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OPTIMIZING SMART WAREHOUSING WITH GENETIC ALGORITHM AND
DEEP Q-LEARNING

Esra Boz*

Abstract. This study uses Genetic Algorithm (GA) and Deep Q-Learning (DQL) methods to optimize
the Order Picking Problem (OPP) and Storage Location Assignment Problem (SLAP) for Automatic
Storage and Retrieval Systems (AS/RS). Dynamic storage policies based on order frequency are ex-
plored in the study, and the best optimization method is determined. The results show that the GA
has lower order picking times and costs than the random assignment technique, while the DQL model
increases the efficiency of operations through creating dynamic location policies. The study also shows
that dynamic dwell points improve order picking time by 44% compared to fixed dwell points. These
findings imply that logistics performance can be enhanced considerably by optimizing the location and
dwell policies for warehouse managers.
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1. Introduction

The Storage Location Assignment Problem (SLAP) is of utmost significance in optimizing the efficiency of
operations, especially in Automated Storage and Retrieval Systems (AS/RS). A good storage plan can minimize
both energy consumption and operating costs by decreasing order-picking time. The problem provides optimal
utilization of warehouse space and is also important in the context of sustainable logistics applications. In
particular, product placement within the warehouse provides more frequently stocked items and speeds up
warehouse operations [1]. It also offers the potential to reduce the system’s carbon footprint by combining it
with energy-efficient routing policies to reduce environmental impact. From an application perspective, SLAP is
useful in a wide range of industries. It improves customer satisfaction by being involved in fast and accurate order
preparation procedures in different industries, such as e-commerce, retail, automotive, and pharmacy industries
[2]. Additionally, more adaptable and dynamic solutions can be developed by combining automation systems
and artificial intelligence-based optimization methods within the Industry 4.0 framework. From the usability
point, fast response to changes in real-time demand is feasible because of systems supported by warehouse
logistics software and data analytics. Therefore, the storage allocation problem optimization makes it possible
for businesses to gain a competitive advantage and run viable businesses in the long term [3].
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Figure 1. Model representation.

The Order Picking Problem (OPP) is the costliest problem in the warehouse. OPP is one of the most critical
operations in the warehouse and aims to pick orders in the shortest time and at the lowest cost [4]. In warehouse
operations, picking products from designated locations quickly and efficiently is of great importance both in
terms of preventing time loss and using the workforce in the most efficient way. The success of OPP directly
affects the distribution processes outside the warehouse by affecting the order preparation time. The output of
SLAP is generally used as an input of OPP [5]. The more correctly the products are placed in the warehouse,
the less distance and time the orders are picked, and therefore, the less costly they are picked. Therefore, it is
quite realistic to address these problems in an integrated manner. Therefore, in this study, these problems are
addressed in an integrated manner and the results are analyzed accordingly [6].

The dwell point policy is a critical decision mechanism in Automatic Storage and Retrieval Systems (AS/RS)
that determines where the storage/retrieval machine (S/R) will be located when it is idle. The optimal location of
the S/R machine can directly affect the system response time and travel time, increasing the overall efficiency of
the order picking process [7]. Different dwell point strategies may vary depending on the system load, warehouse
design, and throughput. In this context, determining the optimal dwell point strategy is of great importance to
reduce order processing times, minimize energy consumption, and accelerate warehouse operations [8, 9].

AS/RS are advanced automation solutions used to provide high efficiency, speed, and accuracy in warehouse
operations. These systems provide automatic placement and retrieval of products with vertical or horizontal
carrier robots (stacker cranes) that move along storage shelves and integrated conveyor belts [10]. The AS/RS
system offers high-density storage space and fast access mechanisms to optimize the order picking process.
Compared to traditional manual systems, AS/RS systems reduce operational costs, provide more efficient use
of warehouse space, and minimize human error [11]. Stored products are automatically brought to workstations
according to order requests, shortening order picking time, and accelerating logistics operations [12,13]. There-
fore, in this study, the effects of stock assignment, order picking processes, and dwell point policies in AS/RS
systems on system efficiency were analyzed.

In this study, the SLAP and OPP problems are considered as an integrated problem, and a mixed-integer
programming mathematical model is proposed to solve the problem. This proposed model is considered a
periodic system, and the general definition of the problem is defined as Periodic Storage Location Assignment
and Order Picking Problem (PSLAOPP). Since the data is both periodic and contains a lot of product and
location information, the problem cannot be solved with packet solvers such as CPLEX and GAMS due to
the complexity of the data size. Because of this, the Genetic Algorithm (GA) has been developed and solved.
After obtaining the necessary output as a result of the solution, these outputs constitute an input for the Deep
Q-Learning (DQL) algorithm, and the problem is used only to determine the fixed locations for the products
as shown in Figure 1. In addition, while determining fixed locations, the results were also obtained with dwell
policies and the optimum dwell policy was determined. In this regard, the following research questions form the
foundation of this study:

RQ1: How does dwell point location affect order picking time and warehouse operations efficiency?
RQ2: To what extent does the storage assignment policy affect order picking time?
RQ3: How much does the DQL algorithm improve the order picking process?
RQ4: How does hyperparameter optimization using Grid Search affect the performance of the DQL?

There are some studies in the literature that use machine learning-based approaches to storage assignment
and order picking problems [14–17]. However, most of the literature-based studies are generally limited to static
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or single-period data and do not properly model dynamic warehouse environments. Moreover, these studies have
not analyzed operationally critical such as the policy for the dwell point in detail; performance comparisons
among different dwell strategies have not been carried out, nor has mathematical modeling been used to support
the decision-making process. This study fills this gap, enabling systematic application of the dwell policy and
selection of the most appropriate strategy using data-driven methods. But another significant contribution of
the research is its hybrid solution approach for realistic data sets too large and multi-period to be solved by
conventional solution methods. The mixed integer program model reached in the first phase was solved using a
GA, and thus obtained solutions were fed to the DQL algorithm. Permanent product placement has thus been
defined using both historical trends of order and performance of operations. This integration of methodologies
is distinct from similar research in the literature on data integrity, scalability and realism of application and
makes new contributions to the field.

The findings show that some storage areas are overused, while others are operating at low efficiency. The
use of the DQL algorithm has shown an average of 36% improvement in order picking times compared to the
random assignment method. In the analysis conducted in terms of Dwell point policies, it has been seen that
an improvement of 30% is achieved when the Input Point policy is compared to the Midpoint policy, and the
use of dynamic dwell points offers the highest efficiency.

