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Abstract: A buffer is an important element in a production line and its allocation influences the throughput and inventory of 
the line. The buffer allocation problem can be framed as a multi-objective optimisation problem and is often addressed by 
using meta-heuristic algorithms, such as evolutionary algorithms. However, these algorithms primarily focus on the "genetic 
evolution" aspect and do not take in to account the impact of the biological "organism development" process, potentially 
constraining the exploration of the solution space. In this paper, a bio-inspired evolution-development (evo-devo) approach 
for modelling and optimising buffer allocations is proposed. The organism representing a production line is defined and 
modelled, and the evolution and development processes of organisms are developed for researching optimised solutions. 
The method has been validated by a simulation of a buffer allocation optimisation in an unreliable serial production line with 
multi-objectives, aiming to maximize production throughput and minimize the total buffer size. Results show that the 
proposed method can efficiently obtain solutions, while also achieving greater exploration of the solution space than 
competing evolutionary algorithms such as the Non-Dominated Sorting Genetic Algorithm II. The proposed approach’s 
functionality means that it could be applied to other areas of generative design of future factories. 

1. Introduction 
With the advancement of big data and intelligent 

technology, the landscape of manufacturing is undergoing a 
significant transformation from traditional automation to the 
paradigm of intelligent manufacturing [1, 2]. This evolution 
is in direct response to changing market demands, 
necessitating the development of intelligent factories capable 
of adaptable production capabilities [3, 4].  

Intelligent factories aim to revolutionise 
manufacturing processes by enhancing resource utilisation, 
cost reduction, throughput improvement, and environmental 
impact minimisation. Leveraging the power of data analysis 
and intelligent decision-making, these advanced 
manufacturing facilities can precisely adjust their operations 
to align with specific production objectives. This shift 
towards intelligent manufacturing is applicable across 
various industries, including automotive and aerospace 
manufacturing, allowing them to stay competitive and 
responsive in a rapidly changing marketplace. 

In intelligent factories, the production line is a crucial 
component. However, due to a variety of unexpected 
problems such as machine failure, product quality problems, 
etc., production lines can be disrupted, affecting the 
throughput [5]. To alleviate this situation, buffers are 
commonly incorporated into the production line. These 
buffers serve as storage points for in-process components in 
the event of a production station's unexpected stoppage. Thus, 
the introduction of buffers can limit the propagation of 
unexpected interruptions caused by machine stoppages and 
maintain the throughput of the entire production line. 
However, setting buffers in a production line will also occupy 
space and inventory requirements in production lines, 
increasing the investment and operational costs. Therefore, 

the proper allocation of buffers can help achieve higher 
production line throughput and greater reliability, whilst the 
design of buffer size is critical to increasing productivity and 
reliability at an acceptable additional cost. 

The optimisation problem of buffer allocation has 
been the focus of academic and industrial research [6].  
Various optimisation methods have been used to optimise 
buffer size, such as analytical methods, knowledge-based 
methods [7], search methods and the meta-heuristics method. 
The analytical method is only applicable to simple production 
lines, in which the performance of the solution could be 
calculated by evaluative approaches, e.g. Markovian analysis 
[8], [9]. For long production lines with a large number of 
machine stations and buffers, it is difficult to build a 
mathematical model of the buffer allocation problem, and the 
buffer size optimisation problem is NP-hard. Therefore, the 
main method of the search algorithm is to divide the overall 
optimisation problem into sub problems to build a 
mathematical model, and then a search method, such as 
gradient descent, address the integrated problem [10]. Xi et 
al. [11] decomposed a long production line into many sub-
lines and obtained the a near optimal solution of the whole 
production line through the optimisation of the subsystems. 
However, buffer allocation problems usually require non-
convex optimisation, and it is difficult to find optimised 
results by search methods when complex nonlinear 
constraints are involved.  

