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Abstract 1 
Flooding is a frequent natural hazard, threatening people’s lives and properties 2 

worldwide. Even though completely preventing damage from flooding is impossible, an 3 
appropriate evacuation can help minimize its impact and mitigate human casualties. 4 
However, analyzing various flooding information to make quick evacuation judgments is 5 
challenging for decision-makers. Therefore, a quantitative flooding risk assessment is 6 
needed to support appropriate evacuation decisions. This study introduces the travel time 7 
under ideal evacuation conditions to quantify evacuation vulnerability, with Dijkstra’s 8 
algorithm finding the evacuation route and the Random Forest algorithm predicting the 9 
evacuation time. The evacuation vulnerability is then integrated with time-varying 10 
flooding hazards and estimated congestion levels to assess evacuation risk. Herein, a case 11 
study in Joso, Japan is used as an example to demonstrate the practicality and applicability 12 
of the proposed approach. As a result, the prediction model achieved high accuracy with 13 
an RMSE of 0.88min and a MAPE of 5.88%. The proposed approach clearly illustrated 14 
the vulnerable areas and times that may hinder an efficient evacuation process. Also, this 15 
approach identified and visualized the individual evacuation risk distribution during the 16 
flooding scenario: 49.38% of buildings were assessed as having no evacuation ability, 17 
while a maximum of 11.86% and 3.83% of the buildings were assessed as middle-risk 18 
and high-risk. Furthermore, the regional evacuation deadline and priorities were specified 19 
to ensure timely and effective evacuation. Overall, this study develops an approach for 20 
assessing evacuation vulnerability and risk that could facilitate awareness among the 21 
public and provide judgmental bases for evacuation preparedness and decision-making. 22 
Keywords: Flood risk, Quantitative assessment, Evacuation time prediction, Dijkstra’s 23 
algorithm, Random Forest algorithm 24 

 25 
1. Introduction 26 

Flooding, one of the most widespread natural hazards, threatens people’s lives and 27 
properties worldwide [1,2]. According to a 2015 report by the UN Office for Disaster 28 
Risk Reduction [3], floods accounted for 47% of all weather-related disasters during 29 
1995-2015. These disasters were responsible for approximately 157,000 casualties. 30 
Unfortunately, several studies have indicated that flooding is becoming more frequent 31 
and intense due to global warming, climate change, and sea-level rise [4–7]. Furthermore, 32 
rapid urbanization in the 21st century has increased the density of both population and 33 
property while significantly increasing the exposure to flooding [8,9].  34 

Even though the flooding disaster cannot be prevented entirely, an appropriate 35 
evacuation can help minimize the disaster’s impact and mitigate human casualties [10,11]. 36 
Evacuation, one of the most critical preparedness measures for public protection, is 37 
usually the first choice in the emergency response [12–15]. However, when a disaster 38 
occurs, analyzing complex information to make quick judgments is a challenging task for 39 
decision-makers [16,17]. In past disaster evacuations, there were cases where some 40 
residents failed to evacuate at the appropriate time because of improper evacuation 41 
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notifications. There were also cases where residents in dangerous areas did not evacuate 1 
due to distrust or neglect of the issued notifications [18–20]. Investigations have indicated 2 
that these unappropriated evacuations may threaten evacuees’ safety and cause fatalities 3 
during emergencies [10,21–23]. Therefore, providing a quantitative risk assessment to 4 
support appropriate and trustworthy evacuation decisions is essential [24–28].  5 

Conventionally, the disaster risk was considered as a measure of losses in terms of 6 
socio-economic impacts from a potential calamity, and there are mainly four assessment 7 
approaches [29]: the first is historical-record-based analysis, which is based on the 8 
statistics of historical flood events but requires sufficient historical records and may be 9 
inaccurate in assessing the spatial distribution of flood risk [30–32]; The second is multi-10 
criteria-based analysis, which depends on experts’ judgments to make decisions but has 11 
limitations in the determination of subjective factors [33–35]; The third is Geographical 12 
Information System(GIS) & Remote Sensing(RS)-based analysis, which can map the 13 
spatial distribution of comprehensive flood risk but demands high resolution input data. 14 
[24,36–38]; The last is scenario-based analysis, which can be used in different scenarios 15 
with changing spatial domains and combine various data to predict flood risk immediately 16 
before an occurrence [39–41]. These four approaches provide great theoretical support 17 
for risk assessment. Among them, GIS&RS-based and scenario-based analyses have been 18 
widely used in regional flood risk assessing and mapping [38]. These risk assessments 19 
effectively provided information about safe and unsafe areas, potential losses, and 20 
exposures to natural hazards. However, drawing direct conclusions from these traditional 21 
social-economic focused research is difficult due to their different purposes [42–46]. 22 

Since evacuation mainly serves to appropriately shift evacuees from dangerous areas 23 
to safer areas or shelters, sound decisions on when and where to evacuate are critical 24 
[29,47,48]. In the last 40 years, evacuation-related risk has been proposed as a new 25 
perspective of risk assessment, such as using the potential inability to evacuate to define 26 
risk [12,29,43,44,49,50]. One commonly used model is the Critical Cluster Model (CCM), 27 
proposed by Cova and Church. The CCM assessed pre-disaster evacuation risk by 28 
considering potential obstacles to the evacuation process [43,44,51]. Chen developed a 29 
new assessment approach that extended the CCM to model evacuation risk, which 30 
considered not only pre-disaster factors but also the disaster distance and evacuees’ 31 
routing behaviors during the post-disaster [29]. Zhao proposed a comprehensive risk 32 
assessment method based on nuclear radiation concentration and vulnerability of traffic 33 
evacuation [16]. Hsu and Peeta calculated the evacuation risk of a location as the time 34 
margin available to clear a location before a disaster by the dynamics of evacuation traffic 35 
flows [49,52,53].  36 

Considering the transportation system is a central component during evacuation, the 37 
quantitative risk assessment focusing on evacuation time in the road network is important 38 
to timely evacuation, where identifying the required time to reach evacuation destinations 39 
is essential [54]. Existing research on estimating road travel time—both evacuation-40 
related and beyond—can be summarized into four main approaches: the first is the 41 
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microscopic simulation-based method, which can encompass the evacuees’ movements 1 
and traffic flow to provide accurate estimates. There are already numerous mature 2 
microsimulation software products, such as Netlogo, STEPS, and MATSim. However, 3 
realizing the large-scale simulation demands high computational complexity, computing 4 
time, and detailed input[51,54,55]; the second is the mathematical-based model, which is 5 
simple with negligible computational cost, but ignores individual differences and may not 6 
be able to cope with complex evacuation situations [50,56,57]; the third is the Artificial 7 
Intelligence-based methods, which can adapt to different conditions and provide accurate 8 
predictions, but requires extensive historical data to train the model [58–60]; the forth is 9 
the intelligent traffic systems- based method, which can update traffic conditions in real-10 
time, but depends on the operation of specific equipment such as traffic sensors[25,61,62]. 11 
These measures and approaches provide a technical and theoretical basis for estimating 12 
evacuation times. However, most previous research considered the overall process from 13 
a separate perspective or assumed the disaster scenarios to be deterministic or static [63]. 14 
Variations in different areas, diverse flood scenarios, and distinct road network 15 
characteristics can result in significant differences in evacuation times. Therefore, a more 16 
systematic and holistic way to assess evacuation vulnerability and risk, integrating 17 
spatial-temporal variations and potential challenges under dynamic hazards, is needed. 18 

