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A B S T R A C T

The growing frequency and intensity of wildfires pose significant challenges for Canadian
communities in the Wildland-Urban Interface (WUI). This case study explores the evacuation
dynamics (traffic movement) during the 2021 wildfire in Lytton, BC. Drawing upon Global
Positioning System (GPS) data, the study proposes novel methodologies for departure time
analysis and traffic prediction tailored to the local wildfire context. The methodology offers
insights into the temporal and spatial movement patterns of residents within the community
before and during the wildfire event. By employing stay point detection and temporal analysis
techniques, the study quantifies evacuation behavior, shedding light on departure times and
evacuation trends. In addition, the study presents a comprehensive methodology for predicting
traffic dynamics on highways during wildfire evacuations beyond the case study. Leveraging
GPS data and machine learning techniques, the proposed approach integrates spatial and
temporal analyses with predictive modeling to forecast traffic conditions accurately. Our
analysis revealed that the southbound exit roads to the highway experienced significant traffic
congestion during the wildfire. Overall, this work contributes to our understanding of WUI
community preparedness and evacuation by providing insights into evacuation behaviors,
preferred routes, and potential traffic challenges. However, the results also clearly exposed the
limitations of GPS data from smaller communities in sparsely populated areas. Further research
is needed to enhance our comprehension of wildfire responses, especially within underserved
communities in rural areas. This will allow for the improvement of predictive models and the
creation of more efficient evacuation planning strategies. Such advancements are crucial in
mitigating risks and ensuring the safety of WUI residants.

1. Introduction

The increasing threat of wildfires to both people and the environment is a serious concern due to global warming and climate
change [1–4]. In recent years, Canada has witnessed a notable rise in the frequency, scale, and intensity of wildfires. These trends
are projected to worsen, exacerbating their harmful impacts [5]. A prime example occurred in 2021, when Canada experienced a
record high temperature of 49.5 ◦C (121.1 degrees Fahrenheit) in Lytton, BC. The average high temperature in this area for June
is 24 degrees Celsius. This unprecedented heat was followed by a devastating wildfire that destroyed over 83,000 hectares of land
and 151 homes [6].
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With the rising threat of wildfires, it is crucial for public agencies and communities to better understand evacuation behavior [7].
Effective wildfire evacuation management relies on capturing behavioral data, especially on roads, to estimate traffic conditions and
prevent bottlenecks [8,9]. Accurate traffic management can enhance evacuation efficiency and optimize evacuation orders, thus
improving community preparedness.

Traditionally, research in this field has relied on survey or interview data [3,10–12], which, while valuable, are often limited
by memory bias and access constraints following large-scale evacuations [7]. Such limitations underscore the need for alternative
methods of data collection to provide real-time, scalable insights into evacuation patterns. To address these challenges, this
study employs GPS data to examine the evacuation behavior of residents in Lytton, BC. GPS data provides timestamped location
information from mobile devices, offering a more comprehensive understanding of evacuation timing, routes, and destinations.
This method is particularly beneficial in sparsely populated areas like Lytton, where survey-based approaches may not provide the
necessary granularity [13].

Given these challenges, alternative means of collecting empirical data are needed. Global Positioning System (GPS) data has
been proposed to better understand Wildland-Urban Interface (WUI) wildfire evacuations [9,13]. This method harnesses location
data shared by mobile devices such as mobile phones with third parties. Timestamped location information of devices can be used
as a proxy for people’s movements, which enables us to gain insights into evacuation timing, destination, and routes. These data
overcome some of the limitations of survey data and typically offer access to larger and more representative samples, allowing for
a more comprehensive understanding of evacuation patterns [9,13]. However, GPS data has thus far been primarily employed in
densely populated areas, e.g. [13–15]. In contrast, large parts of the WUI are relatively sparsely populated [16].

This paper presents several contributions to the field of disaster management and transportation planning, focusing on the
analysis of evacuation behavior and the prediction of traffic dynamics during wildfire evacuations.

1. The study introduces a new departure time analysis methodology aimed at understanding evacuation behavior during wildfire
events. The analysis combines temporal and spatial methodologies to investigate movement patterns of residents before and
during a wildfire event. By employing stay point detection and temporal analysis techniques, departure times of residents
are quantified. This departure time analysis offers insights into evacuation patterns, rates, and trends, providing a better
understanding of the dynamics of evacuations in the face of natural disasters.

2. The paper presents a comprehensive methodology for predicting traffic dynamics during wildfire evacuations. Leveraging
GPS data and machine learning techniques, the proposed methodology integrates spatial and temporal analyses of people
movement with predictive modeling for traffic prediction. Specifically, the methodology encompasses preprocessing of GPS
data, calculation of hourly flow on highways, synchronization of flow and speed data, training a linear regression model, and
subsequent speed prediction. This approach enables the accurate forecasting of traffic conditions during wildfire events.

3. The developed methodologies were applied to a case study, namely the evacuation from the community of Lytton in British
Columbia, Canada during the 2021 wildfire season.

The remainder of the paper is organized as follows: Section 2 provides an overview of related works. Section 3 describes the case
study and data used in this research, detailing the context of the Lytton wildfire and the sources of GPS data utilized for departure
time analysis and traffic prediction. Section 4 outlines the methodology employed for both the departure time analysis and traffic
prediction. Section 5 presents the results of the analyses conducted, followed by a discussion of the findings and their implications
and limitations and potential avenues for future works in Section 6. Finally, this paper concludes in Section 7 with a summary of
the key findings.

2. Related works

Numerous studies have employed diverse datasets and modeling methodologies to forecast the decision-making process concern-
ing evacuations during wildfire events. Many of these investigations rely on survey data [17–19]. For instance, Kuligowski et al. [18]
examined the Kincade fire in Sonoma County, California, aiming to predict household perceptions and evacuation determinations.
Employing regression analysis, they identified various factors influencing risk perception during evacuation decisions, encompassing
pre-fire safety perceptions, household composition, income, education, and threat assessment. Furthermore, logistic regression
analysis unveiled that risk perception, tenure, household composition, income, education, evacuation directives, fire signals, pre-
fire safety perceptions, and home-ownership significantly influenced evacuation choices. Additionally, Xu et al. [19] conducted a
study on the same case, employing various machine learning models with survey data. The findings indicated that all machine
learning models outperformed logistic regression in predicting evacuation decisions. Zheng et al. [20] used the dynamic fan-grid
partitioning method to simulate safe evacuation through building bottlenecks, and they found the fan-grid partitioning method
effectively characterizes evacuation parameters and improves simulation accuracy for safe evacuations during emergencies. Li
et al. [21] worked on the Tahoe Donner neighborhood in Truckee, California using various data sources, traffic simulation models,
and geographic information systems to develop a data-driven wildfire evacuation model, integrating household vehicle ownership
and second home occupancy rates to estimate evacuation times. They found evacuation time estimates vary significantly depending
on the mean number of vehicles per home and the occupancy rate of second homes in resort areas.