The structure of the remaining sections is as follows: Section 2 provides a brief theoretical framework on the
PSLAOPP. Section 3 examines the problem description and presents the mathematical model. Section 4 defines
the solution methods employed. The numerical experiment is presented in Section 5. The paper concludes with
final considerations and recommendations for future approaches to the PSLAOPP.

2. Literature review

SLAP is one of the crucial optimization issues for logistics process efficiency in Automated Storage and
Retrieval Systems (AS/RS). The studies on this subject endeavor to optimize storage layout using different
methodologies and objective functions. Yang et al. [18] utilized integer programming and dynamic programming
methods based on storage assignment and retrieval processes. They, in their study, attempted to minimize the
travel time and simulated with hypothetical data sets. Cai et al. [19] did path planning with combined storage
layout and gave priority to optimizing energy consumption and order picking time by mathematical modeling
with *A algorithm.

A few more studies on the storage layout problem include various optimization techniques. Chen et al. [20]
tried to optimize storage layout and interleaving problem in shared storage systems together. They introduced
a model that minimizes in-warehouse movement times through the tabu search algorithm. Leilin et al. [21]
tried to maximize overall system efficiency through storage optimization via a hybrid tabu search algorithm.
Habibi Tostani et al. [22] combined storage layout and scheduling with multiobjective optimization models and
used the bioinspired differential evolution algorithm.

In the literature, it is observed that warehouse layout optimization is also related to classified inventory
management, order picking process and multi-criteria decision-making systems. Rao and Adil [23] tried to
minimize the total order picking distance through continuous optimization models with class-based storage
systems. Atmaca and Ozturk [24] proposed a stock layout model combined with order picking policies via
simulated annealing algorithm. Fontana et al. [25] conducted storage optimization by multi-criteria decision
models and also took into account different customer requirements. Guo and Liu [26] tried to determine the
most efficient systems by comparing different storage policies for twin shuttle systems (twin shuttle AS/RS).
Bolaños-Zuñiga et al. [27] tackled the storage layout and order routing problem together and optimized the
overall ordering time by mixed integer programming and adaptive heuristics.

Accordingly, literature on the storage allocation problem spans mathematical optimization, heuristic methods
and simulation-based methods. The utilization of Machine Learning (ML) methods in this area, however, is
limited in the literature. One of the few studies conducted with machine learning is research by Rizqi et al. [28],
who proposed a data-driven storage layout model and performed predictive analytics. The motive of this study
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Table 1. Related works on SLAP.

Reference Definition of the problem Used method
ML
integration

Objective function Data set

[18] Storage location assignment
and retrieval scheduling.

Integer programming and
dynamic programming.

No Minimization of travel time
for storage and retrieval
cycles.

Hypothetical

[19] Storage location assignment
and path planning optimiza-
tion.

Mathematical modeling and
A* algorithm.

No Reduction of energy con-
sumption and improvement
of order picking efficiency.

Hypothetical

[20] Storage location assignment
and interleaving problem.

Tabu search heuristic. No Minimization of travel time
through efficient shared
storage strategies.

Hypothetical

[21] Storage assignment opti-
mization.

Hybrid Tabu Search algo-
rithm.

No Optimization of AS/RS effi-
ciency through better stor-
age assignment.

Hypothetical

[22] Storage location assignment
and scheduling.

Bi-level multi-objective pro-
gramming with differential
evolution algorithm.

No Minimization of total costs
and energy consumption.

Hypothetical

[23] Class-based storage assign-
ment.

Continuous optimization
model with class-based
storage.

No Minimization of pick travel
distances.

Hypothetical

[24] Storage assignment and
order picking policy opti-
mization.

Mathematical modeling and
Simulated Annealing.

No Minimization of storage allo-
cation, retrieval, and keep-
ing costs.

Hypothetical

[25] Multi-criteria storage loca-
tion assignment.

Mathematical modeling and
multi-criteria optimization.

No Optimization of storage
location assignment based
on multiple criteria.

Hypothetical

[26] Storage assignment policies
evaluation.

Simulation-based evalua-
tion.

No Comparison of single and
twin shuttle systems under
different storage policies.

Hypothetical

[27] Storage location assignment
and order picker-routing
problem.

Mixed-integer linear pro-
gramming and adaptive
multi-start heuristic.

No Minimization of picking
time and order routing
costs.

Hypothetical

is to minimize travel time and energy consumption on the basis of Soft Voting-Based Ensemble Learning (SVE)
and TLBO (Teaching-Learning-Based Optimization) algorithms. However, there is a need for more studies in
the literature that are validated using real data. Therefore, there is a need for new studies in the future with
big data analysis and machine learning algorithms extracted from real warehouse operations.

Dwell point positioning in AS/RS is a topic that has been increasingly researched for the aim of planning
the movements of the cranes in a manner that will reduce the travel time. The related studies are given in
Table 1. The earliest research in the literature on this subject was carried out by Bozer and White [29]. Bozer
and White [29] tried to determine the most suitable dwell point location using mathematical modeling and
analytical solutions and developed one which minimizes the expected travel time. Similarly, Egbelu [30] tried
to optimize the waiting positions of the cranes in storage areas by developing dynamic models using linear
programming methods. Hwang and Lim [31] developed an optimization model for reducing both the expected
and maximum amount of travel time by presenting a Chebyshev distance-based model.

Peters et al. [32] and Park [33] further developed these theoretical models and tested them with closed-form
solutions and probability-based modeling approaches. Peters et al. [32] tried to determine the best dwell point
strategies analytically in continuous racking systems, while [33] tried various analytical approaches that mini-
mized travel time. In later studies, Meller and Mungwattana [34] conducted simulation-based studies examining
the effects of dwell point strategies at high system utilization. The results showed that well-selected dwell
point strategies can have a considerable effect on efficiency, especially where heavy operation of the system is
concerned.
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Table 2. Related works on dwell positioning problem.

Reference Definition of the problem Used method Approach used Findings

[29] Determining the optimal
dwell point location for
different AS/RS configura-
tions.

Mathematical mod-
eling and analytical
solutions

Theoretical Modeling An optimal dwell point for-
mulation is developed to
minimize expected travel
time.

[30] Analyzing how to opti-
mize dwell point selection
in dynamic warehouse
environments.

Linear Programming Theoretical Modeling Dynamic models are pro-
posed to minimize service
response time.

[31] Determining the best dwell
point positioning for AS/RS
systems.

Chebyshev distance-
based modeling

Theoretical Modeling An optimization model is
developed to minimize both
expected and maximum
travel time.