In order to provide timely evacuation information and support precise evacuation 19 
decision-making, this study provides a methodological framework for evaluating 20 
evacuation vulnerability and risk based on the predicted evacuation time, which can be 21 
replicated to generate results systematically. First, this research built a predictive model 22 
based on the Random Forest to quantify vulnerability, considering both physical factors 23 
of the road network and temporal characteristics. Then, the quantified vulnerability is 24 
further integrated with time-varying hazards to assess evacuation risk, where a 25 
mathematical-based method was used to estimate the evacuation time under the hazard 26 
evolution and traffic congestion impacts. The main objective here is to provide 27 
quantitative and straightforward evacuation information for both authorities and 28 
individuals, including vulnerable times and areas oriented to evacuation preparation, risk 29 
distribution oriented to individual evacuation decisions, and regional evacuation 30 
deadlines oriented to evacuation notifications. The remainder of this paper begins with a 31 
detailed description of the evacuation vulnerability and risk assessment process. 32 
Following that, a case study is presented to verify the practicality of the proposed 33 
approach for a flooding scenario from the 2015 Kanto-Tohoku heavy rainfall event in 34 
Joso City, Japan. The next section contains the results and discussions of the assessment 35 
and the corresponding evacuation information provided for individuals and local 36 
authorities. Conclusions and future works follow these sections. 37 

2. Evacuation vulnerability and risk assessment process 38 
This study focused on the quantitative assessment of evacuation vulnerability and 39 

risk under dynamic flooding hazards. The methodology implemented has the following 40 
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sequence: 1) The travel time prediction model, which allowed the estimation of the travel 1 
time under ideal evacuation conditions considering multiple spatial and temporal 2 
characteristics; 2) The evacuation vulnerability assessment depending on the predicted 3 
travel time on the shortest evacuation route; 3) The individual evacuation risk assessment 4 
and regional evacuation deadline determination according to the evacuation necessity, 5 
ability (passable evacuation route for driving and walking), and difficulty (increased 6 
evacuation time) under flooding hazard and traffic congestion impacts.  7 

 Evacuation time prediction model development  8 
According to previous research, most people would choose a private vehicle during 9 

self-evacuation [64,65]. Therefore, this study developed a prediction model to estimate 10 
the ideal vehicle evacuation time along each evacuation route. In our previous study, we 11 
used spatial characteristics on the road as input variables and applied a classification 12 
algorithm to estimate evacuation time, which is straightforward but has low accuracy and 13 
is limited in reflecting the time-varying characteristics [66].  14 

Herein, this paper proposed a new approach and two improvements on model inputs 15 
and output to address the remaining problem. The new approach is to utilize the Random 16 
Forest (RF) Regression Model developed by Brieiman [67], to predict evacuation times 17 
along different evacuation routes. The main reason for this selection was its excellent 18 
performance, high robustness, high accuracy, and short calculation time compared with 19 
other machine learning methods [68,69]. The RF model combines two powerful machine-20 
learning techniques: the Bootstrap Aggregating (Bagging) method introduced by Breiman 21 
and the random feature selection method introduced by Ho, Amit and Geman [60,67,70–22 
73]. The model not only effectively increases the selection randomness in features and 23 
training samples, but it also improves accuracy and reduces overfitting without 24 
significantly increasing computation complexity [59,74,75]. Accordingly, the Random 25 
Regression Algorithm has been extensively applied in various regression analyses in 26 
transport, including the prediction of travel time and traffic flows [59,68,69]. These 27 
studies have verified the practicability and effectiveness of the algorithm. Herein, the 28 
model assumes that S is a training set with size 𝑁𝑁 × 𝑀𝑀, where N represents the number of 29 
data, and M represents the number of variables. The prediction process based on the RF 30 
model is presented as follows: 31 

Step1: Set the number of decision trees as K and the depth as d. 32 
Step2: Use the bootstrap aggregating (bagging) method to generate K data subsets 33 

with size 𝑁𝑁 × 𝑀𝑀: D = {D1, D2, D3, …, DK}. 34 
Step3: For each Di (i<=K), use the random features selection method to randomly 35 

select m (m<M) features then generate variable subsets: 𝑉𝑉𝑖𝑖= {V1, V2, V3, …, Vm}. 36 
Step4: Apply the CART method to construct the decision tree 𝑓𝑓𝑖𝑖(𝐷𝐷𝑖𝑖, 𝑉𝑉𝑖𝑖)  by 37 

partitioning the dataset into multiple subsets. For each partition node, the optimal partition 38 
feature j and the optimal partition location q satisfying the following equation are found 39 
to ensure data within each subset belongs to the same class. 40 
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 min𝑗𝑗,𝑞𝑞[min � (𝑦𝑦𝑖𝑖 − 𝑐𝑐1)2 +

𝑥𝑥𝑖𝑖∈R1(𝑗𝑗,𝑞𝑞)

 min � (𝑦𝑦𝑖𝑖 − 𝑐𝑐2)2
𝑥𝑥𝑖𝑖∈R2(𝑗𝑗,𝑞𝑞)

 (1) 

 R1(𝑗𝑗, 𝑞𝑞) = {𝑥𝑥|𝑥𝑥(𝑗𝑗) ≤ 𝑞𝑞}, R2(𝑗𝑗, 𝑞𝑞) = {𝑥𝑥|𝑥𝑥(𝑗𝑗) > 𝑞𝑞} (2) 

 cm =
1

Nm
� 𝑦𝑦𝑖𝑖

𝑥𝑥𝑖𝑖∈Rm(𝑗𝑗,𝑞𝑞)

, 𝑥𝑥 ∈ Rm ,𝑚𝑚 = 1,2 (3) 

Where 𝑅𝑅1(𝑗𝑗, 𝑞𝑞), 𝑅𝑅2(𝑗𝑗, 𝑞𝑞) are the two subsets partitioned by j and q; 𝑐𝑐𝑚𝑚,𝑁𝑁𝑚𝑚 are the 1 
mean value and data number in 𝑅𝑅𝑚𝑚(𝑗𝑗, 𝑞𝑞); 𝑥𝑥𝑖𝑖, 𝑦𝑦𝑖𝑖 are input and output variables of data i. 2 
The  𝑓𝑓𝑖𝑖(𝐷𝐷𝑖𝑖,𝑉𝑉𝑖𝑖)  will continuously grow until its depth reaches d. The dataset is thus 3 
partitioned into P subsets {R1, R2, R3…, RP} and the output is denoted as follow: 4 

  𝑓𝑓𝑖𝑖(Di, Vi) = ∅Di,Vi(𝑋𝑋) = ∑ cP ∗ IRP  (X)𝑃𝑃
𝑝𝑝=1  (IRP  (X): 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓) (4) 

 IRP  (X) = �1,         𝑖𝑖𝑖𝑖 𝑋𝑋 ∈ RP
0,         𝑖𝑖𝑖𝑖 𝑋𝑋 ∉ RP

 (5) 

