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ABSTRACT 

Background. When firefighters evacuate from wildfires, escape routes are crucial safety 
measures, providing pre-defined pathways to a safety zone. Their key evaluation criterion is 
the time it takes for firefighters to travel along the planned escape routes. Aims. While shorter 
travel times can help firefighters reach safety zones faster, this may expose them to the threat of 
wildfires. Therefore, the safety of the routes must be considered. Methods. We introduced a 
new evaluation indicator called the safety index by predicting the growth trend of wildfires. We 
then proposed a comprehensive evaluation cost function as an escape route planning model, 
which includes two factors: (1) travel time; and (2) safety of the escape route. The relationship 
between the two factors is dynamically adjusted through real time factor. The safety window 
within real time factor provides ideal safety margins between firefighters and wildfires, ensuring 
the overall safety of escape routes. Key results. Compared with other models, the escape routes 
planned by the final improved model not only effectively avoid wildfires, but also provide 
relatively short travel time and reliable safety. Conclusions. This study ensures sufficient safety 
margins for firefighters escaping in wildfire environments. Implications. The escape route model 
described in this study offers a broader perspective on the study of escape route planning.  

Keywords: escape route, evacuation, firefighter safety, LANDFIRE, least-cost path modelling, 
topography, travel rates, wildland fire decision support system. 

Introduction 

Wildland fires are a serious natural disaster that poses significant threats to both human 
lives and property (Zhong et al. 2003; Chowdhury and Hassan 2015), and it is crucial to 
ensure firefighter safety in such dangerous environments. One important safety measure 
is the establishment of escape routes (National Wildfire Coordinating Group 2016). It 
serves as pre-defined paths for firefighters to move from their current location to a safety 
zone during a wildfire (Gleason 1991; Ziegler 2007). The safety zones are locations 
where the threatened firefighters may find adequate refuge from the danger (Gleason 
1991). To ensure the safety and the travel time of escape routes, the escape routes should 
meet the minimum resistance and risk requirements between the location of the fire-
fighters and the safety zone as much as possible (Dennison et al. 2014; Campbell et al. 
2017a). In order to meet the above requirements, it is necessary to study the impact of 
outdoor landscape conditions and wildfire conditions on firefighters. Therefore, fire-
fighters should have a keen understanding of the surrounding environment. However, 
the escape process is often hindered by various factors, such as insufficient knowledge 
of the environment and conditions (Alexander and Thomas 2004), lack of experience 
(McLennan et al. 2006), and loss of situational awareness (Taynor et al. 1990). Until 
today, there has been a certain amount of research on the relationship between landscape 
conditions and the travel rate of firefighters (Davey et al. 1994; Campbell et al. 2017b), 
as well as established tools and methods for predicting and modelling fire behaviour 
(e.g. Finney 2004; Finney 2006; Andrews 2014). These provide a good foundation for 
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planning escape routes. However, few studies have compre-
hensively explored the relationship between two evaluation 
criteria (escape efficiency and escape safety) and the 
planning of escape routes. 

Previous studies have focused on the influence of slope 
on travel rate, with some classic models being proposed. For 
example, Butler et al. (2000) examined the relationship 
between slope and travel rate using data from two fires 
with significant firefighter fatalities, while other researchers 
have developed slope-based travel rate prediction models 
(e.g. Tobler 1993; Norman 2004). These have found 
applications in reconstructing historical migration routes 
(Kantner 2004) and simulating urban natural disaster 
evacuation (Wood and Schmidtlein 2012). Alexander et al. 
(2005) conducted experiments on different landscape con-
ditions and firefighter load states, and analysed their impact 
on travel rates. Recent studies have utilised advanced equip-
ment and rigorous scientific methods to further investigate 
the relationship between slope and travel rate. For example,  
Campbell et al. (2019a) employed GPS trajectory databases 
and LIDAR data to develop percentile models for predicting 
travel rates based on slope. Sullivan et al. (2020) also pro-
posed three predictive models for slope-travel rate among 
firefighters in different speeds and states, considering fac-
tors such as weight-bearing and age. Campbell et al. (2017b) 
utilised LIDAR to measure landscape conditions, including 
slope, vegetation density, and roughness, and quantitatively 
analysed their relationship with firefighters’ travel rate 
using a linear mixed effect model. 