For this kind of complex, discrete and nonlinear buffer 
allocation optimisation problem, a meta-heuristics algorithm 
combined with discrete event simulation [12, 13] is also an 
effective method. Nabil [14] proposed an extended great 
deluge algorithm for buffer allocation and preventive 
maintenance optimisation. Zhou et al. [15] presented an 
optimisation method combining particle swarm optimisation 
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and distribution estimation algorithm. Yelkenci et al. [16] 
proposed a hybrid evolutionary approach for multi-objectives 
buffer allocation problem in open serial production lines, in 
which a Non-dominated Sorting Genetic Algorithm (NSGA-
II) and multi-objective simulated annealing are mixed to 
discover pareto front sets. For solving the buffer allocation 
problem in large unbalanced production lines, Yasmine et al. 
[17] proposed a multi-objective resolution approach for 
solving an energy-efficient buffer allocation problem, in 
which the weighted sum and epsilon-constraint methods as 
well as the elitist non-dominated sorting genetic algorithm are 
adapted. The advantage of meta-heuristic algorithms is that 
they are not dependent on complex mathematical model and 
can be readily optimised using appropriate rules and objective 
functions.  

Current meta-heuristic algorithms only consider the 
“genetic evolution” process, such as evolutionary algorithms, 
but do not incorporate a biological process of “organism 
development”. Both evolution (evo) and development (devo) 
are important for a population’s survival in an environment, 
which is the focus of evo-devo approach reported within this 
paper.  Evolution processes control how populations evolve 
and adapt to environments over time, by altering their genetic 
information to adapt to different survival conditions. 
Development, on the other hand, is primarily the internal 
process within an organism, involving gene expression and 
the gradual changes in individual organisms. For organisms, 
evolution and development are intertwined processes, 
evolution influences the developmental process, and in turn, 
the developmental process can also influence evolution [18]. 
It is the hypothesis of this research that considering both 
evolution and development processes in algorithms has the 
potential to enhance search capabilities and find more 
suitable solutions within a given environment. Recently, 
Simon et.al [19] proposed a evo-devo framework for structure 
design optimization and analysis, in which the  evo-devo 
process is configured to be a search process to find optimal 
solutions in a high-dimensional design space.  

In this paper, a bio-inspired evo-devo approach is 
proposed for modelling and optimising the buffer allocation 
problem. The fundamental elements of a production line are 
conceptualized as organisms and the rules governing 
organisms are defined and modelled. Within the framework 
of the evo-devo method, the rules and processes that dedicate 
to the evolution and development of organisms within a 
production line with buffers is described. The method has 
been validated using a simulation case-study, and the results 
indicate that the evo-devo method can effectively provide an 
optimised buffer allocation solution. The contributions of this 
paper are as follows. 

(1) Modelling the buffer allocation optimisation 
problem as an evolution-development (evo-devo) process of 
a bio-organism for the first time. 

(2) The evo-devo framework [19], which was used in 
design and structure analysis, is deployed to solve the 
production problem. 

(3) An evo-devo algorithm is developed compared 
with NSGA-II algorithm for this buffer allocation problem, 
and the results show the evo-devo approach is superior to the 
NSGA-II algorithm in terms of solution volume. 

(4) The modelling method and the evo-devo algorithm 
can be well applied to other manufacturing problems. 

2. Problem description and definition 
In this paper a serial production line that includes 𝑛𝑛 

unreliable machine stations 𝑀𝑀𝑖𝑖 , 𝑖𝑖 ∈ (1, … ,𝑛𝑛)  and 𝑛𝑛 −  1 
buffers 𝐵𝐵𝑖𝑖 , 𝑖𝑖 ∈ (1, … ,𝑛𝑛 − 1) is considered. As shown in Fig. 
1, a buffer 𝐵𝐵𝑖𝑖  (represented by a triangle) is the temporal 
material storage between two consecutive machine stations 
𝑀𝑀𝑖𝑖 and 𝑀𝑀𝑖𝑖+1 (represented by circles). The arrows specify the 
direction of the material/part flow in the serial production line. 

