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ABSTRACT

In support of helping to reduce the response time of re-
ghters, and thus deaths, injuries, and property loss due
to res, we introduce ISPARK. The ISPARK system deter-
mines where re stations should be located, analyzes the
primary causes of res, the existing infrastructure, and re-
sponse times, by using visualizations which show the GIS
mapping of re stations on a dashboard. Incidents and re-
sponse times are shown as additional layers, with cluster-
ing of re incidents to determine predicted re station loca-
tions, forecasting of re incidents using regression, causal,
infrastructure, and personnel analysis, creating an interac-
tive, multi-faceted method for locating re stations. A com-
parison of urban and rural re incident response times is an-
other dimension of this study. We demonstrate ISPARK's
usage and bene ts using a publicly available dataset describ-
ing 300,000 re incidents in the states of Massachusetts and
Maine. ISPARK is generalizable to other geographic areas
and domains, such as police stations, schools, hospitals.

Categories and Subject Descriptors

H.1.2 [User/Machine Systems ]. Human factors; H.5.2
[Information Interfaces and Presentation ]: User In-
terfaces

General Terms

Visual Analytics, Data Mining, Human-computer Interac-
tion, Design, Human Factors

Keywords

Fire incidents, GIS, clustering, regression, response time,
mapping, NFIRS, FEMA, GeoJSON, lea et, D3

1. INTRODUCTION

In 2013 [14], deaths, injuries, and property losses due to
re were extensive (Figure 2). If the response time can be
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Figure 1: Screenshot of ISPARK showing actual
(pink) and predicted (green) re station locations
in Maine determined by our approach, using coordi-
nates with actual driving distances from re stations
to actual re incidents. Fire incidents are shown
as small yellow dots. ISPARK reduces the average
driving distance between the re stations and the
re incidents by about 1/3.

reduced by just one minute, fewer injuries and deaths should
occur, and the cost of reconstruction will be reduced. The
goal is to reduce response time for re stations to aid in
a re, thus reducing injuries, deaths, and property damage
from res. Determining where re stations should be located
to minimize driving distance and response time (Figure 1),
analyzing the causes of res, the existing infrastructure and
personnel, and comparison of response times will be ben-
e cial in reaching this goal. There are no federal laws on
re incident response time, but the National Fire Protec-
tion Association (NFPA) has detailed standards which most
communities use [3]. Response time includes: (1) Dispatch
time: 1 min.; (2) Turnout time: 1 min.; (3) Travel time:

4 min.; (4) Setup time: 2 minutes. Since re grows expo-
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Figure 2: Impact of re loss for the entire United
States in 2013.
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Figure 3: Schematic diagram showing the ISPARK
data sources. County and state level detailed in-
frastructure and personnel data were available from
FEMA, re incident data from NFIRS, and geo-
graphic coordinates and population data from the
U.S. Census.

these studies to create interactive maps, so the user could
click on a re station, close it down, and see the impact to
response times. Malik et al created a system to visualize
the impact of closing Coast Guard stations on search and
rescue operations [1]. Interactive lItering and linked views
were used by Maciejewski et al to visually detect hotspots
[19]. Karafyllidis [13], Sen et al [24], and Liu [15] all used
optimization combined with GIS to maximize map grid cov-
erage and minimize cost. Sitanggang [20] studied physical
data to classify 2693 objects using Nave Bayes, relating
them to re incidence and location. Herrandez-Leal et al
[11] developed a re risk index for forest res using regres-
sion, combining variables such as satellite sensing data. In
the city of Boston, Massachusetts (MA) an enterprise GIS
system (ESRI based) is available to all sta, but has not yet
been applied to locating re stations, other than showing
them on a map [6]. Maine (ME) also has an enterprise GIS
system (ESRI) which has not yet been applied to this area
[21]. In regard to interactive word clouds, previous work in
this area has been done by Viegas [23].

