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This paper aims to model a consumer goods cross-docking problem, which is
solved using metaheuristics to minimize makespan and determine the
capacity in terms of inbound and outbound docks. The consumer-goods
cross-docking problem is represented through inbound and outbound docks,
customer orders (products to be delivered to customers), and metaheuristics
as a solution method. Simulated annealing (SA) and particle swarm
optimization (PSO) are implemented to solve the cross-docking problem.
Based on the results of statistical analysis, it was identified that the two-way
interaction effect between inbound and outbound docks, outbound docks and
items, and items and metaheuristics are the most statistically significant on
the response variable. The best solution provides the minimum makespan of
973.42 minutes considering nine inbound docks and twelve outbound docks.
However, this study detected that the combination of six inbound docks and
nine outbound docks represents the most efficient solution for a cross-

docking design since it reduces the requirement of docks by 28.6% and
increases the makespan by only 4.2% when compared to the best solution,
representing a favorable trade-off for the cross-docking platform design.
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1. INTRODUCTION

The consumer goods industry is classified as a key sector in the food supply chain since it allows
meeting the market demand effectively. The consumer goods industry is characterized by high volume
transactions, frequent and split deliveries, and by handling perishable products. Therefore, logistics systems
for the consumer goods supply chain must be agile, reliable, and effective [1, 2]. Cross-docking is a logistics
process in which products are unloaded from inbound trucks, sorted, consolidated and transferred to
outbound docks, and loaded directly into outbound trucks [3, 4]. Therefore, freight distribution operations
like cargo transshipment, consolidation, deconsolidation, and other logistics activities are frequently used in
the cross-docking process, which eliminates the need for storage processes and prevent congestion within the
logistics system [5-7]. Consequently, this process is implemented to adopt an agile supply chain approach,
representing a key process for the consumer goods sector due to its logistics characteristics.

Assadi and Bagheri [8] presented a study addressing a differential evolution algorithm and
population-based simulated annealing for a truck scheduling problem in multiple-door cross-docking
systems. Nikolopoulou et al. [9] developed an analysis of transporting products between locations in a
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logistic network, including a comparative analysis between cross-docking versus direct-shipping.
Wisittipanich and Hengmeechai [10] tackle a truck scheduling problem in a multi-door cross-docking
terminal, which is solved using a PSO. Goodarzi and Zegordi [11] addressed a location-routing problem for
cross-docking networks, which is solved by implementing a biogeography-based optimization algorithm to
increase the logistic process efficiency. Maknoon et al. [12] developed a model for optimizing transshipment
operations for a cross-docking process. Based on the existing literature, no studies were detected addressing
directly cross-docking processes for the consumer goods sector; however, several studies focused on general
economic sectors.

Therefore, this paper aims to model and solve a consumer goods cross-docking problem to minimize
makespan and determine the capacity in terms of inbound and outbound docks, which is a relevant objective
for logistics and cross-docking terminals [13]. Inbound and outbound docks and customer orders are
represented for the consumer goods cross-docking problem, and this problem is solved using SA, PSO, and
an empirical rule. The remainder of this paper is divided into the following sections. Section 2, introduces the
description and formulation of the cross-docking problem. Section 3 presents the metaheuristics (SA and
PSO) and empirical rule to solve the cross-docking problem. In section 4, experimental simulations are
planned by the full factorial design of experiments (DOE). Section 5 shows the results and discussions.
Finally, conclusions and future research are developed in section 6.

2. PROBLEM FORMULATION

A minimum makespan cross-docking problem design is addressed in this study, representing the
total execution time of cross-docking operations [14], to reduce operational time and logistics costs in the
supply chain management [15]. The cross-docking process is composed of operations, resources, and
logistics infrastructure. Operations such as truck/trailer loading and unloading as well as transshipment
activity are performed in the cross-docking process to meet customer demand effectively. These are key
operations for the consumer goods sector in which frequent and small deliveries are processed, handling
multiple items within each customer order.

