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PICKING SCHEDULING FOR SINGLE PICKER TO MULTI-WORKSTATIONS
OF THE PART-TO-PICKER ORDER FULFILMENT SYSTEM

Jinchang Hu*, Xin Wang, Wenya Li, Chenjing Yang and Yitong Zhao

Abstract. To reduce human resource costs, the part-to-picker order fulfilment systems may have a
single picker in charge of multiple workstations. And the picking speed of the picker becomes faster
as the picking number increases due to the learning effect in the picking operation. In this paper, the
scheduling problem to optimizing picking sequence of the picker is presented to minimize the maximum
picking time, where one picker is responsible for multiple workstations. The learning effect and travel
time between workstations are taken into account to improve scheduling accuracy. Two mixed integer
programming (MIP) models are proposed to solve the problem, namely the rank-based model and
disjunctive model. The performance of the two Mixed Integer Programming (MIP) models has been
evaluated, and it has been found that they are only capable of solving small-scale problems. The rank-
based model is limited to solving problems with up to 9 groups, whereas the disjunctive model can
handle up to 20 groups. Therefore, the disjunctive model outperforms the rank-based model. Moreover,
this paper proposes Interval Insertion NEH (IINEH) and iterative greedy (IG) algorithm to solve the
large-scale problem. Numerical experiments demonstrate the effectiveness of the two methods to solve
the problem, where IINEH operates faster while IG gives better results. Therefore, when faced with a
large-scale problem, IINEH is recommended if a quick solution is needed. If better optimization results
are needed, the decision maker can choose IG.
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1. Introduction

Today is the age of e-commerce and online shopping has become a consumption habit. The development of
e-commerce has expanded people’s demand for material goods and increased the requirements for quality of
service. The traditional picker-to-part order fulfilment system involves the picker walking to the storage area and
picking out the required items. This process requires the picker to travel excessive distances and takes up too
much time, therefore this model hardly meets the requirements of modern e-commerce. Meanwhile, increased
human resource costs have made the traditional picker-to-part order fulfilment system lose its cost advantage. As
a result, many e-commerce companies, especially large ones, have introduced semi-automatic warehouse picking
systems, i.e., the part-to-picker order fulfilment systems. The inbound and outbound processes of such a system
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are automated and the picking of commodities from totes to orders is manual, which can significantly improve
picking efficiency and reduce the number of pickers in the warehouse. In practice, there are three prevalent kinds
of the part-to-picker order fulfilment systems used in e-commerce. (1) The shuttle-based storage and retrieval
system, which transports totes between the storage area and workstations by shuttles, lifts and conveyors. (2)
The robotic order fulfilment system, in which AGVs move the inventory pods to workstations for picking. (3)
The carousel system, in which shelves are linked together and rotate in a closed-loop, and the system transports
shelves with needed items to pickers. The inventory pods and shelves can be seen as consisting of multiple
totes, which are loaded with the commodities needed for the order. These systems all implement the separation
between the storage area and the manual picking area.

In addition, these part-to-picker order fulfilment systems are often designed based on the company’s maximum
throughput and the growth of the business. The sales of e-commerce companies are often related to the season
and the promotions implemented by the company, such as the Double 11 in China and Black Friday in the
United States. Sales tend to skyrocket at these times, and these part-to-picker order fulfilment systems are
often designed in accordance with whether the system can meet this demand. In other words, the part-to-
picker order fulfilment systems are often designed to achieve as much throughput capacity as possible to meet
the demands of these special promotions, like setting up a sufficient number of workstations. Obviously, this
capacity is redundant during the ordinary season. Therefore, when the throughput demand is not too high, the
company will have one picker in charge of multiple workstations instead of assigning a dedicated picker to each
workstation. When one picker is responsible for multiple picking tasks at several workstations, determining the
sequence of picking tasks is a scheduling problem, which is the focus of this paper.

In reality, a batch of orders is usually classified by stock keeping unit (SKU) type before being distributed to
workstations. Orders in the same class usually contain similar SKU types and are distributed to their dedicated
workstations. There are several benefits to doing so. Firstly, each workstation is distributing several orders
of the same class at the same time, and these orders can be picked in parallel. Here we regard these orders
as a group of orders. The maximum number of orders in a group is determined by the setup of this system.
Classifying orders and distributing them to dedicated workstations increases the possibility that one SKU tote
out can simultaneously satisfy the needs of several orders in a group at once. This reduces the number of totes
out for all SKUs in a group and ultimately improves picking efficiency. For example, if there are three orders,
order A needs 2 shampoos, order B needs 3 shampoos and order C needs 1 bottle of Coke. According to the
classification, we should classify orders A and B into one class and order C into another. Then we distribute
orders A and B as a group to a particular workstation for simultaneous picking, so that if the totes of shampoo
come out to the workstation, the picking of orders A and B can be done at the same time and the number of
times the shampoo totes outbound is reduced by one. Secondly, if a workstation only needs to pick similar items
of the same SKU type, the picker picking error rate is decreased. And this creates a learning effect. As a group
of orders has similar SKU types, repeated picking of such orders will make the picking workers more and more
familiar with the operation and thus the picking time for each picking unit will become smaller and smaller.

Obviously, with one picker responsible for multiple workstations, the picking efficiency of the part-to-picker
order fulfilment system can be affected by the sequence in which workers arrive at their workstations to pick.
For example, a picker may be faced with multiple workstations that are available for picking at the same time,
i.e., the SKU totes required for these workstations have arrived at the same time. Generally, the picker will
choose the nearest workstation for picking, but this may not be the best choice for the entire picking process. In
addition, learning effect makes the actual picking time subject to the picking sequence, and considering learning
effect would also make the study more realistic and improve the accuracy of scheduling. Therefore, this paper
investigates this picking scheduling problem influenced by learning effect to reduce picking times.

Furthermore, the following assumptions have been made in this paper. It is assumed that workstation orders
are statically distributed, i.e., the system can only assign the next order to a workstation once the previous
order group for that workstation has been picked. It is assumed that each workstation has a sufficient buffer
to hold all the totes for all SKUs of an order group. Therefore, if there is enough time, all totes for a group
of required SKUs will be delivered to the workstation’s buffer, which ensures picking continuity for an order
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group. It is assumed that there is a large difference between the different SKU types, so we consider them to
be independent and that there is no learning effect between different workstations, i.e., work skills improved at
one workstation can only be applied at this workstation.

The main contributions of this paper are summarized below:

(1) We studied for the first time the scenario where a single picker is responsible for multiple workstations in
the part-to-picker order fulfilment system, and investigated the picking scheduling problem of the picker in
this scenario. In addition, we considered the learning effect due to SKU similarity and the impact of this
effect on picking operations, thus improving the accuracy of picking time calculation.

(2) We developed two types of mixed integer programming models, the rank-based model and disjunctive
model, and designed experiments to measure the performance of the two models.

(3) We proposed IINEH heuristic and IG to meet the needs of different practical uses, where IINEH modified
the initial order construction method and IG improved the initial solution and local search algorithm.

The paper is organized as follows. Section 2 reviews the relevant literature about order fulfilment systems,
learning effects and algorithms for scheduling. Section 3 describes the considered problem, constructing two
mixed integer programming (MIP) mathematical models, the rank-based model and the disjunctive model. In
Section 4, we present the Interval Insertion NEH and the iterative greedy algorithm. Experimental results are
provided and analyzed in Section 5. Section 6 concludes this paper and proposes further research directions.

2. Literature review

2.1. Order fulfilment system

According to the automation level, order fulfilment systems can be classified into the picker-to-part system,
part-to-picker system, and completely automated picking, while completely automated picking systems are out-
side this paper’s scope. The scheduling of picker-to-part order fulfilment systems is a traditional area of research
and here we list a number of review articles that present different perspectives on this system. Cergibozan and
Tasan [12] conducted a literature review of order batching operations in the framework of the order picking
process and found that warehouse picking will focus on a combination of order picking, batching and rout-
ing research. Franzke et al. [16] investigated picker blocking with different combinations of storage allocations
and picking routes, and assessed its impact. Van Gils et al. [41] presents a combination of tactical and oper-
ational order picking planning problems in the picker-to-part order fulfilment system and suggests guidelines
on how warehouse managers can benefit from the combined planning problems. Masae et al. [29] identified
order picker routing policies and then developed a conceptual framework for categorizing the various policies.
Ahmadi Keshavarz et al. [1] aimed to investigate the state of the art in the adoption of the picker-to-part
order fulfilment systems and carried out an extensive systematic analysis of key operational strategies, such
as the simultaneous consideration of order assignment, batching, sequencing, and routing. From these review
papers, we can find the picker-to-part order fulfilment system optimisation almost solves order assignment,
batching, storage assignment, and routing, or combinations of these by exact algorithms, heuristic algorithms,
meta-heuristic algorithms.

