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 a b s t r a c t

Community evacuation exercises (or drills) are one approach residents and authorities use to 
train wildfire emergency procedures in the Wildland Urban Interface (WUI). This paper presents 
results from a drill performed in Roxborough Park, a WUI community in Colorado, USA, in 2024. 
Observer and self-report data were collected to derive resident preparatory actions, pre-travel, 
travel, and total evacuation times, as well as route choice and the drill’s impact on their perceived 
preparedness. It took more than 28 minutes until 90% of residents began traveling and more than 
48 minutes until 90% had completed their evacuation. Most of the participants reported following 
the instructions for the evacuation route, with a minority taking a shorter or more familiar route. 
The work underlines the value of drills for improving community disaster preparedness, providing 
data for developing/testing computational models, and deepening our understanding of human 
behavior in wildfire scenarios.

1.  Introduction

As climate change intensifies and the Wildland-Urban Interface (WUI) continues to grow (in size and population), the number 
of wildfires requiring community evacuation has surged (Jolly, 2015; Intini et al., 2020; Christianson et al., 2024). For example, on 
average, wildfires caused 30 evacuations annually in Canada between 1980 and 2021, with the frequency and scale of evacuations 
increasing over time (Christianson et al., 2024). The 2023 fire season was particularly severe, with wildfires forcing approximately 
232,000 Canadians to flee their homes (Jain et al., 2024). In California, over one million evacuees were documented between 2017 
and 2019 (Wong et al., 2020b). Globally, multiple large-scale evacuations related to wildfires have been reported in the last two years 
alone - often in areas that were previously not impacted by wildfires; for example, Japan (Butler, 2025), South Korea (Young, 2025), 
Russia (Ostiller, 2024), Greece (Kalogeropoulos et al., 2024), South Africa (Press, 2024), and Algeria (McGarvey, 2023).

Given the urgency and complexity of the topic, understanding how community wildfire evacuations unfold is critical. A common 
representation of evacuations is through event timelines (Proulx, 2002). The concept of WUI Required Safe Egress Time (WRSET) 
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splits an evacuation into several phases, including the time needed to detect, assess, and attempt to control a fire, the time for residents 
to receive evacuation orders, prepare their departure, move to their vehicles,1 and then travel to and check into a place of safety 
(Ronchi et al., 2019). This breakdown allows studying and simulating WRSET components individually. For instance, depending on 
the scenario, the size of a community, or the distance needed to travel, the relative impact of pre-travel times and travel times on 
total evacuation duration may vary substantially.2

In recent years, several studies analyzed the spatio-temporal dynamics of community wildfire evacuations. Many of these use 
geospatial data and provide valuable insights into how a large number of people move in disasters. For example, one study derived 
cumulative travel times for the 2019 evacuation from the Kincade Fire (Zhao et al., 2022). Another study documented high evacuation 
rates even in neighborhoods outside the area under evacuation order during the 2023 McDougall Creek wildfire (Ha and Long, 2025). 
A recent study by Borody and Wong (2025) studied unplanned emergency evacuations in four Canadian communities during the 2023 
wildfire season. The authors showed that departures times followed roughly S-shaped curves (Borody and Wong, 2025). Rohaert et 
al. accessed publicly available data from traffic counters to compare the dynamics of routine and evacuation traffic on California 
highways and found small but relevant differences in the speed-density relationships (Rohaert et al., 2023). However, while these 
studies provide valuable macroscopic understanding, more fine grained analyses into pre-travel and travel behavior are lacking due to 
the inherent limitations of the methods used. For instance, depending on the location, the quality and abundance of geospatial data can 
vary, particularly in remote and sparsely populated areas (Raei et al., 2025). In addition to technical and logistical challenges, there 
are also ethical and privacy related considerations that need to be taken into account (Wong et al., 2020b). That is, despite immense 
progress, fine-grained quantitative data related to human behavior during wildfire evacuation at the community scale remain scarce, 
particular with respect to pre-travel times (Kuligowski, 2021a). Yet, granular data are necessary to understand resident responses 
in detail and to validly generate pre-travel and travel times as an emergent output from computational simulation tools (Ronchi 
et al., 2023). In addition, describing evacuation timelines at the household level can provide valuable information to local emergency 
planners and other authorities, given that more aggregated information may not fully describe the variability in behavior that may 
occur during emergencies.

Indeed, timely evacuation is an essential strategy to minimize risks to the health of residents in the WUI and improve life safety 
(National Research Council of Canada, 2021; Kalogeropoulos et al., 2024). In turn, late or even dire evacuations have been linked 
to increased fatality rates (Cova et al., 2021; Kalogeropoulos et al., 2025; Haynes et al., 2010). Therefore, it is critical to ensure that 
communities are prepared to evacuate safely (e.g., through appropriate pre-travel actions) and know when and where to go (e.g., 
through timely departure and appropriate route choice) when they need to. This can be achieved by demonstrating that emergency 
evacuation procedures are effective, and that those who need to enact them, i.e., a community’s residents and authorities, are familiar 
with said measures.

Community evacuation exercises (or drills for short) are one way for residents, first responders, and emergency managers to practice 
evacuation procedures as well as to assess and increase community preparedness. Drills can be classified as either announced - where 
the exact time and date are known to all participants, semi-announced - where some but not all details about the drills are shared 
beforehand (such as the date but not the exact time of day), and unannounced - where no information is shared with residents 
beforehand. Due to the scale, complexity, and required buy-in from residents, fully announced wildfire evacuation drills are rare. 
However, even announced and semi-announced drills are opportunities to collect empirical data to gain insight into evacuation 
dynamics and to validate simulation tools, although greater care needs to be shown in the veracity of such data and its subsequent 
use (Gwynne et al., 2020, 2023). In fact, drills can be considered an empirical model, that is a simplified representation of an actual 
emergency evacuation. As most models, drills have limitations, most importantly, whether or not they afford insights that can be 
generalized beyond their specific local context (Gwynne et al., 2020). The following specific biases may cause drill observations 
to differ from real events: Self-selection of participants: Volunteer participants of evacuation drills may differ from the community 
population overall (e.g., in terms of preparedness); drills are often conducted under optimal conditions (e.g., most residents likely at 
home when notified, good weather conditions). Nevertheless, there is a lack of empirical studies in this domain and it is therefore 
considered a field requiring further investigation (Haghani et al., 2024; Kuligowski, 2021b).

