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The integration of mobile robots in material handling in flexible manufacturing systems
(FMS) is made possible by the recent advancements in Industry 4.0 and industrial artificial
intelligence. However, effectively scheduling these robots in real-time remains a challenge
due to the constantly changing, complex, and uncertain nature of the shop floor environ-
ment. Therefore, this paper studies the robot scheduling problem for a multiproduct FMS
using a mobile robot for loading/unloading parts among machines and buffers. The
problem is formulated as a Markov Decision Process, and the Q-learning algorithm is
used to find an optimal policy for the robot’s movements in handling different product
types. The performance of the system is evaluated using a reward function based on perma-
nent production loss and the cost of demand dissatisfaction. The proposed approach is val-
idated through a numerical case study that compares the proposed policy to a similar policy
with different reward function and the first-come-first-served policy, showing a significant
improvement in production throughput of approximately 23%. [DOI: 10.1115/1.4062941]
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1 Introduction
The growing demand for mass customization presents a signifi-

cant challenge for manufacturers, who must have robust and self-
adjusting systems in order to meet these changing requirements.
Flexibility is a key characteristic of modern manufacturing
systems that enables them to respond quickly to changes in
market demand, product design, and other issues such as machine
failures [1,2]. The concept of flexibility has evolved over time, start-
ing with the introduction of flexible manufacturing systems (FMS)
in the 1980s [3]. Although there is no consensus on a precise defi-
nition of flexibility, recent literature suggests that an FMS is capable
of producing a variety of products and adapting to changes in
market demand, product design, and random disruptions like
machine failures [4].
Conventional manufacturing lines, also known as serial produc-

tion lines, consist of a series of machines that process parts in
fixed paths [5]. These lines are suitable for high-volume production
as each part is processed by all the machines following a fixed
schedule and sequence. However, they are not flexible enough to
handle variations in demand or random disturbances within the
system. This lack of flexibility can make it difficult for these lines

to adapt to changes in market conditions or uncertainties, such as
machine failures.
Satisfying customer demands heavily relies on production sched-

uling and control. This paper focuses on making prompt decisions
concerning production sequences and routes in response to real-
time customer orders and unexpected disruptions. The challenge
is that material flow is contingent on robot movements, and the
robot schedule is intricately connected to system modeling, which
makes analytical solutions to the robot assignment problem either
difficult or impossible. Moreover, the large search space makes
search-based heuristics impractical for real-time scheduling.
Given the problem’s stochastic and NP-hard nature, mathematical
optimization techniques are unlikely to be effective under these
circumstances.
This paper seeks to address the aforementioned challenges by

identifying an optimal control policy for the real-time allocation
of a mobile robot in a multiproduct FMS to meet market demands
for different product types and minimize the overall system cost.
The paper presents the following contributions:

(1) Developing a comprehensive mathematical framework for a
robot-assisted multiproduct FMS, which accounts for both
control input (i.e., robot assignments) and random disrup-
tions, and identifies dynamic system properties such as per-
manent production loss (PPL) and the cost of unsatisfied
demand.
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(2) Formulating the robot scheduling problem as a reinforcement
learning (RL) problem and leveraging system properties, i.e.,
PPL and cost of unsatisfied demand, in the reward function.
The problem is then solved using the Q-learning algorithm to
demonstrate the effectiveness of the control scheme.

The rest of the paper is organized as follows: Sec. 2 addresses the
relevant literature. Section 3 discusses the system description.
Section 4 addresses dynamic system modelling and performance
evaluation. In Sec. 5, the control problem is formulated, and Q-learn-
ing is discussed after which the mobile robot problem is formulated.
Section 6 presents a case study to validate the proposed policy. Discus-
sion and real-world implementation are addressed in Sec. 7. Finally,
the conclusions and future work are discussed in Sec. 8.

2 Literature Review
FMS is a diverse field, and therefore, a significant amount of

research is available in the literature [6] addressing its modelling,
analysis, and control. The level of flexibility that an FMS can
provide is contingent on the system’s design and nature, and sched-
uling plays a critical role in its control. Recent literature has employed
various approaches, including Petri-net [7], RL [8], and deep rein-
forcement learning (DRL) [9], among others, to manage FMS. In
one study, Hu et al. [7] used a petri-net in combination with DRL
and graph convolution networks (GCN) to manage a dynamic
FMS. However, they only used a general FMS with shared resources.
In another study, Windmann et al. [10] employed a dynamic
programming-based model to address routing problems in FMS.
They also attempted to generalize the model for variable parametric
settings, but it may not be suitable for different environments.
In a multiproduct FMS, the output of production is contingent on

robot scheduling, which is intricately linked with system modeling.
This means that the system cannot be represented in a closed form
[11], posing challenges for dynamic modeling of the system. Data-
driven models that capture real-time information through sensors and
other channels can be employed to model such a system [12,13].
While real-time information can be crucial in updating the system and
meeting market demand, real-time control becomes more complex
and cannot be solved via conventional optimization methods. Conse-
quently, RL-based approaches are used to tackle such issues.
Real-time data-driven methods have also received attention in the

literature, such as a method developed by [14] to estimate the effects
of random machine downtime on system performance. They use
opportunity window (OW), PPL, or demand satisfaction as perfor-
mance metrics. OW is the longest time a machine can be down
without affecting the system output, whereas PPL is defined as
the unrecoverable loss due to disruptions on the production line.
However, these methods generally focus on single-product systems.
While addressing a multiproduct system, Long et al. [15] com-