 

 
Fig. 1 The structure of a serial production line with buffers 

 
Based on the above structure, the following 

assumptions are made. 
(1) In this serial production line, the first machine 

station on the production line has sufficient supply of raw 
materials, and the last machine station does not block exits 
from the line. 

(2) With the exception of the first machine station, 
each machine station requires the in-process components 
from its input buffer and if there is no in-process component 
in that buffer, the machine station is in a stagnant state. 

(3) After each part is completed by a machine station, 
it is automatically stored in its output buffer and when the 
number of parts in the downstream buffer reaches its storage 
limit, the machine will stop production an enter stagnant state. 

(4) The probability of a machine failure follows 
uniform distribution, i.e., the machine will randomly produce 
some faults in the process and the maintenance of the fault 
takes a predetermined time. Each machine station 𝑀𝑀𝑖𝑖  is 
characterised by a failure rate 𝑓𝑓𝑖𝑖 , a repair time 𝑟𝑟𝑖𝑖 , and a 
machine time 𝑝𝑝𝑖𝑖. 

It should be noted that when a machine station fails, 
the process will be interrupted, and the parts cannot be 
processed. At this time, the upstream (i.e. previous) machine 
station may become blocked when the buffer reaches its 
maximum capacity, and the downstream machine station may 
be stalled due to the lack of parts to be machined, affecting 
the output of the entire production line. Therefore, the 
purpose of increasing the buffer between these machine 
stations is to avoid the stagnation of the overall production 
line caused by machine failure, thereby improving the 
efficiency of the production line. 

The goal is to determine the optimal buffer allocation 
to minimise the total buffer size whilst maximising the 
production line throughput. The multi-objective optimal 
design problem is formulated as a combinatorial optimisation 
problem to find the Pareto optimal set of 𝑩𝑩(𝐵𝐵1, … ,𝐵𝐵𝑛𝑛−1) to  

  
 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑂𝑂 = 𝑓𝑓(𝑩𝑩) (1) 

 
 𝑀𝑀𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑆𝑆 = ∑ 𝐵𝐵𝑖𝑖𝑛𝑛−1

𝑖𝑖=1 , 𝑖𝑖 = 1, … ,𝑛𝑛 − 1  (2) 
 

 𝑆𝑆𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 𝑡𝑡𝑡𝑡  0 < 𝐵𝐵𝑖𝑖  ≤ 𝐵𝐵𝑢𝑢𝑢𝑢 (3) 
 

where 𝑂𝑂  is the throughput of the production line under a 
buffer design solution 𝑩𝑩  calculated by discrete-event 
simulation, and 𝑆𝑆 represents the total size of all buffers. 𝐵𝐵𝑢𝑢𝑢𝑢 
is the upper limit of each buffer.  
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3. Evo-devo method for the buffer allocation 
problem 

The modelling process and method of buffer 
allocation optimisation from the evo-devo perspective is 
discussed in this section. 

 
3.1. Model of cell and organism for buffer 

allocation problem 
 

For the buffer allocation optimisation problem, the 
goal is to search for an optimised solution by varying the 
buffer size, i.e. to evolve and develop an optimised organism 
by evolving and developing the cells in the organism i.e. by 
defining a buffer allocation genome. In order to use the evo-
devo approach the form of organism and cell are defined, as 
illustrated in Fig. 2. 

 

 
Fig. 2 Cells and the organism in production line 

 
The production line to be optimised is defined as an 

organism, which is created by a series of cells. A cell is the 
fundamental component of an organism and each can be 
modelled in different ways according to the needs of the 
optimisation problem. In this paper, a cell includes a machine 
station node and a buffer node, both of which have different 
attributes. The machine station’s attributes encompass station 
capacity, machining time, maintenance time, and station 
serial number. The buffer’s attributes include buffer size and 
serial number. The cells are arranged according to the 
sequence of the production operations to generate the 
organism. The organism’s evo-devo process is to optimise the 
size of the buffer in each cell within the constraints of 
minimising the overall buffer size within the organism.  