However, few studies have discussed the impact of the 
safety of escape routes on their planning. Campbell et al. 
(2019b) proposed a new concept, Escape Route Index (ERI), 
which is a new measurement method for evaluating and 
plotting the escape capability of different areas. Drawing 
ERI maps before wildfires can help firefighters identify loca-
tions with larger exit capacity in advance and reduce the 
risk of being engulfed by wildfires. Wen et al. (2016) 
selected terrain undulation and forest density as resistance 
factors, combined with factors such as fire distribution and 
wind conditions in wildfires, to construct a wildfire escape 
path model. But such escape routes cannot be reflected in 
intuitive travel time. Fryer et al. (2013) developed a theo-
retical model for predicting spatial evacuation triggers using 
fire spread and travel rates, but the escape route provided in 
the model and the escape location for firefighters (starting 
point) are fixed. There is currently limited research combin-
ing the escape route planning of firefighters with wildfire 
and its growth trajectory. But the prediction technology of 
wildfire behaviour has provided a good foundation. So far, 
many models have been proposed to predict the behaviour 
of wildfires. The existing models are mainly divided 
into three categories: (1) physical models (e.g. Linn et al. 
2002; Mell et al. 2007); (2) empirical models (e.g. Sullivan 
2009); (3) and semi-physical and semi-empirical models. 
Among these, the semi-physical model and semi-empirical 

model are obtained through ignition experiments based on 
the physical model and empirical model (e.g. Chen 
et al. 2022). 

To ensure the stability and safety of the escape route in 
front of wildfires, we also need to consider the impact of 
wildfire location and its growth trajectory on the escape 
route. However, there is a lack of understanding of the 
threat level of the growth trajectory of wildfires to fire-
fighters, which will further affect the safety of escape routes. 
Therefore, the goal of this study is to establish a suitable 
comprehensive evaluation cost function as an escape route 
planning model for real time planning of a safe and fast 
escape route for firefighters under the threat of wildfire. 
Therefore, this study proposes: (1) a new evaluation index 
to explain the threat level of wildfires to different regions, 
and improve the safety of the route; (2) the real time 
factor to adaptively adjust the relationship between travel 
time and safety of escape routes, and ensure both fast 
and safe evacuation routes in the planning process; and 
(3) a safety window to ensure the relationship between 
firefighters and wildfires throughout the entire evacuation 
process. 

Materials and methods 

Study area and data download 

To implement a planning model for escape routes in space, 
this study selected the Shelton National Antelope Reserve as 
the research area, located on the border between Nevada and 
Oregon in the United States (42°00′10.8″N, 119°40′40.8″W) 
(Fig. 1). The landscape data of the study area are down-
loaded from LANDFIRE (Rollins 2009), which include eleva-
tion, slope, aspect, and fuel model. They have different 
feature values and their values are reflected by pixels in  
Fig. 1. The size of the entire landscape file is 159 × 98 
grids. The resolution of each grid is 30 m. Considering that 
the training and testing of the model do not require such a 
large amount of space, we have locally cropped the above 
data and conducted subsequent research. There are three 
reasons for choosing this area: (1) implementing an escape 
route planning model on an actual spatial scale; (2) the area 
has rich landscape conditions such as elevation, slope, 
aspect, and fuel model (Fig. 1); and (3) on 23 July 2014, a 
fire (named MALT) occurred in the study area, with a burn-
ing area of approximately 1087 acres. 

Generation of predicted wildfire information 

The predicted wildfire data were generated using FARSITE 
in Flammap6 (Finney 2006). The input data for FlamMap6 
includes landscape files in the form of GIS grid pixels, 
meteorological files in the form of data streams and ignition 
point files. Table 1 shows the information of various input 
data used to simulate wildfire behaviour. There are 
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Fig. 1. Location and information about the study area. The study area has an elevation range of 1762–2028 m, 
aspect range of 0°–42°, slope range of 0°–359°, fuel model range of 1–99 class, canopy cover range of 0–25%, stand 
height range of 0–17.5 m, canopy base height range of 0–10 m, and canopy bulk density range of 0–0.03 kg/m3. The 
scale is 1: 14927.   

Table 1. Flammap6 simulation fire input parameters.        

