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Modeling and Dynamic
Assignment of the Adaptive Buffer
Spaces in Serial Production Lines
In production systems, the buffer capacities have usually been assumed to be fixed during
normal operations. Inspired by the observations from the real industrial operations, a novel
concept of Adaptive Buffer Space (ABS) is proposed in this paper. The ABS is a type of
equipment, such as movable racks or mobile robots with racks, which can be used to
provide extra storage space for a production line to temporarily increase certain buffers’
capacities in a real-time fashion. A good strategy to assign and reassign the ABS can sig-
nificantly improve real-time production throughput. In order to model the production
systems with changing buffer capacities, a data-driven model is developed to incorporate
the impact of buffer capacity variation in system dynamics. Based on the model, a real-
time ABS assignment strategy is developed by analyzing real-time buffer levels and
machine status. The strategy is demonstrated to be effective in improving the system
throughput. An approximate dynamic programming algorithm, referred to as ABS-ADP,
is developed to obtain the optimal ABS assignment policy based on the strategy. Traditional
ADP algorithms often initialize the state values with zeros or random numbers. In this
paper, a knowledge-guided value function initialization method is proposed in ABS-ADP
algorithm to expedite the convergence, which saves up to 80% computation time in the
case study. [DOI: 10.1115/1.4048377]
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1 Introduction
As essential components in multistage manufacturing systems,

buffers are placed between machines to mitigate the imbalances
in real processing speeds induced by various reasons, e.g., uneven
job assignments, random machine failures, and material outages.
Undoubtedly, the buffer allocation and capacities have substantial
impacts on system throughput. In related researches published
over the past decades, the buffer capacities have always been
treated as key design variables for manufacturing systems [1,2].
That being said, the discussions related to the buffer capacities
have been distinctly limited to the system design stage or continu-
ous improvement process. The possibility of changing buffer capac-
ities during normal real-time operations has been ignored in
literatures. In this paper, we formally propose a novel concept of
Adaptive Buffer Space (ABS), which is a mobile equipment carry-
ing extra buffer spaces that can be assigned and reassigned in a real-
time fashion to enhance the system performance.
In existing literatures, the production system parameters, includ-

ing buffer capacities, have mostly been assumed to be fixed in a
relatively long term. However, in reality, altering the buffer capac-
ities can be observed in many factory floors. For example, in a
vehicle side door assembly line, when one station is subjected to
a long downtime event, the operators in the upstream station
would try to find extra part racks to store work-in-process parts in
order to prevent, or at least delay, the blockage caused by the down-
time event. The extra racks, referred to ABS in this paper, would
enable the system to be more resilience to random downtimes,
thereby improving the system performance. However, in practice,
those extra racks are mostly assigned in a heuristic way that lacks
a system-level coordination, which might not necessarily yield the
best outcomes for the system.

The recent developments in smart manufacturing have set the
stage for systematically implementing ABS. Regarding the hard-
ware, the advanced automation technologies have laid a sound
foundation for building responsive ABS systems. The past few
years have witnessed the widespread introduction of autonomous
mobile robots to smart manufacturing systems as they can incorpo-
rate different features, including computer vision and wireless com-
munication, to perform complex tasks such as transporting payloads
and collaborating with operators. The autonomous mobile robots
have great potential as the platform for the ABS systems, although
the technical details regarding the hardware are beyond the scope of
this paper. On the other hand, it is nontrivial to determine when and
where we should assign the extra buffer spaces. Today, the real-time
status of the manufacturing system has become more transparent
and detailed. Leveraging the real-time data, many sectors of the pro-
duction control have shifted to intelligent control policies that can
adapt to fast-changing system conditions [3–7]. The ABS is also
expected to be assigned in a real-time fashion aiming at enhancing
the system performance. We can fully exploit the existing sensor
system and control platform to establish and implement the real-
time ABS assignment.
The traditional buffer allocation problems [8,9] aim to assign

limited total buffer spaces to each buffer in system design stage.
The proposition of the ABS is converting the buffer space alloca-
tion/assignment from a design problem to a control problem. The
metrics for the buffer allocation problem are usually the steady-state
system performance indicators, such as steady-state throughput.
However, in ABS problem, the real-time system performance is
concerned. Due to the fundamental differences between the two
problems, there are some notable knowledge gaps in the ABS
problem ranging from system modeling to problem formulation
and control scheme, etc.
This paper not only contributes to a formal proposal of the

concept and operation mechanism of the ABS but also responds
to the challenges mentioned earlier. First, a novel modeling
method needs to be established to model the production systems
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with changing buffer capacities over time. In this paper, we extend
the data-driven model in our previous work [10] to model the serial
production lines with ABS. Second, we demonstrate that the ABS
can improve the system performance by reducing the permanent
production loss, which gives us a consistent criterion for the ABS
assignment in either deterministic or stochastic scenarios. Finally,
we formulate the ABS assignment in stochastic scenario as an
approximate dynamic programming problem and the optimal
assignment policy is obtained by the proposed algorithm. During
this process, the data-driven model and physical understandings
are well utilized. For example, we adopt a knowledge-guided
value initialization method in the algorithm that has been proved
to save up to 80% computation time in numerical case study.
The remainder of the paper is organized as the following. The liter-

ature review is presented in Sec. 2. In Sec. 3, the operationmechanism
of the ABS and assumptions adopted in this paper are introduced.
Section 4 establishes the data-driven model for the production
system with ABS. In Sec. 5, the ABS assignment problem is formu-
lated and the assignment strategy in deterministic scenario is demon-
strated. In Sec. 6, the ABS-ADP algorithm is introduced to obtain
the optimal ABS assignment policy in stochastic environment. The
case study and conclusions are provided in Secs. 7 and 8, respectively.

