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Abstract—In Industry 4.0, factories become increasingly smart 

and efficient through intelligent cyber-physical systems based on 
deployment of Internet of Things (IoT), mobile devices, and cloud 
computing systems. In practice, the cloud computing system in a 
factory is managed in a centralized way, and hence may not 
afford heavy computing loads from thousands of IoT devices in 
the factory. An approach to addressing this issue is to deploy 
fog/edge computing resources nearby IoT devices in a distributed 
way to provide real-time computing responses on sites. This work 
investigates deployment of an intelligent computing system 
consisting of a cloud center, gateways, fog devices, edge devices, 
and sensors attached to facilities in a logistics center. Except for 
locations of the cloud center and sensors that have been 
determined based on the factory layout, this work establishes an 
integer programming model for deploying gateways, fog devices, 
edge devices in their respective potential sites, so that the total 
installation cost is minimized, under constraints of maximal 
demand capacity, maximal latency time, coverage, and maximal 
capacity of devices. This work further solves this NP-hard facility 
location problem by a metaheuristic algorithm that incorporates 
discrete monkey algorithm to search for good-quality solutions 
and genetic algorithm to increase computational efficiency. 
Simulation verifies high performance of the proposed algorithm 
in deployment of intelligent computing systems in moderate-scale 
instances of intelligent logistics centers.  
 

Index Terms — Fog computing, monkey algorithm, genetic 
algorithm, deployment, Industry 4.0, logistics center 
 

I. INTRODUCTION 

N the industrial Internet of Things (IoT) [1], IoT devices are 
deployed along production/assembly lines to sense 

surrounding environments to further assist in making real-time 
response decisions on production processes or facilities, and 
executing the requested computing tasks according to analysis 
of the sensed data. Furthermore, integrated with advanced AI 
techniques, everything is acted as a lively object with 
autonomous intelligence and is connected with each other to 
execute more intelligent tasks. In Industry 4.0, smart factories 
are achieved by integrating technologies of the IoT, mobile 
devices, and cloud computing systems [2]. 

This work considers deployment of an intelligent computing 
system in a logistics center. With the arrival of the era of 
Industry 4.0, intelligent technologies drive the possibility of no 

manpower in the whole logistics process from storing to 
shipping products, so that the whole logistics procedure 
becomes increasingly efficient and smart. Advances in the IoT, 
robots, and drones also mitigate the constraints of manpower 
handling and conveyor. 

In an intelligent logistics center (e.g., see Fig. 1, drawn 
according to a real-world unmanned logistics center [3]), 
suppliers’ trucks (at the rightmost area in Fig. 1) deliver cargos 
to the receiving area. Then, cargos are uploaded and moved 
intelligently by mobile robots (blue disks in Fig. 1) (e.g., Kiva 
systems of Amazon) to the warehousing space, through RFID 
sensing doors (orange long bars in Fig. 1) to confirm the 
quantity of cargos from each supplier.  

 
Fig. 1. Illustration of an intelligent logistics center. 

 
Robots classify cargos and move them to a large-scale 

warehouse space (grey stacks in the right area of Fig. 1), and 
concurrently update data of inventories of the space in the 
system. When the system receives customer orders, robots (red 
disks) extract the required products from the warehouse space, 
and move them to the picking area (the shelf surrounded by the 
conveyor). Each robot intelligently plans the best routing path 
and dodges collision with other robots. 

When receiving a task of picking a product, a robot will 
deliver the required product to a workstation with a robot arm 
(a red square attached to the conveyor in Fig. 1). Then, the 
robot arm picks the product up and puts it to the conveyor, 
along which the product moves to the packing area. When the 
product passes through some machines (green rectangles in Fig. 
1) on the conveyor, it is posted by a tag and then moves to the 
sorting area. On the conveyor, the RFID sensing doors (grey 
rectangles in Fig. 1) are in charge of confirming the amount of 
products to be delivered. After being sorted according to the 
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customer orders, products are moved to the shipping area. 
Then, robots (green disks in Fig. 1) move them to trucks 
(shown in the top and left areas in Fig. 1), and then these trucks 
deliver products to customers. 

Generally, clouds in an intelligent logistics center are 
located and managed in a centralized way. However, if the 
factory area is too large, it leads to a too long latency time for 
responding to the requests from enormous IoT sensors to the 
centralized cloud. Distributed fog computing has been an 
approach to addressing the heavy load and high latency owing 
to real-time response to thousands of IoT devices in centralized 
cloud computing systems [4]. A part of the computing tasks for 
logistics operations that can be finished according to only local 
information are taken by nearby fog/edge computing resources, 
rather than the centralized cloud. By doing so, these tasks can 
be finished more immediately and flexibly. Additionally, 
fog/edge computing is easily incorporated with the IoT 
environment, to increase efficiency and decrease power 
consumption over 40% more than conventional cloud 
computing systems [5]. 

