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Notations

Abbreviations:
AFSA – artificial fish swarm algorithm;

APF – approximate Pareto front;
CV – combustion vehicle;

ECC-LRP-CS – EV cold chain logistics location-routing 
problem with charging-stations;

ELRP – EV location-routing problem;
EV – electric vehicle;

EVRP – EV routing problem;
IAFSA – improved AFSA;
LCOA – label-based charging-station optimization 

algorithm;
NA – numerical algorithm;
RPF – real Pareto front.

Sets:
C –	 set of customers;
D –	set of candidate depots;
K –	 set of EVs;
S –	 set of candidate charging-stations;
V –	 set of all nodes, i.e., V D S C= È È .

Variables:
bmin – minimal remaining battery power [kWh];
Cev – loading capacity of the EVs [kg];
CB – battery capacity [kWh];
ev
ikC   – cargo demand of EV k at node i [kg];
D
jC   – capacity of depot j [kg];
ce – electricity price [¥/kWh];
d
ic   – construction cost for depot i [¥];
f
kc   – fixed use cost for EV k [¥];
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r
kc   – renting cost of EV k [¥/h];
s
kc   – driver salary [¥/h];
cl – late cost per time [¥/h];
o
sc   – fixed cost of opening charging-station s [¥];

cw –  waiting per time [¥/h];
c1 – refrigeration cost in the transportation process 

[¥/h];
c2 – refrigeration cost in the unloading process [¥/h];
c
id   – customer demand [kg];
a
ikE   – battery power once EV k arrives charging-station 

i [kWh];
ava
ikE   – usable battery power when EV k  leaves node 

i [kWh];
d
ikE   – battery power once EV k  leaves charging-station 

i [kWh];
ei – earliest allowed service time of customer i;
li – latest allowed service time of customer i;

NMV – maximum amount of the EVs at the depot;
Pik – time penalty cost when EV k  arrives at customer 

i [¥/kg];
p – unit price of goods [¥/kg];
c
vp   – speed-related unit distance power consumption 

[kWh/km];
D
jT   – hard time window of depot j;
s
it   – service time, i.e., unloading time of the EV for cus-

tomer i [h];
tijk – traveling time between i and j of EV k [h];
a
ikt   – time once EV k arrives at customer i;
d
ikt   – arrival time delay [h];
w
ikt   – waiting time [h];
c
skt   – charging time [h];
ub – utilization efficiency of the battery capacity [%];
v – traveling speed of the EVs [km/h];
α – rate of deterioration in the transportation process;
β – rate of deterioration in the unloading process;

Φi – visited customers set of EV k  when it begins to 
serve customer i;

Ψ – sufficiently large positive number.

Decision variables:
xijk – 1 if arc (i, j) is travelled by EV k and 0 otherwise;
yj – 1  if candidate depot j  is constructed and 0  oth-

erwise; 
zs – 1 if candidate charging-station s is constructed and 

0 otherwise.

1. Introduction 

The achievement of carbon neutrality target has been 
a  task of top priority in developing low-carbon econo-
my. As the low temperature environment should be main-
tained to make sure the quality of the frozen product, the 
cold chain logistics has the characteristic of high carbon 
emission in the logistics industry. James, S. J. & James, C. 
(2010) illustrate that the amount of carbon emission from 
cold chain logistics accounted for nearly 1% of the global 
carbon emission. Meanwhile, with the rapid growth of de-

mands for seafood, fruit, vaccines and other temperature-
sensitive products, the cold chain logistics is advancing 
rapidly. To achieve the goals of carbon peak and carbon 
neutralization, it is necessary to build a  low-carbon cold 
chain logistics system to deal with the prominent contra-
diction between the carbon emission control and the scale 
expansion of cold chain logistics. Therefore, the low-car-
bon cold chain logistics has been a research highlight. For 
example, Wang et  al. (2017), Zhang et  al. (2019c), Leng 
et  al. (2020) and Song et  al. (2020) consider the carbon 
emission cost of CVs in the cold chain logistics routing 
optimization model.

EVs are considered as an effective way of reducing car-
bon emissions that makes them strongly popularized by 
the governments around the world (Zhang et al. 2019b). 
Therefore, it is becoming increasingly important to estab-
lish a sustainable cold chain logistics network with the us-
age of EVs instead of CVs. Nevertheless, EVs are still fac-
ing weaknesses related to range anxiety (Sassi, Oulamara 
2017), long recharging time (Jung, Jayakrishnan 2012) and 
lack of availability of charging infrastructures (Eggers, Fe., 
Eggers, Fa. 2011). Therefore, to realize the electrification of 
cold chain logistics network, an ECC-LRP-CS is firstly pro-
posed in this study, which considers as an integrated op-
timization of the location of depots, the delivery routing 
of EVs, the time planning for visiting all customers and the 
location of charging-stations.

Currently, some related studies have discussed the 
EVRP (e.g., Zhang et al. 2020; Bac, Erdem 2021), while not 
considering the charging infrastructures location problem. 
It is a key decision to select the optimal location of the 
charging infrastructure to minimize the construction cost 
and distribution cost. The ELRP is relatively recent even if it 
can achieve environmental benefits (Çalık et al. 2021). Yang 
& Sun (2015), Hof et  al. (2017), Jie et  al. (2019), Zhang 
et al. (2019b) and Sayarshad et al. (2020) research the ELRP 
with battery swap station. Although battery swap takes 
less time to replace the battery, additional land needs to 
be purchased or leased to build a battery warehouse for 
storing the battery pack. Recharging by charging-station 
is the most common way for EVs, which can divided into 
full recharging (Ghobadi et al. 2021) and partial recharg-
ing (Schiffer, Walther 2017). Nevertheless, the abovemen-
tioned studies focus on ordinary logistics, while not taking 
into account cold chain logistics. Also, the location of de-
pots is not considered. Zhao et al. (2020) consider the use 
of EVs in cold chain logistic distribution, while not taking 
into account the charging infrastructure and depot loca-
tion problems.

