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Abstract 

This paper evaluates various routing policies (s-shape, largest gap, return and composite policies) and 
introduces a novel heuristic called Minimum Heuristic (MinH) to solve the picker routing problem. The 
performance of the routing policies and the MinH heuristic is validated by an experimental design, 
varying the number of aisles, locations per aisle and pick list size. The experimental results show the 
travel distance savings of MinH heuristic over routing policies, highlighting that for all of the instances, 
the MinH heuristic performs 14,3% better than the existing routing policies. 
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1. INTRODUCTION 

Warehouses and distribution centres are important 
components in the supply chain because they link 
suppliers with production plants, and production plants 
with distribution systems [1], and the performance of 
warehouse operations and distribution centres 
significantly affect the efficiency of the entire supply 
chain to which they belong [2], [3]. In their operation, 
warehouses store and retrieve products to meet 
customer orders [4], in terms of accuracy, response 
times, the frequency of deliveries, number and sizes of 
orders [5]. Therefore, the success of managing a 
warehouse in a supply chain depends to a large extent 
on an efficient and effective retrieve of customer orders 
[3], [6]. 
Warehouse management has a large influence on total 
logistical costs [7], because most warehouse operations 
are labour intensive or capital intensive, so it is 
necessary to improve productivity and reduce 
warehouse costs to improve supply chain efficiency [1]. 
In this sense, warehouse management can account for 
about 20% of the operational costs a supply chain [8], 
which means that a better warehouse performance is 
required [9], thus increasing the ability to process large 
quantities of orders daily with a wide range of items. 
Within warehouses, operations such as reception, 
accommodation, storage, order picking, sorting, packing, 
and dispatching are carried out [10], [11]; and from these 
activities order picking deals with the recovery of items 
to satisfy customer orders [12], and is considered the 
most labour-intensive function [13], up to the point of  

 
generating about 50% - 75% of the operating costs of a 
warehouse [14]. 
Due to this, an efficient picking operation can lead to 
great reductions in warehouse management costs as 
well as an increase in service level [15]. Within the 
picking operations, transport and travel time consumes 
at least 50% of the total order processing time [14], 
whereby storage costs can be reduced with small 
reductions of the picking travelled distance [6], and this 
is achieved through a proper picker routing planning [16]. 
In the picker routing, the optimum sequence is 
determined to visit storage positions by the picking 
operator [17], seeking to minimize the total travelled 
distance [18]. As a result, picker routing generates tours 
with which operators are guided to retrieve products from 
storage locations [19]. To address picking routing 
problem, different solution approaches are often used. 
Among these approaches are the use of policies or 
routing strategies, heuristics, metaheuristics and optimal 
solutions. Some of these approaches are the routing 
policies or strategies, heuristics, metaheuristics and 
optimal solutions. 
There are several routing policies that are used in 
practice, whose performance usually depends on the 
particular conditions of the storage system for which they 
are applied [20]. These policies determine the picking 
sequence of SKUs (stock keeping units) on the pick list 
[12] and have the benefit of being simple and familiar to 
pickers [21]. The most commonly used picking routing 
policies in the literature are s-shape, return, midpoint, 
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largest gap, combined and composite schemes [22], 
[23].  
Some of the proposed heuristics in the literature to solve 
the picker routing problem proposed are the 2-opt 
heuristic [24], Largest Gap with Simulated Annealing 
(LG+SA) method [25], Nearest Neighbor+Or-opt and 
Savings+2-Opt heuristics [26], travelling salesman and 
weight heuristics [27], LKH (Lin–Kernighan–Helsgaun) 
TSP heuristics with 2-opt local search phase [22]. In 
order to identify the most effective traveling path, some 
metaheuristics have been proposed such as genetic 
algorithms [28], ant colony optimization [29], particle 
swarm optimization [30], tabu search [31], among others. 
With regard to routing methods that ensure an optimal 
picking route, [32] proposed one of the first algorithms to 
find an optimal picking route in rectangular warehouses, 
combining the graph theory and dynamic programming; 
this procedure is fast and can be run on a personal 
computer [33] and solved optimally with commercial 
software [34]. Furthermore, [35] propose a solution 
method for the TSP through a graphs system, and [36] 
propose a branch-and-cut algorithm. However, [37] 
states that the results of these optimal routing methods 
are usually the hybrid between s-shape and largest gap 
policies, hence that different routing policies can 
generate close-to-optimal solutions, avoiding confusion 
generated by the optimal solutions in the picking 
operators and facilitating their use [21]. Hence, the use 
of routing policies is prevalent in real world applications 
due to the convenience of their implementation [38], 
because they are easy to understand and implement, 
and tend to form similar routes [33]. Likewise, as picking 
aisles or the pick list size increases, the complexity and 
probability of errors in the picking time increases [20], as 
well as the computation times increase, whereby routing 
policies are an alternative to the optimal route [39]. 
According to the abovementioned, heuristic strategies 
are commonly used in practice, and they need to be 
studied [33], especially because routing policies could, in 
some situations result in a near-optimal route, but in 
some other situations could perform badly [20]. 
Therefore, it is important to develop a method that 
generates the results of the most used routing policies, 
and based on these results, propose for each situation 
the routing policy to be applied in order to obtain the 
shortest distance. Similarly, it becomes necessary to 
perform an extensive number of experiments to know 
which routing policies are better than others, and under 
what configurations this occurs. 
In the literature, there are some studies on the distance 
of travel or picking time of routing policies. Petersen [33] 
performed an investigation with four factors: routing 
heuristic factor, depot factor, warehouse shape, and pick 
list size factor, testing 240 treatments and 30 replications 
per treatment. Dukic & Oluic [20] compared routing 
methods and their interactions with storage methods, 
using three factors: pick list size, warehouse sizes, and 
warehouse layouts, examining 48 different situations 
using volume-based storage and random storage. 
Petersen & Aase [12] evaluated several picking, routing, 
and storage policies to determine which policy or 
combination of policies will provide the greatest 

