization to 

iteratively select messages on the Pareto front. Our algorithm is 

shown in Algorithm 1. The Pareto front of the messages pool is 

identified according to the entropy and significance of the 

messages (Line 4). The messages on the Pareto front are removed 

from the pool and added to the set of selected messages, only if 

the size of this set does not exceed L (Line 5-7). Otherwise, a 

sufficient number of messages on the Pareto front are randomly 

chosen, added to the set of selected messages, and removed from 

the messages pool, such that the total number of selected 

messages equals L (Line 8-14).  

Algorithm 1 – Messages Prioritization 

1: Input: crowdsourced messages: msgs and L 

2: Output: L number of messages: selected 

3: Initialize: selected to an empty list 
4: while (msgs.length < L and msgs.length > 0): 
5:   prf = paretoFront(msgs.traffic, msgs.entropy) 
6:   if (selected.length + prf.length <= L): 
7:     selected.append(prf) 
8:     msgs.remove(prf) 
9:   else: 
10:     while (selected.length < L): 
11:       random_index = rand() 
12:       selected.append(prf(random_index)) 
13:       msgs.remove(prf(random_index)) 
14:       prf.remove(random_index) 

3.4 Reasoning 
The first objective of the problem is maximizing the total 

retrieved entropy from the disaster area. Considering Eq. (1), the 

entropy becomes the maximum when p = 0.5 (see Figure 2). In the 

example of assigning random variables to bridges after an 

earthquake, this means that our approach gives a higher priority to 

the bridge with damage probability around 0.5. It may sound 

counter-intuitive since we are less willing to interpret messages 

covering bridges with higher damage probabilities (e.g., p = 0.9). 

However, this is justifiable according to our objective which is 

maximizing the situational awareness. If the damage probability 

of a bridge is close to 1, we are almost certain about the serious 

condition of that bridge (i.e., we know for sure that the bridge is 

damaged). Consequently, we are not willing to allocate resources 

for interpreting messages about that bridge. 

The reasoning behind the second objective (maximizing total 

significance) is straightforward. We prefer to interpret the 

messages that cover more significant events. For example, if the 

entropy of two messages is the same, we prefer to interpret the 

message which covers an important highway bridge with a high 

traffic before the one which covers a bridge in a remote area with 

a low daily traffic. Thus far, we prioritize data for one time step 

size T. We next, extend our solution to multiple time steps in 

Section 3.5. 



 

Figure 2. Entropy of a binary random variable 

3.5 Continuous Monitoring  
After a disaster, for a persistent increase in situational awareness, 

we expect to continuously receive and interpret messages from the 

disaster field for a certain period of time. To handle this stream of 

messages, we solve the problem defined in Section 3.3 in discrete 

time steps of size T. After each time step, newly received 

messages are added to the messages pool, and L number of 

messages are selected from the pool for interpretation. 

After interpreting a message, Mj, covering an event, Xi = 0|1, we 

must update the probability of that event according to the 

information we may have retrieved. In the ideal case, after 

interpretation, the value of Xi is revealed and we can set pi to 

either 1 or 0. However, in the real world, a single message may 

not reveal the value of Xi due to the insufficient coverage of 

message, channel noise, and/or imperfect receivers. For example, 

a single image may not cover the whole bridge. A non-expert off-

site user or a computer vision software may not be able to detect a 

damage visible in the image. We suggest an updating system 

considering these facts in the next section. 

3.5.1 Updates in Time 
Let’s define a binary random variable, Ij, for interpretation of the 

message Mj, such that Ij = 1 is the event where Mj reveals Xi = 1. 

The other case for interpretation is Ij = 0, which means that the 

value of Xi is not revealed. We define the conditional probability 

of interpretation of a message as 

𝑟𝑗 = Pr(𝐼𝑗 = 1|𝑋𝑖 = 1) (7) 

For the sake of simplicity, we assume rj is constant for all 

interpretations and substitute it with r. For the case where an 

interpretation has revealed Xi = 1, we assume 

Pr(𝑋𝑖 = 1|𝐼𝑗 = 1) = 1 (8) 

Employing the Bayes’ theorem gives 

Pr(𝑋𝑖 = 1|𝐼𝑗 = 0) = (1 − 𝑟)
𝑝𝑖

1 − 𝑟𝑝𝑖
 (9) 

Eq. (9) calculates the probability of Xi = 1 after an unsuccessful 

interpretation. Thus, we can update pi in the next time step (t + 1) 

based on its value in the current time step (t), according to 

𝑝𝑖
𝑡+1 = (1 − 𝑟)

𝑝𝑖
𝑡

1 − 𝑟𝑝𝑖
𝑡 (10) 

where superscripts refer to the time steps number. We use Eq. 

