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Abstract: Warehouse management is a vital logistics activity that can affect supply chain costs. Of all the warehouse 
processes, order picking is one of the most time consuming and expensive, mainly due to the travel time spent by the 
picker to collect the different items of a generic picking list. In line with this consideration, this paper shows the 
application of a metaheuristic algorithm for routing order pickers in manual warehouses and minimizing the total 
distance covered. The proposed approach is an adaptation of the Discrete Firefly Algorithm (DFA), a nature-inspired 
algorithm based on the flashing behaviour of fireflies. The algorithm, developed under Microsoft Excel™, is then 
tested on an assumptive warehouse by taking into account ten picking lists composed of ten items, small number 
allowing the exact solution to be identified by examining the whole set of possible combinations and, accordingly, be 
compared with DFA solutions. Furthermore, results are also compared with those obtained from different heuristic 
routing policies (traversal, return and largest gap), from a heuristic algorithm commonly used for the vehicle routing 
problem (i.e. the Clarke and Wright saving algorithm) and from a metaheuristic algorithm namely the Water Wave 
Optimization (WWO). The computational analysis demonstrates that the proposed algorithm is generally able to 
provide better results than the heuristic routing policies and the heuristic algorithm examined; moreover, the adapted 
DFA procedure is always able to identify the optimal solution for the problem investigated.  
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1. Introduction  

When a generic buyer receives the goods he has ordered on 
time and in the correct amount, he could never imagine the 
complexity of the activities behind this apparently simple 
and normal act: the items stored in a determined location 
need to be picked, packed, shipped etc. The warehouse 
management, and more in general the logistics process, is 
one of the most critical activities in terms of organization 
and costs, above all due to the changing in customer 
expectations about delivery speed as a result of increasing 
e-commerce sales and globalization (Öztürkoglu and 
Hoser, 2019). 

Warehouses include different processes such as receiving, 
storage, order picking and shipping (De Santis et al., 2018); 
among these operations the order picking is the costliest 
(Marchet et al., 2015), contributing up to 60%-70% of the 
warehouse costs (Kulak et al., 2012). For this reason, in this 
paper the focus is on a possible approach to optimize it in 
terms of efficiency and, consequently, costs.  

The order picking is the process of selecting a set of items, 
retrieving them from their storage locations and 
transporting them to a sorting/consolidation process for 
order fulfillment and shipment in response to a customer’s 
request (Rouwenhorst et al., 2000). It is an operation 

repeated for each order, therefore it has a significant impact 
on the system performance (Yener and Yazgan, 2019). 

Despite the wide spread of new technologies allowing an 
automated management of picking, the manual picker-to-
part system, where the picker travels along the aisles to 
retrieve products (van Gils et al., 2018), is still the most 
common process, used in around the 80% of the relevant 
Western European warehouses (de Koster et al., 2007). 
Accordingly, by improving the travel time or the distance 
of the order picking operation, warehouse performance can 
be significantly improved in terms of cost and delivery lead-
time (Ardjimant et al., 2019).  

To this end, several efficient optimization routing 
algorithms were developed and studied in literature; among 
the most relevant ones, it is worth mentioning the Ratliff 
and Rosenthal algorithm (1983) developed to deal with 1-
block rectangular warehouses by modelling the problem as 
a variant of the well-known and difficult traveling salesman 
problem (TSP), which allows to identify the exact solution 
in terms of minimum covered distance or traveled time. 
Indeed, sequencing and routing pickers in a typical multi-
parallel-aisles warehouse given a set of items to be picked 
has been demonstrated to be a NP-hard TSP (Theys et al., 
2010).  
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Being NP-hard means that the global optimum for the 
problem cannot be determined under certain conditions as 
the size of the problem increases (Kozan and Preston, 
1999); accordingly, there are very few exact algorithms, 
suitable only for small instances. To bypass this problem 
and still provide good solutions, particular attention was 
recently paid to metaheuristic nature-inspired algorithms, 
which can be used to get sufficiently good results in a 
reasonable time and with small computational efforts, even 
if they do not guarantee globally optimum solutions to be 
found. Specifically, within the context of order picking, it is 
worth mentioning the adaptations of the Water Wave 
Optimization (WWO) (Bottani et al., 2016), the Ant Colony 
Optimization (ACO) (De Santis et al., 2018) or the 
Simulated Annealing (SA) (Heragu et al., 1994).  