2 Literature Review
In the production systems, the buffers are used to store or convey

work-in-process parts between machines. With these inline buffers,
one machine is able to sustain its operation even when the adjacent
machines are down. Obviously, the system would possess more
resilience to random disturbances with more buffer capacities.
However, due to the constraints of capital investment and plant
layouts, the buffer capacity has to be limited in reality, which had
motivated a lot of studies on buffer allocation problems over the
past decades. There have been comprehensive surveys [8,9] on
buffer allocation problems. Demir et al. [8] classifies all the
buffer allocation problems into three major types. Type one is to
allocate a fixed number of available buffer spaces to each buffer
locations such that the throughput rate of the production line is max-
imized. Type two is to find a minimum number of total buffer
spaces and their allocations while satisfying a given throughput
rate requirement. The last type is the minimization of the average
work-in-process inventory subject to the total buffer size and the
desired throughput rate constraint. In most circumstances, the
buffer allocation problem can be seen as a constrained optimization
problem. Therefore, some generic optimization algorithms have
been applied to the buffer allocation problems, including tabu
search [11], dynamic programming [12], and evolutionary algo-
rithms [13]. However, all the three types of problems, whatever
the optimization methods they use, share the fundamental assump-
tion that the buffer capacities, once they are determined in the
design stage, would remain unchanged for a relatively long term.
In this paper, we propose a completely different problem, in
which we assume that the ABS has the capability of temporarily
increasing the buffer capacities during normal operations as
needed. The existing solutions to the buffer allocation problems
would not directly be applied to the ABS problem.
In essence, the ABS is intended to slightly change the system

structure in response to the random disturbances. In the past, the pos-
sibility of changing production system structures during normal
operations has been explored in some research areas, including the
reconfigurable manufacturing systems. Reconfigurable manufactur-
ing systems are designed at the outset for rapid change in structure in
order to quickly adjust production capacity and functionalitywithin a
part family in response to sudden changes in market or regulatory
requirements [14]. The researches in this context are mostly
focused on enhancing the reconfigurable characteristics of the pro-
duction systems [15], including convertibility, scalability, and mod-
ularity. Expanding buffer capacities with extra buffer spaces has not
been particularly studied in these researches as they aremore focused

on the reconfiguration of the overall system structure. For example,
Zhang et al. [16] propose a framework for assessing the performance
of multistate and repairable reconfigurable manufacturing systems
with buffers. The change in the buffer allocations is driven by the
changes in the system structure, for example, relocation of the
machines. It does not provide a dynamic control scheme for assign-
ing extra buffer spaces in reaction to real-time disturbances like
machine failures. But they provide some evidence to corroborate
the necessity of altering system structures to accommodate the fast-
changing conditions, either internal or external.
In traditional serial production lines, the buffer spaces are

assumed to be dedicated to each buffer location; that is, one
buffer only serves its immediate upstream and downstream
machines. Yang and Seo [17] conduct an analytical analysis on
multiple-node tandem queueing systems that have constant process-
ing time and Poisson’s arrival process, where the node refers to
machine or station if the research is applied to the production
systems. In that research, there is a central buffer in the system
and the buffer spaces in it are shared across all the nodes. The
waiting time and the blocking probability in steady-state are
derived to help solve the optimization problems, such as determin-
ing the minimum required buffer capacity for a given service level.
It again falls into the category of design problems, because the
policy that directs the assignment of these buffer spaces is not con-
sidered. In the ABS problem proposed in this paper, we also assume
that the buffer spaces in the ABS can be requested by all the
machines; however, the ABS is not supposed to be assigned indis-
criminately, and instead, we endeavor to obtain the optimal assign-
ment policy such that a better system performance is achieved.
For more complex production systems, they often gain higher

flexibility by sharing some of the resources, e.g., buffers, robots,
and fixtures. It is almost inevitable that sometimes multiple pro-
cesses request and compete for the same resource simultaneously,
which might cause deadlock. Deadlock is a highly undesirable
situation, where each of a set of two or more jobs keeps waiting
indefinitely for the other jobs in the set to release resources [18].
Some researchers have considered the deadlock problem for pro-
duction systems with buffers [19,20]. They are aimed to make
correct decisions upon resource requests in order to avoid the dead-
lock situation. Although the buffer assignment is also considered in
these researches, they are more focused on the robustness of the
control policy, which means the objective is to avoid the worst
situation if possible or resolve the deadlock if it actually happens.
In the ABS problem, the deadlock is not an issue since in addition
to the ABS there are also dedicated buffer spaces in each buffer
locations. Rather, our goal is to achieve the best possible outcome
by assigning the buffers to where it is needed most.

3 System Description
3.1 The Adaptive Buffer Space and Production System. As

shown in Fig. 1, the serial production line is consisting of multiple
machines that are interconnected with inline buffers. There are M
machines andM− 1 buffers. The ith machine is denoted as Si (i= 1,
2,…,M ), and the ith buffer location is denoted asBi (i= 2, 3,…,M ).
The ABS is a type of add-on equipment to a regular serial produc-

tion line. It contains several buffer spaces that can be used to store
work-in-process parts. There are three possible actions related to the
ABS, including Assign, Stay, and Home. The definitions of each
control action are as follows:
Assign: A destination buffer location will be first specified. The

ABS will move to the destination buffer location to increase the
existing buffer capacity by adding the extra ABS.
Stay: If one ABS is already assigned to a buffer location, the

buffer spaces in the ABS may or may not be occupied. In this
case, the ABS can opt to stay at the assigned buffer location until
a further order is received. Therefore, “stay” refers to staying at
its current assigned buffer location.
Home: If the extra spaces provided by the ABS are not occupied

at a certain assigned buffer location, the ABS can be released and
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return to the home position. The original buffer resumes its own
buffer capacity. The ABS will stay at the home position before it
is assigned again.
The ABS improve the flexibility of production systems, as it is

responsive to real-time conditions. In the following, some potential
ABS applications have been outlined.

(1) Throughput improvement

The immediate application of the ABS system is to improve the
system throughput. The assignment of the ABS could enhance the
resilience of the production system to random downtime events by
temporally expanding buffer capacities. It helps avoid blockage and
starvation caused by machine stoppages and hence increases the
system throughput.

(2) Residence time accommodation

For some manufacturing processes, intermediate products may
have residence time limits, beyond which the products are suscep-
tible to defect [21]. For example, in automobile assembly line, when
one part is applied sealant in previous stage, it has to enter the next
stage within some time limit before the sealant dries and becomes
ineffective. With residence time limits, the production system is
more vulnerable to blockages caused by downtime events. In this
case, ABS can be assigned to mitigate blockages for those processes
that are sensitive to residence time.

(3) Product quality assurance

The quality assurance is vital in the management of manufactur-
ing systems. Mhada et al. [22] show that the buffer capacities are not
only related to production quantity but also affecting the production
quality in unreliable production lines. The use of ABS would
provide extra flexibility in maintaining the desirable quality perfor-
mance. In addition, ABS can be seen as an interface with
work-in-process products. Product reworking, scrapping, and
replenishment due to quality defects are not uncommon in some
industries [23]. Leveraging the mobility of the ABS, we can use
it to transfer products in or out of intermediate buffers if reworking
or scrapping is warranted.