A range of empirical methods can be utilized to gather detailed data and assess performance during drills. These include self-
report measures, accounts from human observers, automated traffic counters, aerial drones, and GPS trackers. Each method possesses 
strengths and weaknesses (see Dugstad et al. (2024) for a discussion). A combination of methods offers a holistic account of pre-
travel and travel behavior and timing, enriched with detailed accounts from participants on their personal experiences, actions, and 
underlying motivations. This then allows for identifying the capacity of the road network and potential associated behavioral patterns 
(e.g., compliance (and lack thereof) with instructions) that may influence evacuation outcomes. In addition, combining several data 
collection methods allows for a systematic comparison against each other (Dugstad et al., 2025).

1.1.  The present study

The main objectives of the present study are to (1) quantify pre-travel and travel times and to (2) describe route choice during 
a community evacuation drill. To address these questions, the present paper describes the result of a semi-announced community 

1 Private vehicles are by far the most common mode of transportation in WUI evacuations (Zehra and Wong, 2024)
2 The terms “pre-travel time” and “travel time” are used throughout this paper; elsewhere these are also referred to as “pre-evacuation time” and 

“evacuation time”; The concept of “total evacuation time’ is similar to “cumulative evacuation rates” used in other fields.
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wildfire evacuation exercise conducted in Roxborough Park, Colorado, USA, in June 2024, where a variety of measures were employed 
to capture observational and self-report data. The concept of WRSET is then used to derive an evacuation timeline for the drill. This 
includes a pre-travel phase (including preparatory activities before deciding to evacuate) and a travel phase (once individuals or groups 
have started purposive movement toward safety), followed by results on in-transit actions and route choice. The paper then discusses 
the observational results in the context of the subjective experience of drill participants (e.g., in terms of perceived preparedness) 
and compares the findings to a previous drill (Gwynne et al., 2023).

2.  Methodology

The following section describes the methodology, beginning with a general description of the community, its experience with 
wildfires and drills, and the residents who participated in the 2024 drill and research. Then the general data collection methods and 
processing are described, as well as key evacuation performance benchmark measures (pre-travel time, travel time, total evacuation 
time) as well as in-transit actions and route choice. Data collection related to the drill was reviewed and approved by the NRC 
Research Ethics Board (REB 2023-140).

2.1.  Roxborough park, Colorado

Roxborough Park is situated in the WUI of Douglas County, Colorado, USA, southwest of Denver, and is considered to be in high 
wildfire risk area (Service, 2018). Developed in the 1970s, the community covers approximately nine square kilometers of heavily 
vegetated and hilly land. To the north, the community is neighboring another subdivision, which includes 250 homes that did not 
participate in the drill, and a golf course. Roxborough Park comprises 1057 mostly single-family homes with an estimated population 
of around 3,000. For more details, also see Kinateder et al. (2025).

Fig. 1 provides a community map, including locations relevant for research, such as evacuation gates (A, B, D, F), intersections (C, 
G), and the assembly point (H; the local fire station). The community is accessible via a single entrance and exit road (highlighted in 
red on the map). The community is equipped with four additional Emergency Egress Easements (EEE; black arrows on the map). EEEs 
are unpaved roads that are not used for routine traffic and provide additional evacuation routes. To the south, one EEE leads through 
densely forested areas to a neighboring town (south of point A in Fig. 1). To the north, two EEEs connect Roxborough park to a main 
road via another subdivision (highlighted in blue on the map). Throughout the community, signage indicates optimal evacuation 
routes. For analysis, four departure areas were defined and highlighted in color: north/red, east/blue, south/green, west/yellow. 
This differentiation allows testing whether (a) the home location of residents relative to the drill scenario (fire encroaching from the 
south) or (b) the evacuation routes would affect evacuation timing and route choice.

Since 2007, Roxborough Park has been recognized as a Firewise USA3 community, reflecting its commitment to wildfire prepared-
ness. The community’s proactive approach began in 2003 with the establishment of the volunteer Fire Mitigation Committee. This 
committee collaborates with various agencies and researchers, exemplified by their coordination for the 2024 evacuation drill.

2.2.  Previous drills

The Douglas County Office of Emergency Management facilitates wildfire evacuation exercises every five years with the commu-
nity. In 2019, one of such drills was also observed by researchers (Gwynne et al., 2023). The 2019 drill followed a similar procedure 
to the 2024 drill (details below), with some noticeable differences. First, the 2019 drill was fully announced, i.e., residents were in-
formed beforehand at what time the evacuation order would be issued. This had the effect that several participants evacuated before 
the drill began. Second, the data collection relied on manual observations and self-report data only and covered fewer observation 
points.

2.3.  The community wildfire evacuation exercise

This section introduces the wildfire evacuation exercise, organized by the Douglas County Office of Emergency Management and 
the local community with support from the research team. Comprehensive information about the community collaboration and the 
procedures is available in the full report (Dugstad et al., 2024). A few weeks before the drill, residents were informed and encouraged 
to participate. The invitation included details about the drill, the associated research, and instructions on how to sign up. Importantly, 
residents had the option to enroll in the research independent from the drill, allowing them to participate in the drill without sharing 
their experience with the researchers. Those who registered (were added to an emergency notification service database and received further 
information.) Although residents were informed of the drill date, they were not told at what time the evacuation order would be issued, 
making it a semi-announced drill. Those who also enrolled in the research were also sent further details about the research, consent 
forms, and surveys. In addition, the research participants were instructed to put colored paper tags on their vehicles to indicate their 
area of origin in the community. These areas were defined according to their location relative to the nearest EEE (see the color codes 
in Fig. 1 and Dugstad et al., 2024; Kinateder et al., 2025).

3 Firewise USA is a program that aims to educate and support WUI communities towards increasing their resilience to wildfires. For more infor-
mation see: https://www.nfpa.org/education-and-research/wildfire/firewise-usa
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Fig. 1. Map of the community including the road network. The evacuation routes available during the drill are shown in red (main road) and blue 
(additional evacuation routes). For data analysis, four departure areas were defined and highlighted in color: north/red, east/blue, south/green, and 
west/yellow. Key observation points (A–H) include entries to EEEs (A, B, D, F), intersections (C, G), and the assembly point (H). EEEs at observation 
points A and B were closed during the drill. Map generated using OpenStreetMap (OpenStreetMap contributors, 2024) data and OSMnx (Boeing, 
2017). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

An emergency notification database was used to provide further information to residents who had registered (Dugstad et al., 
2024), and on June 29, 2024, at 9:00 a.m., evacuation orders were sent out via phone calls, voice messages, text messages, or email. 
In addition, emergency management officers knocked on drill participants’ doors to communicate the evacuation order. The alert 
informed them of (a wildfire approaching from the south and instructed them to evacuate the community using the northbound evacuation 
routes through the neighboring community and to gather at the local fire station.) The drill scenario allowed for only two of the four EEEs 
to be accessible, imitating a real incident where evacuation routes might be blocked; only the two EEEs in the northern and eastern 
departure area were accessible (see Fig. 1). Upon arriving at the assembly point, residents could ask questions and submit surveys 
and postcards. (After completion of the drill, residents were encouraged to explore the marked evacuation routes, including the EEEs.) For 
further details regarding the organizational and logistical aspects of the drill, see (Dugstad et al., 2024; Kinateder et al., 2025).