[32] Analytically determining
optimal dwell point strate-
gies for continuous rack
systems.

Closed-form solu-
tions

Theoretical Modeling Analytical models are devel-
oped for transaction time
minimization.

[33] Developing a closed-form
solution for dwell point opti-
mization.

Probability-based
modeling

Theoretical Modeling A closed-form solution is
proposed, and analytical
approaches for minimizing
travel time are tested.

[34] Analyzing the impact of
dwell point strategies on
AS/RS performance under
high system utilization.

Simulation-based
analysis

Simulation It is observed that dwell
point strategies significantly
affect efficiency under high
system load.

[38] Mathematical modeling of
the generalized dwell point
location problem.

Probability-based
modeling

Theoretical Modeling Optimal dwell point loca-
tions are identified to min-
imize travel time.

[36] Dwell point optimization for
AS/RS with different input
and output locations.

Mathematical mod-
eling and numerical
experiments

Theoretical & Exper-
imental

Dwell point strategies are
optimized for various input-
output scenarios.

[35] Assessing the impact of
dwell point strategy on
AS/RS performance.

Simulation and opti-
mization

Simulation Dwell point selection has a
direct impact on warehouse
operating costs.

[37] Data-driven optimization of
dwell point positioning using
machine learning.

Ensemble learning
and TLBO optimiza-
tion

Experimental (Data-
Driven)

Predictive analytics is used
to reduce travel time and
response time.

More recently, dwell point optimization has been further developed through the use of simulation, experimen-
tal studies, and data-driven approaches. Regattieri et al. [35] applied simulation and optimization methods in
analyzing the direct influence that storage strategies have on warehouse operational costs. Yu and Yu [36] took
both experimental and theoretical perspectives in dwell point optimization strategies for AS/RS systems with
different entry and exit points. More recently, Rizqi et al. [37] developed a machine learning (ML) and TLBO
(Teaching-Learning-Based Optimization)-based data-driven dwell point positioning model. This has enabled
significant travel time reduction and response time reduction through predictive analytics methods. In compar-
ison to traditional rule-based systems, AI-powered predictive models offer more adaptive and efficient solutions
for warehouse logistics. These studies demonstrate that machine learning is becoming increasingly important in
warehousing and order picking activities (Tab. 2).

2.1. Research gaps

According to the literature review given above, some research gaps were identified and this study was generally
designed to fill these gaps in the literature. The gaps stated are as follows:
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– Most research relies on mathematical modeling, heuristic algorithms, and simulation-based solutions. It
is extremely rare that studies are carried out on using machine learning (ML) and deep learning (DL)
techniques for to SLAP.

– There are some studies already conducted that mostly deal with single-period or static storage layout models.
Multi-period models dealing with product demand and order patterns different by time period do not exist.

– Most of the current studies on dwell point optimization are using mathematical models, simulation, and
rule-based methods. Reinforcement learning (RL) or data-driven methods are seldom used.

– In warehouse configuration and order picking process optimization research, the application of machine
learning and mathematical modeling is limited. Data-driven techniques that make storage decisions over long
periods based on decision variables created from mathematical models as inputs have not been developed.

2.2. Contribution of this study

To address these gaps, this study develops a Periodic Storage Location Assignment and Order Batching
Problem (PSLAOPP) model that dynamically assigns products to storage locations over multiple periods based
on real warehouse order data. The integer arithmetic model output is input into deep learning models, whose
outputs are utilized to assign permanent storage locations to products. The contributions of this study are:

– Developing a mathematical model that captures multi-period product assignment dynamics based on real
warehouse demand patterns.

– Using the DQL algorithm to decide on permanent storage locations, based on historical order patterns.
– Providing a comparative overview of classical optimization techniques and ML-based approaches for long-

term storage applications.
– Identifying the optimal parameters for Hyperparameter Optimization in the DQL method through grid

search.

By integrating mathematical modeling and machine learning algorithms, this research presents a data-driven
approach to storage location optimization, bridging the gap in warehouse management in ML-based research
and presenting a step towards more sophisticated intelligent logistics operations in the future.

3. Problem description

A new mixed integer programming mathematical model for the PSAOPP has been developed in this paper.
The products are assigned to the best locations for each period based on the minimum order picking cost
objective function, taking into consideration the product frequencies for 150 different periods in this constructed
integer mathematical model. The output of this model’s decision variable for each period is what matters
important. This mathematical model has been developed under some assumptions and these assumptions are
as follows:

– All the products in the warehouse are homogeneous and of the same size and weight.
– Demand data for goods is forecasted in advance for every period, and there is no randomness (stochastic

demand).
– Each product can be allocated to just one location once in the period for which the order is placed.
– Orders are period-specific, and products ordered for every period are precise and certain.
– Product placement activities are time-dependent, and products can be re-assigned for each time period.
– The cranes move at constant speeds, and the speed of all cranes is identical and pre-defined.
– All cranes can access locations only within their own reach area; these locations are defined with fixed

parameters in the model.
– The starting positions of the cranes (dwell points) are pre-defined and as parameters in the model.
– It cannot be inserted more than a single product into a location at a time; one cell contains one product.
– Picking of a product only depends on the distance of travel of the crane, and the total processing time is

dependent upon the crane speed.
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– Energy consumption depends directly on the travel distance of the cranes and is calculated by multiplying
the same by a constant factor.

– The system sets the maximum upper limits for picking time and total travel distance, and these limits cannot
be exceeded.

The notation information for the developed integer mathematical model is given in Table 3 and the relevant
mathematical model is given below:

min
∑︁

𝑠

(𝑐1TT𝑠 + 𝑐2RT𝑠 + 𝑐3𝐸𝑠) (1)∑︁
𝑙

𝑥𝑖𝑙𝑘 ≥ 𝑤𝑖𝑘, ∀𝑖, 𝑘 (2)

𝑤𝑖𝑘𝑥𝑖𝑙𝑘 ≤
∑︁

𝑠

𝑓𝑠𝑙, ∀𝑙, 𝑖, 𝑘 (3)

TT𝑠 =
∑︁

𝑘

∑︁
𝑙

∑︁
𝑖

𝑥𝑖𝑙𝑘𝑑𝑙𝑠𝑓𝑠𝑙𝑤𝑖𝑘, ∀𝑠 (4)∑︁
𝑘

∑︁
𝑙

𝑧𝑖𝑥𝑖𝑙𝑘𝑑𝑙𝑠 ≤
∑︁

𝑙

∑︁
𝑠

𝑑𝑙𝑠, ∀𝑖 (5)