2.1. GPS data in evacuation modeling

GPS data are ubiquitous in our everyday life and are used by millions of people, for example in mobile phone-based navigation
assistants. In many cases, users of such apps are sharing their location data with third parties who make these data available to
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researchers and others. Typically, these data include timestamped, latitude, and longitude information about the devices being used,
making them an interesting data source for understanding large-scale movement dynamics, such as those occurring during wildfire
evacuation. There are many studies that discuss different analysis techniques that can be used to estimate evacuees’ decisions on
evacuation using GPS data, such as Wu et al. [13] who studied the 2019 Kincade wildfire, by analyzing GPS datasets collected
from mobile devices comparing the results with survey data. They proposed a methodology to dedicate home locations of mobile
device users and developed a regression model to examine how built environment variables affect evacuation rates. The results
show that the use of GPS data is a valuable complement to existing methods. Zhao et al. [9] worked on the same case study, they
used a new methodology to systematically identify different groups of wildfire evacuees. They found that self-evacuees and shadow
evacuees, residents who begin evacuation before an official evacuation order is issued, accounted for more than half of the evacuees
in that wildfire. Yabe et al. [22] analyzed GPS trajectories of mobile phones after major earthquakes in Japan. They found that an
individual’s likelihood of evacuating was strongly influenced by the seismic intensity they experienced, with consistent evacuation
probabilities observed across different earthquake profiles and urban characteristics, primarily determined by seismic intensity.
Moreover, the distance individuals evacuated was not dependent on the seismic intensities they experienced. Muhammad et al. [23]
studied the tsunami event in Kochi, Japan using stochastic tsunami hazard modeling and agent-based evacuation simulations and
found higher ground evacuation points effectively reduce the number of affected people.

2.2. Trajectories and movement analysis

GPS data has also been used to support management or routine and disaster evacuation traffic. Melendez et al. [24] worked on
the 2017 Lilac wildfire in California, they explored cellular data to predict vehicular densities on evacuation routes in wildfire-prone
regions. Rohaert et al. [25] collected traffic flow data during the Kincade Fire evacuation and found that during evacuations, vehicle
speed decreased by approximately 3.5 km/h compared to routine traffic days, regardless of traffic density.

Kong et al. [26] introduced a robust approach using floating car trajectory data and compared two different optimization
algorithms. This method showcased superiority in accuracy, immediacy, and stability compared to previous approaches [19], making
it a promising tool to support traffic management. Additionally, Wang et al. [27] presented the visual analysis, and the model
introduced by Ferreira et al. [28] provided interactive systems that leverage GPS trajectories for understanding and managing urban
traffic congestion. These contributions collectively advance the understanding of evacuation strategies, traffic management, and
urban dynamics during emergency scenarios. Zhang et al. [29] analyzed a post-concert egress event, introduced a destination choice
model that incorporates spatiotemporal traffic resilience dynamics, guiding evacuees towards less congested routes and suitable
destinations.

GPS data, when recorded at a sufficient level of detail, affords detailed trajectory and movement analysis. Likewise, Ahmad
et al. [15] used connected vehicle data to evaluate traffic performance during evacuation events. This shift in focus underscores
a more comprehensive approach to understanding and managing evacuations. In another innovative approach, Polakis and
Tsouchlaraki [30] utilized GIS and GPS measurements to identify optimal pedestrian assembly points for residential settlement
evacuations by integrating the Dijkstra algorithm for route optimization and developing a method for evacuating large crowds in
groups.

These collaborative efforts demonstrate a shift towards incorporating more extensive and diverse data sources, as well as
modeling trajectories and movements during environmental disasters, reflecting an advancement in the comprehension and
management of evacuation dynamics during emergencies.

2.3. Wildfire evacuations vs. Other disaster evacuations

One critical distinction between wildfire evacuations and other types of disaster evacuations, such as hurricanes or floods, is
the abrupt and unpredictable nature of wildfire departures. In hurricanes and floods, residents often receive advanced warnings,
and evacuation orders are phased over several days, allowing for more gradual, organized departures, often modeled using S-curves
to describe demand. In contrast, wildfires tend to force sudden, mass evacuations, where departure patterns are more erratic, and
residents may have only minutes to evacuate. This makes wildfire evacuations more prone to congestion and bottlenecks, as seen
in events like the 2017 Lilac and Kincade fires.

Yang et al. [31] applied machine learning models, including deep learning techniques, to predict traffic flow during emergency
evacuations, which is highly relevant to wildfire scenarios. Their research showed that deep learning models performed better at
predicting congestion compared to traditional statistical models, demonstrating the potential of advanced predictive techniques in
disaster contexts. Anyidoho et al. [32] compared multiple models for predicting population behavior during hurricane evacuations
using datasets from four hurricanes. Their study found that the Dynamic Discrete Choice (DDC) model performed best for predicting
spatial and temporal evacuation patterns, while the Logistic Regression with S-curves (LR-S) model was most effective for estimating
total evacuation rates. By incorporating Scurve methodologies, they provided a framework for forecasting evacuation timing in
response to official orders, a useful approach that could potentially inform wildfire evacuation studies.

Similarly, Song and Yan [33] developed a disaster evacuation demand curve model based on the Susceptible-Infective (SI)
model, originally used to simulate epidemic spread, to capture the influence of social contagion during evacuations. Their work
highlights the importance of early and strong warning systems, as the model showed that issuing a second, more urgent evacuation
order resulted in a substantial increase in evacuation rates, aligning with real-world observations from the Tianjin disaster. These
studies demonstrate how social contagion and the timing of evacuation orders can dramatically influence evacuation patterns,
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Fig. 1. Case study: Lytton Fire perimeter and hotspots heatmap.

which could be vital for refining models used in wildfire scenarios. Traffic management strategies for wildfires must account
for this unpredictability and rely on real-time updates to adjust traffic flow dynamically. Wildfire evacuations typically require
rapid decisions and often lead to ’’shadow evacuations’’, where residents evacuate before official orders are issued. This can further
complicate traffic predictions, as real-time traffic models are essential in managing congestion and ensuring efficient routes during
these evacuations.