2.4.  Participants

A total of 128 households, that is, approximately 12% of the community, registered 177 vehicles for the drill. On average, the 
participants were 66.33 years old (SD = 9.74 years) and had lived in Roxborough Park for approximately 11 years (SD = 9.04 years), 
with the mean duration of residence in their current home being about 10 years (SD = 8.40 years). Some participants reported having 
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Table 1 
Data availability across evacuation and 
survey stages.
 Stage  Count
 Pre-Travel Time  125
 Total Evacuation Time  132
 Complete PTT and TET dataset  77
 Postcards  90
 Survey  108

a medical condition, such as heart or respiratory conditions, diabetes, or functional limitations (e.g., visual or hearing impairments, 
mobility-related disabilities). A more detailed overview of demographic data can be found in Appendix A and Dugstad et al. (2024).

2.5.  Data collection methods

Human observers were placed at relevant locations throughout the community (see Fig. 1). Observers recorded arrival times at 
their observation points, either using a paper / pencil or a mobile phone-based note taking system.4

During the drill, participants also completed a postcard with questions that had been handed out prior to the drill documenting the 
timing of specific events, e.g., when they received the evacuation order, and the route taken. After the drill, participants completed 
a post-drill survey that included demographic information (e.g., age, gender, household size), perceived preparedness, and questions 
about their experience during the drill.

2.6.  Data processing

The data produced by individual observers were pre-processed and aggregated into a single database. All data were cleaned and 
merged based on unique vehicle identifiers composed of Car ID and the color code of the departure area (e.g., car_01_green for the 
first vehicle from the southern departure area). To obtain timestamps for pre-travel time (PTT) and total evacuation time (TET), 
observations were parsed and aligned to a reference time of 09:00 a.m. local time on the day of the drill. All observed times were 
converted into minutes relative to the reference time and rounded to a consistent resolution for plotting and summary statistics. 
Only vehicles with complete observations, i.e. PTT and TET timestamps (𝑛 = 77) were retained for analysis. This ensured consistency 
in cumulative metrics but meant that 45 incomplete observations had to be discarded (see discussion and Appendix B for details). 
Table 1 gives an overview of the available data on PTT, TET as well as postcards and surveys.

2.7.  Community evacuation benchmarks

2.7.1.  Pre-travel time (PTT) and total evacuation time (TET)
Due to ethical and privacy considerations, PTTs were not measured at residents’ homes. Instead, PTTs were approximated by 

measuring arrival times at the exits of each departure area and subtracting the estimated time needed to move from a home to the 
observation point (0.5 to 4 minutes; see Fig. 5):

PTT = ATobs − TThome-to-obs (1)

where PTT refers to the approximated pre-travel time, ATobs to the arrival time at the last observation point within a departure area, 
and TThome-to-obs the estimated travel time from a home to the first point of observation. TThome-to-obs estimates were 0.5minutes for 
departure area north, 4minutes for departure area east, 2minutes for departure area south, and 1minutes for departure area west. For 
further details on how these correction values were applied and for comparing pre-travel and total evacuation time distributions, see 
Appendix A, Fig. 10.

TET was measured at the assembly point (observation point H). In the context of the present study TET is the sum of pre-travel 
and travel time.

2.7.2.  In-transit behavior and route choice
Each evacuee could potentially follow multiple routes to the assembly point (observation point H in Fig. 1). Assuming no ob-

servation point was traversed more than once during the evacuation, a finite set of possible routes can be defined. This assumption 
enables the identification of the minimum number of observation points required to monitor vehicle movements and unambiguously 
determine which routes were taken. To ensure comprehensive route coverage, all unique evacuation paths from each departure area 
to the assembly point, without repeating observation points, were first identified. This was achieved by applying a Depth-First Search 

4 For purposes beyond the scope of the present paper additional observation tools such as a drone and automated traffic counters were employed; 
see Dugstad et al. (2024)
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Fig. 2. Self-report data (n=98). (a) Channel of evacuation notification. (b) Actions taken during the pre-travel phase (multiple selections were 
possible). Note: Some participants gave contradictory responses (shown in red). For response options with contradictory answers, two counts are 
provided: (1) the total number of responses and (2) the number of contradictory responses. (For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article.)

algorithm to an undirected graph representing the road network, which returned the following adjacency list (See Appendix C for 
algorithmic details and details on how the mapping was applied):

𝐴 ∶ {𝐵,𝐻}

𝐵 ∶ {𝐴,𝐶,𝐻}

𝐶 ∶ {𝐵,𝐷,𝐺}

𝐷 ∶ {𝐶,𝐸}

𝐸 ∶ {𝐷,𝐹 ,𝐻}

𝐹 ∶ {𝐸,𝐺}

𝐺 ∶ {𝐶, 𝐹 ,𝐻}

𝐻 ∶ {𝐴,𝐵,𝐺,𝐸}

Note that although the routes from observation points A and B to H were closed and not used in practice, these edges are included 
in the graph to reflect potential albeit unlikely route attempts. Based on this structure, a total of 48 unique evacuation paths were 
identified. These served as the basis for mapping the actual observed vehicle movements.

Assuming that each vehicle originated from one departure area (north, east, south, or west), all possible routes can be reconstructed 
by monitoring traffic at five observation points - nodes C (C was split into C1 and C2 since observers were positioned both ends of 
the intersection to track all route choices reliably), E, F and H (see Fig. 1 and Appendix C).