 
3.2. Evo-devo algorithm on buffer allocation 

optimisation problem 
In the evo-devo process, Gene Regulatory Networks 

(GRN) play a crucial role [21]. The GRNs are bioinformatics 
models used to describe and analyse how genes interact with 
each other to control the development and various biological 
processes of an organism. GRNs produce changes during the 
population's evolutionary process through mechanisms like 

gene recombination and mutations, as well as alterations in 
regulatory mechanisms. Subsequently, during the stages of 
biological development, these changes in the GRN drive the 
development of the organism by controlling gene expression 
and interactions.  

To realise the evo-devo process, the GRN and rules of 
the evolution and development of the organism need be 
modelled and defined. In the evo-devo process reported in 
this paper, each solution of buffer allocation could be deemed 
as an organism developed via a GRN. In a development 
process, a GRN determines the final state of the organism 
through gene expression and interaction between genes. 
Meanwhile, gene and regulatory relationships in a GRN are 
optimised in the evolution process. Therefore, in the evo-
devo process, the GRNs not only evolve, but also act on cells 
to determine the cell state, i.e. developing organisms. To 
realise the functions of GRNs, the NEAT framework, which 
utilizes a neural network to output cell states and evolves 
itself based on feedback from the environment, is adopted. In 
the neural network, the neurons represent the genes, and the 
weights associated with the connection between neurons 
describe the adjustment relationship.  

The functional flow of the evo-devo algorithm is 
shown in Fig. 3. First, the parameters of the algorithm need 
to be initialized, which include the number of development 
steps, the number of generations in the evolutionary process, 
the population size of each generation and the number of 
neural network units, and these parameters are determined 
based on the complexity of the problem, the available 
computational resources and the convergence behaviour 
observed during preliminary experiments. The initialised 
parameters also include, for example, values for the weights, 
biases and interconnected neurons. In the development 
process of an organism, the GRN acts on the cells to develop 
the organism. There are a number of iterations based on the 
number of development steps. For each development step, the 
GRN acts on each cell, taking the state of each cell as input 
and outputting the value of the cell's buffer size. This process 
continues until the state of all cells has been updated, 
resulting in the formation of an organism (i.e. solution). The 
development process is a constant and periodic operation 
process, i.e., the neural network takes the current cell state as 
input and updates the cell state. It should be noted that the 
states of individual cells within the organism are different 
(buffer sizes are different), and growth of cells of the current 
state depends on the action of the GRN. In the buffer 
optimisation problem, the cell states input to the GRN 
includes station capacity, machining time, buffer size, and 
serial number, with output being the corresponding buffer 

Fig. 3 Evo-devo algorithm architecture 
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size. Finally, the evolution of organisms is reflected by the 
evolution of the GRN. During evolution, based on the effects 
(calculated through a fitness function) of each organism 
developed by its GRN, the weights, bias and connection 
structures of the GRN are evolved through crossover, etc., to 
generate a GRN that may be better suited to the environment. 
This process is repeated until the evolution iterations are 
terminated, resulting in the Pareto front set.  

4. Case study 
The evo-devo method is evaluated using a simulation 

case and compared with the NSGA-II method in this section. 
The simulation environment was developed using Simpy 
software package, and the evo-devo was developed using 
NEAT-Python package, while the NSGA-II utilised the 
Pymoo package [22].  