reduction in total travel and picking time through three 
factors: picking policy, routing policy, storage policy, 
average order size, in a warehouse layout with 10 picking 
aisles and a total storage capacity of 1000 SKUs. 
Petersen & Schmenner [40] presented four factors to 
study the total distance travelled by the picker to pick all 
items on a pick list: Routing heuristic, storage policy, pick 
list size, demand skewness, for a total of 720 treatments 
and 30 replications per treatment. Hwang et al. [38] 
examined the effects of order size, popularity skewness, 
and the ratio of the length to the width of the warehouse 
on total expected travel distance, for 160 different cases. 
van Gils et al. [39] performed a simulation experiment 
with four factors: storage assignment policies, batching 
policies, zone-picking policies, routing policies, and 30 
replications per policy combination, resulting in 7.500 
observations. 
These studies have analysed factors such as routing 
policies, depot position, pick list size, warehouse size, 
picking policy, storage policy, popularity skewness, 
batching policies; however, to the best of our knowledge, 
the number of aisles, picking positions per aisle side 
(length of corridor), and pick list size have not yet been 
considered as independent factors in order to establish 
the warehouse configuration and operation volume in 
which each routing policy performs well in relation to the 
total travelled distance. Likewise, it has not been 
identified a simple and fast routing policy that adapts with 
the ability to adapt to different warehouse configurations 
and operating volumes to provide a satisfactory solution 
with respect to total travelled distance. 
Based on the above, this article aims to perform an 
extensive study to analyse the performance of various 
routing policies under different warehouse configurations 
(number of aisles, aisles depth) and operating volumes 
(pick list size), and propose a simple routing heuristic that 
offers a global solution based on the routing policies 
analysed. The remainder of the paper is organized as 
follows. In Section 2, we provide a background and 
assumptions of the routing policies. In Section 3, we 
present a novel picking strategy named Minimum 
Heuristic with a global solution of several routing policies. 
In Section 4, we present the experimental design to 
validate routing policies and the proposed heuristic. The 
results and managerial implications, and conclusions 
obtained with the experimental design are presented in 
Sections 5 and 6, respectively. 

2. BACKGROUND AND ASSUMPTIONS OF THE 
ROUTING POLICIES 

Some of the most used routing policies in real 
warehouses are the s-shape and the largest gap 
heuristic since order pickers seem to accept only 
straightforward and non-confusing routing schemes [41]. 
Likewise, the return and midpoint heuristics are 
prevalent in practice due to ease of use and very low 
error rates during routing and picking [23]. However, 
largest gap policy is preferred than midpoint policy due 
to the largest gap policy is similar to the midpoint policy, 
with the difference that the point of return is determined 
by the largest gap instead of the middle point of the pick 
aisle [42], [43], and due to the largest gap policy at least 



Cano et al. 231 

IJIEM 

equal to or improves the route defined by the midpoint 
policy in all possible situations [20]. Also, the composite 
routing policy is one of the best heuristics procedures, 
especially when the pick list size is large [33], combining 
features of the s-shape and return policies. Although 
largest gap routing and composite routing are not as 
easy as s-shape routing, they are still used in some 

warehouses due to the shorter walking distances that are 
often obtained [42], [44]. 

