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ABSTRACT.  Although the transportation sector is a major contributor to urban air pollution and global climate change due to its 
substantial energy consumptions, previous studies for evacuation practices in this sector seldom took environmental consequences into 
account. As an attempt in event-related evacuation planning under uncertainty, this study proposed an emission-mitigation-oriented 
fuzzy evacuation management (emoFEM) model. Comprehensive considerations over system efficiency, environmental protection, 
economic cost and resource availability were incorporated within a general modeling formulation to facilitate evacuation management 
in a systematic and compromise manner. Vague and ambiguous information embedded within evacuation problems could be quantified 
and directly communicated into the optimization process, greatly improving conventional tools for evacuation management under 
uncertainty. The proposed emoFEM model was then applied to a hypothetic but representative case. Useful solutions were generated, 
which could help identify timely, safe and cost-effective evacuation schemes without significant disturbances over normal municipal 
traffic and environmental quality. The advantages of emoFEM were further revealed through comparing its solutions with those from 
its deterministic counterpart. 
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1. Introduction 

The transportation sector accounts for about 25% of total 
commercial energy consumed and 50% of total oil produced 
worldwide, representing a major contributor to urban air po- 
llution and global climate change (Gorham, 2002; Yoshida 
and Matsuhashi, 2009; Birant, 2011). There is thus a growing 
awareness of its role in the efforts for mitigating emissions of 
air pollutants and greenhouse gases. Among various transport- 
tation activities, event-related evacuation services have been 
growing considerably along with economic growth and the 
trend toward urbanization and globalization. Event-related 
evacuation can be defined as the mass movement of evacuees 
from an event venue to a number of destinations through pub- 
lic transport in response to a large-scale event instead of a 
danger or threat. It causes intensified transportation demands 
as well as increased environmental burdens, requiring deci- 
sion makers to balance the objective of higher evacuation effi- 
ciency against those of lower economic cost and reduced en- 
vironmental impact. Meanwhile, evacuation problems are fur- 
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ther complicated by a variety of uncertainties, necessitating 
the development of scientific tools for supporting relevant de- 
cision making under uncertainty. 

Interests in evacuation modeling began in the 1970s (Ur- 
banik, 1978; Wilmot and Mei, 2004). Over the past decades, a 
number of studies were conducted. For example, Cova and 
Church (1997) employed an integer programming model to 
assess vulnerability of evacuation in communities. Hobeika 
and Kim (1998) proposed a mass evacuation computer pro- 
gram (MASSVAC 4.0) to simulate traffic movements within 
an evacuation process based on a user equilibrium assignment 
algorithm. Jha et al. (2004) formulated a microscopic simula- 
tion model (MITSIMLab) to model traffic operations, and 
presented a laboratory-like setup to evaluate a large range of 
evacuation scenarios. Liu et al. (2006) developed a two-level 
integrated optimization model for generating candidate sets of 
optimal evacuation plans that serve as inputs for simulation- 
based evacuation systems. Yi and Ozdamar (2007) developed 
a mixed integer multi-commodity network flow model for co- 
ordinating logistics support and evacuation operations. Lin et 
al. (2008) proposed a multi-stage time-varying quickest flow 
model based on a time-varying dynamic network to optimize 
the evacuation routes and schedule under an emergency situ- 
ation. Xie et al. (2010) discussed a dynamic evacuation net- 
work optimization problem based on a bi-level model that in- 
corporates land reversal and crossing elimination strategies. 



Q. Tan et al. / Journal of Environmental Informatics xx(x) xx-xx (2014) 

 

2 

However, previous studies suffered from two major limita- 
tions: (i) most of them focused on emergency evacuation in- 
duced by extreme events (e.g., hurricanes, fires, and nuclear 
power plant accidents), where minimized evacuation time is 
the sole objective. Few of them were pertinent to event-rela- 
ted evacuation management which is common in practice and 
requires comprehensive considerations over many factors; and 
(ii) inherent uncertainties existing in many components of 
evacuation management systems were largely overlooked by 
previous studies. 