A lot of previous works on deployment of networking 
systems in various industrial applications have existed, e.g., 
deployment of cloudlets in wireless metropolitan area 
networks (WMAN) [6], [7], deployment of wireless sensor 
networks in oil and gas refinery plants [8] and harsh industrial 
environments [9], and deployment of roadside units (RSUs) in 
vehicular networks [10]. To the best of our understanding, no 
previous works investigated the problem of deploying fog 
computing systems in logistics centers. 

This work investigates deployment of an intelligent 
computing system in a logistics center, which consists of a 
cloud center, gateways, fog devices, edge devices, and sensing 
devices, which are attached to box shuttles, automated guided 
vehicles (AGVs), robotic arms, machines, and so on. This 
system supposes that locations of the cloud center and sensing 
devices are known. Although some sensing devices are mobile, 
their movement region is generally fixed and small. Therefore, 
the decision of the problem concerned in this work is to 
determine whether to deploy the other three types of devices 
(i.e., gateways, fog devices, and edge devices) in their 
respective pre-known potential sites of the logistics center, so 
that the total installation cost is minimized, under constraints 
of maximal demand capacity, maximal latency time, coverage, 
and maximal capacity of devices. 

The deployment in logistics centers differs from other 
deployment applications as follows: 1) Deployment in 
vehicular networks or smart cities is of large scope and open 
space, whereas deployment in logistics centers is of relatively 
small scope and closed space. 2) Deployment in different 
production factories is affected by the location layout of 
machines and facilities. Recent works (e.g., [9], [11]) have 
focused on deployment of factories with harsh environments 
(e.g., refineries and nuclear power plants), in which positions 
of sensors follow a probability distribution (i.e., it would not 
be easy to deploy precise positions of each sensor), and 
communications of all devices may be restricted to the harsh 
environment. Differently, logistics centers do not have these 

issues because only placements, package, and delivery of 
products are concerned. 

This work establishes an integer programming (IP) model 
for this problem. However, IP is NP-hard generally [12], and 
hence this work further proposes a metaheuristic algorithm for 
this problem. Monkey algorithm (MA) [13] performs better 
than some conventional metaheuristics (e.g., genetic algorithm 
(GA), particle swarm optimization (PSO) [14], and ant colony 
optimization (ACO) [15]) in addressing optimization problems 
with high dimensions and nonlinear nondifferential functions, 
and its parameters are fewer [16]. Therefore, our metaheuristic 
approach is based on MA. To address the concerned discrete 
deployment problem, this approach is incorporated with the 
discrete MA (DMA) [14] to search for good quality solutions 
and GA [17] to increase computational efficiency.  

The main contributions of this work are as follows: 
 This work is the first to investigate deployment of a fog 

computing system in a logistics center, and to establish a 
IP model for this problem. Different from previous works 
(e.g., [6], [18], [19]), the proposed problem model 
additionally considers 1) demand capacities of gateways, 
fog devices, and edge devices; 2) maximal latency times of 
edge devices, fog devices, and gateways; and 3) costs of 
installing fog and edge devices. 

 This work proposes a hybrid DMA and GA (DMGA) for 
the problem. The original DMA in [14] was designed for 
addressing discrete decision variables. The concerned 
problem includes only binary decision variables, but the 
original DMA cannot be directly degenerated to solve 
problems with binary decision variables. Therefore, one of 
our contributions is to devise the DMA operators to 
specifically address binary decision variables. 

II. PRELIMINARIES 

A. System framework 

Consider the framework of a computing system deployed in 
a logistics center (Fig. 2), consisting of a cloud computing 
center, gateways, fog devices, edge devices, and sensing 
devices in a top-down fashion, which are explained as follows. 

 
Fig. 2. The architecture of fog computing.  

 
The cloud center provides a computing model for accessing 

the Internet anytime anywhere, and utilizing the sharing 
computing facilities, storage devices, and applications 
according to requests and convenience of use. It can cope with 
problems in the logistics center through infrastructure as a 
service (IaaS), platform as a service (PaaS), and software as a 
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service (SaaS). Gateway connects incompatible network 
facilities or APs. Fog devices at the lower level transmit data 
to the cloud center through gateways. 

Fog device collects data from extreme edges at the lower 
level, and generally must analyze and respond to the data 
within one second. Edge devices are deployed closely to 
physical machines, conveyor lines, and warehouses in the 
logistics center, so that the logistics decisions requiring only 
local information can be determined in a short distance without 
cloud computing. Note that edge computing is deployed on 
terminal facilities or sensors, whereas fog computing is 
deployed on the data center nodes within a certain region. Edge 
computing does not need to support IaaS, PaaS, and SaaS but 
focuses on responding to requests of terminal facilities; 
whereas, differently, fog computing extends cloud services to 
network edges. 

