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Abstract. The objective of a Flexible Manufacturing System (FMS) is
to respond faster to changes in products and demands with minimum
changeover cost. However, layout changes in FMS are not automatic
and required human intervention. Therefore, when requirements for lay-
out changes are frequent, such as in a dynamic production environment,
like mass personalisation production environments, layout reconfigura-
tion becomes expensive and unrealistic. In this paper, we relax this core
assumption of static FMS layout and introduce a decentralised approach
to the design and coordination of manufacturing systems’ entities, whereby
both products and production machines are mobile and autonomous. We
apply three different optimisation methods, of which two are ensembles
of computational and heuristics optimisation approaches based on Gra-
dient Descent and Ant Colony Optimisation (ACO), to optimise mobile
machines locations under non-deterministic manufacturing conditions as
obtainable in a mass personalisation context. These approaches enable
mobile production machines to coordinate and autonomously adjust their
location and layout in real-time to minimise the cost of material flow
between production machines. The proposed approach offers a promising
outlook on the design and coordination of manufacturing systems under
unpredictable manufacturing conditions.

Keywords: nature-inspired optimisation * ensemble learning - flexible
manufacturing system - real-time optimisation - mass personalisation

1 Introduction

Mass personalisation seeks to introduce individualised production into manufac-
turing systems, which will require the requirement for constant reconfiguration of
assembly systems and layouts to manufacture at mass production cost [13,18].
Unfortunately, current assembly systems are limited in their reconfigurability
capacities when additional processes and changes in process sequence or pro-
cessing time are required at short notice, such as in minutes or hours. This is
due to the physical constraints presented by the fixed transfer system of conveyor
systems and fixed production machines locations [13].
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Indeed, finding innovative ways to reduce throughput times and increase
product varieties within manufacturing firms is of long-standing interest within
the operations research literature. Optimisation techniques such as in Assembly
Line Balancing Problem (ALBP) [3,21], and Facility Layout Problem (FLP) [12]
have also been suggested. However, the underlying assumption of these studies
is that the production machines, workstations and employees remain fixed in
their current factory layout. Up to date, virtually no studies have explored how
throughput times can be improved by reconfiguring production lines and moving
production machines during production (in real-time) to meet rapid changes in
supply and demand in the context of mass personalisation [1].

To address this research gap in the manufacturing and operations research
literature, we proffer a method for optimising production machine location and
layout in real-time during production, depending on the mix of order inflow,
using an ensemble of computational and heuristic means. This approach is anal-
ogous to performing assembly line balancing and facility layout in real-time and
in a mass personalisation context, where order arrivals are non-deterministic,
product mixes are stochastic, and real-time reconfiguration is required. The term
ensemble is used loosely in this paper to refer to a combination of multiple opti-
misation approaches [30].

To achieve this, we explored the implication of relaxing the core assumption
of static production machines and the use of fixed transfer lines for part move-
ment by designing a decentralised and distributed manufacturing system, which
we have labelled as the Lot Size-of-1 Manufacturing System (S1IMS). In SIMS,
we introduce mobile production machines and autonomous material handling
systems to replace conveyor systems (see Fig.1). We created a digital-object of
the physical manufacturing system, called the virtual SIMS (V-S1MS), which
connects and informs the real SIMS existing in the real world. The optimisa-
tion process is carried out in the V-S1IMS, which informs the real SIMS in the
real-world. This architectural change improves flexibility in material handling,
minimises the cost of material flow by eliminating bypassing and backtracking,
and minimises congestion that may occur when material flow is constrained by
rigid conveyor movement.

Three different versions of SIMS were implemented using three distinct
approaches to coordinate and autonomously organise and optimise the locations
of the mobile production machines in real-time during manufacturing. Two of the
approaches, referred to as the Gradient-Decent for Autonomous Resource Posi-
tioning (G-DARP), and Sensing Radius and Cluster Analysis for Autonomous
Resource Positioning (SR-CAARP) are based on a combination of an itera-
tive optimisation algorithm referred to as the gradient descent (GD) algorithm
[14,20] and ant-based heuristic optimisation algorithm. The GD uses only local
data and not global data to avoid computational overload and overfitting. The
third approach, Ant Colony Optimisation for Autonomous Resource Position-
ing (ACO-ARP) is based on a nature-inspired algorithm referred to as the Ant
Colony Optimisation Algorithm (ACO) [8,9].
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(a) Initial SIM’s layout. (b) Final S1M’s layout.