Step5: Calculate the average output of all decision trees as the final prediction result. 5 

 𝑓𝑓(𝑆𝑆,𝑀𝑀) = ∅𝑆𝑆,𝑀𝑀(𝑋𝑋) =
1
𝐾𝐾
�∅Di,Vi(𝑋𝑋)
𝐾𝐾

𝑖𝑖=1

 (6) 

The first improvement is to modify model input by incorporating road attributes with 6 
time properties, considering the significant impact of spatial and temporal features on 7 
travel time [74,76,77]. This approach resulted in 11 input variables for the prediction 8 
model, including four road geometric variables, one land use variable, four intersection 9 
variables, and two temporal variables, as indicated in Table 1. To present the variables’ 10 
effect on evacuation time more accurately, the variables of road geometric and land use 11 
were further classified into different levels according to their characteristics (Table 1). 12 

The second improvement is to modify model output as travel speed based on the 13 
one-to-one correspondence between travel time and speed [78,79]. The travel speed was 14 
calculated by dividing the collected route length by the travel time. Then, this research 15 
developed Model 1, Model 2, and Model 3 to compare the performance of these two 16 
improvements with the new approach. Model 1 used the RF model with previous inputs 17 
and output; Model 2 improved the model inputs; Model 3 improved both model inputs 18 
and output. As shown in Table 1, the evacuation time and speed along the evacuation 19 
route i at time t are the outputs of Model 1,2 and Model 3, respectively. The remaining 20 
rows are input variables of these three models, including the related spatial variables on 21 
route i of Model 1 and the added temporal variables at time t of Model 2, 3. 22 
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Table 1 Variable Description of RF Model 1 
S Definition Type 

T Evacuation time along evacuation route i at time t Output of model 1,2 
V Evacuation speed along evacuation route i at time t  Output of mode 3 
L Length of the route i 

Input road 
geometric variables 

W1-W5 
Length percentage of different road width  

(W1: over 19.5m, W2:13m~19.5m, W3:5.5m~13m, 
W4:3m~5.5m, W5: under 3m) 

S1-S7 
Length percentage of different road slope 

(S1: under -9%, S2: -9%~-7%, S3: -7%~-5%,  
S4: -5%~5%, S5: 5%~7%, S6:7%~9%, S7: over 9%) 

R1- R4 Length percentage of different road curvature radius  
(R1: 0~15m, R2: 15~60m, R3: 60~150m, R4: 150m~) 

Z1- Z2 Length percentage of road within different zones 
(Z1: Agriculture zone, Z2: Forest zone) 

Input land use 
variables 

IS Number of straight ahead at intersections 
Input intersection 

variables 
IL Number of left turns at intersections 
IR Number of right turns at intersections 
Sig Number of signalized intersections 

TOD Time of day (0~23, represent 0am~23pm) Input temporal 
variables DOW Day of week (1~7, represent Monday ~ Sunday) 

To rigorously evaluate the prediction accuracy of the proposed model, this research 2 
applied the Root Mean Square Error (RMSE) and the Mean Absolute Percentage Error 3 
(MAPE), which can reflect the average relationship between actual and predicted values. 4 
The RMSE measures the average magnitude of the prediction error, whereas the MAPE 5 
represents the average ratio of the absolute error to the actual value [69,80]. This research 6 
also analyzed the distribution of the Absolute Prediction Time Error (APTE) to assess 7 
overall prediction performance, the three indices are calculated as follow: 8 

 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �
1

𝑛𝑛 − 1
× ��(𝑦𝑦𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 − 𝑦𝑦𝑖𝑖

𝑝𝑝𝑝𝑝𝑝𝑝)2�
𝑛𝑛

𝑖𝑖=1

 (7) 

 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 =
1
𝑛𝑛
�

�(𝑦𝑦𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 − 𝑦𝑦𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝)� × 100%
𝑦𝑦𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

𝑛𝑛

𝑖𝑖=1

 (8) 

 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = �𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒�𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = �(𝑦𝑦𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 − 𝑦𝑦𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝)�� (9) 

Where, 𝑦𝑦𝑖𝑖𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟and 𝑦𝑦𝑖𝑖
𝑝𝑝𝑝𝑝𝑝𝑝represent the actual and predicted values of evacuation travel 9 

time; n represents the number of measurements.  10 
 Evacuation vulnerability assessment process 11 

In an emergency, the shortest route to the nearest evacuation shelter is usually the 12 
evacuees’ first choice and reaction [81]. Thus, this research quantified the evacuation 13 
vulnerability of each building by predicting the travel time along its shortest evacuation 14 
route. Herein, Dijkstra’s Algorithm, a graph search algorithm, was used to find the 15 
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shortest route and the nearest shelter. Dijkstra’s algorithm was conceived by the Dutch 1 
computer scientist Edsger Dijkstra in 1956 and published in 1959. This algorithm is one 2 
of the most known methods in shortest-path finding and has been widely applied in 3 
emergency evacuation planning due to its clarity and simplicity [82–86].  4 

Herein, the road network was defined as a directed graph G (V, E) to adapt this 5 
algorithm. The vertices V represented the road intersections, and the edge Eij denoted the 6 
road connecting two neighboring vertices Vi, Vj with a length of Lij. Here, the target is to 7 
find the shortest evacuation route to shelters for each building. Therefore, the Dijkstra’s 8 
Algorithm was run multiple times for every origin building VO, with each shelter tagged 9 
as the destination VD, until finding the shortest evacuation routes SOD to all shelters. The 10 
route with the minimum distance was regarded as the shortest evacuation route SO; the 11 
corresponding shelter was the nearest, while the remaining shelters were optional. Then, 12 
the evacuation time on SO was estimated by the proposed model in Section 2.1 to quantify 13 
the evacuation vulnerability, which can reflect the ideal evacuation time when the hazard 14 
did not occur. In addition, to further reveal the regional evacuation vulnerability 15 
distribution, the Kriging Interpolation Method was applied to output the equivalent 16 
surface of evacuation vulnerability based on the discrete buildings’ vulnerability data. The 17 
output of regional vulnerability was then visualized in ArcGIS.  18 

 Evacuation risk assessment process 19 
When people evacuate in an emergency scenario in the real world, there are multiple 20 

potential challenges that evacuees may face during an ongoing hazard. These challenges 21 
can result in longer evacuation times or even the inability to evacuate. In such situations, 22 
the evacuation time may differ from normal traffic time in the road network. Therefore, 23 
this research further estimated the evacuation time by considering the impact of potential 24 
challenges that may occur during an evacuation, including hazard evolution on route 25 
detours and traffic congestion on time delay. Then, evacuation necessity, evacuation 26 
ability (passable evacuation route for driving and walking), and evacuation difficulty 27 
(increased evacuation time) were introduced to quantify the time-varying individual 28 
evacuation risk under dynamic hazards. Following that, the regional evacuation deadline 29 
was further determined to specify regional evacuation priority to ensure timely 30 
implementation of evacuation. 31 
2.3.1 Evacuation route determination under hazard evolution 32 