Information and communication technologies (ICT) such as warehouse management system (WMS)
[16, 17], enterprise resourcing planning (ERP) [18, 19] and electronic data interchange (EDI) [20] are used to
manage information about customer orders (due date, amount of products to be delivered and logistical
conditions), origin and destination points, among other information for cross-docking operations. Besides,
material handling equipment (MHE) and labor represent the resources that execute those operations, while
loading and unloading docks and logistics platforms denote the key infrastructure for the cross-docking
process. Figure 1 shows the operations, resources, and infrastructure considered for the cross-docking
problem.
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Figure 1. Operations, resources and infrastructure for the cross-docking problem
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The cross-docking platform is composed by | inbound docks and J outbound docks. Additionally,
operation platform is used to perform operations such truck loading and unloading, sorting, packaging, and
transshipment, and these operations are supported by resources like operators, MHEs, and inbound and
outbound docks (infrastructure). On the other hand, EDI allows receiving customer orders, while WMS
classifies such orders based on due dates, number of items, and quantities to be delivered. Additionally,
WMS compares available and incoming stock against product quantities requested by customer orders,
guaranteeing satisfactory service levels. Therefore, customer orders with available stock are scheduled to the
cross-docking process, assigning trucks to inbound and outbound docks, and assigning MHE and operators to
perform cross-docking operations to minimize makespan.

In order to formulate the cross-docking problem as a mixed-integer linear programming (MILP)
model, this study considers that inbound trucks should be unloaded completely to leave the inbound dock;
outbound trucks should be loaded completely to leave the outbound dock; the cross-docking platform
considers no capacity limit for temporary storage; operational time for loading and unloading items is
assumed constant, as well as the transfer time from inbound docks to outbound docks; information about
inbound and outbound trucks and the number of items is known in advance. Based on the studies of [21],
indices, sets, parameters, decision variables, objective function, and constraints are represented as follows:

Sets and indices:

i =index for inbound trucks (i =1, ..., I)
i” =index for inbound trucks (i =1, ..., I)

j =index for outbound trucks (j =1, ..., J)
j =index for outbound trucks (j =1, ..., J)
m =index for inbound docks (m =1, ..., M)
n =index for outbound docks (n =1, ..., N)
k =index for items (k =1, ..., K)

Parameters:

Tik =quantity of item k to be unloaded from inbound truck i

Sjk =quantity of item k to be loaded to outbound truck j

DT =delay in arrival time for inbound and outbound trucks

tmn =transshipment time from inbound m dock to outbound dock n within cross-docking platform.
Ga =very large number

A; =arrival time of inbound truck i

Aj =arrival time of outbound truck j

tivaa  =loading time for an item

tunioaa =Unloading time for an item

Decision variables:

Xijx = quantity of item k transferred from inbound truck i to outbound truck j

V.. _ {1, if any SKU is transferred from inbound truck i to outbound truck j;
L 0, otherwise.

v, _ {1, if inbound truck i is assigned to inbound dock m;
tm 0, otherwise.

7 _ {1, if outbound truck j is assigned to outbound dock n;

m

0, otherwise.
1,if any SKU is transferred from truck i assigned to

Uijmn = {inbound dock m to truck j assigned to outbound dock n;

0, otherwise.
1,if inbound truck i precedes inbound truck i’

Pi = 0, otherwise.
_ (1,if outbound truck j precedes outbound truck j',
Qj- = { 0, otherwise.
Ci =start time of inbound truck i
C; =finish time of inbound truck i
l; =start time of outbound truck j
L =finish time of outbound truck j