Uncertainty plays an important role in evacuation mana- 
gement problems. Although stochastic programming could be 
effective for dealing with uncertainties that are expressed as 
probability distribution functions, such exact information for 
many parameters, such as operating costs of vehicles, are 
usually unavailable in practice. The process of evacuation 
planning is usually fraught with fuzziness, which is linguistic 
in nature and stems from imprecise, vague and ambiguous 
information (Huang et al., 1993, 1996; Huang and Chang, 
2003; Cai et al., 2009, 2011b, 2011c; Tan et al., 2010b, 2011a, 
2011b; Gunalay et al., 2012). Fuzzy mathematical program- 
ming (FMP) based on fuzzy sets theory is thus viewed as an 
attractive alternative to the stochastic one in the absence of 
sufficient data to describe the statistics of uncertain para- 
meters. FMP approaches can be classified into two categories: 
possibilistic programming and flexibility programming. In 
possibilistic programming, uncertain parameters are modeled 
as fuzzy sets. Fuzzy robust linear programming (FRLP), as a 
typical possiblilistic programming approach, delimits an 
uncertain decision space by specifying uncertainties through 
dimensional enlargement of the original fuzzy constraints 
(Luhandjula and Gupta, 1996; Liu et al., 2003; Cai et al., 
2011a). Although FRLP is effective for reflecting fuzzy 
coefficients in both left- and right-hand sides of the model’s 
constraints, it is limited to deterministic coefficients in the 
objective function (Tan et al., 2010a, 2013; Dong et al., 2014). 
Different from and complementary to possibilistic program- 
ming, flexible fuzzy linear programming (FLP) is capable of 
tackling fuzziness in the model’s goals and stipulations 
(Dubois and Prade, 1999; Huang et al., 2001). There have 
been few studies in the literature involving the use of FMP 
models for tackling evacuation management problems. Intro- 
duction of FRLP and FLP into evacuation management would 
prospectively facilitate relevant decision making under a fu- 
zzy environment. 

This study aims at proposing an emission-mitigation- 
oriented fuzzy evacuation management (emoFEM) model for 
supporting integrated event-related evacuation planning under 
a fuzzy environment. This model will provide scientific bases 
for identifying vehicle allocation plans and routing strategies 
through reflecting the peculiarities of event-related evacuation 
activities. Considerations over not only evacuation efficiency, 
but also environmental protection and economic cost, will be 
integrated into a general modeling formulation. The emoFEM 
model will also be capable of quantifying vague and ambi- 
guous information that ubiquitously exist in evacuation mana- 
gement systems. The proposed model will then be applied to a 

hypothetic but representative case of event-related evacuation 
management for demonstrating its applicability.  

2. Modeling Formulation 

Evacuation demands induced by events are normally pre- 
dictable, enabling proactive planning and analysis. Evacuation 
schemes are highly dependent on the venues, scales and 
schedules of events, requiring site-specific plans. Evacuees 
mostly originate from a single venue and are to be sent to 
several pre- specified destinations. Unlike emergency-induced 
evacuation with the minimized evacuation time being the top 
and sole objective, event-related evacuation management 
requires a comprehensive consideration over a broad spectrum 
of issues such as system efficiency, economic cost, and envi- 
ronmental restrictions. The above characteristics distinguish 
event-related evacuation processes from emergency-induced 
ones. Scientific planning for routing strategies and vehicle 
allocation is the major concern, which primarily relies on 
efficient utilization of transportation resources and services 
(Chiu et al., 2007; Wu et al., 2009). Recent advancements in 
sensor technologies have facilitated the acquisition of a wide 
range of traffic information, from tracking vehicles presence, 
volume and speed, to detecting vehicle density or travel time 
(Hamza-Lup et al., 2005). Short-term traffic information 
could be obtained from a number of sources, such as sensor 
acquisitions, historical records, and expert judgments. Consi- 
dering an evacuation system wherein decision makers are 
respon- sible for evacuating a large number of people from an 
origin to multiple destinations through public transit after a 
large-scale event, a deterministic emission-mitigation-orient- 
ted evacuation management (emoEM) model can be formula- 
ted as below. 