According to the above, the s-shape, largest gap, return 
and composite routing policies, which are presented in 
Figure 1, will be considered in this study and are 
described below in depth.  

 
Figure 1. Routing policies considered to retrieve items of a pick list 

 

2.1 S-shape routing policy 

S-shape or Traversal policy was introduced by 
Goetschalckx & Ratliff [45], and is one of the simplest 
strategies for routing pickers, where a picker enters an 
aisle from one end and leaves from the other [33]. 
Therefore, the order picker enters an aisle if at least one 
requested item is located in that aisle and traverses it 
completely, and then the order picker proceeds to the 
next aisle which contains a requested item [41]. Aisles 
without locations to be visited are skipped, and if the 
number of the last aisle containing an item to be picked 
is odd, a return travel is performed in the last aisle visited 
[20]. Several studies has shown that the s-shape routing 
policy performs better when the pick density per picking 
aisle is large [12], providing smaller across-aisles travel 
distance; but when the pick list size is small the 
inefficiency becomes more prominent [20], [38]. This is 
because, with s-shape policy, the order picker has to 
traverse the aisle once he/she enters a picking aisle, 
resulting in a non-productive travel. However, this 
condition can help reduce congestion [14].  

2.2 Largest Gap routing policy 

The largest gap policy was developed by Hall [37]. This 
routing policy compares the distances between items to 
be collected in an aisle and both ends of the corridors, 
choosing the shortest distance [7]. The gap refers to the 
separation between any pair of adjacent items, between 

the first item and the front aisle, or between the last item 
and the back aisle; whereby the largest gap is the portion 
of the aisle that the order picker does not traverse [43], 
or the longest segment that does not contain items, 
either the segment between two adjacent items, between 
the front aisle and lower item, or between the back aisle 
and the last item [46]. The picker travels in an aisle only 
to the largest gap between two items to be recovered, 
since the largest gap between two items is used as a 
reference point to return to the cross-aisle for which the 
picker entered [42]. Therefore, each aisle except the first 
and last visited aisle is abandoned on the side where the 
entrance was made, while the first and last aisle to be 
visited are completely traversed [47]. It is expected that 
the largest gap policy performs well in the case of small 
pick sizes [33], especially in situations with a very small 
number of picks in a warehouse with long aisles; while it 
is inefficient in the case of large number of picks [20].  

2.3 Return routing policy 

The return policy is a simple straightforward heuristic, 
where a picker enters and leaves every pick aisle from 
the front cross-aisle [39]. Within an aisle, the picker 
travels as far as the farthest pick location and then 
returns to the front cross-aisle [48]. It was observed by 
[38] that for very small order size (4 or 5 items), the return 
policy shows better performance due to shorter within-
aisle travel distance, while for large order sizes, it 
appears to be ineffective [33]. When implementing the 
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return policy, the use of an across-aisle is recommended 
in order to minimize the within aisle travel distance, as 
long as it does not increase much the number of picks 
per visited aisle, that is, do not increase much the 
distance travel per visited aisle [48].  

2.4 Composite routing policy 

The composite routing policy was introduced by 
Petersen [49], combining the best features of the S-
shape and Return heuristics [26] and minimizing the 
travel distance between the farthest picks in two adjacent 
aisles for each aisle individually [33], [42]. The composite 
routing policy is straightforward and easy to follow [40], 
the picker will not traverse every aisle [21], in fact, to 
decide the shortest way to each aisle individually, the 
picker needs to return back to the front cross-aisle or 
through the entire length to the back cross-aisle [50]. At 
every aisle, the picker has to determine whether use a 
return strategy or use a transversal strategy depending 
on the location of the items to be retrieved in the next 
pick aisle [40]. Petersen [33] showed that the 
performance of the composite policy seems to be similar 
or even better than to the optimal procedure, especially 
for larger pick list sizes.  