pared the productivity of an aircraft assembly line using seven dif-
ferent predictive models and simulated three product types. Using
performance evaluation and machine learning methods, they
found that data-driven models may struggle due to a lack of histor-
ical data and suggested using transfer learning to improve model
predictions. Similarly, Mueller et al. [16], in an attempt to satisfy
small customized demands, optimized the process plans for a mul-
tiproduct system. However, their approach is only applicable to a
serial production line and cannot be extended to production
systems with intermittent flow paths.
Demand satisfaction/dissatisfaction is another important factor

that can be used to evaluate the performance of a production
system. The demand for different product types can vary, so it is
important to maintain a balance in production. Therefore, Kuck
et al. [17] used a forecasting model based on dynamic systems to
predict the market demand. However, the forecasting models are
not very robust and may not generate good results in a different
environment. To address the forecasting error and improve its accu-
racy, Wang et al. [18] used individual and moving-range control
charts to propose a mechanism for error compensation. They

tested their model using a manufacturing dataset and found a signif-
icant improvement. However, it is not guaranteed that it generates
similar results in other scenarios, and demand may change abruptly
leading to customer dissatisfaction. Therefore, to increase customer
satisfaction, Ouaret et al. [19] studied random demand and replace-
ment policies for production lines with deteriorating machines.
They used a semi-Markov decision process to determine whether
machines should be replaced or repaired based on product quality
and demand satisfaction. Overall, these methods improved
demand satisfaction in their respective environments, but the devel-
oped models are based on strict assumptions and may not be gener-
ally applicable. Therefore, a real-time control scheme that considers
market demand and system performance and can maintain a balance
in the production of different product types is needed.
For real-time scheduling, a predefined policy can be utilized e.g.,

the first-come-first-served (FCFS) policy [20]. FCFS is a simple
scheduling method, where the tasks are stored in a queue and per-
formed in the order they are received. However, it is not effective
at evaluating the efficiency of a production line. Therefore, a new
scheduling policy that integrates the mobile robot and the system
is needed. Scheduling problems can be solved using analytical or
heuristic methods. Analytical methods aim to find an optimal solu-
tion for an objective function subject to certain constraints, but
many scheduling problems, which belong to the class of NP-hard
problems, are difficult to solve using this approach [21]. Heuristic
methods, such as search-oriented heuristics and learning-based heu-
ristics, can be used to address these challenges. Search-oriented
heuristics find a good policy from a set of options, but the perfor-
mance of these methods depends on the search space [22].
Learning-based heuristics, such as RL, have received significant
attention in the literature [23,24]. It allows an agent to learn from
its interactions with the environment and improve based on a set
reward function, rather than following a predetermined model like
in supervised learning. Q-Learning is a popular RL approach and
is widely regarded as the most common RL algorithm. Many exist-
ing RL methods are based on Q-learning, which has been exten-
sively explored and discussed in the literature [25], and its
convergence has been demonstrated. Consequently, this study
also employs the Q-learning approach to manage robot actions.
Although it can be sometimes computationally expensive, particu-
larly for large state-space systems, it is advantageous to analyze a
new system using a well-defined method that can be used to
prove the concept of the proposed framework and serve as a bench-
mark for comparing other approaches in the future.
In this paper, a multiproduct FMS is considered, where a mobile

robot is utilized to transport materials and partially finished parts
between machines in order to produce multiple different products.
This system is designed to be responsive to changing market
demand and resilient to disruptions such as machine failures. To
fully utilize the potential of this system, intelligent scheduling and
control of themobile robot are essential. However, effectively sched-
uling and controlling the mobile robot in this system is a challenging
task, as it requires taking into account the status of the machines and
the utilization of buffers. While scheduling has been extensively
studied in various contexts, such as for controlling process cycle
times and performing maintenance in conventional production
systems [26,27], the scheduling of mobile robots in multiproduct
FMS has not been thoroughly addressed in the current literature.
This is due in part to the lack of dynamic models for these complex
systems, as well as the NP-hard nature of the scheduling problem
and the added challenge of real-time control in such systems.

3 System Description
A multiproduct FMS with M machines, M− 1 intermediate

buffers, and a mobile robot for loading/unloading parts, is consid-
ered. As shown in Fig. 1, a machine is denoted as Si, i= 1, 2, …,
M and is represented by a rectangle, and a buffer denoted as Bi, i=
2, 3, …, M is represented by a circle. The production line receives
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raw products from the source, and the finished products are stored in
the sink. The small circles with different patterns and colors in the
source, buffers, and sink represent different product types. Production
line processes l types of products. After a machine completes its pro-
cessing, the robot unloads the partially processed product to the cor-
responding downstream buffer based on product type and loads
another part from the upstream buffer. In addition, different flowline
styles between stations and buffers represent the material flows of dif-
ferent product types. There are n types of products shown with each
flowline representing an individual product type l, l= 1, 2, …, n.
The following notations are used in this paper:

(1) Si, i= 1, 2, …, M represents the ith machine.
(2) Bi, i= 2, 3,…,M represents the ith buffer. With the abuse of

notation, it is also denoted as the capacity of the ith buffer.

(3) P =

P11 P12 . . . P1M

P21 P22 . . . P2M

..

.

PK1

..

.

PK2

..

.

. . .

..

.

PKM

⎡
⎢⎢⎢⎣

⎤
⎥⎥⎥⎦, where Pli, l= 1, 2, …,

K and i= 1, 2,…,M denotes whether product type l is pro-
cessed at the machine Si. Pli has only two values: 1 or 0. A
value of 1 denotes the presence of operation by machine Si
on product type l, and 0 denotes the absence of operation by
machine Si on product type l.