 

2.1. Objective Function 

As the top priority of evacuation management, minimi- 
zed total evacuation time is the objective of the proposed 
model. Generally, evacuation time is the summation of total 
time needed for all of the evacuees to reach their correspond- 
ding destinations, which includes running time on links as 
well as waiting time at traffic lights and toll stations:  

 
s s sa

s sa

A A KS I S I

sai i m sai i k
s a i m sa s a i k sa

A RS I

sai i r
s a i r sa

min t x p t x p Lt

x p Tt

 



 



   

 
 (1a) 

 
where S is the index for destinations; As is the index for paths 
from evacuation origin to destination s; I is the index for 
vehicle types; xsai is number of i-type vehicles designated to 
path sa to reach destination s (veh, decision variable); pi is the 
passenger loading capacity of an i-type vehicle (persons/veh); 
tm is the travel time on link m, /m m mt l v (hr); Ksa is the index 
for nodes with traffic lights on path sa; Ltk is the average delay 
time at node k due to a traffic light (hr); Rsa is the index for toll 
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stations on path sa; Ttr is the average delay time at toll station r 
(hr).  

 

2.2. Constraints 

The constraints include emission and cost restrictions, as 
well as the relationships among the decision variables and the 
evacuation demand/management conditions. Six types of con- 
straints are included in the model. They are emission, cost, 
vehicle-availability, passenger-balance, road-capacity, and te- 
chnical constraints. 

 

2.2.1. Allowable Emission Constraint 

Vehicles burning gasoline and diesel fuel are a major 
source of air pollutants and greenhouse gases (Singer and 
Harley, 1996; Gorham, 2002). Control of emissions from 
vehicular traffic during evacuation activities should thus be 
one of the most important elements of integrated evacuation 
management. Among those emitted pollutants from traffic, 
carbon monoxide (CO) is capturing more and more attention. 
This is mainly attributed to two facts: (i) traffic is the main 
contributor of CO emissions in urban areas. For example, 
traffic is responsible for 99% of emitted CO in London (Read, 
1994). (ii) CO is high toxic, posing serious threats to human 
health and the environment (Kongtip et al., 2006; Gokhale 
and Khare 2007). Thus, CO has been frequently used as a 
predominant indicator of pollutant emissions in many trans- 
portation-related studies (Read, 1994; Wu et al., 2009). The 
related emission standards for CO can be obtained from the 
regulations of municipal authorities. In this study, CO emi- 
ssions from evacuation activities are considered to fall into 
two categories: running and idle. The former is related to the 
numbers of vehicles, lengths of links, and emission factors of 
vehicles under running condition which are functions of speed 
on given links (Li, 2001). The latter mainly depends on the 
numbers of vehicles, the average delay time at traffic lights, 
and the idle emission factors which can be obtained from test 
data of a large number of vehicles (Li, 2001). The emission 
constraint is thus presented as follows: 

 

( )

( )

s

s sa

s sa

AS I

sai m mi
s a i m sa

A KS I

sai k i
s a i k sa

A RS I

sai r i
s a i r sa

x l EC

x Lt EIC

x Tt EIC EB









 

 

 

 

 (1b) 

 
where ECmi is the CO emission factor of an i-type vehicle on 
link m under running condition (g/veh·km), mi i i mEC v    

2
i mv ; αi, βi, γi are the coefficients of the emission factor for 

an i-type vehicle under running condition; vm is the average 
velocity on link m (km/hr); EICi is the CO emission factor of 
an i-type vehicle under idle condition (g/veh·hr), which can be 
estimated based on a number of test data; EB is the total 
allowable emission amount (g). 

2.2.2. Operating Cost Constraint 

Operating costs mainly include expenses for consump- 
tion of fuel, depreciation of vehicles, and wages of drivers. 
They are typically dependent on the distances of driving and 
the types of vehicles. The operating cost constraint is formu- 
lated as follows: 

 

( )
sAS I

sai m i
s a i m sa

x l F FB


   (1c) 

 
where lm is the length of link m (km); Fi is the unit operating 
cost of an i-type vehicle ($/km); FB is the total allowable 
costs ($). 

 

2.2.3. Vehicle Availability Constraints 

Generally, vehicles for evacuation can be classified into 
several types according to their varied passenger-loading ca- 
pacities. The mass balance of vehicles is: 

 
sAS

sai i
s a

x x N i   (1d) 

 
where Ni is the number of available i-type vehicles (veh). 

 
2.2.4. Passenger Balance Constraints 

Evacuees can be grouped according to their destinations. 
The mass balance for evacuees is written as: 

 
sA I

sai i s
a i

x p D s   (1e) 

 
where Ds is the number of evacuees whose destination is s. 