3.  Results

Most residents received the evacuation order via the emergency notification system, with 73 of the 98 survey respondents reporting 
that they had received the notification (Fig. 2). The most common channels for this message were phone calls, followed by email and 
text messages. Seventeen residents reported that they were alerted by emergency management staff going from door to door, while 
sixteen residents received the notification through other channels. However, nine participants reported not receiving any evacuation 
notification and some gave contradictory responses (for example, selecting ’no’ alongside specific notification sources in the survey, 
Fig. 2(a)).
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Fig. 3. Cumulative vehicle departures (pre-travel times) by departure area and overall percentage (solid black line related to the second y-axis) 
normalized by estimated travel time from the residence at 09:00 to the last observation point within a departure area. Vertical dashed lines indicate 
the time at which 90% of vehicles from each area reached the observation point.

The following section describes pre-travel times and actions, followed by total evacuation times, route choice, and subjective 
experiences of participants during the drill. More detailed analysis and results on PTT and TET can be found in Appendix B.

3.1.  Pre-travel phase

The participants performed a variety of preparatory actions before evacuating. These included (closing doors and windows, packing 
personal items, checking directions, turning off air conditioning systems, and preparing pets for travel (see Fig. 2(b) and Dugstad et al. (2024). 
These responses indicate a relatively high engagement with evacuation protocols.

Of the 108 participants who completed the post-drill survey, most reported evacuating either individually (n = 42; 39%) or with 
one other household member (n = 48; 44%), with very few indicating larger household groups. In terms of vehicles used, 61% of 
respondents (n = 66) reported using a single car, while 26 (24%) used two vehicles. These numbers are broadly consistent with 
household sizes, but notable inconsistencies exist - such as participants claiming to have traveled alone while also reporting multiple 
cars - suggesting the possibility of separate departures by household members or reporting errors.

Fig. 3 shows cumulative PTTs. In general, most vehicles began traveling within 28 minutes after the evacuation notification was 
issued, with a notable increase between 09:08 and 09:18. This window marks the peak evacuation phase and reflects a common 
behavioral response across the community.

The dashed vertical lines in Fig. 3 indicate 90% departure thresholds which can serve as calibration benchmarks for evacuation 
modeling and planning, helping to characterize typical pre-travel lag across different departure areas.

When broken down by departure area, the cumulative departure curves show that vehicles from the southern part had the fastest 
and most consistent early response, reaching the departure threshold of 90% in about 23minutes. The north followed closely, while 
the west began with a similar slope but plateaued earlier. South exhibited the slowest and most staggered progression.

3.2.  Total evacuation time (TET)

Fig. 4 shows the cumulative number of unique vehicles that reached the assembly point (Observation point H), i.e., the indicator 
of TET.

The results reveal a steady increase in vehicle arrivals at the assembly point throughout the drill. By approximately 48 minutes, 
90% of vehicles had arrived. TETs were comparable for all but the southern departure area, where the first arrival was recorded 
approximately 20 minutes after the first arrivals in the other areas.

3.3.  Overall evacuation timeline, individual variability, and outliers

In all departure areas, PTT represented a substantial part of the total evacuation time, even with the time shift correction to 
account for movement to the first observation point (Table 2). On average, pre-travel activities represented 53% of the timeline, with 
marked differences between groups. Vehicles associated with the eastern departure area showed the highest proportion of time spent 
in pre-travel (54%), while residents from the north and west tended to mobilize more quickly relative to their TET, with pre-travel 
times averaging just over 40%.
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Fig. 4. Cumulative vehicle arrivals (TET) at the assembly point (Observation point H) grouped by departure area (color-coded groups) and overall 
percentage (solid black line related to the secondary y-axis); vertical dashed lines indicate the time at which 90% of vehicles from each area reached 
the assembly point.

Table 2 
PTT and TET time statistics by departure area.
 Departure area  n  Travel Ratio  PTT [min]  TET [min]
 North  18  0.49  15.2 ± 6.5 [5.5, 25.5]  29.3 ± 10.5 [16.5, 46.5]
 East  21  0.37  21.9 ± 6.4 [11.0, 33.5]  36.8 ± 10.8 [17.0, 52.0]
 South  14  0.57  18.5 ± 6.5 [10.0, 27.4]  43.6 ± 10.7 [31.0, 73.0]
 West  24  0.49  18.3 ± 9.5 [6.0, 36.0]  34.7 ± 12.5 [12.0, 51.0]
 Overall  77  0.47  18.6 ± 7.8 [5.5, 36.0]  35.6 ± 12.0 [12.0, 73.0]

Note: n = number of vehicles; Ratios represent the share of travel time relative to total 
evacuation time; PTT includes time shift corrections.

Individual evacuation timelines revealed wide variations in behavioral onset and travel duration. Fig. 5 presents individual-level 
evacuation timelines, decomposed into time shift (synchronization offset), pre-travel, and travel time components for each partici-
pating vehicle (𝑛 = 77). These components correspond to the time between the alert and departure (adjusted for location-based time 
shifts), and the duration from departure to exit point arrival, respectively. Color-coded car ID labels highlight the geographic origin 
(departure area) of each vehicle, facilitating the detection of systematic patterns. While several long pre-evacuation phases occurred 
in the northern and western departure areas, the times were more evenly distributed in other departure areas. These descriptive 
patterns suggest that both structural and behavioral drivers likely influenced the temporal characteristics of evacuation behavior.

Heterogeneity in PTT was evident at the individual level. For instance, while some participants (e.g., car_37_green) spent close 
to 80% of their total evacuation time traveling, others (e.g., car_39_orange) departed much later and reached an exit relatively 
quickly, with travel accounting for only about one-third of their timeline.

The present analysis only included complete observations (i.e., vehicles with both PTT and TET; 𝑛 = 77). However, several vehicles 
were recorded either at a single observation point within the community or at the assembly point, i.e., they either were not counted 
as evacuated or no PTT was measured. The 90% PTT benchmark including all (𝑛 = 125) vehicles recorded was considerably longer, 
with a large number of outliers (58min); see Appendix B for more detailed information about the influence of the sample size on 
benchmark thresholds).

3.4.  In-transit behavior and route choice

Fig. 6 illustrates the probable routes taken during the drill of all observed vehicles (𝑛 = 125). Using the observed data and the 
known road network graph (see Section 2.7), the probable routes of the vehicles were derived by comparing the routes generated 
based on their recorded passage at the observation points with the most probable route they took (see Appendix C for the details of 
the mode). The results show that most of the residents traveled along the designated evacuation routes and to the assembly point 
via observation point E. With the notable exception of the northern departure area, the most probable path towards the assembly 
point was via observation points C and D. A relatively small proportion of residents also traveled to the assembly point via the main 
entry/exit road (i.e., from G to H).
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Fig. 5. Individual evacuation timelines (𝑛 = 77). Each bar represents one vehicle’s evacuation process, broken down into three phases: time shift 
adjustment (dark gray), pre-travel time (light gray), and travel time (tan). Percentage labels indicate each phase’s relative contribution to that 
vehicle’s total evacuation time. Y-axis labels (Car IDs) are color-coded according to the assigned departure area: north (red), east (blue), south 
(green), and west (yellow). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this 
article.)