(4) pli(t) denotes the quantity of product type l in buffer Bi at
time t.

(5) Ti, i= 1, 2, …, M denotes the processing time of the ith
machine.

(6) Ti
load and Ti

unload denote the designed robot loading/unload-
ing time per part for the ith machine.

(7) Ttravel is the travel time of a mobile robot between two adja-
cent machines. Tij

travel = | j − i| × Ttravel, i, j = 1, 2, . . . , M,
and i≠ j represent the traveling time of a mobile robot from
machine Si to machine Sj. Machine Si denotes the current
position of the robot while the machine Sj is the final posi-
tion of the robot.

(8) �bi(t) = [ p1i(t) . . . pli(t) . . . pKi(t)]′ is the ith buffer level at
time t, representing the quantity of each product type l,
l= 1, 2, …, K.

(9) �ei = ( j, ti, di), denotes the ith disruption event that machine
Sj is down at the time ti for a duration of di.

(10) �evi = ( j, tvi, dvi), denotes the ith virtual disruption event that
machine Sj is waiting for the robot to load/unload at the time
tvi for a duration of dvi.

(11) MTBFi and MTTRi represent the mean time between failure
and mean time to repair of machine Si, respectively.

(12) SM∗ denotes the slowest machine of the production line,
while TM∗ + TM∗

load + TM∗
unload + TiM∗

travel represents the cycle
time of the slowest machine.

(13) Dl(t) is the market demand of product type l at time t.

The following assumptions are adopted in this paper:

(1) The term “part” and “product” in this paper are used
interchangeably.

(2) The system is capable of processing l types of products. Each
product type follows a unique sequence of operations, for
example, S1→ S2→ S4 and S1→ S3→ S4 are two different
product types.

(3) Each part must pass through the first and the last machine. In
other words, machines S1 and SM are always critical.

(4) Each machine must process at least one type of product in the
system.

(5) The intermediate buffer has only those product types that are
to be processed by the immediate next machine.

(6) The mobile robot carries the material handling task of
loading/unloading parts among machines and buffers based
on the unique sequence of each product type.

(7) Each machine Si operates at a rated speed of
1/Ti + Ti

load + Ti
unload + T ji

travel.
(8) A machine is said to be blocked if it is operational and its

downstream buffer is full. However, a machine is said to
be starved if it is operational and its upstream buffer is empty.

4 Dynamic System Modeling and Performance
Evaluation
Modeling and analyzing systems are necessary for production

control. The author’s previous work has built a data-enabled math-
ematical model for multiproduct production lines [28]. To keep the
paper self-contained, we briefly introduce the model and conclusion
without going into technical details. Based on this model, our mul-
tiproduct FMS is operated under control inputs and random disrup-
tions. The buffer level of each buffer is treated as a system state, and
there are two sources of external disturbances: random disruption
events, such as machine failures, and material shortages due to the
robot’s unavailability to load and unload parts to certain machines.
These material shortages are referred to as “virtual disruptions,”
and are defined as �evi = ( j, tvi, dvi), j = 1, 2, . . . , M, i ∈ Z+, where
Sj is the machine, tvi is the time, and dvi is the duration of the material
shortage disturbance.
With the prior discussion, the dynamic system can be represented

by the following state-space equation:

ḃ(t) = F(b(t), U(t), W(t)) (1)

Y(t) =H(b(t)) (2)

In the context of this system, the parameters are defined as b(t) =
[�b2(t), �b3(t), . . . , �bM(t)]′ represents the buffer levels at time t. It is a
vector of all product types and �bi(t) = [ p1i(t) . . . pli(t) . . . pKi(t)]′.

Fig. 1 A general multiproduct FMS with n product types, handled by a mobile robot
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W(t)= [w1(t), w2(t),… wM(t)]′ represents the disturbances at time
t, where wj(t) describes whether Sj suffers from a disruption at time
t. If ∃�ek ∈ E.s.t.�ek = (i, tk , dk) and t∈ [tk, tk+ dk], then wi(t)= 1;
otherwise, wi(t)= 0. Define θi(t) as the status of a machine Si at
time t, i.e., θi(t)= 1−wi(t). A machine Si is up at time t when
wi(t)= 0 and down when wi(t)= 1.
Y(t) = [�Y1(t), �Y2(t), . . . , �YM(t)]′ denotes the system output at

time t, where �Yi(t) = [ p1i(t) . . . pli(t) . . . pKi(t)]′, i = 1, . . . , M, and
l= 1, 2, …, K denotes the production count of the machine Si for
all product types up to time t.
F(*)= [ f1(*), f2(*), · · · , fM(*)]′, where fj(*) denotes the dynamic

function of a machine Sj;

H(*)= [H1(*), H2(*),…, HM(*)]′, where Hj(*) is the observation
function of a machine Sj;
U(t)= [u11(t), u12(t), …, u1M(t), u21(t), u22(t), …, ulM(t)] is the

control input, where ulj(t) describes whether the robot is assigned
to the machine Sj for loading/unloading of product type l. ulj(t)=
1 when the robot is assigned to Sj for product type l, otherwise
ulj(t)= 0.
The system’s state, i.e., buffer level, depends on the control

input U(t) and the machine status θi(t). The amount of individual
product types in each buffer at time t is �Γ

l
ij(t) = �Yi(t) − �Yj(t)=

[Γ1
ij(t) . . .Γ

l
ij(t) . . .Γ

K
ij (t)]