For the part-to-picker system, Azadeh et al. [4] reviewed new categories of automated and robotic handling
systems, such as shuttle-based storage and retrieval systems, shuttle-based compact storage systems, and robotic
mobile fulfilment systems. For each system, they categorized the literature in three groups: system analysis,
design optimization, and operations planning and control. Boysen et al. [10] surveyed novel warehousing systems
have been developed that either apply automation or implement organizational adaptions including automated
picking workstations, robots, and AGV-assisted order picking systems, as well as mixed-shelves storage, dynamic
order processing, and batching, zoning and sorting systems. Jaghbeer et al. [17] presented a systematic review
and content analysis of the literature to help understanding the relevant performance aspects for automated, or
partly automated order picking systems, and identifying the studied links between design and performance.
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To the best of our knowledge, no previous research has considered the scenario where a single picker is
responsible for multiple workstations in the picking section of the part-to-picker order fulfilment system, so
research on the picking scheduling problem for this scenario does not yet exist either. For more information
on this system analysis, optimal design, operational planning and control, the reader is referred to the review
article Azadeh et al. [4] and book Yang [46]. However, on analysing the problem, we can see that it is similar to
the job shop scheduling problem, with the following specific features. Firstly, one picker is responsible for several
workstations in our problem, which corresponds to one operator being responsible for several machines in the
job shop. Secondly, the time consumption of the picking process can be divided into two separate components,
namely the required tote out time and the picker picking time, which are equivalent to the automatic production
of the machine and the ready time for the worker to manually set up the raw material, respectively. However, the
sequence of the two separate components of the two problems is reversed, with the job-shop scheduling problem
involving manual set-up by the workers followed by automatic processing by the machine. Thirdly, the manual
work of the operator is influenced by the learning curve, in our thesis if the picker repeatedly performs picking
work, the picking time for one unit of items at the workstation will be reduced. Fourthly, the distance between
machines should be considered. In addition, prior to picking scheduling, a batch of orders has been classified
according to the similarity of SKU types in the order and divided into groups based on the number of orders
that can be picked at one workstation at the same time. The system assigns a group to a dedicated workstation
at a time, and the normal picking time for each group is the SKU unit picking time for that type multiplied by
the number of items in that group, so the normal picking time for each group is known, much like the operator
manual work time in the job shop scheduling problem. What’s more, we know where all the totes required for
a group’s SKU are located in the storage area. Therefore, we can calculate the outbound completion time of all
totes of a group, i.e., the longest outbound time of all totes of the group, to ensure that all totes of the group
can reach that workstation. The outbound time for a group is like the time for automatic machine processing
in the job shop scheduling problem. Therefore, in the following, we mainly refer to the research of the job shop
scheduling problem considering learning effect and setup time, including the model and algorithm to solve the
problem.

2.2. Learning effect

The effect of learning on manufacturing productivity was first introduced by Wright [44]. Then, Biskup [7]
was the pioneer of introducing learning effect into scheduling problems, proposing a learning effect model in
which the processing time of a job is a function of the job’s position in the sequence. Subsequently, Biskup [8]
discussed the reason why the learning effect should be considered in production, and provided an overview on
position-based learning effect.

As mentioned earlier, the job shop scheduling problem considering setup times is more similar to the part-to-
picker order fulfilment systems studied in this paper, especially those with variable setup times. Li et al. [24],
Anghinolfi and Paolucci [3] and Vallada and Ruiz [40] thought that the setup time depends on the sequence,
i.e., the setup time of the job is influenced by the work before or after the job. Wang [43] and Koulamas and
Kyparisis [21] considered the past-sequence-dependent setup time 𝑠[𝑟] of job 𝐽[𝑟], if it is scheduled in position 𝑟,
𝑠[𝑟] = 𝑏

∑︀𝑟−1
𝑖=1 𝑝[𝑖], where 𝑏 ≥ 0 is a normalizing constant, 𝑝[𝑖] is the actual processing time of a job at position

𝑖 in a sequence. Pei et al. [34–36] present setup time 𝑠 is a simple linear function of job’s starting time 𝑡, that
is, 𝑠 = 𝜃𝑡 where 𝜃 > 0 is the deterioration rate of the setup time. Kuo [23] refered to the job independent
learning model [7] and job dependent learning model [30], and proposed setup time with two kind of learning
effect model, i.e., 𝑠𝑖[𝑞] = 𝑠𝑖𝑞

𝑏 and 𝑠𝑖[𝑞] = 𝑠𝑖𝑞
𝑏𝑖 , where 𝑏 ≤ 0 and 𝑏𝑖 ≤ 0 are the group 𝐺𝑖 independent and

dependent learning index respectively, 𝑠𝑖[𝑞] and 𝑠𝑖 are the actual setup time and the normal setup time of group
𝐺𝑖 respectively, and 𝑞 is the group’s position.

However, previous studies have hardly considered labor constraint, even in single-operator and multi-machine
environments. Furthermore, if the outbound of totes needed for each workstation in this paper is analogous to
setup time and the picking operation is analogous to machine processing, that setup time is known and is
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independent of the picking sequences since the groups on the workstation all need to be set up before picking.
The processing time, on the other hand, depends on the picking order, i.e., the position of the group.

In addition, the time cost of the job consists of changing manual operation time and constant machine
processing time, similar to DeJong’s learning effect model. The processing time of job 𝐽𝑗 is described by DeJong’s
learning curve, 𝑝𝑗,𝑟 = 𝑝𝑗(𝑀 +(1−𝑀)𝑟𝑎), where 𝑝𝑗 is the initial job processing time, 𝑎 ≤ 0 is the learning index,
𝑀 is the incompressibility factor, 𝑟 is the current position of a job in a given schedule and 1 ≤ 𝑗, 𝑟 ≤ 𝑛. Readers
can refer to review articles of Oko lowski and Gawiejnowicz [32] and Ji et al. [18,19] for DeJong’s learning effect
model. The jobs in these studies are processed sequentially on each machine one by one with DeJong’s learning
effect, and our scheme may result in machines waiting for operators while idle time occurs between two jobs on
one machine. Therefore, to the best of our knowledge, the setting of the scheduling problem in this paper has
not been studied before.

2.3. Algorithm for scheduling

Some early studies investigated scheduling problems for one operator, multi-machine systems in which opera-
tors move between machines, each with different operations, see [5,6,13]. But they all only considered one oper-
ator, two-machine flowshop or open shop models, our problem is more complex and addresses more machine of
scheduling problems. In addition, we also consider the operator’s travel time, because there are more machines
and the operator may spend more time walking in our study, and ignoring the transport time between machines
or the operator’s travel time introduces larger errors.

Mixed integer programming (MIP) has been widely applied to scheduling problems, and it is often the initial
approach to solving a new scheduling problem. In the context of modern solvers, Ku and Beck [22] found it
valuable to understand the comparison between the various MIP models used for scheduling, and two mixed
integer programming models are provided for our problem, namely rank-based formulation and disjunctive
formulation, and they were first proposed by Wagner [42] and Manne [28] respectively. In addition, our problem
can also be viewed as a one-operator and one-process flow shop scheduling problem with learning effect, so we
consider some classical and efficient solutions to the flow shop scheduling problem.

The iterated greedy (IG) algorithm is a simple and effective type of meta-heuristics, which was first applied
to solve scheduling problems by Ruiz and Stützle [38]. It starts with an initial solution generated by the NEH
or improved NEH and then attempts to improve the current solution through four main phases: destruction,
construction, local search, and acceptance phases. In the first stage of the iteration, some jobs are randomly
removed from the current solution to obtain a partial solution. In the second phase, the removed jobs are
reinserted into this partial solution in a greedy way to form a new complete solution. In the third stage, this
newly generated solution is changed using a local search. Next, an acceptance criterion is used to decide whether
the new solution can replace the current solution.

The NEH is a classical heuristic for flow shop scheduling problem solving proposed by Nawaz et al. [31],
and it also serves as the initial solution of IG. This heuristic consists of two phases. First, the jobs are ordered
according to an initial order, and then the first job is removed from the initial order and placed in a partial
sequence that is initially empty. Next, following this initial order, each job is removed and attempted to be
inserted into each possible position of the partial sequence. The position that makes the optimal objective value
is chosen for the job. Most of the IG literature employs variants of the NEH procedure, Fernandez-Viagas et al.
[15] unified the different variants of the NEH heuristic using a notation consisting of three fields.

Recently, Pan and Ruiz [33] showed that IG obtains very good results in terms of total flowtime minimization
for permutation flow shop scheduling problems. Other authors have also proposed efficient IG-based algorithms
to solve similar flow shop problems. Li et al. [24] used IG for the no-wait flow shop scheduling problem with
sequence-dependent setup times and learning and forgetting effects to minimize the total flowtime. All these
papers apply state-of-the-art IG methods to solve the problems related to the study of this paper, so IG methods
can be used as a reference to solve our problem.

In this paper, we deal with a picker’s picking scheduling problem in which the picking times of all groups
depend on the group’s position on its workstation, with the aim of minimizing the maximum picking time for
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all orders. We provide two mixed integer programming models for this scheduling problem and propose an
improved iterative greedy algorithm for larger size problems.