3. Case study

Most prior work focuses on large and relatively densely populated areas in the Western United States [9,13,18,19,25,34].
However, an open question remains whether these findings are transferable to other, less densely populated regions. To contribute
to closing this gap, we analyzed a GPS dataset covering the 2021 wildfire that affected the village of Lytton in British Columbia,
Canada. This section provides details about the present case study by introducing the study site in Section 3.1 and describing the
GPS data and the data cleaning in Section 3.2.

3.1. Study site exploration

Lytton is a village in British Columbia, approximately 260 km northeast of Vancouver. It is located on the east side of the Fraser
River Canyon, on an elevated area overlooking the confluence of the Thompson and Fraser Rivers. The study site, the fire perimeter,
and the fire hotspot heatmap are shown in Fig. 1. Lytton is part of a transportation hub in Western Canada with access to major
railway lines and highways. At the time of the wildfire (June 2021), the village’s population was around 210 residents, with a mix
of residential homes, businesses, and public buildings. The residential areas mainly consist of wooden houses with garages, sheds,
and workshops, maintaining a distance of 2–5 meters between structures within and between lots [6].

In the days leading up to the devastating fire in Lytton on June 30, 2021, the temperatures soared consistently above 40 ◦C,
hitting a record 49.5 ◦C on June 29, much higher than average temperatures during this time of year. The extreme heat extended
into the nearby inland region which also experienced similarly high temperatures. The challenging terrain, especially the steep
slopes of the Fraser River canyon, combined with intense sunlight, created strong slope-canyon winds. These winds, strongest in
the late afternoon, became even more powerful due to low humidity, which dropped below 15 percent. On June 30, Lytton faced
afternoon winds reaching around 35 km/hour, with gusts exceeding 50 km/h. The Lytton Creek Fire ignited in the afternoon of the
same day, persisting until early August and burning an area exceeding 83,000 hectares. The fire’s initial hours brought significant
destruction to the Lytton community, where 151 homes and businesses were completely destroyed. The fire spread rapidly and
reached the village’s boundaries in less than an hour after ignition [6].

3.2. Data description

The raw dataset was obtained from a location data service1 and contained GPS data covering the area −122.2598 to −118.9610
longitude and from 51.0607 to 49.3998 latitude, collected over a span of two months, between June 1st and July 31st, 2021. For

1 https://www.quadrant.io/mobile-location-data
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Table 1
GPS data attributes.

Data attribute Definitions

Device ID Unique device advertising identifier
Latitude Provides the north–south positioning of the vehicle
Longitude Provides the east–west positioning of the vehicle
Timestamp Records the time and date of each data point
Horizontal Accuracy Margin of error for the GPS point in meters

the specific area of Lytton, the analysis focused on coordinates from 50.33139 to 50.12481 latitude and −121.67108 to −121.34816
longitude, ensuring that GPS points both within and around Lytton were covered. This range was selected to include points along
roads leading to and from Lytton that may have slight positional inaccuracies.

The raw dataset encompassed various attributes including device ID, latitude, longitude, timestamp, horizontal accuracy, device
operating system, OS version, and country code. The final columns that we need for this research and we kept them after cleaning
the data can be seen in Table 1. This raw dataset consisted of approximately 49 million records from 234,000 devices, provided in
a CSV file format. Note that the data presented refer to the location and movement of devices, not people. However, it is assumed
that mobile devices can be used as a proxy for people’s locations.

4. Methodology

Fig. 2 gives an overview of the data processing steps to estimate departure times and predict the movement of evacuees using
GPS data. In Section 4.1 we explain data cleaning and then discuss the evacuation rate during the wildfire in Section 4.2. Finally,
the traffic prediction model will be explored in Section 4.3.

4.1. Data cleaning

The first step in data cleaning involved identifying and removing any missing or incorrect GPS records. To ensure the integrity
of the dataset, we defined ‘‘unreliable or unusable data points’’ based on specific criteria. This included:

• Duplicated Records: GPS points where the same latitude and longitude were recorded multiple times for a single device within
a short time frame were considered duplicates. These duplicate entries were removed to prevent redundancy and ensure that
each device’s movement was accurately represented.

• Single or Two-Point Entries: Device IDs associated with only one or two GPS records were excluded from the dataset. These
records were considered unreliable as they did not provide enough data to track movement or determine evacuation behavior.
Approximately 24,000 devices had a single GPS record, and 15,000 devices had two records, and these entries were removed
to maintain the accuracy of the dataset.

To further improve data quality, a threshold of 1000 m was established for horizontal accuracy. This threshold was selected
because GPS devices can experience positional errors due to terrain and other environmental factors, especially in areas like Lytton.
If the horizontal accuracy of a GPS record exceeded 1000 m, the location was considered too imprecise for tracking movement
during an evacuation. This threshold ensured that we were working with data points accurate enough for analysis while retaining
enough records to conduct a meaningful study. The 1000-meter cutoff was chosen based on typical GPS accuracy observed in similar
studies [35,36], ensuring a balance between data reliability and dataset size.

Following these cleaning steps, the dataset was refined to include 41,578,631 records, providing a robust and reliable foundation
for the study’s objectives (see top of Fig. 2).

4.2. The departure analysis

Effective disaster management necessitates a comprehension of individuals’ evacuation patterns during emergencies. Human
trajectories exhibit significant regularity in both time and space, with individuals frequently returning to a few key locations [37].
Various algorithms have been developed for this purpose, including clustering-based [38,39], differential-based [40–42], and
probabilistic-based [8,43] strategies. In this study, we opted for a differential-based approach due to its favorable characteristics,
such as low computational complexity and suitability for real-time detection on smartphones [44]. By leveraging differential-based
algorithms, stay points can be automatically identified from an individual’s GPS trajectory by identifying spatial regions where the
individual spends a duration exceeding a specified threshold. We established a predefined distance threshold to determine whether
an individual had likely evacuated the area. Specifically, individuals were considered to have evacuated if their location was detected
beyond a certain distance from the village. This threshold was set to ensure that the movement detected represented a significant
displacement, rather than daily routine travel, and indicated an actual evacuation event.

The distance threshold was chosen based on a combination of factors, including the geographical layout of Lytton and its
surrounding areas, as well as typical travel patterns observed in the dataset. This approach ensured that only meaningful evacuations
were captured in the analysis. We applied this distance consistently to analyze the behavior of evacuees during the wildfire.
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Fig. 2. Overview of the data processing procedure.