Variable type Variable name Unit Min Max Source   

Landscape condition variables Elevation Metres 1762 2028 LANDFIRE 

Slope Degrees 0 42 

Aspect Degrees 0 359 

Fuel model Class 1 99 

Canopy cover Percent 0 25 

Stand height Metres 0 17.5 

Canopy base height Metres 0 10 

Canopy bulk density kg/m3 0 0.03 

Climatic factors Temperature Fahrenheit 43 83 RAWS 

Relative humidity Percent 12 77 

Wind speed mph 0 23 

Wind direction Degrees 6 354 

Precipitation mm 0 0 

Combustible factor variables Fuel moisture Percent 1 90 

Fire point Coordinates   MTBS 

Rate correction Constant   CUSTOMISE   
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meteorological stations in the area. The MALT fire weather 
were selected as the meteorological data to drive the 
FARSITE. They were downloaded from the RAWS from 25 
August 2010 to 31 August 2010. To obtain more simulation 
data to test our method, we set up many ignition points in 
the area before the historical fire occurred, and also simu-
lated the real fire MALT. Finally, the above data were used 
to predict the future trend of wildfires. Each predicted time 
frame is 60 min. The areas exceeding 60 min are set to 
60.001 min. The reason for setting a 60 min time frame is 
that the total travel time of the escape routes are within 
60 min in this study, so the predicted wildfire information 
exceeding 60 min is meaningless. Of course, if the escape 
routes exceed 60 min, the time frame for predicting wildfires 
can still be extended. However, at this point, it is best to 
update the actual location of the wildfire and new predic-
tion information midway to ensure the good performance of 
the model. 

Traditional method 

The original escape route planning method primarily 
focused on the shortest total travel time (Ttotal, the time 
for the firefighters to move from their current position 
to the safety zone) without considering the situation of 
wildfires. It used predictive travel rate models based on 
landscape conditions and employed the Dijkstra algorithm 
(Dijkstra 1959) to generate minimum cost escape routes. 
This method only used Ttotal as the evaluation criterion, 
assuming that the shortest total travel time represented 
the best escape route. The calculation method is as follows: 

T n n t n t n( , + 1) = ( ) + ( + 1)man man man (1) 

n

n
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According to Eqns 1–3 and Fig. 2, n is the current node, 
which is the current location of the escape personnel; n + 1 
is the candidate node around n, which is the escape area that 
firefighters can choose in the next step; Tman(n, n + 1) is 
defined as the travel time function, which is the travel 
time of firefighters from n to the corresponding n + 1; 
tman(n + 1) is the travel time of firefighters moving forward 
in the corresponding n + 1; tman(n) is the travel time of 
firefighters moving forward in n; L is the actual distance 
of the grid of 30 m; and v is the predicted speed of fire-
fighters in the corresponding area (Eqn 4). 

For the purpose of this study, the predicted travel rate 
model used in this study is based on the slope-travel rate 

function proposed by Campbell et al. (2019a) (Lorentz 5th 
percentile) (Fig. 3 and Eqn 4): 
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where v is predicted velocity in m s−1; θ is slope in degrees; 
a, b, c, d, and e are constants with the values −1.53, 14.04, 
36.81, 0.32, and −0.0027, respectively. 

Design of safety index 

However, this approach only uses Ttotal as the sole evalua-
tion criterion, and overlooks the location and growth trend 
of wildfires, which may pose significant risks to firefighters. 
To address this issue, this study proposes an improvement 
strategy by introducing a new evaluation function called the 
Safety index (S). The goal is to form a new comprehensive 
evaluation function that incorporates both travel time and 
safety considerations. S represents the difference in the 

Fig. 2. Possible directions for firefighters to move forward at posi-
tion n. The black arrow lines represent the horizontal or vertical 
neighbourhood, and the white arrow lines represent the diagonal 
neighbourhood.  

–40 –20 0

Slope (deg)
20 40 60–60

0.0

0.2

0.4

0.6

0.8

1.0

1.2

Tr
av

el
 r

at
e 

(m
 s

–1
)

Fig. 3. The change of travel rate with slope value.  
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threat of wildfires to two regions. It is calculated based on 
the predicted time when the wildfire reaches each region. 
The calculation method of S and the first improved compre-
hensive evaluation function are: 

F n n A T n n B
S n n

( , + 1) = × ( , + 1) +
× ( , + 1)

first man

(5)     

S n n T n T n( , + 1) = ( ) ( + 1)fire fire (6)  

Eqn 5 is the calculation method for the first improved 
comprehensive evaluation function model; A and B are the 
weight coefficients of the travel time function and the safety 
index function, respectively; Tfire(n) is the predicted time 
when the wildfire reaches n; and Tfire(n + 1) is the predicted 
time when the wildfire reaches n + 1; 

If S(n, n + 1) is negative, then Tfire(n) < Tfire(n + 1). It 
indicates that the time for wildfire to spread to region n is 
shorter than that of region n + 1, indicating region n + 1 is 
safer. Conversely, when S(n, n + 1) is positive, then 
Tfire(n) > Tfire(n + 1). It means that the time for wildfire 
to spread to region n is longer than that of region n + 1, 
indicating that region n + 1 is more dangerous. 

