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ABSTRACT
The goal of this paper is to assess the Python computing time to
solve a single row facility layout problem (SRFLP) by Simulated
Annealing. The optimization problem is introduced, systematically
modelled and then optimized numerically using a particular Python
framework. The computing time and the results of experiments with
various problem sizes and parameters are analyzed and discussed.
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1 INTRODUCTION
The correct arrangement of resources such as machines in a produc-
tion plant is an important factor for the success of manufacturing
companies [10]. In such industries, the costs of handling materials
can make up 20-50% of the total costs of production [10],[16], and
optimizing the positioning of machines, personnel, and any other
resource used in production may help reducing these costs by 10-
30% [4]. Optimizing the facility layout to find a (nearly) optimal
solution in terms of minimized costs is therefore a key tactical issue
[4].
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In manufacturing, human resources, machines, materials, and
pieces of equipment can be regarded as the main resources to be
distributed in the workshop [13], but the facility layout problem
(FLP) can be applied to many other industries. For example, how to
place books in a library, how to locate products in grocery stores,
or how to align departments of a service company or wards of
a hospital are questions that can be answered by applying the
FLP [16]. Facility layout problems therefore have a broad scope of
applicability and have thus been studied for several decades [16].

The first research contributions on the topic of FLPs date back to
the late 1950s [4],[10]. Since then, many attempts have been made
to find better solutions to solve such problems, which are generally
classified as non-polynomial hard (NP-hard) so that finding an op-
timal solution within reasonable time is often not possible. Instead,
the algorithms aim to find good solutions rather than an optimal
solution [4],[10],[13],[16].

Many subtypes of FLPs are being studied. The single row facility
layout problem (SRFLP) is one of them and might be described as
one of the easier FLPs, due to its lower number of parameters and
constraints. In the SRFLP, all facilities (e.g., machines) consist of
equally sized rectangles, which are distributed on a straight line
[16]. The problem will be covered in more detail in the next section,
because solving SRFLPs of various sizes is the focus of this paper.
Further details of FLP variants and surveys of the field can be found
in [2], [7], [12], and [17].

When looking for software solutions to the FLP, packages writ-
ten in languages such as MATLAB or SCALA are quickly found. In
recent years, an increasing number of solutions written in Python
can be found among the plethora of software packages. This pro-
gramming language was introduced by the Dutch software engineer
Guido van Rossum in 1991 [14]. An improved code readability and
good performance are important attributes of this language [14].
These attributes have certainly contributed to Python repeatedly
being among the top three most popular programming languages
in the last couple of years [11],[15]. Another aspect that makes
Python highly popular is the low entry barriers for new developers,
as described in [6].

Many benchmark studies on different problems and various pro-
gramming languages and paradigms can be found online. Concrete
applications of Python to solve the FLP can be found as well, but
judging their performance based on existing publications is tedious.
For this reason, we present a benchmark study for solving an SRFLP
by Simulated Annealing (SA) with Python in this work.
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Section 2 presents the considered model in detail, whereas Sec-
tion 3 discusses the used optimization method. Details of the exper-
imental setup are presented in Section 4, followed by a discussion
of results in Section 5. The paper concludes with Section 6.

2 PROBLEM MODEL
The goal of every FLP is to find facility arrangements which mini-
mize material handling costs (MHC) [10],[16], while certain quanti-
tative and/or qualitative constraints must be satisfied [13]. Among
the MHC, fixed costs such as equipment costs, efforts to rearrange
facilities or the costs for the handling itself can be included [10],[13].
Under these preconditions, the problem is said to be multi-objective
[10],[13]. The FLP can be formulated mathematically in different
ways, depending on how heterogeneous the facilities to be modelled
are [10].

Problems with facilities of equal sizes can be represented dis-
cretely as quadratic assignment problems (QAP) [10]. Thereby, the
available shopfloor space is divided into equally sized squares on
which the facilities are placed [10].

FLPs with heterogeneous facility sizes can be represented as
quadratic set problems (QSP) [10]. There, the real surface covered
by the facilities is considered and divided into smaller parts, on
which the facilities are placed, whereby each of these parts can only
be covered by one facility [10].

Mixed integer programming (MIP) can also be used to represent
problems with unequally sized facilities, according to [10]. There-
fore, a linear objective function is required, in which constraints
are represented as equations and inequations [10]. The complete
shopfloor surface can then be used [10].

Finally, graphs can be used to represent the FLP as nodes, con-
nected by edges [10]. The costs or benefits of each material move
are then represented by weights assigned to each edge [10]. The
optimization then takes place by minimizing the costs (i.e., weights)
to pass through each node [10].