The introduction of EVs will add the complexity of 
the associated cold chain logistics LRP including model-
ling and algorithm designing. Common ground in liter-
ature is the lack of an effective approach to design the 
ECC-LRP-CS. Therefore, this study aims at integrating EVs 
into the cold chain logistics to firstly optimize ECC-LRP-
CS to achieve sustainable development targets including 
reducing carbon emission and logistics cost, and improv-
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ing customer satisfaction. A multi-objective optimization 
model is presented to address the simultaneous optimiza-
tion problem of the location of depots, the delivery rout-
ing of EVs, the time planning for visiting all customers and 
the location of charging-stations. The 1st objective is the 
minimization of cold chain logistics cost, whereas the 2nd 
objective aims at maximizing cold chain logistics network 
efficiency. 

Given that LRP is NP-hard, many heuristics have been 
proposed for solving this problem and its variations (Lin, 
Kwok 2006). For instance, population metaheuristics (Koç 
et al. 2016; Zhang et al. 2019c), simulated annealing (Yu 
et al. 2021) and adaptive large neighbourhood search al-
gorithms (Yang, Sun 2015), in which the AFSA is the typical 
population metaheuristic that mimics the foraging activi-
ties of fish swarm (Li 2002). With the characteristic of par-
allel executing swarming, following, preying and random 
behaviours, the AFSA has the strong search ability and the 
fast convergence speed to find the global optimal solu-
tion and does not ask for much on the initial solutions, 
and has been widely used to solve travelling salesman 
problem (Yang 2014), multidimensional knapsack prob-
lem (Azad et al. 2014), reliability-redundancy application 
problem (He et al. 2015), multi-objective fuzzy disassem-
bly line balancing problem (Zhang et al. 2017), cold chain 
logistics VRP (Song et al. 2020) and so on. Moreover, the 
IAFSA is considered as an efficient algorithm for multi-
objective problems, achieving a set of Pareto-efficient so-
lutions (Zhang et al. 2017; Liu et al. 2020b). As far as we 
know, the AFSA has not yet been developed for cold chain 
logistics LRP. Therefore, an integrated algorithm that com-
bines an IAFSA and a LCOA is used to tackle the presented 
model in this study. The IAFSA can take input from exter-
nal procedure-based declarations (i.e., LCOA) during the 
optimization process. Moreover, in AFSA-based optimiza-
tion, one can, in order to improve efficiency, incorporate 
problem-specific information and expertise during the op-
timization process (by appropriately modifying the fish-
swarm behaviours) or at its start (by appropriately deter-
mining the initial fish swarm). Furthermore, the proposed 
algorithm handles boundary conditions on decision vari-
ables through coding of variables. It ensures that variables 
are always within the stated bounds. As a result, the above 
characteristics of the proposed algorithm make it possible 
to solve the ECC-LRP-CS to obtain the optimal or near-op-
timal solutions. In addition, this study compares with the 
designed instances that solved by the NA to assess the 
quality of obtained results, and also adopts performance 
metrics to assess the performance of the developed al-
gorithm in the ECC-LRP-CS. Furthermore, the sensitivity 
analyses of battery driving range and the traveling speed 
of EVs are proposed.

Therefore, the principal contributions of this study are 
as follows:
	■ our work is the 1st to study the ECC-LRP-CS by jointly 
optimizing the location of depots, the delivery routing 

of EVs, the time planning for visiting all customers and 
the location of charging-stations, while several practical 
constraints, like soft time windows, capacity limitation 
of depot, energy consumption of EVs, are considered;

	■ a multi-objective optimization model is defined for the 
ECC-LRP-CS in which environmental, logistics enterprise, 
and customers are all considered;

	■ an integrated algorithm framework is developed, where 
the IAFSA is used to tackle the LRP with time windows, 
and the LCOA is developed to deal with the charging-
station location problem in the cold chain logistics net-
work.

The remainder of this article is organized as follows: 
Section 1 – is introduction, in Section 2  the multi-objec-
tive optimization model is proposed; Section 3 provides 
the solution method for the ECC-LRP-CS. Section 4 gives 
the computational experiments and reports analyses of the 
results, followed by Section 5 (conclusions).

2. Model establishment

2.1. Problem description

The ECC-LRP-CS is defined on a  complete and directed 
graph, which combines a customer set, a candidate depot 
set, a candidate charging-station set and an edge set, as 
shown in Figure 1. Each customer has a delivery demand, 
a service time and a soft time window. Each candidate de-
pot has a capacity and a time window. Only EVs are con-
sidered, and each of them executes at most one trip. Each 
customer is served only once by an EV and depot. One 
cargo type is considered. The total cargo of each EV can-
not exceed its loading capacity. At the beginning of the 
distribution work, each EV leaves the depot to service the 
customers, then returns back before closing time. During 
the service, if the EVs need to be recharged, any charging-
station can be selected. Moreover, each EV starts charg-
ing as soon as it reaches the charging-station, and does 
not consume electricity when servicing customers. Further-
more, the real traffic conditions are not considered, i.e., 
the traveling speed of the vehicles is constant. The change 
of ambient temperature outside the carriage only affects 
the consumption of refrigeration equipment. The temper-
ature in the refrigerated carriage is constant during trans-
portation. The demand, location and soft time window of 
each customer, and the locations of each candidate depot 
and each candidate charging-station are deterministic and 
known in advance.
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Figure 1. Example ECC-LRP-CS route chart
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2.2. Model

A multi-objective optimization model of the ECC-LRP-CS 
is proposed. The objectives are to minimize cold chain lo-
gistics cost and maximize cold chain logistics network ef-
ficiency. The 1st objective Z1 addresses 6 components, i.e., 
fixed cost C1 including the construction cost for depots 
and the fixed use cost for EVs, variable cost C2 depend-
ent on the total traveling time containing the renting cost 
of EVs and the driver salary, power consumption cost dur-
ing the distribution process C3, refrigeration cost C4 in-
cluding those during transportation and the process of 
unloading, recharging cost C5, and construction cost for 
charging-stations C6, as shown in Equations (3)–(8). The 
2nd objective Z2 is realized by minimizing the total penalty 
cost, including time penalty cost C7 aiming at completing 
the distribution of cold chain products within the speci-
fied time period in Equations (9) and (10) and cargo dam-
age cost C8 including the damage cost for the transporta-
tion process and the open-door process in Equation (11)  
(Leng et al. 2020).