3. Problem definition and MIP models

Our picking scheduling problem, where one picker is responsible for multiple workstations, can be formulated
as follows. There are 𝑀 workstations in a part-to-picker order fulfilment system, all picked by one picker. As
described above, we classify orders according to SKU types and distribute the same class of orders to the
same workstation, where each order contains only one type of SKU. The orders of a workstation are divided
into multiple groups, and assume that workstation 𝑖 has 𝑛𝑖 groups. All workstations pick a total of 𝑁 groups,
𝑁 =

∑︀𝑀
𝑖=1 𝑛𝑖. Let 𝑛𝑖𝑔 be the commodities number of the 𝑔th group of workstation 𝑖 and 𝑢𝑖 be the unit

commodity picking time of workstation 𝑖. The system delivers the required totes from the storage area to the
workstations, the pickers pick the commodities into the order bins, and then the system transports the totes
back to the storage area and repeats the series until all orders are completed. Symbols 𝑠𝑖𝑔 and 𝑝𝑖𝑔 denote the
normal picking time and outbound time of the 𝑔th group of workstation 𝑖, where 𝑠𝑖𝑔 = 𝑛𝑖𝑔𝑢𝑖, and assume that
𝑝𝑖(𝑛𝑖+1) = 0. After the picker finishes picking at a workstation, he or she selects an alternative workstation
that is available for picking, the picker’s travel time between workstations 𝑖 and 𝑙 is 𝑡𝑖𝑙, here 𝑡𝑖𝑙 = 𝑡𝑙𝑖. We set
the outbound time to be sufficient to deliver the required totes for a group of orders from the storage area
to the workstations, so there is no preemption of orders from different workstations, i.e., once a picker arrives
at a workstation, he or she must complete the group of orders. However, if the required totes have not yet
arrived, the picker needs to wait at the workstation where the pickers are scheduled to reach. We consider the
group-position and workstation-based learning effect for the picking operation. The actual picking time of the
𝑔th group of workstation 𝑖 is 𝑠′𝑖𝑔 = 𝑠𝑖𝑔𝑔

𝑎, where 𝑎 ≤ 0 is the learning index. The objective is to minimize the
maximum picking time for all orders, 𝐶max.

3.1. Rank-based model

We provide a MIP mathematical model for our one picker picking scheduling problem with group-position
and workstation-based learning effect for picking time. The other parameters and variables in the model are
described below and then the proposed model is given.

Decision variables: 𝑧𝑘𝑖𝑔 (binary variable), if group 𝑘 is scheduled at the 𝑔th position on workstation 𝑖 to be
processed, 𝑧𝑘𝑖𝑔 = 1 otherwise 𝑧𝑘𝑖𝑔 = 0, 𝑘 = 1, 2, . . . , 𝑁 ; 𝑖 = 1, 2, . . . ,𝑀 ; 𝑔 = 1, 2, . . . , 𝑛𝑖.

Auxiliary variables: 𝑥𝑘𝑖 (continuous variable), the earliest time the picker can be scheduled to pick at the
workstation 𝑖 after the 𝑘th group picking is finished, 𝑘 = 1, 2, . . . , 𝑁 ; 𝑖 = 1, 2, . . . ,𝑀 . In more detail, 𝑥𝑘𝑖 is an
auxiliary time record that refers to the earliest time when the next group can be picked after picking group 𝑘
(assuming group 𝑘 belongs to the 𝑔th group on workstation 𝑖). So, it means that the picker needs to have picked
group 𝑘 on workstation 𝑖 and a group after group 𝑘 (not necessarily 𝑘 + 1, but certainly 𝑔 + 1, which represents
the group after the 𝑔th group on workstation 𝑖) has already left the warehouse and arrived at workstation 𝑖. So,
𝑥𝑘𝑖 needs to add the picking time and the next group outbound time of that workstation after starting picking.

Objective function:
min 𝐶max. (1)

Constraints:

𝑀∑︁
𝑖=1

𝑛𝑖∑︁
𝑔=1

𝑧𝑘𝑖𝑔 = 1, 𝑘 = 1, 2, . . . , 𝑁 (2)

𝑁∑︁
𝑘=1

𝑛𝑖∑︁
𝑔=1

𝑧𝑘𝑖𝑔 = 𝑛𝑖, 𝑖 = 1, 2, . . . ,𝑀 (3)
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𝑁∑︁
𝑘=1

𝑧𝑘𝑖𝑔 = 1, 𝑖 = 1, 2, . . . ,𝑀 ; 𝑔 = 1, 2, . . . , 𝑛𝑖 (4)

𝑥𝑘𝑖 ≥ 𝑝𝑖1, 𝑖 = 1, 2, . . . ,𝑀 ; 𝑘 = 1, . . . , 𝑁 (5)

𝑥𝑘𝑖 ≥ 𝑥(𝑘−1)𝑖 +
𝑛𝑖∑︁

𝑔=1

𝑧𝑘𝑖𝑔

(︀
𝑠′𝑖𝑔 + 𝑝𝑖(𝑔+1)

)︀
, 𝑖 = 1, 2, . . . ,𝑀 ; 𝑘 = 1, 2, . . . , 𝑁 (6)

𝑥𝑘𝑖 ≥ 𝑥(𝑘−1)𝑙 −
𝑛𝑙∑︁

ℎ=1

𝑧(𝑘−1)𝑙ℎ𝑝𝑙(ℎ+1)

+
𝑀∑︁
𝑙=1

𝑛𝑖∑︁
𝑔=1

𝑛𝑙∑︁
ℎ=1

𝑧𝑘𝑖𝑔𝑧(𝑘−1)𝑙ℎ𝑡𝑖𝑙

+
𝑛𝑖∑︁

𝑔=1

𝑧𝑘𝑖𝑔

(︀
𝑠′𝑖𝑔 + 𝑝𝑖(𝑔+1)

)︀
− 𝑉

(︃
1−

𝑀∑︁
𝑙=1

𝑛𝑖∑︁
𝑔=1

𝑛𝑙∑︁
ℎ=1

𝑧𝑘𝑖𝑔𝑧(𝑘−1)𝑙ℎ

)︃
, 𝑖 = 1, 2, . . . ,𝑀 ; 𝑙 = 1, 2, . . . ,𝑀 ; 𝑖 ̸= 𝑙; 𝑘 = 1, 2, . . . , 𝑁 (7)

𝐶max ≥ 𝑥𝑁𝑖, 𝑖 = 1, 2, . . . ,𝑀 (8)
𝑧𝑘𝑖𝑔 ∈ {1, 0}, 𝑖 = 1, 2, . . . ,𝑀 ; 𝑘 = 1, 3, . . . , 𝑁 ; 𝑔 = 1, 2, . . . , 𝑛𝑖. (9)

The objective is to minimize the maximum picking time. Constraint (2) ensures every group is picked once.
Constraint (3) ensures 𝑛𝑖 groups are picked on workstation 𝑖. Constraint (4) specifies that only one group be
scheduled at the every position in all workstations. Constraint (5) enforces that all groups can only be picked
after all totes of that group have been reached. The constraint (6) denotes 𝑥𝑘𝑖 should add the picking time of
group 𝑘 and the outbound time of the group after the 𝑔th group on workstation 𝑖, when group 𝑘 belongs to
the 𝑔th group on workstation 𝑖, that is, both 𝑘 and 𝑘 − 1 are on workstation 𝑖. Note: regardless of whether
group 𝑘 belongs to the 𝑔th group on workstation 𝑖, it is certain that 𝑥𝑘𝑖 ≥ 𝑥(𝑘−1)𝑖. The constraint (7) is another
case, when 𝑘 and 𝑘 − 1 are not on the same workstation and 𝑘 belongs to the 𝑔th group on workstation 𝑖,
while 𝑘 − 1 belongs to the ℎth group on workstation 𝑙. In this case 𝑥𝑘𝑖 is not only limited by constraint (6),
but also by the time of arrival of the picker at workstation 𝑖 from workstation 𝑙. The time that the picker
can depart from workstation 𝑙 is 𝑥(𝑘−1)𝑙 −

∑︀𝑛𝑙

ℎ=1 𝑧(𝑘−1)𝑙ℎ𝑝𝑙(ℎ+1) (according to the definition of 𝑥𝑘𝑖, we need to
subtract the outbound time of the (ℎ + 1)th group on workstation 𝑙). The time for the picker to walk from
workstation 𝑙 to workstation 𝑖 is

∑︀𝑀
𝑙=1

∑︀𝑛𝑖

𝑔=1

∑︀𝑛𝑙

ℎ=1 𝑧𝑘𝑖𝑔𝑧(𝑘−1)𝑙ℎ𝑡𝑖𝑙, in addition, according to the definition of
𝑥𝑘𝑖, we also need to add the picking time of group 𝑘 and the outbound time of the group after the 𝑔th group
on workstation 𝑖. Finally the product of 𝑉 is used so that constraint (7) holds only when 𝑘 belongs to the
𝑔th group on workstation 𝑖 and 𝑘 − 1 belongs to the ℎth group on workstation 𝑙. In our model, we assign
𝑉 =

∑︀𝑀
𝑖=1

∑︀𝑛𝑖

𝑔=1(𝑠𝑖𝑔 + 𝑝𝑖𝑔) + (𝑁 − 1) · max𝑖,𝑙=1,2,...,𝑀 𝑡𝑖𝑙, since none of the workstations can take more time
than the sum of the normal picking time and outbound time for all groups, plus the sum of the pickers’ travel
time, here we use the largest value for all the time between any two machines. We use the same 𝑉 value in the
disjunctive model. Constraint (8) defines the maximum picking time. Finally, constraint (9) defines 𝑧𝑘𝑖𝑔 to be
a binary variable.