𝑑𝑙𝑠 = |𝑥𝑙 − 𝑥𝑠|+ |𝑦𝑙 − 𝑦𝑠|, ∀𝑙, 𝑠 (6)∑︁
𝑠

RT𝑠 ≤ 𝑅max (7)∑︁
𝑠

TT𝑠 ≤ 𝑇max (8)

RT𝑠 =
TT𝑠

𝑣
, ∀𝑠 (9)

𝐸𝑠 = TT𝑠 · 𝑝, ∀𝑠 (10)
𝑥𝑖𝑙𝑘 ∈ {0, 1}, ∀𝑖, 𝑙, 𝑘. (11)

The objective function of the mathematical model is composed of three different components. These com-
ponents are also different continuous decision variables since they are produced genuinely on the basis of the
decision variable. The cost of the order picking distance that the cranes are able to reach at any given time
is expressed in the first component. The cost of the order picking time that the cranes achieve over all time
periods is expressed in the second component. The cost of the order selecting energy that the cranes were able to
reach at all times is finally expressed in the third component. Therefore, the order picking costs incurred in the
AS/RS warehouse throughout all time periods can be used as a general expression for the objective function.
The location of the products and other factors actually affect these order picking costs. Equation (2) means that
the product ordered in a period must be assigned to a location in the warehouse within that period. Equation
(3) ensures that products are assigned only to locations that cranes can reach. Equation (4) determines the
total handling time for each crane. A crane can only handle orders on location that it has access to, and the
handling time depends on the distances between the location containing the ordered products and the crane’s
dwell point. Equation (5) tries to assign frequently ordered products to closer locations. With equation (6), the
distance between the dwell point of the 𝑠. crane and the places in the warehouse are calculated. Equations (7)
and (8) indicates that the maximum order picking time and distance must not exceed the limit. Equations (9)
and (10) calculate the order picking time and order picking energy, respectively.

4. Solution methods

This study consists of two stages. First, a new mixed integer mathematical programming model was created
for the problem under consideration, then the outputs of this model were used as inputs to the machine learning
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Table 3. Notation used in the mathematical model.

Indices

𝑖 The products in the warehouse
𝑙 The locations
𝑠 The cranes
𝑘 The periods

Binary decision variables

𝑥𝑖𝑙𝑘 1, if the 𝑖-th product is placed on the 𝑙-th location in the 𝑘-th period; 0, otherwise

Continuous decision variables

TT𝑠 Order picking distance of the 𝑠-th crane in all periods.
RT𝑠 Order picking time of the 𝑠-th crane in all periods.
𝐸𝑠 Order picking energy of the 𝑠-th crane in all periods.

Parameters and units

𝑣 The velocity of the crane (m/s)
𝑃 Energy consumed by the cranes per unit distance (kW/m)
𝑥𝑠 𝑥 coordinate of the 𝑠-th crane’s dwell point (m)
𝑦𝑠 𝑦 coordinate of the 𝑠-th crane’s dwell point (m)
𝑥𝑙 𝑥 coordinate of the 𝑙-th location (m)
𝑦𝑙 𝑦 coordinate of the 𝑙-th location (m)
𝑓𝑠𝑙 1, if the location 𝑙 belongs to the crane; 0, otherwise
𝑧𝑖 Frequency of ordering product 𝑖
𝑤𝑖𝑘 1, if product 𝑖 is ordered in period 𝑘; 0 otherwise
𝑐1 The cost of a crane per unit distance (Currency/m)
𝑐2 The cost of a crane per unit time (Currency/s)
𝑐3 The cost of a crane per unit energy (Currency/kWh)
𝑅max Maximum order picking time for all periods (s)
𝑇max Maximum order picking distance for all periods (m)

method and the solution of the problem was continued there. Accordingly, due to the large size of the problem
and the data (i.e., complexity), the problem could not be solved using exact solution methods in package solver
programs; therefore, metaheuristic algorithms were employed. Therefore, in the first stage of the solution, the
GA was employed, and in the second stage, all results obtained with the GA were analyzed and refined using
the DQL algorithm. Therefore, general information about these two algorithms used in this section is given.

4.1. Genetic algorithm

GA is a nature-inspired optimization technique that simulates the natural evolutionary process. In line with
organisms’ survival and reproduction in the natural world, the algorithm is a very strong approach, especially
for complex, large-scale, and large-space problems [39]. GA’s most important duty is to verify the individuals of
a population and attain an optimal solution by means of the process of time. GA simulate the process of deriving
the solution for a problem through nature’s operations such as natural selection, crossover, and mutation [40].
It is used as a cost-effective tool, especially where there are no deterministic algorithms and it is not possible to
ascertain the optimal solution. The general steps of the algorithm are given in Figure 2 and relevant explanations
are given in the following:

GA Steps

Creating an initial population: In the first step, an initial population of random individuals is created. These
individuals are potential solutions to the provided problem. The number of these individuals is usually deter-



OPTIMIZING SMART WAREHOUSING WITH GA AND DQL 3293

Figure 2. The flowchart of GA [48].

mined based on the algorithm’s parameters. Diversity in the initial population helps the algorithm search for a
greater solution space. Different initial individuals increase the possibility of reaching better solutions [41].

Fitness evaluation: The quality of each individual is evaluated with a specified fitness function. The fitness
function measures the problem-solving ability of the individual and determines if the individual is suitable for
the optimization goal of the algorithm. More favorable solutions are allocated higher fitness values. The fitness
value is usually established to either maximize or minimize some criterion (e.g., cost, time, or distance) in the
context of the problem. Low-fitness individuals are usually eliminated or have a lesser chance of reproduction
[42].

Selection: Parents are selected for the creation of the next generation of individuals in a way that better
individuals have a higher chance of being selected. Selection is usually done by mechanisms such as roulette
wheel selection, tournament selection, or elitism. This way, better solutions are passed on to the next generation.
The selection phase tries to find a balance among the most elite solutions while maintaining the genetic diversity
of the population. The method of selection can greatly influence the performance of the algorithm [43].

Crossover : New individuals are produced from the selected parents. The operation improves genetic diversity
and develops better solutions. The crossover operator is often implemented with methods such as single-point
crossover, multi-point crossover, or uniform crossover. The frequency of applying the process is controlled by
defining the crossover rate. Crossover creates new combinations by blending the parents’ genetic material. One
may then reach areas in the solution space that were previously unseen [44].