Of the total of 125 vehicles, 48 (38.4%) were not recorded at the assembly point (see Appendix B). These incomplete trajectories 
can have several possible explanations, such as residents deciding to not complete the evacuation drill (e.g., due to high traffic volume 
at the assembly point). However, lapses in data collection can also not be ruled out.

The self-reported data provides additional insights into the route choice behavior (Fig. 7(b)). Most of the participants (𝑛 = 78) 
indicated that they followed the instructions (that is, evacuated northbound). However, many also chose routes based on personal 
heuristics: 22 participants reported selecting the shortest route, and 12 preferred a familiar one. A smaller group (𝑛 = 10) selected 
“Other”, which could reflect ad hoc decision-making or uncertainty about the assigned path. These results suggest a high overall level 
of compliance. Furthermore, most of the participants indicated that they completed the evacuation drill without stopping; however, 
some reported stopping at least once (Fig. 7(b)).
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Fig. 6. Most probable route choices from the first observation points (highlighted with colored borders) to H (assembly point), mapped onto the 
observed pathways for each departure area. Arrow thickness represents the percentage of vehicles on each route. Nodes filled with gray indicate 
the presence of human observers. Differences from a full 100% sum arise from vehicles that either failed to reach the assembly point H or took 
trajectories that could not be confidently assigned to a probable route. Note: For the eastern and western departure areas, two theoretically possible 
but not observed routes (from E to D and F) were excluded, as they went against the designated evacuation direction and were used exclusively by 
emergency services.

3.5.  Impact of the drill on perceived preparedness

Fig. 8 shows self-reported preparedness before and after the drill, recorded on a 5-point Likert scale ranging from 1 (“Not at all”) 
to 5 (“Extremely”).

The drill increased perceived preparedness (Fig. 8). Before the drill, the average preparedness rating was 2.83 (SD = 0.82), 
with responses spread broadly across the lower end of the scale. This suggests that many participants considered themselves only 
moderately or poorly prepared before the exercise.

Following the drill, the average preparedness score increased to 3.65 (SD = 0.68). A paired t-test revealed a statistically significant 
increase in self-reported preparation after the drill, 𝑡(75) = −7.546, 𝑝 < 0.001, 𝑑 = 0.844. The direction of the sizable effect suggests that 
participants felt better-prepared post-drill. This shift was not only in the mean values but also in the consistency of the responses (i.e., 
reduced standard deviation), indicating that the drill not only boosted confidence but also helped align participants’ perceptions of 
what constitutes adequate preparedness. In other words, the exercise appeared to reduce the uncertainty and variability in perceived 
readiness.

These findings emphasize the effectiveness of evacuation drills in strengthening individual and community confidence. Where 
evacuation decisions can be sensitive and complex, such improvements and alignments in the perception of preparedness can con-
tribute to life safety.
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Fig. 7. Self-reported data on (a) route choice motivations and (b) stop behavior during the evacuation drill. Note: Contradictory responses - such 
as selecting “no stops” and multiple stop counts - are highlighted in red. (For interpretation of the references to colour in this figure legend, the 
reader is referred to the web version of this article.)

Fig. 8. Self-reported perceived preparedness before and after the evacuation drill. Participants rated their perceived preparedness for wildfire 
evacuation on a 5-point Likert scale of 1 (Not at all) to 5 (Extremely) both before the drill (𝑛 = 94) and after completing it (𝑛 = 81).

4.  Discussion

Drills are an important tool for assessing and increasing community disaster preparedness. The findings from the 2024 Roxborough 
Park drill support this notion and provide additional detailed observations as well as insights for researchers and evacuation model 
developers. The section below discusses the results of Pre-Travel Times (PTT) and Total Evacuation Time (TET) and compares the 
findings to the drill observed in 2019, followed by a discussion of route choice and overall community preparedness.
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Fig. 9. Comparison of cumulative percentage PTT (left) and TET (right) curves for the 2019 and 2024 drill observations. Note that the timeshift is 
not available for the 2019-data; the time axis was normalized for each dataset individually such that time (𝑡 = 0) represents the moment of the first 
vehicle’s departure (for PTT) or the first vehicle’s arrival at the destination (for TET).

4.1.  Pre-travel and travel times

This study provides insight into the evacuation dynamics of a WUI community of approximately 1000 homes. Previous work 
typically assessed TET during unplanned evacuations more coarsely, that is, describing departures over longer periods, e.g. Zhao 
et al. (2022) and Borody and Wong (2025).

The variability in TET was mainly driven by pre-travel actions (see Table 2 and Fig. 5). PTT varied not only between households, 
but also between departure areas, potentially reflecting differences in preparation, household composition, or information clarity. For 
example with respect to information clarity, some residents in the southern departure area reported that the evacuation order received 
by phone was incomprehensible, likely due to poor cell coverage in the area. Conversely, travel times were relatively consistent. 
Once on the road, most vehicles needed between eight and 20minutes to reach the assembly point. This pattern reinforces that in the 
investigated community, the main driver of evacuation lag was the delay between alert and departure, rather than inefficiencies in 
route progression. The large proportion of PTT in the evacuation timeline suggests that interventions that target early action, such 
as clearer messaging, improved alerting, or community-level role activation, could reduce overall TET, particularly in the first 15–30 
minutes after an evacuation order.

4.1.1.  Comparison to 2019 drill
In 2019, a similar drill had been conducted and documented in the community (Gwynne et al., 2023). While there were no-

table differences between the 2019 and 2024 drills, for example with respect to evacuation notification (in 2019, the exact time of 
the evacuation notice had been communicated to residents prior to the drill), data collection (e.g., fewer human observers and no 
technology-based observation methods in 2019), and number of participants, a cautious qualitative comparison of the two events 
remains informative. Fig. 9 illustrates that the cumulative share of PTT and TET for both events were comparable, with steeper 
curves above the 80% mark in the 2024 drill, indicating a somewhat more efficient evacuation in 2024. The overall similarity of the 
curves is indicative of the robustness of the results. However, two data points are not sufficient to assume the scalability of these
findings.