Design of real time factor 

Adding S will ensure a certain level of safety in the escape 
route while also ensuring a shorter Ttotal. However, when 
planning escape routes, the requirements for safety should 
not be fixed. Each route selection should be based on 
the relationship between firefighters and the wildfire. In 
response to this issue, this study introduces a new parameter, 
the real time factor (R). Its function is to adjust the propor-
tion of safety index in the entire comprehensive evaluation 
function. For the design of R, we introduced R1 and R2 for 
testing (Eqns 7 and 8). It is worth noting that both R1 and R2 
can be used as independent R. The functions of R1 and R2 
are (Fig. 4): 

R
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where R1 is the first real time factor designed; R2 is the second 
real time factor designed; Tfire is the predicted time when a 
wildfire arrives at a designated location; Tman is the travel 
time of firefighters from the starting point to the designated 
location; X is the Margin of Safety (MOS) (Beighley 1995); 
and MOS is defined as the difference between the time it takes 
a fire to reach a given location (Tfire) and the time it takes 
firefighters to reach that same location (Tman). Ri(n + 1)is the 
real time factor at the corresponding n + 1 position; Eqn 10 is 
the calculation method for the comprehensive evaluation 
function model with added R. 

According to Eqns 7, 8 and Fig. 4, the results of R1 and R2 
are related to X(MOS). This indicates that the R adjusts the 
role of the safety index function based on the proximity of 
the firefighters to the wildfire. And the proximity is MOS in 
this article. When MOS is small, indicating that firefighters 
are close to the wildfire, R is assigned a larger value, making 
the safety index function play a greater role and prioritising 
areas away from wildfires. Conversely, when the MOS is 
large, indicating that firefighters are far away from the 
wildfire, R is assigned a smaller value, making the safety 
index function play a smaller role and prioritising areas that 
are easier to travel. 

Design of safety window 

To provide more flexibility in the relationship between 
travel time and safety, a safety window (SW) is introduced. 
The SW acts as a threshold, distinguishing between potential 
danger times and safety moments. When MOS is less than 
the SW, it is regarded as a potential danger time, causing R 
to increase rapidly and allowing S to play a greater role. In 
contrast, when the MOS is greater than the SW, it is 
regarded as a safety moment, causing R to decrease rapidly 
and allowing S to play a smaller role. 

The size of SW is manually set and depends on the safety 
requirements of firefighters for the route. By incorporating 
the SW, the impact of R is enhanced, allowing for a more 
nuanced and adaptable approach to escape route planning. 
The design of R with added SW is shown in Eqns 11 and 12. 
The R function diagrams for different SW values are (Fig. 5): 

R
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where R1-SW and R2-SW are two real time factors optimised 
by adding SW. Eqn 13 is the calculation method for the 
comprehensive evaluation function model with added RSW, 
which will also be used as the final improved model. 
Ri-SW(n + 1) represents the real-time factor corresponding 
to region n + 1. 

According to Fig. 5, the larger the value of SW, the larger 
the overall function value of R1-SW and R2-SW. This means 
that when facing the same situation of MOS, the larger the 
SW value, the greater the value of Ri-SW. So the role of the 
safety index is relatively greater. 

According to the final model (Eqn 13) and the first 
improved model (Eqn 5), it can be seen that the two func-
tion models combine the travel time function and the safety 
index function. The travel time function aims for a smaller 
travel times, allowing firefighters to reach the safety zone 
faster. The safety index function aims for a smaller value, 
indicating a safer escape route that ensures the well-being 
of firefighters. Therefore, the smaller the comprehensive 
evaluation cost function, the better the result of the escape 
route. 

Results 

Fig. 6 illustrates the necessary icon information in the image 
results. Fig. 7 describes the slope parameters of three local 
areas within the entire study area, and sets and marks the 
starting point (current location of the escape personnel) and 
ending point (location of the safety zone) within the three 
areas. In the simulations, the starting points (the current 
position of firefighters) are determined randomly near the 
fire area. The ending points are determined randomly from 
the area with lower elevation and far from the fire, which is 

also called the safety zone. The slope range of the three 
areas is 1–45. Fig. 8 also depicts different wildfire locations 
and their predicted trends. Each predicted time frame is 
60 min. The predicted wildfire spread information for differ-
ent time periods is distinguished by using different colours. 
The depiction of escape routes is also divided into the same 
time periods. The escape route points of different colours 
represent the routes that firefighters walk during different 
time periods. 

During the training process with the first improved model 
(Eqn 5), the escape routes generated by testing each group 
of A and B within the research areas are in Fig. 9. Record 
Ttotal, Local Minimum MOS (MOSLocal min) and Local 
Average MOS (MOSLocal avg) under each group of parameter 
tests are in Fig. 10. (MOSLocal min: The minimum value of 
MOS for all planned escape route points within the wildfire 
prediction area. The smaller the MOSLocal min, the worse the 
escape route, indicating the presence of route points closer 
to wildfires. MOSLocal avg is the average value of the sum of 
MOS for all planned escape route points within the wildfire 
prediction area. The smaller the MOSLocal avg, the closer the 
overall escape route is to the wildfire, indicating that such 
an escape route is more unstable. 