 
2.2.5. Road Capacity Constraints 

Intensive transportation demands (in terms of both space 
and time) from evacuation activities, combined with normal 
traffic in urban areas which is probably exposed to severe 
congestions, pose a major challenge to evacuation planners. 
The vehicles designated for evacuation should not lead to 
much disturbance over normal municipal traffic. The cons- 
traints for road capacities can be written as: 

 
sA S I

i sai m m
m sa s i

e x MX VM m


    (1f) 

 
where ei is the equivalent conversion coefficient of an i-type 
vehicle; MXm is the existing traffic flow on link m (veh); VMm 
is the maximum capacity of link m (veh); 

2.2.6. Non-Negativity and Technical Constraints  

The non-negativity and technical constraints include: 
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 (1g) 

 
Although model (1) presents general formulas for an 

event-related evacuation management model where a number 
of factors are considered, it is not sufficient to model such a 
complex system due to the inherent uncertainties in decision 
makers’ preferences and values of parameters. Firstly, the ma- 
nagement goal of decision makers may be fuzzy. For example, 
“the total evacuation time for evacuating all of the event par- 
ticipants to their destinations should be less than 1000 hrs, 
preferably no more than 800 hrs”. Secondly, the stipulations 
of some constraints can be relaxed within certain tolerance 
intervals. For example, “the maximum allowable amount of 
pollutants emitted from evacuation vehicles would be 8,500 to 
12,000 g”. Thirdly, many parameters are likely to be estimated 
by experts as triangular fuzzy sets with a most possible value 
instead of deterministic numbers. For example, “the unit ope- 
rating cost for an intermediate passenger car is approximately 
$0.5/km”. To address such uncertainties, an emoFEM model 
is established as follows: 

 

 
s s sa
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s a i m sa s a i k sa
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min t x p t x p Lt
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 (2a) 

 
subject to: 
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where  and 


denote fuzzy equality and inequality, respect- 

tively;
~ i
F and

~
FB are triangular fuzzy sets.  

Based on the principle of FLP, a decision in a fuzzy en- 
vironment is defined as the intersection of membership fun- 
ctions corresponding to fuzzy objective and constraints (Zim- 
mermann, 2001). Assume that there are n fuzzy goals (G1, 
G2 …, Gn) and m fuzzy constraints (C1, C2, …, Cm) in a space 
of alternatives (X). The resulting fuzzy decision set (D) will 
then be an intersection of the given goals and constraints as 
follows: 

 

1 2 1 2n mD G G G C C C          (3) 

 
Correspondingly: 

 
 1 2 1 2, , , , , , ,D G G Gn C C CmMin          (4) 

 
where D , G ,and C denote membership functions of fuzzy 
decision, fuzzy goals, and fuzzy constraints, respectively. Let 
each of the fuzzy goals and constraints be represented by a 
fuzzy set with a membership function  i X ( 1, 2, ,i    
m n );  i X should be 0 if the ith aspired objective or 
constraint is violated, or be 1 if it is totally satisfied. Thus, the 
membership function of the fuzzy decision is: 

 

    1, 2, ,D iX Min X i m n     (5) 

 
Introduce an independent variable  D X  . λ can re- 

flect the flexibility in the constraints and fuzziness in the obje- 
ctives, corresponding to the degree of overall satisfaction for 
the constraints and objectives (Zimmermann, 2001; Dubois 
and Prade, 1999; Huang et al., 2001). A desired decision is 
thus the one with the highest λ value: 

 

    1, 2, ,D iMax Max X Max Min X i m n       

 (6) 

Based on the concept of level set (fuzzy α-cut), the α- 
level set of iF


is a crisp subset of X which can be defined as 

follows: 

 

    and  
ii FF x x x X    


 (7) 

 
Under a α-cut level w (w  [0, 1], w = 1, 2, …, u), the 

superior and inferior limit values of ( )
wiF 

are denoted as
w
iF  

and w
iF , respectively. Likewise, for fuzzy set

~
FB , we can also 

get an interval [ wFB , 
w

FB ] under each w (w = 1, 2, …, u) 
(Soyster, 1973; Leung, 1988; Luhandjula and Gupta, 1996; 
Inuiguchi and Sakawa, 1998). In FRLP, the possible region of 
occurrence for the left-land side of each constraint containing 
fuzzy coefficients is considered to be contained in the satis- 
factory or tolerable region as defined by the corresponding 
right-hand side (Inuiguchi and Sakawa, 1998; Liu et al., 2003). 
Thus, each constraint containing fuzzy coefficients can be re- 
placed by 2u inequalities, in which u denotes u levels of -cut. 
The decision space for the problem can then be delimited. 
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Through incorporating FLP and FRLP into the frame- 
work of emoEM, model (2) can be transformed into the fo- 
llowing problem: 