More generally, for a complete overview on the topic, 
several reviews were carried out where picking optimization 
through metaheuristic, heuristic and exact algorithms is 
screened. For instance, we highlight the recent works by 
Cergibozan and Tasan (2019), van Gils et al. (2018), Cano 
et al., (2018) and Henn and Schmid (2013).  

On the basis of the considerations above and in line with 
the previous studies, this paper proposes the adaptation of 
another nature-inspired metaheuristic algorithm, namely 
the Firefly Algorithm (FA), formulated by Yang (2008). 
This algorithm takes inspiration from the flashing behavior 
of fireflies: randomly generated solutions are considered as 
fireflies, and each will be assigned with a brightness based 
on their performance, which corresponds to their 
convergence to the objective function value (Tilahun et al., 
2017). Then, a firefly will be attracted towards brighter 
fireflies, accordingly trying to get as close as possible to the 
best values and provide other possible solutions. The 
efficiency and success rate of FAs are considered superior 
than those of the metaheuristics Particle Swarm 
Optimization (PSO) (Gandomi et al., 2011), Genetic 
Algorithms (GA) (Palit et al., 2011) and ACO (Sayadi et al., 
2010), (Yang, 2009), (Fister et al., 2013). Note that the 
original algorithm was designed to solve continuous 
optimization problems; consequently, in the following we 
will refer to a version developed to deal with discrete 
problems proposed by Sayadi et al. (2013), namely the 
Discrete Firefly Algorithm (DFA). 

The remainder of the paper is as follows: in section 2 a 
background on the DFA is given, together with its 
formulation applied to the order picking process; section 3 
deals with an application example whose results, in order to 
test its effectiveness, are compared to the solutions 
obtained by applying three different heuristics routing 
policies typically used to minimise the travel distance of 
pickers (traversal, return and largest gap), the Clarke and 
Wright saving algorithm (Clarke and Wright, 1964) which 
was developed to deal with the capacitated vehicle routing 
problems (CVRP), namely the generalization of the TSP 
(Baldacci et al., 2008), and the aforementioned adapted 
WWO algorithm. Finally, in section 4 conclusions and 
implications are given. 

 

 

2. The algorithms tested 

2.1 The Discrete Firefly Algorithm (DFA) 

Algorithms deriving from FAs are based on the flashing 
patterns and behavior of fireflies, whose brightness attracts 
other fireflies for mating or for drawing attention in case of 
dangers. They follow three idealized rules: 

- Fireflies are unisex, and each firefly is attracted to 
other fireflies regardless their gender; 

- The attractiveness is proportional to the 
brightness, and they both decrease as the distance 
between two fireflies increases; thus, for any two 
fireflies, the less bright one will move towards the 
brighter one. In case there is no brighter one than 
a particular firefly, it will move randomly; 

- The brightness of a firefly is determined by the 
value of the objective function. 

Accordingly, given an objective function to be optimized, 
the DFA can be summarized through the following steps: 

Step 1. The starting point of the algorithm is a set of initial 
solutions, namely fireflies, randomly generated i.e. xi, (i = 1, 
2, … n). N denotes the population size. 

Step 2. For each solution generated, the brightness I is 
determined, and it corresponds to the value of the objective 
function (i.e. Ii = f(xi)). Brightness also determines the 
attractiveness β of each solution, which in turn, being 
relative according to the other fireflies, differs depending 
on the distance rij among two fireflies xi and xj. β(r) can be 
any monotonically decreasing function such as the 
following generalized form:  

𝛽(𝑟) =  𝛽0𝑒−𝛾𝑟𝑚,   𝑚 ≥ 1     (1) 

where r is the distance between two fireflies, β0 is the 
attractiveness at r = 0 and γ is a fixed light absorption 
coefficient. This last term has value between 0 and 1 and 
influences the brightness of each firefly since the light 
transmission is affected by the propagation medium. 

rij is instead calculated based on the Cartesian distance:  

𝑟𝑖𝑗 =  |𝑥𝑖 − 𝑥𝑗| =  √∑ (𝑥𝑖,𝑘 −  𝑥𝑘,𝑗)2𝑛
𝑘=1      (2) 

where xi,k is the k-th component of the i-th firefly (xi). 