This Rank-based model includes 𝑧𝑘𝑖𝑔𝑧(𝑘−1)𝑙ℎ, which makes constraint (7) nonlinear inequalities. But it is
clear that 𝑧𝑘𝑖𝑔𝑧(𝑘−1)𝑙ℎ and (𝑧𝑘𝑖𝑔 +𝑧(𝑘−1)𝑙ℎ−1+ |𝑧𝑘𝑖𝑔 +𝑧(𝑘−1)𝑙ℎ−1|)/2 are equivalent. In addition, for constraint
containing absolute value operations, such as 𝑥 > |𝑦|, we can modify the constraint to a combination of 𝑥 > 𝑦
and 𝑥 > −𝑦, they are both linear constraints. So, we can also regard the rank-based model as an MIP model.
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3.2. Disjunctive model

We sort all groups by workstation index, i.e., group 1, 2, . . . , 𝑁 belongs to workstation 1, 2, . . . ,𝑀 successively.
Let 𝑤𝑘 represents the 𝑘th group’s workstation, 𝑠′𝑘 and 𝑝′𝑘 represent the actual picking time and the outbound
time of the 𝑘th group. Assume the 𝑘th group is the 𝑛′𝑘th group of workstation 𝑤𝑘.

To build the relationship of groups with the index range of group of the workstation, we define 𝜌𝑘 and 𝜎𝑘 as
minimum and maximum group index of 𝑘th group’s workstation. Then, to establish the relationship between
the group and the range of group indexes of the workstations in that group, we define 𝜌𝑘 and 𝜎𝑘 as the minimum
and maximum group index of the 𝑘th group’s workstation. For example, when the 1st group belongs to the
workstation 1 and the 2nd group to the (𝑛1 + 𝑛2)th group all belong to the workstation 2, then 𝜌1 = 1, 𝜎1 =
1, 𝜌2 = 2 and 𝜎2 = 𝑛1 + 𝑛2. Meanwhile, let 𝜏𝑘𝑗 be the travel time of the picker between the workstations of the
𝑘th and the 𝑗th group. We give the methods to calculate 𝜌𝑘, 𝜎𝑘, 𝑠′𝑘, 𝑝′𝑘 and 𝜏𝑘𝑗(𝑘, 𝑗 = 1, 2, . . . , 𝑁) as follows,
and they can be regarded as known parameters:

𝜌𝑘 =
𝑤𝑘−1∑︁
𝑖=1

𝑛𝑖 + 1 (10)

𝜎𝑘 =
𝑤𝑘∑︁
𝑖=1

𝑛𝑖 (11)

𝑛′𝑘 = 𝑘 −
𝑤𝑘−1∑︁
𝑖=1

𝑛𝑖 (12)

𝑠′𝑘 = 𝑠𝑤𝑘𝑛′
𝑘
(𝑛′𝑘)𝑎 (13)

𝑝′𝑘 = 𝑝𝑤𝑘𝑛′
𝑘

(14)
𝜏𝑘𝑗 = 𝑡𝑤𝑘,𝑤𝑗 . (15)

Besides, we define decision variables.
Decision variables: 𝑧𝑗𝑘 (binary variable), if the 𝑗th group precedes the 𝑘th group in picking, 𝑧𝑗𝑘 = 1, otherwise

𝑧𝑗𝑘 = 0, 𝑘, 𝑗 = 1, 2, . . . , 𝑁 .
Auxiliary variables: 𝑥𝑘 (continuous variable), the start time of picking the 𝑘th group, 𝑘 = 1, 2, . . . , 𝑁

min 𝐶max. (16)

Constraints:

𝑥𝑘 ≥ 𝑝′𝑘, 𝑘 = 1, 2, . . . , 𝑁 (17)
𝑥𝑗 ≥ 𝑥𝑘 + 𝑠′𝑘 + 𝑝′𝑗 − 𝑉 · 𝑧𝑗𝑘, 𝑗 = 1, 2, . . . , 𝑁, 𝜌𝑗 ≤ 𝑘 ≤ 𝜎𝑗 , 𝑘 > 𝑗 (18)
𝑥𝑘 ≥ 𝑥𝑗 + 𝑠′𝑗 + 𝑝′𝑘 − 𝑉 · (1− 𝑧𝑗𝑘), 𝑗 = 1, 2, . . . , 𝑁, 𝜌𝑗 ≤ 𝑘 ≤ 𝜎𝑗 , 𝑘 > 𝑗 (19)
𝑥𝑗 ≥ 𝑥𝑘 + 𝑠′𝑘 + 𝜏𝑘𝑗 − 𝑉 · 𝑧𝑗𝑘, 𝑗 = 1, 2, . . . , 𝑁, 𝑘 > 𝜎𝑗 or 𝑘 < 𝜌𝑗 , 𝑘 > 𝑗 (20)
𝑥𝑘 ≥ 𝑥𝑗 + 𝑠′𝑗 + 𝜏𝑘𝑗 − 𝑉 · (1− 𝑧𝑗𝑘), 𝑗 = 1, 2, . . . , 𝑁, 𝑘 > 𝜎𝑗 or 𝑘 < 𝜌𝑗 , 𝑘 > 𝑗 (21)
𝐶max ≥ 𝑥𝑘 + 𝑠′𝑘, 𝑘 = 1, 2, . . . , 𝑁 (22)
𝑧𝑗𝑘 ∈ {0, 1}, 𝑘, 𝑗 = 1, 2, . . . , 𝑁. (23)

The objective function is stated in (16). Constraint (17) ensures each group starts picking after the arrival
time of all its totes. The disjunctive constraint sets (18)–(21) ensure that no two groups can be picked on the
same workstation at the same time. If the two groups are on the same workstation, the latter group must start
being picked after the former group has finished, i.e., constraints (18) and (19), else the travel time of the
picker between the two workstations must be considered, i.e., constraints (20) and (21). Symbol 𝑉 has to be
assigned as a large enough value to ensure the correctness of these constraints. Constraint (22) ensures that the
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Table 1. Comparison of two MIP models.

Model
Number of
binary variables

Number of constraints
Continuous
variables

Rank-Based 𝑁2 𝑀2𝑁 + 𝑀𝑁 + 2𝑀 + 2𝑁 𝑁𝑀
Disjunctive 𝑁2 𝑁2 + 𝑁 𝑁

maximum picking time is after the completion time of the last group. Finally, constraint (23) defines 𝑧𝑗𝑘 to be
a binary variable.

In summary, this problem is a picker’s picking scheduling problem and also considers the distance between
two workstations. Therefore, the start of picking for each group must be later than the arrival of the picker,
which is constraint (7) in the rank-based model and constraint (20), (21) in the disjunctive model. These all
are different from the traditional job shop scheduling problem model, which is reviewed in Ku and Beck [22].
Table 1 shows the number of binary variables, constraints and continuous variables of two MIP models. Because
both models are difficult to solve and can only solve small-scale instances, the next sections propose heuristic
procedures for solving large problems.

4. Iterated greedy algorithm

The iterated greedy (IG) algorithm is a simple and effective type of meta-heuristics, we adopt this IG
framework, which is shown in Algorithm 1. The main improvement of the IG framework is made to its initial
solution. Classical IG usually uses NEH as the initial solution, while our NEH modifies the first field initial
order construction method, calling it Interval Insertion NEH (IINEH).

Reference literature by Fernandez-Viagas et al. [15], NEH starts by sorting all the orders to form the initial
order, which mainly includes the following sorting criteria. (1) rand: Jobs are randomly ordered. This order
is used by Ribas et al. [37]. (2) SD: Non decreasing sum of processing times (original order of the NEH) of
the jobs. This order is used by Kalczynski and Kamburowski [20] and Nawaz et al. [31]. (3) AD: sum of the
mean and deviation of the processing times This order is used by Dong et al. [14]. Our proposed IINEH is
new sorting criteria, which allows two adjacent groups of the same workstation to be inserted in the partial
sequence with the largest possible time interval so that they are as far apart as possible in the partial sequence
and reduce the picker’s waiting time. For this purpose, we define the group interval 𝐼𝑛𝑡𝑖 for the 𝑖th workstation
and obtain the weight 𝑤𝑖

𝑘 for the 𝑘th group of the 𝑖th workstation, which are calculated as 𝐼𝑛𝑡𝑖 = 𝑁/𝑛𝑖 and
𝑤𝑖

𝑘 = 𝑘 · 𝐼𝑛𝑡𝑖, respectively. Then, all groups are sorted in ascending order according to their weights to generate
an initial order (𝜋′). Next, as in the traditional NEH rule, the first group in the initial order (𝜋′1) is removed and
inserted into each position of the partial sequence to obtain the different insertion results. The insert position
that minimizes the maximum picking time of the new partial sequence is chosen and this group is inserted. This
operation is repeated until all groups in the initial order are removed to obtain the complete group sequence 𝜋.
The pseudocode of the IG algorithm is presented in Algorithm 2.