3. PROPOSED MODEL 

Warehouses and distribution centres are interested in 
finding the most economical way to retrieve customer 
orders, which means minimizing operating costs, i.e. 
reducing total travelled distance or travel time [4], [6]. 
Most studies focus on reducing total travel distance [19], 
[26], [51], transport time, search time, and operating time 
[52], [53]. Therefore, we aim to minimize the total 
travelled distance for the picker routing problem. 
Picker routing problem is a traditional traveling salesman 
problem (TSP) [19], [54], where it is assumed that there 
are n storage positions, the distances between each 
storage position are known, each storage position must 
be visited only once to retrieve the products [7], [52]. 
However, an order picker cannot proceed directly from 
one location of a requested item to another one if these 
items are located in different picking aisles, for which a 
cross aisle has to be used for switching over from one 
picking aisle to the other [35]. To deal with this situation, 
the problem of sequencing and routing order pickers in 
conventional multi-parallel-aisle systems classifies as 
Steiner TSP [26], due to some of the nodes do not have 
to be visited and that the other nodes can be visited at 
least once, since they are either an order item or the 
depot [14], [22].  
To solve the STSP it can be reformulated into the classic 
TSP by computing the shortest paths between every pair 
of required nodes, or it can be solved by using exact 
(dedicated) algorithms [55]. In this case, to solve the 
picker routing problem, a TSP with Manhattan distances 
will be formulated. The set of parameters, indexes and 
decision variables are represented below. 
In order to reduce computation times of the solution 
algorithm, the Manhattan distance between storage 
locations i and j (𝑑𝑖𝑗) must be calculated previously in a 

matrix according to the warehouse configuration. In this 

case, the algorithm simply queries in the distance matrix 
the 𝑑𝑖𝑗  value, avoiding the calculation of each  𝑑𝑖𝑗 at each 

iteration of the routing process.  If the coordinate of the 
lower left corner of the warehouse is considered as (0, 𝐿) 
and the coordinate of the upper left corner of the 
warehouse is considered as (0, 𝑈), the Manhattan 

distance 𝑑𝑖𝑗 between two picking positions 𝑖 = (𝑥1, 𝑦1) 

and 𝑗 = (𝑥2, 𝑦2) is computed as shown in Eq. (1). 
 

𝑑𝑖𝑗 = {

|𝑥1 − 𝑥2| + |𝑦1 − 𝑦2|

if (𝑥1, 𝑦1) and (𝑥2, 𝑦2) belongs to the same aisle
|𝑥1 − 𝑥2| + 𝑚𝑖𝑛{|𝑦1 − 𝑈| + |𝑈 − 𝑦2|, |𝑦1 − 𝐿| + |𝐿 − 𝑦2|}

otherwise

 

 (1) 

Decision variables are defined as 𝑦𝑖𝑗 and 𝑧𝑖. The 

variables 𝑦𝑖𝑗 take the value of 1 if location 𝑖 is visited 

immediately after location 𝑗 in a picking route, and 0 

otherwise; and the variables 𝑧𝑖 take the value of 1 if 
location 𝑖 is visited to pick an item in a picking route, and 
0 otherwise. The formulation of the TSP for the picker 
routing is as follow in Eq. (2-6): 
 

𝑀𝑖𝑛 𝐷 = ∑ ∑ 𝑑𝑖𝑗 ∗ 𝑦𝑖𝑗
𝐿
𝑗=1

𝐿
𝑖=1    𝑖 ≠ 𝑗   

      (2) 
∑ 𝑦𝑖𝑗

𝐿
𝑗=1 = 𝑧𝑖      ∀𝑖,   𝑖 ≠ 𝑗     

      (3) 
∑ 𝑦𝑖𝑗

𝐿
𝑖=1 = 𝑧𝑗     ∀𝑗,   𝑖 ≠ 𝑗     

      (4) 
∑ 𝑦𝑖𝑗

𝐿
𝑖=1 ≥ 𝑧𝑗       ∀𝑗, 𝑖 ≠ 𝑗     

      (5) 
𝑦𝑖𝑗 , 𝑍𝑖 ∈ {0,1}     

      (6) 

Model formulation is formed by an objective function and 
constraints. The function objective in Eq. (2) minimizes 
the total travel distance of a picking route. Constraints in 
Eq. (3) and Eq. (4) ensure that in a picking route each 
storage location can be visited only once and that each 
storage location has only one predecessor and one 
successor. Constraints in Eq. (5) guarantee to avoid sub-
tours of the TSP ensuring a complete picking route 
where all the storage locations with items to be picked 
are connected in a single tour. Constraints in Eq. (6) 
ensure decision variables as binary. 