Step 3. At this point, depending on the brightness I, the 
movement process begins: after having identified the 
brightest solution, given two fireflies xi and xj, if Ii< Ij firefly 
xi will move to firefly xj, being attracted. In other words, 
the less bright fireflies will move to the brightest. In this 
case, the movement is determined by 

𝑥𝑖 =  𝑥𝑖 +  𝛽0𝑒−𝛾𝑟𝑖𝑗
2(𝑥𝑗 − 𝑥𝑖) +  𝛼(𝑟𝑎𝑛𝑑 − 1

2
)               (3) 

where the second term is due to the attraction, while the 
third is randomization with α being the randomization 
parameter.  

Step 4. According to the new positions, the new β is 
computed (eq. 1). New values of I are identified, 
corresponding to the new values of the objective function; 
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the best ones having a higher light intensity replace the 
previous ones.  

The discretization comes in when a generic xi firefly moves 
to xj firefly. Its position changes from a binary number to a 
real number; this last needs to be replaced by a binary 
number. To this end, by using the following sigmoidal 
function, the position value is constrained to the interval 
[0;1]:       

𝑆(𝑥𝑖𝑘) =  1
1+𝑒𝑥𝑝(−𝑥𝑖𝑘)     (4) 

where S(xik) denotes the probability of binary variable xik 

taking 1. 

At each iterations of the algorithm, steps 2-4 are repeated. 
The algorithm typically stops when a given number of 
iterations has been carried out.  

One of the main advantages of the DFA, and in general of 
the FA, is that since attractiveness decreases as the distance 
increases the whole population is automatically divided into 
subgroups with smaller size, and for each of them the local 
optimum can be identified; among these local optimums, 
the global optimum can be found.  

2.2 The adapted DFA for order picking 

In this section the adaptation of the DFA within the 
context of order picking is presented, since the standard 
DFA cannot be applied to the problem in its original form. 
The aim of the DFA implementation is to obtain a 
sequence of picking location allowing the total travel 
distance of the picker to be minimized (i.e. to obtain the 
optimal sequencing). Consequently, the objective function 
corresponds to the sum of the single travel distances the 
picker has to cover when moving from a picking location 
to another. The picking location is the place where the 
single items of the order list are stored. Each possible 
solution (i.e. picking route) coincides to a firefly, and the 
solution having the shortest distance is the brightest firefly.   

In addition to the three fundamental rules of the DFA, the 
following assumptions have been considered in the 
adaptation for the picking context: 

- The light absorption coefficient γ is replaced by a 
new parameter, called approach speed (Va), whose 
value can range from 2 to n-1, being n the number 
of items in the picking list. Va reflects the number 
of items whose order can be changed during the 
movement phase of the firefly, and it is set during 
the initialization of the algorithm; 

- The distance rij among two fireflies xi and xj is 
computed using the Hamming distance 
(Marichelvam et al., 2014), a similarity measure 
often used in information theory to quantify the 
extent to which two bitstrings of the same 
dimension differ (Bookstein et al., 2002); 
basically, in this context, it coincides with the 
number of items whose order differs in two 
routes. For instance, given the sequence (a) below, 
the Hamming distance towards sequences (b) and 
(c) is respectively 2 and 3, as in the first case they 
differ for two positions (i.e. the fifth and the 

tenth), while in the other case they are different 
for the first, the fifth and the sixth place. 

(a) 700, 800, 900, 1000, 600, 500, 300, 400, 200, 
100. 

(b) 700, 800, 900, 1000, 100, 500, 300, 400, 200, 
600. 

(c) 600, 800, 900, 1000, 500, 700, 300, 400, 200, 
100. 

After having set the number of iterations, the approach 
speed Va and the size of the initial population N, the steps 
of the adapted DFA can be resumed as follows: 

Step 1. Given a picking list of items (typically from 5 to 100 
items), a random set of N solutions (fireflies) is generated. 
Initial solutions are obtained as permutations of the 
elements in the picking list.  

Step 2. For each firefly, the brightness i.e. the objective 
function value is computed, reflecting the distance of a 
picker who will pick the items in the order they are listed in 
each sequence. The brightest solution is identified (current 
best solution).  

Step 3. The Hamming distance is determined for each 
solution towards the brightest (discretization).  

Step 4. At this point the movement process begins. For each 
solution the orders of items to be picked is subject to shift 
as follows: a number of items equal to Va whose order 
differs from the order they have in the current best solution 
is selected. These items are subject to a random shift in the 
attempt to converge to the current best solution. If the 
distance between two fireflies is less than Va, meaning that 
they differ from less items than those whose order should 
be subjected to shift, Va will decrease and will be set at the 
distance value in order to slow the fireflies close to the 
brightest and accelerate those furthest.  