To further improve the search capability, a local search algorithm is added to the algorithm. The operation
of our local search is to swap the positions of two fragments in the group sequence, the fragments consist of the
parameters 𝑑1 consecutive groups. The operation is executed 𝐿1 times per iteration, and after the execution, we
make a judgment on the new group sequence. If the maximum picking time of the new group sequence obtained
by the above two stages is shorter than the original one, the new group sequence is accepted, otherwise the
original group sequence remains unchanged. The pseudocode of the proposed Local search procedure is given
in Algorithm 3.

The local search process enhances the reinforcement of the search algorithm. However, Blum and Roli [9]
indicated the balance between intensification and diversification is crucial to avoid getting trapped in a local
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Algorithm 1. Iterated greedy (IG).
Input: 𝐿1, 𝑑1, 𝐿2, 𝑑2;
Output: 𝜋;
1: 𝜋0 ← Interval Insertion NEH;
2: while Time condition is not satisfied do
3: 𝜋 ← local search (𝜋0);
4: 𝜋 ← Destruction & construction (𝜋);
5: 𝜋0 ← 𝜋
6: end while

Algorithm 2. Interval Insertion NEH.
Output: 𝜋;
1: for 𝑖 = 1; 𝑖 ≤𝑀 ; 𝑖 + + do
2: Calculate the group interval of workstation 𝑖: 𝐼𝑛𝑡𝑖 = 𝑁/𝑛𝑖;
3: Calculate the weight of the 𝑘th group on workstation 𝑖: 𝑤𝑖

𝑘 = 𝑘 · 𝐼𝑛𝑡𝑖, 𝑘 = 1, 2, . . . , 𝑛𝑖;
4: 𝜋′ ← Sort all groups in non-descending order according to their 𝑤𝑖

𝑘;
5: end for
6: 𝜋 ← 𝜋′1; // Move the first group of 𝜋′ into 𝜋
7: for 𝑖 = 2; 𝑖 ≤ 𝑁 ; 𝑖 + + do
8: 𝜋 ← best permutation obtained by inserting 𝜋′1 in any possible positions of 𝜋;
9: Removed 𝜋′1 from 𝜋′;

10: end for
11: return 𝜋;

Algorithm 3. Local search.
Input: 𝜋, 𝐿1, 𝑑1;
Output: 𝜋;
1: for 𝑖 = 1; 𝑖 ≤ 𝐿1; 𝑖 + + do
2: 𝑘1, 𝑘2 ← 𝑅𝑎𝑛𝑑𝑜𝑚(1, 𝑁 − 𝑑1); // 𝑅𝑎𝑛𝑑𝑜𝑚(𝑥, 𝑦) means generate a random integer between 𝑥 and 𝑦
3: 𝜋′ ← 𝜋;
4: for 𝑗 = 0; 𝑗 < 𝑑1; 𝑗 + + do
5: Exchange 𝜋(𝑘1 + 𝑗) and 𝜋(𝑘2 + 𝑗) of 𝜋′;
6: end for
7: if 𝐶max(𝜋

′) < 𝐶max(𝜋) then
8: 𝜋 ← 𝜋′;
9: 𝐶max(𝜋)← 𝐶max(𝜋

′);
10: end if
11: end for
12: return 𝜋;

optimum. The destruction and reconstruction process is performed on the sequence to increase the diversity of
the search process, which significantly changes the original sequence and increases the possibility of the algorithm
jumping out of the local optimal solution. The algorithm iterates 𝐿2 times, and each iteration consists of three
phases: Destruction, Reconstruction and Acceptance Criteria. (1) Destruction: 𝑑2 groups are randomly removed
from the original sequence and put into a temporary groups sequence in turn. (2) Reconstruction: similar to the
NEH rule, remove the first group in the temporary group sequence, insert it into each position of the original
group sequence, and choose the position that minimizes the maximum picking time of this group sequence for
insertion, and repeat the above operations until all groups in the temporary group sequence are removed and
the original group is restored to a new complete group sequence. (3) Acceptance Criterion: if the maximum
picking time of the new group sequence obtained by the above two stages is shorter than the original one, the
new group sequence is accepted, otherwise the original group sequence remains unchanged. This algorithm can
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finally obtain an updated group sequence. Destruction & Reconstruction algorithm is formally described in
Algorithm 4.

Algorithm 4. Destruction & Reconstruction.
Input: 𝜋, 𝐿2, 𝑑2;
Output: 𝜋;
1: for 𝑖 = 1; 𝑖 ≤ 𝐿2; 𝑖 + + do
2: 𝜋′ ← 𝜋;
3: for 𝑗 = 0; 𝑗 < 𝑑2; 𝑗 + + do
4: Remove one group at random from 𝜋′ and insert it into 𝜋′′;
5: end for
6: for 𝑗 = 0; 𝑗 < 𝑑2; 𝑗 + + do
7: 𝜋′ ← best permutation obtained by inserting 𝜋′′1 in any possible positions of 𝜋′;
8: end for
9: if 𝐶max(𝜋

′) < 𝐶max(𝜋) then
10: 𝜋 ← 𝜋′;
11: 𝐶max(𝜋)← 𝐶max(𝜋

′);
12: end if
13: end for
14: return 𝜋;

5. Computational and statistical experimentation

Computational experiments are conducted to evaluate the performance of two MIP models and IG algorithm.
Five factors are considered in our experiments, including the total number of groups (𝑁), learning effect index
(𝑎), unit picking time (𝑢, the units are seconds), distances between adjacent workstations (𝑑, the units are in
meters) and workstation number (𝑀). To determine the total number of groups 𝑁 and facilitate statistical
categorization, we define 𝑋, which denotes the average number of groups per workstation, such that 𝑁 = 𝑋𝑀 ,
hence 𝑋 and 𝑀 together determine the size of the problem in the experiment. 𝑁 groups are randomly assigned
to each workstation, ensuring that at least one group is picked at each workstation. The items number of every
group in all instances also supports a uniform distribution 𝑈 [6, 20], and the normal picking time for each group
is its items number multiplied by the unit picking time for that SKU type. We consider that all workstations
are set up on the same side of the storage area as one column and that the spacing between any two adjacent
workstations is the same, so we only describe the distance between two adjacent workstations as follows. In this
study, all experimental tests are conducted on a personal computer with Intel(R) Core(TM) i7-8550U CPU @
1.80 GHz and 16 GB RAM. We use the Gurobi optimizer 8.0 for the rank-based model and the disjunctive model,
the computational time of Gurobi is limited to 3600 s. The gap between the lower bound and the tardiness of the
best feasible solution is recorded if Gurobi reaches the time limit. The computational experiments are divided
into the following parts according to different purposes: (1) comparison of the disjunctive model and the rank-
based model; (2) comparison of the disjunctive model and the proposed IG; (3) parameter calibration of the
proposed IG methods; (4) performance of the proposed IG and analysis of the influencing factors; (5)performance
of the proposed IINEH; (6) comparison IINEH and IG with the traditional algorithms.

We use the following simulation method as a comparison algorithm for the MIP model and the proposed IG
algorithm. The basic idea of the simulation is to enable the picker to pick as early as possible, regardless of the
workbench, in order to reduce the picker’s idle time. If there are multiple workstations that can be picked, it
is logical that the picker should reach the closest workstation in order to be able to pick as early as possible.
This idea is generally consistent with the actual picking process. To describe the simulation method, we have
the following definitions. Let the time for the picker to finish picking the current workstation group be 𝑡𝑐 with
an initial value of 0. Let the time for each workstation to finish picking the current group be 𝑡𝑤𝑖 , 𝑖 = 1, 2, . . . ,𝑀
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with an initial value of 0 for every 𝑖. The workstation where the picker is currently located is 𝑒 with a random
initial value. The symbol 𝑛𝑐

𝑖 represents the number of groups completed at workstation 𝑖 with an initial value
of 0. The definitions of 𝑡𝑖𝑙, 𝑠𝑖𝑔 and 𝑝𝑖𝑔 are the same as in Section 3. A formal description of the simulation is
given in the Algorithm 5.

Algorithm 5. Simulation.
Output: 𝜋;
1: 𝑒← a random workstation; 𝜋 ← ∅
2: for 𝑖 = 1; 𝑖 ≤ 𝑁 ; 𝑖 + + do
3: 𝑆 ← the workstations set with groups to pick; K← ∅;
4: for each 𝑖′ ∈ 𝑆 do
5: K← K ∪max{𝑡𝑐 + 𝑡𝑖′,𝑒, 𝑡

𝑤
𝑖 + 𝑝𝑖′,𝑛𝑐

𝑖 +1};
6: end for
7: 𝑡′′𝑐 ← min{K}; 𝑒← the workstation 𝑖′ meet 𝑡′′𝑐 = min{K}; 𝑡𝑐, 𝑡

𝑤
𝑒 ← 𝑡′′𝑐 + 𝑠𝑒,𝑛𝑐

𝑖 +1; 𝑛𝑐
𝑖 ← 𝑛𝑐

𝑖 + 1; 𝜋 ← 𝜋 ∪ 𝑒;
8: end for
9: return 𝜋;

In addition, to compare two algorithms or methods, and to measure the quality of their obtained solutions,
we present the relative percentage deviation, RPD𝐵

𝐴 , which is computed for each experiment according to the
following equation:

RPD𝐵
𝐴(%) = 100× 𝐶𝐴 − 𝐶𝐵

𝐶𝐵
(24)

where 𝐶𝐴 and 𝐶𝐵 denote the objective value of algorithms or methods 𝐴 and 𝐵 for every instance, respectively.