Mutation: Small changes are brought into new individuals so that a wider search can be made in the solution
space. The operation of mutation involves randomly changing the genes of individuals. By this, the chance of
being stuck in a local minimum is reduced, and solutions with more diversity can be achieved. The frequency
of the operation is controlled by defining the mutation rate. Mutation helps the algorithm to achieve better
solutions in the long run by preserving genetic diversity. If the mutation rate is too low, then the population
can become stationary too early, and the solutions do not improve [45].

Creating a New Generation Population: After crossover and mutation, the new population of individuals replaces
the current population. The new members are selected to be composed of individuals that are fitter than
the previous generation and the population is continuously improved. Intergenerational evolution allows for
discovering better solutions in each new generation. However, sometimes all the members of the population
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can end up being close to each other, which may result in a loss of diversity. Different mutation and selection
techniques can be employed to prevent this [46].

Stopping Criteria: When the algorithm reaches some generation, the best solution does not change or the solution
quality is satisfactory, it is stopped. The stopping criterion is typically the maximum number of generations,
exceeding some fitness level or the solution improvement falling below some rate. If no improvement in the fitness
function is observed for the specified number of generations, the algorithm may be stuck in a local optimum. In
this case, better results are possible by employing different initial populations or alternative genetic operators
[47].

4.2. Deep Q-Learning

DQN is a variant of the classical Q-Learning algorithm with neural networks and with higher performance
on high state-action issues. Unlike normal Q-Learning, where for every state-action pair there’s a stored Q-
table, DQN replaces the table with an artificial neural network. This makes it able to handle large-scale high-
dimensional issues for which it would be unfeasible to have a stored Q-table due to memory constraints [49].
As such, DQN has emerged as a core building block in reinforcement learning applications that require deep
exploration and efficient policy learning. In the optimization problem, particularly in dynamic decision-making
problems such as dwell point calculation, DQN plays a crucial role in optimizing large-scale data. That it is able
to generalize across states allows it to learn effective strategies even in stochastic environments. This makes it
highly effective in warehouse optimization, robotics, and other fields of real-time adaptive decision-making [50].

DQN stabilizes learning through techniques such as Experience Replay and Fixed Target Network. Experience
Replay saves the past experiences in a memory buffer and replays them randomly during training, not enabling
the algorithm to overfit to recent experiences. It disrupts the correlation between consecutive data samples and
learns more smoothly and stably [51].

Fixed Target Network, on the other hand, employs a separate neural network that is updated periodically so
that the target Q-values are not changing every moment during training. This prevents instability from having to
deal with ever-changing target values and allows more stable convergence. Together with these mechanisms, DQN
effectively eliminates imbalances within the learning process and enhances overall optimization performance,
making it a good choice for difficult reinforcement learning problems [52].

In the logic of operation of DQN, there is a trained neural network that predicts the expected reward for
each action based on a situation. The agent continues learning by performing exploration and exploitation via
the epsilon-greedy policy. During the training of the model, the agent updates Q-values because it observes the
reward obtained by taking a certain action. It aims to formulate an optimal policy by learning what actions
provide the highest reward in the future. One of the strongest aspects of DQN is that it is capable of doing well
even in very large situation-action spaces and enhances learning to scale better. While traditional Q-learning
algorithms are often sparse computationally in large data sets, DQN allows for faster adaptation between similar
situations through generalizing learning [53]. In addition, with its ability to detect non-linear relationships, it
has significant advantages in problems such as optimizing picking times for orders in complex warehouse systems
or detecting optimal product placement strategies.

𝑄(𝑠, 𝑎)← 𝑄(𝑠, 𝑎) + 𝛼
[︁
𝑟 + 𝛾 max

𝑎′
𝑄(𝑠′, 𝑎′)−𝑄(𝑠, 𝑎)

]︁
(12)

where:

– 𝑄(𝑠, 𝑎): Estimated reward value for the selected action 𝑎 in the current state 𝑠.
– 𝛼: Learning rate, a value between 0 and 1, which determines how much the updated 𝑄 value will change

compared to the past.
– 𝑟: Instant reward obtained as a result of the selected action.
– 𝛾: Discount factor that determines the impact of future rewards on present value, where 0 ≤ 𝛾 ≤ 1.
– max𝑎′ 𝑄(𝑠′, 𝑎′): The highest expected reward in the next state 𝑠′.
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Figure 3. The representation of DQL and GA integration (modified by Wang et al. [54]).

Information about the DQL used in the implementation of this study is given as follows:

State space: A state at time is generated based on the product-location assignments suggested by the GA. The
result is presented straight as input to the DQL algorithm. These assignments are discovered by the GA for
the time period and are presented to the DQL as an initial state or input state. The state space is therefore a
deterministic solution of the metaheuristic, not a structure learned randomly or from the environment.

Action space: An action is a transition to the product-location assignment from the current state. Example:
moving product 𝑖 to a different location.

Reward function: The reward is the negative of the total order picking distance calculated against the new
assignment structure created after the action. This is calculated from the locations of the dwell points of the
cranes and product coordinates.

Objective: Minimize the total distance → maximize the reward.

GA and DQL Interaction: In this case, the GA has been used as an original pre-processing module that supplies
data directly to the DQL. The product-location assignment sequence generated by the GA is directly used as
the initial state of the DQL. Thanks to this arrangement, the DQL benefits from the good solutions provided
by the GA as a starting point and generates its own actions according to these assignments as given in Figure 3.

5. Numerical experimental

In this section, the data structure, findings and analyses in the experimental design of the study are expressed
in detail.

5.1. Data structure

In this study, the outputs of the proposed mixed integer mathematical programming model were obtained
according to a 150-period order data and then these were given as input to the Q-Learning algorithm. Then, a
fixed stock assignment was made with the Q-Learning algorithm and a new 50-period order data was created
and the dwell policy was evaluated here. Then, hyperparameter optimization was performed for the Q-Learning
algorithm and the most appropriate parameters were tried to be determined. The data created and used in this
study were produced in accordance with the uniform distribution over the min and max values.

The warehouse structure created in the study is as given in Figure 4. Accordingly, the pick/drop point in
AS/RS is located in the entrance section. Input point represents the starting point for carrier cranes, and
midpoint represents the middle point. Cranes can pick up products from both the shelf on the right and the
shelf on the left, and can move in two-dimensional axes, namely 𝑥 and 𝑦 coordinates. There are 1000 locations
and 800 product varieties in the warehouse. Each shelf arrangement can hold 20 shelves horizontally and 5
pallets vertically. Since the warehouse is an AS/RS, there is a carrier crane in each corridor. In order to perform
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Figure 4. Warehouse layout.