According to Figs 9 and 10, it is evident that the adjust-
ment of the weight coefficient A and B has a significant 
impact on the planning of escape routes. When A = 1 and 
B = 1, the escape routes of the three study areas are all 
planned around the edge of wildfire prediction information, 
indicating that the safety index plays a greater role at this 
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time and the planning of escape routes prioritise safety over 
travel time. Therefore, in the subsequent experimental dis-
cussion, the default value of B is 1, and only the value of A is 
adjusted to enhance the effect of the travel time function. 
When the value of A is relatively small (A = 1.3), although 
the escape routes are a large Ttotal, they provide sufficiently 
high MOS. Such high MOS are achieved by sacrificing Ttotal, 
but it can still meet the needs of firefighters to evacuate 
from wildfires. A = 1 and A = 3 are used as the parameters 
for the first improved model. As the value of A increases, all 
three evaluation indicators decrease. This is because the role 
of the travel time function in the comprehensive evaluation 
function is gradually increasing, making the routes more 
focused on shorter distances. When the value of A is too 
large (A > 10), Ttotal hardly changes, indicating that the 
influence of the safety index function is almost ineffective, 
and the travel time function plays a dominant role. At this 
point, the MOSLocal min are usually too small, which means 
firefighters do not have enough MOS to prevent sudden 
changes in wildfires. The changes in the routes in Fig. 9 
are consistent with the above analysis. As the value of A 
increases, the escape route is shortened by approaching the 
predicted wildfire area. 

In testing the subsequent final model (Eqn 13), the above 
A and B parameter conditions and study areas need to be 

used as the basis. First, we excluded obvious adverse situa-
tions when A > 10. Second, in the results of study area 1, 
escape routes are rarely planned in the predicted wildfire 
information, and the safety index function is calculated 
based on the predicted wildfire information. This situation 
limits the effectiveness of the safety index and is not condu-
cive to subsequent discussions. Therefore, only partial 
A < 10 and study areas 2, 3 were selected as prerequisites. 
Finally, results of escape routes using the final model are in  
Figs 11 and 12. Results of three evaluation indicators are in  
Fig. 13. 

According to Figs 11–13, when comparing escape routes 
with and without R under the same weight coefficient com-
bination (Fig. 12), the inclusion of R generally leads to 
better Ttotal. Additionally, smaller values of the SW result 
in shorter Ttotal and smaller MOSLocal min. This is because the 
safety index will play a more appropriate role based on the 
real-time MOS with the addition of R. This helps eliminate 
unnecessary routes and shorten the Ttotal. The results of 
MOSLocal avg are generally at high values, indicating that 
the average safety level of the escape routes is satisfactory. 
However, there may be some instability in the MOSLocal min, 
particularly when the value of A is large. When the value of 
A is small, the MOSLocal min has a good effect, which will 
correspondingly meet the set SW. However, when SW = 20, 
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30 min, the MOSLocal min may occasionally fall below the set 
SW. This instability can be attributed to a large safety 
window set up and firefighters being relatively close to the 
fire, making it challenging to meet high safety standards in 

route selection. As the value of A increases (when A = 3, 5, 
10), the MOSLocal min becomes more unstable. While the R 
has a positive impact on the safety of the escape routes, this 
impact is also related to the corresponding A and B. When 
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the value of A is large, the travel time function plays a more 
significant role than the safety index function. As a result, 
the influence of the R is relatively smaller compared to the 
travel time function, making it difficult to fully meet the 
requirements of the SW. Therefore, the larger the value of A, 
the more likely it is to lead to unstable effects. To ensure 
that the R has a better impact, it is often not necessary for 
the A to be too large. This allows for excellent results under 
various SW settings. 

According to Fig. 13 and above analysis, when A = 3, 5, 
and 10 or when SW = 1 and 5, there are some cases where 
MOSLocal min is generally small. When SW = 20 and 30, the 
Ttotal is generally longer. When A = 1 and SW = 10, 15, the 
escape route not only ensures a relatively short Ttotal, but 
also provides a relatively reliable MOS. So this article takes 
A = 1 and SW = 10, 15 as the parameters for the final 
improved model. 