In an emergency evacuation, the shortest passable route SO is not always optimal 33 
under time-varying hazards and population concentration impacts, which may sometimes 34 
be impassable or congested [81]. Moreover, evacuees may choose various evacuation 35 
routes based on their experience, subconsciousness, road safety, and traffic jams. In this 36 
condition, finding passable potential evacuation routes for all buildings in real time 37 
requires much computational effort and time under dynamic hazard evolution. As this 38 
study aims to reflect the dynamic risk under various scenarios, the quick and precise 39 
determination of evacuation routes is needed. Accordingly, as Figure 1 shows, this study 40 
proposed a 4-step framework to determine the evacuation route under time-varying 41 
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flooding scenarios more realistically. 1 

 2 
Figure 1 Evacuation route determination under dynamic hazards 3 

In order to find more passable potential routes under dynamic flood impacts as soon 4 
as possible, this study generated the Alternative Evacuation Route Set (AERS) in advance, 5 
which consisted of potential evacuation routes to shelters. When flooding occurs, the 6 
available evacuation route will be determined considering dynamic flooding impacts as 7 
follows: (1) The shortest route SO and all routes in AERS will overlap with the inundated 8 
area to select the passable route; (2) If all pre-generated routes are impassable, real-time 9 
route planning will be considered to determine the final evacuation route.  10 

Regarding the pre-AERS generation, although in a continuous space-to-plane 11 
geometry, infinite routes exist between two locations. Nevertheless, in an emergency 12 
evacuation scenario, evacuees do not decide the route forward at each step. Generally, 13 
they follow their first choice and only change their movement direction under specific 14 
conditions [81,87,88]. Accordingly, this research enumerated the possible inundation 15 
conditions on the shortest evacuation route from each building to its nearest shelter 16 
selected in Section 2.2. Then, the rerouted evacuation routes to avoid inundation areas 17 
were predetermined by using Dijkstra’s Algorithm. It is worth mentioning that evacuation 18 
routes to other optional shelters were also considered in AERS. If the rerouted detour 19 
route to the nearest shelter was farther than to optional shelters, the evacuation to other 20 
optional shelters was considered instead of continuing the detour. The detailed process of 21 
pre-AERS generation is as follows: 22 

Step1: Define the shortest evacuation route SO as a directed graph g (V, E) with (m+1) 23 
vertices and m edge (Figure 2.a), then initialize the AERS with SO and the shortest 24 
evacuation route to each optional shelter. 25 

Step2: Generate possible inundation conditions on g (V, E) by enumerating inundated 26 
road Ik from edge E1 to Em and range the inundated route number n from 1 to (m-1). 27 

Step3: For each inundated condition Iedge, apply Dijkstra’s Algorithm to reroute the 28 
inundated part (Ik~Ik+n) to avoid flooding impact. It is worth mentioning that the route 29 
outside the inundation area remains unchanged (Figure 2.b). 30 

Step4: Take the shortest distance to optional shelters as the distance limit, then select 31 
the rerouted evacuation route and update the AERS.  32 

The shortest 
route to shelters

Origin:
Building

The nearest 
shelter

① Origin
Selection

② Destination
Selection 

Other optional 
shelters

③ Pre-AERS 
Generation

Dijkstra’s algorithm

④ Evacuation Route 
Determination

Dijkstra’s algorithm
Other optional 

routes to shelters

If passable 
routes exist?

Real time hazards

AERS: Alternative 
evacuation route set

Available evacuation 
route under hazards

Real-time 
route searching

No

Yes

Enumerate 
Detoured route
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 1 
Figure 2 Representation of rerouting evacuation route 2 

2.3.2 Evacuation time estimation under congestion impact 3 
In an emergency scenario, crowding on roads due to population concentration is 4 

considered a major obstacle, which may result in delayed evacuation [89]. Therefore, to 5 
better estimate the evacuation time, this research first applied the RF model in section 2.1 6 
to predict the ideal time on each available evacuation route. Then, the congestion resultant 7 
evacuation time was further estimated in this section. 8 

According to previous research, the primary determinant of congestion is “travel 9 
demand”, and the interplay of its corresponding traffic volume and road capacity (the 10 
maximum hourly flow rate that can occur without queues developing) determines the 11 
traffic congestion level [90]. Therefore, to estimate the congestion resultant evacuation 12 
time, it is necessary to clarify the relationship between the traffic volume and road 13 
capacity during evacuation. Considering selecting the shortest route is the individual's 14 
first choice, and there are few opportunities to deviate from the initial path after the 15 
evacuee determines an evacuation route [54,81]. This research assigned vehicles to the 16 
shortest evacuation route for all origin buildings and destination shelters (O-Ds) pairs. 17 
Then, the O-Ds were used to calculate the total evacuation volumes 𝑉𝑉𝑒𝑒  along each road 18 
segment e, which is the sum of all flows from all paths that pass through it as follows.   19 

 𝑉𝑉𝑒𝑒 = �𝑓𝑓   𝑠𝑠𝑜𝑜𝑜𝑜
𝑜𝑜,𝑑𝑑

𝛿𝛿(𝑠𝑠, 𝑒𝑒) (12) 

 𝑉𝑉𝑉𝑉𝑒𝑒 =
𝑉𝑉𝑒𝑒
𝐶𝐶𝑒𝑒

 (13) 

Where 𝑓𝑓   𝑠𝑠
𝑜𝑜𝑜𝑜  is the flow between the origin o and destination d on route s, 𝛿𝛿(𝑠𝑠, 𝑒𝑒) 20 

=1 if road segment e lies on route s, and 0 otherwise. Then, the calculated evacuation 21 
volumes 𝑉𝑉𝑒𝑒 were compared with its capacity 𝐶𝐶𝑒𝑒 to derive the 𝑉𝑉𝑉𝑉𝑒𝑒 ratio, reflecting how 22 
successfully a road segment can cope with the assigned volume of vehicles. The road 23 
capacity was determined using the Highway Capacity Manual based on the area type, 24 
where roads in the CBD and other area were set at 1,600 pcu/h/lane and 1700 pcu/h/lane, 25 
respectively. Additionally, the capacity of two-lane roads was set at the typical value of 26 
2,200 pcu/h according to the Traffic Capacity of Roads in Japan [91]. If the 𝑉𝑉𝑉𝑉𝑒𝑒 is less 27 
than or equal to 1, there is no significant delay. Where it is greater than 1.0, it indicates 28 
that the flow on the segment exceeds its capacity and will be congested [57,90,92].  29 
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In most traffic delay estimation methods, the effect of the VC ratio on travel times 1 
is specified by means of the volume-delay function, of which the most widely used are 2 
the Bureau of Public Roads (BPR) functions [93,94]. Accordingly, after identifying the 3 
𝑉𝑉𝑉𝑉𝑒𝑒 value of each road segment e, this research followed the classical BPR function to 4 
quantify the congestion resultant evacuation time as follows [93–95]. 5 

 𝑇𝑇𝑒𝑒(𝑉𝑉𝑒𝑒) = 𝑡𝑡𝑒𝑒 ∗ [1 + 𝛼𝛼(𝑉𝑉𝑉𝑉𝑒𝑒)𝛽𝛽] (14) 