Figure 5. Representation of chromosome.

the analysis, 10 different data sets were created, and 50 different orders were created in each data set. These
data sets were named D1, D2, D3, D4, D5, D6, D7, D8, D9 and D10.

There are 3 important factors in the chromosome representation in GA. Since the objective function in the
mathematical model consists of 3 components and the chromosomes represent the decision variable, they consist
of 3 separate rows. An example chromosome representation is given in Figure 5, according to which the product
numbers, location number, and period number represent separate rows.

At the same time, the parameters of the GA and Q-learning algorithm used in the data structure are also
important. The parameters of the Genetic and Q-Learning algorithms are given in Table 4. In the case of
GA, the population size was set to 50, the number of iterations to 30, the crossover probability to 0.7, and
the mutation probability to 0.2. These values aim to obtain a balance optimization between exploration and
exploitation of the search space. In the case of Q-learning, the parameters have a very aggressive exploration
strategy. The gamma value is 1, which means long-term rewards are assigned maximum importance. Although
Epsilon is set to 1 for totally random movement initially, the agent will continue to explore at a high level even
during learning because the Epsilon Min value is 0.9. A very slow decrease of Epsilon at a rate of 0.9999 may
cause the agent to move randomly for a very long time. In addition, the Learning Rate is set to 1, and Memory
Size and Batch Size are set to 10.

Moreover, in GA, single-point crossover was applied from the types of crossover, and random mutation was
applied from the types of mutation. In addition, for the selection process that formed the new population,
weighted selection was made according to the fitness values of the individuals.

5.2. Findings

In this study, a heat map was created to map the distribution of product storage space, as given in Fig-
ures 6 and 7. The first one is shown for 100 products and 100 locations as an example, and the second one
is for all products and all locations. The heat map organizes locations into rows and products into columns
to allow scanning of what goes into which warehouse location and which products are used at which density
level in which area. The color band is arranged to be darker when more products are stocked in a particular
location so that you can easily view the most used locations. The current research provides remarkable findings
on optimizing warehouse layout, improving the order picking process, and creating strategies for inventory man-
agement. The study indicates that some areas are full to capacity, while others remain inefficiently empty, and
the information can be used to inform strategic decisions to better optimize warehouse operations. Accordingly,
while more products are assigned to certain locations, low utilization rates are observed in some locations.

First of all, to show how the objective function changes if the order picking process is carried out with random
assignments and if the ordering process is carried out with assignments made using the Depp Q-Learning
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Table 4. The parameters of used algorithms.

Algorithm Parameter definition Parameter value

GA Population Size 50
The Number of Iterations 30
Crossover Probability 0.7
Mutation Probability 0.2

Q-learning Gamma 1
Epsilon 1
Epsilon Min 0.9
Epsilon Decay 0.9999
Learning Rate 1
Memory Size 10
Batch Size 10

Figure 6. Location-based product placement heat map between certain value.

algorithm, analyses were performed on 10 separate data sets, and the relevant results are given in Table 5.
According to these results, the OPP yielded 36% better results on average as a result of the assignments made
using DQL compared to the random assignments.

Then, since the distance in the order picking process will change depending on where the carrier cranes stop
in the AS/RS system, the objective function of the problem also changes. In this regard, the starting point
and the midpoint were analyzed in this study. The location of the relevant points in the warehouse is shown
in Figure 2. According to this analysis, the cranes waiting at the starting point gave an average of 30% better
results than those waiting at the midpoint. One reason for this may be that the pick-up/drop-off point is the
starting point. Then, since the distance in the order picking process will change according to where the carrier
cranes stop in the AS/RS system, the objective function of the problem also changes. In this regard, the starting
point and the midpoint were analyzed in this study. The locations of the relevant points in the warehouse are
shown in Figure 2. According to this analysis, the cranes waiting at the starting point gave an average of 30%
better results than those waiting at the midpoint. One reason for this may be that the pick-up/drop-off point is
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Figure 7. Location-based product placement heat map all locations and products.

Table 5. Comparison of random assignment and DQL algorithm.

Data set Random assignment DQL algorithm Improvement rate

D1 1742.85 1093.95 0.37
D2 1695.30 1065.45 0.37
D3 1689.30 1075.65 0.36
D4 1710.00 1094.10 0.36
D5 1708.65 1070.40 0.37
D6 1735.95 1084.35 0.37
D7 1713.00 1096.35 0.35
D8 1753.65 1137.75 0.35
D9 1715.85 1103.55 0.35
D10 1716.00 1113.45 0.35

Average 1718.06 1093.50 0.36

the starting point. In addition, according to the information given in Table 6, instead of the dwell point being
the starting point, the cranes dynamically waiting at different points each time to collect these orders gave an
average of 44% better results than waiting at the starting point. This waiting point is determined by predicting
the following order. Moreover, the representation of the results according to the dwell point policy is given in
Figure 8.

Figure 9 illustrates how several dwell point policies differ from one another. This chart shows that the dynamic
dwell ends in the 1300s, the input policy ends in the 2300s, and the midway policy outcomes end in the 3500s.

5.3. Sensitivity analysis

To test the model’s strength and performance in actual working conditions, sensitivity analysis was performed
in three scenarios. The aim was to test how the product-location assignment policy learned by the DQL algorithm
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Table 6. Comparison of different dwell point policies.

Data set
Midpoint dwell
point policy

Input point
policy

Improvement
rate

Dynamic
dwell point

Improvement
rate

D1 3500.94 2345.63 32% 1317.05 43%
D2 3192.08 2330.82 26% 1312.50 43%
D3 3466.54 2357.25 31% 1309.85 44%
D4 3489.86 2442.90 30% 1310.58 46%
D5 3298.55 2275.80 31% 1308.97 42%
D6 3293.38 2338.35 28% 1320.44 43%
D7 3352.71 2413.95 28% 1330.00 44%
D8 3583.46 2436.75 32% 1313.23 46%
D9 3382.61 2333.25 31% 1331.47 42%
D10 3286.11 2366.40 27% 1297.50 45%

Average 3384.62 2364.11 30% 1315.16 44%

Figure 8. The results of the dwell point policy.

Figure 9. Variation in different dwell point policy.
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Table 7. Sensitivity analysis.