Objective function (1) minimizes total earliness and tardiness. Constraint (2) ensures the total
quantity of item k from inbound truck i is equivalent to the quantity sent to outbound trucks. Constraint (3)
ensures the total quantity of item k sent to outbound truck j is equal to the quantity released from inbound
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trucks. Constraint (4) ensures the transference of items with a relationship between inbound truck i and an
outbound truck j. Constraint (5) guarantees that each inbound truck i is assigned to an inbound dock.
Constraint (6) ensures that only one inbound truck is allocated to an inbound dock at a time. In (7) determines
the finish time of inbound truck i. In (8) sets the start time of inbound trucks after the finish time of all its
predecessors. Constraint (9) ensures the unloading operation for truck i starts after it arrives at the inbound
dock. Constraint (10) guarantees that each outbound truck j is assigned to an outbound dock. Constraint (11)
ensures that only one outbound truck is assigned to an outbound dock at a time. Constraint (12) ensures the
loading operation for truck j starts after it arrives at the outbound dock. In (13) determines the finish time of
outbound truck j. In (14) sets the start time of outbound trucks after the finish time of all its predecessors.
Constraint (15) sets relationships among V;j, Yy, Zjp, and Ujj,,Variables. In (16) states the finish time of
outbound truck j is equal or more than the start time of inbound trucks, unloading time of items,
transshipment time from inbound to outbound docks, and loading time of items to the outbound truck j.
In (17-18) represent the non-negativity and domain constraints.

MinMax{L;} ¥ j (€
Yo X =T Vi k (2)
1 X =i Vik (3)
Yhor Xie SG*Vij Vijk 4)
m=1¥m=1 Vi ®)
Yim +Yim <Py + P +1, Vmi,i” i #1i’ (6)
¢ + tuntoaa Zk=1Tik < Ci Vi (7
Ci+DT —G(L—Py)<cy, Vii i#i ®)
G =A; Vi )
Yh=1Zn =1 Vj (10)
Zin+Ziny <Qjj-+ Q5+ 1, Vnj,j j#]j’ (11)
=4 Vj (12)
L+ tioaa 2k=1Sik S Lj Vj (13)
Li+DT—G(A—-Quy)<l, Vjj j#j (14)
Ujmn 2 Vij+Yim +Zjp —2 Vi, j,mn (15)
¢i + (tuntoad + tioad) 2n=1 Xijk + tmnG(1 = Uijmn) < L; Vijmn (16)
Vii» Yimo Zjno Uijmn, P, Qg € {0,1} Vi,0%j,j ,mnk 17)
X €0 Coly Ly 2 0 Vi j k (18)

3. RESEARCH METHOD

The cross-docking problem is considered NP-Hard since it includes the generalized assignment
problem [22], therefore, two metaheuristics called simulated annealing (SA) and particle swarm optimization
(PSO) are implemented for solving the cross-docking problem for the consumer goods sector to provide
high-quality solutions in short computing times [23, 24]. SA is classified as a trajectory method meanwhile
PSO is a population-based method. Therefore, the metaheuristics not only are used for solution cross-docking
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problem design but also to compare their performance. This is raised due to the differences in their
computational structures and modeling. SA and PCO metaheuristics are represented in the following
subsections.

3.1. Simulated annealing

SA is a metaheuristic classified as a trajectory method to find the solution of combinatorial
problems [25], and is adapted for solving the cross-docking problem [26]. In the first stage, temperature
(T=T,) and iterations (n=0) are initialized as well as final temperature (Tmin), total iterations (Nmax), and
cooling rate (a) are set for the SA [27]. In the second stage, the initial solution r is generated, and the fitness
function is calculated following the objective function of the cross-docking operation. In the third stage, a
neighbor solution r” is created by performing swap and insertion moves on current solution r. In the fourth
stage, fitness functions for r and r” are compared, and if f(r")<f(r) then r" becomes the current solution for the
SA. If this condition is not satisfied, then (19) is used to calculate the transition probability.

fa)-f
P(r,r,T) = exp~ T (19)

If a random number between 0 and 1 is less than the transition probability, then r” is set as the
current solution for the SA (r=r"), otherwise, r remains as the current solution. Subsequently, if the current
iteration is equal to the maximum number of iterations (N=Nmax), then the temperature is compared to the
final temperature (T=Tmin). If this condition is met then the SA stops and solution r remains as the current
solution for the cross-docking problem, otherwise, the cooling rate (o) is multiplied by initial current
temperature, as shown in (20), and temperature T is used to perform the SA from the third stage.