Sensing devices in the logistics center aim to sense/monitor 
box shuttles, AGVs, and robotic arms. Box shuttles implement 
3D warehouses through commuting at a high speed on narrow 
shelf tracks, precisely storing and picking cargo boxes, and 
delivering cargos to the conveyor. AGVs achieve production 
planning for the whole logistics center by adopting techniques 
of computer vision, image processing, and automatic 
navigation, incorporating systematic dispatching tasks and 
computing inventory to replenish the warehouse. 

In the system deployed in a logistics center, edge devices are 
not only used for data transmission, but also provide AGVs 
real-time responses when encountering other AGVs on the 
movement trajectory. The data required to make the decision 
is identified and collected by edge devices, and is transmitted 
to fog devices that temporarily store and process the data, and 
send back the decision back to AGVs. At the same time, the 
data is also transmitted to the cloud center for historical 
analysis and long-run storage. 

B. Related works 

Fog computing has a lot of various applications [20], [21]. 
This section focuses on reviewing recent works on deployment 
of networking systems in applications of smart factories, smart 
cities, and vehicular networks. 

In smart factories, the work in [22] transformed the original 
centralized communications into P2P communications through 
a fog computing system, to make production processes be 
operated more efficiently. The work in [9] effectively deployed 
wireless sensors to collect data in harsh industrial 
environments. The work in [8] surveyed the challenges to 
deploy wireless sensor networks in oil and gas refinery plants. 
The work in [11] proposed a hybrid harmony search and 
genetic algorithm for deploying group-based industrial 
wireless sensor networks along a production/assembly line. 

The work in [23] investigated the application of deploying 
fog computing systems in smart cities to address real-time 
surveillance video stream processing in emergency situations. 
The works in [6] and [7] investigated deployment of cloudlets 
in WMAN, in which the former proposed an integer linear 
programming model, an approximation algorithm, and an 
online algorithm with theoretical bounds of the results; and the 

latter deployed cloudlets to optimize movements of users and 
to minimize the latency of cloud services.  

The work in [24] proposed a vehicular fog computing 
system in which each vehicle is regarded as a facility with 
communications and computing resources. This system serves 
as an infrastructure for communications and computation for 
edge devices of multiple end-users, to efficiently utilize 
communications and computing resources of each vehicle. The 
work in [25] applied fog computing in lane-change assistance 
in intelligent transportation. The work in [10] efficiently 
deployed RSUs on roads to minimize costs of RSUs while the 
demand requirements of vehicles are satisfied. The works in 
[26], [27] deployed RSUs and sensors on two-lane loads to 
minimize the total distance and the total number of hops. 

III. PROBLEM MODEL 

This work deploys an intelligent computing system whose 
architecture is shown in Fig. 2 in a logistics center. In the 
logistics center, there is a centralized cloud center whose 
location has been known and fixed; and the locations of 
sensing devices attached to warehouse space, conveyors, and 
robot arms, and AGVs have also been known, because it is 
supposed that the layout of these devices has been determined 
for operational efficiency. Although AGVs are mobile, the 
region of their activities is basically fixed. 

In light of the above, the locations of gateways, fog devices, 
and edge devices are unknown, and the network of this system 
(i.e., how to connect all devices) is also unknown. In general, 
based on the floorplan of the logistics center and the locations 
of the cloud center and AGVs, the potential sites of all the 
concerned devices have been known. Therefore, the decisions 
of determining locations of devices in a logistics center are 
reduced to determining whether the potential site of each 
device is deployed with this device. 

Without loss of generality and for simplicity of the model, 
suppose that all sensing devices are AGVs. The problem 
concerned in this work is to determine the locations of 
gateways, fog devices, and edge devices and to connect all 
devices according to the hierarchy in Fig. 2 (in which links 
between cloud centers and gateways, between gateways and 
fog devices, and between fog devices and edge devices are 
wired; whereas links between edge devices and AGVs are 
wireless), so that the total deployment cost is minimized, under 
constraints of maximal demand capacity, maximal latency 
time, coverage, and maximal capacity of devices. The 
notations used in the problem model is given in Table 1. The 
concerned problem is modelled as the following IP model: 
 
Minimize 

G G F F E G F E

f G F E
( , ) { }

ij ij m n t
i j s m n t

c x d c g c f c q
∈ ×Ω ∪Ω ×Ω ∪Ω ×Ω ∈Ω ∈Ω ∈Ω

⋅ + + +     

Subject to (1)–(23) 
{ }, , , 0,1ij m n tx g f q ∈ ,   

G G F F E( , ) { }i j s∀ ∈ ×Ω ∪Ω ×Ω ∪Ω ×Ω , 

G F E, ,m n t∈Ω ∈Ω ∈Ω . 

 
In the above objective, the first term is the cost of the fiber 
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links between the cloud center and gateways, between 
gateways and fog devices, and between fog devices and edge 
devices; the other three terms are costs of installing gateways, 
fog devices, and edge devices, respectively. 
 