Scenario Total objective function

Normal Demand 900
High Demand (50% more orders) 1350
Crane Failure (1 crane out of service) 1100

would perform when subjected to exogenous shocks or stress scenarios. The results of the analysis in Table 7
illustrate the aggregate of the values of the objective function (in terms of the overall distance) for each scenario.

The first case reflects a typical demand case and matches the basic data structure on which the model has
been learned. The second case models a situation in which the order volumes are 50% higher. This model high-
demand conditions that can be faced in reality, for instance, during promotion periods or holiday seasons. The
third case deals with a breakdown of one of the cranes, rendering areas in the corridors concerned inaccessible.
This model simulates technical failures normally encountered by AS/RS systems.

The results indicate that the total distance increases naturally in the high demand scenario, but the model
is still relatively efficient. In particular, for the crane failure scenario, despite there being a few products that
are out of stock, DQL’s proposed allocation structure still gave good performance. This evidently proves that
the proposed approach is right and can be utilized not only when everything goes smoothly but also in actual
situations where there are failures in operations.

5.4. Comparative benchmarking

In order to prove the performance of the DQL algorithm, this method is compared with the Q-Learning (QL)
algorithm and the results are given under in Table 8.

For state-action spaces of high dimensions, the standard Q-learning algorithm suffers from the curse of
dimensionality, since it employs a tabular representation. Owing to the fact that it must learn every example
individually, its learning is slow and its generalization ability is limited. Therefore, although it performs better
than random assignment, it tends to lag behind DQL’s performance. DQL’s real-world focus allows it to predict
unforeseen situations, making it capable of producing more effective solutions, especially in large and complex
storage systems.

As can be seen in Table 8, DQL strictly dominates traditional Q-Learning for all datasets examined. On
average, DQL has a total objective function value of 1093.50, while Q-Learning has a higher average of 1420.69.
This translates to an improvement of around 23.04%. The improved performance of DQL is a result of its ability
to generalize over complex state-action spaces with function approximation to enable it to learn better policies
in large and sparse settings where tabular Q-Learning suffers from convergence as well as representational
problems.

5.5. Grid search for hyperparameter optimization

Grid Search is a thorough method of machine learning and deep learning model hyperparameter optimiza-
tion. It involves definition of a set of possible values for each hyperparameter and systematically trying out each
possible combination to identify the best values [55]. Grid Search offers a thorough and systematic exploration
of the parameter space, from which the highest-performing setup for a given objective function can be identified
by the researcher. Grid Search was employed in this study to optimize the hyperparameters of the DQL model,
including learning rate, discount factor, batch size, and epsilon [56]. Based on testing through different configu-
rations, the optimal set of hyperparameters was selected to minimize the objective function to improve overall
model performance towards warehouse optimization [57]. Although Grid Search is computationally expensive,
it is sure to find the best set of parameters within the given search space and is thus a widely used technique
in deep learning and reinforcement learning research.
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Table 8. The results of comparative benchmarking.

Data set Deep Q-Learning Q-Learning

D1 1093.95 1392.91
D2 1065.45 1490.14
D3 1075.65 1346.40
D4 1094.10 1509.73
D5 1070.40 1431.20
D6 1084.35 1295.72
D7 1096.35 1394.52
D8 1137.75 1484.79
D9 1103.55 1398.98
D10 1113.45 1463.47

Average 1093.50 1420.69

Table 9. Results of hyperparameter optimization.

Hyperparameter Learning Discount Batch
Epsilon

Objective
combination rate factor size function

The best 0.05 0.99 32 1.0 1552.435
The worst 0.01 0.9 32 0.1 1682.105

To determine the optimal hyperparameters for the DQL model, a Grid Search approach has followed in this
study. The learning rate, discount factor, batch size, and epsilon have been tuned in their combinations to attain
the minimum objective function. The best and the worst hyperparameter combinations are given in Table 9,
and all of the parameter is given in the Appendix A. The changed parameters are as follows:

(1) Learning rate: [0.001; 0.005; 0.01].
(2) Discount factor: [0.99; 0.9; 0.95].
(3) Batch size: [32, 64, 128].
(4) Epsilon: [0.1; 1].

From the correlation analysis given in Figure 10, the Batch Size and Epsilon parameters seem to have a
greater influence on the objective function than the others. It was observed that the value of the objective
function increased as Epsilon rose. Higher values of Batch Size seem to result in the relatively lower objective
function. These results can imply that small learning rates and big values of Batch Size provide stronger results
for optimizing the Q-learning algorithm. The results seem to be in good agreement with the hyperparameter
optimization guidelines referenced in the literature. In particular, they verify the popular perception that small
learning rates result in better performance.

6. Discussion and managerial implication

This study aims to enhance warehouse operations by designing a combined solution framework for the SLAP
and OPP using GA and DQL strategies. In-warehouse product positioning has the ability to reduce operation
efficiency by taking less time in order picking and also affects electricity consumption and running costs directly.
Here, the primary findings of the study provide some valuable insights into even more savvy and responsive
warehouse management strategies. The analysis presents that order picking time decreases as much as 44%
under dynamic waiting point strategies compared with traditional fixed waiting point strategies. Aside from
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Figure 10. Correlation matrix between Q-Learning parameter and objective function.

this, GA optimization is found to provide a remarkable improvement in order picking performance compared to
random assignment, and the DQL algorithm provides a layout plan that improves with continuous refinement
in terms of order patterns.

These results indicate that there is a necessity to go beyond the traditional method in optimizing warehouse
logistics and management operations. Static layout designs used in warehouse operations today cannot react
quickly to changes in order patterns and lead to operational inefficiencies. Therefore, placing more frequently
ordered items near cranes is a step that provides operational speed and cost advantage. Warehouse managers
can greatly improve their business processes by examining past order data and implementing dynamic layout
designs relevant to these order patterns.

Another significant managerial contribution of the research is the effect of dynamic waiting point strategies
on maximizing the overall efficiency of warehouse operations. In AS/RS systems, instead of cranes idling at
a specific point, dynamically selecting the optimal waiting points based on order density and forecasted order
patterns significantly decreases order picking time. Comparative tests conducted in the study revealed that
cranes standing at fixed entrance points performed 30% more effectively than their counterparts waiting in the
middle, and dynamic waiting points were found to be the most effective. These results establish that AS/RS
systems require optimization not only with product locating policies but with crane waiting strategy as well.
Warehouse managers can reduce warehouse transportation costs and minimize overall order picking time by
developing dynamic waiting policies using order patterns.