The FLP has been generalized by [10] as follows:

𝑃 = (𝑆, Ω, 𝑓 )

𝑆 : The solution space, including the set of discrete decision variables
𝑋𝑖 (𝑖 = 1, . . . , 𝑛)

Ω : The set of constraints, which can include area, position, and
budget limitations

𝑓 : An objective function to be maximized or minimized

The set of feasible solutions, where the decision all constraints Ω
are met by the decision variable, is denoted as 𝑠 ∈ 𝑆 . The optimum
solution is then defined as the one among all feasible solutions 𝑆
with the best objective function value.

The SRFLP considered in this paper is about finding an arrange-
ment of facilities (i.e., the permutation of facilities) that minimizes
the cost of movements. The latter is defined as the sum of costs
times distances. Both inputs (i.e., costs and distances) are defined
as matrices, and serve as inputs for the algorithm.

An example cost matrix is depicted in Fig. 1, showing the costs
to move from a facility in the first column to any other (e.g., costs
of 5 to move from AAAA to AAAB). Staying in-place means costs
of 0. Additional details on the experimental setup are provided in
the introduction of the numerical experiment.

Figure 1: Example cost/distance matrix

In this problem, only the product of cost times distance is op-
timized. There is no additional constraint (e.g., order of facilities
to keep or positioning of facilities to respect). Still, it is possible to
enforce a particular order of facilities by manipulating distances or
costs in the input data.

3 OPTIMIZATION METHODS
Numerous methods to solve the FLP have been introduced [1]. For
small optimization problems where only a few facilities need to
be arranged, solutions that aim for a perfect solution (i.e., exact
methods) can be applied [10]. As soon as the problem to be solved
gets larger, heuristics or intelligent approaches could be applied,
as the computational effort to find a perfect solution would be too
high [10]. In this paper, we focus on methods for static FLPs, where
the shopfloor arrangement is not meant to change over time, in
contrast to dynamic FLPs (DFLP).

Simulated annealing, an approach that belongs to the so-called
“intelligent methods”, can be used to solve larger FLPs with complex
objective functions [4],[10],[16]. Other classifications, such as the
one presented by [4], assign SA to the class of meta-heuristic al-
gorithms. SA, like many other algorithms (e.g., Genetic Algorithm
or Particle Swarm Optimization), is nature-inspired and shows an
evolution over several iterations [13]. The probabilistic method pre-
sented in the early 1980s aims at emulating the minimum energy
configuration that a solid attains when temperature is decreased,
and thematerial gets “frozen” [3]. The algorithm is capable of “jump-
ing out” of local minima, which otherwise could prevent finding a
global minimum [3].

To reach the liquid state, the temperature parameter T needs
first to be increased to its maximum [5]. In this state, the particles
of the material will arrange themselves randomly, which represents
the initial random solution that is used as a starting point for the
SA algorithm [5].

The temperature is carefully reduced, and the particles are rear-
ranged [5]. If the costs have been reduced between one iteration
and the next, we keep the new solution, otherwise, a probability
value based on the Boltzmann constant is used to decide whether
to keep or replace the current solution [5]. This concept may help
to get out of local minima by allowing a temporary decline of the
solution quality, especially while the temperature is high (i.e., in the
beginning), while later, already found solutions will be kept with
a higher probability [5]. In our case, the temperature, initialized
by T0, is reduced by a factor 𝛼 in each of the M iterations. In the
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Figure 2: Example execution of the SA algorithm

solution herein discussed, a parameter N is used to determine the
number of searches withing a neighborhood during an iteration of
the algorithm.

In Figure 2 below, the execution of the SA algorithm is exem-
plified. The initial (random) solution at the beginning is optimized
over 250 iterations in this case (i.e., as temperature decreases). Sev-
eral local minima have been found, but the algorithm was able to
find better alternative solutions later.

4 SETTING UP THE EXPERIMENT
ENVIRONMENT

To provide suitable information for performance comparisons,
transparency of the processes and repeatability must be ensured.
Any disturbing factors affecting the experiment runtime must be
excluded so that the results can be trusted. Therefore, an isolated
computing environment for the experiment was set up along with
randomized input data and a Python script.

4.1 Computing Environment
To conduct experiments without any unnecessary processes possi-
bly affecting the performance of Python, a virtual server was set
up, the main characteristics of which are summarized in Table 1.

Debian 11 was chosen as an operating system (OS). The server
OS is delivered without graphical user interface (GUI), which allows
most resources to be available for the experiment processes.