 
Max   (8a) 

 
subject to: 
 

1 1 1
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 (8b) 

 

( )

( )

s s sa

s sa

A A KS I S I

m
s a i m sa s a i k sa

A RS I

s a i r sa

sai mi sai k i

sai r i

x l EC x Lt EIC

x Tt EIC EB EB EB

 

  





     

   

 
 (8c) 

 

( ) 1, 2, ,
sAS I ww

sai m i
s a i m sa

x l F FB w u


     (8d) 

 

( )
sAS I

ww
sai m i

s a i m sa

x l F FB


   (8e) 

 
sAS

sai i
s a

x N i   (8f) 

 
sA I

sai i s
a i

x p D s   (8g) 

 
sA S I

i sai m m
m sa s i

e x MX VM m


    (8h) 

 
0
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 (8i) 

 
0 1   (8j) 

3. Case Study 

An evacuation network built upon representative data 
from relevant literature and typical Chinese cities (e.g., the 
City of Wuhan) is studied to explore the practicability of the 
proposed emoFEM model. The study network consists of one 
origin, three destinations (D1 to D3), two traffic lights (Lt1 
and Lt2), one toll station (T1), and eight links connecting the 
nodes (L1 to L8) (Wu et al., 2009). The evacuation planners 
are responsible for evacuating the event participants through 
public transit from the evacuation origin to the three des- 
tinations scattered in a city. For each destination, a number of 
alternative paths exist. Each path, which is comprised of se- 

veral links, exhibits an individual geometric configuration. In 
detail, to reach destinations 1, 2 and 3, there are two, three 
and two alternative paths, respectively. Evacuating the evacu- 
ees to their target destinations through these paths requires a 
systematic consideration of the flow and capacity of each path 
and its constituent links (Chiu et al., 2007). Lengths, average 
velocities, maximum capacities, and existing traffic flows of 
links are presented in Table 1. 

 
Table 1. Lengths, Average Velocities, Existing Traffic Flows 
and Maximum Capacities of the Links 

 Length  
 
lm  (km) 

Average 
velocity  
vm  (km/hr)  

Existing 
traffic flow  
MXm (veh) 

Maximum 
capacity 
VMm (veh) 

L1 35 70 1800 2350 
L2 8 27 450 680 
L3 12 36 990 1050 
L4 6 20 180 440 
L5 9 45 540 710 
L6 4 30 265 510 
L7 2.1 27 90 300 
L8 2.3 36 220 400 

 
Table 2. Numbers, Passenger Loading Capacities and 
Equivalent Conversion Coefficients of the Vehicles 
 Available 

number Ni 

(veh) 

Passenger loading 
capacity pi 

(persons/veh) 

Equivalent 
conversion 
coefficient ei 

Light-duty 150 18 1.2 
Medium-duty 90 27 2.0 
Heavy-duty 125 54 3.0 

 
Table 3. Emission Factors of the Vehicles under Running and 
Idle Conditions 
 Running condition (ECmi, 

g/veh·km) 
Idle condition (EICi, 
g/veh.hr) 

Light-duty 81.8760 - 1.8551vm + 
0.0123v2

m 

379 

Medium-duty 138.9050 - 3.1472vm + 
0.0209 v2

m 
619.17 

Heavy-duty 454.8130 - 11.8110vm + 
0.0878 v2

m 

1,298.29 

 
Vehicles available for evacuation can be classified into 

three types: light-, medium-, and heavy-duty ones. Available 
numbers, passenger capacities, and equivalent conversion co- 
efficients of the three vehicle types are given in Table 2. 
Emission factors (running and idle statuses) of these three 
types of vehicles are displayed in Table 3. The numbers of 
evacuees to destinations 1, 2, and 3 are 3155, 3600, and 2700 
persons, respectively. The delay time at traffic lights 1 and 2 
would be 0.03 and 0.04 hrs, respectively. The delay time at 
the toll station is 0.1 hrs. The most and least desirable total 
evacuation time is 3000 and 6000 hrs, respectively. The ma- 
ximum allowable CO emission amount is 2.75 to 3.30 × 105 g 
(i.e., [2.75, 3.30] × 105 g). The total budget is approximately 
$2.45 × 104 (i.e., $2.45 × 104). Unit operating costs of the ve- 
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hicles are highly dependent on vehicle types, manufacturers, 
and model years, which are all uncertain in nature and obtain- 
ed as fuzzy sets. The costs of the three vehicle types corre- 
sponding to varied α-cut levels are provided in Table 4. 