Step 5. New values of the objective function are computed 
and the best ones having a higher brightness will replace 
the previous ones. According to that, the remaining fireflies 
will change their trajectory towards them. 

Moreover, at each iteration, a check is carried out on the 
strings to delete identical sequences; the algorithm repeats 
step 2-5 and stops when the number of iterations set has 
been completed.  

 

3. Application Example 

3.1. Software implementation  

In order to test the effectiveness of the tool, the proposed 
algorithm has been implemented in Visual Basic for 
Application (VBA) under Microsoft Excel™ and applied 
on an assumptive warehouse by taking into account ten 
picking lists of ten items.  

The algorithm is structured in three spreadsheets; in the 
first one, the warehouse structure is detailed, including 
general layout, picking locations, aisles size and the position 
of the input/output depot, as it is assumed that the picker 
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will start from the depot and return there once he has 
completed the picking tour. In the second spreadsheet the 
distances between the items of the picking list are 
computed and the total travel distance is determined. 
Finally, the last spreadsheet deals with the implementation 
of the real DFA, developed exploiting appropriate macros 
programmed in VBA.  

3.2. Warehouse layout and picking process 

The layout tested is a 1-block rectangular warehouse, with 
12 aisles and 45 storage locations per aisle side, resulting in 
1080 storage locations overall. The aisles can be traversed 
from both directions, and pickers can change direction as 
well within each aisle. Note that the aisle width is 4 meters, 
while the storage location one 1 meters. These values were 
taken into account when computing the overall travel 
distance of the solutions.  

Pickers are assumed to follow a strict order picking policy, 
meaning that the picking list corresponds to an order of a 
final customer; the picking box has infinite capacity, as well 
as the warehouse (the items are always available). The 
picker starts from the depot, which is located at the bottom 
left corner of the warehouse and returns there once he has 
picked the whole set of items in the picking list. Low-level 
picking is assumed. Items are stored according to the 
dedicated storage policy.  

3.3. Parameter setting 

In order to set the initial parameters, namely the initial 
population size, the number of iterations and Va value, 
many simulations were carried out by varying their 
combinations, given a picking list of ten items. Generally, 
as the size of the population increases, the computational 
time of an iteration increases as well; analogously, a high 
number of iterations allows to enlarge the likelihood of 
getting good solutions, since they change at each iteration 
and not necessarily the best one is obtained. Anyway, 
results suggest that the best performance in terms of 
efficiency is obtained by starting from a population of 
10/20 fireflies, with 510 iterations and Va equal to half of 
the items in the picking list, i.e. 5 in this specific case.  

3.4. Comparisons  

Since we could demonstrate the effectiveness and the 
accuracy of the adapted DFA by comparing results with the 
global optimum solution of each picking list, solutions are 
below compared with those obtained by implementing 
other approaches to the same case for further assessments. 

Specifically, three heuristic routing policies, a heuristic and 
a metaheuristic algorithm were taken into account. The 
routing policies considered are the following:  

- Traversal Policy (also known as S-shape Policy, 
Goetschalckx and Ratliff, 1988). Wildly used for 
its simplicity, it considers that pickers must 
completely traverse the entire aisle once it is 
entered (Petersen and Aase, 2004); viz. they enter 
an aisle from one end and leave from the other.  

- Return Policy. It is a simple heuristic in which 
pickers enter and leave each aisle from the front 

cross-aisle. Within an aisle, they travel as far as the 
farthest item is stored, then return to the front 
cross-aisle (Cano et al., 2017). 

- Largest Gap Policy (Hall, 1993). Given an order list, 
this policy takes into account the distances 
between the items to be picked in an aisle and 
both ends of the corridors by comparing them 
and choose the shortest one. Its name refers to 
the fact that the longest distance is not traversed 
(Chen et al., 2015). 

The two algorithms, instead, are the following: 

- Clarke and Wright saving algorithm (Clarke and 
Wright, 1964). This algorithm was proposed in 
order to solve the Capacitated Vehicle Routing 
Problem (CVRP), namely a problem in which a 
vehicle fleet based at a depot is required to serve 
customers in order to satisfy their known 
demands and at the same time minimizing the 
travel distance or costs (Pichpibul and 
Kawtummachai, 2012).  

- Adapted WWO. As mentioned in the introduction, 
Bottani et al. (2016) proposed an adapted 
formulation of the WWO algorithm for picking. 
The original metaheuristic algorithm (Zheng, 
2015) takes inspiration from the shallow water 
wave theory and it is based on three phenomena 
of water waves: propagation, refraction and 
breaking. The adaptation was developed under 
Microsoft Excel™ and consists of 5 steps 
recalling the original model by Zheng (2015). 