( )1 1 2 3 4 5 6min minZ C C C C C C= + + + + + ; 	 (1)

( )2 7 8min minZ C C= + ; 	 (2)

1
fd

i i k ijki D k K i D j C
C c y c x

Î Î Î Î
= × + ×å å å å ; 	 (3)

( )2
r s

ijk ijk k kk K i D j C
C t x c c

Î Î Î
= × × +å å å ;	  (4)

3 , ,
c

e v ijk ijkk K i j V i j
C c p v t x

Î Î ¹
= × × × ×å å ;	  (5)

4 1 2, ,
s

ijk ijk ik K i j V i j i C
C c x t c t

Î Î ¹ Î
= × × + ×å å å ; 	 (6)

( )5
d a

e ik ik ijkk K i S j C D
C c E E x

Î Î Î È
= × - ×å å å ; 	 (7)

6
o
s ss S

C c z
Î

= ×å ;	  (8)

7 ikk K i C
C P

Î Î
=å å ;	  (9)

( )

( )
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a
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P e t l

c t l t l

ìï × - <ïïïï= £ £íïïï × - >ïïî
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c
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

Î
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åå å å

1
s
jj i

t
c
i ijkk K i C j V

p d x e 


Î
- ×

Î Î Î

æ öæ ö÷ç ÷ç ÷÷ç ç ÷× × × - ÷ç ç ÷÷ç ç ÷÷÷ç ç ÷ç è øè ø

åå å å . 		  (11)

Constraint (12) indicates that each customer should be 
served only once. Constraint (13) is the flow conservation. 
Constraint (14) ensures that each customer is only served 
by one EV. The capacity limitation of EVs is established by 
Constraint (15). Constraint (16) guarantees that the EV ca-
pacities are always respected.

1ijkk K i V
x

Î Î
=å å , j C" Î ; 	 (12)

ijk jikk K i V k K i V
x x

Î Î Î Î
=å å å å , j C" Î ;	  (13)

,
1ijk jmgg K k g m V

x x
Î ¹ Î

+ £å å , i V" Î , j CÎ , 

k KÎ ; 	 (14)

0 ev ev
ikC C£ £ , i D" Î , k KÎ ; 	 (15)

( )0 1ev ev c ev
jk ik i ijk ijkC C d x C x£ £ - × + × - ,

i" , j VÎ , i j¹ , k KÎ . 	 (16)

Constraints (17)–(22) are time window constraints. 
Constraints (17) and (18) guarantee that each EV is able 
to service in its own time window. Constraints (19) and 
(20) calculate the waiting time if the EV reaches earlier 
and the punishment for time delay, respectively. The con-
straint on the time windows for depots is shown in Con-
straint (21). Constraint (22) indicates the time relationship 
between customers. 

a
ik it l£ , k Î K; 	 (17)

( )a w
i ik ik ie t t l£ + £ , k Î K; 	 (18)

( )max 0,w a
ik i ikt e t= - , k Î K; 	 (19)

( )max 0,d a
ik ik it t l= - , k Î K; 	 (20)

a D
jk jt T£ , j Î D, k Î K; 	 (21)

( )1a a w s d
jk ik ik i ijk ik ijkt t t t t t x ³ + + + - + - × ,

i Î C, j Î V, i ¹ j, k Î K. 	 (22)

Constraints (23)–(29) are depot constraints. Constraints 
(23) and (24) enforce the routes should start and end at 
a  same depot. Constraint (25) limits the depot capaci-
ty. Constraint (26) guarantees that each customer must 
be served by only one depot. Constraints (27) and (28) 
state the logical relationship between the open of the de-
pot and the service activities. Constraint (29) restricts the 
amount of total EVs at the depot.

ijk jiki C S i C
x x

Î È Î
=å å , k Î K, j Î D; 	 (23)

,
2ijk imk jnkn D m n

x x x
Î ¹

+ + £å ,

k Î K, i, j Î C, m Î D; 	 (24)

c D
i ijk j jk K i C

d x C y
Î Î

× £ ×å å , j Î D; 	 (25)

1ijkj D
x

Î
=å , k Î K, i Î C; 	 (26)

ijk jx y£ , k Î K, i Î C, j Î D; 	 (27)

ijk jk K i C
x y

Î Î
³å å , j Î D; 	 (28)

ijk jik MVk K i V k K i V
x x N

Î Î Î Î
= £å å å å , j Î D. (29)

Constraints (30)–(32) are charging-station constraints. 
Constraints (30) and (31) state the logical relationship be-
tween the construction of the charging-station and the 
recharging activities. Constraint (32) states that the arriv-
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al time at node j by EV k cannot be earlier than the time 
when it leaves the charging-station s  plus the traveling 
time during the distribution.

d
sk B sE C z£ × , s Î S, k Î K; 	 (30)

d
s skz E£ , s Î S; 	 (31)

( )a a c
jk sk sjk sk sjkt t t t x³ + + × ,s Î S, j Î V, s ¹ j, k Î K. (32)

Constraints (33)–(37) are energy consumption con-
straints. Constraint (33) guarantees that each EV has ad-
equate remaining battery power to visit the charging-
station and the depot. Constraint (34) indicates that the 
battery power of EV k at node j cannot larger the usable 
battery power when EV k leaves node i subtracts the bat-
tery power consumed between nodes i and j. Constraint 
(35) ensures that each EV is fully recharged from the de-
pot. Constraint (36) ensures that the battery is not over-
charged.