On top of the OS, Python 3 was added, including PIP, the Python
package manager for the dependencies of the experiment script to
be installed. Further, the Datadog Agent was installed and config-
ured, so that the infrastructure and the processes could be moni-
tored during the execution of the numerical experiment.

4.2 Generating Input Data
A costmatrix and a distancematrix for each FLP sizewere generated.
To guarantee reproducible results, the input data for each FLP size
are kept equal (i.e., each run is performed with the same data).

The inputs are made of comma separated value (CSV) files, hav-
ing the name of the facilities in both the first row and column, and
random integers between 1 and 9 as costs or distances. Thereby,
the inputs stay rather homogeneous with no outlying, larger value,
which could impact the results.

The naming of the facilities was set to a 4-character string (e.g.,
AAAA; AAAB; AAAC; . . .; ZZZZ) to always require the same
amount of memory and prevent a falsification of the results by
different memory occupation.

4.3 Preparing a Python Script
The numerical experiment is based on the work of [8]. The provided
script was chosen for its simplicity and transparency in the sense
of calculations that are clearly readable. As the work is based on
loops with few dependencies, the code is easy to understand, and
no hidden background tasks are to be expected. As explained in [9],
Python’s performance can be negatively affected by such loops. Yet,
transparency is judged more important for comparing the overall
performance.

The following main steps can be identified from the script pro-
vided by [8]:

• Writing input data in so-called “DataFrames”
• Defining execution parameters
• Generating an initial, random solution
• Running the SA algorithm
• Plotting the results (not further considered)

To allow the script to be executed multiple times from the com-
mand line interface (CLI), somemodifications have been made. First,
the execution parameters were defined as environment variables
instead of local ones (step 2 above). In addition, the input data is

Table 1: Key characteristics of the computing environment

Characteristic Value

Core processing unit (CPU) AMD EPYC 7282 16-Core Processor
Number of cores 6 at 2.8 GHz
CPU cache size 512 KB
Random Access Memory (RAM) 16 GB
Storage 100 GB NVMe
Architecture ARM 64-bit
Operating system (OS) Debian 11
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Figure 3: Example line of code to run the script (line 1) with
explanations on the used variables (line 2)

now gathered from the CSV files previously generated (replacing
step 1 above). With these adaptions, the script can be executed in
CLI as depicted in Fig. 3

For the results to be analyzed later, a logging mechanism was
implemented. Thereby, the parameters and results are recorded as
entries of a JSON-file in every execution. A timestamp is collected
at different events during the execution:

• Once the script has been started and the environment vari-
ables have been read, but before loading the input data (i.e.,
the start event)

• As soon as the input files have been loaded
• Once the initial, random solution has been generated, but
before running the SA algorithm

• After the execution of the SA algorithm, once the results
have been computed

Note that point 2. above has no direct impact on the execution of
the algorithm, but since the input file size is highly dependent on
the FLP size (about 73 Bytes for a FLP of size 4 up to 134 Megabytes
for a FLP of size 8192), Python’s performance at loading such files
is worth analyzing.

5 RUNNING THE EXPERIMENTS
Several hours of computation were required to process the larger
FLPs. Therefore, batch scripts were generated in advance to run
all experiments in an automated fashion, while considering the
different execution parameters to be analyzed.

To check the similarity of the results, every experiment (i.e., set
of facilities with its distances and costs and parameter sets M, N, T0
and alpha) was conducted ten times. To demonstrate the impact of
each parameter on the overall result, only a single parameter was
altered for each series of executions. The details on the executions
performed are presented in the following two subsections.

5.1 Increasing the Number of Facilities
In the first set of executions, only the number of facilities was
modified, following the powers of 2 with a limit of 8192 (=213)
facilities. Stopping at 8192 is an arbitrary decision, based on the
highly increased computation time and the estimation that the
number of facilities no longer resembles a realistic use case.

The summarized results of the experiment are depicted in Table
2. All time values are expressed in seconds. It can be said that the
time-consuming part of the execution is running the SA algorithm.
The hypothesis stating that loading the larger CSV files could take
considerable time can be rejected, as with the second-largest input
(approximately 34 MB for 4096 facilities), no more than 3 seconds
were needed. A considerable increase of 21 seconds can be observed
for the next-larger file (approximately 134 MB for 8192 facilities),
but still, the loading time is a neglectable part of the execution time.

The same applies for the time to generate an initial solution, which
exceeds only one second for the largest experiment.