Where 𝑡𝑡𝑒𝑒  is the normal travel time on road e; 𝑉𝑉𝑉𝑉𝑒𝑒  is the congestion level, and 6 
𝑇𝑇𝑒𝑒(𝑉𝑉𝑒𝑒) is the congestion resultant evacuation time on road e under traffic volume 𝑉𝑉𝑒𝑒;  7 
The parameters 𝛼𝛼 and 𝛽𝛽 in the BPR function are chosen following the government 8 
manual based on road type and free-flow speed [94,96].  9 
2.3.3 Evacuation risk assessment process 10 

To evaluate the time-varying evacuation risk under different scenarios, the 11 
evacuation necessity, ability, and difficulty were determined separately for each building 12 
under the flooding scenario. Since the evacuation preparation information in Japan is 13 
usually issued two hours before the evacuation notifications, this research judged the 14 
evacuation necessity based on the predicted inundation from the current moment to the 15 
next two hours [97]. A building is considered in need of evacuation when it complies with 16 
the following conditions: 1) The building would be affected by flooding or lose access to 17 
shelters within two hours; 2) The building floors do not satisfy safe vertical evacuation. 18 
Herein, the risk value for buildings not requiring evacuation is set to nan.  19 

Then, to clarify the evacuation ability of each building, this research overlapped the 20 
road network with the inundation data to determine the evacuation route. If there were no 21 
passable routes for walking and driving from one building to the shelters, the building 22 
was considered to have the highest risk: no evacuation ability. Next, regarding the 23 
buildings with evacuation ability, this research estimated their evacuation difficulty 24 
according to the estimated congestion resultant evacuation time along each passable route. 25 
Herein, the relationship between these times and the available time until losing evacuation 26 
ability was considered to reflect the evacuation difficulty to a certain extent. The 27 
evaluation function 𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘𝑖𝑖(𝑡𝑡) describes the evacuation risk from building i at time t, and 28 
its value is the minimum among all passable evacuation routes for walking and driving. 29 
For building i, a higher Risk value means less likelihood of being safely evacuated. The 30 
evacuation risk at time t is defined as follows: 31 

𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘𝑖𝑖(𝑡𝑡) =

⎩
⎨

⎧
                     𝑛𝑛𝑛𝑛𝑛𝑛,                 𝑛𝑛𝑛𝑛 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

                 inf,                     𝑛𝑛𝑛𝑛 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎

𝑚𝑚𝑚𝑚𝑚𝑚
𝑛𝑛,𝑚𝑚

(𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘𝑖𝑖(𝑟𝑟, 𝑡𝑡) = 𝑚𝑚𝑚𝑚𝑚𝑚
𝑛𝑛,𝑚𝑚

�
𝑇𝑇𝑖𝑖(𝑟𝑟, 𝑡𝑡)
𝐴𝐴𝑖𝑖(𝑡𝑡)

� ,     𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒
 

(15) 

Where n is the number of passable evacuation routes, m is the available transport 32 
mode, including walking and driving. 𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘𝑖𝑖(𝑟𝑟, 𝑡𝑡) is the evacuation risk along passable 33 
evacuation route r from building i. 𝑇𝑇𝑖𝑖(𝑟𝑟, 𝑡𝑡) denotes the congestion resultant evacuation 34 
time along route r at time t. Here, the driving time was estimated following section 2.3.2, 35 
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and roads flooded to a depth of over 30cm were considered impassable for driving [98,99]. 1 
Since the walking speed decreases with increasing inundated depth, this study calculated 2 
the walking time based on a certain speed of 0.83m/s for 0~30cm and 0.68m/s for 3 
30~70cm, according to Bernardini’s research [100,101]. Walking speed on roads without 4 
inundation was set at 1.36m/s (adult average walking speed in Japan [102]), whereas 5 
roads inundated by more than 70 cm were considered impassable for walking [103,104]. 6 
𝐴𝐴𝑖𝑖(𝑡𝑡) denotes the available evacuation time at time t, the specific calculation is as follows:  7 

𝐴𝐴𝑖𝑖(𝑡𝑡) = min {2ℎ𝑜𝑜𝑜𝑜𝑜𝑜, (𝑡𝑡𝑖𝑖,𝑖𝑖𝑖𝑖𝑖𝑖 − 𝑡𝑡)} (16) 

Where 𝑡𝑡𝑖𝑖,𝑖𝑖𝑖𝑖𝑖𝑖, 𝑡𝑡  refers to the time building i loses its evacuation ability and the 8 
current time, respectively. For buildings that will not lose their evacuation ability within 9 
2 hours, the available evacuation time will be defined as 2 hours. As previously mentioned, 10 
the evacuation function describes the evacuation risk of each building. 𝑅𝑅𝑅𝑅𝑅𝑅𝑘𝑘𝑖𝑖(𝑡𝑡) 11 
measures how difficult it is for evacuees to reach shelters. When the required evacuation 12 
time on passable routes increases or the available time decreases, the evacuation risk will 13 
increase, and evacuation from the building becomes more difficult. A RISK value greater 14 
than 1.0 indicates that the needed evacuation time exceeds the available time and that the 15 
evacuation would be extremely dangerous. Correspondingly, when there is no passable 16 
route, the evacuation risk will increase to infinity.  17 

In addition, to prevent irreversible dilemmas due to the inability evacuation, this 18 
research further estimated the regional evacuation deadline 𝐸𝐸𝐸𝐸𝑧𝑧 oriented to authorities’ 19 
evacuation notifications, which concerning the appearance time of no evacuation ability 20 
buildings and the longest required evacuation time from buildings to shelters as follow: 21 

 𝐸𝐸𝐸𝐸𝑧𝑧 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑧𝑧,𝑖𝑖𝑖𝑖𝑖𝑖 − max (𝑇𝑇𝑧𝑧,𝑖𝑖) (17) 

Where z denotes the regional zone z, 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑧𝑧,𝑖𝑖𝑖𝑖𝑖𝑖  and max (𝑇𝑇𝑧𝑧,𝑖𝑖)  are the appearance 22 
time of no evacuation ability buildings, and the longest required evacuation time arriving 23 
at a shelter for buildings within zone z before 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑧𝑧,𝑖𝑖𝑖𝑖𝑖𝑖, respectively. 24 

3. Case study: Joso, Japan 25 
 Study area and scenario setting 26 

This research chose Joso city in the southwestern Ibaraki prefecture of Japan (Figure 27 
3) as the study area to evaluate the proposed approach. Joso city has an estimated 28 
population of 59,969 distributed over a total area of 123.64 square kilometers. There are 29 
two major rivers, the Kinu river (the middle river in Figure 3) and the Kokai river (the 30 
east river in Figure 3), flowing from the north to the south in Joso. In 2015, this city was 31 
severely affected during the Kanto-Tohoku Heavy Rainfall Event. All the floodplain 32 
between the two rivers was inundated, and the flood continuously affected 40 square 33 
kilometers around [105–107]. Including this event, the Kinu River has caused eight major 34 
floods since the 1930s [106]. Therefore, it is worthwhile to evaluate the evacuation 35 
vulnerability and risk in this flood disaster-prone city, to make appropriate evacuation 36 
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decisions and reduce casualties before the onset of, during, or after a hazardous event.  1 