3.1 Minimum heuristic routing policy 

In previous studies, Petersen [33] determined that as the 
number of aisles increases and the warehouse becomes 
wider, the performance of the routing policies is more 
consistent and similar. Caron et al. [56] compared the s-
shape and return policies and suggested that the choice 
of a routing policy should depend on the number of picks 
per aisle. Petersen [21] established that according to the 
pick list size, some routing policies perform better than 
others do and concluded that managers must analyse 
the trade-off between the efficiency of optimal solutions 
and the ease of implementation of heuristics procedures.  
Other studies analysed the performance of routing 
policies under different factors and levels [12], [20], [38]–
[40], in order to determine which policy yields the 
minimum travelled distance. In these studies, it is not 
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possible to establish a policy that achieves superior 
performance in all scenarios, whereby a simple 
procedure is presented called Minimum Heuristic (MinH) 
routing policy that integrates several routing policies, 
resulting in the minimum distance between the evaluated 
policies. The MinH pretends to find a fast, efficient, and 
good quality solution for every warehouse configuration 
and pick list size. Figure 2, presents the flowchart of the 
MinH heuristic. 

 

Figure 2. Flowchart for the MinH heuristic 

Therefore, the MinH heuristic provides in each scenario, 
a tour based on the routing policy with the best 
performance among the s-shape, largest gap, return or 
composite routing policy. 

3.2 Model assumptions 

Within the assumptions considered in this article to test 
the different picking routing policies, including the MinH 
heuristic, conventional warehouse configurations are 
proposed with measures such as those shown in Figure 
3, where the warehouse layout has several picking aisles 
with one front cross-aisle, one back cross-aisle, and one 
Depot located in the lower left corner of the warehouse. 
A low-level manual picking environment is assumed 
where picking can be done from both sides of an aisle 
(within an aisle two-sided picking is assumed), and the 
horizontal distance within picking aisles is not 
considered. It is assumed that each item is assigned to 

one storage location and every location has the same 
size. Single order picking and random storage policy are 
applied, pick lists are generated using random numbers 
to determine the items for the pick list, and when picking 
an article, the order picker is positioned in the middle of 
the cell. 

 
Figure 3. Warehouse layout measures 

4. PROPOSED MODEL 

In this section, an experimental design is planned to 
evaluate the performance of the MinH heuristic against 
s-shape, largest gap, return and composite heuristics, 
which are used as benchmark methods.  Other picking 
routing factors such as the number of aisles, number of 
storage positions per aisle side, and pick list size (order 
size) are assessed in the experimental study. To perform 
the experimental study, total travelled distance is 
considered as the response variable.  
A full factorial design 6x5x8x5 is chosen to conduct 
extensive experiments since the experimental runs are 
randomly performed. Therefore, this factorial design is 
used to analyse which combination factor levels produce 
the minimum total travelled distance as well as the 
performance of MinH heuristic. Therefore, the simulation 
experiment consists of 1.200 treatments, and 25 
replicates per treatment are performed to reduce the 
stochastic effect, resulting in 30.000 experimental runs. 
Additionally, experimental factors are independent of 
each other, which contribute to the feasibility of the 
general full factorial design. Factors, factor levels, and 
response variable, about full factorial design 6x5x8x5 is 
summarized in Table 1. 

Table 1. Experimental parameters 

Factor 
Factor levels  
(number of levels) 

Response 
Variable 

Number of 
Aisles (NA) 

2; 5; 7; 10; 15; 25 (6) 

Travelled 
distance 

Locations per 
aisle side (LPA) 

10; 20; 30; 40; 50 (5) 

Pick list size 
(PLS) 

5; 10; 15; 20; 25; 30; 35; 40 (8) 

Routing policy 
(RP) 

s-shape; largest gap; return; 
composite; MinH(5) 

Routing strategy heuristics and other factors for the 
experimental runs are encoded in VBA (Visual Basic for 
Applications) for Microsoft Excel® 2017. The savings of 
MinH heuristic over the routing policies (benchmarks) 
under the planned scenarios are measured using Eq. (7), 

Start

Create the warehouse layout according to the 

number of aisles and storage location per aisle side.

Run S-shape heuristic and compute total distance 

traveled (Dss)

Randomly generate the pick list in order to retrieve 

items.

End

Run Largest Gap heuristic and compute total 

distance traveled (Dlg)

Run Composite heuristic and compute total distance 

traveled (Dco)

Run Return heuristic and compute total distance 

traveled (Drt)

Compare Dss, Dlg, Drt, Dco and select de minimum 

distance

Select the best routing method and follow the picking 

sequence suggested by the best routing policy

Print the minimum travel distance and the 

corresponding picking sequence

1m

10 20 30 40 50 60 70 80 90 100

9 19 29 39 49 59 69 79 89 99

8 18 28 38 48 58 68 78 88 98

7 17 27 37 47 57 67 77 87 97

6 16 26 36 46 56 66 76 86 96

5 15 25 35 45 55 65 75 85 95

4 14 24 34 44 54 64 74 84 94

3 13 23 33 43 53 63 73 83 93

1m 2 12 22 32 42 52 62 72 82 92

1m 1 11 21 31 41 51 61 71 81 91

Depot 1m

1m 1m 1m
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where the performance of the routing policies represents 
the average travelled distance. 