Maine, with a population density of only 43 people per

square mile, versus Massachusetts, with a population den-
sity of 12,793 people per square mile, were selected [5] so
that an urban vs rural comparison could be made. Both
MA and ME contribute data to the National Fire Incident
Reporting System (NFIRS), a publicly available voluntary
database used in our project [17]. One of the members of
our project team is a volunteer re ghter in Maine, so his
domain knowledge in this area is a signi cant help to us.

The central theme of our visualization is a GIS-level view
of the data, followed by visualizations such as geographic
patterns, parallel coordinates for infrastructure, word clouds
examining causes, recommended re station location, re-
sponse time comparisons in urban and rural areas, and pre-
dictions of response times in the future. Previous work
lacked interactivity, used expensive tools, was not easily ex-
tensible to other areas, and used outdated methods. We
introduce ISPARK, which provides the following contribu-
tions:

An interactive, integrated dashboard using open source
tools, for implementation at low cost for re depart-
ments across the United States, using ME and MA as
the starting points.

Prediction of the recommended location of re stations
using K-means clustering.

Prediction of the response times for future years, and
comparison of the actual and predicted response times
of the re ghters.

Determination of di erences in urban and rural re-
sponse times.

2. DATA SOURCES AND PREPARATION

Three data sources were used: (1) FEMA, for the infras-
tructure and personnel; (2) NFIRS for the re incident data;
and (3) the U.S. Census for the GeoJSON county level co-
ordinates and population data (Figure 3). The U.S. Fire
Administration collects data via the National Fire Incident
Reporting System (NFIRS) system, which is the world's
largest national, annual database of re incident informa-
tion. NFIRS is a reporting standard that re departments
use to uniformly report on the full range of their activities,
from re to emergency medical services (EMS) to equipment
involved in the response. The database comprises about 75
percent of all reported res that occur annually. Partici-
pating re departments report about 22,000,000 incidents
and 1,000,000 res each year. For this study, approximately
300,000 records and 50 elds were extracted and cleaned for
Maine and Massachusetts for 2010 through 2012, which was
500 MB. Two formats were created: csv (comma-separated
values) and JSON (JavaScript Object Notation). Most of
the data analysis was performed using csv format les, ex-
cept for shape les and GeoJSON les to overlay shape layers
on top of the Lea et Map.

An additional data source was Microsoft Bing, which was
used for geocoding re station, re incidents, driving dis-
tance (distance from the re station to the re incident), and
predicted driving duration (time to get from the re station
to the re incident). The latter was done both for the ex-
isting and the recommended re stations as the originating
point. We chose Bing due to their high query threshold, al-
lowing us to issue as many API calls per day as were needed
for this project.
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re incidents by county in Maine and
he same re incident distributions geographi-

cally on a map (a darker county means having more re incidents).

Perl scripts were written to re ne the data for Maine and
Massachusetts from the NFIRS national database for 2010,
2011, and 2012 in both JSON and csv formats. The lati-
tudes, longitudes, predicted duration and driving distances
from the re station to the re incident were also obtained
from Bing using Perl scripts.

3. ISPARK: DESIGN & CAPABILITIES
3.1 Overview of The ISPARK System

Our approach includes integration of the data, visualiza-
tion of the data on a dashboard, and various analyses of the
data (Figure 4). The dashboard was divided into two sec-
tions, an analytics and a geographic panel (Figure 5). The
analytics panel, based on D3.js, a JavaScript library for ma-
nipulating documents based on data [4], changes depending
on the selected mode of the geographic panel. The geo-
graphic panel reveals the visual patterns of incidents, re
stations, and recommended re stations using GIS map-
ping with Leaetjs.[2] The analytics information include
trends and statistical regressions, infrastructure analytics
using D3.js parallel coordinates, K-means clustering to de-
termine the recommended re station locations, comparison
of predicted with actual response times, and word clouds
based on the causes of res.