TABLE 1. 
DEFINITIONS OF NOTATIONS 

 

Parameter Definition 
s Index of the cloud center. 

GΩ  Set of potential sites for gateways. 

FΩ  Set of potential sites for fog devices. 

EΩ  Set of potential sites for edge devices. 

AΩ  Set of AGVs. 

fc  The price of one unit length of fiber. 

Gc  Cost of installing a gateway. 

Ec  Cost of installing an edge. 

Fc  Cost of installing a fog device. 

G
mH  The maximal demand that gateway m can fulfill. 

F
nH  The maximal demand that fog device n can fulfill. 

E
tH  The maximal demand that edge device t can fulfill. 

GN  The maximum number of fog devices that a gateway can 
accommodate. 

FN  The maximum number of edge devices that a fog device can 
accommodate. 

EN  The maximum number of AGVs which are covered by an edge 
device. 

ijd  Distance between nodes i and j. 

AL  The data length for an edge device from an AGV. 

EL  The data length for a fog device from an edge device. 

FL  The data length for a gateway from a fog device. 

Aγ  The data rate from an AGV to an edge device. 

Eγ  The data rate from an edge device to a fog device. 

Fγ  The data rate from a fog device to a gateway. 

ER  Diameter of the coverage range of an edge device. 

Ar  Demand of an AGV. 

E
tkD  Maximum latency time of linking edge device t to AGV k. 

F
ntD  Maximum latency time of linking fog device n to edge device t.

G
mnD  Maximum latency time of linking gateway m to fog device n. 

Variable Definition 

( )iPω  Demand at potential site Pi. 

Decision 
variable 

Definition 

ijx  A binary variable deciding if a link between nodes i and j 
exists. 

mg  A binary variable deciding if the potential site for gateway m is 
selected to place a gateway. 

nf  A binary variable deciding if the potential site for fog device n 
is selected to place a fog device. 

tq  A binary variable deciding if the potential site for edge device t 
is selected to place an edge device. 

 
Constraints for establishing the network topology of the 

whole system in a bottom-up fashion are explained as follows. 
Constraint (1) enforces that for each AGV k, only one link xtk 
between edge device t and AGV k is connected. Constraints (2) 
and (3) considers that the binary decision variable qt of whether 

to deploy an edge device t is determined by the links with 
AGVs. Constraint (4) enforces that there must be exact one fog 
device n linked with edge device t. Similarly, Constraints (5)–
(7) determine binary decision variable fn of whether to deploy 
a fog device n; and Constraints (8)–(10) determine binary 
decision variable gm of whether to deploy a gateway m. 
 

E
A1,     tkt

x k
∈Ω

= ∀ ∈ Ω (1)

E,     
A

t tkk
q x t

∈Ω
≤ ∀ ∈ Ω (2)

E A,   ,tk tx q t k≤ ∀ ∈ Ω ∀ ∈ Ω (3)

F
E,     nt tn

x q t
∈Ω

= ∀ ∈ Ω (4)

E
F,     n ntt

f x n
=Ω

≤ ∀ ∈ Ω (5)

F E,   ,nt nx f n t≤ ∀ ∈ Ω ∀ ∈ Ω (6)

G
F,     mn nm

x f n
∈Ω

= ∀ ∈ Ω (7)

F
G  ,     m n mn

g x m
∈Ω

≤ ∀ ∈Ω  (8)

G F,   ,mn mx g m n≤ ∀ ∈Ω ∀ ∈Ω  (9)

,     sm m Gx g m= ∀ ∈Ω (10)

 
Constraints for the demand capacity of all devices are 

explained as follows. Constraint (11) enforces the demand 
amount ω(qt) served by edge device t to be the sum of demand 
of all AGVs determined by all links between edge device t and 
each AGV k; and Constraint (12) enforces it to be no greater 
than the maximum capacity E

tH  for an edge device t. Similarly, 

Constraints (13)–(14) consider the maximum capacity F
nH  for 

a fog device n; and Constraints (15)–(16) consider the 
maximum capacity G

mH  for a gateway m. 

 

A
E( ),     tk A tk qx tr ω

∈Ω
= ∀⋅ ∈ Ω  (11)
E

E( ) ,     t t tq q H tω ≤ ⋅ ∀ ∈Ω  (12)

E
F( ),)  g  (   nt m nt f nxω ω

∈Ω
=⋅ ∀ ∈ Ω  (13)

F
F( ) ,     n n nf f H nω ≤ ⋅ ∀ ∈ Ω  (14)

G( ) ( ),    
F

n mn mn
f x g mω ω

∈Ω
⋅ = ∀ ∈ Ω   (15)

G
G( ) ,     m m mg g H mω ≤ ⋅ ∀ ∈ Ω   (16)

 
Constraints (17), (18), and (19) calculate the latency times 

between edge device t and AGV k, between fog device n and 
edge device t, and between gateway m and fog device n, and 
enforces them not to be greater than the maximal latency times 

E
tkD , F

ntD , and G
mnD , respectively. 