Savings =  
Benchark perf.−MinH heuristic perf.

Benchark perf.
  (7) 

5. RESULTS AND DISCUSSION 

Table 2, summarizes the results of the experiment 
analysed by full factorial model ANOVA, using Minitab 
Statistical Software® 17. It is detected that all 
experimental factors (NA, LPA, PLS and RP) and their 
interaction effects are significant at an α of 0.001 (p-
value<0.001) on total average distance. In these 
experiments, multiple interactions effects are significant 
statistically; therefore, two-way interaction effects are 
analysed to study the difference among picking routing 
factors. 

Table 2. 6 × 5 × 8 × 5 full factorial mixed-model ANOVA on 

average travelled distance 

Source df 
Sum of 
squares 

(SS) 

Mean 
square (MS) 

F-Value 
p-

value 

Main 
Effects      

NA 5 610.794.429 122.158.886 108.383 0,000* 

LPA 4 338.093.359 84.523.340 74.992 0,000* 

PLS 7 156.482.699 22.354.671 19.838 0,000* 

RP 4 58.768.468 14.692.117 13.035 0,000* 
Two way 
interaction      

NA*LPA 20 63.206.340 3.160.317 2.804 0,000* 

NA*PLS 35 80.572.810 2.302.080 2.042 0,000* 

NA*RP 20 15.745.578 787.279 698 0,000* 

LPA*PLS 28 30.975.150 1.106.255 981 0,000* 

LPA*RP 16 12.910.431 806.902 716 0,000* 

PLS*RP 28 8.087.233 288.830 256 0,000* 

 

*Significant at α < 0.001 

Due to the focus of this research, we are interested in 
two-way interaction effects that include the RP factor, in 
order to identify if NA, LPA and PLS factors directly 
influence the variation of the total travel distance of each 
routing policy. In this sense, it is observed in Table 2 that 
the two-way interaction effects NA*RP, LPS*RP and 
PLS*RP are significant at an α of 0.001 (p-value<0.001), 
and according to MS values, it is detected that the 
average travel distance of the routing policies is affected 
mainly by the number of aisles (NA), locations per aisle 
(LPA) and pick list size (PLS). 

Thus, a linear model can be expressed in Eq. (7) to 
explain the phenomenon of the experimental design, 
where 𝑦 represents the total travel distance, 𝛽0 is the 

independent coefficient, 𝛽𝑖 and 𝑋𝑖 represents the 
coefficient and value of factor 𝑖 respectively, 𝛽𝑖𝑗 and 𝑋𝑖𝑗 

represent the coefficient and the interaction of the factors 
𝑖 y 𝑗 respectively, and 𝜀 is the model error. 

𝑦 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2 + 𝛽3𝑋3 + 𝛽4𝑋4 + 𝛽12𝑋12 + 𝛽13𝑋13 +
𝛽14𝑋14 + 𝛽23𝑋23 + 𝛽24𝑋24 + 𝛽34𝑋34 + 𝜀 (7) 

Based on the adjusted R-square value, this linear model 
explains the 97,65% of the behaviour of the travelled 
distance in the warehouses, which is a good quality 
linear model. Therefore, the RP factor and its interaction 
effects with other factors must be taken into account in 
the design or improvement of picking operations in order 
to get the shortest travel distance. Because of this, the 
main effect of routing policies (RP) factor is analysed to 
determine which routing policies performs better and 
worst. The performance is measured based on average 
travel distance and savings of the MinH heuristic over the 
routing policies. Based on Figure 4, it is detected that 
MinH and largest gap generate the shortest average 
distance in all the instances with of 254 and 260 meters 
per picking route, respectively.  