ava d
ik b ikE u E b= × - bmin , mini D S" Î ÈS; 	 (33)

( )1a ava c
jk ik v ijk ijk B ijkE E v p t x C x£ - × × × + × - ,

i, j Î V, i ¹ j, k Î K; 	 (34)

d
ik BE C= , i Î D, k Î K; 	 (35)

0 d
sk BE C£ £ , s Î S, k Î K. 	 (36)

3. Solution method for the ECC-LRP-CS

This section develops an integrated algorithm in which the 
IAFSA is embedded with a LCOA to solve the ECC-LRP-CS. 
The general framework of the integrated algorithm is giv-
en in Algorithm 1. Generate the initial population accord-
ing to the initialization procedure (line 1). Then an artificial 
fish is randomly selected from the population to sequen-
tially execute preying, swarming and following behaviours, 
while the random behaviours are executed as supplemen-
tary, to optimize the location of depots, the delivery rout-
ing of EVs and the time planning for visiting all the cus-
tomers (lines 3…6). Subsequently, the LCOA is presented to 
tackle the charging-station location problem for each de-
livery route (line 7). The modified food concentration ap-
plied to evaluate the solution is determined by the ranking 
and density values, which calculate based on the objec-
tives (line 8) (Liu et al. 2020b). After that, update the elitist 
set (line 9) and generate the next generation according to 
it (line 10). Specifically, if the amount of elitist solutions in 
the elitist set is less than NPop, the solutions from current 
population on the basis of their food concentrations from 
large to small together with the elitist set are formed the 
population in the next generation. Otherwise, the NPop so-
lutions from the elitist set are selected based on the densi-
ty values from small to large to form the population in the 
next generation. When maxgen is reached, the proposed al-
gorithm terminates (line 11). The concrete implementation 
of the developed algorithm is given in the follows.

3.1. Initialization

Figure 2 describes a solution (i.e., an artificial fish) encod-
ing. A 2-step initialization procedure is used to generate 
an initial artificial fish, then copy an initial artificial fish to 
NPop to construct the initial population:
	■ Step 1: Assign customers to depots. Determine the clos-
est depot for each customer, then assign each customer 
to its nearest depot without violating the depot capac-
ity. Due to depot capacity constraint, if the customers 
cannot be assigned to their nearest depots, they will be 
assigned to their sub-nearest depot, and so on until all 
customers are assigned. Create a  list Listd to store the 
customers corresponding to the depot d; 

	■ Step 2: Construct routes for each depot; 
	■ Step 2.1: Select a depot d; 
	■ Step 2.2: Assume that each customer is served by 
a unique EV. Construct |Listd| routes and put them into 
list Listr;

	■ Step 2.3: If the route in the Listr satisfies the range con-
straint, it will put into list Listf, otherwise put into list 
Listnonf;

	■ Step 2.4: Select a route r in Listnonf, then insert a charg-
ing-station s  from the candidate charging-station 
set into a  location that minimizes the insertion cost 

( ) ( ), isk sdk idkIC i s t t t v= + - ×  between node i  and de-
pot d. The route r will put into Listf and delete from List-
nonf if the range constraint is meet after inserting, and 
delete from Listnonf otherwise. The route including mul-
tiple charging-stations is not considered at this stage. 
Repeat Step 2.4 until Listnonf is empty;

	■ Step 2.5: By using Insertion Heuristics proposed by Solo-
mon (1987), routes in Listf are merged. 1st, a seed cus-
tomer i*, which has the farthest geographical distance 
compared to the depot or the earliest allowed service 
time is chosen and deleted from Listd. Then a customer 
c not on the route is selected from Listd to insert into the 
best feasible insertion place u with a minimum measure, 
as shown in Equations (37)–(40);

	■ Step 2.6: If the EV capacity constraint is violated, execute 
Step 2.5 and find a new seed customer from Listd. Oth-
erwise, delete customer c from Listd, and check whether 
the newly constructed route meets the range constraint. 
If the range constraint is not meet, insert a charging-sta-
tion and execute Step 2.5 until Listd is empty.

( ) ( )1 11, , , ,IC i u j C i u j= × +

( ) ( )2 12 3 13, , , ,C i u j C i u j × + × ; 	 (37)

( )11 , , iuk ujk ijkC i u j t t t= + - , 0³ ; 	 (38)

Figure 2. Example of a solution encoding
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( ) ,
12 , , a new a

jk jkC i u j t t= - ; 	 (39)

( )13 , , a
u ukC i u j l t= - , 	 (40)

where: α1, α2, α3 are nonnegative weight value, α1 + α2 + 
α3 = 1; ,a new

jkt  is the new arrival time at node j by EV k.

3.2. Fish swarm behaviours

Randomly choose an artificial fish AFSa from the swarm to 
sequentially execute preying, swarming and following be-
haviours, while the random are executed as supplementa-
ry, to optimize the locations of depots, the delivery routes 
and the time planning for visiting all customers. If the dis-
tance between 2 solutions AFSa and AFSb is less than vis-
ual scope, AFSb is the fish in the N(AFSa), where N(AFSa) is 
the neighbouring set of AFSa. To keep the diversity of each 
solution as much as possible, the distance between 2 so-
lutions is defined by the Equation (41) (Luo et al. 2015): 

( ),a bDis AFS AFS =

{ }( ), , ,1
, 1, ..., ,

R
k a r b r k b rr

C

c sc sc r R c sc

N
¢ ¢

=
= Î Î¢å , 	(41)

where: NC is the amount of customers in solution; R is the 
maximum amount of routes of the system; ck is the cus-
tomer in a route; sca,r  is the list of visits of the customers 
in the route r of AFSa. 