3.2 Problem Assumptions and Description. In this research,
we limit our scope to throughput improvement by dynamically
assigning ABS based on real-time system conditions, and other
potential applications are left for future works. Specifically, we
study the modeling, analysis, and real-time control of serial produc-
tion lines with one ABS aiming to improve the increase of the pro-
duction throughput. The following assumptions and notations are
adopted in this paper:

(1) The cycle time for machine Si is denoted as Ti. The slowest
machine in the production line is denoted as
SM∗ = argmax

i
{Ti, i = 1, 2, . . . , M}. The cycle time of the

slowest machine SM∗ is denoted as TM∗ ;
(2) The machine reliability can be modeled as exponential distri-

butions. The mean time between failure (MTBF) of machine
Si is given byMTBFi, and the mean time to repair (MTTR) of
machine Si is given by MTTRi;

(3) The operation status of machine Si is denoted as wi, i.e.,

wi =
1, machine Si is down at time t
0, otherwise

{
(1)

(4) Every buffer location in the line is originally equipped with
some fixed number of buffer spaces. The original capacity
for buffer Bi is denoted as BFIX

i . These spaces are dedicated
to the buffer locations and cannot be moved elsewhere;

(5) There is one ABS at the lineside. The capacity of the ABS is
denoted as BABS;

(6) The ABS can be assigned to one of the buffer locations to
temporarily expand its capacity. Therefore, the real capacity
of any buffer can vary over time. Let Bi(t) also denote the
buffer capacity of buffer Bi, then

Bi(t) =
BFIX
i + BABS, if ABS is assigned to Bi at time t

BFIX
i , otherwise

{
(2)

(7) The buffer level of buffer Bi at time t is denoted as bi(t);
(8) If the ABS has been assigned to Bi, it can be released and

return to home position only when the fixed buffer capacity
is enough to accommodate the buffer level, i.e., bi(t) ≤ BFIX

i .
In other words, when bi(t) > BFIX

i , the ABS has to stay in the
assigned buffer since it is being occupied;

(9) Machine Si is starved if it is operational and its upstream
buffer is empty. The first machine S1 is never starved.
Machine Si is blocked if it is operational and its downstream
buffer is full. The last machine SM is never blocked.

Given the assumptions (1)–(9), the ultimate objective of this
paper is to:

• Establish a mathematical model for the serial production lines
with ABS to describe the real-time behavior of the system
under random disturbances and ABS assignments;

• Based on the proposed model, develop an effective and effi-
cient methodology for obtaining the optimal policy that

ABS 

ABS Home position 

Fig. 1 The overall structure of the production line with ABS
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assigns the ABS based on real-time system states to improve
the system performance.

4 System Modeling
In the traditional production system analysis [1], Markov Chain

is widely used to model the serial production lines. However, the
model based on Markov Chain is usually only capable of evaluating
the steady-state performance of the system. With ABS, the buffer
capacities are changing from time to time. A model that could
reflect the real-time system dynamics would be much needed. In
Refs. [10,24], a data-driven model is proposed to model the serial
production lines, which well depicts the real-time system behaviors.
In this section, we will extend the data-driven model to incorporate
the ABS into the system.

4.1 Data-Driven Model for Serial Production Lines With
Adaptive Buffer Space. In this model, the serial production line
with ABS is represented by a state-space equation

ḃ(t) = F (b(t), u(t), w(t); Ω(t)) (3)

Y(t) =H(b(t); Ω(t)) (4)

The physical meanings of each component are as follows:

• b(t)= [b2(t), b3(t),…, bM(t)]′, where bi(t) represents the buffer
levels of machine Si at time t. In this model, b(t) is taken as the
state;

• F(*)= [F2(*), F3(*), …, FM(*)]′ is the system dynamic
function;

• u(t)= [u1(t), u2(t), …, uM(t)]′, where ui(t) is the control input
for machine Si. In this paper, we only consider the control of
the ABS. The machine control input u(t) is not considered;

• w(t)= [w1(t), w2(t), …, wM(t)]′, where wi(t) is the operation
status for machine Si, which has been stated in assumption (3);

• B(t)= [B2(t), B3(t),…, BM(t)]′, where Bi(t) is the buffer capac-
ity of buffer location Bi at time t. It is determined by Eq. (2);

• Y(t)= [Y1(t), Y2(t), …, YM(t)]′, where Yi(t) is the accumulated
production count for machine Si up to the time t;

• H(*)= [H1(*), H2(*), …, HM(*)]′ is the system output
function;

• Ω(t) = (b(τ(t)), B(τ(t)), Y(τ(t)), τ(t)) is a tuple that contains the
information regarding the last ABS assignment, where τ(t) is
the time point when the last ABS assignment occurs before
the current time t. It can be updated through the following rules:

τ(t+) =
0, if t = 0
τ(t−), if B(t+) = B(t−)
t, if B(t+) ≠ B(t−)

⎧⎨
⎩ (5)

Equation (5) reveals that whenever the buffer capacities change,
the time point will be taken as τ(t) afterward until the next change in
buffer capacities. b(τ(t)), B(τ(t)), and Y(τ(t)) are simply the buffer
levels, buffer capacities, and accumulated production counts at
time point τ(t), respectively.
One of the major challenges in modeling ABS lines lies in the

fact that the buffer capacity is changing over time due to the ABS
assignment. With different buffer capacities, the same production
line could present very different dynamic characteristics.
However, the ABS line retains a consistent system structure
between every two consecutive ABS assignment actions. In the
light of this observation, we can still use the modeling method for
ordinary production lines to model the ABS system behaviors
since last ABS assignment at time τ(t), and with necessary history
information Ω(t) at time τ(t), we can further derive the system
status in the global time horizon.

With the information in Ω(t), it is obvious that buffer capacities
remain unchanged since time τ(t), therefore

B(t) = B(τ(t)) (6)

Let Yi(τ(t), t) denote the accumulated production count for
machine Si during the time interval (τ(t), t). According to the con-
servation of the flow, the production count difference between
any two machines Si and Sj, ∀i, j ∈ {1, 2, . . . , M}, i ≠ j, should
satisfy the following equation:

Yi(τ(t), t) − Yj(τ(t), t) =

∑j
k=i+1

bk(t) −
∑j

k=i+1
bk(τ(t)), i < j

∑i
k=j+1

bk(τ(t)) −
∑i

k=j+1
bk(t), i > j

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

(7)

Such difference cannot exceed a boundary βij, which is the
condition that all the buffers between the two machines are filled
up (if i< j, i.e., machine Si is upstream of machine Sj) or empty
(if i> j, i.e., machine Si is downstream of machine Sj).