Moreover, given the small number of items in the picking 
list, the solution space for the problem in question includes 
10! (3,628,800) picking tours. This number of solutions was 
examined entirely through an exhaustive procedure, to 
identify the global optimum for each picking list. The global 
optimal result was used as a further benchmark to evaluate 
the performance of the adapted DFA. 

For the sake of brevity and as an example, only one picking 
list will be detailed in the following, while for the remaining 
nine only the numerical result of the best solution in terms 
of distance covered will be provided. The piking list in 
question (Picking List 1) consists of the following ten items: 
100, 200, 300, 400, 500, 600, 700, 800, 900, 1.000. For the 
item codification their picking location reference was taken 
into account. Table 1 (a and b) below shows the best 
sequencing obtained by applying the different method 
presented. In the last row, the overall distance in meters is 
provided. 

Table 1a: Sequencing obtained through the three 
heuristic routing policies applied on Picking List 1. 

Sequencing 

Traversal Policy  Return Policy  Largest Gap 
Policy  

0    0 0 
100 100 100 
200 200 300 
300 300 400 
400 400 700 
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500 500 800 
600 600 900 
700 700 1.000 
800 800 600 
900 900 500 

1.000 1.000 200 
0 0 0 

580 m 590 m 406 m 
 

Table 1b: Best sequencing obtained through the three 
different algorithms applied on Picking List 1, plus the 

exact solution in the last column. 

Best Sequencing 
Clarke and 

Wright  
Adapted 
WWO 

Adapted 
DFA  

Exact 
Solution 

0 0 0 0 
100 500 100 100 
500 600 200 200 
600 1.000 300 300 

1.000 700 400 400 
800 900 900 800 
900 800 800 900 
700 400 700 700 
300 300 1.000 1.000 
400 200 600 600 
200 100 500 500 
0 0 0 0 

400 m 380 m 380 m 380 m 
 

The global optimum result for Picking list 1 amounts to 380 
metres. The Traversal and Return policies, despite their 
simpler implementation, provide a value and an outflow of 
resources far greater; this is not surprising, since for the 
traversal the picker is required to completely cross the aisle 
and leave it from the back, even if the items to be picked 
located at the very beginning of the aisle. Same reasoning 
goes for the Return Policy, in which instead the picker is 
expected to always go out from the front aisle, even if the 
item is at the end of the aisle. It is obvious the waste of 
distances according to these policies.  

The Largest Gap policy and the Clarke and Wright 
algorithm show an almost equal result, quite better than the 
previous two policies.  

It is worth noting that the despite the sequencing is 
different, the route resulting from the adapted WWO and 
the adapted DFA has the same distance of the exact 
solution, and they are the only two methods allowing to 
reach the global optimum. Specifically, the sequencing of 
the adapted DFA differs from the one of the exact solution 
only for the position of two items (i.e. 900 and 800), 
although the total distance is the same. More in general, 
results of the comparisons made with all the picking lists 
tested show that the adapted DFA is always able to find the 
best solution, namely the shortest path for the picker. 

Table 2, instead, shows the values of the shortest paths 
obtained by applying the five aforementioned methods, 
together with those obtained from the adapted DFA and 
the exact results, in the last column. Results coinciding with 

the exact solution are highlighted in red, while in brackets 
the percentage error towards the optimum solution is 
reported when this latter is not reached. 

Table 2: Results obtained by applying different approaches 
to the ten picking lists of the application example. 

Picking 
List 

Traversal 
Policy [m] 

Return 
Policy [m] 

Largest 
Gap Policy 
[m] 

1 580 (52.63) 590 (55.26) 406 (6.84) 
2 498 (39.88) 459 (28.93) 386 (8.42) 
3 429 (22.38) 590 (46.76) 402 (0.00) 
4 588 (51.54) 680 (75.25) 400 (3.09) 
5 496 (27.83) 548 (82.47) 388 (0.00) 
6 558 (55.86) 643 (77.09) 386 (7.07) 
7 488 (34.80) 602 (66.29) 382 (5.52) 
8 496 (26.53) 574 (46.42) 404 (3.06) 
9 512 (54.21) 432 (30.2) 406. (22.28) 
10 588 (36.74) 598 (39.06) 464 (7.90) 

 