 
Figure 4. Routing policies average travel distance and savings of MinH over routing policies 

 

Therefore, MinH produces a reduction of 6 meters per 
picking route (2,3%) against LG policy, which is 
considered a slight difference between them. Moreover, 
the worst solution is produced by Return (RT) policy with 
an average travel distance of 375 meters per picking 

route. Hence, MinH reduces the average travel distance 
by 121 meters per picking route (32,2%) compared to 
Return (RT) policy. Comparing the average travel 
distance of MinH, average savings of 14,3% are obtained 
relative to traditional routing policies, proving that MinH 
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produces the best solution for picking routing problem 
considering factors such as the number of aisles, 
locations per aisle side and pick list size. 
Figure 5, shows the interaction between routing policies 
and the number of aisles. As the number of aisles 
increases the average travel distances increases, and 

the performance among routing policies differs more. In 
the case of two corridors, an identical performance is 
found for SS, LG, CO and MinH policies because these 
heuristics traverse both corridors when there are items 

to be retrieved in each aisle.

 
Figure 5. Routing policies average travel distance by number of aisles and savings of MinH over routing policies 

 

From Figure 5, is clear that the performance of the 
composite and largest gap strategies is much better than 
the performance offered by s-shape and return policies. 
Particularly, composite policy performs better than the 
largest gap in narrower layouts with 5 or 7 aisles, while 
largest gap gives shorter travelled distances in wider 
layouts with 10, 15 or 25 aisles. Therefore, as the 
number of aisles increases, the largest gap improves 
performance. As the number of aisles is smaller, the 
policy composite improves performance and tends to 
have a similar performance with respect to MinH 

heuristic. MinH generates savings over the largest gap 
between 3,6% (NA=10) and 5,2% (NA=5). On the other 
hand, MinH is more efficient over s-shape policy as the 
number of aisles increases, saving up to 23% the 
average travel distances for the case of 25 aisles. In 
addition, MinH is more efficient on average over the 
routing policies as the number of corridors increases. 
Figure 6, visualizes the effect of the locations per aisle. 
It can be observed for each routing policy that the higher 
the locations per aisle side, the higher the average travel 
distance. This is because deeper layouts require more 
travel distance in order to complete a pick list. 

 
Figure 6. Routing policies average travel distance by LPA and savings of MinH over routing policies 

 

Again, the return routing policy was outperformed by all other 
routing policies in all simulated treatments, and the 
composite performs better than S-shape policy in every level 
of the LPA factor. Unlike the analysis of the number of aisles, 
largest gap policy performs better than all other routing 
policies as the depth of aisles increases, indicating that it is 
the best policy to minimize the travel distance within an aisle. 
Due to this, the MinH heuristic generates small differences in 
traveled distance compared to the largest gap policy, with 

savings of around 2%. On the other hand, MinH is more 
efficient than s-shape policy, saving from 10,7% (LPA=10) to 
17,4% (LPA=50) the average traveled distance. 
Furthermore, as the aisle depth increases, the savings of 
MinH over routing policies increases. Regarding pick list size, 
Figure 7, shows that as the order size becomes larger 
average travel distance tends to increase on every routing 
policy because it means to visit more storage locations 
throughout the warehouse.
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Figure 7. Routing policies average travel distance by PLS and savings of MinH over routing policies 

 

Similar to previous analyzes, return and s-shape policies 
generate for all pick list sizes larger average travel 
distances compared to composite and largest gap 
policies. For small pick list sizes (5 items), composite and 
largest gap policy work similar due to the operation of 
both policies becomes practically the same when the 
number of locations per aisle to be visited tends to be 
one. However, as the pick list increases from 10 to 25 
items per pick list, MinH generates small differences in 
traveled distance compared to the largest gap policy, 
with savings of 1%, and savings of 3,3% (PLS=5) and 
3,7% (PLS=40).  
From pick list sizes of 30, 35 and 40 items, composite 
and largest gap policies work similarly again, because 
these picking list sizes involve visiting all aisles of the 
warehouse, both in the lower and in the upper section, 
resulting in a similar routing pattern.  
The s-shape policy improves its efficiency compared to 
MinH as the pick list size increases, as this increases the 
number of aisles and locations per aisle to visit; however, 
MinH offers savings from 11,4% (PLS = 40) to 20,4% 
(PLS = 10) over s-shape policy. Moreover, MinH 
presents higher average savings over routing policies for 
medium pick list sizes (PLS = 15, 20, 25). Moreover, 
MinH presents higher average savings over routing 
policies for medium pick list sizes (PLS = 15, 20, 25). 
Regarding the results, it is found that in all cases the 
return policy generates the worst performance, with 
average travel distances considerably above the other 
routing policies, to the point where MinH offers on 
average a savings of 32,2% for the evaluated instances. 
Regarding the s-shape policy, the MinH heuristic offers 
significant savings of 16% in traveled distance, and these 
savings become more noticeable when the number of 
aisles increases, the number of locations per aisle side 
increases, and the pick list size decreases.  
Except for the warehouse configuration with two aisles, 
in all cases evaluated the use of the largest gap and 
composite are preferred rather than s-shape, suggesting 
that largest gap and composite policies should be 
implemented in routing picking instead of s-shape. 
Likewise, the heuristic MinH is preferred in all the 
evaluated instances because this routing heuristic 
chooses the minimum distance generated by the routing 