3.2 Dashboard Summary

The two dashboard panels are: (1) the left analytic panel,
in which multiple histograms, word clouds, and other ana-
Iytics are displayed, including the default 2012 county level
data for Maine rst, and then Massachusetts underneath; (2)
the right geographic panel, which allows the user to zoom to
any level desired using the \+"and \\ keys in the upper left
section of the panel, with the default display shown as Maine
and Massachusetts divided by county and shaded according
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Figure 5: Schematic diagram showing the proposed
data visualization toolset Ul.

to the 2012 density of re incidents. The right panel also
o ers multiple check boxes for\Fire Station Mode",\County
Mode O ', \Predict Ideal Fire Station On", and \Distance
Mode On". Additionally, prominent teardrop shape markers
on each state can be clicked to show state level data. The
user can also switch to another year through a menu option
0 ering the years 2012, 2011, or 2010. These features will be
described in more depth as we proceed through the design
description.

The user will see the opening visualization with the map
of the United States on the right, and the defaults shown as
indicated (Figure 4). By clicking the buttons for each year,
the county incident histograms on the left panel and density
of shading in the counties in the right panel will change



Figure 6: (a) Screenshot showing the re stations
(red dots) mapped over the states of MA and MN;
(b) Fire stations zoomed in over the state of MA,
and pop-up of re department name, Lunenberg,
when hovering over re station.

appropriately. Since the re incidents are too numerous to
show individually, the counties are shaded according to the
density of re incidents, thus avoiding overplotting .

One of the options on the right panel o ered to the user
is to go into the \Fire Station Mode" (Figure 6a). Checking
this box on the right panel will add the re station location
overlays on the states of MA and ME. By also checking
the \County Mode O " box, the re station display will be
cleaner looking. By clicking the \+" sign in the upper left of
the screen, the user can zoom in as far as desired, and then,
by hovering over a re station node (red), see the name of
any of the individual re stations (Figure 6b). Note that
the infrastructure, i.e., the number of various types of sta
is shown (career, volunteer, paid per call, and so on) is also
shown for that station.

3.3 Mapping Fire Incidents:
Technigues & Design

Open source web technologies have been used, with a two
panel interface, the right panel containing the Lea et map
with layers, and the left panel containing a JavaScript en-
abled interface, with multiple D3 visualizations. These two
panels are designed to communicate with each other, so that
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Figure 7. (@) Fire stations (red discs) zoomed in
with left panel showing infrastructure for Winthrop

re station being hovered over; (b) Fire incidents
(yellow dots) within a certain response time interval
(e.g., 5 min) for the Winthrop re station.

the related charts show up as the user selects various sets of
information options on the visualization.

This map showcases incident data from 2010, 2011 and
2012, and provides a basis for future re station locations
for the entire country. The longitude and latitude values
are used to retrieve the counties for each incident, and then
shade them based on the number of incidents per year. The
dashboard includes popups which load up as soon as the user
clicks on any of the re incidents or re stations, providing
more detailed information about the re department, its ca-
pacity, and average response time. For the re incidents,
popups provide the actual response time compared to the
predicted response time for that incident.

Multiple modes are provided, including the re station
and the incident modes. The re station mode allows the
user to zoom in to see the locations of all of the re stations,
and to see the number of di erent types of personnel (profes-
sional, volunteer, EMS sta ) for each re station. Selection
buttons at the top by year provide the data for those time
frames. Markers on top of each state provide various types
of state level data when clicked.

3.4 Visualizing & Predicting Response Times

In Figure 7a, one of the re stations has been selected by
the user, and a response interval entered in the left panel,
with the re incidents served by that re station within the
speci ed time interval (5 min.) shown as yellow nodes. If
the user now hovers over an incident, both the actual and
the predicted response time will be shown (Figure 7b). Most
often, the actual response time will be faster than the pre-
dicted response time, as in the example below, since the re



Figure 8: View showing predicted re station dots
in green color against existing re station dots in
red color.

truck can speed to the re.

Statistical regressions using SAS were used to explore the
relationships between variables. The re location arrival
times for each incident were subtracted from the time of the
re alarm. 3-5 percent of the records had either 0, nothing,
or were negative, so they were removed from the analysis.
Unrealistically long response times (over one hour) were also
removed. Unrealistically long distances (over 30 miles) be-
tween the re station and the incidents were also removed.
The times and distances retained as realistic were selected
based on the domain knowledge of the volunteer re ghter
from Maine on our team.