The preying behaviour is a kind of operator that AFSa 
learns from the better state AFSb in the N(AFSa) through 
a certain number try_N of random searches. The execute 
rule of the preying behaviour is described in the follow-
ing. 1st, identify the same depot in AFSb and AFSa, then 
exchange the routes, which serviced by the depot, and de-
lete the duplicate customers in the AFSa. In this case, the 
number of customers may be missing in the AFSa. 2nd, 
the missing customers are reinsert into AFSa according to 
the minimum insertion cost calculated by Equation (42) to 
generate a new artificial fish AFSoff. In Equation (42), not 
only the extra distance and extra time is considered when 
customer c  insert in the location u of the route r, the ca-

pacity constraint and the range constraint of the EV are 
also considered. Moreover, if the best feasible insertion 
place cannot be found, a new route will be opened and 
assigned to its nearest depot.

( )( 1 11 , ,cAIC C i u j = × × +

( ) ( ))2 12 3 13, , , ,C i u j C i u j × + × +

( )
'

1
r r

w ww W w W
s s ¢

¢Î Î

æ ö÷ç ÷ç- × - +÷ç ÷÷çè øå å

max , 0
r

ev ev
ckc C

C C
Î

æ öæ ö ÷ç ÷ç ÷÷çç× - ÷÷çç ÷÷ç ÷ç ÷çè øè øå , 	 (42)

where: 0,1 é ùÎ ê úë û ; sw is the battery effectiveness of node 
w of route r, i.e., if 0a

wkE < ; a
w wks E= , otherwise sw = 0; 

Wr, rW ¢  are the node sets of route r before and after in-
sertion, respectively; Cr is the customer set of route r af-
ter insertion.

The following behaviour is to learn from the optimal 
solution AFSbest in the N(AFSa). The swarming behaviour 
is to learn from the centre state in the N(AFSa) which is 
defined with the largest route repetition coefficient LRRC 
in Equation (43). Both behaviours will be executed if their 
learning objects have higher food consistence and is not 
too crowded. The execute rules of 2 behaviours are the 
same as the execute rule of preying behaviour.

( )

( )
( )

1

1 1
max a

a

R N AF

r cb N AFS
LRRC a

Î ¢

-

= =

æ ö÷ç ÷ç ÷= ç ÷ç ÷÷çè ø
å å , 	 (43)

where: , ,b r c ra sc sc ¢ ¢¢= = , { } ( )1, ..., , 0, 1r R Î Î¢¢ ;  λ  is 
binary decision variable indicating whether , ,b r c rsc sc¢ ¢¢= .

If the preying, swarming and following behaviours can-
not be executed, the random behaviour will be execut-
ed. The random behaviour is implemented for the AFSa 
by 3  types of mutation operators (i.e., random customer 
selecting operator, random depot selecting operator and 
random charging-station selecting operator). The mutation 
operators are selected based on the weights, which are 
automatically adjusted according to their historical perfor-
mances (Ropke, Pisinger 2006):

Algorithm 1. The general framework of the integrated algorithm

1:   Initialization: initialize a population with size NPop

2:   while number of iterations <maxgen do
3:        Selection: retain the optimal solution and randomly select an artificial fish from the remaining solutions
4:        Fish swarm behaviours: optimize the location of depots, the delivery routing of EVs and the time planning for visiting all the    
           customers
5:	 Sequentially execute preying, swarming and following behaviours
6:	 Execute random behaviours as supplementary according to their historical performance
7:        LCOA: Optimize the location of charging-stations 
8:        Solution evaluating: Calculate the ranking value and the density value to modify the food concentration
9:        Elitist updating: Introduce new Pareto optimal solutions and remove dominated ones
10:      Generation updating: Generate the next generation according to elitist set
11:   end while
12:   Return elitist set
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	■ random customer selecting operator. Select Nr customers 
at random and remove them from the AFSa. Then place 
them back to the AFSa based on the insertion cost cal-
culated by Equation (42). 

( )( )1 2 1 3r CN N   = + - × × ,	  (44)

where: μ1, μ2, μ3 are the random number, ( )1 2, 0, 1  Î
 
, 

1 2 £ , 3 0, 1 é ùÎ ê úë û ;

	■ random depot selecting operator. This operator is exe-
cuted by randomly selecting Method 1 and Method 2. 
Method 1  indicates that randomly select one opened 
depot d and close it, then delete the customers, which 
served by d. Method 2  indicates that randomly select 
one opened depot d and close it, then delete the cus-
tomers, which served by d, after that, select an unused 
depot by a  roulette wheel mechanism. The probability 
of choosing an unused depot is inversely proportional 
to the distance from the d. In above 2 methods, the de-
leted customers are placed back to the solution based 
on Equation (42); 

	■ random charging-station selecting operator. Remove 
routes with the maximum contribution CRr defined by 
Equation (45) until Nr customers are removed, means 
removing routes that visit more charging-stations and 
fewer customers. The selected Nr customers are reinsert 
to the solution based on Equation (42). 

r r
C S

r r r
C S

N N
CR

N N
+ ×

=
+

, 	 (45)

where: r
CN , r

SN  are the amount of customers and 
charging-stations in route r, respectively; τ is a prede-
fined parameter.

3.3. Charging-station optimization

Select a solution from the population in turn to optimize 
its location and size of charging-stations for each route by 
the proposed LCOA; then get a route set R from this solu-
tion; create an empty route set R*:
	■ Step 1: select a route r RÎ  and remove all of the charg-
ing-stations in route r  and fix the order of customers. 
Create the current best route r*← r, and a route TreeSet 
TS and put r into TS. 1R R= - ;

	■ Step 2: select and delete a route rʹ from TS. Calculate the 
remaining battery power Bw for each vertex in route rʹ. 
Let Bmin = min{Bw}min. If Bmin < 0, find the 1st unreach-
able node w* in route rʹ. Then identify suitable insertion 
points of the charging-stations in CIL with the minimum 
insertion costs, where CIL denotes the candidate inser-
tion point set before w*. Let rʺ← rʹ, and put rʺ into TS. 
If Bmin ³ 0, a comparison mechanism according to the 
label ( ), , , ,fs tc ns vb fl¢ ¢ ¢ ¢ ¢  is adopted to select the best 
candidate route for the next extension, where fsʹ equals 
to 1  if the route is feasible, and 0 otherwise, tcʹ is the 
traveling cost, nsʹ is the amount of charging-stations in 
the route, vbʹ represents the amount of violated battery 
level, flʹ represents the location of the 1st unreachable 

node (Jie et al. 2019). If label ( ), , , ,fs tc ns vb fl¢ ¢ ¢ ¢ ¢  is bet-
ter than label ( )* * * * *, , , ,fs tc ns vb fl , let r*← r;

	■ Step 3: if TS is not empty, go to Step 2. Otherwise, put 
r* into R*;

	■ Step 4: if 0R ¹ , go to Step 1. Otherwise, output a new 
route set R*.