βij =

∑j
k=i+1

(Bk(t) − bk(τ(t))), i < j

∑i
k=j+1

bk(τ(t)), i > j

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

(8)

If Yi(τ(t), t)− Yj(τ(t), t) < βij, then machine Si is not constrained by
machine Sj. In this case, machine Si can operate at its own rated
speed. However, if Yi(τ(t), t)− Yj(τ(t), t)= βij, then machine Si is
constrained (i.e., blocked if i < j, or starved if i> j) by machine Sj,
which enforces that the processing speed of the constrained
machine Si cannot exceed that of machine Sj. Let vi(t) denote the
processing speed of machine Si at time t. Then, it can be obtained
by summarizing the two possible cases

vi(t) =min
ζij(t)(1 − wj(t))

Tj
,
1 − wi(t)

Ti

{ }
(9)

where ζij(t) is used to indicate whether machine Si is constrained by
machine Sj

ζij(t) =
1, if Yi(τ(t), t) − Yj(τ(t), t) = βij

+∞, otherwise

{
(10)

We can extend the comparison to all other machines in the line to
obtain the processing speed

vi(t) =min

ζi1(t)(1 − w1(t))
T1

,
ζi2(t)(1 − w2(t))

T2
, . . . ,

1 − wi(t)
Ti

, . . . ,
ζiM(t)(1 − wM(t))

TM

⎧⎪⎪⎨
⎪⎪⎩

⎫⎪⎪⎬
⎪⎪⎭ (11)

The change rate of the system states (i.e., buffer levels) is the pro-
cessing speed difference between its adjacent machines

ḃi(t) = vi−1(t) − vi(t) = Fi(b(t), U(t), W(t); Ω(t)) (12)

which defines the system dynamic function F(*).
The buffer level of any buffer Bi at time t is

bi(t) = Yi−1(τ(t), t) − Yi(τ(t), t) + bi(τ(t)) (13)

The production count of any machine during the time interval
(τ(t), t) can be calculated by

Yi(τ(t), t) =
∫t
τ(t)

vi(t
′)dt′ (14)

The accumulated production count of machine Si up to time t is

Yi(t) = Yi(τ(t)) + Y(τ(t), t) = Hi(b(t); Ω(t)) (15)
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which defines the system output functionH(*). In this way, both the
system dynamic function and output function have been derived.
With this state-space model, the system state and output at any
time t can be obtained given the downtime history and the ABS
assignment decisions.

4.2 System Properties. As we know, a downtime event would
bring the machine production to an abrupt halt. The adjacent
machines, even if they are operational themselves, might also be
stopped due to starvation or blockage, which might finally lead to
the production losses in the system level. The relationship between
real-time system states and system-level production losses has
been intensively studied in our previous works. To make this paper
self-contained, we will introduce some of the important conclusions
without detailed derivations and rigorous proofs.
DEFINITION 1. Within the time horizon [0, T ], the permanent pro-

duction loss PL(T ) of a serial production line is defined as the dif-
ference between the throughput in clean case, denoted as Yideal

M (T),
and the real throughput YM(T ), i.e., PL(T) = Yideal

M (T) − YM(T).
The permanent production loss (PL) is the losses caused by the

downtime events that can never be recovered. It has been proved
that the downtime event causes permanent production loss only
when the slowest machine is stopped according to [25].
PROPOSITION 1. [25] Given a realization of the production process

subject to a sequence of downtime events E= {e1, …, en} and
suppose max

i=1,...n
{ti + di} < T, if the slowest machine SM∗ stops for

DM∗ (T) time units during [0, T ], then the permanent production
loss during time horizon [0, T ] can be evaluated as

PL(T) = DM∗ (T)/TM∗ (16)

where TM∗ is the cycle time of the slowest machine SM∗ .
In Definition 1, the clean case refers to the scenario where there

are not any downtime events. In this ideal scenario, the system pro-
duction throughput is constrained by the capacity of the slowest
machine SM∗ in the long run. Therefore, the slowest machine SM∗ ,
and only the slowest machine, can serve as a reference that deter-
mines if the system loses any production permanently. The Propo-
sition 1 conveys that any stoppage in the slowest machine would
add to the gap between the real throughput and ideal throughput.
One may refer to our prior work [25] for detailed proof and deriva-
tion of the proposition.
Since the assignment of ABS would not change the cycle time of

the slowest machine, this proposition still holds even if we are con-
sidering the ABS. Note that the stoppages of the slowest machine
include not only the random failures on machine SM∗ itself, but
also, more importantly, the blockage or starvation caused by the
random failures of other machines. Furthermore, the time duration
before a downtime event starts to block or starve the slowest
machine is referred to as the opportunity window, denoted as
OWi(t). Consider a downtime event e= (i, t, d ) that occurs at
machine Si at time t and lasts for d units of time. With the evaluation
of opportunity window, the permanent production loss attributed to
the downtime event, denoted asPLe, can be immediately evaluated as

PLe =
max {d − OWi(t), 0}

TM∗
(17)

5 The Adaptive Buffer Space Assignment Problem
Now that the model for the production line with ABS is estab-

lished, another crucial question is how the ABS can improve the
system performance by temporarily expanding the buffer space.
In this section, we will define the ABS assignment problem and
convert the problem objective function based on system properties.
The ABS assignment in deterministic scenarios will first be dis-
cussed, and the ABS assignment in stochastic scenarios will be
pursued.