Fig. 1. Layout of Lot Size-of-1 Manufacturing System (S1MS). (a) Initial layout of SIMS
during production. Production machines, which are aggregations of required resources for performing
specific manufacturing processes on products, and with the capability to move during the manufac-
turing process depending on the mix of order in-flow. Product agents are aggregations of mech-
anisms relating to product handling, transportation, and routing, which can be implemented as
mobile robots/AGV/AIV with integrated pallets for holding parts that are undergoing the pro-
duction process. The product agents are capable of independently coordinating their production
process by figuring out an optimal route based on order-mix through the use of a stigmergic coor-
dination mechanism. (b) The layout of SIMS after a period, production machines A, B, C, and D
have moved from their previous positions a, b, ¢, d to a new position. Product agents have also
autonomously figured-out optimal routes for production based on the existing product mix using
virtual pheromones. The coordination of the movement of the production machine is achieved using

the optimisation techniques proposed in this paper.

We determined the viability of these three approaches using computer simu-
lation. We explored how the introduction of mobile production machines in the
different implementations of SIMS affects the throughput achieved in a mass
personalisation context, compared with a base manufacturing system with sta-
tionary production machines. This system is referred to as the baseline system
(BS). The throughput of the three approaches and that of the BS for processing
personalised orders with a “lot size of one” were compared. This is achieved by
measuring the average production rates and average cycle-time per unit during
production. The performance of the three SIMS implementations was compared
to determine which was best and in what scenarios the different approaches were
most applicable.

Finally, we present a high-level description of the three approaches and cor-
responding simulation results. The output of the simulation shows that a com-
bination of computational and heuristic approaches outperforms a pure heuris-
tics approach, While the heuristic approach outperforms the base system. We
conclude that a combination of computational optimisation using only locally
available variables and heuristics optimisation has the potential to address the
slow convergence of heuristics optimisation techniques.
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2 Manufacturing Systems with Characteristics
for Dynamic Production Environment

Manufacturing companies are investigating smart, flexible and adaptive man-
ufacturing systems capable of autonomous self-adaptation, self-reconfiguration,
and capability for lot size-of-1 manufacturing [22]. Examples of such systems
include Flexible Manufacturing Systems (FMS), Reconfigurable Manufacturing
Systems (RMS), Holonic Manufacturing Systems (HMS), and Evolvable Assem-
bly Systems (EAS).

Flexible Manufacturing System is an integrated system of machine mod-
ules and material handling equipment under computer control for the automatic
processing of palletised parts [6,23]. The objective of FMS is to respond faster
to changes in products and demands by manufacturing several types of parts
cost-effectively; within pre-defined part families that can change over time; with
minimum changeover cost; on the same system and at the required volume and
quality [10].

Reconfigurable Manufacturing System, on the other hand, is designed to
enable rapid change in hardware and software components for quick response
to sudden market changes by adjusting its functionality and production capac-
ity [16]. RMS proposes a manufacturing system where machine components and
material handling units can be added, removed, modified, or interchanged as
needed to respond quickly to changes in requirements, demands, and function-
ality [17].

Holonic Manufacturing System is inspired by Arthur Koestler’s holons con-
cept [15]. Holons are autonomous, self-reliant units with a degree of indepen-
dence, such that contingencies can be handled without being instructed by higher
authority; and simultaneously subjected to control from single or multiple higher
authorities [4,30]. This implies that holons can exist in complex systems like
manufacturing systems as both a whole and a part simultaneously. The “whole”
property ensures the stability of forms in the system, while the “part” prop-
erty signifies intermediate forms and ensures stability for higher forms. The
holons concept comparatively provides more flexibility for manufacturing sys-
tems through decentralisation, and aggregation [5,11].