′, which follows the conservation of flow

�Γ
l
ij(t) =

∑j
n=i+1

[ p1n(t) . . . pln(t) . . . pKn(t)]′ −
∑j

n=i+1
[ p1n(0) . . . pln(0) . . . pKn(0)]′, i < j

0 i = j∑i
n=j+1

[ p1n(0) . . . pln(0) . . . pKn(0)]′ −
∑i

n=j+1
[ p1n(t) . . . pln(t) . . . pKn(t)]′, i > j

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

(3)

where pln(t) is the quantity of product type l in buffer n at time t.
�Γ
l
ij(t) denotes the sum of all product types l between machine Si

and Sj at time t. �Γij(t) has an upper limit at which a machine Si is
either starved if its upstream buffer bi is empty or blocked if its
downstream buffer bj is full. Let this boundary be denoted as βij,
we have

βij =

∑j
n=i+1

Bn −
∑j

n=i+1
[ p1n(0) + · · · + pln(0) + · · · + pKn(0)], i < j

0 i = j∑i
n=j+1

[ p1n(0) + · · · + pln(0) + · · · + pKn(0)], i > j

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

(4)

where Bn is the buffer capacity of buffer n.
Therefore, a machine’s output depends on the status of its

upstream and downstream buffers. If it is not starved or blocked,
it operates at its designated speed. Otherwise, it is constrained by
the corresponding upstream or downstream machines.
Let φ(t)= [φij(t)]M×M be a matrix used to indicate the interactions

among machines Si and Sj at time t as follows:

φij(t) =
1, if Γij(t) = βij, i ≠ j
∞, otherwise

{
(5)

where φij(t) denotes if the machine Si is starved or blocked by
machine Sj. If machine Si is constrained by machine Sj,
then machine Si must operate at the operating speed of the
machine Sj

vi(t) =min
φij(t)θj(t)

Tj + Tij
travel

,
θi(t)

Ti + T ji
travel

{ }
(6)

where vi(t) is the operating speed of machine Si at time t. Extending
Eq. (6) to a whole production line, it can be represented as follows:

vi(t) =min

φi1(t)θ1(t)

T1 + T j1
travel

,

φi2(t)θ2(t)

T2 + T j2
travel

,

..

.

θi(t)

Ti + T ji
travel

,

..

.

φiM(t)θM(t)

TM + T jM
travel

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

⎫⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(7)

The change rate of �bi(t) is the speed difference between Si and Si−1.

�bi
˙ (t) = {[vi(t)][P1i . . .Pli . . .PKi]

′ − [vi−1(t)]

[P1(i−1) . . .Pl(i−1) . . .PK(i−1)]
′}⊙ [P1i . . .Pli . . .PKi]

′ (8)

=Fi(b(t), W(t))

where⊙ represents the Hadamard product, and Pli, i= 1, 2,…,M, l=
1, 2,…,K denotes the relation of machine Si and product type l. It is 1
if a machine Si processes product type l otherwise 0.
The output of the system at time t is given as follows:

Y(t) = �YM(t) = [ p1M(t) . . . plM(t) . . . pKM(t)] = Hi(b(t)) (9)

4.1 Permanent Production Loss Evaluation. To solve the
problem of robot scheduling, the system needs to be completely
understood. The authors will extend and adapt their earlier work
on OW and PPL [14]. To keep this paper self-contained, only a
summary of the basic concepts will be provided without including
detailed proof. The PPL of a system can only be evaluated when it is
subject to disruptions. The concept of OW is used to measure the
status of a system and its resilience to disruption events [14,29].
OW of a machine Sj, denoted as OWj(Td), is the longest

possible downtime that can be taken on the machine Sj at time Td
without causing PPL at the end-of-line machine SM. It can be
defined as

OWj(Td) = sup

{
d ≥ 0 : s.t. ∃T∗(d),

∫T
0
SM t( )dt =

∫T
0
S̃M t;�e( )dt, ∀T ≥ T∗(d)

}
(10)
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where
�T
0SM t;�e( )dt and �T0SM t( )dt represent the production count of

the last machine SM with and without disruption event
�e = (M, Td , d), respectively.

Based on our previous studies, the OW of a machine Sj along a
serial production line with finite buffers is defined as the time it
takes for the buffers between machine Sj and the slowest machine
SM∗ to become empty (j <M∗) or full (j >M∗) when Sj is forced
down.
It has also been proven that the system will experience PPL only

if the OW of a machine is exceeded by the duration of the disruption
event on the machine. This kind of PPL resulting from an extended
disturbance is also permanent for all other machines on the line. If a
disruption event �ei = ( j, ti, di,) lasts longer than its corresponding
opportunity window, OWj(t), then for any machine Sj, there exists
T∗ ≥ t + d, depending on the relative position of the machine Sj
to the slowest machine, Sm* such that:

∫T
0
Sj t

′( )
dt′ −

∫T
0
Sj t

′, �e
( )

dt′ =
d − OWj t( )
( )

TM∗
, ∀T ≥ T∗ (11)