Another important finding obtained in the study is that GA and DQL methods introduce a new generation
optimization approach in warehouse management by utilizing them together. While GA might optimize ware-
houses through the computation of optimal product placement plans, a DQL algorithm enables the dynamic
management of warehouses through the alteration of such plans in the course of time. By using these two
approaches together, warehouse operations could be optimized not only for certain periods of time but even
constantly in the long term. In contrast to traditional heuristic solutions, machine learning-capable algorithms
are able to learn to optimize warehouse management from changing order patterns.

This study also reveals the connection between storage optimization and energy consumption. Holding stock
at more strategic locations in the warehouse reduces order picking time and order crane movement distances,
which reduces overall energy consumption. In applications of green logistics, these energy-saving techniques can
make warehouse management both environmentally and carbon-friendly. For this purpose, logistics managers
can make warehouse management both operational and environment-friendly by implementing smart systems
that study order patterns and minimize energy usage in warehouse management operations.
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7. Conclusion

The research suggests a new solution by integrating GA and DQL methods through solving the storage
location assignment and order picking procedures’ optimization problem of AS/RS. Decreasing the order picking
time in taking orders and making the warehouse processes cost-effective and energy-efficient are the prime
objectives of the research. The results show that static storage methods can adversely affect warehouse operations
in the long term and dynamic storage methods offer a much superior solution. Optimization performed with
GA resulted in lower order picking time and energy consumption compared to random allocation. Further, the
DQL model also improved operational performance by providing a progressively better layout plan with respect
to patterns of orders.

The study also looked at how waiting point strategies affect warehouse operations and found that dynamic
waiting points provide up to 44% more performance compared to fixed waiting points. This finding suggests
that crane positioning and movement strategies are not less important compared to storage layout in warehouse
operations. Accordingly, this research presents a new model for integrating heuristic algorithms and machine
learning approaches in warehouse management. The outcomes of the study provide useful decision support
tools for warehouse managers to reduce costs, improve efficiency in operations, and maximize dynamic order
management processes.

In the future, more intelligent and active logistics solutions can be developed through the assistance of big data
analysis and real-time machine learning algorithms in larger warehouse management. In this regard, heuristic
models and deep learning models can be the cornerstones of next-generation decision support systems beyond
traditional methods in warehouse management and providing competitive advantage. Moreover, ecologically
sustainable AS/RS system models that aim to minimize energy consumption can be part of the framework.
In particular, the integration of energy-based optimization criteria is an important research avenue for green
warehouse management.
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optimization, in 2024 IEEE 22nd International Conference on Industrial Informatics (INDIN). IEEE (2024) 1–8.

[50] T. Huang, Research on optimization of intelligent control systems based on deep reinforcement learning, in The
International Conference Optoelectronic Information and Optical Engineering (OIOE2024). SPIE (2025) 1085–1089.

[51] R.S. Osei and D. Lopez, Experience replay optimisation via ATSC and TSC for performance stability in deep RL.
Appl. Sci. 13 (2023) 2034.

[52] C. Kim, Target-network update linked with learning rate decay based on mutual information and reward in deep
reinforcement learning. Symmetry (Basel) 15 (2023) 1840.

[53] C. Deng, B. Xie, X. Tuo, L. Chen, Q. Wang and G. Jiang, Improved double deep q-network algorithm applied to
multi-dimensional environment path planning of hexapod robots. Sensors 24 (2024) 2061.

[54] H. Wang, F. Zeng and X. Tu, Deep Q-Learning with phased experience cooperation, in CCF Conference on Computer
Supported Cooperative Work and Social Computing. Springer (2019) 752–765.

[55] D. Anggreani, Grid search hyperparameter analysis in optimizing the decision tree method for diabetes prediction.
Indonesian J. Data Sci. 5 (2024) 190–197.
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Appendix A.

Table A.1. Hyperparameter optimization results.

Learning Discount Batch
Epsilon

Objective
rate factor size function value

0.001 0.9 32 1.0 1589.695
0.001 0.9 32 0.1 1570.55
0.001 0.9 64 1.0 1584.325
0.001 0.9 64 0.1 1600.745
0.001 0.9 128 1.0 1660.785
0.001 0.9 128 0.1 1596.95
0.001 0.95 32 1.0 1606.825
0.001 0.95 32 0.1 1672.905
0.001 0.95 64 1.0 1634.125
0.001 0.95 64 0.1 1593.13
0.001 0.95 128 1.0 1652.995
0.001 0.95 128 0.1 1667.42
0.001 0.99 32 1.0 1645.295
0.001 0.99 32 0.1 1636.22
0.001 0.99 64 1.0 1624.125
0.001 0.99 64 0.1 1573.03
0.001 0.99 128 1.0 1617.12
0.001 0.99 128 0.1 1628.67
0.005 0.9 32 1.0 1592.7
0.005 0.9 32 0.1 1596.63
0.005 0.9 64 1.0 1662.215
0.005 0.9 64 0.1 1637.69
0.005 0.9 128 1.0 1614.185
0.005 0.9 128 0.1 1566.5
0.005 0.95 32 1.0 1595.87
0.005 0.95 32 0.1 1590.7
0.005 0.95 64 1.0 1646.55
0.005 0.95 64 0.1 1615.715
0.005 0.95 128 1.0 1671.175
0.005 0.95 128 0.1 1588.78
0.005 0.99 32 1.0 1552.435
0.005 0.99 32 0.1 1593.545
0.005 0.99 64 1.0 1601.98
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Table A.1. Continued.

Learning Discount Batch
Epsilon

Objective
rate factor size function value

0.005 0.99 64 0.1 1553.825
0.005 0.99 128 1.0 1627.845
0.005 0.99 128 0.1 1631.81
0.01 0.9 32 1.0 1654.22
0.01 0.9 32 0.1 1682.105
0.01 0.9 64 1.0 1631.84
0.01 0.9 64 0.1 1593.91
0.01 0.9 128 1.0 1576.565
0.01 0.9 128 0.1 1650.42
0.01 0.95 32 1.0 1623.175
0.01 0.95 32 0.1 1596.11
0.01 0.95 64 1.0 1664.0
0.01 0.95 64 0.1 1581.505
0.01 0.95 128 1.0 1584.87
0.01 0.95 128 0.1 1600.015
0.01 0.99 32 1.0 1623.8
0.01 0.99 32 0.1 1590.09
0.01 0.99 64 1.0 1635.2
0.01 0.99 64 0.1 1575.815
0.01 0.99 128 1.0 1666.485
0.01 0.99 128 0.1 1592.565
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