To verify the effectiveness of the escape route algorithm 
proposed in this article, we compared the traditional 
method (Eqn 1), the first improved model method (Eqn 5), 
and the final improved model method (Eqn 13). The main 
parameter conditions of the methods are known from the 
above discussion and are in Table 2: 

This study conducted simulation experiments under dif-
ferent conditions (including different local research areas, 
wildfire locations and their predicted information, the start-
ing point of firefighters, and the location of safety zones). 
Specifically, it reconstructed a new scenario for validation: 
experimental conditions 1–4 were based on the study area 2 
and 3 to continue testing, but the starting and ending points 
were reset; and experimental conditions 5, 6 are to create a 
new study area 4, fire information, starting point, and end-
ing point. After testing, Tables 3–5 shows the comparison of 
Ttotal, MOSLocal avg and MOSLocal min of different methods 
under different experimental conditions. Fig. 14 shows a 
comparison of the escape route results for case 5. 

It can be seen that Method 1 has the shortest Ttotal but a 
very small MOSLocal min. This poses a significant threat to the 
firefighters, making this escape route unreasonable. However, 
the other methods may have slightly longer Ttotal, but they 
provide a better MOSLocal min, ensuring a certain level of safety 
for the firefighters throughout the entire escape route. 

Comparing Method 2 with Method 5, it can be seen that 
Method 5 achieves a shorter Ttotal while still meeting the set 
SW, thereby improving the overall performance. When com-
pared with Method 3, Method 5 maintains a similar or even 
shorter Ttotal while obtaining a better MOSLocal min. Similarly, 
when compared with Method 4, Method 5 generally achieves 
a shorter Ttotal. Finally, when compared to Method 6, Method 
5 may perform slightly worse, but it offers stability under 
various SW conditions, making it suitable for more demanding 
scenarios. 

Overall, the results indicate that Method 5 provides a 
balance between travel time and safety, offering a reason-
able escape route for different experimental conditions. 
(note: we simulated a real fire situation named MALT and 
further validated Method 5 based on this, and still obtained 
relatively safe and fast escape route results. (see Appendix 1 
for details.) 

Discussion 

One significant finding is the inclusion of the safety index as 
an additional evaluation indicator for escape route planning 
in this study. This indicator increases the consideration of 
the potential threat posed by wildfires to firefighters, rather 
than just focusing on the total travel time of escape routes. 
The safety index helps to mitigate the potential harm caused 
by wildfires along the entire escape route. The results indi-
cate that changes in weight coefficients and R can both affect 
the role of safety index and subsequently affect the selection 
of escape routes. Although determining the optimal weight 
coefficient or R to obtain the optimal escape route is 
complex, appropriate parameter conditions can produce 
relatively good results in terms of travel time and safety. 

According to Figs 9 and 10, the results of the three groups 
of escape routes exhibit similar trends, but the changes in 
parameters A and B have varying degrees of impact on these 
results. In the first group, it was observed that despite changes 
in the value of A, the Ttotal remained around 40 min. 
However, the potential risks to the firefighters varied signifi-
cantly. This can be attributed to the relatively stable slope of 
the study area and the distance between firefighters and the 
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wildfire. As a result, there are multiple areas that offer fast 
passage for the firefighters, leading to similar total travel 
times but different routes. The inclusion of a safety index 
allows for better avoidance of wildfire areas and facilitates 
reaching safe areas. The results of the second and third 

groups are noticeably influenced by changes in the A and B. 
This can be attributed to the starting point of the escape 
personnel being closer to the wildfire, which inevitably 
impacts the selection of escape routes based on the safety 
index. Although the trends in the results are similar, there 
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are specific differences. In the second group, Ttotal gradually 
stabilises when the value of A is 10. While in the third group, 
Ttotal stabilises when the value of A is 5. According to Fig. 8, 
these differences are partly due to the fact that in the same 
60 min prediction time, the third group of wildfires propa-
gated faster and more widely, resulting in the calculated 
safety index function of the third group being usually smaller 

than that of the second group. Consequently, the impact of 
the safety index in the overall comprehensive evaluation 
function is smaller for the third group, making the travel 
time function fully play a high role when its weight 
coefficient A = 5. In summary, achieving relatively better 
results requires slight variations in the values of weight 
coefficients depending on the research situation. 
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The result of escape route using the �rst
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Fig. 13 shows the results of the final model (Eqn 13) with 
added R1-SW or R2-SW in this study. Overall, they all contrib-
ute positively to planning escape routes. Although they 
differ in form, they exhibit similarities in the overall trend 
between Ttotal and MOSLocal min. However, under the same 
weight coefficient and SW, the result of adding R2-SW 
ensures that MOSLocal min meets the set SW while making 
Ttotal better than the result of adding R1-SW. This difference 
can be attributed to the trend of the two functional models. 
According to Fig. 5, when both models consider the same 
time t and t > SW, the R2 < R1. So R2 makes the role of 
safety index smaller. So when choosing a route, travel time 
will be given more priority than safety factors. As a result, 
The Ttotal of R2 is faster than that of R1. Considering the 
different effect of different R and the above results, it can be 
concluded that the R2 is superior because it provides 

relatively short travel time escape routes while ensuring 
the set SW conditions. In this regard, the results of R1-SW 
are slightly less favourable. 