Picking 
List 

Clarke and 
Wright [m] 

Adapted 
WWO [m] 

Adapted 
DFA [m] 

Exact 
Solution 

[m] 
1 400 (5.26) 380 (0.00) 380 (0.00) 380 
2 370 (3.96) 356 (0.00) 356 (0.00) 356 
3 402 (0.00) 402 (0.00) 402 (0.00) 402 
4 396 (2.06) 388 (0.00) 388 (0.00) 388 
5 388 (0.00) 388 (0.00) 388 (0.00) 388 
6 364 (1.67) 358 (0.00) 358 (0.00) 358 
7 362 (0.00) 362 (0.00) 362 (0.00) 362 
8 392 (0.00) 392 (0.00) 392 (0.00) 392 
9 342 (3.01) 332 (0.00) 332 (0.00) 332 
10 461 (7.20) 430 (0.00) 430 (0.00) 430 

 

As it is immediately possible to notice, the Traversal and 
the Return policies never reach the optimum solution, and 
even diverge a lot in terms of percentage. Also, the Largest 
Gap turns out to be rather deficient, despite in two cases it 
returned the exact solution and its results are closer to it. 
The Clarke and Wright algorithm shows better 
performance but at the same time, by reaching the 
optimum for 4 picking lists out of 10, cannot properly be 
considered an effective tool in this context. On the 
contrary, the adapted WWO has always provided the global 
optimal solution, like the adapted DFA; consequently, both 
the metaheuristics turned out to be both efficient and 
effective. The only difference is that the average number of 
iterations required to converge to the optimal solution is 
higher for the adapted DFA than for the adapted WWO; 
accordingly, so far, in terms of computational performance 
the WWO provides a better outcome. With regard to this, 
our algorithm can certainly stand some improvements in 
term of computational performance; this could be 
obtained, for instance, by reducing redundancies and 
rearranging VBA macros.  

The computational time, of course, is highly dependent on 
the hardware and software used; it is therefore not possible 
to draw conclusion of general validity about that. 
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4. Conclusions 

This paper aimed at presenting a new algorithm for routing 
order pickers in manual warehouses minimizing the total 
travel distance covered. The algorithm’s formulation results 
from an adaptation of the metaheuristic Discrete Firefly 
Algorithm (DFA) and consists of five steps which follows 
the logic of the traditional DFA. The algorithm was coded 
in Microsoft Excel™ by exploiting appropriate VBA 
macros, and to test its effectiveness, it was applied on an 
assumptive warehouse, given ten picking lists of ten items 
to be picked.  

Specifically, due to the small size of the instances 
considered, it was possible to determine the global optimal 
solution for each list; this allowed to check the effectiveness 
of the results returned by the DFA. What emerged is that 
this algorithm was always able to return the optimum 
solution in terms of minimum distance. 

Furthermore, the same problem has been solved by 
applying three heuristic policies, namely the Traversal, the 
Return and the Largest Gap and two algorithms, namely 
the Clarke and Wright saving algorithm and the adapted 
WWO metaheuristic. Results show the limited 
effectiveness of the three heuristic policies; the Clarke and 
Wright algorithm as well turned out to be not so powerful 
since it got the optimum solution only in 40% of cases.  

Conversely, the adapted WWO and the DFA have 
demonstrated their potential and their success; indeed, they 
always provided the global optimum solution for each of 
the ten picking list.  

Accordingly, the aim of this paper has been brilliantly 
reached, since we wanted to present a new tool able to 
compete with other powerful approaches. Nonetheless, it 
would be interesting to test the adapted DFA on picking 
lists with greater sizes, to assess its efficiency as the 
complexity of the problem increases. Introducing other 
warehouse layouts, e.g. with 2 or 3 blocks would enhance 
the analysis as well; indeed, metaheuristic algorithms 
typically are used when the global optimum solution cannot 
be identified, and specifically this is the case of these 
configurations. 

Before doing that, improvements can be made to the 
present approach. To be more precise, we intend to 
improve the programming language in order to eliminate 
redundant passages and streamline the procedure, with the 
aim of reducing the average number of iterations the 
algorithm requires to reach convergence. Higher 
programming languages other than VBA can also be 
involved as well. 

It would also be interesting to compare results from other 
metaheuristics, such as the ACO and the SA mentioned in 
the introduction, already developed to deal with the order 
picking optimization, or conversely to adapt new 
metaheuristics to the same problem.  

Finally, deepening tests on real cases is highly 
recommended. 
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