 
Table 4. Unit Operating Costs of Vehicles under Different 
α-cut Levels ($/km) 

α Light-duty 

( 1F 


) 

Medium-duty  

( 2F 


) 

Heavy-duty 

( 3F 


) 

0 [2.90, 3.10] [4.90, 5.10] [7.10, 7.30] 
0.2 [2.92, 3.08] [4.92, 5.08] [7.12, 7.28] 
0.5 [2.95, 3.05] [4.95, 5.05] [7.15, 7.25] 
0.8 [2.98, 3.02] [4.98, 5.02] [7.18, 7.22] 
1 3.00 5.00 7.20 

 
This problem calls for efficient evacuation of the eva- 

cuees through limited transportation resources under restri- 
ctions of economic cost and environmental emission. At the 
stage of evacuation planning, two critical issues need to be 
addressed: (i) which are the best routes to take; and (ii) which 
types of vehicles are to be employed and how to allocate them 
under a number of restrictions. In this case, many system 
components as well as their interactions are subject to fuzzi- 
ness, representing a major challenge confronting the decision 
makers. Simple decision processes by direct analysis/assess- 
ment or expert consultation would not be sufficient for effect- 
tively reflecting the complex system characteristics. A theore- 
tically sound and practically viable way to address this plan- 
ning problem is to employ the proposed emoFEM model for 
robust decision support.  

The evacuation schemes generated by the emoFEM mo- 
del are illustrated in Figures 1 to 3. For reaching destination 1, 
there are two paths available, including path 11 which consists 
of links 4 and 6 and path 12 which consists of links 2 and 7. 
As shown in Figure 1, most of the vehicles would be allocated 
to path 12 instead of path 11. In detail, on path 11, there 
would be only one light-duty vehicle. Neither medium-duty 
nor heavy-duty ones would be designated to this path. On path 
12, a total of 53 vehicles would be used, including 1 light-duty, 
0 medium-duty, and 52 heavy-duty ones. Although the length 
of path 12 (10.1 km) is slightly longer than that of path 11 (10 
km), for the same vehicle type, the travel time and released 
contaminants on path 12 would be less than those on path 11. 
This may be the reason why path 12 would become the prima- 
ry channel for transporting the evacuees to destination 1. The 
total number of vehicles used for transporting 3155 evacuees 
to destination 1 would be 54. Among these vehicles, 52 vehi- 
cles would be heavy-duty, and 1 would be light-duty. None of 
the medium-duty vehicles would be employed for reaching 
evacuation 1. 

For destination 2, the path could be path 21 (links 4 and 
5), 22 (links 4, 6 and 8), or 23 (links 2, 7 and 8). Path 21, 22, 
and 23 would have 27, 101, and 30 evacuation vehicles, re- 
spectively (Figure 2). Path 22 is thus the dominating evacua- 
tion path for destination 2. Of the 27 vehicles on path 21, 26 
would be medium-duty ones, while only 1 would be light-du- 
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Figure 1. Evacuation scheme for destination 1. 
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Figure 2. Evacuation scheme for destination 2. 
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Figure 3. Evacuation scheme for destination 3. 
 
ty. Heavy-duty vehicles would not be used on this path. On 
path 22, 92 light-duty and 9 medium-duty vehicles would be 
allocated. Similar to path 21, path 22 would not use heavy- 
duty vehicles either. On path 23, 27 light-duty, 1 medium- 
duty, and 2 heavy-duty vehicles would be employed. In total, 
158 vehicles would be employed for evacuating 3600 event 
participants to destination 2, including 120 light-duty, 145 
medium-duty, and 2 heavy-duty ones. Thus, heavy-duty vehi- 
cles would barely be used for destination 2. Comparatively, 
medium-duty vehicles would be heavily used, followed by 
light-duty ones. 