5.1. Comparision between the disjunctive model and rank-based model

In this part, we compare the rank-based model with the disjunctive model. We test two workstations with
the number 𝑀 = 3 and 4, three 𝑋, 2, 3 and 4. The learning effect index 𝑎 = −0.15 and the distance 𝑑 between
adjacent workstations is 6. Unit picking time and outbound time of every workstation are generated from a
uniform distribution 𝑈 [5, 10] and 𝑈 [60, 300], respectively. We record CPU time and gap of the disjunctive and
rank-based model of every instance, and we use the relative percentage deviation RPD𝑑𝑖𝑠

𝑟𝑎𝑛 to compare the
disjunctive model and rank-based model, where 𝑟𝑎𝑛 and 𝑑𝑖𝑠 denote the rank-based and disjunctive model,
respectively.

From Table 1 we can see that the constraints and continuous variables number of the rank-based model is
significantly larger than that of the disjunctive model, so the rank-based model needs more running time to
achieve optimality. Table 2 shows a comparison between the rank-based model and the disjunctive model. The
rank-based model can only complete solving problems smaller than 𝑀 = 3, 𝑋 = 3 and 𝑀 = 4, 𝑋 = 2 in one
hour, while the disjunctive model can solve problems of this size quickly. As shown in Table 2, the value of
RPD𝑑𝑖𝑠

𝑟𝑎𝑛 is small for all scales, indicating that the final results of the two models are not very different. However,
the mean and maximum gaps of the rank-based model are large, especially for the larger size cases, which
indicates that the lower bounds of the solutions of the rank-based model in Gurobi are very small. In addition,
problems with more than 4 workstations and 8 groups take too much time to solve, so we think the rank-based
model is not suitable to solve our problem. Therefore, we just analyze the performance of the disjunctive model
and IG as shown below.

5.2. Calibration of the proposed IG methods

There are four parameters that can affect the performance of the proposed IG algorithm: 𝐿1, 𝑑1 in the local
search algorithm, and 𝐿2, 𝑑2 in Destruction & construction algorithm. 𝐿1 and 𝐿2 are tested at 3, 5 and 7 levels
respectively, 𝑑1 and 𝑑2 are tested at 2, 3, 4 and 5 levels respectively. Therefore, a total of 3 × 3 × 4 × 4 = 144
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Table 2. Comparison between the disjunctive model and rank-based model.

𝑀 𝑋
RPD𝑑𝑖𝑠

𝑟𝑎𝑛
Disjunctive

model CPU time
Rank-based

model CPU time
Rank-based

model gap (%)
Mean Max Mean Max Mean Max Mean Max

3
2 0 0 0.02 0.02 0.67 1.25 0 0
3 0 0 0.07 0.10 40.21 92.99 0 0
4 0.12 0.62 0.29 0.57 824.124 3600 22.62 90.49

4
2 0 0 0.10 0.13 7.67 10.93 0 0
3 0.38 1.89 0.69 1.25 2894.41 3600 66.89 93.74
4 0.19 0.46 9.59 19.27 2886.04 3600 94.93 95.77

Table 3. The ANOVA results of the parameters of the proposed IG.

Source Sum of squares Df Mean square 𝐹 -ratio 𝑝-value

Main effects
𝐿1 3.88× 10−6 2 1.94× 10−6 0.06 0.95
𝐿2 9.06× 10−4 2 4.53× 10−4 13.06 2.16× 10−6

𝑑1 1.39× 10−3 3 4.65× 10−4 13.36 1.05× 10−8

𝑑2 5.44× 10−4 3 1.81× 10−4 5.23 1.33× 10−3

Residual 0.44 12 949 3.47× 10−5

Total (corrected) 0.45 12 959

different configurations are generated. The experimental scenario is determined by the number of workstations
𝑀 and the multiplier 𝑋, where 𝑀 takes three values 6, 8 and 10, and 𝑋 takes three values 8, 9 and 10, so
there are 3 × 3 = 9 experimental scenarios. Ten samples are tested under different scenarios and for different
combinations of parameter configurations. Therefore, there are 144× 9× 10 = 12 960 test results. In each test,
the learning effect 𝑎 is −0.15, the distance between adjacent workstations 𝑑 is 6, unit picking time and outbound
time of every workstation are generated from a uniform distribution, 𝑈 [5, 10] and 𝑈 [60, 300], respectively. To
make the running time of the algorithm proportional to the complexity of the scenario, the time limit for each
test is set to 0.5𝑀𝑋 seconds. Once the tests are performed, we calculate the effectiveness of the algorithm for
an instance by RPDIG

𝑠 , where 𝑠 and IG denote simulation and IG, respectively.
The influence of the parameters on the experiment is analyzed by the Analysis of Variance (ANOVA) tech-

nique. The three main assumptions of ANOVA, namely normality, homogeneity of variance (or homoscedasticity)
and independence of residuals, can be verified. Table 3 shows that the 𝐹 -values of parameters 𝐿2, 𝑑1 and 𝑑2

are large, and the 𝑝-values are all much less than the significance level of 0.05. It indicates that these three
parameters can have a significant impact on the experiment, and their different values can bring significant
differences to the experimental results. However, the 𝑝 value of parameter 𝐿1 is greater than the significance
level of 0.05, so it has no significant effect on the experiment.

Figure 1 shows the relevant means plots with 95% Least Significant Difference (LSD) confidence intervals for
the proposed IG algorithm. As with the analysis above, the confidence interval of parameter 𝐿1 at each level is
not significantly different, the intervals of all candidate values are overlapping, but it can get a slightly better
result when the value is 7. It can also be seen that it will obviously have better results when parameters 𝐿2 and
𝑑2 are both taken as 3. And it seems that 𝑑1 = 4 provides better results among all candidate levels, although
it is not statistically significantly different from that when taken as 5.
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Figure 1. Means plots and 95% confidence level LSD intervals for all the factors.

5.3. Comparison the disjunctive model with IG

In this part of the experiments, we compare the performance of the disjunctive model and IG algorithm
over small-sized problems. We test three workstation numbers 𝑀 = 3, 4 and 5, and four 𝑋, 3, 4, 5, and 6.
For learning effect indexes 𝑎, we test −0.51, −0.32, −0.15, and 0, corresponding to four different values of the
learning effect, 70%, 80%, 90%, and 100%. It means that the actual processing time of the job is 70%, 80%, 90%,
and 100% of the previous one respectively. Wu et al. [45] and Yin et al. [47,48] have used the same learning effect
indexes value assignment method. For more detailed calculations, please refer to the literature by Biskup [8].
Unit picking time and outbound time of every workstation are generated from a uniform distribution 𝑈 [5, 10]
and 𝑈 [60, 300]. Thus, this part of the experiment has a total of 3 × 4 × 4 = 48 experimental scenarios, each
containing 10 random instances. We use the disjunctive model and the IG algorithm to solve each instance and
perform simulations using Algorithm 5. The termination condition of IG is set to a time elapsed of 0.5𝑀𝑋
seconds. Another relative percentage deviation RPD𝑑𝑖𝑠

𝑠 is employed to evaluate the quality of solutions of the
disjunctive model.

We summarize the results in Table 4, which includes the mean and maximum CPU time, the mean and
maximum gaps of the disjunctive model, RPDIG

𝑠 and mean CPU time of IG. In order to express more clearly
the difference in the optimization effect of the two methods, we list RPD𝑑𝑖𝑠

𝑠 − RPDIG
𝑠 instead of RPD𝑑𝑖𝑠

𝑠 .
Table 4 shows that the disjunctive model can solve these problems with up to 20 groups. Compared to IG, the

disjunctive model outperforms IG when the problem size is small, i.e., less than 5 workstations and 25 groups,
although there are some scenarios that the disjunctive model cannot solve in less than one hour. However, when
the problem is larger than this size, IG gives better results. In summary, for small size problems, the disjunctive
model and IG have similar optimization results, since the value of disjunctive-IG is mostly 0 or close to 0. The
two methods can improve the picking efficiency by about 2.42% on average. Moreover, when 𝑀 ≤ 4 and 𝑋 ≤ 4,
the disjunctive model is faster than IG, which has a significant advantage especially for the extremely small
size problems. However, when the sizes are larger than that, the CPU time of the disjunctive model increases
considerably and the instability is enhanced, as shown by the different mean and maximum values of the CPU
time of the disjunctive model. In conclusion, the disjunctive model is more suitable for solving problems with
less than 4 workstations and 16 groups. For larger problems, IG is a better choice.

5.4. Performance of the proposed IG at different system parameters

In this part of the experiments, the proposed IG algorithm is tested with more scenarios. The learning effect
𝑎 used for the experiments takes the same values as in Section 5.3. To further analyze the effect of different
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Table 4. Comparison between the disjunctive model and IG under different learning effect.