(10) to update the probability of events and consequently entropy 

of messages after unsuccessful interpretations (Ij = 0) in each time 

step. After a successful interpretation (Ij = 1) the value of Xi is 

revealed (Xi = 1) and therefore we can set pi = 1. 

3.5.2 Local Proximity Enhancement 
The probability distribution for the binary variables defined in a 

disaster area (e.g., fragility curves) are often based on limited 

observations of prior events and therefore are error prone. 

Moreover, the spatial disaster intensity (e.g., ShakeMaps in 

earthquakes) are generally estimated based on a network of 

sensors, numerical analysis, etc., and may contain errors as well. 

Hence, we propose a method to increase the probability, pi, of Xi, 

if event Xj = 1 is observed nearby, where Xj is of the same type of 

Xi (e.g., both are assigned to bridges).  

Let’s assume that the probability pi, of Xi = 1 is statistically 

calculated as the maximum likelihood estimate of ki number of 

observations, where ki,1 of observations were Xi = 1. Thus, we have 

𝑝𝑖 =
𝑘𝑖,1

𝑘𝑖
 (11) 

If we observe another Xi = 1 in the next trial, we can update the 

value of pi as 

𝑝𝑖 ≔
𝑘𝑖,1 + 1

𝑘𝑖 + 1
=

𝑝𝑖𝑘𝑖 + 1

𝑘𝑖 + 1
 (12) 

Whether to use Eq. (12) to update the probability of random 

variables in each time step or not, is judgmental and must be 

studied case by case.  

4. PERFORMANCE EVALUATION 

4.1 Experimental Setup 
We evaluate our proposed framework with the 2001 Nisqually 

earthquake which had a moment magnitude of 6.8. This 

earthquake damaged 78 bridges as documented in [9]. Ranf et al. 

[10] studied these bridges and developed fragility curves 

accordingly, which showed that the percentage of damaged 

bridges correlates best with the spectral acceleration2 at a period 

of 0.3s (SA03). We use the ShakeMaps from the USGS published 

spatial SA03 data of the 2001 Nisqually earthquake as shown in 

Figure 3 and apply our framework for continuous monitoring 

introduced in Section 3.5. 

 

Figure 3. Spectral acceleration at a period of 0.3s for the 2001 

Nisqually earthquake. 

We apply our framework to the Nisqually earthquake by defining 

a binary random variable, Xi, for each highway bridge in the 

                                                                 

2  Spectral acceleration (SA) is approximately the maximum 

acceleration experienced by a building during an earthquake and 

can be measured at different oscillation frequencies. 



disaster area such that Xi = 1 and Xi = 0 indicate damaged and 

undamaged bridges, respectively. We queried the Hazus-MH 

database to collect all the 3257 highway bridges in the disaster 

area along with their daily traffic number, and used the fragility 

curves developed in [10] (see Figure 4) to calculate the initial pi 

values for Xi = 1. The logarithm of the daily traffic of a bridge is 

used as its significance factor.  

 

Figure 4. Fragility curves for bridge damages accounting 

bridge age [10]. 

4.1.1 Data Acquisition and Interpretation System 
For this study, we assume that on-site users send images from 

bridges using MediaQ mobile application. MediaQ is an online 

media data management system [6], which can be used to collect 

visual, audio and text data from the disaster area. MediaQ also 

collects the location and direction data (called metadata) for 

images and videos. This metadata itself can be also interpreted as 

useful information after a disaster. For example, in Figure 5 video 

trajectory extracted from the metadata, shows the debris line after 

the 2016 El Niño in Dockweiler State Beach, CA. We also 

extended MediaQ system to query the Google Street View in 

order to provide a “before scene” for visual data collected from 

the disaster area. For instance, Figure 6a shows an image from 

beach erosion in Santa Monica Beach, CA, after the 2016 El Niño, 

and Figure 6b shows the “before scene”, queried from Google 

Street View. MediaQ can be also used by researchers in post-

disaster field surveys such as [4, 8] for rapid data collection.  

The images sent by MediaQ users from the disaster area are 

collected on the server-side and are prioritized for interpretation. 

Thus, in this case, the on-site users are the transmitters, the 

images are the messages, MediaQ is the channel, and the server-

side analysts are the receivers. We assume that the constraint, L, is 

imposed by the number of analysts, i.e., our analysts analyze a 

maximum number of L images in time T. Since randomness is 

involved in the experiments, all the results shown in this section 

are average values from 15 iterations, unless stated otherwise. 