4.2.  Route choice

Most residents complied with the instructed evacuation procedures and traveled via the northbound evacuation routes. However, 
some did not choose the designated evacuation routes and followed the main road out of the community (Fig. 6). Closer inspection of 
the departure areas provides further nuance: In the northern part of the community (red areas), some residents first drove southbound 
despite being instructed to travel towards the north. This observation could be interpreted as anecdotal evidence for movement to the 
familiar, a known phenomenon in building evacuations, where occupants tend to move on familiar rather than on unknown egress 
paths (Sime, 1985). Indeed, some residents indicated that they chose either the shortest or more familiar routes (Fig. 7). In previous 
studies, familiarity with routes has been shown to correlate with chosen driving speeds (Colonna et al., 2016), which could influence 
travel duration during evacuations. However, more research is needed to evaluate to what degree movement to the familiar occurs 
during unplanned wildfire emergency evacuations.

As shown in Fig. 7(b), most participants (𝑛 = 78) reported that they did not stop on their way to the final assembly point. However, 
19 participants reported making one or more stops, including some who reported making up to four stops. The specific nature of these 
stops was not captured, but they can indicate uncertainty, ad hoc route changes, or disengagement with drill objectives.
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4.3.  Implication for evacuation modeling

The observed variability in PTT, TET, and route choice has implications for developers who try to represent community wildfire 
evacuation timelines in computational models. Separating and simulating pre-travel and travel phases explicitly allows to represent 
heterogeneity in the different stages of the evacuation more accurately.5 The proportions of PTT in TET might differ from case to 
case, for example when evacuees need to travel longer or shorter distances.

Accounting for behavioral variability in route choice is also critical. While the dominant trend showed high compliance with 
evacuation instructions and travel without detours, a non-negligible portion of participants deviated from the expected route or made 
discretionary stops (Fig. 7(b)). This can have critical implications for traffic flow, resource allocation, and communication planning 
in actual emergency scenarios. Models that assume full compliance or uniform travel behavior may risk underestimating congestion 
and uncertainty in real-world evacuations.

The present data can be used to provide benchmark data for WRSET estimations by providing insights into the overall evacuation 
process (e.g., arrival time curves) and information on traffic dynamics (e.g., flow at intersections, route choices)(Ronchi and Gwynne, 
2019). However, implementation and generalization need to be done carefully, given the high variability in results and the scenario-
dependent variables. For instance, only complete datasets - i.e., only vehicles with observations for both PTT and TET - were considered 
in the analysis. However, several vehicles (n = 48) were not recorded at the assembly area, suggesting that these residents either did 
not drive to the assembly point or were missed by observers. If these data were included in the analysis, the 90% threshold for PTT 
would have only been reached after 58minutes, i.e., 30minutes later (see Appendix B). Further, while in the present study, 90% was 
chosen as a cut-off criterion for PTT and TET, modeling exercises need to choose benchmarks carefully and based on requirements 
for their specific use case.

4.4.  Implications for emergency planning

The present findings also have implications for emergency planning. For example, involving residents in a drill can reveal chal-
lenges in procedures (e.g., highlighting areas in the community that did not receive the evacuation notification) that may remain 
undetected during a tabletop exercise. In addition, drill may provide incentives to revisit assumptions (e.g., on route choice)

4.5.  Local context and generalization of findings

Field observations provide local contextual information. Roxborough Park is a small and relatively affluent community in the 
WUI . However, the median age (66 years) of the drill participants was noticeably higher than the median age of the community 
(40.6 years).6 Further, individuals who participated in the drill, are likely already well prepared for evacuation. and high levels of 
individual household preparedness. These factors - age, socioeconomic, and preparedness status - have been shown to impact evacu-
ation outcomes (Naushirvanov et al., 2025; Sun et al., 2024; Wong et al., 2020a). Therefore, caution is warranted when generalizing 
findings from one particular case study, and it is critical to note that the observations are not representative for wildfire communities 
in general, nor the range of actual scenarios that might reasonably be faced by the community in question. For example, the ob-
served timings may be overly optimistic given the level of prior preparedness and the availability of routes. This observation is true 
of all case studies and speaks to potential self-selection biases for drill participation in general. Despite these limitations, there are 
potential generalizable conclusions that can be drawn from this drill that may be applicable to communities similar to Roxborough 
Park, such as certain aspects of the survey responses. For instance, the increase of perceived preparedness after the drill appears 
to be generalizable, as there do not appear to be any reasons why this effect might be different in populations different from the 
study sample. One could even speculate that the observed effect is likely a conservative estimate of the true effect size, given that 
the volunteer participants were potentially more prepared prior to the drill than others. This very point suggests the importance in 
modelling community evacuation to supplement drill performance, where a multitude of scenario conditions might be examined. 
Precisely because of this, the data was captured in a modular manner (e.g., reflecting pre-evacuation delays, route use, etc.) allowing 
it to be recombined and repurposed to examine other scenarios in conjunction with other data-sets.

In addition, field observations provide a snapshot of a single event, and even if the comparison to the 2019 drill is reassuring, 
more research is needed to establish distributions or at least reasonable ranges for PTT, TET, and other evacuation performance 
parameters.

Announced and semi-announced drills are artificial scenarios that are meant to simulate emergency conditions. Several differences 
from an unplanned evacuation need to be highlighted though. The drill reported here occurred under optimal conditions (e.g., no 
actual emergencies, good weather, high visibility, and most residents at home when notified) with only a small proportion of the 
community participating. Those residents who participated likely were relatively well prepared (participating in the drill could 
be seen as an indicator of preparedness). Thus it is possible that similar to evidence from building evacuations (Kinateder et al., 
2021), performance indicators reported here underestimate the duration of an unplanned evacuation, when conditions could include 
the presence of firebrands, reduced visibility and other challenges that could impact the awareness of residents that evacuation is 
necessary. Comparing the present study to observations from unplanned evacuations support this notion. For instance, the recently 

5 A recent study also argues that notification time should be modeled explicitly (Lawrence et al., 2025).
6 See https://censusreporter.org/profiles/16000US0866197-roxborough-park-co/ for census data
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Fig. 10. Comparison of 90% thresholds for PTTs and TETs. The top panel shows threshold times at which 90% of vehicles had started (PTT) 
or completed (TET) evacuation, using both the full dataset and the merged subset with both timestamps (𝑛 = 77). The bottom panels show the 
distribution of PTT and TET times, highlighting the impact of using merged data and applying time shift corrections for observation-based PTT 
estimates.

reported findings on the departure times of Edson, British Columbia in 2023 followed a similar pattern to the TET reported here. 
However, the duration of that evacuation was noticeably longer (Borody and Wong, 2025). Similarly, self-report data on pre-travel 
times during the 2018 Camp Fire and the 2021 Marshall Fire reported significantly longer delays (Grajdura et al., 2021; Forrister 
et al., 2024).