𝑀 𝑋 𝑎
Disjunctive model IG

gap (%) CPU time RPD𝑑𝑖𝑠
𝑠 − RPDIG

𝑠 RPDIG
𝑠

Mean
Mean Max Mean Max Mean Max CPU time

3

3

−0.51 0 0 0.06 0.08 0 0 1.68 1.83
−0.32 0 0 0.07 0.11 0 0 1.57 1.89
−0.15 0 0 0.04 0.06 0 0 1.77 2.10
0 0 0 0.05 0.06 0 0 3.44 1.91

4

−0.51 0 0 0.07 0.09 0 0 2.97 3.22
−0.32 0 0 0.11 0.15 0 0 2.94 3.23
−0.15 0 0 0.47 0.77 0 0 0.96 3.10
0 0 0 0.16 0.20 0 0 2.11 3.01

5

−0.51 0 0 0.53 0.97 0 0 2.40 4.99
−0.32 0 0 0.36 0.66 0 0 5.14 4.97
−0.15 0 0 0.75 1.26 0 0 2.29 4.97
0 0 0 0.60 1.39 0 0 1.21 4.70

6

−0.51 0 0 1.05 1.26 0 0 3.37 6.82
−0.32 0 0 0.57 0.80 0 0 4.85 6.76
−0.15 0 0 1.63 3.46 0 0 1.97 6.81
0 0 0 3.15 7.85 0 0 3.50 6.51

4

3

−0.51 0 0 0.95 1.13 0 0 0.92 3.25
−0.32 0 0 0.99 1.56 0.03 0.10 3.59 3.27
−0.15 0 0 0.96 1.12 0 0 2.46 3.33
0 0 0 0.60 0.70 0 0 3.10 3.03

4

−0.51 0 0 3.64 8.47 0 0 2.23 5.46
−0.32 0 0 8.42 21.15 0 0 2.94 5.55
−0.15 0 0 5.81 13.90 0 0 2.50 5.50
0 0 0 2.22 3.65 0 0 1.53 5.12

5

−0.51 0 0 1100.71 3152.34 0 0 4.44 8.09
−0.32 0 0.01 242.43 714.16 0 0 2.12 8.07
−0.15 0 0 1160.62 2002.75 0 0 3.60 7.99
0 0 0 33.51 67.57 0 0 1.62 7.60

6

−0.51 5.67 17.00 2119.47 3600 0.02 0.07 3.23 10.93
−0.32 11.45 20.79 2448.62 3600 0 0 1.08 10.87
−0.15 8.53 25.58 2662.81 3600 0 0 2.28 10.88
0 21.32 26.47 3600 3600 0 0 0.96 10.30

5

3

−0.51 0 0.01 25.99 62.12 0 0 3.15 4.72
−0.32 0 0.01 30.14 47.32 0 0 1.80 4.71
−0.15 0 0 80.35 170.27 0.05 0.14 0.98 4.74
0 0 0 3.79 7.09 0 0 2.56 4.62

4

−0.51 4.10 12.31 1883.68 3600 0.05 0.15 2.52 8.11
−0.32 10.27 16.51 2446.64 3600 0 0 2.01 8.04
−0.15 8.21 15.14 2582.24 3600 0 0 1.35 7.97
0 4.75 14.24 1269.11 3600 0 0 5.23 7.69

5

−0.51 19.35 21.05 3600 3600 −0.06 0 2.01 11.82
−0.32 18.87 30.28 3600 3600 −0.05 0 2.02 11.73
−0.15 28.00 36.53 3600 3600 0.10 0.29 0.72 11.72
0 23.59 37.16 3600 3600 −0.05 0 1.85 11.05

6

−0.51 33.70 42.78 3600 3600 0.01 0.02 1.67 15.00
−0.32 40.27 43.96 3600 3600 −0.12 0 1.07 15.00
−0.15 27.22 33.49 3600 3600 −0.14 0 2.41 15.00
0 29.09 40.11 3600 3600 −0.12 0 2.59 14.77
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Table 5. Impact of 𝑢, 𝑑 and 𝑎 to IG.

𝑀 6 8 10
𝑋 8 9 10 8 9 10 8 9 10

(a) 𝑢

𝑈 [5, 10] 13.71 16.93 16.40 14.83 14.89 16.01 13.02 17.02 12.71
𝑈 [15, 20] 8.98 10.58 13.28 7.43 3.94 6.98 11.63 10.32 10.89
𝑈 [25, 30] 6.12 5.63 7.59 8.43 7.05 9.02 8.38 4.30 6.79
𝑈 [35, 40] 5.94 5.31 4.54 3.39 5.55 4.44 4.65 2.65 4.95
𝑈 [45, 50] 4.49 3.41 7.22 3.84 3.80 3.64 5.47 1.95 4.48

(b) 𝑑

6 13.71 16.93 16.40 14.83 14.89 16.01 13.02 17.02 12.71
12 13.37 14.98 13.27 13.74 7.83 10.71 9.32 11.02 12.03
18 9.82 12.45 14.20 13.66 12.65 6.38 8.17 11.97 9.07
24 11.59 9.00 10.07 9.43 11.39 7.81 7.81 10.45 8.83
30 8.81 12.80 8.64 9.32 10.14 7.99 10.92 7.96 5.56
36 10.86 9.38 8.55 10.23 7.46 7.69 8.29 7.83 8.42

(c) 𝑎

−0.51 15.53 18.58 16.63 15.45 18.95 16.63 17.63 20.66 18.87
−0.32 13.20 17.13 14.88 15.44 17.08 15.68 16.15 18.87 18.48
−0.15 13.71 16.93 16.40 14.83 14.89 16.01 13.02 17.02 12.71
0 12.58 9.14 10.38 12.41 16.95 10.02 10.20 14.03 12.32

system parameter settings on IG, more numerical experiments are conducted with different values of unit picking
time and distance between adjacent workstations, including three workstation numbers 𝑀 = 6, 8 and 10 and
three 𝑋, 8, 9 and 10. Unit picking times are generated by uniform distributions 𝑈 [5, 10], 𝑈 [15, 20], 𝑈 [25, 30],
𝑈 [35, 40], and 𝑈 [45, 50], and the distances 𝑑 between adjacent workstations are 6, 12, 18, 24, 30 and 36. Thus,
we have 3 × 3 × 4 × 5 × 6 = 1080 experimental scenarios. We generate 20 random instances for each scenario
and compute the mean of RPDIG

𝑠 for each experimental scenario.
Table 5(a) shows the RPDIG

𝑠 values for different unit picking times. A long unit item picking time means that
it takes more time to pick when the picker comes to a workstation each time. From Table 5(a), IG increases
picking efficiency by 15.06% on average when unit picking time follows the distribution 𝑈 [5, 10], and by 9.33%,
7.03%, 4.60% and 4.26% when following 𝑈 [15, 20], 𝑈 [25, 30], 𝑈 [35, 40], and 𝑈 [45, 50] respectively, which implies
that IG performs better when the picking time is shorter. This is also in line with our experience that if the
picker spends a long time picking at one workstation, the adjacent workstation will have enough outbound
time and the probability that the adjacent workstation will allow picking increases when the picker finishes
the current workstation picking task. Therefore, the simulation can also yield good results by picking at the
nearest workstation. On the contrary, if the unit item picking time is short and the picker finishes the picking
task at one workstation, the totes of other workstations may not be finished out of storage yet. So, the factors
to be integrated when choosing the next workstation are more complex, and IG can play a greater role. In
addition, some e-commerce companies sell a variety of small-sized items with short unit picking times, so it is
more necessary to use IG to schedule picking.

We can see the effect of the distance between two adjacent workstations on our problem in Table 5(b), which
indicates whether the picker takes a long time to reach the other workstation. Common sense suggests that if a
workstation is far from the workstation where the picker is currently operating, it is undesirable to choose it as
the picker’s next workstation because of the large amount of walking time. The data in Table 5(b) confirm this
experience, as RPDIG

𝑠 is lower when 𝑑 is larger, for example, IG reduces the average picking time by 15.06%
when the distance between adjacent workstations is 6, compared to 11.81%, 10.93%, 9.60%, 9.13% and 8.75
when the distance is 12, 18, 24, 30 and 36. This is because when other workstations take too long to reach,
the result is also satisfactory if the picker greedily chooses a nearby workstation for picking. Therefore, in this
picking system, IG works better if the distance between two workstations is shorter.
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Figure 2. Impact of problem size to IG.

Table 5(c) shows the effect of the learning effect on our problem. We can find that when the learning effect is
strong, RPDIG

𝑠 is large. When 𝑎 = −0.51, IG increases the picking efficiency by 17.66% on average, compared
to 12.00% when no learning effect is considered. In addition, by comparing the average picking time with and
without learning effect for each case, it is found that a large error occurs when learning effect exists for the
real picking operation but are not taken into account in the calculation. This error rate is as high as about
41% when 𝑎 = −0.51, 𝑀 = 8 and 𝑋 = 10. Therefore, it is necessary to consider the learning effect accurately.
Moreover, when the learning effect is strong, this picking system needs IG to do picking scheduling more than
depending on experience.

In order to study the trend of IG with the increase in problem size, a larger-sized experiment is performed. In
the experiment, the number of workstations 𝑀 is increased by 12, 14, 16, 18 and 20, and 𝑋 still takes the values
of 8, 9 and 10, while we set 𝑎 = −0.15, 𝑑 = 6. Unit picking time and outbound time of every workstation are
generated from a uniform distribution 𝑈 [5, 10] and 𝑈 [60, 300], respectively. We generate 20 random instances
for each scenario and compute the mean of RPDIG

𝑠 for each experimental scenario. The experimental results
are put in Figure 2. It can be found that the optimization effect of IG with the increase of problem size has
declined, but in the picking size of 200 groups can still keep the RPDIG

𝑠 greater than 10%, that is, 10% more
than the simulation.