 

A

E
A A E/ ( ) ,     tk t tkk

L x q D tγ
∈Ω

⋅ ⋅ ≤ ∀ ∈ Ω  (17)

E

F
E E F/ ( ) ,     nt n ntt

L x f D nγ
∈Ω

⋅ ⋅ ≤ ∀ ∈ Ω  (18)

F

G
F F G/ ( ) ,     mn m mnn

L x g D mγ
∈Ω

⋅ ⋅ ≤ ∀ ∈ Ω  (19)

 
For wireless links between edge devices and AGVs, Constraint 
(20) considers that the distance between edge devices and 
AGVs must not be longer than the coverage range RE of an 
edge device. 
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E E A/ 2,     ,tk tkx d R t k⋅ ≤ ∀ ∈Ω ∈Ω (20)

 
Number of links for each edge device, fog device, and 

gateway has a maximal capacity in Constraints (21)–(23), 
respectively.  
 

A
E E,   tkk

x N t
∈Ω

≤ ∀ ∈ Ω  (21)

E
F F,   ntt

x N n
∈Ω

≤ ∀ ∈ Ω  (22)

F
G G,   mnn

x N m
∈Ω

≤ ∀ ∈ Ω  (23)

 
This model differs from previous models as follows: 

 Different from previous models (e.g., [18]), this model 
additionally considers Constraints (12)–(16) for demand 
capacities of gateways, fog devices, and edge devices, and 
the model is designed for deployment in a logistics center.  

 Different from previous models (e.g., [18], [19], [6]), this 
model additionally considers Constraints (17)–(19) for 
maximal latency times of edge devices, fog devices, and 
gateways.  

 Different from previous models (e.g., [6]), this model 
additionally includes edge devices, and considers costs of 
installing fog and edge devices.  

IV. PROPOSED ALGORITHM 

Because IP cannot be solved in deterministically polynomial 
time, this work proposes a metaheuristic approach for the 
problem. Monkey algorithm (MA) [13] searches for the 
optimal solution for a large-scale optimization problem 
through imitating the mountain-climbing process of a 
population of monkeys, including the climb, watch-jump, and 
somersault processes. MA has been shown to be perform more 
efficiently than conventional metaheuristic algorithms [16]. 
Because all the decision variables of the concerned problem 
model are binary, this work modifies the DMA [14] to propose 
a DMGA which considers binary solution encoding and 
includes GA operators [17], detailed in Algorithm 1. 

 
Algorithm 1  DMGA 

1: Initialize a population of λ monkeys, and evaluate cost of each monkey 
2: while each termination criterion is not achieved do 
3:  while  a maximal number of iterations is not achieved do
4:   Conduct a climb process on each monkey 
5:   Conduct a watch-jump process on each monkey 

  6:   Update the optimal solution found so far 
7:   Conduct a cooperation process on each monkey 
8:   Conduct crossover and mutation on each monkey 
9:  end while 

10:  Conduct a somersault process on each monkey 
11: end while 
12: Output the optimal solution found so far 

 

A. Solution representation 

Let M, N, and T denote the numbers of potential sites of 
gateways, fog devices, and edge devices, respectively. The 
problem includes four binary decision variables: xij for links 
between nodes i and j, gm for installing gateway m, fn for 

installing fog device n, and qt for installing edge device t. It 
suffices to determine decision variables of installing devices, 
after which the decision variable xij for links can be determined. 
Therefore, the position of a monkey (solution) is encoded as 
(χ1, χ2, …, χμ) = (g1, g2, …, gM | f1, f2, …, fN | q1, q2, …, qT). 

B. Cost function 

Given a monkey position (g1, g2, …, gM | f1, f2, …, fN | q1, 
q2, …, qT), the decision variable xij for each pair of links is set 
to 1 if the two end nodes of this link are installed; otherwise, it 
is set to 0. Then, the performance of this position is evaluated 
by a cost function as follows: 

 

G G F F E G F

E

f G F
( , ) { }

E link demand latency cover capacity ( )

ij ij m n
i j s m n

t
t

c x d c g c f

c q κ η η η η η
∈ ×Ω ∪Ω ×Ω ∪Ω ×Ω ∈Ω ∈Ω

∈Ω

⋅ + +

+ + ⋅ + + + +

  


(24)

 
where κ is the penalty cost, which is a very large number; ηlink, 
ηdemand, ηlatency, ηcover, and ηcapacity are numbers of violating 
linkage between two layers of the architecture (i.e., (2), (5), 
and (8)), satisfaction of demand (i.e., (11)–(16)), maximal 
latency time (i.e., (17)–(19)), coverage (i.e., (20)), and 
maximal capacity (i.e., (21)–(23)). In (26), the first four items 
are from the objective function, and the last item is used to 
penalize the violation of constraints. 