T =xxT (20)

Algorithm 1. Simulated Annealing to solve the cross-docking problem
Input Datal();
Initial parameters T=T,, n= 0, Tpin, Nmax,, bestr
Generate initial solution r for cross-docking operation
Generate neighbor solutions r” for r using swap and insertion moves
While T > T,,;, do
While n < Nmax do
Fitness Function();
If f(r") < f(r) then
Set r = r’
If f(r) < f(bestr) then
Set bestr = r

End if
Else
If random(0,1) < exp(f(r)- £(r’)/T) then
Set r = r’
End if
End if
n=n+1
Loop
End while
Set T=ax*T
Loop
End while

Output Data();
Print bestr, f (bestr)

3.2. Particle swarm optimization

PSO is a population-based metaheuristic based on the social feeding of some animals [28, 29],
implemented in this case for solving the cross-docking problem. In the first stage, initial velocity ;° and
initial position X2 parameters are generated for each particle r. The second stage measures the makespan for
each particle belonging to the solution set. The third stage updates velocity V¢ and position X} using (21)
and (22) respectively, generating a new solution set for the cross-docking problem. The velocity updating
uses some parameters like w (inertia factor), rnd, and rnd, (random numbers € [0,1]), c; and c, (positive
constant linked to cognitive and social components for PSO), and some variables like Xbestj (the best
position of particle r for t) and G, (the best position from all particles for t). In the fourth stage, if fitness
value of the particle rin t £(X%) is less than f(Xpesc-), then X[ is set as Xpes,-, and if f(Xpes.-) is less than
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f(Gpest), then Xbesti iS set as Gpes:. Subsequently, if the PSO is executed until reaching the maximum
number of iterations (t=Tmax).

V= ol + cp xrndy * (Poest, — XF) + ¢ #1ndy * (Xpest, — X7) 21)

X7§+1 — X_’E+1 + Vr't+1 (22)

Algorithm 2. Particle Swarm Optimization to solve the cross-docking problem
Input Data();
Initial parameters Tnax, R
Generate initial velocity V° and initial position X? for each particle r randomly
Do while t<=Tm.x iteraciones o ciclos
Do while r<=R

Fitness Function();

If £(X!) < £ (Xpes.) then

Set Xbesti =r

If £ (Xpes:.) < f£(Gbest) then
Set Gbest = Xpesh
End if

End if
Update velocity of particle r using Equation (X)
Update position of particle r using Equation (XX)

r=r+1
Loop
End while
t=t+1
Loop
End while

Output Data() ;
Print Gbest, f (Gbest)

3.3. Experimental study

A full factorial design 3x4x3x3 is chosen to perform an experimental study for the cross-docking
problem. Factor levels are chosen based on results obtained from the literature, distribution centers, and
consumer goods companies. On the other hand, the level “empirical rule” for the solution method factor,
represents a solution method based on the knowledge and experience of a distribution center analyst. Thus,
the computational experiments are based on 108 treatments, and 3 replicates per treatment, obtaining 324
experimental runs. As the experimental factors are independent, it contributes to the viability of the full
factorial design. Table 1 shows the factors, levels, and the response variable of the experimental study.
Solution methods are coded in Java® programming language and experimental runs were performed using an
Intel Core 17 Laptop with 8GB RAM memory.

Table 1. Parameters for the experimental study

Factor Levels Number of levels Response variable
Inbound docks 3,6;9 3
Outbound docks 3;6;9;12 4 Makespan (minutes)
Items to be handled 2,000; 5,000; 8,000 3 P
Solution method SA,; PSO; Empirical rule 3

4. RESULTS AND DISCUSSION

Table 2 presents the outputs of the experiments through a full factorial model ANOVA, obtained by
using Minitab® 17. Based on the ANOVA from Table 2, it is detected that the main effects, as well as two-
way interaction effects, are statistically significant on the variable response (p-value<0.05) [30].
Additionally, two-way interactions are evaluated to identify the factor levels generating the minimum
makespan for cross-docking operations. From the ANOVA, it is identified that inbound docks by outbound
docks, outbound docks by the number of items (products) and solution method by the number of items two-
way interaction effects are significant on variable response.
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Table 2. Full factorial model ANOVA for the cross-docking problem