Although immature and in need of guidance, drills are considered a useful source of data that can complement for instance post-
incident analyses, particularly because they can be scheduled in advance, allowing researchers to plan and prepare accordingly for 
data collection (Dugstad et al., 2024). As any empirical method, drill observations have limitations, for example, due to their pre-
planned nature, artificial scenarios, or self-selection of participants, the scenario conditions will not be identical to those in an actual 
incident. Despite this, they still can generate useful understanding of WUI evacuation dynamics that would otherwise be unattainable 
(Gwynne et al., 2020).

4.6.  Technical limitations

Several technical limitations need to be taken into account. Firstly, there are inconsistencies between the observed number of 
vehicles across observation points (see Appendix B). Human observers may have missed vehicles or recorded timing inaccurately. 
Human observers were compared to other observation methods (e.g., automated traffic counters; see Dugstad et al., 2025). This eval-
uation showed that while human observers can overall be deemed reliable, there are differences in precision, accuracy and reliability. 
Secondly, the calculation method for PTT was based on assumptions that could be incorrect or represent an oversimplification. For 
example, a vehicle may have started on the very border of a given departure area and thus the added average for reaching this border 
would overestimate PTT; another vehicle may have needed longer than the assumed travel time from a home to the observation point. 
Thirdly, there were inconsistencies within the self-reported data. While a total of 108 surveys were completed, not all participants 
completed all items. For example, only 98 participants reported on their preparatory actions. In addition, there were occasions in 
which participants gave contradictory responses, such as indicating that they traveled alone but also with multiple vehicles. This 
noise in the data could potentially be attributed to issues in survey design (e.g., participants were not explicitly asked if they filled 
the survey as individuals or representatives of their household.) These mismatches highlight the importance of triangulating self-
reported data with observational and tag-based records for accuracy in future drills or real-world analyses. Additionally, the logistics 
of the data collection itself could have impacted TET measurement, as participants spent time at the assembly point (e.g., to submit 
surveys) thus potentially impacting traffic.  Finally, a critical limitation concerns the completeness of the presented observational 
dataset. While 125 vehicles provided pre-travel time data and 132 provided total evacuation time data, complete observations for 
both metrics were available for only 77 vehicles (61% of PTT observations, 58% of TET observations). This substantial proportion of 
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incomplete observations introduces significant uncertainty into our evacuation timeline estimates. Fig. 10 illustrates the sensitivity of 
the presented results to this missing data. When analyzing only vehicles with complete observations (n=77), the 90% PTT threshold 
was reached at 28 minutes. However, when including all vehicles for which any PTT data were available (n=125), this threshold 
extends to 58 minutes - a difference of 30 minutes that represents a doubling of the evacuation timeline. This sensitivity analysis 
reveals that our main results likely present an optimistic scenario, as residents who evacuated later were less likely to reach the 
assembly point. There are several potential explanations for this. Some residents may have chosen to avoid congested areas around 
the assembly point, particularly those departing later when traffic volumes were higher. Others may have disengaged from the drill 
objectives once they had practiced the evacuation procedure to their satisfaction. It also cannot be ruled out that observers may have 
missed recordings at the assembly point. However, a comparison of data collection methods revealed that human observers were 
overall reliable (Dugstad et al., 2025). In addition, this measurement challenge is not unique to drill-based studies but represents a 
fundamental tension in evacuation research: the most complete data collection occurs during controlled exercises, yet these exercises 
may systematically exclude the most vulnerable or reluctant evacuees whose behavior is most critical to understand in real emer-
gencies. The range of estimates presented here (28–58 minutes for 90% PTT) should therefore be interpreted as bounds rather than 
point estimates, with the understanding that actual wildfire evacuations may exhibit timing patterns closer to our inclusive scenario, 
particularly among populations with lower baseline preparedness or engagement.

5.  Conclusion

More and more WUI communities are facing potential wildfire-related evacuations. The results reported here provide fine-grained 
insights into pre-travel actions and times as well as total evacuation times and route choice that can be of use for emergency plan-
ners, communities, and evacuation model developers. Most importantly, however, the findings support that the drill observed in 
Roxborough Park achieved its goals of training and assessing evacuation procedures. Although the efforts and preparations needed 
to conduct and document a drill can be considerable, the valuable insights gained and the enhanced community readiness make it 
undeniably worthwhile.
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Appendix A.  Detailed demographic information

Table A.3 provides detailed demographic information shared by the participants.
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Table A.3 
Demographic information (n = 98). Note: “No answer” includes missing (blank) responses and 
“Prefer not to answer” responses. The frequency count and percentage for medical conditions 
and disability also include family members (i.e., not only participants).
Category Variable Frequency Percentage Contradictory

 North  18 18.37%  0
 West  29 29.59%  0

 Area  South  20 20.41%  0
 East  25 25.51%  0
 No answer  6 6.12%  0
 Woman  55 56.12%  0

 Gender  Man  42 42.86%  0
 No answer  1 1.02%  0
 1 member  6 6.12%  1
 2 members  81 82.65%  0

 Household size  3 members  6 6.12%  0
 4 members  4 4.08%  0
 5 or more members  1 1.02%  0
 Yes  2 2.04%  0

 Household members under 18  No  95 96.94%  0
 No answer  1 1.02%  0
 Yes  46 46.94%  0

 Household members 18–65  No  50 51.02%  0
 No answer  2 2.04%  0
 Yes  64 65.31%  0

 Household members above 65  No  32 32.65%  0
 No answer  2 2.04%  0

 Type of residence  House  91 92.86%  0
 Condo  7 7.14%  0
 Own  96 97.96%  0

 Home ownership  Rent  1 1.02%  0
 No answer  1 1.02%  0

 Residency  Full-time  96 97.96%  0
 Part-time  2 2.04%  0
 Yes  23 23.47%  1

 Medical condition  No  67 68.37%  0
 No answer  8 8.16%  0

 Disability  Yes  9 9.18%  2
 No  89 90.82%  1

Appendix B.  Additional information on evacuation time metrics

In this analysis, multiple timestamp sources were combined to reconstruct pre-travel behavior and total evacuation time at the 
unique Car ID level. Data were harmonized using a composite identifier consisting of the vehicle’s Car ID and the reported departure 
area. All timestamps were aligned to a unified reference time of 09:00 on the day of the drill.