For destination 3, the evacuees would be transported via 
path 31 or 32. Path 31 includes only one link (i.e., link 1), and 
path 32 is comprised of two links (i.e., links 2 and 3). As 
illustrated in Figure 3, path 31 would be the primary path for 
the evacuees to reach destination 3. This is because that, 
among the vehicles designated to destination 3, 63 would take 
path 31, while 27 would take path 32. On path 31, most of the 
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Destination 1 Destination 2 Destination 3 Unused

Destination 1 Destination 2 Destination 3 Unused
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Destination 1 Destination 2 Destination 3 Unused

 

(a) Light-duty vehicles  

(b) Medium-duty vehicles  

(c) Heavy-duty vehicles  

Destination 1 Destination 2 Destination 3 Unused  
Figure 4. Utilization of the three types of vehicles: (a) light- 
duty vehicles; (b) medium-duty vehicles; and (c) heavy-duty 
vehicles. 
 
employed vehicles (i.e., 54) would be medium-duty ones. Be- 
sides the medium-duty ones, 9 heavy-duty vehicles would 
also be used on this path. For path 32, all of the vehicles (i.e., 
27) would be light-duty ones. None of the medium- and hea- 
vy-duty ones would be selected. Totally, 90 vehicles would be 
used to evacuate 2700 event participants to destination 3. 
Among these vehicles, 27 would be light-duty, 54 would be 
medium-duty, and 9 would be heavy-duty.  

All of the 7 available paths would be selected during the 
process of evacuation. This could be attributed to a number of 
facts. To new a few, the number of evacuees is large, the 
normal traffic flows on most of the road links are not heavy, 
and the requirements for air quality and emission control are 
stringent. In terms of vehicle selection, decision makers wou- 
ld prefer to employ medium-duty vehicles. This is concluded 
from the result that all of the 90 medium-duty vehicles would 
be utilized for evacuation. Light-duty vehicles would also be 
favored by decision makers, since that 149 of the 150 avai- 
lable light-duty vehicles would be used. In contrast, heavy- 
duty vehicles would be the last choice. Specifically, of the 125 
available heavy-duty ones, only 63 would be utilized. This is 
because that, despite of its largest loading capacity, a heavy- 
duty one possesses the highest unit operating cost and the 
poorest emission performance among these three vehicle 
types. Among the 149 light-duty vehicles utilized during the 
evacuation process, almost all of them (i.e., 120) would be 
allocated to destination 2, while a small portion would go to 

Table 5. Comparisons of Solutions from emoFEM and 
emoEM 

Solution 
Destination Path Vehicle i 

emoFEM emoEM
1 1 Light-duty 1 26 
  Medium-duty 0 87 
  High-duty 0 0 
 2 Light-duty 1 0 
  Medium-duty 0 1 
  High-duty 52 0 
2 1 Light-duty 1 1 
  Medium-duty 26 0 
  High-duty 0 0 
 2 Light-duty 92 5 
  Medium-duty 9 0 
  High-duty 0 2 
 3 Light-duty 27 0 
  Medium-duty 1 0 
  High-duty 2 56 
3 1 Light-duty 0 67 
  Medium-duty 54 2 
  High-duty 9 5 
 2 Light-duty 27 50 
  Medium-duty 0 0 
  High-duty 0 0 
Total evacuation time (hrs)  3789.1 3722.9 

 
destinations 1 and 3 (i.e., 2 light-duty and 27 heavy-duty for 
destinations 1 and 3, respectively). Of the 90 medium-duty 
vehicles, 36 and 54 vehicles would be assigned for destina- 
tions 2 and 3, respectively. In comparison, none of them wou- 
ld be used for reaching destination 1. As for the 63 heavy- 
duty vehicles adopted for evacuation, most of them (i.e., 52) 
would be designated to destination 1. Those used for destina- 
tions 2 and 3 would be merely 2 and 9, respectively (Figure 
4).  