5.1 System-Property-Oriented Adaptive Buffer Space
Assignment Problem Formulation. The ABS assignment is a
real-time control problem with the objective of increasing the pro-
duction system throughput. The throughput is usually observed at
the end-of-line machine SM. Following this convention, let π
denote the ABS assignment policy and YM(T;π) denote the produc-
tion output of the end-of-line machine SM within the time horizon
[0, T ] under the policy π. Our goal is to obtain an optimal ABS
assignment policy π∗ that maximizes the system throughput. There-
fore, the objective function of the ABS assignment problem can be
represented as

π∗= argmax
π

YM(T ; π) (18)

However, the end-of-line machine does not necessarily represent
system real-time performance and reflect the impacts of real-time
events, e.g., random disruptions or control actions, due to the fact
that production throughput is not the same for each machine and
work-in-process has important implication in real-time operation.
Based on the system properties introduced in Sec. 4.2, the permanent
production loss is a direct performance index for the production
system with ABS. When a random downtime event occurs, we can
evaluate its impact on the system performance as long as the slowest
machine is impeded, i.e., being stopped or slowed down. Therefore,
if we can use the permanent production loss as the criterion for the
ABS assignment, we can directly observe and compare the outcomes
of different assignment options. Justified by the appended proof, we
can convert the objective function in Eq. (18) to the following form

π∗= argmin
π

PL(T ; π) (19)

Proof. In the clean case, where there is assumed to be no
downtime events, the production throughput is not affected by the
buffer capacities. Therefore, given the time horizon T, the
production throughput in clean case Yideal

M (T) is a constant
independent of the ABS assignment policy π. The objective function
in Eq. (18), i.e., π∗= argmax

π
YM(T ; π), is equivalent to

π∗= argmin
π

(Yideal
M (T) − YM(T ; π)). By plugging in Definition 1, we

have π∗= argmin
π

PL(T; π). ▪

5.2 Adaptive Buffer Space Assignment in Deterministic
Scenario. In the deterministic scenario, where the downtime
events are fully observable, we can directly use the permanent pro-
duction loss attribution in Eq. (17) to determine the optimal ABS
assignment. Suppose that the production process subjects to a
sequence of downtime event E= [e1, …, en], the opportunity
window can be calculated based on [26]

OWi(t) =

inf d ≥ 0: s.t.
t+d
t vM∗ (t′; E)dt′ =

∑M∗

k=i+1
bk(t; E)

{ }
, if i <M∗

0, if i =M∗

inf d ≥ 0: s.t.
t+d
t vM∗ (t′; E)dt′ =

∑i
k=M∗+1

(Bk(t) − bk(t; E))
{ }

, if i >M∗

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

(20)
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Therefore, the opportunity window is dependent on the buffer
levels and buffer capacities between the machine of interest and
the slowest machine. Implementing different ABS assignment stra-
tegies would result in different buffer states and different opportu-
nity windows as well. Let OWH

i (t) and OW
ASj
i (t) be the

opportunity window for the ABS stays at home position and if it
is assigned to buffer location Bj, j= 2, 3, …, M, respectively.
Further, the permanent production loss PLHe and PL

ASj
e , j =

2, 3, . . . , M can be evaluated based on Eq. (17) with OWH
i (t) and

OW
ASj
i (t), respectively. Since we have proved that minimizing the

permanent production loss is equivalent to the maximization of
the system throughput, the permanent production loss provides
the criterion for directly determining the optimal ABS assignment
action. Therefore, among all the optional ABS assignment
actions, we just need to choose the one that yields the smallest per-
manent production loss. In conclusion, the ABS assignment policy
guided by PLe guarantees the maximization of the system produc-
tion throughput.
For demonstration purpose, we will show how we implement this

policy assuming that the failed machine is downstream of the
slowest machine SM∗ , i.e., i >M∗. For the other cases, the buffer
assignment can be derived similarly following the same criterion.
In this case, the opportunity window is related to the buffer
vacancy between the failed machine Si and the slowest machine
SM∗ according to Eq. (20). If the ABS stays at home position, all
the buffers have the original capacity, i.e.,

OWH
i (t)= inf d≥ 0:s.t.

∫t+d
t

vM∗ (t′; E)dt′ =
∑i

k=M∗+1

(BFIX
k − bk(t; E))

{ }

(21)

If the ABS is assigned to any buffer location in between, i.e.,
Bj, ∀j=M∗, . . . , i−1, the capacity of buffer Bj is
Bj(t)=BFIX

j +BABS. The opportunity window of machine Si will
be increased at least by TM∗BABS.

OW
Bj

i (t)= inf

{
d≥ 0:s.t.

∫t+d
t

vM∗ (t′; E)dt′

=BABS +
∑i

k=M∗+1

(BFIX
k − bk(t; E))

}
, ∀j=M∗, . . . , i−1

(22)

If the ABS is assigned to the other irrelevant buffer locations, the
opportunity window of machine Si is not affected. Therefore, we
have

OW
Bj

i (t)=OWH
i (t), ∀j≠M∗, . . . , i−1 (23)

The permanent production loss under different ABS assignment
actions can be evaluated Eq. (17). If d≤OWH

i (tj), then

PLHe =PL
Bj
e = 0. In this case, the ABS stays at home position

since the downtime event would not cause any permanent produc-
tion loss in any circumstances. It would be not necessary to assign
the extra buffer spaces to any buffer locations, and the ABS should
stay at home position until next downtime event occurs. In the con-
trast, if d>OWH

i (tj), assigning the ABS to the buffer location
between the failed machine and the slowest machine would yield
the lowest permanent production loss. The maximum permanent
production loss reduction could reach BABS. Therefore, the perma-
nent production loss attribution provides the optimal ABS assign-
ment strategy that guarantees the maximum production throughput.

6 Optimal Adaptive Buffer Space Assignment Policy in
Stochastic Scenario
Section 5 shows that the proper assignment of the ABS can alle-

viate the impacts of machine failures by reducing the permanent
production losses in deterministic scenarios. As for the stochastic

scenario, although the permanent production loss remains effective
as the criterion for the ABS assignment, the future machine failures
and system state transitions are unknown at the timepoint of the
decision-making. The approximate dynamic programming (ADP)
is a method for solving the planning and control problem in stochas-
tic environments. In this section, we will obtain the optimal assign-
ment policy in stochastic scenario using ADP with
knowledge-guided value initialization.

6.1 Elements for Adaptive Buffer Space Assignment
Problem. The Markov decision process (MDP) is the most
common framework for the ADP. The state, action, and reward
function are the three key elements in defining an MDP. The state
is an abstract of the stochastic environment. Given a state, one
should fully comprehend the real-time status of the environment,
such that a decision fitting the status can be made. In the ABS
assignment, the state s is consisting of the buffer status and
machine status

s = [b, w] (24)

Regarding the action definition, we have discussed several
control actions for the ABS in Sec. 2.1, including assign, stay,
and home. Given that only one ABS is considered in this research,
we can mathematically represent the action space as

A = {AS2, . . . , ASM , ST2, . . . , STM , H} (25)

where ASi, i= 2, 3, …, M, refers to assigning ABS to buffer Bi;
STi, i= 2, 3, …, M, indicates that the ABS stays in its current
assigned buffer location wherever it is, and H means that the
buffer immediately return to or keep staying at home position.
Note that given a state s, not all actions are feasible under that cir-

cumstances, in other words, there exists a subset A(s) of A that
includes all the feasible actions for the particular state s. The feasi-
ble actions set A(s) can be found using Procedure 1.