Source DG SS MS F-value p-value
Model 107 84200094 786917 1102460 0.00
Linear 9 82586959 9176329 12855915 0.00
Idocks 2 1788188 894094 1252614 0.00
Odocks 3 1900131 633377 887353 0.00
Products 2 77675843 38837922 54411413 0.00
Metaheuristic 2 1222797 611399 856561 0.00
Two way interaction effects 30 757540 25251 35377 0.00
Idocks*Odocks 6 283955 47326 66303 0.00
Idocks*Products 4 62542 15636 21905 0.00
Idocks*Metaheuristic 4 28377 7094 9939 0.00
Odocks*Products 6 201005 33501 46934 0.00
Odocks*Metaheuristic 6 59898 9983 13986 0.00
Products*Metaheuristic 4 121762 30441 42647 0.00

The inbound docks by outbound docks interaction effects are depicted in Figure 2(a), highlighting
that the combination of nine inbound docks by twelve outbound docks generates the shortest makespan of
973.42 minutes. The second-best solution is the combination of six inbound docks by twelve outbound docks,
providing a makespan of 1,008.42 minutes, increasing the cross-docking operation time in 35 minutes (3.6%)
compared to the best solution. The third most efficient solution comprises the combination of six inbound
docks and nine outbound docks, generating a makespan of 1,014.08 minutes, which increases the operation
time in 40 minutes (4.2%) compared to the best factor combination. These results suggest selecting nine
inbound docks by twelve outbound docks (21 docks in total) to perform cross-docking operations generating
the minimum makespan. However, six inbound docks by nine outbound docks represent the most efficient
solution for a cross-docking design since it requires less amount of inbound and outbound docks (15 docks in
total), reducing the requirement of docks by 28.6% and increasing the makespan by only 4.2%, representing a
favorable trade-off for cross-docking platform design.

Likewise, Figure 2(b) shows that each combination of PSO by the number of items (products)
generates the shortest average makespan for the cross-docking problem. The difference between PSO by
2,000 items and SA by 2,000 represents 42 minutes (7.7%), while the difference between PSO by 8,000 items
and SA by 8,000 represents 70.6 minutes (4.1%). When comparing the empirical rule to PSO, the empirical
rule increases the average makespan between 87 minutes (16%) and 181.8 minutes (10.8%) considering
2,000 and 8,000 items respectively. Therefore, PSO and SA provide satisfactory results to solve the cross-
docking problem, consequently, these metaheuristics can be used in daily operations of cross-docking
platforms, which in this case will have six inbound docks and nine outbound docks to reduce infrastructure
investment.

Idocks * Odocks Odocks Products * Metaheuristic Metaheuristic
o —e— PSO
—m SA
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Figure 2. Two-way interaction effects, (a) Inbound docks by outbound docks, (b) Solution methods by the
number of items (products)

5. CONCLUSION

Cross-docking for customer goods companies is a logistics process adopted to implement an agile
supply chain approach. Transshipment, cargo consolidation, and deconsolidation, and other logistics
operations are commonly used in the cross-docking process to avoid the storage process and increase the
speed of supply chains. In this study, inbound and outbound docks, items (products to be delivered), and
solution methods (metaheuristics and empirical rule) are represented for the cross-docking problem.
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Based on the ANOVA, the most statistically significant two-way interaction effects on the response
variable are inbound docks by outbound docks, outbound docks by items, and items by solution methods.
Consequently, the results show that the combination of nine inbound docks by twelve outbound docks
generates the shortest makespan (973.4 minutes), while the combinations of PSO by items produced the
shortest average makespan for solving the cross-docking problem. However, the combination of six inbound
docks and nine outbound docks provides the most efficient solution for a cross-docking design since it
reduces the requirement of docks by 28.6% and increases the makespan by only 4.2% when compared to the
best solution, representing a favorable trade-off for the cross-docking platform design. Further research could
consider congestion and heterogeneous MHE to improve the ability to represent the cross-docking problem.
Finally, this study could be improved by considering the capacity limit for temporary storage, which would
directly affect the start and finish time of inbound and outbound trucks.
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