One limitation of this study is that it focuses on relatively 
simple landscape conditions and uses a travel rate model 
that is only related to slope. The purpose of the study is to 
ensure a short Ttotal while maintaining a certain level of 
safety in escape routes. Therefore, we made the relatively 
simple choice mentioned above, but this limited its applica-
bility in a variety of environments. However, there have 
been numerous studies on the impact of various landscape 
conditions on predicting travel rates (Campbell et al. 
2017b). In more complex environments, more rigorous pre-
dictive travel rate models can be used to construct the travel 
time function. Although this may affect the size of the travel 
time function and the results of escape routes, it does not 
invalidate the use of R, S, and the new comprehensive 
evaluation function concepts. 

It is important to note that The predicted travel rate 
model used in this study is based on the slope-travel rate 
function proposed by Campbell et al. (Lorentz 5th percent-
ile). It was chosen because it performed well in Campbell’s 
research and closely matched the existing travel rate func-
tion. This model is part of a series of travel rate models 
proposed by Campbell to predict travel rate percentiles 
ranging from 1 to 99, accounting for the variability in travel 
rate between fast and slow movement. If firefighters were to 
change their own speed during the escape process using 
different travel rate percentile models, it would affect the 
travel time function and ultimately impact the planning of 
the entire escape route. Additionally, Sullivan et al. (2020) 

Table 2. Parameter setting of relevant methods.         

Value 
of A 

Type 
of R 

Value of 
SW (min)   

Traditional 
method ( Eqn 1) 

Method 1    

First improved 
model ( Eqn 5) 

Method 2 1    

Method 3 3   

Final improved 
model ( Eqn 13) 

Method 4 1 R1 15  

Method 5 1 R2 15  

Method 6 3 R2 15   

Table 4. MOSLocal avg results of different methods (min).          

Method 1 Method 2 Method 3 Method 4 Method 5 Method 6   

Case 1 14.98 46.90 24.97 34.91 26.48 31.80 

Case 2 21.06 52.01 31.57 30.58 31.48 26.58 

Case 3 25.64 37.07 32.89 38.24 38.44 36.11 

Case 4 22.94 52.04 32.14 30.33 29.67 29.55 

Case 5 22.72 44.85 34.69 34.69 33.03 31.05 

Case 6 26.74 0 32.77 53.09 36.00 32.39   

Table 3. Ttotal results of different methods (min).          

Method 1 Method 2 Method 3 Method 4 Method 5 Method 6   

Case 1 53.52 57.07 54.49 54.90 54.87 54.08 

Case 2 17.67 30.64 19.99 19.62 20.40 18.80 

Case 3 46.82 72.43 61.21 59.03 57.97 50.25 

Case 4 23.51 34.50 27.61 25.43 25.31 25.30 

Case 5 34.19 43.74 39.44 39.44 36.77 34.96 

Case 6 34.19 41.04 39.09 40.63 38.08 35.24   
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collected travel rate data for firefighters and generated three 
predicted travel rate models. These models represent low, 
medium, and high travel rates for firefighters. This suggests 
that when dealing with different populations or different 
situations within the same population, it is important to use 
appropriate predictive travel rate models to plan escape 
routes accordingly. However, it is beyond the scope of this 
analysis to study the impact of different travel rates on 
escape routes using predictive travel rate models with vary-
ing speeds. 

One advantage of the model used in this study is that it 
incorporates an adjustable SW as it sets a minimum level of 
MOS between firefighters and the wildfire along the entire 
escape route. This enhances the stability and reliability of 
the escape route’s safety. The size of the SW can be adjusted 
based on the actual needs of wildfire escape. However, 
determining the optimal size of the SW is challenging in 
real-world wildfire situations. While we aim to ensure a 
shorter Ttotal, we also want to maximise the MOS along 
the entire escape route. Currently, the size of the SW can 
be chosen based on meteorological factors. If the 

meteorological conditions are relatively stable, the pre-
dicted results of the wildfire behaviour will be more accu-
rate. In such cases, a relatively small SW can be selected for 
escape route planning. However, if the meteorological 
conditions are unstable, the predicted results of the wildfire 
behaviour may have significant deviations. In such cases, a 
relatively large SW can be chosen to provide firefighters 
with more reaction time. 