Given a monkey position (g1, g2, …, gM | f1, f2, …, fN | q1, 
q2, …, qT), the algorithm of evaluating the cost of this position 
is given in Algorithm 2. 
 

Algorithm 2  Cost_Evaluation(g1, g2, …, gM | f1, f2, …, fN | q1, q2, …, qT) 
1: Based on the solution encoding, construct the hierarchical architecture of 

the system (i.e., assigning all xij) in a bottom-up fashion as follows. First, 
let all link variables xij between nodes i and j to be 0. Then, for each AGV 
k, find the closest edge device t whose decision variable qt = 1 in the 
monkey position, and link the two devices, i.e., xtk = 1. Then, for each edge 
device t whose qt = 1, find the closet fog device n whose fn = 1, and link the 
two devices, i.e., xnt = 1. And, set xmn = 1 and xsm = 1 similarly. 

2: Compute ηlink by traversing the architecture created in Line 1. That is, for 
each active device (i.e., gm = 1, fn = 1, or qt = 1) in the hierarchical 
architecture, if this device is not linked with an active device at a higher 
level, then ηlink = ηlink + 1. 

3: Initialize penalty counters ηdemand = ηlatency =ηcover =ηcapacity = 0. 
4: For each qt, if 

A

E
A tk tk

r x H
∈Ω

⋅ > , then ηdemand = ηdemand + 1. For each fn, 

if 
E

F(g )
t m nt nx Hω
∈Ω

⋅ > , then ηdemand = ηdemand + 1. For each gm, if 

G( )
F

n mnn mHf xω
∈Ω

⋅ > , then ηdemand = ηdemand + 1. 

5: For each qt, if 
A

tk Ek
x N

∈Ω
> , then ηcapacity = ηcapacity + 1. For each fn, if 

E
nt Ft

x N
∈Ω

> , then ηcapacity = ηcapacity + 1. For each gm, if

F
mn Gn

x N
∈Ω

> , then ηcapacity = ηcapacity + 1. 

6: For each qt, if 
A

E
A A/ ( )tk t tkk

L x q Dγ
∈Ω

⋅ ⋅ > , then ηlatency = η latency + 1. For 

each fn, if 
E

F
E E/ ( )nt n ntt

L x f Dγ
∈Ω

⋅ ⋅ ≤ , then ηlatency = ηlatency + 1. For each 

gm, if 
F

G
F F/ ( )mn m mnn

L x g Dγ
∈Ω

⋅ ⋅ ≤ , then ηlatency = ηlatency  + 1. 

7: For each t and k, if xtk = 1 and xtk ⋅ dtk > RE/2, then ηcover = ηcover + 1. 

8: With the information of xij determined in Line 1 and all penalty counters 
determined in Lines 2–7, the cost of the input position is evaluated 
according to Equation (24). 
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Let K denote the number of AGVs. Generally, K ≥ T ≥ N ≥ 
M. The time complexity of Algorithm 2 is analyzed as follows. 

Theorem 1. Algorithm 2 can be executed in time O(K ⋅ T). 

Proof. All possible connections between devices can be 
represented as a multi-layer graph G = {s} × ΩG × ΩF × ΩE × 
ΩA, in which each device is a node, and each possible link 
between devices is an edge. Line 1 of Algorithm 2 is to find a 
tree rooted at node s in graph G, and can be done in time O(K 
⋅ T + T ⋅ N + N ⋅ M) by traversing all nodes in a bottom-up 
fashion (i.e., from ΩA to ΩE, then to ΩF, then to ΩG, then to 
{s}), in which each node at a lower level finds the closest node 
at a higher level, e.g., each node at ΩA considers all |ΩE| nodes 
to find the closest node at ΩE. Line 2 of Algorithm 2 checks 
the linkage constraint for each active device (i.e., whether each 
active device is linked with an active device at a higher level), 
and there are at most μ devices. Hence, Line 2 is done in time 
O(μ). Line 3 is done in O(1). In Line 4, for at most μ active 
devices, each active device at a higher level computes its 
demand from the active devices at its lower level and then 
checks the demand constraint. Hence, Line 4 is done in O(K ⋅ 
T + T ⋅ N + N ⋅ M). Similarly, Lines 5 and 6 are also done in 
O(K ⋅ T + T ⋅ N + N ⋅ M). It is easy to check that Line 7 is done 
in O(K ⋅ T) and Line 8 is done in O(K ⋅ T + T ⋅ N + N ⋅ M). 
Since K ≥ T ≥ N ≥ M, O(K ⋅ T + T ⋅ N + N ⋅ M) = O(K ⋅ T).  