The evolvable assembly system (EAS) is a holistic system approach to
enhance the capability of the manufacturing system to respond to rapid changes
in product demand, market and processes. The EAS architecture comprises four
phases which are: the reconfiguration phase, operation phase, monitor phase, and
adaptation phase [6]. These four phases provide the capabilities for EAS com-
ponents to adapt to changing conditions of operations. Examples of EAS imple-
mentation are Instantly Deployable Evolvable Assembly Systems (IDEAS) and
Smart Manufacturing and Reconfigurable Technologies (SMART), which have
attracted several European Projects. An example is the IDEA Project sponsored
by the EU with participating companies and institutions such as FESTO, and
the University of Nottingham [28].
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3 Optimimisation Approaches in SIMS

3.1 Gradient-Descent Approach

We created a digital simulation of the physical manufacturing system, called the
virtual SIMS (V-S1IMS), which connects and informs the real SIMS existing in
the real world. We present the structure and the layout optimisation process of
the V-SIMS in this study, hence corresponding production entities are virtual.
We modelled the shop floor as a two-dimensional plane. We assume Euclidean
distance as a distance measure instead of rectilinear distance; this is because
the movement of materials by the AIVs/AGVs and the movement of production
machines are not constrained by any physical means. We then approximate the
space of possible location h of production machines as a linear function of the
location of AIVs/AGVs. Then we approximate the optimal location H, referred
to as the global-hotspot as a function of h.

Therefore, we define a cost function Jg (6o, 61), which evaluates the closeness
of hg(x) to the desire AIV.
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To minimise the cost function Jg(0g,0;1), we use the gradient descent algo-
rithm, which searches for potential hotspots and eventually arrives at a global-
hotspot by starting with some initial-guess for 6 and repeatedly changes 6 to
minimize Jg (6o, 0:), until it cannot be minimised further.

The gradient descent algorithm is expressed as follows:

repeat {Gj :0j—aa%J(90,6‘1): (Forj=0andj= 1)} (2)
J

The final algorithm for finding the global hotspot is expressed as follows:

Ho(w) = -0 ((00 —ar Y (o) — ) + (61 — a3 S (hae?) - y<“>>)
=1 i=1 i=1 (3)

where ( is the location bias, « is the learning rate, 6y and 6, are the intercept
and slope of the line joining the different possible hotspots hg(z). Hg(x) is the
global-hotspot, which is the optimal location for the production machine, based
on the location z,y of AIV with matching operation task.

3.2 Nature-Inspired Approach

A nature-inspired approach referred to as stigmergy is used as the coordina-
tion mechanism for coordinating the movement and re-positioning of production
machines in real-time to minimise the cost of material flow and the distance
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between production machines without overlapping. The type of stigmergic coor-
dination used is called ant-based algorithm. It is based on the stigmergic coor-
dination found in an ant colony. This is generally referred to as Ant Colony
Optimisation (ACO) algorithm or simply Ant Algorithm [8,9]. This algorithm
has been extensively used as an approach to solving optimisation problems in
manufacturing, operations research and supply chain [2,7,12,19,24,25].

However, ACO in the context of SIMS requires an abstraction within the
problem domain. This will allow for seamless integration of the ACO algorithm
into SIMS for effective coordination of production processes. To achieve this,
the production environment is modelled as a Direct Acyclic Graph G and the
ACO algorithm is used to find a feasible minimum cost path between two nodes
over the graph G = (C, L, W), where C is the node, L is the edge, and W is the
weight associated with the edges, and feasibility is defined with respect to a set
of constraints (2. The minimum cost path in the context of SIMS implies the
optimal positioning of production machines for the production of varied product
mix with minimum cycle time. Details of the algorithm are given in [29)].