In this paper, the concepts of OW and PPL are extended to mul-
tiproduct flexible production lines. The PPL is utilized as a quanti-
tative measure of the impact of both real and virtual disruption
events on the system. Real disruptions are disruptions that occur
randomly, such as machine failures, while virtual disruptions are
artificially created, such as elongated waiting times for a machine
due to the assignment of a robot (U(t)). The goal of the system is
to control the assignment of the robot (U(t)) in order to minimize
the impact of these disruptions on the system, as measured by PPL.
The amount of PPL is evaluated by taking the difference between

the actual output of a production system (real production) and the
output of an ideal production system, which is a theoretical
system that does not experience any disruptions (either real or
virtual) and always has a robot available to load and unload parts
when needed. Let the output of an ideal production system be
denoted as Yideal(T ) and real output of the system be denoted as
Y(T ), the amount of PPL during a time period [0, T ] can be
defined as PPL(T )= Yideal(T )− Y(T ). It is noted that the output of
the last machine is used to represent the overall system output for
both real system and ideal production system.
Now to derive the PPL, a critical machine is defined. A machine

Si is critical if it processes all product types of the system.
For example, if a machine Si is critical, then
P1i P2i . . . PKi

[ ]′ = 1 1 . . . 1
[ ]′

. The ith critical
machine is denoted as Sic, whereas (Tic + Tic

load + Tic
unload + T j,ic

travel)
represents the cycle time of the ith critical machine. Similarly, the
slowest critical machine of the production line is referred to as
Ssc, and its cycle time is the longest among all critical machines, rep-
resented by (Tsc + Tsc

load + Tsc
unload + T j,sc

travel).
Based on our previous research [14], the system will experience

PPL only if the OW of the slowest critical machine Ssc is exceeded
by any disruption event. Therefore, the PPL during a time [0, T ]
depends on the status of Ssc and can be defined as

PPL(T) =
Dsc(T)

Tsc
r + Tsc

load + Tsc
unload + T j,sc

travel

(12)

Ssc may stop due to random disruption events or virtual disrup-
tions, such as the unavailability of the robot or starvation/blockage
caused by random disruptions on other critical machines. As dis-
cussed earlier [30], virtual disruptions are dependent on the
system and are considered an endogenous factor of the system.
These disruptions can be controlled by optimizing the scheduling
policy of the mobile robot. On the other hand, a random disturbance
is considered an exogenous factor of the system, which is caused by
uncontrollable random disruption events. Therefore, this paper
focuses on endogenous factors of the system (i.e., robot scheduling)
and uses RL Q-learning to develop an optimum policy.
Besides, to estimate the impact of individual machine downtime

on the whole production line, our previous work [28] discussed

sensitivity analysis based on our performance metric, i.e., PPL attri-
bution to each machine along a multiproduct FMS.

4.2 Demand Dissatisfaction. Demand Dl(t) is the customer
order for a product type l at time t. Besides PPL, demand is
another important factor to analyze system behavior. A demand
Dl(t) is satisfied if the market’s order is fulfilled within the required
time [0, T ], otherwise dissatisfied. The market demand for each
product type l varies over time, making it challenging to satisfy
the demand for each product within due time, as the system may
experience disruptions.
As previously mentioned, PPL is caused by disruptions on the

critical machine Sic. Therefore, if there is an extended disruption
event on a non-critical machine Si, there may be dissatisfaction
with the demand for the product type l that passes through the dis-
rupted machine Si. This paper considers demand dissatisfaction to
be equivalent to permanent production loss.
A demand Dl(t) is satisfied for a product type l during the time

[0, t] if the actual production of product type l, i.e., Yl(t), is not
exceeded by the market demand Dl(t). Otherwise, there is a
demand dissatisfaction for the product type l, and the associated
cost, referred to as delay cost, can be evaluated. On the other
hand, the cost for the excess production, referred to as the cost of
surfeit, can be also calculated. Together, these costs can be
written as

CT =
∑K
l=1

ωl
d max{0, Dl(t) − Yl(t)} +

∑K
l=1

ωl
s max{0, Yl(t) − Dl(t)}

(13)

where ωl
d and ωl

s are the delay cost rate and the surfeit cost rate for
product type l, respectively.

5 Control Problem Formulation and Solution
The control input U(t) determines where the robot should be

assigned and what product it should load or unload. U(t) needs to
be updated based on the current state of the system. However,
U(t) also affects the system model because different product types
follow different paths, leading to changes in the system’s state.
As a result, U(t) is linked to the system’s state b(t), which compli-
cates the control design. Furthermore, it is not possible to use classic
control methods because there is no general closed-form represen-
tation of the system.
To address this issue, this paper proposes a learning-based

control scheme. Since the control problem involves a robot
making sequential decisions about which machine to assign to
and what product to handle, it is suitable to formulate it using a
Markov Decision Process (MDP). An MDP is based on a tuple
〈S, A, P, R, γ〉 where S denotes the agent’s Markov states, A
denotes a set of actions the agent can take in the state s ϵ S, P is
the transition probability from state s to s′ given action a is taken,
R is the reward, the agent receives after transitioning from s to s′
by taking an action a, and γϵ[0, 1] is the discount factor. Since pre-
vious research has demonstrated that model-free methods are effec-
tive in solving such problems [27,31], a model-free RL-based
control scheme is developed in this paper.

5.1 Problem Formulation. The control input U(t) aims to
minimize the cumulative production loss PPL and total cost CT
by dynamically scheduling the robot to meet the real-time
demand for each product type. An RL framework is used to
model this problem. The agent (i.e., the mobile robot) takes an
action at at time t, which in this case is the loading/unloading of a
product type l at machine Si. This action causes a transition from
state st to st+1, and the agent receives a reward rt+1 for taking the
action.
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To meet the demand for each product type l and minimize the
PPL over a period, an optimal policy π∗ must be defined.