4. Computational experiments

4.1. Implementation and parameter 
configurations

As there are no available benchmark instances to assess 
the approaches for the ECC-LRP-CS, the instances with dif-
ferent number of customers are constructed. The num-
ber of customers is set to { }20, 30, 40, 50, 60C = , and 
the number of depots is to 5. All customers and depots 
are randomly located in the square interval 2

0, 100é ùê úë û  km 
in a uniform distribution. Each customer demand is ran-
domly selected using a uniform distribution in the range 
10, 500é ùê úë û kg. The service time of each customer i is depend-

ent on its total delivery demand, i.e., 1800
c
is

i c
i

i C

d
t

d
CÎ

= ×

å
 

(Leng et  al. 2020). The soft time windows of each cus-
tomer are randomly selected using the method developed 
by Solomon (1987). Moreover, each depot capacity is ran-
domly selected using a uniform distribution in the range 
3000, 7000é ùê úë û  kg. The construction cost of each depot is 
also randomly generated using a uniform distribution in 
the range 85000, 100000é ùê úë û ¥ (Koç et al. 2016). As the life-
time of each depot is set to 10 years, the construction cost 
of each depot can be converted into one day. 

The number of charging-stations is set to 
{ }5, 7, 9, 11, 13S =  and also randomly located in the 

square interval 2
0, 100é ùê úë û  km in a uniform distribution (Sch-

neider et al. 2014). The construction cost of a candidate 
charging-station equals to 55.26 ¥, which is calculated by 
dividing their costs by the number of days within their 
lifetime (Çalık et al. 2021). Moreover, the battery driving 
range is set to 1.6 times the maximum Euclidean distance 
between any 2 nodes in the study area (Schneider et al. 
2014). The capacity of the EVs is 1.33 tons. The utiliza-
tion efficiency of the battery capacity is 90%. The minimal 
remaining battery power equals 10% of battery capacity. 
The renting cost of each EV, the driver salary and the fixed 
use cost for each EV are 15 ¥/h, 25 ¥/h and 70 ¥, respec-
tively (Leng et al. 2020). The speed-related unit distance 
power consumption is calculated by 0.228324.69c

vp v-= ×  
(Zhou et al. 2016). The electricity price is 0.60 ¥/kWh. The 
values of the parameters involving the traveling speed of 
the EV, the refrigeration cost in transportation and un-
loading process, the rate of deterioration in transporta-
tion and unloading process, the unit price of goods, the 
waiting and the late costs of unit time are given by Zhang 
et al. (2019c). Moreover, the parameters of visual scope, 
try number, crowd level are given by Song et al. (2020).
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4.2. Computational results

In Figure 3, the Pareto front of 5 instances are presented. 
As expected, when the total penalty cost decreases, the 
cold chain logistics cost increases. This indicates that the 
conflict of the 2 objectives in model. In addition, to evalu-
ate the performance of the integrated algorithm, this sub-
section firstly compares the results obtained by NA and 
the developed integrated algorithm, and then uses perfor-
mance metrics to compare the RPF and the APF.

Li et al. (2017) state that the evaluation of algorithm 
contains the proximity to the RPF and the diversity among 
non-dominated solutions. In this study, generational dis-
tance IGD (Zitzler et  al. 2003), inverted generational dis-
tance IGD (Zhou et al. 2017) are selected to measure the 
convergence and diversity of the obtained solutions, which 
are shown in Equations (46) and (47), respectively. Spac-
ing IS (Li et al. 2017) is the performance metric to measure 
the range variance of neighbouring solutions in the Pareto 
optimal solutions as defined in Equations (48) and (49).

( )( ),
i APF

GD

Ed APF i RPF
I

APF
Î

=
å

;	  (46)

( )( ),
i RPF

IGD

Ed RPF i APF
I

RPF
Î

=
å

; 	 (47)

2
min,

min,

1

i
ii RPF i RPF

S

d
d

RPF
I

RPF

Î Î

æ ö÷ç ÷ç ÷-ç ÷ç ÷ç ÷è ø
=

-

å å
; 	 (48)

( )( ) ( )( )(min, 1 1i j APF
d min Z RPF i Z APF j

Î
= - +

( )( ) ( )( ) )2 2Z RPF i Z APF j- , 	 (49)

where: ( )( ),Ed APF i RPF  is the Euclidean distance between 
ith solution in the APF and its nearest point in the RPF; 

( )( ),Ed RPF i APF  is the Euclidean distance between ith so-
lution in the RPF and its nearest point in the APF; APF

 
, 

RPF  are the cardinalities of APF and RPF, respectively; 
dmin,i is the minimal distance between 2 solutions.

This study runs the integrated algorithm 20 times and 
records the best performance metrics. The RPF shows the 
results that are found in longer computing time, which 
equal to 2200. As shown in Table 1, I1,GD, I1,IGD and I1,S are 
calculated by the results of the integrated algorithm with 
stopping conditions of 1000 iterations and 2200 iterations. 
I2,GD, I2,IGD and I2,S are calculated by the results of the inte-
grated algorithm with stopping conditions of 2000 itera-
tions and 2200 iterations. It is clear that in each instance, 
the values of I1,GD, I2,GD, I1,IGD and I2,IGD are less than 0.05, 
which indicates that the better the distribution of the APF 
and the convergence of the developed algorithm is. More-
over, IGD and IIGD equal to 0 means that the APF is a part 
of the RPF and the APF is equal to the RPF, respectively. 
The values of I1,S and I2,S are less than 1, which indicates 
a uniform distribution of solutions in the APF. In addition, 
IS equal to 0 reveals that the APF is equidistantly placed. 