4.1.2 Realistic Synthetic Data 
To evaluate the performance of our proposed framework for the 

2001 Nisqually earthquake case, we must generate synthetic 

crowdsourced with realistic spatiotemporal distribution. For this 

purpose, we use the real world data from USGS program, called 

“Did You Feel It (DYFI)?” which lets people report the level of 

shaking when they feel an earthquake. These data are accessible 

on USGS website at http://earthquake.usgs.gov/data/dyfi/. 

 

Figure 5. Debris line at Dockweiler State Beach, CA, after the 

2016 El Niño. 

 

                          (a)                                                (b) 

Figure 6. After (a) and before (b) the 2016 El Niño in Santa 

Monica, CA. 

We use the spatial distribution of these historical reports to 

simulate and synthesize the spatial distribution of the user-

generated messages from the disaster area. Furthermore, we 

generate the number of messages in each time step proportional to 

the number of DYFI responses in the same period. We use time 

step size of T = 5 min, assuming that it takes 5 mins for an analyst 

to view and analyze an image to decide if the bridge is damaged. 

We continue retrieving information for 3 hours (36 time steps). 

Out of 78 actual damaged bridges, 71 are covered by USGS 

ShakeMap and 62 are covered by our synthetic data.  

Figure 7 shows the map of the disaster area. The circles show all 

the highway bridges in the area and their color indicates their 

daily traffic (i.e., the total volume of vehicle traffic, divided by 

365 days) on a logarithmic scale. Damaged bridges are marked by 

downward triangles. DYFI response boxes are also shown. Each 

response box in this figure, covers a 10km x 10km area and 

contains a certain number of responses. A total number of 7702 

DYFI responses are located within the boundaries of the map. 

In each time step, we generate a certain number of images in each 

response box according to the temporal distribution of DYFI data, 

and randomly assign each image to a bridge in the same response-

box. This means that we assume each image covers one, and only 

one bridge. 



 

Figure 7. All highway bridges (circles), damaged bridges (red 

triangles), and DYFI response boxes (squares) in the disaster 

area of the 2001 Nisqually earthquake. 

4.2 Experimental Results 
To prioritize images for interpretation, we use Pareto 

maximization as described in Section 3.3. We plot the entropy of 

images in the messages pool against the logarithm of the bridges’ 

daily traffic that they cover. Figure 8 shows this plot in the first 

time step. L number of images (corresponding to L number of 

analysts) are selected from Pareto layers, shown in different colors 

in this figure. Figure 9 shows the location of images in the first 

time step in the disaster area. Selected images are marked by 

squares in this figure. Marker colors show the logarithm of the 

daily traffic and marker sizes show the entropy of bridges. We 

firstly evaluate our framework without employing updates for 

local proximity. The effects of these updates are studied next. 

In order to evaluate the performance of our framework we 

monitor the value of total uncertainty in the disaster area as a 

function of elapsed time. Figure 10 illustrates the results for the 

total uncertainty, Eq. (2), for a different number of analysts (L) 

and variable values of r. The y-axis is the sum of the uncertainty 

of all the bridges in the disaster area and the x-axis shows the time 

after the earthquake in minutes. 

 

Figure 8. Entropy against the logarithm of daily traffic. Pareto 

layers on shown in color. 

 

Figure 9. Images in the first time step. Larger markers show 

bridges with larger entropy. 

The uncertainty value is normalized by the total uncertainty in the 

disaster area, right after the disaster.  It can be seen that higher 

number of analysts leads to a steeper decrease in the total 

uncertainty, as we are able to interpret more images in a given 

time. As expected the larger values of r tend to cause a larger 

decrease in the total uncertainty as well. In the best case with L = 

80 and r = 1, the total uncertainty is reduced to 50% after only 1 

hour and 30% after 3 hours. 

We also count the number of damaged bridges that our framework 

discovers after the last time step (i.e., after 3 hours). This number 

is normalized by the total number of bridges covered by our 

synthetic data (62) and reported in percentage in Figure 11. The 

number of discovered damaged bridges also increases by 

employing more analysts or by any increase in r.  In the best case, 

with L = 80 and r = 1, over 80% of damaged bridges are identified 

by the end of the experiment. 

 

Figure 10. Total uncertainty percentage in time after the 

disaster, for different values of L and r. 



 

Figure 11. Total percentage of damaged bridges discovered at 

the end of the experiment. 