 
4.1. Description of the test case 

 
To represent realistic behaviour of a production line, a 

discrete event simulation environment based on Simpy is 
employed. The production line consists of 10 machine 
stations and 9 buffers, since the first machine operates 
without a buffer. The upper limit of an individual buffer’s size 
𝐵𝐵𝑢𝑢𝑢𝑢  is 30, while the lower limit is 1. The simulation time 
adopted 500 hours. Every machine has a fault rate determined 
by a random number uniformly distributed between 0 and 1. 
Due to the machine fault rates, the throughput of the 
production line has uncertainties. Therefore, for each solution, 
the throughput is obtained using the average value from 100 
repetitions, to determine the variation of the throughput value. 
Table 1 displays the parameters of this production line.  
 

Table 1 Production line parameters 

Machine 
𝑀𝑀𝑖𝑖 

Machine 
time 𝑝𝑝𝑖𝑖 

Fault rate 
𝑓𝑓𝑖𝑖 

Repair time 
𝑟𝑟𝑖𝑖 

𝑀𝑀1 1 0.35 9 
𝑀𝑀2 1 0.38 12 
𝑀𝑀3 1 0.31 9 
𝑀𝑀4 1 0.33 12 
𝑀𝑀5 1 0.35 6 
𝑀𝑀6 1 0.4 12 
𝑀𝑀7 1 0.42 12 
𝑀𝑀8 1 0.29 12 
𝑀𝑀9 1 0.26 12 
𝑀𝑀10 
 

1 0.25 12 

4.2. Test results  
 

As described in equations (1) to (3), the objective of 
this case is to maximise the production line throughput while 
minimising the overall buffer size. The proposed method was 
compared with the NSGA-II algorithm. The initialised neural 
network using NEAT consists of 12 hidden neurons evenly 
distributed in 4 layers, which is to allow the neural network 
to have a stronger fitting ability than the original NEAT 
framework with only one hidden layer. During the evolution 
process, the number of hidden neurons, connections, and 
weights change. In order to limit the output of the neural 
network between 1 and 30 (lower and upper limits of a 
buffer’s size), the activation function is sin function, and the 

absolute value of the final output is enlarged by a factor of 30. 
The settings for NSGA-II were consistent with the evo-devo 
method, where the population size was 30 and the number of 
generation iterations was 10. After the optimisation process 
converged, Pareto front sets were obtained for each of the two 
methods, as illustrated in Fig. 4. 

 

 
Fig. 4 Pareto front set of different algorithms, where evo-
devo obtain a wider Pareto front set compared to NSGA-II. 
 

From the data and annotations in Fig. 4, it can be seen 
that the evo-devo method is effective in finding suitable 
solutions, i.e., generating the Pareto front. Moreover, to 
quantitatively evaluate the effectiveness of the optimisation 
methods, Hypervolumes, which provide a measure of the 
volume of the objective space covered by the Pareto front, 
were calculated for both methods. In this comparison, evo-
devo achieved a Hypervolume of 0.94, surpassing NSGA-II 
with 0.69. This result underscores the superior performance 
of evo-devo in exploring a more extensive region of the 
Pareto front, further highlighting its efficacy in multi-
objective optimisation tasks. 

In order to select appropriate solutions 𝑿𝑿 within the 
non-dominated solutions, an entropy evaluation method has 
been utilised. The process involves calculating the entropy of 
each objective in the Pareto front and then assigning a weight. 
For two objective attributes ( 𝑥𝑥𝑂𝑂  and 𝑥𝑥𝑆𝑆 ) of this multi-
objective problem, a higher entropy indicates increased 
uncertainty in the attribute. Therefore, to reduce the 
uncertainty of the decision, the attribute with higher entropy 
is allocated a lower weight. The calculation is as follows:  

 

 𝑝𝑝𝑖𝑖𝑖𝑖 =
𝑥𝑥𝑖𝑖𝑖𝑖
𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛

∑ 𝑥𝑥𝑖𝑖𝑖𝑖
𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑞𝑞

𝑖𝑖=1
, 𝑗𝑗 = (𝑂𝑂, 𝑆𝑆); 𝑖𝑖 = (1 … 𝑞𝑞)  (4) 