policies analyzed (s-shape, largest gap, return, 
composite). This suggests implementing the MinH 
heuristic in different models of picking optimization that 
usually uses simple routing policies, such as order 
batching and/or picking sequencing models. Thus, 
solutions of better quality can be offered for these models 
at a low computational cost. 

5.1 Managerial implications 

This research provides managers with greater insight into 
the design of efficient warehouse and picking routing 
policies. The results of the simulation experiments provide 
insights into routing decisions in order to manage picking 
routing activities efficiently. Compared to the benchmark 
(i.e. s-shape, largest gap, return, composite policies), MinH 
heuristic performs better in all proposed scenarios. Over the 
25 replications, MinH presented average savings of 14,3% 
over the average travel distance of the benchmark. The 
picking routing process can be performed from 2,3% to 
32,2% more efficiently by applying the MinH heuristic into 
different layout configurations and pick list sizes. 
As the simulation experiments focus on several layout 
configurations and pick list sizes for a random storage 
policy, the proposed MinH heuristic is rather easy to 
implement and result in large performance benefits. 
Furthermore, all main effects, as well as all interaction 
effects, have proven to be statistically significant. This 
implicates that warehouse managers should consider 
decisions layout configuration, pick list size and routing 
simultaneously in order to minimize the distance 
travelled and optimize the overall warehouse 
performance. 
Hence, MinH heuristics avoids practitioners to weigh the 
advantages and disadvantages of the various routing 
policies in their operating environment (number of aisles, 
locations per aisle, pick list size) before settling a picking 
tour and avoids the conditional efficiency of routing 
policies that depends on warehouse configuration and 
pick list size. 

6. CONCLUSIONS 

This paper compared the performances of four routing 
policies such as s-shape, largest gap, return and 
composite policy in several warehouse configurations 
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and pick list sizes. We have introduced the MinH 
heuristic, which computes de travel distance of each of 
the abovementioned policies and select the policy with 
the minimum distance to retrieve the items of a pick list. 
Then through an experimental design, the average travel 
distance of the routing policies and MinH heuristic was 
illustrated, varying the number of aisles, locations per 
aisle side, and pick list size. This research verifies that 
under different warehouse configurations and pick list 
sizes, composite and largest gap outperform the most 
used routing policy in the literature, the s-shape policy. 
In addition, the results of the study clearly indicate that 
MinH heuristic achieves the best average travel distance 
over all the test problems due to its ability to form routes 
from the routing policy with the best performance. The 
evaluation of an extensive range of routing instances 
indicates that the largest savings obtained with MinH 
over the routing policies are in the case where the 
number of aisles increases, the number of locations per 
aisle side increases, and pick list sizes is medium. 
Therefore, MinH becomes an efficient and effective 
solution for the picker routing problems for any 
warehouse configuration and pick list size, offering 
significant savings over traditional routing policies.  
Finally, the MinH heuristic can be easily implemented 
and immediately helps warehouse managers to obtain 
significant performance benefits reducing the total travel 
distance. Future research should focus on analysing the 
MinH heuristic performance under different storage 
policies such as class-based storage or popularity-based 
storage, volume-based ABC curves. In addition, it is 
recommended to integrate the MinH heuristic in order 
batching and/or sequencing models for the order picking 
problem, especially in those models that only apply the 
S-shape policy, in order to improve the quality of the 
solutions obtained. 
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Abstrakt 

U ovom radu izvršena je evaluacija različitih politika rutiranja (s-oblik, najveće praznine, povratne i 
kompozitne smernice) uz uvođenje nove heuristike nazvane Minimum Heuristic (MinH) za rešavanje 
problema izbora rutera. Performanse politika rutiranja i heurističke verzije MinH potvrđene su 
eksperimentalno. Prilikom dizajna eksperimenta ključni elementi su, broj brodova koji varira, lokacija po 
prelazu i veličina liste izbora. Rezultati eksperimenata pokazuju redukovane putne distance MinH 
hevirističkih pravila rutiranja, naglašavajući da je u svim slučajevima hevristička funkcija MinH za 14,3% 
bolja od postojećih politika rutiranja. 
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