3.3 The Three Optimisation Approaches in SIMS
Gradient Descent for Autonomous Resource Positioning (G-DARP)

In Fig. 2(a), mobile production machines, referred to as processing stations, move
toward the global-hotspot H, which is equidistant from the product (the AGV
+ loaded parts for operations) with product-ids 1 & 2. This is because of the
number of products selected for optimisation, which is the node-count = 2.
Therefore, the spot that is optimum for production machine discovery, which
is the global-hotspot, will be a location between the two products. Figure 2(b)
shows that as the processing station approaches the global-hotspot H, it will be
able to execute production tasks for other products with matching production
processes (depicted as those with the same colour as the production machine)

Fig. 2. V-SIMS using G-DARP for navigation and autonomous positioning of produc-
tion machines (node-count = 2): product — AGV + loaded parts for operations, AGV
— AGYV without loaded parts for operations.
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and are within its sensing-radius (for example, product with node-id = nl,n2
and n5). The products that have already located the hotspots use pheromones
to lead other products to the hotspots. The final global hotspot is passed to the
S1MS in the real world.

In Fig. 3, the processing station moves toward the global-hotspot H, which is
equidistant from the products with product-id 1 to 5, but with a bias towards
products with a smaller distance from each other. Therefore, computing a global-
hotspot using the G-DARP algorithm is biased towards the centre of the floor-
space between the closest products. Thus, the G-DARP algorithm tends to over-
fit when node-count is high and thus providing a sub-optimal solution. It also
tends to under-fit and provides a less optimal solution when node-count is low.
However, it is intuitive to expect a better solution as the number of node-count
increases, hence the poor performance is assumed to be a weakness of the algo-
rithm and thus, a new algorithm that overcomes this deficiency is implemented
and juxtaposed.

| Part
| loading
station

Fig. 3. V-S1IMS using G-DARP for navigation and autonomous positioning of produc-
tion machines (node-count > 2): product — AGV + loaded parts for operations, AGV
— AGYV without loaded parts for operations.

Sensor Radius and Cluster Analysis for Autonomous Resource
Positioning (SR-CAARP)

In Fig. 4(a), each products compute a value called the cluster-size, which is the
number of similar product within a specified radius. The product with node-id
= X has the highest cluster size (cluster-size = 3) followed by the product with
node-id = Y (cluster-size = 2). These two clusters have the highest cluster-size
and are selected for optimisation (i.e. node-count = 2). Therefore, the global-
hotspot H will be a location between the two clusters. In Fig. 4(b), as the produc-
tion machine approaches the global-hotspot H, it can execute production tasks
for products within the clusters that are with matching production operations
(depicted as those with the same colour as the production machine) and are
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Fig. 4. V-SIMS using SR-CAARP for navigation and autonomous positioning of pro-
duction machines (node-count = 2): product — AGV + loaded parts for operations,
AGV — AGV without loaded parts for operations.

within its sensing-radius (for example, product-agent with node-id = nl, n2 and

In Fig. 5(a), the products with node-id = X, Y, Z are selected for optimisation
(node-count = 3). Therefore, the global-hotspot H will be a location between the
three clusters. In Fig.5(b), as the production machine approaches the global-
hotspot H, it can execute production tasks for products within the clusters
that are with matching operations requests (depicted as those with the same
colour as the production machine) and are within its sensing-radius (for exam-
ple, product-agent with node-id = nl,n2 and n3). In both cases, the products
that have already located the hotspots use pheromones to lead other products to
the hotspots. The final global hotspot is passed to the SIMS in the real world.
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Fig. 5. V-SIMS using SR-CAARP for navigation and autonomous positioning of pro-
duction machines (node-count = 3): product — AGV + loaded parts for operations,
AGV — AGV without loaded parts for operations.
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Ant Colony Optimisation for Autonomous Resource Positioning
(ACO-ARP)

In the ACO-ARP, the production machine randomly explores the shopfloor
and drops pheromones on spots (hotspots) where operations were executed. In
Fig.6(a), the production machine creates hotspots a,b and ¢, with I, I and
l3 distances from each other respectively. The production machine switched to
the exploitation strategy if the maximum hotspots are reached, and visits the
different hotspots in the order in which they are created (¢ — b — ¢) with

speed s = log(p Z l;). In Fig.6(b), the production machine creates new

hotspots (ag, bo, co) Whlle navigating a, b, ¢, the new hotspots are at distances
(lo, < l1;lp, < l2;lp, < l3) which are better hOtSpOtb due to their closeness to

each other. At this instance, the speed s = log(ﬁ Z l;) = 0 for the production

machine and thus it remains stationary at a dlstance close to the hotspots, which
becomes the global hotspot GH. The final global hotspot is passed to the SIMS
in the real world.
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Fig. 6. SIMS using ACO-ARP for navigation and autonomous positioning of produc-
tion machines: product — AGV + loaded parts for operations, AGV — AGV without
loaded parts for operations, processing stations — mobile production machines