C. Climb process 

Let monkey i’s position denoted by Xi = (χi1, χi2, …, χiμ). 
Then, this monkey adopts large-step and small-step climb 
processes sequentially to reach the mountaintop (locally 
optimal position). The large-step climb process is as follows: 

1. Randomly generate a vector ΔXi = (Δχi1, Δχi2, …, Δχiμ),  
(( 1) mod  2),  with probability 1/2; 

0,                                    with probability 1/2
ij ij

ij

χ χ
χ

− + +
Δ = 


 (25) 

for j = 1, 2, …, μ.  
2. Let c(Xi) denote the cost of Xi. Calculate c(Xi + ΔXi) . 
3. If c(Xi + ΔXi) < c(Xi), then let Xi = Xi + ΔXi. 
4. Repeat Steps 1 to 3 until the cost value remains unchanged 

for a given number of successive iterations or the maximal 
number of iterations is achieved. 

The small-step climb process is the same with the large-step 
climb process except for the following step 1: 

1. Randomly generate a vector ΔXi = (0, …, 0, Δχij, 0, …, 0) 
in turn for j = 1, 2, …, μ, in which Δχij = –χij + ((χij + 1) 
mod 2). 

The maximal number of iterations for large-step and small-step 
climb processes are denoted by NC,L and NC,S, respectively. 

D. Watch-jump process 

After the climb process, monkeys have reached their 
respective mountaintop. Then, they stand at the top, and watch 
around. If a higher position is found, the monkeys will jump 
there. Consider monkey i’s position denoted by Xi = (gi1, gi2, …, 

giM | fi1, fi2, …, fiN | qi1, qi2, …, qiT). The DMGA conducts three 
types of watch-jump processes for (gi1, gi2, …, giM), (fi1, fi2, …, 
fiN), and (qi1, qi2, …, qiT), respectively. The watch-jump 
processes for the three parts are the same with the large-step 
climb process except ΔXi  at step 1 is differently defined for 
the three parts as follows: ΔXi = (Δχi1, Δχi2, …, ΔχiM, | 0, …, 0 
| 0, …, 0) for the first part; ΔXi = (0, …, 0 | Δχi(M+1), Δχi(M+2)…, 
Δχi(M+N), | 0, …, 0) for the second part; and ΔXi = (0, …, 0 | 
0, …, 0 | Δχi(M+N+1), Δχi(M+N+2), …, Δχiμ) for the third part, in 
which Δχij is defined as (25). Note that the maximal numbers 
of iterations for the three watch-jump processes are denoted by 
NW,1, NW,2, and NW,3, respectively. 

E. Cooperation process 

Monkeys do not coordinate in climb and watch-jump 
processes. Hence, the cooperation process allows monkeys to 
refer to the best position found by all monkeys so far to 
improve their respective positions. Consider that monkey i’s 
position is Xi = (χi1, χi2, …, χiμ), and the best position found so 
far is * * * *

1 2( , , ..., )X μχ χ χ= . The cooperation process is the 

same with the large-step climb process except for the following 
step 1: 

1. Randomly generate a vector ΔXi = (Δχi1, Δχi2, …, Δχiμ),  
* ,  with probability 1/2; 

0,            with probability 1/2 
j ij

ij

χ χχ
 −

Δ = 


 

for j = 1, 2, …, μ.  

The maximal number of iterations for the cooperation process 
is denoted by NO. 

F. Crossover and mutation 

This process selects a number of parent monkeys under a 
crossover rate, and conducts one-point crossover operation on 
the positions of each pair of the parent monkeys to reproduce 
two offspring monkeys. Then, conduct mutation on the whole 
population under a mutation rate. New monkeys replaces the 
current monkeys that perform worse than new monkeys. 

G. Somersault process 

The somersault process allows monkeys to search for a new 
domain based on the median position of all monkeys. The 
somersault process is divided into two sub-processes. The first 
sub-process is the same with the large-step climb process 
except for the following step 1: 

1. Calculate pj for j ∈ {1, 2, …, μ} as follows: 

1
1, if ( ) / 0.5;

0, otherwise.

iji
jp

λ χ λ
=

 >= 


  

Randomly generate a vector ΔXi = (Δχi1, Δχi2, …, Δχiμ),  
,  with probability 1/2; 

0,            with probability 1/2  
j ij

ij

p χ
χ

−
Δ = 


 

for j = 1, 2, …, μ. 

The maximal number of iterations for the somersault process 
is denoted by NS. Then, the second sub-process check if χij for 
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each i is equal to pj. If yes, then randomly select one monkey 
k, and let χkj = (χkj + 1) mod 2. 

H. Termination criteria 

If the maximal number of iteration is achieved, or the 
optimal solution found so far have not been changed for K 
successive iterations, the algorithm is terminated. 