The differential-based strategy for detecting stay point locations involves calculating the spatial difference between consecutive

GPS points using the Haversine formula [45,46], where 𝑑𝑖 represents the distance between consecutive points. The Haversine formula

for calculating distance between two points (lat1, lon1) and (lat2, lon2) on the Earth’s surface is given by:

𝑑𝑖 = 2 ⋅ 𝑅 ⋅ arcsin
⎛

⎜

⎜

⎝

√

sin2
(

𝛥lat
2

)

+ cos(lat1) ⋅ cos(lat2) ⋅ sin2
(

𝛥lon
2

)

⎞

⎟

⎟

⎠

(1)

Here, 𝑅 is the Earth’s radius (mean radius = 6,371 kilometers), 𝛥lat = lat2 − lat1, and 𝛥lon = lon2 − lon1.
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Incorporating time intervals between consecutive GPS points, we define the adjusted distance 𝑑adjusted to include time as a factor
in the analysis. Let 𝛥𝑡𝑖 represent the time interval between consecutive GPS points. The adjusted distance 𝑑adjusted is calculated as
follows:

𝑑adjusted = 𝑑𝑖 + 𝑠 × 𝛥𝑡𝑖 (2)

Where 𝑠 is the average speed of movement between consecutive GPS points.
Thresholds for distance (𝜏𝑑) and time (𝜏𝑡) are then set to define stay points, with a potential stay point detected if 𝑑adjusted > 𝜏𝑑

and the time interval (𝛥𝑡𝑖) exceeds 𝜏𝑡. Individuals are considered to have evacuated if they are estimated to be staying more than a
certain distance (𝑟) away from their origin location.

The evacuation rate offers a robust framework for analyzing evacuation behavior and provides valuable insights for disaster
management.

The calculation of evacuation rates involved determining the proportion of individuals who were identified as evacuated
compared to the total number of users estimated to be residing in the community under consideration. This metric provides insights
into the temporal dynamics of evacuation, highlighting periods of heightened evacuation activity relative to the population size. We
can further calculate the rate at which residents complied with an evacuation order in a given location. The evacuation compliance
rate 𝛼𝑡 on a given time period 𝑡 can be calculated by:

𝛼𝑡 =
𝑀𝑡
𝑁𝑡

(3)

where 𝑀𝑡 is the number of evacuees who left during time period 𝑡 in a given location, and 𝑁𝑡 is the total number of residents living
in a given location during time period 𝑡.

4.3. Traffic prediction model

Understanding and predicting traffic speed during wildfire evacuations is crucial for efficient emergency response planning and
ensuring the safety of affected populations. By leveraging GPS data and external sources of traffic information, such as average
speed data from platforms like HERE Maps,2 we developed a methodology to predict traffic speeds during wildfire evacuations.
Initially, hourly average typical speed data is collected from HERE Maps for a period of one week, providing typical speed values
for each hour of the day. This dataset serves as a reference for normal traffic conditions on highways. Subsequently, the average
speed data is synchronized with our flow data obtained during a normal week before the wildfire event. By aligning the flow and
speed data for the same time intervals, we can analyze the relationship between normal flow and average speed on highways. The
method comprises GPS data map matching, flow calculation, synchronization of flow and speed data, training a regression model,
and speed prediction.

Due to inherent limitations of raw GPS data such as data inaccuracy, spareness, and missing alignment with road segments, the
first step in analyzing GPS records on the road segments is map matching [47]. The map matching process is essential for accurately
associating raw GPS records with specific road segments, enabling the estimation of traffic flow and speed on highways [48]. Here,
we use a stepwise corresponding map-matching algorithm to match the GPS records on the corresponding road segments section
for further analysis:

Step 1 - Discretization and definition of study regions. The study area is partitioned into a grid with square cells measuring 50
meters on each side [49]; each cell is assigned a numerical identifier. Then the number of road sections in each grid cell is counted.

Step 2 - Record localization. We start with the first GPS record. Firstly, we determine the grid cell where the GPS record is located.
Then we check if there are roadway segments within the designated grid cell or its adjacent eight cells, Step 3 is executed; otherwise,
it is assumed that the record is not located on any road, and the assessment proceeds to the next GPS record.

Step 3 - On-road verification. In this step, we determine whether the GPS record aligns with the chosen road segments. If there
are multiple road sections in the same grid cell as the GPS record or its neighboring cells, we use a buffer around the GPS record to
determine the closest road segments to the GPS record. If the closest road segments is among our desired road segment, we proceed
to Step 4, otherwise, we go back to Step 2.

Step 4 - Direction of travel inference. We check the direction between the current GPS record with the corresponding GPS record
to determine the direction of the movement to use it as the probable direction of travel on the road (e.g., south- or northbound).
Subsequently, the algorithm continues with the next GPS record (Step 2) until all entries have been analyzed.

Following map matching, the hourly flow of vehicles on highways is calculated. This process involves aggregating individual
trajectories to estimate the number of vehicles passing through each highway segment per hour. The hourly flow (𝐹𝑡) on a specific
highway segment (𝐻) at time 𝑡 is computed as the sum of binary indicators denoting whether a GPS point falls within the bounds
of the highway segment:

𝐹𝑡(𝐻) =
𝑁𝑡
∑

𝑖=1
𝛿(𝑥𝑖, 𝐻) (4)

2 https://www.here.com/
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Where 𝑁𝑡 is the total number of vehicles observed at time 𝑡, and 𝛿(𝑥𝑖, 𝐻) is a binary function indicating whether GPS point 𝑥𝑖
falls within the bounds of highway segment 𝐻 .

Next, to establish a relationship between flow and speed, hourly average traffic speed data obtained from the external source
(HERE Map dataset, which provides typical traffic data of non-emergency days and contains an average speed for each segments
of the road per hour), is synchronized and concatenated with the hourly flow data. This synchronization ensures that each hourly
observation of flow corresponds to the corresponding average speed measurement. The synchronized dataset is represented as:

𝐷 = {(𝐹𝑡, 𝑆𝑡)}𝑇𝑡=1 (5)

Where 𝐷 is the synchronized dataset, 𝐹𝑡 is the hourly flow on highways at time 𝑡, and 𝑆𝑡 is the corresponding average speed at
time 𝑡. This synchronized dataset serves as the basis for training a linear regression model to predict traffic speed based on observed
flow. The training dataset consists of hourly data collected during a normal week, comprising 168 data points representing each hour
of the week. To train the model, we utilize the scikit-learn3 library in Python, which provides efficient tools for machine learning
tasks. We used 10-fold cross-validation to evaluate the performance of our machine learning model. In 10-fold cross-validation, the
dataset is randomly divided into 10 equally sized subsets, or ‘‘folds’’. The model is trained and validated 10 times, each time using
a different fold as the validation set and the remaining 9 folds as the training set. This process ensures that each data point is used
for validation once and for training nine times. The performance metrics are then averaged over the iterations to provide a more
robust estimate of the model’s performance. This approach allows us to assess the performance of the model on unseen data and
mitigate overfitting.