Overall, the experiment execution seems to follow an exponential
curve, but no clear function could be identified. With up to 256
facilities, execution times of less than one minute could be observed.
As the number of facilities increases, a rapid increase in execution
time can be observed, leading to up to six hours on average for
the largest SRFLP. When considering the deviation, no significant
variability in the total execution time can be observed. The average
total execution time by experiment size (in minutes on a logarithmic
scale) is depicted in Figure 4.

Regarding the cost optimization, the observed results can be
considered stable with a standard deviation of 1.3-1.9% of the aver-
age optimized costs with the set parameters. In the second set of
executions presented below, these parameters were altered to show
changes in the algorithm’s performance.

5.2 Altering Other Execution Parameters
For the second set of executions, all other parameters were modified.
The number of facilities was fixed at 32 (=25). This number was
chosen arbitrarily, as it represents a not too trivial FLP, but still
comes with a fair computation time, as seen in the first round of
executions.

In Table 3, the results with different input parameters can be read.
For every ten executions, one parameter was altered. Differences
can be observed in both computation time and results.

When modifying the 𝑎𝑙𝑝ℎ𝑎 parameter only, one can see that
the standard deviation in the optimized costs is increased by up
to 40% compared to the default value of 0.9. It can be assumed
that 0.9 is a fair value for this parameter since the results are kept
rather constant. The same effects can be observed for changes on
parameter 𝑇 0.

If𝑀 is increased, the optimized costs do not seem to be affected,
but the execution time is different as well. For parameter 𝑁 , the
same effect on execution time can be observed, but since the accep-
tance of intermediary results is affected by 𝑁 as well, increasing
this parameter leads to a higher variation of the optimized costs.

5.3 Impact on the Infrastructure
Since a Datadog Agent was installed on the machine running the
experiments, the load on the infrastructure could be monitored
during the experiments.

Considering the memory usage (i.e., RAM occupation), it be-
comes clear that the larger experiments with 213 facilities have a
considerable impact (see Figure 5). Up to 40% of the memory is then
used by the Python script. A factor of four can be observed in the
required memory to move from 2n to 2n+1 facilities. It can hence
be assumed that doubling the number of facilities one more time
would have led to the failure of the script, as the available RAM
would have been exceeded on the machine used for the experiments
described.

As depicted in Figure 6, the CPU usage of the Python process
(see purple surface) is close to 16.7% during the executions, which
corresponds to one of the six CPU cores (i.e., one thread) used to
its full capacity. This result shows that to increase the performance
of such a script, re-writing it as a multi-thread application might
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Table 2: Summary of results for different numbers of facilities (shown in first row)

Figure 4: Time increases according to number of facilities

be of interest. Otherwise, the computing power of the single core
can be considered the bottleneck for the application.

Since the experiments have been conducted on an isolated virtual
machine, and no network or resource-intense I/O-operations were
performed by the Python script, no additional parameters were
monitored.

6 CONCLUSION
With the experiments presented, we analyzed the single row facility
layout problem solved by SA in a Python environment. We analyzed
problem instances with different sizes and with various settings of
input parameters.

The experiments have demonstrated that the Python implemen-
tation used is suitable to solve SRFLPs even with larger problem
sizes (i.e., high number of facilities), showing an average computa-
tion time of roughly five minutes for a 1024 facility problem with
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Figure 5: Memory (RAM) consumption during the execution

Figure 6: CPU Usage during the execution

Table 3: Summary of results when altering other parameter
values

the used computing infrastructure. However, the experiments have
shown potential issues with memory usage. With the increasing
number of facilities in the problem, not only the computation time
is drastically increased, but the required RAM is much higher. To
prevent the Python script from failing, it must be made sure that
enough memory is available on the system.

The impact of changes in the set of parameters (M, N, T0, alpha)
could be demonstrated, which could also indicate that the set used

for the first part of the experiments leads to plausible results and
offers a fair performance in terms of computation time.

The single-thread computation of Python (i.e., Python using
only one CPU core by default) has been identified as the potential
bottleneck in terms of computation speed. Therefore, additional
research might be conducted to clarify whether a multi-thread
execution of such a script is beneficial.

One limitation of our study is the consideration of only one
Python implementation. Therefore, we suggest comparing the pre-
sented results with those of other Python scripts or implementations
in other programming environments (e.g., MATLAB or SCALA). It
can also be used to compare the performance with that of other algo-
rithms. In addition, deeper investigation of efficient data structures
may be useful to improve computation time and memory consump-
tion, which may be relevant especially for very large facility layout
problems.
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