The solution for λ (i.e., the overall satisfaction degree) 
would be 0.74. It represents the degree to which the model’s 
solution fulfills the fuzzy goals and constraints. As discussed 
above, decision makers’ aspiration level for the total evacu- 
ation time is [3000, 6000] hrs. This means that they would not 
accept a scheme if the evacuation time is greater than 6000 
hrs, while they would be totally satisfied if the evacuation 
time is no more than 3000 hrs. Their satisfaction degree 
would gradually ascend when the evacuation time reduces 
from 6000 to 3000 hrs. Corresponding to the optimized satis- 
faction degree of 0.74, the optimal evacuation time would be 
3789 hrs in this study. Likewise, the tolerance interval for the 
maximum CO emission amount is [2.75, 3.30] × 105 g, and 
the optimized amount of emitted CO would be 2.89 × 105g. 
The proposed emoFEM model could fulfill decision makers’ 
fuzzy management goals, and directly communicate ambi- 
guous information into the optimization process. Moreover, 
emoFEM allows moderate constraint violations by relaxing 
the constraints within tolerance intervals. This would facilitate 
the analyses of interactions between system optimality and  
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system satisfaction. In detail, a lower satisfaction degree co- 
rresponds to a higher evacuation time; comparatively, a higher 
satisfaction degree would suggest reduced evacuation time 
and improved system efficiency. This feature makes it supe- 
rior to a deterministic model because the latter one would be 
simply infeasible when any of the constraints is violated.  

To demonstrate the effectiveness of emoFEM, its solu- 
tions are compared to those obtained from the emoEM model. 
In emoEM, all of the fuzzy sets are simplified into crisp (i.e., 
deterministic) values. As indicated in Table 5, these two mo- 
dels would generate different solutions, and thus provide 
different vehicle allocation plans and routing strategies. For 
example, according to emoFEM, path 2 and light-duty vehi- 
cles would be the primary path and vehicles for reaching des- 
tination 2, respectively. In comparison, as provided by emo- 
EM, path 3 would be the primary path for destination 2, and 
most of the employed vehicles on this path would be high- 
duty ones. Such differences in solutions are attributed to the 
fact that emoFEM could address fuzzy membership functions 
that are oversimplified in emoEM. In emoEM, only the values 
with the highest membership grade (i.e., 1) would be used. 
Thus, emoEM merely represents one of the numerous inputs 
embedded within the emoFEM model. In other words, emo- 
EM only considers a special case of emoFEM. Moreover, e- 
moFEM could provide system-satisfaction information asso- 
ciated with the obtained solutions, which is beyond the capa- 
bility of emoEM. Generally, compared to emoEM, emoFEM 
represents a more realistic reflection of the complexities in 
event-related evacuation systems, leading to enhanced system 
robustness.  

4. Conclusions 

This study sought to provide a scientific basis for emi- 
ssion-mitigation-oriented evacuation planning in the face of 
uncertainty. An emission-mitigation-oriented fuzzy evacuation 
management (emoFEM) model was proposed to support in- 
tegrated event-related evacuation management under a fuzzy 
environment. Besides evacuation efficiency, a number of im- 
portant factors (e.g., contaminant emission, economic cost and 
resource availability) were incorporated into the modelling 
framework, helping identify timely, safe and cost-effective e- 
vacuation schemes without significant disturbance over nor- 
mal municipal traffic and environmental quality. Fuzziness in 
the model’s goals, stipulations and coefficients could be quan- 
tified and directly communicated into the optimization pro- 
cess, greatly improving conventional tools for evacuation ma- 
nagement under uncertainty. 

The results acquired from the application of the deve- 
loped modelling and solution approach to a hypothetic evacu- 
ation network justified its theoretical and practical value. 
Useful solutions were generated in the case study, helping 
generating desired vehicle allocation plans and routing stra- 
tegies with evacuation purposes. Compromising schemes ba- 
lancing the objectives of higher system efficiency, less conta- 
minant emission, and lower economic cost could be achieved. 
The results would also support in-depth analyses of interact- 

tions among system optimality and satisfaction. The advan- 
tages of the proposed emo-FEM model were further revealed 
through comparing its solutions to those from its deterministic 
counterpart. 

Although emoFEM represented an attempt in the field of 
event-related evacuation planning under uncertainty, its per- 
formance could be improved through further efforts. Integra- 
tion of probability theory into the general framework of emo- 
FEM would be helpful for addressing more complex uncer- 
tainties in evacuation management systems. Also, a computer- 
aided decision support system could be advanced through 
coupling the obtained evacuation plans with practical evacu- 
ation operations, in which the emoFEM model could be one 
of the inexact modelling modules. 
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