Table 1. Results of the performance metrics

Instance I1,GD I2,GD I1,IGD I2,IGD I1,S I2,S 
20–5–5 0.000 0 0.008 0.000 0.055 0.000
30–5–7 0.000 0 0.023 0.000 0.245 0.000
40–5–9 0.002 0 0.016 0.001 0.301 0.001
50–5–11 0.001 0 0.025 0.000 0.619 0.001
60–5–13 0.002 0 0.040 0.001 0.890 0.002

4.3. Comparison between NA and heuristic

Although the NA is relatively accurate, the computational 
workload is heavier. The iteration of the heuristic is non-
deterministic, but the computational efficiency is ideal. In 
view of this difference, this section compares the perfor-
mance of these 2 algorithms under the different driving 
principles of “accuracy” and “efficiency”. 

The NA based on a model linearization and a parallel 
branch & bound is used to solve the ECC-LRP-CS. First-
ly, transform the 2  objectives into a  single one. As this 
model is in the form of 0–1  programming, the method 
of “element filling” introduced by Verma et  al. (2012) is 

used to make the 2 objectives consistent in magnitude. Let 

( ), ,
T

ijk j s= X Y Zc , then ( )1 1, ..., 1
Tonly =c
 
, ( )0 0, ..., 0

Tonly =c ( )0 0, ..., 0
Tonly =c . So 

( ) ( )
1

1
1 1 1 0

only only

Z
Z

Z Z
¢ =

-c c
, 

( ) ( )
2

2
2 1 2 0

only only

Z
Z

Z Z
¢ =

-c c
.  

If ( ) ( )1 1 1 0 0only onlyZ Z- =c c  or ( ) ( )2 1 2 0 0only onlyZ Z- =c c , 

replace 1
onlyc  with 0.5

onlyc . If the condition of “non-zero” 
still doesn’t hold, replace 1

onlyc  with 
( )20.5

onlyc , and so on by 

( )0.5 n
onlyc . After that, the weighting coefficient ( )0, 1 Î  is in-

troduced to transform the objective function as shown in 
Equation (50). The constraints in MD1 model are the same 
in multi-objective optimization model.

MD1 ( )( )1 2min 1Z Z Z = ´ + - ´  	 (50)

subject to: Equations (12)–(36).Figure 3. Pareto front of 5 instances
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Next, in order to facilitate the derivation and descrip-
tion, the MD1  model is simply represented as MD2, i.e., 
let ( )( ) 2311 2min 1 min

TTZ Z


 ¢ ¢ æ ö÷ç´ + - ´ = ÷ç ÷çè ø
c , as shown in 

(51)–(53). For MD2, the dimension of solution space is 
1 2 3 1 3 2 3 1 2 3 3           = + + + × + × + × + × . η1  and 

η2  are the numbers of candidates for depots/charging-
stations, respectively. η3 is the numbers of customers. A1 is 
the matrix of coefficients of quadratic terms in the objec-
tive. All elements in A1 are non-negative, and the order of 
A1 is  ´ . A2 is the matrix of coefficients of linear terms 
in the objective. The order of A2 is 1´ . A3 is the matrix 
of constants in the objective. B is the matrix of coefficients 
corresponding to the constraints. The order of B is  ´ , 
where σ is the number of constraints of MD1. In addition, 
b is a constant matrix with the order of 1´ .

MD2 ( ) 231min min
TTf

 

æ ö÷ç= ÷ç ÷çè ø
c c  	 (51)

subject to: 

× ³B bc ; 	 (52)

{ }0,1 
Îc .	  (53)

After that, with the vector ( )1, ..., 1
T

=e , an equivalent 
linear model MD3 can be obtained, as shown in Equations 
(54)–(60):

MD3 ( ) ( )23

, ,
min , min TT

y
f

  
= em c  	 (54)

subject to: 

1 0× - - =A yc m ; 	 (55)

× ³B bc ; 	 (56)

( )M£ -y e c ; 	 (57)

{ }0,1 
Îc ; 	 (58)

( )1, ..., , ...,
T

hy y y=y , 0hy ³ ; 	 (59)

( )1, ..., , ...,
T

h
  =m , 0h ³ . 	 (60)

Finally, for the linear model MD3, it contains more aux-
iliary variables and additional constraints. Therefore, a par-
allel branch and bound process is designed in this study 
to achieve high computational efficiency. This process is 
started by initialling solution with χIni = (0, ..., 0)T. Then the 
sequence of the solution is updated similar to the arithme-

tic sequence of binary numbers. After that, judge the ob-
jective and check the current solution with constraints. If 
any element in the termination solution meets χh = 1, that 
is, χEnd = (1, ..., 1)T, the update of solution is terminated 
and output the current feasible solution χFea and the cor-
responding objective Z*.

This study solves the instances with the integrated al-
gorithm and compares the intermediate solution of the 
obtained Pareto front to the optimal solution found by 
the linear model MD3 (Jabbarzadeh et al. 2020). As shown 
in Table 2, tOT represents operation time. With increasing 
problem scale, the calculating time of the NA increases 
much more significantly. In comparison with the NA, the 
developed integrated algorithm has outstanding advan-
tages in operation time. That is, the developed integrated 
algorithm has a high efficiency for tackling the model un-
der different data sizes, and is able to achieve good re-
sults at appropriate calculating time. Moreover, the devia-
tion value between results obtained with the NA and the 
developed integrated algorithm increases with increasing 
problem scale, which reveals that longer calculating time 
and more iterations are required for better solutions. For 
the larger problem scale with 60 customers, the deviation 
values are acceptable at certain calculating time. There-
fore, when the problem scale is large, the developed inte-
grated algorithm can be used as a reasonable and feasible 
approach. Furthermore, as the cold chain logistics demand 
increases, both the cold chain logistics cost and the total 
penalty cost increase. 