Procedure 1 Find A(s) for any state s

if bi < Bi, ∀i, then A(s)= [H ], quit
else if ∃i, s.t. bi > BFIX

i , then A(st)= [STi], quit
else if ∃i, s.t. bi = BFIX

i , then append H to A(s)
for i= 2, 3, …, M, do

if bi = BFIX
i , then append ASi to A(s)

Line 1 demonstrates that if the all the buffer locations are not full,
there would be no need to assign the ABS, and hence, the ABS stays
at home. Line 2 indicates that if the ABS has already been assigned
and occupied, it should stay in its current spot. Line 3–5 says that if
the previous two conditions are not met, the ABS would have the
options either to stay at home or to be assigned to a buffer location
whose original spaces are full.
The reward function is a scalar function to evaluate the goodness

of the action. The reward setting should be aligned with the problem
objective function derived in Eq. (19). In the ADP convention, we
usually attempt to maximize the reward function. In order to follow
this convention, we simply take the negative of the stepwise perma-
nent production loss as the reward function

R(s, a, s′) = −PL(s, a, s′) (26)

where PL(s, a, s′) is the permanent production loss during one time-
step given current system state s, action a, and subsequent state s′. It
can be conveniently calculated by Eq. (16). The reward setting is
vital in formulating the ABS assignment problem. A correct
reward would guide the ADP algorithm to improve its assignment
policy so that the ultimate objective, i.e., throughput improvement,
is achieved. One may raise other forms of reward functions based
on heuristics. Our prior work [27] conducts a simulation study to
compare different reward settings in the material handling gantry
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assignment problem. It turns out that the reward setting based on the
permanent production loss evaluation leads has the best perfor-
mance. Although the problem is different, the conclusions and
insights from that work [27] apply in current research and help
justify our reward setting in Eq. (26).

6.2 State Transition Probability. In the MDP, the transition
probability P(s′|s, a) is the probability that acting a in state s
result in a new state s′. The transition from s to s′ is driven by
both the chosen action a and the uncertainty of the machine
status. Since we break down the state s into two parts, i.e.,
machine status w and buffer level b, we may also rewrite P(s′|s,
a) as

P(s′|s, a) = Γ(b′|b, a, w′) · P(w′|w) (27)

where P(w′|w) is the probability that machine status goes into w′
given current machine status w, and Γ(b′|b, a, w′) is the probability
that the buffer level goes into b′ given the current buffer level b,
action a, and machine status w′ at the beginning of the next time-
step. Note that we can make the arrangement in Eq. (27) because
the machine status transition is independent of the ABS assignment
decision.
According to assumption (3), the transition matrix for the opera-

tional status of machine Si is

Pi =
1−1/MTTRi 1/MTTRi

1/MTBFi 1−1/MTBFi

[ ]
(28)

Then, the transition probability for machine status w can be
written as

P(w′|w) =
∏M
i=1

Pi(wi, w′
i) (29)

where Pi(wi, w′
i) is the element of matrix Pi with index (wi, w′

i). The
machine status transition is the only randomness in this process,
because given the buffer level b, action a, and machine status w′,
the buffer level b′ is uniquely determined. Therefore, a deterministic
function can be established to describe the one-step transition of
buffer levels. In Sec. 3.1, we have established the model for the pro-
duction line with ABS, which is able to find the system state at any
time t if the machine status prior to t is given. It is trivial to construct
such a one-step transition function F (∗) based on the data-driven
model, such that

b′ = F (b, a, w′) (30)

Based on this function, the buffer states transition probability
Γ(b′|b, a, w′) can be represented as

Γ(b′|b, a, w′) = 1, if b′ = F (b, a, w′)
0, otherwise

{
(31)

6.3 Adaptive Buffer Space-Approximate Dynamic
Programming Algorithm. There are a lot of techniques that
can be used to solve an MDP to obtain the optimal policy.
They can be roughly categorized into model-based and model-free
techniques, where “model” refers to the complete state transition
probabilities. Both model-based and model-free techniques could
possibly be applied to the ABS assignment problem. Model-based
methods, such as DP and ADP, are generally more computation-
ally efficient, since the state transition probabilities are given. By
contrast, model-free methods, e.g., Q-learning and policy gradi-
ent, works for the scenarios when the state transition probabilities
cannot be obtained. The model-based methods rely on large
amounts of simulation or experiment data to improve the
policy. Therefore, there does not exist an algorithm that suits
all the possible ABS applications. In this paper, we establish
the modeling for production systems with ABS and formulate

the ABS assignment problem as an MDP. These are fundamental
to the theory and implementation of the ABS systems, and they
do not carry the implication of any specific algorithms. We
need to carefully analyze the characteristics of the target produc-
tion system, based on which we can choose the proper method
that fits our need.
In this paper, we assume that the machine reliability parameters,

including MTTR and MTBF, are known for all machines. This
assumption is realistic in many real production systems, since
those parameters can be obtained from either machine vendors
or historical data. In Sec. 6.2, we have used these parameters to
derive the transition probability P(s′|s, a) for the MDP. It is advis-
able to exploit the accurate model information by using a model-
based technique, i.e., ADP. Therefore, we will present how we can
use the ADP algorithm with knowledge-guided value initialization
to solve the MDP formulated in previous sections.
The goal of the algorithm is to obtain a value function v(s) for

state s. The value function is the expected accumulated rewards if
we start from state s and follow a given policy π

v(s) = Eπ
∑∞
k=0

γkRt+k|st = s

[ ]
(32)

where γ is a discount factor that avoids the accumulated reward
from exploding. In classic dynamic programming, the value func-
tion is initialized as zeros or other random numbers and iteratively
updated through the Bellman equation until it converges

vk+1(s) = max
a∈A(s)

∑
s′

P(s′|s, a)(R(s, a, s′) + γvk(s
′)) (33)

With the value function v(s), the optimal action in state s is the one
that leads to maximum accumulated rewards

π(s) = arg max
a∈A(s)

∑
s′

P(s′|s, a)(R(s, a, s′) + γv(s′)) (34)