Once the synchronized dataset is prepared, a linear regression machine learning model [45,50] is trained to establish the
relationship between flow and speed on highways. The relationship between traffic flow and speed was modeled using linear
regression. This approach was chosen because, given the size and characteristics of our dataset, linear regression provided the
best results. The dataset, while sufficient for analysis, was not extensive enough to necessitate more complex models, and linear
regression offered a balance between simplicity and performance. The model was able to capture the key relationships between
traffic flow and speed effectively and provided reliable results for predicting traffic dynamics during the evacuation. The model
learns the underlying patterns and dependencies between the two variables, enabling the prediction of speed based on observed
flow. The linear regression model can be represented as:

𝑆𝑡 = 𝛽0 + 𝛽1 ⋅ 𝐹𝑡 + 𝜖𝑡 (6)

Here, 𝑆𝑡 represents the predicted speed at time 𝑡, 𝐹𝑡 denotes the observed flow at time 𝑡, 𝛽0 and 𝛽1 are the intercept and slope
coefficients, respectively, and 𝜖𝑡 represents the error term.

In this study, we minimized the Root Mean Squared Error (RMSE) during model parameter estimation. RMSE is calculated as
the square root of the average of the squared differences between predicted and actual values:

𝑅𝑀 𝑆 𝐸 =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2 (7)

Where 𝑛 is the number of observations, 𝑦𝑖 is the actual value, and 𝑦̂𝑖 is the predicted value. Minimizing RMSE helps in reducing
the overall error in predictions and ensures that the model accurately captures the relationship between flow and speed.

MAE represents the average absolute deviation between predicted and actual values, offering insights into the precision of the
model predictions. It is calculated as the average of the absolute differences between predicted and actual values:

𝑀 𝐴𝐸 = 1
𝑛

𝑛
∑

𝑖=1
|𝑦𝑖 − 𝑦̂𝑖| (8)

Where 𝑛 is the number of observations, 𝑦𝑖 is the actual value, and 𝑦̂𝑖 is the predicted value.
R-squared measures the proportion of the variance in the target variable that is explained by the independent variables. It

indicates the goodness of fit of the model to the data, with higher values suggesting a better fit. R-squared is calculated as follows:

𝑅2 = 1 −
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̂𝑖)2
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̄)2
(9)

Where: 𝑛 is the number of observations, 𝑦𝑖 is the actual value, 𝑦̂𝑖 is the predicted value, and 𝑦̄ is the mean of the actual values.
Once the linear regression model is trained, it can be utilized to predict the speed on highways given the hourly flow data for

a specific date and time during wildfire evacuation. The model does not assume that traffic during evacuations will flow the same
as on normal traffic days. Instead, it takes into account the observed flow during the evacuation and generates an estimate of the
corresponding speed, accounting for potential traffic delays or congestion that may occur due to the emergency situation. The goal
is to provide accurate predictions of traffic speeds under evacuation conditions based on real-time or past data.

By following this methodology, traffic speed during wildfire evacuations can be predicted with known accuracy and precision
using GPS data.

3 https://scikit-learn.org/
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Fig. 3. The average rate of number of unique device IDs per week during June and July.

5. Results

5.1. Departure time results

This section presents the average GPS records over the 2 months study period impacted by the Lytton wildfire 2021, from June
1st to July 31th, as illustrated in Fig. 3.

In this subsection, we focus on analyzing departure time results using the differential-based strategy for detecting stay point
locations as outlined in Section 4.2. Firstly, we identify stay points within Lytton, revealing a total of 80 unique device IDs.We
assumed that each unique device ID belongs to one resident. Comparing this finding with the official population statistics4 states
a population of 210 for Lytton before the fire, our dataset covers approximately 38% of the population. To compute the departure
rate, we calculate the weekly average of unique individuals and divide it by the total number of unique individuals identified (80),
as illustrated in Fig. 3.

In analyzing the percentage rates of average stay points in Lytton across different Weeks, notable fluctuations are observed.
Fig. 3 represents the average number of unique devices per week, with each point in the line chart reflecting the middle of
the corresponding week. As can be seen in Fig. 3, preceding the wildfire event, during Weeks 1, 2, and 3, the percentage rates
remain relatively consistent, ranging from approximately 96% to 96.45%. This consistency suggests stable residency patterns among
individuals within the community during this period. However, a significant deviation is observed during Week 4 (June 21–27) and
Week 5 (June 28-July 4), highlighted as red, where the most significant changes occurred and they are placed in a red rectangle to
emphasize that these two weeks saw the most dramatic shifts in evacuation behavior. In the weeks of the wildfire, week 4 and week
5, the percentage rate drops drastically to approximately 80% and 23.5%, respectively. This decline likely indicates a disruption
in normal residency patterns, possibly due to evacuation measures or other wildfire-related factors, such as the record-breaking
increase in temperature as the region approached June 30. The extreme heat, which set new records daily, may have prompted
some residents to evacuate early.

Additionally, smoke and poor air quality caused by nearby fires from the north of Lytton could also have been factors prompting
early self-evacuations. The presence of these fires contributed to worsening air quality, which may have driven residents to leave
the area before the official evacuation order.

Subsequently, in post-wildfire weeks, the percentage rates continue to decrease, indicating a prolonged impact on residency
patterns following the wildfire event. Notably, during the weeks immediately following the wildfire (Weeks 6 to 7), the percentage
rates reached as low as approximately 16%. This substantial decrease suggests a continued disruption in residency patterns, possibly
due to ongoing evacuation efforts, damage assessment, or community rebuilding processes. Overall, the observed departure rate
trends provide valuable insights into the dynamic nature of evacuation behavior and community response to wildfire emergencies.

With a focus on Weeks 4 (June 21–27) and 5 (June 28-July 4), the most significant reduction in departure rates is observed.
Delving deeper into these Weeks, it is essential to analyze the daily variations to better understand the temporal dynamics of
evacuation behavior. By examining the departure rates on a daily basis during Weeks 4 and 5, we can gain a more granular
understanding of how evacuation patterns evolved in response to the escalating wildfire threat.