V. IMPLEMENTATION AND SIMULATION RESULTS 

This section implements the proposed DMGA, and conducts 
simulation on a moderate-size problem instance. The 
simulation runs on a PC with Intel Core i7-3770 CPU and 16.0 
GB memory. The parameter setting used in the simulation is 
given as follows: the area of the logistics center is 200m × 
180m; from the work in [18], numbers of gateways, fog 
devices, edge devices, and AGVs are set to 3, 15, 70, and 500, 
respectively. A generic cost unit (gcu) is defined to evaluate 
the system cost [28]. From [18], this work sets costs cf = 50, cG 
= 200, cE = 80, and cF = 100; data rates γA = 1000, γE = 4000, 
and γF  = 7000; the coverage diameter of an edge device RE = 
75; maximal capacities NE = 20, NF = 10, and NG = 10; data 
lengths LA = 5000, LE = 10000, and LF = 15000. The maximal 
demand capacities are referred to [29], i.e., E

tH  = 3 × 103, F
nH  

= 3 × 104, G
tH  = 3 × 105. The maximal latency times are 

referred to [30], [31], i.e., E
tkD  = 80, F

ntD  = 20, and G
mnD  = 15. 

From [6], the demand of each AGV follows a uniform 
distribution on [50, 200]. The parameter setting of the 
proposed DMGA is given as follows: number of monkeys is 
20, crossover rate is 0.05; mutation rate is 0.01; number of 
iterations is 500; penalty cost κ is 105. 

Based on the above parameter setting, the simulation results 
of using the proposed DMGA to deploy edge devices and fog 
devices in the logistics center in Fig. 1 are shown in Fig. 3. In 
Fig. 3, black points represent locations of AGVs in the logistics 
center, and circles represent potential sites of edge devices, in 
which the DMGA installs edge devices on 23 solid circles, but 
does not on the other hollow circles. Hence, the installation 
cost of edge devices is 23 × 80 = 1840 gcu. Similarly, in Fig. 
3, squares represent potential sites of fog devices, in which fog 
devices are installed on 13 solid squares, but are not on the 
other hollow squares. Hence, the installation cost of edge 
devices is 13 × 100 = 1300 gcu. 

Table 2 shows the statistics of the experimental results of 
executing 10 times of three algorithms, in which ‘Best’, 
‘Average’, ‘Worst’, and ‘StdDev’ record the best, average, 
worst, and standard deviation of the 10 results; and ‘Time’ 
records the average CPU time. Note that the number of 
iterations of the GA is determined when more iterations do not 
have any improvement. The average CPU time of GA (31.907s) 
is the shortest, followed by DMGA (89.159s), and then DMA 
(77.521s). That is, the CPU time of the proposed DMGA is 
improved by including GA operators in the DMA. As for 
solution performance measures, the DMGA performs best, 
followed by DMA and then GA. On average, all the results of 
DMGA, DMA, and GA are feasible (i.e., less than 105).  

 
Fig. 3. Result of using the proposed DMGA in the logistics center in Fig. 1. 

 
TABLE 2. 

STATISTICS OF EXPERIMENTAL RESULTS OF THREE ALGORITHMS 
 

Approach Best Average Worst StdDev Time (s)
DMGA 68121.5 74015.11 80905.0 4852.34 89.159
DMA 69115.5 78929.71 87114.5 6857.06 77.521
GA 69574.0 80675.02 75931.9 3096.81 31.907

 
To further analyze the stability, Fig. 4 shows the results of 

20 different runs of the three algorithms. From Fig. 4, all the 
three algorithms show high stability and feasibility. Note that 
the work in [32] showed that the performance of any two 
optimization algorithms is the same when averaged across all 
possible problems. Hence, this algorithm may perform well in 
this problem instance, but may not always perform best. 

 

 
Fig. 4.  Comparison of the results of 20 runs of three algorithms. 

VI. CONCLUSION 

This work has proposed a framework of the intelligent 
computing system with fog and edge devices deployed in a 
logistics center. The deployment of the system was modelled 
as a mathematical programming model, which determines 
locations of gateways, fog devices, and edge devices in the 
logistics center so that the total installation cost is minimized, 
under constraints of maximal demand capacity, maximal 
latency time, coverage, and maximal capacity of devices. This 
work further proposed a DMGA with merits of both MA and 
GA for solving this problem. Simulation results showed that 
the proposed DMGA performs well in the problem instances 
of moderate-size logistics centers.  
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In the future, it would be of interest to investigate the effect 
of the deployment on later product flows or scheduling. If the 
factory layout can be adjusted flexibly, dynamically optimal 
deployment of fog devices at different times would also be a 
line of future work. To address larger-scale problem instances, 
it would be of interest to propose more efficient algorithms 
using advanced techniques, e.g., coevolution, many-objective 
optimization, and decomposition. In addition, it would also be 
interesting to study hybrid methods of metaheuristics and 
machine learning techniques. Other objectives and uncertain 
factors of the deployment should also be discussed, e.g., data 
traffic [33], latency, energy consumption, load balance, 
heterogeneity, fairness, and QoS. 
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