Pre-travel time was not directly measured due to ethical and privacy considerations that precluded tracking residents from their 
homes. Instead, the first observable activity was defined as the arrival time at a designated observation point within each departure 
area. These observation points, determined by the road network and observer locations, varied by group:

• South: Nodes A and B
• West: Nodes B and C
• North: Nodes C and D
• East: Nodes C, F, and H

For example, a vehicle leaving the southern departure area may have been observed at its first point of observation at 09:10 
a.m. The derived PTT is then the time between the drill alert and the evacuee leaving their home. The approximated true time of 
when the resident left their home was calculated by subtracting the estimated average travel time from the home to the observation 
point. The estimated average travel time was calculated as follows: For each departure area, an equal distribution of homes along 
the routes leading to the observation point was assumed. The average distance from homes to the observation point can therefore be 
approximated as half the total route length. The average travel time to the closest exit is proportional to this distance. If two exits 
are available, the average travel time would be proportional to a quarter of the total route length. However, since each area was 
assigned one primary exit, we assume the average distance to the exit as half the total route length, and the travel time is therefore 
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proportional to half the total travel time along the route. Given the road network, the average distance and travel time for each 
departure area (except the eastern) can be calculated as follows:

Average Distance (km) = Total Route Length (km)
2

Average Travel Time (minutes) = Total Route Time (minutes)
2

For the eastern departure area, the average distance and travel time are computed by considering the distances to the recommended 
exits (F and C) along three street segments: C-G, G-F, and G-H. The average distance to the nearest exit is calculated as

0.64
2

+ 0.48
2

+ 1.6
2

= 1.85 km

This reflects the average distance for homes along these streets, assuming they follow the recommendation to use exits F or C. 
The corresponding average travel time is calculated based on the proportional relationship between distance and travel time. For the 
example mentioned above (a vehicle observed leaving the southern departure area at 09:10 a.m.) this would mean that it assumed 
to have left the home 2 minutes earlier, thus its calculated PTT time would be 8 minutes.

• South: −2min
• West: −1min
• North: −0.5min
• East: −4min

The corrected PTT thus represents the estimated time each vehicle left a home.
TET was calculated as the duration between the reference time and the vehicle’s final checkpoint timestamp, representing the 

completion of its evacuation route.
All values were converted to minutes and filtered for consistency. For comparative analysis, we retained only vehicles for which 

both a pre-evacuation timestamp and a TET timestamp were available (𝑛 = 77). This merged subset ensures a valid one-to-one com-
parison between departure and arrival times and allows the computation of 90% thresholds within a consistent population (Fig. 10). 
Vehicles with only one of the two timestamps were retained in broader analyses but excluded from direct threshold comparisons.

Appendix C.  Pathfinding approach for route enumeration

This appendix gives an overview on how the route network was derived from the observation points. Each observation point in the 
map (Fig. 1) is represented as a node in the network. To systematically identify all potential evacuation routes from each departure 
area to the designated assembly point (Node H), a Depth-First Search (DFS) algorithm tailored was used to extract all simple paths - 
that is, paths that do not revisit any node. This assumption reflects plausible evacuation behavior, where individuals avoid loops and 
redundant steps under time pressure.

The road network was represented as an undirected graph 𝐺(𝑉 ,𝐸), where each node 𝑣 ∈ 𝑉  corresponds to an intersection or 
observation point (e.g., A, B, C, …, H), and edges 𝑒 ∈ 𝐸 denote the connecting road segments. Although some evacuation paths (e.g., 
from A and B to H) were closed during the drill, they were retained in the graph structure to allow a complete enumeration of possible 
(even if unused) evacuation paths.

Algorithm 1 DFS for finding all simple paths.
1: Input: Graph 𝐺(𝑉 ,𝐸), Start node 𝑠, End node 𝑒
2: Output: All simple paths from 𝑠 to 𝑒
3: function DFS(𝐺, 𝑠, 𝑒, 𝑝𝑎𝑡ℎ, 𝑝𝑎𝑡ℎ𝑠)
4:  if 𝑠 == 𝑒 then
5:  Append path to paths
6:  return
7:  end if
8:  for each neighbor 𝑛 of 𝑠 in 𝐺 do
9:  if 𝑛 not in path then
10:  DFS(𝐺, 𝑛, 𝑒, 𝑝𝑎𝑡ℎ ∪ {𝑛}, 𝑝𝑎𝑡ℎ𝑠)
11:  end if
12:  end for
13: end function
14: Initialize paths = {}
15: for each 𝑠 in {A, B, C, D, E, F, G} do
16:  DFS(𝐺, 𝑠,𝐻, {𝑠}, 𝑝𝑎𝑡ℎ𝑠)
17: end for
18: return paths
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The pseudocode shown in Algorithm 1 implements a recursive DFS routine that explores all acyclic paths from a given start 
node 𝑠 to the fixed destination node 𝑒, set to Node H. The algorithm tracks the current path and appends it to a global list once 
the destination is reached. To ensure complete coverage of the network, the function is called once for each candidate origin node 
𝑠 ∈ {𝐴,𝐵, 𝐶,𝐷,𝐸, 𝐹 ,𝐺}, reflecting the range of plausible community entry points into the road network.

The resulting enumeration of simple paths provided the candidate route set for inferring which itineraries participants most likely 
followed. Each vehicle’s sequence of observation points (only a subset of which coincide with physical intersections) was matched to 
the candidate paths and assigned to one of three confidence classes:

• Complete match - the observed points fit a candidate path and no observer on that path failed to record the vehicle. Example: a 
blue car seen at 𝐹  and 𝐻 is a complete match with the path 𝐹 →𝐸→𝐻 ; no observer was stationed at 𝐸, so no detection could be 
missed.

• Semi-match - the observed points fit a candidate path except that one intermediate observation point produced no detection. 
Example: a car from the eastern departure area (blue) seen at 𝐶2 and 𝐻 is a semi-match to 𝐶2→𝐷→𝐸→𝐻 ; the vehicle should 
have been spotted at 𝐷.

• Low-probability match - two observation points on the candidate path show no detection. Example: a car from the western 
departure area (yellow) recorded only at 𝐷 and 𝐻 could have traveled 𝐶1→𝐶→𝐶2→𝐷→𝐸→𝐻 , missing detections at 𝐶1 and 
𝐶2.

The routes shown in Fig. 6 are thus based on a matching between each recorded route and the most probable path that this 
recorded path would fit to.
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