4 https://www.tnrd.ca/
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Fig. 4. The number of unique device IDs and the rate of evacuees in Lytton over Week 4 and Week 5.

Analyzing the evacuation behavior during the critical period spanning from June 27 to July 4 in Lytton provides valuable insights
into the temporal dynamics of community response to the wildfire threat. As can be seen in Fig. 4, commencing on June 27, we
observe a relatively stable number of unique devices, suggesting that evacuation preparations were not yet underway. However, a
slight decrease in the number of devices is noticeable on June 28 and 29, indicating a potential early stage of evacuation readiness
among some individuals. The evacuation rate increased on June 29, indicating a substantial proportion of the population considering
or initiating evacuation measures.

On the day of the wildfire, June 30, a notable surge in evacuation activity is evident. Despite the relatively stable number of
unique devices leading up to this date, the evacuation rate sharply rises to 66.4%, suggesting a sudden and significant response
to the immediate threat posed by the advancing wildfire. Interestingly, the evacuation rate on July 1 jumps to 92%, indicating a
substantial evacuation effort occurring concurrently with or immediately following.

Following the wildfire event, from July 2 to July 4, the number of unique devices decreases markedly, indicating a continued
evacuation trend. The evacuation rates remain high, hovering above 90%, suggesting a swift and comprehensive evacuation response
in the aftermath of the wildfire. This pattern indicates a proactive approach to evacuation among the majority of residents, with
many opting to evacuate early in response to the immediate threat posed by the wildfire. Overall, the analysis reveals a remarkable
cohesion and efficiency in evacuation behavior within the community, with a significant portion of the population taking prompt
action to ensure their safety in the face of the wildfire emergency.

5.2. Traffic prediction model

In this section, we present the development and evaluation of a traffic speed prediction model aimed at forecasting traffic speed
on three main exit roads from the village during wildfire evacuations. Fig. 5 shows the three main roads connecting Lytton to the
surrounding highways, the TransCanada Highway North (red), the TransCanada Highway South (green), and Highway 12 (yellow).
These roads served as the primary exit routes during the wildfire evacuation. The TransCanada Highway South was the most heavily
used, as it leads to cities in the south and provided safer passage, with fewer immediate threats from the wildfire. The TransCanada
Highway North usage was limited due to the proximity of the Sparks Lake Wildfire to the north. Similarly, Highway 12 saw lower
usage due to the McKay Creek Fire in that direction.

Our model aims to capture the relationships between the number of evacuees using each road (traffic flow) and traffic speed,
providing actionable insights for emergency management agencies. By predicting how traffic flow affects road capacity, the model
helps identify when road closures or bottlenecks might occur based on the number of evacuees using the same road simultaneously.
This information can assist both emergency managers in planning responses and evacuees in choosing safer, less congested routes.
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Fig. 5. Three main exit roads from Lytton. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this
article.)

5.2.1. Map matching
The map matching process is essential for accurately associating raw GPS data with specific road segments, enabling the

estimation of traffic flow and speed on highways. As depicted in Fig. 6, the raw GPS data points appear scattered and unaligned
with the road network due to inaccuracies and noise inherent in GPS measurements. To address this, we employ the proposed map
matching algorithm, as discussed in Section 4.3, to align GPS records with the corresponding road segments.

The green line in Fig. 6 presents a sample of map-matched GPS trajectories overlaid on the road network. This visualization
highlights the accuracy of the map matching process, as GPS records are now aligned with specific road segments. At the same
time, the direction of the GPS records can be determined by performing map matching. By matching GPS records to road segments,
we can accurately identify the routes chosen by individuals and calculate the number of vehicles passing each road during the
wildfire.

5.2.2. Calculation of hourly flow on highways subsection
By aggregating individual map matched GPS trajectories, we can estimate the number of vehicles exiting from Lytton through

specific highway segments per hour. This process involves summing the binary indicators denoting whether GPS points fall within
the bounds of selected highway segments as mentioned in Section 4.3. Through this calculation, we obtain insights into variations
in traffic volume over time, enabling us to identify peak periods of congestion and assess the overall flow of vehicles on critical
evacuation routes.

Fig. 7 depicts a line graph illustrating the hourly flow of vehicles on the three selected highway segments over week 4 and
week 5 of the study period (see Section 5.1). The graph showcases variations in traffic volume throughout the analyzed timeframe,
highlighting fluctuations in flow patterns before and after the onset of the wildfire. By comparing flow data before and after the
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Fig. 6. Example GPS records from a single device before map matching (blue pins) and estimated trajectory on the road after map matching (green). (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Fig. 7. Number of passing individuals (Flow) on each highway on an hourly basis. Green: Trans-Canada Highway (South), Red: Trans-Canada (North), Yellow:
Highway 12. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Table 2
The RMSE and MAE of the model.
Highway RMSE MAE 𝑅2

Highway 12 2.459 1.865 0.524
Trans-Canada North 2.004 1.656 0.692
Trans-Canada South 2.383 1.905 0.793

wildfire, we can identify any significant changes in traffic volume and assess the impact of the wildfire event on evacuation routes.
As can be seen, before Monday of week 5 which is two days before the wildfire reached the village, the number of GPS records
followed a consistent pattern. However, as the wildfire approached, specifically nearing the wildfire day on Wednesday of week 5,
there was a decrease in the number of records along Highway 12, while there was an increase in records along the Trans-Canada
Highway both in the north and south. As can be seen, the rise in the number of people passing Trans-Canada from the south part
of the village is by far more than the other two highways. This suggests that residents preferred the southern route for evacuation.

5.2.3. Synchronization of flow and speed data
Fig. 8 presents a series of scatter plots illustrating the relationship between hourly flow and average speed on three different

highways: Highway 12, Trans-Canada (North), and Trans-Canada (South). Each data point represents a specific time interval, with
flow values plotted on the 𝑥-axis and average speed values on the 𝑦-axis. The surrounding histograms show the distribution of speed
and traffic flow for each highway.

Analysis of the data points reveals a strong and consistent negative correlation across all three highways, where higher flow
corresponds to lower speeds. The linear regression lines clearly illustrate this trend, indicating that as traffic flow increases, traffic
speed decreases. This relationship was modeled using linear regression rather than a quadratic curve, as the observed flow values
did not reach levels where nonlinear congestion effects would dominate. The evacuation routes under analysis did not approach
the capacity limits seen in high-volume urban highways, making the linear regression model appropriate for understanding traffic
dynamics during this event.