4.2.1 Effect of Local Proximity Enhancement 
In this section, we evaluate the effect of local proximity updates 

explained in Section 3.5.2. The fragility curves developed in [10] 

are based on 78 bridges and categorized into several classes and 

several probabilistic levels. Thus, we may assume that the 

probability of pi for a bridge in these fragility curves is based on 

roughly 10 observations, and therefore we use ki = 10 in our 

experiments. Since for all cases where r ≠ 1, we can never 

discover an undamaged bridge (Xi = 0), we only update pi, if a 

damaged bridge (Xi = 1) is discovered nearby. Each time a 

damaged bridge is discovered, we update pi of all the bridges 

which are located in a box of 10km x 10km centered on the newly 

discovered damaged bridge.  

Figure 12 compares the percentage of damaged bridges 

discovered with and without using local proximity updates. As 

shown in this figure, the results are improved by updates up to 

30%. Figure 13 shows the damaged bridges discovered with and 

without local proximity updates for a single trial with L = 20 and r 

= 1.00. We observe that the local proximity updates lead to 

clusters damaged bridges being identified. 

 

Figure 12. Percentage of damaged bridges discovered with 

(solid line) and without (dashed line) local proximity updates. 

 

Figure 13. Damaged bridges discovered without (blue 

triangles) and with (blue and red triangles) local proximity 

enhancement for L = 20 and r = 1.00. 

4.2.2 Crowdreviewing 
We showed that with 80 experts (r = 1.00) receivers we can 

identify more than 80% of the damaged bridges from 

crowdsourced images (Figure 11). However, in the crisis 

situation, resources are generally very limited and assigning 80 

experts to review crowdsourced images might not be feasible. An 

alternative is to harness the power of the crowd again, this time 

for reviewing the crowdsourced images (crowdreviewing). In 

order to investigate the feasibility of crowdreviewing, we alter our 

framework such that 100 images are selected in each time step 

from the Pareto layers and each image is reviewed by 10 off-site 

users from the crowd. This means that we need 1000 receivers 

from the crowd. Since the crowd are typically not well trained to 

detect bridge damages, we let r take a small value from the set 

{0.02, 0.04, 0.08, 0.16}. Moreover, we assume that the crowd 

may interpret an image as a damaged bridge, while the bridge is 

not damaged in reality. We set the probability of this error to 0.01: 

P(𝐼𝑗 = 1|𝑋𝑖 = 0) = 0.01 

If any of the 10 reviewers interpret an image as a damaged bridge 

(either correctly or mistakenly), we add that image to a set of 

images, S, which will be reviewed by a number of experts at the 

end of each time step. Since the number of experts is limited, in 

each time step, L numbers of images from the set S are reviewed 

by experts according to our prioritization strategy introduced in 

Section 3.3. If the number of images in S is less than L, all of 

them are reviewed. At the end of each time step, the experts 

decide if a bridge is indeed damaged. 

Figure 14 shows the percentage of damaged bridges discovered by 

crowdreviewing for different values of L and r. We observe that 

more than 50% of damaged bridges can be identified by only 8 

experts if the crowd detect the damaged bridges with a probability 

of r = 0.08 only. To achieve the same best result as the case 

without employing crowdreviewing (i.e., 80% of damaged bridges 

were discovered with 80 experts), we will need only 16 experts 

when r = 0.16. These results confirm that crowdreviewing is 

feasible and can be helpful in the crisis situation where a large 

number of expert analysts may not always be available.  



 

Figure 14. Total percentage of damaged bridges discovered by 

using crowdreviewing. 

5. CONCLUSION 
We introduced a crowdsourcing framework and a prioritization 

strategy for collecting and interpreting data from a disaster area. 

We model the disaster area as a pool of binary random variables, 

such that each binary random variable represents a subject of 

interest (e.g., a bridge or a building). The prioritization is done 

according to both the expected value of information contained in 

messages (entropy) and the significance of messages. The entropy 

of messages is computed based on the entropy of events it may 

cover. This approach enables us to rapidly reduce the total 

uncertainty in the disaster area by interpreting important messages 

which are expected to contain the most amount of information. 

We evaluated our framework for inspecting bridges after the 2001 

Nisqually earthquake. The results demonstrated the capability of 

the framework as we were able to identify over 80% of damaged 

bridges and reduce the total uncertainty to 30% after 3 hours with 

80 expert reviewers. We also studied the feasibility of reviewing 

the crowdsourced data by a crowd of 1000 non-experts and a 

various number of expert reviewers. In this case, 80% of damaged 

bridges were identified by employing only 16 expert reviewers. 

As future work, we will apply our framework on other problem 

settings, including different types of disaster such as floods, 

tsunamis, etc., and different kinds of messages such as Twitter 

geo-tagged tweets. We will also study how our framework can be 

adapted for events which may not have a known probability 

distribution in advance. In such cases, the probability distribution 

can be dynamically established as the inspections progress and 

more observations from the field are unfolded. 
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