4 Simulation, Results and Discussions

There are a total of 24 product mixes. These product mixes are a function of the
number of production machines available to perform different production tasks.
Thirty simulation runs were performed in each of the developed simulations for
140,000 simulation steps each. The distribution of product mix in the system was
skewed at an interval of 20,000 simulation steps during the simulation to further
observe the behaviour of SIMS during unpredictable changes in product mix.
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This distribution is estimated based on the probability of selecting a product
mix with a particular machining sequence among the 24 possible product mixes.
This probability is referred to as mix probability. The distribution of the different
order types within the product mix is shown in Fig. 7.
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Fig. 7. Distribution of products within the product mix during simulation: (a) the
default scenario, (b) scenario 1, (c) scenario 2, and (d) scenario 3

The following parameters were measured in each of the simulation setups to
investigate differences in performance in the different approaches:

1. Production rate: This is the average number of products produced per 1k sim-
ulation steps during the simulation runs (140,000 simulation steps in total).

2. Average cycle-time per product unit: This is the average time (measured in
simulation steps) taken to manufacture each product, i.e. the time each prod-
uct spent in the production system.

G-DARP, SR-CAARP, ACO-ARP were compared with the BS using the
production rate and average cycle-time per unit. The outcome of these two mea-
sures is referred to as performance afterwards. Four separate experiments were
designed for this purpose, as shown in Fig. 7. The performance and behaviour of
the different systems during production and unexpected changes in the product
mix were compared (see Fig. 8).

Figure 8 showed that the production rate and average cycle-time when the
total number of work-in-progress N = 50. It was observed that the three sys-
tems with mobile production machines, namely ACO-ARP, G-DARP and SR-
CAARP, outperformed the BS. This is as a result of the capability of the
three approaches to effectively minimise the cost of material flow and distances
between production machines in real-time.
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Fig. 8. Comparing SIMS performance based on ACO-ARP, G-DARP, SR-CAARP and
baseline system (BS) approaches

The SR-CAARP approach, which is the optimised version of the G-DARP
has the highest performance followed by the G-DARP, i.e. it has the highest
production rate (see Fig.8(a) and Fig.8(c)) and lowest average cycle-time per
unit (see Fig.8(b) and Fig.8(d)). Both of these approaches employed a local
interaction mechanism complement with the ant-inspired algorithm for coordi-
nating and autonomously positioning production machines to minimise the cost
of material flow and distances between the production machines. The ACO-ARP
comes just below the two ensemble approaches in performance, but its method
for coordination and autonomous positioning of production machines is based on
local interaction and heuristics optimisation algorithm, and, therefore, far less
computationally expensive. The baseline system with fixed production machines
records the least performance.

5 Conclusion

The three different approaches in SIMS were effective in seamlessly coordinat-
ing the movement and positioning of production machines during manufactur-
ing. However, the ensemble approaches, G-DARP and SC-CAARP, performed
better than the ACO-ARP. This is because the ensemble approach explores
clusters of locally available information, such as product position, cluster size,
and sensing radius, to optimise the location of production machines, while it
uses the pheromones to speed up convergence. However, as the complexity and
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volume of this information grow as the value of N increases, slightly more com-
putational resources may be required for cluster computation and analysis. The
nature-inspired approach (ACO-ARP) used only locally available information
and followed simple but effective rules to achieve seamless coordination of the
movement and positioning of production machines.

Overall, the ACO-ARP has a computation advantage, but it does not out-

weigh the poor performance compared to the ensemble approaches. However, the
ACO-ARP can serve as a backup in situations when local information required
for computation suddenly becomes unavailable, such as network failure.
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