Fig. 9 depicts a time series plot showing the synchronized flow and speed data over the analyzed period. The plot enables
visualization of temporal trends and correlations between flow and speed on highways throughout the selected timeframe. As can
be seen from Fig. 9, it is evident that there exists a negative correlation between flow and speed on highways. Specifically, during
morning and evening rush hours on weekdays, characterized by higher traffic flow, the average speed tends to decrease significantly.
This phenomenon is indicative of congestion and traffic congestion during peak commuting hours. Conversely, during weekends, a
different pattern emerges, with lower traffic volumes and relatively higher average speeds compared to weekdays.

5.2.4. Training a linear regression model
In this section, we describe the process of training a linear regression model using the synchronized flow and speed data. During

training, we fit a linear regression model to the training data, aiming to learn the relationship between flow and speed on highways.
Table 2 presents the average RMSE, MAE, and 𝑅2 values for all runs of the cross-validation for each of the three selected highways,
computed based on the predictions generated by the trained linear regression model. The RMSE, MAE, and 𝑅2 metrics provide
measures of the model’s predictive accuracy, with lower RMSE and MAE values and higher 𝑅2 values indicating better performance.
From the table, it is observed that the model achieves relatively low RMSE and MAE values and high 𝑅2 values across all highways,
indicating a good fit to the training data.

The validation and testing results based on Table 2 indicate that the trained linear regression model performs reasonably well in
predicting traffic speeds on highways during normal conditions. The low RMSE and MAE values suggest that the model effectively
captures the underlying relationship between flow and speed, demonstrating its utility for traffic prediction purposes. Furthermore,
the consistency of performance across different highways highlights the robustness of the model across varying traffic scenarios.

However, it is important to address the validation methodology used. In this study, we employed nested cross-validation to
ensure the robustness and reliability of our model. Nested cross-validation involves an outer loop to split the data into training and
test sets, and an inner loop for cross-validation within the training set to tune the model parameters. This approach helps mitigate
overfitting and provides a more unbiased evaluation of the model’s performance on unseen data. The final performance metrics
were calculated on the test set that the model had not seen during the training process.

This rigorous validation process confirms that the model’s performance metrics, such as RMSE, MAE, and 𝑅2 values, provide a
realistic measure of its predictive accuracy. While the 𝑅2 values indicate a moderate fit, the model’s predictive capability is still
useful for practical applications in traffic speed prediction during wildfire evacuations. Future work could explore more complex
models and additional data sources to improve predictive accuracy further.

5.2.5. Speed prediction during wildfire
In this section, we discuss the application of the trained linear regression model to predict traffic speeds on highways during

wildfire evacuation events. The model was trained on the relationship between typical traffic speeds (provided by HERE for Lytton)
and the number of vehicles (traffic flow) on the road. The relationship between traffic flow and speed is modeled as a regression
problem, as increased traffic flow generally results in reduced speeds, and vice versa.
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Fig. 8. Scatter plot illustrating the relationship between hourly flow and average speed on (a) Trans-Canada Highway (North), (b) Trans-Canada Highway
(South), (c) Highway 12.

Due to the size of our dataset, a linear regression model was selected, as it provided the best performance for learning the
relationship between traffic flow and speed. With the model trained on normal traffic conditions, we then used flow data collected
during the wildfire week on the three selected highways to predict traffic speeds during the evacuation.

By inputting this flow data into the trained model, we generated predictions of traffic speeds during the wildfire, enabling us
to anticipate potential bottlenecks and congestion points along evacuation routes. These predictions help identify when and where
congestion is likely to occur, providing actionable insights for emergency management agencies.

Fig. 10 illustrates the predicted traffic speeds on these main roads during the wildfire evacuation. The graph shows that during
the early hours of Wednesday, June 30, a significant number of evacuees chose the Trans-Canada Highway South over the other
two exit routes. The traffic flow on the main road leading to the Trans-Canada Highway South was more than 100 vehicles per
hour during this period, while the road leading to the Trans-Canada Highway North had a flow of around 60 vehicles per hour, and
Highway 12 saw almost no traffic. As a result, the predicted traffic speed on the main road leading to the Trans-Canada Highway
South was substantially lower compared to the other roads during these hours.

Additionally, around 4 AM on Wednesday, June 30, the model predicts a traffic jam on the main road leading to the Trans-Canada
Highway South, with traffic speeds approaching zero due to the high volume of vehicles. This prediction highlights the importance
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Fig. 9. Time series plot showing the synchronized flow and speed data over the analyzed period for highways (a) Highway 12, (b) Trans-Canada (North), and
(c) Trans-Canada (South).

of preemptive traffic management, as congestion on these critical exit routes can significantly hinder the safe and timely movement
of evacuees.

6. Discussion

The objective of this study is to examine the spatial and temporal behavior of residents in small communities such as Lytton during
a wildfire event, utilizing GPS data obtained from mobile devices. Unlike many studies focusing on broader geographical regions
with extensive datasets, this research concentrates specifically on the Lytton wildfire, aiming to address two primary inquiries: the
timing of residents’ evacuation and the preferred exit routes from the village. To address the first question, the study tracks the
daily population count in Lytton, providing insights into the evacuation trends. The findings reveal the stay rates in Lytton stayed
steady around 96% before the wildfire, dropping significantly during the wildfire weeks to as low as 23.5%. Even after the wildfire,
rates continued to decline, hitting around 16%. These trends reflect the wildfire’s impact on residency patterns and evacuation
behavior. On June 30, the wildfire sparked a sharp increase in evacuations, reaching 66.4%. By July 1, the evacuation rate surged
to 92%, showing a swift response to the escalating danger, with many residents evacuating during or right after the wildfire began.
This indicates that the majority of residents remained in Lytton until the day of the wildfire, Wednesday, June 30, necessitating
evacuation. This observation holds significant implications for evacuation planners, shedding light on the management of residents
in compact areas such as Lytton.

Subsequently, the study investigates the evacuation routes and evaluates the proportion of residents utilizing each road and
highway, along with assessing traffic flow dynamics. To achieve this objective, the research employs map matching methodology
to ascertain the traffic volume on the main exit roads leading from Lytton to the highways, utilizing GPS data and hourly flow
calculations on these road segments. Furthermore, typical speed data sourced from HERE maps are synchronized with the flow data
to train a linear model predicting speed variations on each exit route. The analysis reveals that during the early hours of Wednesday,
June 30, a substantial number of individuals opted for the main road leading to the TransCanada South highway over alternative
routes. Notably, the flow on this road exceeded 100 vehicles per hour, contrasting with approximately 60 vehicles per hour on the
road leading to TransCanada North and minimal flow on the road leading to Highway 12.