K-means clustering, using Python, was performed on the
re incident data to obtain recommended re station loca-
tions based on the coordinates of re incident data. K-means
clustering partitions n observations (re incidents) into k
clusters (re stations), with each observation belonging to
the cluster with the closest mean. This method provides the
centroids of all the k clusters, i.e., predicted locations for re
stations.

Clicking on\Reset all*and checking the box\Predict Ideal
Fire Station On"will show all recommended re stations, as
shown in (Figure 8). For ME, the recommended re stations
are shown in green, whereas in MA they are shown as blue.
The driving distances for each of the recommended re sta-
tion locations to the incidents were calculated, and, on the
average, the distance to the incidents was reduced by one-
third compared to the actual re station locations. These
recommended locations would result in a signi cant reduc-
tion in response times. However, these locations are not
located on existing streets, and expecting local governments
to move their re stations based on this data is unrealistic,
which will be addressed in the discussion section.

3.5 Comparing and Predicting Fire®ghter Re-
sponse Times across States and Years

By pressing the \Reset All" button on the right panel,
the state level option menu is shown (Figure 9), including
re station response times, response times by year, actual
versus log response times, driving distance comparisons, and
the prediction of response times.

Clicking on the third menu item, \Actual vs Log Response
Times" shows that the distribution of response times is a

highly skewed distribution (Figure 9a). In order to use lin-
ear regression, all response times were converted to the log of
response time, which was a more normal distribution. Click-
ing on the fourth menu item, the \Driving Distance Com-
parison" option shows that it is consistently about a mile
further in ME (3 miles) compared to MA (2 miles) to get to
the re incidents, since the rural areas are more spread out
(Figure 9b).

The average actual response times in both MA and ME are
shorter than those predicted (p < .0001), with MA showing
an actual response time about three min faster than the
predicted time (Figure 9d). ME also showed faster actual
than predicted times, but only by one minute. This is to
be expected, given that the re trucks can go faster than
regular vehicles. For ME, increasing their speed is made
more di cult by the poor road conditions and often older
equipment.

Clicking on the fth menu item, the \Prediction of Re-
sponse Times" option shows that the annual predicted re-
sponse time for both MA and ME and the actual response
times for 2010, 2011, and 2012 show very little change from
year to year, although there are signicant di erences in
response times between the two states, with ME showing
longer response times (p< .0001) by about two minutes
every year. No changes in future years response times for
either state are predicted.

An historical regression over a three year period showed
signicant (p < .0001) relationships between the log of the
response time and the log of the driving distance to the
re incident, the state (with Massachusetts showing lower
response times), and the month/year of the re incident.
The overall strength of the relationship, however, was very
low (r squared=.071). Due to the small amount of change
in response time by year, any reduction in response time
will need to be from variables such as the relocation of the
re stations. Basically, the re ghters are getting to the re
incident fast enough, they just need to be located closer to
the incidents.

3.6 Causality Analysis

Word clouds were created using D3 and JavaScript to vi-
sualize the causes of the res. This is a high level view
based on unigrams created from the re cause data, with
noise words removed. Each term is given a font size propor-
tional to its frequency. This provides a quick, intuitive idea
of the distribution of causes for incidents by county. Click-
ing on each word causes the incidents with that cause to be
highlighted on the map.

By clicking \Reset All", and then clicking on an incident
with a particular cause, in this example an "accident", high-
lighting of all incidents caused by that particular type of
event in cyan will occur (Figure 10). Causes of res can
also be highlighted from the main maps for both states by
clicking on one of the words on the left, such as accident,
and then all of the incidents will appear. Zooming in, after
selecting a cause from the word cloud, allows the user to see
the actual nodes for each re incident. If a particular county
is then selected, then the distribution of re causes for that
county can be seen in the word cloud on the left.