π∗ = argmin
π

(PPL + CT) (14)

Thus, the robot scheduling problem can be formulated as: Given
the current system state st∈ S, find a feasible control action at∈A
that minimizes PPL (i.e., maximizes the production output) while
satisfying the market demand for each product type.
The states, actions, and rewards for this problem are discussed

below. The transition probability is not addressed because a model-
free RL approach is used.

States
The system state consists of the buffer status (i.e., the buffer

levels for each product type at each time t), the machine’s status
(i.e., up, or down), and the remaining process time for each
machine for the current part. Therefore, the system state at time t,
st∈ S can be represented as

st = {�b1, �b2, . . . , �bM−1, θ1, θ2, . . . , θM , tr1, tr2, . . . , trM} (15)

where �bi, i = 1, 2, . . . , M − 1 denotes the buffer level for each
product type; θi= 1 if Si is up otherwise 0; trj denotes the amount
of remaining process time for the machine Sj to finish the loaded
part.

Actions
The robot needs to be assigned to a machine Sj, j= 1, 2,…,M for

a product type l. Define A as a set of robot’s actions and at∈A.
Then, the actions can be represented as

at = [a11, a12, . . . , a1M , a21, a22 . . . , alM] (16)

where at represents the robot assignment at time t, and alj denotes
the assignment of the robot to the machine Sj for loading/unloading
product type l.

Reward
The reward function for the robot’s action is calculated as a linear

combination of the PPL and the net cost of demand dissatisfaction
(CT) as

r = −PPL − CT (17)

The robot is trying to maximize production of a specific product
type (l ) in order to avoid the cost of delay (CoD), as dictated by
market demand (Dl(t)). However, the robot must also take into
account the cost of surfeit (CoS), which is the cost associated
with consistently assigning similar product types that are not in
high demand by customers. This balance between CoD and CoS
allows the robot not only to increase total production but also to

focus on assigning the required product types to the machines.
This reward function encourages the robot to take actions that min-
imize the PPL and CT.

5.2 Solve the Problem Using Q-Learning. The solution to an
MDP problem is based on a policy π, where the agent tries to max-
imize its reward by taking an optimal action in each state s.
Q-Learning can be used to optimize the action-selection policy
for any given MDP. It is a model-free algorithm, meaning that
the agent relies on estimates of the expected response of the envi-
ronment rather than following a model of the environment. The
Q-learning algorithm is based on a simple value-iteration update
and uses the following equation:

Q(st , at) = Q(st , at) + α rt+1 + γmax
a

Q(st+1, a) − Q(st , at)
[ ]

(18)

where γ is the discount factor (0≤ γ≤ 1) used to balance immediate
and future rewards. The learning rate α (0 < α≤ 1) determines how
much the new value is accepted relative to the old value. The
ε-greedy algorithm (0 ≤ ε ≤ 1) is used to balance exploration and
exploitation, ensuring that the agent visits all state-action pairs.
The Q-table is regularly updated, leading to the approximation of

optimal action-value functions Q∗. After Q converges to Q∗ and the
agent has learned completely, the optimal policy π∗ can be directly
constructed from Q∗

π∗(s) = argmax
a

Q∗(s, a) (19)

In Fig. 2, the flow structure of the multiproduct system is
depicted. The model inputs include the buffer level �bi(t), random
disruptions w(t), and control action u(t). The updated buffer
levels and PPL are calculated using Eqs. (1) and (12), respectively.
The market demand is compared to the sink, and CT is calculated
using Eq. (13). The calculated PPL and CT are used to estimate
the reward, and the Q-learning algorithm generates a new action
which is applied to the system model.

6 Case Study
To demonstrate the effectiveness of the proposed method for

solving the robot assignment problem, extensive numerical
studies were conducted. The study involves evaluating 20 distinct
system configurations, and for each configuration, three policies
are compared. The first policy, labeled RL-PPLCT, is based on
the proposed method and employs the reward function as defined
in Eq. (17), i.e., r=−PPL − CT. The second policy, labeled
RL-PPL, employs RL but with a different reward setting, r=
−PPL. The third policy, labeled First-come-first-serve (FCFS), is

Fig. 2 A complete working structure of multiproduct FMS controlled by Q-learning algorithm
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a simple scheduling policy commonly found in many real-world
applications.
To evaluate the performance of each policy, three metrics are uti-

lized: (1) production count, (2) demand satisfaction/dissatisfaction,
and (3) estimated profit. Based on the results of the numerical case
study, it can be concluded that the proposed RL-PPLCT policy out-
performed the other two policies in all three metrics, with statistical
significance.

6.1 Test Environment. Twenty different system configura-
tions are constructed by selecting randomly and equiprobably
from the following sets:

No. of machines, M ∈ {3, 4, . . . , 10}

No. of robots, R ∈ {1, 2, 3, 4, 5, 6}

Processing time, Ti ∈ [50, 90]sec, i = 1, 2, . . . , M

Loading time, Ti
load ∈ [5, 25]sec, i = 1, 2, . . . , M

Unloading time, Ti
unload ∈ [5, 25]sec, i = 1, 2, . . . , M

MTBFi ∈ [10, 25]mins, i = 1, 2, . . . , M

MTTRi ∈ [2, 6]mins, i = 1, 2, . . . , M

Buffer capacity, Bi ∈ [10, 50], i = 1, 2, . . . , M − 1

No. of product types, l ∈ {2, 3, 4, 5, 6}

Weekly demand, Dl ∈ [50, 250], l = 1, 2, . . . , K

All intervals presented an increase with an integer value of
1. Random disruptions are generated assuming a geometric distribu-
tion using mean time between failures (MTBFi ) and mean time to
repair (MTTRi).
For this case study, the system parameters and data are collected

from a refrigerator and motor-bike manufacturing lines. To main-
tain confidentiality, the mockup system parameters are shown in
Tables 1–6.
To provide further details on the method and performance eval-

uation, two system configurations are presented in this paper.
Configuration-1 consists of four machines, three buffers, three

product types, and one robot, as shown in Fig. 3. Configuration-2
consists of five machines, four buffers, three product types, and
one robot, as shown in Fig. 4. The robot assignment policy is
trained once, and then, the trained policy based on the proposed
method is evaluated through online execution and compared with
RL-PPL and FCFS for both configurations. For each configuration,
the production count, demand dissatisfaction, and estimated profit
under the proposed policy are compared with those of RL-PPL
and FCFS.

6.2 Offline Training of the Mobile Robot. The mobile robot
agent is trained for 20 episodes with each episode representing 10 h
a day, 5 days a week. As shown in Fig. 5, it takes almost 800 h for
both RL-PPLCT and RL-PPL policies to get stabilized. However,
the overall reward is higher under the proposed RL-PPLCT
policy. The parameters used during the training are the following:
ε-greedy set to 0.2, the discount factor γ to 0.95, and the learning
rate α to 0.1. The Q(s, a) table is initialized as zero and is continu-
ously updated with each episode.

6.3 Online Execution of the Proposed Policy. Once trained,
the policies from RL-PPLCT and RL-PPL are executed on the
two system configurations mentioned above, and three performance
metrics are utilized to compare the three policies: RL-PPLCT,
RL-PPL, and FCFS.

6.3.1 Configuration-1. In Configuration-1, Figs. 6(a)–6(c)
compare the production accumulation of product types 1, 2, and
3, respectively, under the proposed RL-PPLCT and FCFS for a
three-week duration. Figure 6(a) shows an average difference of
50 units per week between both policies, with production under
the proposed method being less. It takes more time for the proposed

Table 1 Parameters for the machines (Configuration-1)

Parameters S1 S2 S3 S4

Processing time, Tr (s) 60 55 70 65
Loading time, Tl (s) 15 15 15 15
Unloading time, Tu (s) 10 10 10 10
MTBF (min) 16 14 22 20
MTTR (min) 5 3 4 4

Table 2 Parameters for the machines (Configuration-2)

Parameters S1 S2 S3 S4 S5

Processing time, Tr (s) 70 50 90 60 55
Loading time, Tl (s) 10 10 10 10 10
Unloading time, Tu (s) 10 10 10 10 10
MTBF (min) 19 16 25 18 20
MTTR (min) 3 4 2 4 3

Table 3 Parameters for the three buffers (Configuration-1)

Parameters B1 B2 B3

Buffer capacity 25 25 25
Initial buffer level 0 0 0

Table 4 Parameters for the four buffers (Configuration-2)

Parameters B1 B2 B3 B4

Buffer capacity 20 20 20 20
Initial buffer level 0 0 0 0

Table 5 Parameters for the three product types
(Configuration-1)

Parameters Product type 1 Product type 2 Product type 3

Week 1 demand 200 200 200
Week 2 demand 250 250 250
Week 3 demand 180 180 180
Profit ($/part) 2 2 2

Table 6 Parameters for the three product types
(Configuration-2)

Parameters Product type 1 Product type 2 Product type 3

Weekly demand 70 95 155
Profit ($/part) 2 2 2
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RL-PPLCT policy to satisfy the market demand for product type 1
compared to FCFS, due to the reward setting that restricts the robot
from continuously assigning product type 1. On the other hand, pro-
duction for product types 2 and 3 is increased under the proposed
policy, with an average increase of 70 and 40 units per week,
respectively. In Fig. 6(b), FCFS policy fails to satisfy the market
demand for product type 2 in the second and third weeks, while
RL-PPLCT policy catches up with the market demand quickly.
Similarly, in Fig. 6(c), although both policies satisfy the market
demand, the proposed policy significantly reduces the demand sat-
isfaction time.

Figure 7 presents a comparison of net profit under FCFS,
RL-PPL, and RL-PPLCT for individual product types and cumula-
tive production. The dotted bar indicates the profit under the FCFS
policy, whereas the bars with line and circle patterns represent the
profit under RL-PPL and RL-PPLCT, respectively. While consider-
ing the corresponding market demand of each product type, the pro-
posed method reduces the production of product type 1 but
increases the production of product types 2 and 3, resulting in an
increase in net profit of $408 and $360, respectively. The average
net profit for total production increases by $177 under the proposed
method, demonstrating its effectiveness. The 95% confidence inter-
val also indicates a significant difference in net profits.
Figure 8 illustrates a comparison of the overall production count

for one week among the proposed RL-PPLCT, RL-PPL, and FCFS
policies for Configuration-1. The results show that the proposed
policy outperforms the FCFS policy by increasing the production
for each product type, with an average increase of 50 units for
product type 1, 32 units for product type 2, and almost 46 units
for product type 3 over the course of 20 episodes, which represent
one week. The 95% confidence intervals for the RL-PPLCT did not
overlap with those of the FCFS policy, indicating that the
RL-PPLCT policy performs better than the FCFS policy. Overall,
production is increased by almost 128 units in a single week,
showing the effectiveness of the proposed policy.
In summary, the proposed policy demonstrated a statistically sig-

nificant increase in performance compared to FCFS and RL-PPL, as
evidenced by higher net profit, production, and demand satisfaction.
Although there was a slight reduction in the production of product
type 1, the proposed policy achieved a more balanced distribution of
production across all product types, resulting in better overall per-
formance. The results of the case study highlight the effectiveness
of the RL-PPLCT policy in improving manufacturing system