One possible reason for the lower usage of Highway 12 during the evacuation is the proximity of other active fires in the region.
The McKay Creek Fire, which started near Highway 12 on June 29, 2021, likely influenced residents’ decisions to avoid that route due
to safety concerns. Similarly, the Sparks Lake Wildfire, which began on June 28, 2021, to the north of Lytton, may have also affected
route choices, leading evacuees to favor the perceived safer routes, particularly the TransCanada South highway. Consequently, the
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Fig. 10. Predicted speeds during wildfire evacuation events for highways (a) Highway 12, (b) Trans-Canada (North), and (c) Trans-Canada (South).

predicted traffic speed on the main road leading to the TransCanada South highway is anticipated to be considerably lower during
these hours, with indications of a traffic congestion event around 4 AM.

Our model is capable of predicting traffic speeds for different traffic volumes on these exit roads, revealing the likelihood of
congestion and bottlenecks, particularly on the main road to TransCanada South, where the flow exceeded 100 vehicles per hour.
According to historical traffic data obtained from the BC Ministry of Transportation and Infrastructure’s traffic database,5 typical
road capacity on these smaller exit roads is limited. While 100 vph may not cause significant congestion on larger highways, it can
create bottlenecks on these local exit routes, contributing to the observed slowdown in traffic speed during the evacuation.

The predictive capacity of traffic speeds during wildfire evacuations holds significant implications for emergency management
and transportation planning. By anticipating congested points along evacuation routes, authorities can implement preemptive
measures to mitigate traffic issues, ensure evacuee safety, and expedite the evacuation process. These insights also help authorities
issue more targeted evacuation orders, manage resources efficiently, and predict where congestion is likely to occur. The traffic
model developed in this study enables adaptive traffic management strategies, such as opening additional lanes or providing real-time
updates to evacuees. Additionally, the study highlights the need for improved public communication to encourage earlier evacuations
and prevent last-minute traffic surges. Finally, these findings can inform community preparedness efforts and pre-evacuation drills,
particularly by promoting the use of alternative routes, if possible, to better distribute traffic during emergencies.

6.1. Limitations and future work

This study focused on analyzing the challenges faced by the small community of Lytton, Western Canada, during a wildfire
evacuation. Lytton had a population of 210 residents prior to the fire, and the small population and local geography posed significant
constraints on obtaining accurate and frequent data. As a result, certain analyses commonly conducted in more densely populated
areas were not feasible. For instance, despite employing map matching methodologies, the low data accuracy prevented us from
distinguishing between multiple southbound roads, limiting our ability to analyze detailed route preferences among evacuees.

Another challenge was the limited frequency of GPS records for most unique device IDs, which hindered our ability to determine
the home locations of residents and accurately track the timing of evacuations across different regions. This contrasts with other
studies, such as the analysis of the Kincade wildfire in California, which had higher data resolution [34].

Additionally, predicting vehicle speeds during the wildfire week was limited by gaps in the GPS data. Missing values at different
hours were addressed through interpolation methods to prepare the dataset for training. However, the size and quality of our data

5 https://tradas.th.gov.bc.ca/tradas.asp
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restricted the machine learning models we could employ. Although linear regression is commonly used in similar research [51,52],
our decision to use it was also influenced by the limitations of our dataset, which constrained the predictive power of more complex
models.

Moreover, due to the lack of census data or demographic information about Lytton during the wildfire, we made assumptions
about the evacuee population. Specifically, we assumed that all GPS data points corresponded to permanent residents of Lytton, as
we did not have access to specific tourism or census data to account for the presence of visitors or tourists [53]. We assumed that all
evacuees had access to vehicles and were residents of Lytton. This assumption may overlook vulnerable populations, such as older
adults, underserved communities, or individuals without vehicles, who may have faced additional barriers during the evacuation.
Future research with more comprehensive demographic data, such as census records, could offer deeper insights into the evacuation
experiences of these populations.

The present dataset needs to be interpreted within the local context. While no demographic information about the specific
dataset was available, general census data6 can be used to describe this case study. For example, according to census data, 27%
of the residents are over 65 years old. Future, more detailed analysis is needed to tie the present work to the specific community
characteristics.

Despite these limitations, our study has the potential to provide real-time traffic predictions and departure time analysis. This
could empower stakeholders such as emergency managers, first responders, and residents with timely information to optimize their
evacuation plans, reduce the risk of congestion, and improve overall evacuation efficiency.

Looking ahead, future research should explore additional factors influencing traffic dynamics and evacuation behavior during
wildfires, such as weather conditions, road infrastructure, and individual preferences. Incorporating advanced analytics techniques
and real-time data streams could enhance the accuracy of traffic predictions and evacuation analyses, providing more comprehensive
insights into emergency scenarios. Furthermore, the scalability of this methodology could be extended to other disaster contexts,
such as hurricanes, floods, or earthquakes, to improve emergency preparedness and response efforts on a broader scale.

7. Conclusion

In this research, we provided a detailed departure time analysis of a wildfire evacuation from a small community, using the case
of Lytton BC. This work offers insights into the evacuation behavior of residents during wildfire events, in particular on evacuation
timing and route choice. By analyzing stay point detection data and daily separation of residents before and during the wildfire, we
quantified the departure times of individuals from the village. This analysis provides information on the timing and magnitude of
evacuations, enabling authorities to better understand evacuation patterns and optimize resource allocation and evacuation planning
strategies accordingly.

While this study focused on a small rural community, the methodology and models developed here are scalable and can be
adapted to larger, more complex communities. The principles of traffic flow analysis, stay point detection, and evacuation behavior
modeling can be applied to larger datasets in urban areas, where population density and road network complexity are greater.

Additionally, we developed a comprehensive methodology for predicting traffic speeds on highways during wildfire evacuations
using GPS data and machine learning techniques. Through a series of steps including GPS data preprocessing, calculation of hourly
flow on highways, synchronization of flow and speed data, training a linear regression model, and speed prediction, we aimed to
provide valuable insights into traffic dynamics during emergency scenarios. By leveraging real-time data and predictive modeling,
we sought to enhance emergency response strategies and improve evacuation planning to mitigate the impact of wildfires on affected
communities. Future work could explore the model’s performance in larger settings, but the approach presented here remains
relevant for a variety of community sizes, offering valuable insights into improving evacuation strategies across different scenarios.
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