A key assumption made in this study is that the fire trends 
occur based on the predicted fire behaviour at the current 
moment. In reality, however, the fire behaviour is likely to 
undergo sudden changes due to weather conditions as fire-
fighters move along the escape route. These changes may 
differ from the predicted results. To address this, it is neces-
sary to constantly update the locations of new wildfires and 
predict the corresponding wildfire behaviour in real time. 
This real time updating of wildfire information can signifi-
cantly improve the accuracy of the escape route. Future work 
can focus on collecting real-time environmental factors 
prone to sudden changes, such as wind speed and direction, 
to enable real-time prediction of wildfire behaviour. 

Table 5. MOSLocal min results of different methods (min).          

Method 1 Method 2 Method 3 Method 4 Method 5 Method 6   

Case 1 2.10 45.52 15.44 29.76 19.66 22.78 

Case 2 1.08 46.81 21.81 21.81 21.81 16.70 

Case 3 3.51 14.70 24.63 28.09 27.88 20.73 

Case 4 0.30 44.63 16.07 15.94 16.12 16.13 

Case 5 5.30 35.68 23.21 23.21 26.07 21.61 

Case 6 3.02 0 26.41 50.24 27.42 19.31   
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Fig. 14. Escape route results for each method in case 5.   
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Conclusions 

In this study, we focused on developing a geospatial model for 
optimising escape routes in the face of wildfires. The function 
was to provide firefighters with a fast and safe route from 
their current position to a designated safety zone. Previous 
studies have primarily considered the shortest Ttotal as the 
main criterion for evaluating escape routes. However, we 
incorporated the potential threat posed by wildfires and 
their growth trends into our model, thereby enhancing the 
safety of the escape routes. The core of our model is a 
comprehensive evaluation function that takes into account 
two main indicators: (1) travel time; and (2) safety. These 
indicators are derived from landscape and meteorological 
data of the study area, as well as predicted travel rate and 
wildfire behaviour models. By using R to dynamically adjust 
the relationship between travel time and safety, our model 
ensures that escape routes remain timely and reasonable. In 
addition, the model in this article maintains a running time of 
less than 15 s from loading landscape and wildfire information 
to outputting the results of the escape route. This can meet the 
needs of firefighters during their real time evacuation process. 
Overall, this study provides a decision support tool based on 
real-time wildfire and meteorological conditions for the 
escape of personnel facing wildfires. 

We introduced two novel concepts related to the safety of 
escape routes: (1) we developed a safety index that compares 
differences in threat levels posed by wildfires in different 
regions based on prediction data; (2) we incorporated a real 
time factor to enable dynamic adjustments between the 
travel time function and the safety exponential function 
during the route planning process. This ensures the reason-
ableness of the escape route. We also introduced the concept 
of a safe window, which represents an ideal margin of safety. 
Throughout the entire escape route, the distance between 
firefighters and the wildfire should remain outside of this 
predetermined safe window, thereby ensuring route stabil-
ity. These are crucial in the decision-making process for 
safety planning of firefighters in real-time wildfire situations. 

While our work has provided valuable insights into 
optimising escape routes, there is still ample room for future 
research. For instance, utilising a higher resolution for land-
scape imagery and wildfire information can enhance the 
precision of evacuation route outcomes. However, this inev-
itably impacts the model’s running efficiency, necessitating 
further discussion and trade-offs between the model’s run-
ning efficiency and the accuracy of its results. Additionally, 
updating wildfire behaviour in real-time and linking it with 
the real time updates of escape routes would be beneficial 
for enhancing the model’s effectiveness. 
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Appendix 1 

The real fire named MALT was simulated and used as a basis to validate the final improved model (Method 5) proposed in this 
paper again. The initial location of the fire was chosen at the 120th, 360th, and 600th minute of the fire. The starting point is 
set closer to the fire, and the endpoint is set outside the burned area of the entire fire. Compare and verify Method 5 with 
Methods 1 and 2 again, and the results of the escape route and corresponding evaluation indicators in Fig. A1 and Table A1: 

Method 5 (the final improved model) has much higher security than Method 1 (the traditional method). When compared 
with Method 2 (the first improved model), it can effectively shorten the total travel time while ensuring a good margin of 
safety. This proves that planning an escape route can comprehensively and balance the time and safety of the route.    
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Fig. A1. Results of escape routes using different methods in real MALT fire environments.   

Table A1. Results of three evaluation indicators using different methods in real MALT fire environments.            

Initial time (min) Ttotal MOSLocal avg MOSLocal min 

Method 1 Method 2 Method 5 Method 1 Method 2 Method 5 Method 1 Method 2 Method 5   

120 19.94 21.33 20.73 25.27 60 47.33 10.4 60 40.83 

360 19.45 22.13 20 22.73 45.97 39.72 6.97 39.74 32.58 

600 24.35 31.53 26.34 7.89 32.68 16.7 −1.64 12.23 11.12   
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