3.7 Infrastructure and Personnel Analysis

The re station infrastructure visualizations (Figure 11)
were developed using a "Parallel Coordinates Graph" from



Figure 9: State level menu :

the D3 Library. Clicking the \Infrastructure" button at top

of screen reveals data obtained from US Census Data pro-
vided though the Federal Emergency Management Agency
(FEMA). For ME, career re ghters are the smallest group,
followed by volunteer and paid on call re ghters. For MA,
the biggest group is the career re ghters. Also we made
the parallel coordinates graph interactive by enabling black
boxes as brushes on top of each vertical axis. The user can
drag them vertically and also can enlarge their sizes. Their
role is to help the user to subset range of values to be dis-
played in bold colors, while other feature values would be
ghosted on the back. This helps the user to selectively com-
prehend the ow and direction of the data.

4. DISCUSSION

Regarding the prediction of the recommended location of
re stations using K-means clustering, while the re-location

(a) Linear and log distributions of res
to re incidents by year and state. (c) Actual Response Time to Fir
predicted response times.(e) Driving distance to re incidents (f

ponse times. (b) Actual driving distance
e Incidents Boxplot (d) Actual and
) Predicted Response Time to Fire Incident

of the re stations based on this plan would reduce the dis-
tance to the re stations to the re incidents, such a plan is
unrealistic. One improvement would be to treat the prob-
lem as a facility location analysis, with a set of potential
realistic locations, but still using a clustering methodology.
Another approach would be to provide interactive opening
and closure of selected re stations to observe the impact
on the response times of the remaining re stations. Since
regression showed that the response times are not expected
to increase in the future and the re ghters are either close
to meeting or exceeding the required response times, this
approach would make even more sense.

We observed that rural re ghters, on average, travel about
one mile further to get to the re incidents than those in an
urban area, and their response times are about two minutes
slower than in urban areas. Possible explanations for these
ndings include: (1) rural re ghters may need to travel



Figure 10: View showing all those re incident dots
in cyan related to a specic re cause word (‘acci-
dent") when clicked in the left panel.

Figure 11: Infrastructure distribution for a county
in Massachusetts in 2012.

on gravel and dirt roads, which slows them down; (2) re-
ghting equipment in rural areas is older, slower, and less
specialized; (3) rural re ghters are more likely to be volun-
teers than career re ghters, so they may need to rst travel
to the re station (e.g., from home) before going to the in-
cident location; (4) rural re incidents are more spread out
geographically.

ISPARK and our approaches may easily work with data
from any re departments in the U.S. or other countries.
However, the expertise to maintain the application will need
to be available to the re department. ISPARK may also
work with data from other related domains, such as police,
hospitals, and schools, so they could use similar technology.

It is noteworthy to mention that the word cloud we pre-
sented as one of the core features of visual analytics, shows a
wide array of re causes per county. Like wise to t them in
a restricted space, many of the words are overlapping. But
to make it easier to be able to select each and any of those
words by the user, we implement opacity changing mecha-
nism, when the user's pointer hovers over them. This way
the user in real time gets to know which word tag he is going
to pick to see further analytics.

Our future work includes revising the methodology for
determining recommended re station locations, adding op-
tions for interactively closing and opening existing re sta-
tions to observe the consequences on response times, ex-
tending ISPARK to the rest of the United States, and ex-
ploring more factors, including the spatiotemporal variables
that would in uence the re station workload, such as time

of day, day of the week, and month of the year. Addi-
tional studies should add tra ¢ conditions to the predicted

response time for increased accuracy. Also, wildland res
likely have unique characteristics which should be explored.

5. CONCLUSIONS

Our project has led us to the following four conclusions.
First, an interactive, integrated analytical and geographic
dashboard can be developed using entirely open source tools.
Second, geographic mapping of the recommended re sta-
tions, existing re stations, and the re incidents served by
the re stations can be done, but the recommended location
methodology needs to be further re ned. Third, the inci-
dent response times over the period 2010 through 2013 have
been stable, and re ghters are either close to meeting or
exceeding the standard response times now. Last, rural and
urban areas do show di erences in re response times.
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