 2 
Figure 3 Location of study area 3 

The above-mentioned catastrophic river flooding that occurred in Joso on September 4 
10, 2015, was selected as a case scenario to verify the practicality of the proposed 5 
approach. The time-varying inundation data from 00:00 to 17:50 was used to quantify 6 
dynamic hazards. Herein, the dynamic inundation was assumed to be forecasted 6 hours 7 
ahead and updated at 10-minute intervals. Throughout this process, the risk assessment is 8 
updated concurrently with each dynamic hazard update. The corresponding inundation 9 
area data divided the study area into 48637 meshes with a size of 50 m*50 m. For each 10 
mesh, there were three inundation levels: Less than 30 cm (Level 1), Less than 70 cm 11 
(Level 2), and Over 70 cm (Level 3). Herein, the inundation data was obtained by using 12 
the Rainfall-Runoff-Inundation (RRL) model, developed by the International Centre for 13 
Water Hazard and Risk Management (ICHARM) under the auspices of UNESCO [108]. 14 
It is highlighted that the purpose of this paper is not the flood inundation prediction, but 15 
the evacuation vulnerability and risk assessment based on the prediction results provided 16 
by the mature inundation prediction model. 17 

 Data preparation 18 
The major data types used in this study included location data of evacuation shelters, 19 

buildings, signalized intersections, road network data, land use data, and travel time data. 20 
Due to the lack of actual traffic data during disaster evacuations, we utilized 231 routes 21 
between evacuation shelters and collected their normal daily travel time data to calibrate 22 
the prediction model. The travel time data of these 231 routes were collected from the 23 
Google Maps distance matrix (API) from November 18 to November 24, 2021, with a 1-24 
hour collection interval. The collected data included 38808 records, and each record 25 
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consisted of origin and destination locations, access point locations, travel distance, and 1 
travel time. 2 

The location data of buildings and evacuation shelters were collected from the Micro 3 
Geodata Forum and the official website of Joso City, respectively [109,110]. The road 4 
network, land use, and other related data were all downloaded from the Geospatial 5 
Information Authority of Japan (GSI). The GSI is a national organization that conducts 6 
national surveying and mapping activities in Japan [111]. The collected data contained 7 
24054 road segments in the road network and 151 signalized intersections in Joso City. 8 
Then, ESRI ArcGIS Pro 3.0 was used for data preprocessing to obtain road information 9 
(e.g., road length, width, curvature radius, slope) for the evacuation time prediction model. 10 

4. Results and discussion 11 
 Verification of the evacuation time prediction model 12 

In this section, the collected travel time data, and the corresponding road information 13 
on 231 routes were used to build and verify the evacuation time prediction model. The 14 
collected dataset was divided randomly into 80% and 20% for training and testing, 15 
respectively. The train-test procedure was repeated 500 times to ensure the accuracy of 16 
the results. Table 2 shows the average prediction results from 500 random replicate runs. 17 
Where Model 1 used the RF model with previous inputs and output; Model 2 improved 18 
the model inputs; Model 3 improved both model inputs and output. As indicated, both 19 
Model 2 and Model 3 outperformed Model 1, had about 99.9% APTE distributed within 20 
five minutes. Considering that most of the disaster information referred to during the 21 
evacuation decision process is updated every five or ten minutes [112–114], the 22 
performances of both Model 2 and Model 3 are acceptable in this research. Furthermore, 23 
as shown in Table 2, Model 3 outperformed Model 2 on all verification criteria, including 24 
an RMSE of 0.88 min, a MAPE of 5.88%, and 99.92% APTE distributed within five 25 
minutes. The high accuracy obtained demonstrated its ability to handle complex 26 
interactions among input variables and generate reasonable evacuation time predictions.  27 

Table 2 Performance of the evacuation time prediction model 28 

Prediction accuracy RMSE 
(min) 

MAPE 
(%) 

APTE distribution (%) 
1 min 2 min  3min 4 min 5 min 

Model 1 9.67 69.1 9.35 16.95 24.65 31.18 38.57 
Model 2 1.10 7.19 68.18 92.54 98.63 99.73 99.90 
Model 3 0.88 5.88 79.74 96.97 99.07 99.82 99.92 

Figure 4 illustrates seven days’ prediction results for a better understanding of these 29 
three models, where the horizontal axis reflects the change of time, and the vertical axis 30 
is the average travel time of all testing routes under each specified time. The red line 31 
represents the collected value, while the blue, gray and black lines represent the predicted 32 
results from Model 1, Model 2 and Model 3, respectively. To comprehensively clarify the 33 
performance of these three models, this research further compared the error distribution 34 
for all testing roads across the three models in Figure 5. The vertical axis is the deviation 35 
between prediction and actual values, where the blue, red, and green points represent the 36 
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deviations of Model 1, Model 2, and Model 3, respectively. As shown in Figure 4 and 1 
Figure 5, both Model 2 and Model 3 accurately predicted the overall trend of evacuation 2 
time, whereas model 3 performed better in predicting evacuation time under various 3 
temporal characteristics. As a result, we conclude that Model 3, which incorporates the 4 
effect of temporal and spatial characteristics on travel speed, best suits this research. 5 

 6 
Figure 4 Average prediction results of Model 1, Model 2 and Model 3 7 

 8 
Figure 5 Sample prediction results of Model 1, Model 2 and Model 3 9 

 Evacuation vulnerability assessment based on ideal evacuation time 10 
4.2.1 Evacuation vulnerability assessment from a temporal perspective 11 

Figure 6 compares the statistic of the ideal evacuation time for all buildings during 12 
the given scenario from a temporal perspective. It can be seen that most buildings, with 13 
an average of 96.66% (50031 of the total 51757), had an ideal evacuation time of fewer 14 
than six minutes during the 18 hours. The longest ideal evacuation time among them is at 15 
17:00, with 9.22 minutes. In this situation, under ideal pre-disaster evacuation conditions, 16 
all buildings can be safely evacuated within 10 min.  17 

 18 
Figure 6 Temporal distribution of the ideal evacuation time during the flooding scenario 19 
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On the other hand, the ideal evacuation time between 7:00~8:00 and 17:00~18:00 is 1 
longer than the other times. An average of 6.31% of buildings require more than 6 minutes 2 
to evacuate during these times. The main reason for a long time was that these are peak 3 
commute hours when traffic volumes are higher, and traffic jams are common. It should 4 
be noted that traffic congestion is more likely to occur if the evacuation is carried out 5 
during these times. As a result, these critical times require extra caution, where evacuation, 6 
traffic management strategies should be prepared in advance to avoid other consequences 7 
such as traffic congestion. 8 
4.2.2 Evacuation vulnerability assessment from a spatial perspective 9 

Based on the buildings’ location and their corresponding evacuation vulnerability, 10 
the spatial distribution of regional vulnerability can be obtained using GIS tools. Figure 11 
7 illustrates the regional vulnerability assessment results at 00:00, 06:00, 12:00, and 18:00 12 
on September 10 from a spatial perspective, different colors represent the accessible areas 13 
within different times. Only these scenarios are shown because there are no discernible 14 
changes in a short period. As indicated, the evacuees in the high-vulnerability buildings 15 
represented in black would take over 6 minutes to reach their nearest evacuation shelter. 16 
It can be seen from Figure 7 that these buildings are primarily distributed around Yuki-17 
bando-road (Northwest of the study area), Aguri-road (central-north of the study area), 18 
and Sakura-road (Southeast of the study area). This distribution indicates that these areas 19 
are more vulnerable to evacuation under flooding, and it would take longer to reach the 20 
nearest evacuation shelter. In this situation, it is more necessary to give special attention 21 
and issue evacuation warnings ahead of time for these areas, because keeping safe during 22 
evacuation is more difficult for them.  23 