 
 𝐸𝐸𝑗𝑗 = − 𝐥𝐥𝐥𝐥(𝑞𝑞)−1 ∑𝑝𝑝𝑖𝑖𝑖𝑖𝐥𝐥𝐥𝐥𝑝𝑝𝑖𝑖𝑖𝑖  (5) 

 
 𝑤𝑤𝑗𝑗 =

1−𝐸𝐸𝑗𝑗
∑(1−𝐸𝐸𝑗𝑗)

  (6) 

 
 𝑋𝑋𝑖𝑖  = 𝑤𝑤𝑂𝑂𝑥𝑥𝑖𝑖𝑖𝑖𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 + 𝑤𝑤𝑆𝑆𝑥𝑥𝑖𝑖𝑖𝑖𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛  (7) 

 
where 𝑥𝑥𝑖𝑖𝑖𝑖𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛  is the normalised value of 𝑖𝑖 -th solution in 
Pareto front set with objective 𝑗𝑗, 𝐸𝐸𝑗𝑗 is the entropy of objective 
𝑗𝑗 , 𝑤𝑤𝑗𝑗  is the weight of objective 𝑗𝑗 , 𝑋𝑋𝑖𝑖  is the score of i-th 
solution in Pareto front set, which is used to  determine 
whether the solution is chosen or not. 
 First, the two objective values (𝒙𝒙𝒐𝒐, 𝒙𝒙𝒔𝒔) of the Pareto 
front set 𝒙𝒙 = (𝒙𝒙𝒐𝒐,𝒙𝒙𝒔𝒔)  are normalised to obtain 𝒙𝒙𝑖𝑖𝑖𝑖𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛  and 
𝒙𝒙𝑖𝑖𝑖𝑖𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 for each objective set. Then the entropy 𝐸𝐸𝑗𝑗  for each 
objective set is calculated. After obtaining the entropy of the 



5 
 

two objectives, the weight of each objective (𝑤𝑤𝑂𝑂 , 𝑤𝑤𝑆𝑆 )is 
calculated. Finally, from the scores of each solution, the best 
is that with the highest score. According to the entropy weight 
method, the best solution selected from the Pareto front is 
represented by the red crosses in Fig. 4. The capacities for 
buffer allocation is as shown in Table 2. 
 
Table 2 Buffer size of the decided solution  
𝐵𝐵1 𝐵𝐵2 𝐵𝐵3 𝐵𝐵4 𝐵𝐵5 𝐵𝐵6 𝐵𝐵7 𝐵𝐵8 𝐵𝐵9 
7 7 6 6 6 5 5 5 4 

 
Based on the buffer allocation solution, the average 

throughput of the production line is 56.83 with a variance of 
17.8 from 100 simulation results. This is to be compared with 
a throughput of 48.8 when all of the buffer sizes are set to 1. 
The result demonstrates a 16.4% increase in throughput under 
the condition of a reasonable buffer allocation. 

5. Discussion 
Under the evo-devo framework, a new modelling and 

optimisation approach is for the first time developed for the 
buffer allocation optimisation problem. The organisms and 
cells used to represent a production line have been modelled, 
and an evo-devo algorithm is developed to deal with the 
optimisation problem. Through a multi-objective case, 
aiming to maximise production line throughput and reduce 
total buffer size, the feasibility of the approach is validated. 
Compared with NSGA-II, the proposed approach can obtain 
a greater hypervolume of the Pareto front with the same 
number of generations, showing a 49% increase. The 
modelling method and the evo-devo algorithm can be well 
applied to other manufacturing problems. 

In future, the generalisation applicability of this 
method will be investigated, with the expectation that the 
GRN established based on neural networks can be readily 
deployed in similar environments and adapt to new 
environments. Additionally, application of the method in 
various production line problems such as the job shop 
scheduling problem will also be investigated. 
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