5.5. Performance of the proposed IINEH

In this part of experiments, the proposed IINEH is tested. The experiments yield the same configurations as
Section 5.4 experiments, so we have made Table 6 with the same format as Table 5. The value in Table 6 is
RPDIINEH

𝑠 , where IINEH denotes our proposed heuristic, IINEH. Comparing Tables 5 and 6, we can find that
the mean RPDIINEH

𝑠 is slightly smaller than RPDIG
𝑠 in all scenarios. The average RPDIINEH

𝑠 of all scenarios is
9.72% while the average RPDIG

𝑠 is 11.11%. However, the difference between the two methods is relatively small,
and even in some scenarios, the optimization effect of IINEH is the same as that of IG, such as the scenario
where 𝑢 follows a uniform distribution 𝑈 [5, 10], 𝑀 = 10 and 𝑋 = 8. In addition, we record the mean CPU time
of IINEH and IG for different 𝑢, 𝑑, 𝑎 and problem sizes in Table 7. Table 7 shows that the CPU time of both
IINEH and IG increases as the problem size increases, and they increase at a similar rate. Different 𝑢, 𝑑 and 𝑎
have little effect on the CPU time of IINEH and IG. But the average CPU time of IINEH is much smaller than
IG, and IINEH can solve a problem in less than 1/20 of the CPU time of IG. Therefore, IINEH is an algorithm
that combines the two features of optimization effectiveness and running speed to obtain a satisfactory solution
quickly. It is suitable for application scenarios that require a quick solution.



552 J. HU ET AL.

Table 6. Impact of 𝑢, 𝑑 and 𝑎 to IINEH.

𝑀 6 8 10
𝑋 8 9 10 8 9 10 8 9 10

(a) 𝑢

𝑈 [5, 10] 12.23 14.94 15.64 13.40 13.99 14.84 10.88 16.52 11.27
𝑈 [15, 20] 8.40 8.52 12.41 7.32 3.38 6.78 11.28 9.56 10.74
𝑈 [25, 30] 4.78 4.98 7.57 7.99 6.48 7.97 8.38 4.01 6.76
𝑈 [35, 40] 5.75 5.13 4.25 3.14 5.18 4.34 4.61 2.50 4.79
𝑈 [45, 50] 4.13 3.32 7.22 3.50 3.73 3.64 5.47 1.88 4.26

(b) 𝑑

6 10.74 12.12 16.40 13.74 9.39 13.42 7.12 10.33 12.71
12 12.26 14.40 12.22 12.25 6.59 9.90 7.48 9.67 11.13
18 8.35 10.57 13.47 11.92 10.90 5.40 7.09 10.57 7.11
24 9.57 7.44 8.85 8.21 10.58 7.05 6.36 9.41 8.34
30 7.89 11.82 7.81 8.40 9.04 6.73 9.60 6.83 3.98
36 10.24 8.24 7.43 8.85 5.61 6.65 7.23 7.29 7.56

(c) 𝑎

−0.51 11.88 9.38 10.22 12.86 17.01 15.40 15.89 19.40 17.99
−0.32 11.93 10.41 10.48 12.68 17.08 14.03 15.12 18.48 18.48
−0.15 12.23 8.77 11.33 11.91 14.89 11.86 12.68 15.48 12.71
0 11.02 7.93 9.57 11.38 15.91 9.38 9.37 12.36 12.32

Table 7. The mean CPU time of IINEH and IG (𝑠).

𝑀 𝑋
IINEH IG

𝑢 𝑑 𝑎 𝑢 𝑑 𝑎

6
8 0.39 0.38 0.37 8.74 8.68 8.74
9 0.46 0.43 0.44 10.50 9.78 10.50
10 0.53 0.52 0.51 10.12 10.87 10.12

8
8 0.60 0.59 0.58 14.98 15.45 14.98
9 0.78 0.76 0.75 18.28 17.38 18.28
10 0.95 0.95 0.94 19.87 19.34 19.87

10
8 0.96 0.96 0.93 23.91 24.11 23.91
9 1.27 1.27 1.27 26.16 27.16 26.16
10 1.63 1.66 1.65 29.92 30.22 29.92

5.6. Comparison IINEH and IG with the traditional algorithms

In order to compare the performance of our proposed IINEH and IG with the traditional algorithms, we
designed this part of the experiment. The traditional algorithms used for comparison include the classical
algorithms for solving the flowshop scheduling problem, NEH, genetic algorithm (GA), simulated annealing
algorithm (SA), particle swarm optimization algorithm (PSO) and IG NEH. Since the problem in this paper is
new and there is no research on the algorithms for this problem in previous articles, the most classical form of
these algorithms is used in this paper. In particular, IG NEH is the traditional IG, which uses the classical NEH
as the initial order. We refer to the literature by Ruiz et al. [39], Branda et al. [11], Liao et al. [25], Amirteimoori
et al. [2], Low [27], Lin et al. [26], Pan and Ruiz [33] and Li et al. [24] for the values of the parameters of each
of these algorithms. In the experiment, the number of workstations 𝑀 = 6, 8, and 10, and 𝑋 still takes the
values of 8, 9 and 10, while we set 𝑎 = −0.15, 𝑑 = 6. For all the algorithms we have calculated its results in
comparison with simulation, i.e., RPDNEH

𝑠 , RPDGA
𝑠 , RPDPSO

𝑠 , RPDSA
𝑠 , RPDIG NEH

𝑠 , the results can be seen in
Table 8. We can find that the average RPDNEH

𝑠 is 6.28%, which is 3.44% smaller than that of IINEH, which
indicates that our improvement plays a certain role. None of the traditional heuristic algorithms are optimized
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Table 8. Comparison IINEH and IG with the traditional algorithms.

𝑀 6 8 10
𝑋 8 9 10 8 9 10 8 9 10

RPDIINEH
𝑠 9.43 9.20 10.32 9.84 9.98 9.16 9.24 10.29 10.01

RPDNEH
𝑠 5.22 5.80 6.06 7.50 6.85 4.77 6.81 6.40 7.10

RPDIG
𝑠 10.83 11.95 11.90 11.15 11.16 10.33 10.51 11.54 10.59

RPDGA
𝑠 5.51 5.64 5.86 7.70 6.94 5.03 6.94 6.25 6.96

RPDSA
𝑠 9.53 8.93 10.27 10.69 10.09 9.51 10.10 10.33 9.87

RPDPSO
𝑠 5.19 6.11 5.84 7.66 7.15 4.92 7.09 6.64 7.35

RPDIG NEH
𝑠 9.41 9.62 10.59 10.25 9.98 9.55 9.23 10.53 10.39

as well as our proposed IG, the GA and PSO are about the same as NEH, with the average RPD of 6.32% and
6.44%, and the reason for the poor results may be that the limited running time has a greater impact on the
group intelligence algorithms. SA runs better, with an average RPDSA

𝑠 of 9.93%, which is more than that of
IINEH, but also less than that of our proposed IG. By comparing the average RPDIG

𝑠 and RPDIG NEH
𝑠 , we can

also find that IINEH indeed improves the optimization. Through this part of the experiment, we find that our
proposed IINEH and IG can better solve the picking scheduling problem.

6. Conclusion

We consider a practical situation in the part-to-picker order fulfilment system where one picker is respon-
sible for multiple workstations. We address the picking scheduling problem of this situation to minimize the
maximum picking time, where learning effect and travel time between workstations are taken into account to
improve scheduling accuracy. We propose two MIPs and evaluate their performance in solving this problem
by small-scale numerical experiments. The rank-based model can only solve this problem for up to 9 groups,
while the disjunctive model can solve up to 20 groups, so the disjunctive model performs better. For some
scenarios with a large number of groups, we propose IINEH and IG, both of which are proven to be effective by
numerical experiments. IINEH is well-suited for applications that prioritize speed, whereas IG is better suited
for applications that prioritize accuracy. So, decision makers can choose the appropriate algorithms according
to their actual needs.

In addition, the part-to-picker order fulfilment system is already computerized, and adding this scheduling
function for picking is easy to implement. Therefore, in real life, it is very feasible for us to insert the IINEH or
IG algorithm into the picking signal system to guide the picker to the intended workstation for picking.

However, some assumptions are made in our model. For example, the items of various types of SKUs are
very different, so we suppose that they are independent of each other and there is no learning effect between
them, which is not particularly realistic. This is because picking two different types of SKUs would also increase
the proficiency of the picker. Therefore, it is necessary to change some assumptions in the future to further
develop this study. The main contribution of this paper is not for the optimization of the algorithm, but for
the scheduling problem of a novel picking scenario. Therefore, this paper does not improve the iterative greedy
algorithm much, instead, more space is devoted to exploring whether the ideas of several classical algorithms
are effective for solving the problem of this paper and the impact of various configurations of the system on the
algorithm. So, the next research can further improve the iterative greedy algorithm to better solve the problem
of this paper.
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