 24 
Figure 7 Spatial distribution of the ideal evacuation time during the flooding scenario 25 

Overall, the ideal evacuation time effectively reflected the time-varying evacuation 26 
vulnerability, with Dijkstra’s Algorithm exploring the shortest evacuation route and the 27 
RF model predicting evacuation time by multiple temporal-spatial characteristics. 28 
Following that, the estimated vulnerable areas and times provided forth insights into 29 
evacuation preparedness about, “When and where need more evacuation preparation?”. 30 

 Evacuation risk assessment based on vulnerability and hazards 31 
4.3.1 Identification of affected buildings and roads 32 

To clarify the evacuation necessity, ability, and difficulty of each building, this 33 
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research overlaid the building’s locations and road network with the time-varying 1 
inundation area under the given flooding scenario. Figure 8 summarizes the percentage 2 
of inundated buildings and roads. As indicated, the overlapping resulted in the 3 
identification of 33289 (64.31% of the total) buildings affected by flooding, regardless of 4 
the depth. Given the prevalence of low-rise buildings in Japan, this research assumes that 5 
one-story buildings are safe from inundation at Level 1, whereas multi-story buildings 6 
are safe below Level 2. In this situation, 29963 (90% of the 33289) affected buildings 7 
were presumed to require evacuation because it was unsafe to stay home.  8 

Furthermore, as indicated in Figure 8, passable roads continued to dwindle as the 9 
flooding progressed. As shown, the increases in roads affected by Levels 1 and 2 were 10 
initially sharp and then stabilized at about 5.42% and 19.93%, respectively, at 04:30 and 11 
05:20. On the other hand, the increase in roads affected by Level 3 appeared small at first. 12 
However, it continued to increase until 13:50 when the increase rate slowed, and the 13 
affected roads stabilized at around 46.18%. As a result, a total of 68.91% roads were 14 
eventually affected at 17:50. According to previous research, the maximum passable 15 
depths in this research were assumed as 30 cm for driving and 70 cm for walking, 16 
respectively [98,99,103,104]. In this situation, the impassable roads for driving and 17 
walking reached a maximum of 65.18% and 47.12%, respectively. These continued 18 
impacts on roads would result in significant losses, evacuees being unable to move out of 19 
the flooded area safely if all surrounding roads are inundated [115]. 20 

 21 
Figure 8 Temporal distribution of inundated buildings and roads 22 

4.3.2 Evacuation risk assessment oriented to individual building 23 
After identifying the inundated buildings and roads, the evacuation necessity, ability, 24 

and difficulty were further judged and incorporated in Eq.(15) to assess dynamic 25 
individual risk. As previously stated, the evacuation necessity was determined based on 26 
the inundation condition within the next two hours. Therefore, this section assessed the 27 
evacuation risk at ten-minute intervals from 00:00 to 15:50. A time series was plotted to 28 
illustrate the time-varying individual evacuation risk from a temporal perspective, shown 29 
in Figure 9. Here, blue indicates no-evacuation-necessity buildings, green indicates no-30 
evacuation-risk buildings, whereas black indicates the highest-evacuation-risk buildings: 31 
without evacuation ability. In addition, other buildings were divided into three 32 
classifications (corresponding to the green, yellow, and red colors in Figure 9), indicating 33 
low-evacuation-risk (where 0 < RISK≤ 0.2), middle-evacuation-risk (where 0.2 <RISK < 34 
1), high-evacuation-risk (where RISK ≥ 1) respectively.  35 
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According to the predicted results of inundation evolution, the flooding under the 1 
given scenario began at 03:10. As indicated, all buildings are safe from 00:00 to 01:10 (2 2 
hours before flooding). Within 30 minutes of the flooding, 40.16% of buildings required 3 
evacuation, where 92.15% of them were deemed to have a low evacuation risk. In the 4 
following times, more and more buildings required evacuation as the flooding progressed, 5 
while the low-risk buildings also gradually evolved into higher risk. At 15:50, only 40.80% 6 
of buildings had no evacuation necessity, and only 6.40% were assessed as low evacuation 7 
risk. This change indicates that only about half of the buildings were deemed safe during 8 
the entire scenario. However, it must be kept in mind that this research assumed a 9 
conservative approach, may result in a slight deviation from reality. On the other hand, 10 
the evacuation in this research is assumed to be at risk until the evacuees arrive safely at 11 
shelters, even though their lives are no longer threatened once they leave the inundation 12 
area. 13 

 14 
Figure 9 Temporal distribution of evacuation risk during the flooding scenario 15 

In addition, the proportion of buildings without evacuation ability (black color in 16 
Figure 9) had remained stable at first, then increased sharply from 03:40 (30 min at 17 
flooding) to 05:00 (100 min at flooding) and continued to increase at a slower rate. At 18 
10:20 (7 hours and 10 minutes after the disaster), buildings with no evacuation ability 19 
reached 43.02%, surpassing buildings with no evacuation necessity as the highest 20 
percentage type. Then, these buildings with no evacuation ability continuously increased 21 
to 49.38% at 15:50. In this process, buildings with middle-risk, and high-risk consistently 22 
occupied a smaller proportion, with a maximum of 11.86% and 3.83%, respectively. To 23 
better understand their evolution, the temporal-spatial distribution of evacuation risk was 24 
plotted at specific times in Figure 10.  25 
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 1 
Figure 10 Spatial distribution of evacuation risk during the flooding scenario 2 

As indicated, the no-evacuation ability buildings mainly distributed near the Kinu 3 
River. The main reason for the sharply increased from 03:40 was that the inundation area 4 
was rapidly expanding and spreading, with both the east and west banks of the river being 5 
affected. The ongoing inundation continued to trap buildings (black in Figure 10), making 6 
safe evacuation increasingly impossible. Moreover, the distribution of middle risk 7 
(orange in Figure 10) and high risk (red in Figure 10) reflect where evacuation difficulties 8 
may be encountered, including (1) buildings surrounding the flooded area and (2) 9 
buildings whose evacuation routes may be congested. The distribution of these middle-10 
high-risk buildings reveals whether an evacuation can be implemented in time. It also 11 
predicts the location of buildings that will lose evacuation ability. Furthermore, it can be 12 
found that these buildings at risk do not exactly coincide with the inundated areas. Even 13 
if buildings are located in safe areas, evacuation may become hard due to the inundation 14 
or congestion of the evacuation routes. Thus, individuals need to keep aware of their time-15 
varying evacuation risk.  16 