Fig. 3 Configuration-1: A multiproduct FMS with four machines, three buffers, and three product types handled by a mobile
robot

Fig. 4 Configuration-2: A multiproduct FMS with five machines, four buffers, and three product types handled by a mobile
robot

Fig. 5 Training data, reward versus time
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performance and its potential application in other manufacturing
systems.

6.3.2 Configuration-2. For Configuration-2, we only compare
the net production count and estimated profit for one week. The

production trajectories over time are not shown in this case and
the discussion is not very detailed, as it follows the same concept
as Configuration-1.
Figure 9 illustrates a comparison of the overall production count

for one week among the proposed RL-PPLCT, RL-PPL, and FCFS

Fig. 6 Comparison of production trajectory under FCFS and RL-PPLCT for (a) Product type 1, (b) Product type 2, and (c) Product
type 3

Fig. 7 Comparison of estimated profit under FCFS, RL-PPL, and
RL-PPLCT for configuration-1

Fig. 8 Comparison of net production under FCFS, RL-PPL, and
RL-PPLCT for configuration-1
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policies for Configuration-2. It can be observed that only the pro-
posed policy is able to meet the market demand on a weekly
basis. This is due to the reward function, which takes into
account both PPL and CT. As a result, the policy is adjusted to
ensure that the slowest critical machine Ssc is not stopped and the
market demand is met. In contrast, the RL-PPL policy does not
meet the corresponding market demand, as it only considers PPL
and ensures that Ssc is not stopped without updating based on the
specific market demand of individual product types.
In Fig. 10, the net profit for individual product types and total pro-

duction is compared among the proposed RL-PPLCT, RL-PPL, and
FCFS for Configuration-2. The proposed policy results in the highest
net profit of almost $241, compared to RL-PPL with $219 and FCFS
with $146. The proposed RL-PPLCT adjusts the production accord-
ing to the market demand and produces a larger quantity of product
type 3 compared to product types 1 and 2, resulting in demand satis-
faction. Therefore, the proposed policy outperforms the RL-PPL and
FCFS policies.

7 Discussion and Real-World Implementation
The case study presented in this paper demonstrates the effective-

ness of using reinforcement learning (RL)-based control policy for
controlling multiproduct FMS in realistic settings. Apart from the
reported results, the study offers valuable insights for further
research and practical implementation. First, incorporating
domain knowledge into reinforcement learning is crucial. The
study reveals that the reward function solely based on the produc-
tion maximization, i.e., reducing PPL, does not provide significant
results, as it only ensures to keep the machines processing products
irrespective of their types. The performance metrics like market
demand along with PPL can enhance the system’s performance.
Therefore, it is imperative for the academicians and practitioners
to gain a deep understanding of the domain and identify relevant
performance metrics that can be integrated into the reward function.
Second, the algorithm used in this study is Q-learning, which pro-

vides good results when the state-space is not too huge. However, in
real-world scenarios, it depends on the environment where the
method is applied. Therefore, the state-space and action space
need to be analyzed before using this approach. In the future, com-
plicated real-world problems having large state space, advanced
algorithms, e.g., policy gradient, Deep Neural Networks (DNN),
etc., will be explored.
Finally, since the proposed method takes real-time information

from the environment, the output is dependent on the input data.

Therefore, it is recommended that the data must be pre-processed
and removed any noise available before feeding to the model, as
the real-time data are usually collected through different sensors
and there is always a high probability to have some noise in the data.

8 Conclusion and Future Work
This paper studies a multiproduct flexible manufacturing system

that utilizes a mobile robot for handling the parts among machines
and buffers. A data-enabled model is developed and using PPL and
demand dissatisfaction as performance metrics, a fast recursive
algorithm calculates the system’s real-time state. The challenge of
real-time control of the robot in this system, which is impacted by
the modeling of the system and the scheduling of the robot, is
addressed by formulating it as a reinforcement learning (RL)
problem with a reward function based on PPL and the cost of
demand dissatisfaction. A case study is used to demonstrate the
effectiveness of the learned policy using the Q-learning algorithm.
The Q-learning algorithm is used to learn a policy under two differ-
ent reward settings, and the resulting policies are compared with a
first-come, first-served (FCFS) control policy. Simulation results
show that the policy learned with the cumulative reward function
outperforms the FCFS policy and the policy learned with the
reward function considering only PPL. The proposed policy
increases overall production throughput by approximately 23%
per week while satisfying the market demand for individual
product types. Therefore, RL is found to be effective in reducing
real-time production loss in a multiproduct FMS while meeting
market demand.
In this study, a simple production line was used to demonstrate

the proposed method. As such, a straightforward Q-learning
approach was sufficient to address the robot control problem.
However, in more complex environments that feature a larger
number of machines, buffers, or product types, state-of-the-art algo-
rithms such as deep neural networks (DNNs) and policy gradient
algorithms may be more appropriate. Therefore, it would be valu-
able to investigate the use of these and other RL algorithms in
future research and compare their performance.
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