There are two drawbacks with this classic approach. On the one
hand, the updating rule requires sweeping all the states in each iter-
ation, which could be quite slow especially when the state space is
large. To this end, the ADP avoids sweeping all the states, but
instead generates some random trajectory ω and only updates the
values for the states appeared in that trajectory through iterations
[28].
On the other hand, the random value initialization greatly

hinders the convergence speed as well. The Bellman equation
starts from the initial value v0(s) and gradually approaches the
true value v(s) through iterations. Intuitively speaking, the closer
v0(s) is from v(s) the less iterations it would take to reach conver-
gence. The initial value provides an easy way to supply some prior
knowledge about what level of rewards can be expected [29]. The
appropriate value initialization requires understandings of the spe-
cific problem. From Eq. (32), the value function is the discounted
sum of stepwise rewards into the future. If an approximation of the
average one-step reward, denoted as �R, can be found, then we can
plug it into the equation and obtain a fair initial value for the
problem

v0(s):=
∑∞
k=0

γk�R, ∀ s ∈ S (35)

where S is the state space. Since �R is a constant, we can further
have

v0(s):= �R ·
∑∞
k=0

γk =
�R

1 − γ
(36)

Based on the physical meaning of the reward function in Eq.
(26), we can obtain �R by estimating the average permanent produc-
tion loss in one time-step, denoted as PL. It can be obtained by
simulations or analytical methods using the given system
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parameters. Therefore, the initial value for the value function can
be written as

v0(s):=
−PL
1 − γ

, ∀ s ∈ S (37)

The effectiveness of the proposed value initialization will be
demonstrated with numerical experiments in Sec. 5. Here, we
present the complete ABS-ADP algorithm, which incorporates
the two aspects discussed in this section.

Algorithm 1 ABS-ADP.

Input: M, Ti, MTBFi, MTTRi, BFIX
i , BABS, γ

Output: π(s)
STEP 0: Compute P(s′|s, a) and R(s, a, s′) for ∀s ∈ S
STEP 1: Value function initialization

STEP 1a: Run the simulation to obtain PL
STEP 1b: set v(s) = −PL/(1 − γ), ∀s ∈ S

STEP 2: Value function update
STEP 2a: Sample a random trajectory ω= [s0, s1, s2,…], and set t= 0
STEP 2b: Find the eligible action set A(st) for state st
STEP 2c: Update v(st): = max

a∈A(st )

∑
s′
P(s′|st , a)(R(st , a, s′) + γv(s′))

STEP 2d: If convergence condition is not met, increment t and go to
STEP 2b

STEP 3: Output optimal policy
STEP 3a: For ∀s ∈ S, compute π(s)=arg max

a∈A(s)

∑
s′
P(s′|s,a)(R(s,a,s′)+

γv(s′))

STEP 3b: output π(s) as the ABS assignment policy

We need to provide the following inputs to the algorithm: the
production line length M (i.e., total number of machines), the
cycle time for each machine Ti, i= 1, 2,…, M, machine reliabil-
ity parametersMTBFi andMTTRi, i= 1, 2,…,M, the fixed buffer
capacity of each buffer BFIX

i , i = 2, . . . , M, the ABS capacity
BABS, and a reward discount factor γ. With all the inputs, the algo-
rithm first calculates the transition probabilities and reward function
according to Secs. 6.1 and 6.2. Then, the value function is initialized
according to Eq. (37). STEP 2 updates the values iteratively until
the convergence condition is met. Upon convergence, the value
v(s) is transferred to the final policy π(s) per Eq. (34).
The final policy π(s) can be conveniently implemented in the

target production system. Every time-step, we pull the real-time
state st from the sensor data, including buffer status b(t) and
machine status w(t), and the optimal action at= π(st) can be imme-
diately obtained and then implemented in the system. Therefore, the
proposed framework requires some computation time in deriving
the policy; however, for implementing the policy, the computation
time is negligible, which suits the real-time control scenario well.

7 Case Study
In order to validate the effectiveness of the proposed modeling

method and ABS-ADP algorithm, a case study is conducted on a
five-machine-four-buffer production line. The parameters for each
machine are as listed in Table 1. The slowest machine is S4, i.e.,
M∗=4, since it has the largest cycle time. The original capacity
for each buffer is four, i.e., BFIX

i = 4, i = 2, 3, 4, 5. The buffer

capacity of the ABS is two, i.e., BABS= 2. Therefore, a buffer
location might have a maximum capacity of six if the ABS is
assigned to it.

7.1 Convergence Analysis and Comparison. Given the
parameters for the production system, the ABS-MDP is imple-
mented to obtain the ABS assignment policy. For the purpose of
value initialization, the average permanent production loss PL is
estimated as 0.1546 through simulation. The discount factor γ is
chosen to be 0.99. Therefore, the initial value for the value function
for ABS-ADP is set to be v0(s)= −15.46 according to Eq. (37). It
took approximately 5 × 106 steps of updates for the value function to
converge.
To evaluate the effectiveness of the value initialization proposed

in this paper, we also run the ABS-ADP algorithm for the same pro-
duction line with zeros as initial values for all states. It took more
than 40 × 106 steps to reach approximate convergence. Therefore,
the value initialization proposed in this paper increases the conver-
gence speed in a considerable scale.
To visualize the effects of the value initialization, we randomly

pick a state sr= [3, 1, 1, 1, 0, 0, 1, 0, 0], in which the first four vari-
ables are the buffer levels and the last five variables indicate the
machine status. With the two initialization methods, we keep
track of how the state value for state sr evolves with update steps,
respectively. The comparison of the two value initialization
methods is as shown in Fig. 2.
We denote the knowledge-guided initialization as “PL-based”

since it is based on the permanent production loss (PL), while the
other one is denoted as “zero-initialized.” It can be seen that with
the PL-based initialization, it takes first 2 × 106 of steps to reach
somewhere close to its final value. After that, the value gradually
stabilizes, which indicates the convergence in practice. One can
refer to Fig. 2(b) for details. However, for the zero-initialized
method, it takes 15–20 × 106 of steps to approximate its final
value, because there is a larger gap from its initial value to the
final value than the PL-based case. Therefore, the PL-based
method, guided by our knowledge on the system, provides us
with a good starting point, so that we can not only achieve conver-
gence much faster but also guarantee more precise results. In this
case, the PL-based initialization method saved up to 80% computa-
tion time compared to initializing values with zeros.
Remark 1. One may notice that in Fig. 2(a), there is a wide gap

between the true value and both final state values given by the
two initialization methods. Theoretically, they should converge to
the true value of the given state regardless of the initialization
methods. This should be the case if we are using classic dynamic
programming with large amounts of iterations. However, in the
implementation of the ADP, the stable state value obtained by iter-
ative updates is biased by the initial value. One of the reasons might
be that there exist some states that we rarely visit and still keep its
initial value. Since the ADP generate random trajectory according
to real environment randomness, those states are also of less interest
in implementation. However, these states might pass the biased
value to their parent states. This phenomenon stresses the impor-
tance of obtaining an estimate of the true value to initialize the
value function.