Regarding the emergency evacuation for these buildings, it should be stated that the 17 
greater the risk value, the earlier the evacuation should begin after evacuation notification. 18 
When a building is at high risk, it means that the time required for safely evacuating 19 
exceeds the time currently available, evacuation will become very dangerous, and the 20 
evacuation route may be impassable at any time. Herein, the increased percentage of 21 
buildings without evacuation ability can reach a maximum of 5.11% under the given 22 
flooding scenario, resulting in 2643 more buildings being impossible to evacuate every 23 
ten minutes. In this situation, the buildings with no evacuation ability deserve the primary 24 
concern, followed by high-risk buildings, and the evacuation must be taken as soon as 25 
possible to prevent an irreversible situation. In addition, for middle-evacuation-risk 26 
buildings, it is also necessary to take earlier emergency evacuation because the situation 27 
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may quickly deteriorate and even turn into a higher evacuation risk in such a short time 1 
under the flooding evolution. 2 
4.3.3 Regional evacuation deadline estimation oriented to authorities 3 

Figure 11 illustrates the accessible area evolution using the elementary school 4 
zonation as an example. As shown, various colors correspond to the accessible areas that 5 
can be reached within different times from the shelters. Areas without color coverage are 6 
inaccessible to shelters by both driving and walking. Buildings in these areas that could 7 
not accommodate vertical evacuation were inability to evacuate (black in Figure 11). As 8 
indicated, the Kinu River first inundated area in the Tama and Toyooka Elementary school 9 
zone (Zone3, Zone10). Then as the flooding inundation spreads, the accessible area in 10 
each zone becomes less, and the time required becomes longer.  11 

 12 
Figure 11 Distribution of regional accessible areas and evacuation deadline 13 

After identifying no evacuation buildings’ appearance time and the longest required 14 
evacuation time to shelters, Figure 11 further summarizes the evacuation deadline for 15 
each elementary school zone. It can be seen that the Toyooka elementary school zone 16 
(Zone10) has the earliest evacuation deadline of 02:38, while the Sugao elementary 17 
school zone (Zone12) has the latest evacuation deadline of 05:25. There is about 3 hours 18 
difference between these two times, in this situation, simultaneous evacuation of the 19 
entire region is inappropriate and inefficient. Therefore, this research further specifies the 20 
priority of regional evacuation according to the key timing of dynamic hazards and 21 
individual evacuation risk (Table 3). In light of these evacuation priorities and deadlines, 22 
authorities can develop an appropriate evacuation plan and further issue evacuation 23 
notifications to the appropriate zones at the appropriate time. 24 

Table 3 Evacuation priority according to regional evacuation deadline 25 
Evacuation priority Zones Evacuation deadline 

Primary concern Zone3, Zone10, Zone13 Before Hazards occurrence  
Secondary concern Zone1, Zone2, Zone4, Zone5, 

Zone6, Zone7, Zone8, Zone9, 
Zone11, Zone14 

Before or during the sharply 
increased period of individual 

evacuation risk  
Tertiary concern Zone12 After sharply increased period 

Overall, the proposed risk assessment method explicitly reflected the time-varying 26 
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individual evacuation risk and regional evacuation deadline under the given flooding 1 
scenario. The individual evacuation risk can make the public aware of their situations, 2 
answering the question, “Who should be evacuated?”. Furthermore, the regional 3 
evacuation deadline can help authorities specify the evacuation priority to ensure timely 4 
evacuation, which answers the question, “When should be evacuated?”. Since the 5 
individual risk and regional deadlines were predicted two hours in advance, individuals 6 
and local authorities can get an accurate picture of the individual risk distribution and 7 
regional evacuation priority and subsequently make more scientific judgments.  8 

5. Conclusions and future work 9 
This paper has developed an approach to assess evacuation vulnerability and risk 10 

based on evacuation time, with evacuation route-finding by Dijkstra’s algorithm, travel 11 
time prediction by Random Forest algorithm, and evacuation time estimation under 12 
hazard, traffic congestion impacts. This approach not only assessed evacuation 13 
vulnerability concerning the ideal evacuation time prior to flooding, but also integrated 14 
the evacuation necessity, ability, and difficulty to quantify individual evacuation risk, as 15 
well as regional evacuation deadlines under flooding impacts.  16 

In the present study, this proposed approach was applied to a flood-prone city, Joso, 17 
as a case study. The application results demonstrated the approach’s validity and 18 
practicality: (1) The prediction model achieved higher accuracy with an RMSE of 19 
0.88min and a MAPE of 5.88% by incorporating temporal-spatial impacts on travel speed. 20 
(2) The assessed evacuation vulnerability illustrated the vulnerable areas and times before 21 
hazards occurred. (3) The assessed individual risk identified the buildings whose 22 
evacuation to shelters may be extended or become impossible. (4) The estimated regional 23 
evacuation deadlines specified the evacuation priority under flooding impacts. The 24 
information acquired through this research (such as vulnerable areas and vulnerable times, 25 
high-risk buildings, and high-evacuation-priority regions) can enable individuals to 26 
understand their situation and facilitate awareness to make the right evacuation decisions. 27 
On the other hand, for local authorities, state, and federal agencies, this research can 28 
support planning precise evacuation strategies, issuing timely evacuation warnings, 29 
ensuring prompt protection of resident’s property, and reducing casualties during hazard 30 
and emergency evacuation. 31 

Given that local authorities are often the first responders to emergencies, this 32 
vulnerability assessment method can help them identify the areas vulnerable to disaster 33 
evacuation and take targeted measures such as signage enhancements, community 34 
awareness campaigns, or developing localized emergency response plans. When a 35 
disaster occurs, this risk assessment can help them monitor the individual risk and 36 
regional evacuation deadline at any time. Once risk levels rise, they can respond quickly 37 
to issue evacuation notifications and initiate evacuation plans. Moreover, it can also guide 38 
urban and regional planning for state and federal agencies, such as informing land use, 39 
infrastructure development, allocating resources judiciously, and prioritizing the 40 
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development and maintenance of efficient evacuation routes. Such integration can 1 
empower local authorities and higher-level agencies to fortify disaster preparedness and 2 
response capabilities.  3 

This straightforward approach can be used as an efficient, practical tool and 4 
reproduced worldwide. The results can provide individuals and authorities with 5 
quantitative and visualized information for evacuation preparations and decision-making. 6 
Still, the current approach may be expanded and improved in some ways. The scope of 7 
future work and challenges for this study includes the following extensions: 8 
(1) Applying the proposed approach in multiple cities (e.g., vulnerability and risk 9 

assessment in flood prone city). The proposed methodology framework has a high 10 
degree of generalizability. However, when constructing the travel time prediction 11 
model, this study used the data from Joso city as a training sample, resulting in a 12 
model oriented to this specific city. The future challenge is integrating diverse data 13 
sources more comprehensively and building a multi-city-oriented travel time 14 
prediction model, which can extract and adapt to different cities' travel characteristics. 15 

(2) Accounting for the effects of dynamic population in the evacuation process. This 16 
study regarded each building as the evacuation origin to estimate the vulnerability 17 
and risk of traveling from buildings to shelters. As the actual evacuation may be more 18 
complicated, the future challenge is how to consider the evacuation demands of the 19 
dynamic flow on the road network, and the various evacuation characteristics among 20 
different population groups (e.g., evacuation speeds for different ages and genders). 21 
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