4.4. Sensitivity analysis

The integrated algorithm is performed 20 times to empiri-
cally assess the effects of battery driving range and trave-
ling speed by using the small instance with 20 customers 
and the larger instance with 60 customers. The intermedi-
ate solutions of the obtained Pareto front are selected as 
the objectives.

In the experiments, this study decreases the battery 
driving range by 10%, 20%, 30% and 40%, and increases it 
by 10%, 20%, 30% and 40%, respectively. As shown in Fig-
ure 4 and Figure 5, both the cold chain logistics cost and 
the total penalty cost decrease as the battery driving range 
of EVs increases. The reason for this is that as the battery 
driving range is increased, the detours of EVs decrease, 
thus decreasing the traveling time of EVs. As a result, the 
renting cost of EVs, the driver salary, power consumption 
cost during the transportation, refrigeration cost during 

Table 2. Performance comparison between 2 algorithms

Instance
NA Integrated Algorithm

Z Z1 Z2 λ* tOT Z1 Z2 tOT

20–5–5 967.19 2059.35 499.12 0.3 4 min 47 s 2065.17 500.56 4 min 72 s
30–5–7 1554.00 3142.98 873.01 0.3 7 min 0 s 3154.79 876.19 5 min 86 s
40–5–9 1998.23 3760.12 1243.14 0.3 14 min 42 s 3775.96 1248.31 10 min 9 s
50–5–11 3071.41 4917.85 1577.53 0.4 28 min 5 s 4942.25 1592.24 11 min 27 s
60–5–13 3593.59 5848.44 1791.73 0.4 51 min 5 s 5902.78 1821.05 13 min 53 s
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transportation and the damage cost for the transporta-
tion process are reduced. Moreover, as the traveling time 
of EVs decreases, the charging times of EVs decrease, thus 
reducing the recharging cost. In addition, because of the 
detours of EVs decreasing, the punctuality rate of arriving 
at customers will improve, thus reducing the time penalty 
cost. Furthermore, the reduction of battery driving range 
may lead to open new delivery routes, then the number 
of EVs increases, thus increasing the fixed use cost for EVs. 
At the same time, it may lead to open new depots. How-
ever, the number of charging-stations reveals little varia-
tion as battery driving range increases. The reason is that 
a charging-station can service a same EV more than once. 
Therefore, if the charging-stations locate in a suitable lo-
cation, the amount of charging-stations will be decreased, 
but not much. Therefore, to save the cost of the cold chain 
logistic network, the EVs with larger battery driving range 
need to give a priority to use to deliver goods by logistics 
enterprises. At the same time, the selection of the type of 
EVs requires balancing the renting cost of EVs and the bat-
tery driving range according to the real service scope and 
volume of the logistics enterprises.

The influences of traveling speed of EVs on the results 
are analysed. The traveling speed (by –10%, –20%, –30%, 
–40%, 10%, 20%, 30% and 40%) on each arc is changed. 
As shown in Figure 6 and Figure 7, as the traveling speed 
increases, the traveling time reduces, thus decreasing the 
cost of renting EVs, the driver salary, the power consump-
tion cost, the refrigeration cost during transportation, the 
damage cost for the traveling process and the time pen-
alty cost. As a result, the cold chain logistics cost and the 
total penalty cost decrease. However, if the traveling speed 
increases too much, both the cold chain logistics cost and 
the total penalty cost increase. The reason for this is that 
the power consumption cost favours a suitable traveling 
speed. In addition, if the traveling speed is too high, the 
EVs will arrive earlier at customers, thus increasing the 
waiting time penalty of EVs.

5. Conclusions

With the development of the EV technology, the EV cold 
chain logistics network optimization problem has become 
a current focus for research to control the carbon emis-
sion. Therefore, an ECC-LRP-CS is proposed in this study 
to achieve sustainable development targets including re-
ducing carbon emission and logistics cost, and improv-
ing customer satisfaction. A multi-objective optimization 
model is established to tackle this problem. The 1st ob-
jective consists of 6 components, i.e., fixed cost, variable 
cost, power consumption cost, refrigeration cost, recharg-
ing cost and construction cost for charging-stations. The 
time penalty cost and the cargo damage cost are con-
sidered as the 2nd objective. Several practical constraints, 
such as soft time windows, capacity limitation of depot, 
energy consumption of EVs, are considered in the devel-
oped model. An integrated algorithm that combines an 
IAFSA and a LCOA is applied for the proposed framework. 

Figure 4. Effects of battery driving range on the small instance

Figure  5. Effects of battery driving range on the larger in-
stance

Figure 6. Effects of traveling speed on the small instance

Figure 7. Ef﻿fects of traveling speed on the larger instance
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Moreover, to evaluate the performance of the developed 
approach, the comparison with NA and the performance 
metrics are used. Extensive experiments are conducted to 
measure the effects of battery driving range and traveling 
speed on the Pareto front.

This study still has several limitations: 
	■ 1st, case studies on large and realistic cold chain logis-
tics networks are necessary to further access the perfor-
mance of the presented model and algorithm;

	■ 2nd, the dynamic designs of delivery services should be 
made in consideration of real traffic conditions, change-
able customer demand, types of cargos, charging-sta-
tion capacity, etc. in future work;

	■ 3rd, the developed integrated algorithm needs to have 
more values of different parameters and variables test-
ed and compare with other known algorithms applied 
to the similar problems to further validate and improve 
its application effectiveness and efficiency in future re-
search. Finally, to control the carbon emission, the gov-
ernment policies such as subsidy policy (Zhang et  al. 
2019a), carbon tax (Wang et al. 2017; Zhang et al. 2018) 
and carbon emissions trading policy (Liu et  al. 2020a) 
should be researched to guide cold chain logistics en-
terprises in a way of reasonable and effective emission 
reduction.
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