7.2 Performance Comparison. The ABS assignment policy
π(s) obtained by the ABS-ADP is supposed to deliver a good
throughput performance. The following three scenarios are used
to validate the obtained policy.
Baseline: In this scenario, it is assumed that there are noABS in the

lineside. Any ABS assignment policy should perform no worse than
the Baseline scenario. Comparison with the Baseline would reveal in
what scale the ABS assignment policy improves the system
performance.
First Come First Serve (FCFS): In FCFS policy, we always

assign the ABS to the buffer before a down machine. This is very
similar to current industrial practice introduced in the Sec. 1 of

Table 1 Machine parameters for the case study

Machine S1 S2 S3 S4 S5

Cycle time Ti (s) 58 62 55 65 62
MTBF (min) 82 75 60 85 88
MTTR (min) 8 6 3 4 9
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this paper. It always protects the upstream machine before a down
machine.
Bottleneck Buffer First (BBF): There have been various definitions

for the bottleneck buffer. It has not been proved but some people do
argue that the buffer with largest average buffer level during opera-
tion might be the bottleneck buffer. Based on this notion, we
design the BBF policy, which always prioritizes the buffer with
largest average buffer level in the ABS assignment. Given the param-
eters, we are able to identify the buffer B2 as the “bottleneck buffer.”
Least Efficient Machine First (LEMF): The efficiency of machine

Si is defined by ei=MTBFi/(MTBFi+MTTRi). In this policy, the
buffer location before the least efficient machine would be priori-
tized in the ABS assignment. Given the machine parameters in
this case study, machine S5 has the lowest efficiency. Therefore,
in this policy, we will always prioritize the buffer B5.
To compare the performance of the production system under

these policies, we randomly generate five different machine down-
time histories over one month, i.e., the simulation time horizon is
T = 30(day) × 24(h/day) × 60(min/h)= 43, 200min. With each set
of downtime history, the above ABS assignment policies are imple-
mented separately, and the final production throughputs, i.e., the
production counts of the end-of-line machine SM, are obtained.
Figure 3(a) compares the system throughputs for the four policies
along with baseline scenario. It is obvious that the ABS-ADP
policy has the best throughput performance.

Note that the downtime history in each setting is the same for dif-
ferent policies. We can subtract the baseline throughput from the
results of each policy to gain a clearer comparison. Figure 3(b)
shows the comparison of throughput improvement by assigning
the ABS with different policies. On average, the ABS-ADP policy
yields 46.58% more throughput improvement than the BBF policy,
and 75.43% more than the FCFS policy. The LEMF policy is the
closest to the ABS-ADP policy; however, it is still 27.81% less in
throughput improvement compared to the ABS-ADP policy. There-
fore, the three intuition-based policies have not captured the real
dynamics of the production system. The ABS assignment policy
based on the ABS-ADP algorithm is effective in assigning the
ABS in accordance with the system dynamics.

7.3 Adaptive Buffer Space Assignment With Machine
Health Prediction. In recent years, researchers have been
making remarkable advances in the Prognostics and Health Man-
agement (PHM) for machines and systems thanks to the rapid
development in big data and machine learning techniques [30,31].
PHM is usually aimed to predict future machine status, e.g., remain-
ing useful time, based on the real-time sensor data. In this section,
we will show that the ABS would have an even bigger impact on
production system performance with more certain machine status
prediction delivered by PHM.
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Fig. 2 The comparison of two value initialization methods: (a) using the state value of
sr to compare the two initialization methods and (b) the value evolution with the pro-
posed initialization method
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Since the detailed techniques in PHM are out of the scope of this
paper, we just assume that a very certain prediction of the machine
status can be generated by PHM one time-step ahead. The ABS
decision-making system would take the prediction as input and
decides its next ABS assignment. Based on the simplified assump-
tion, we reuse the proposed modeling and solving techniques in Sec.
6.2 by slightly tweaking the transition probability definition

PPHM(s
′|s, a) = Γ(b′|b, a, w) · P(w′|w) (38)

Compared to the original transition probability in Eq. (27), the
buffer transition is depending on known machine status w that is
assumed to be given by PHM. Moreover, the machine status transi-
tion probability P(w′|w) accounts for the uncertainty of machine
status one more step further. We follow the same algorithm to
obtain the ABS assignment policy with the tweaked transition prob-
ability. Using the same downtime histories in Sec. 7.3, we imple-
ment the obtained policy. Figure 4 compares the throughput
increase regarding the two scenarios, i.e., ABS assignment
without and with PHM prediction, respectively. It shows that
with the machine status prediction, the ABS will increase another
12.02 counts of throughput on average.

This case mimics the ABS assignment with one-step machine
status prediction. A notable improvement in production throughput
has been observed. We should note that there are still a lot of open
issues that need to be addressed. For example, with prognostic tech-
niques, themachine state transition is non-stationary,which is not yet
considered in the proposed framework. As this case has approxi-
mately demonstrated the potential of combining ABS with PHM,
we leave the rigorous derivation and implementation for future
works.

8 Conclusions and Future Work
The buffer is an important component for production systems.

The buffer capacity has been mostly assumed to be fixed during
daily operations. Powered by the development in smart manufactur-
ing system, this study formally proposes the concept and work
mechanism of the ABS, a type of equipment that can temporarily
increase the capacities of the buffers in production systems. The
data-driven modeling method is extended to model the real-time
behavior of the serial production lines with ABS. In the model,
the production system is modeled by a state-space equation, in
which the real-time buffer level is treated as state and machine
downtime events as disturbances. Unlike traditional modeling
method based on the Markov Chain, the proposed model is
derived based the conservation of the flow and can describe the real-
time dynamics of the production system. Since the buffer capacity is
vital to system throughput, we explore the possibility of assigning
ABS in a real-time manner to improve the system performance in
the existence of random downtime events. In order to obtain the
optimal assignment policy, the algorithm ABS-ADP is proposed
to solve the ABS assignment problem. The state transition probabil-
ity is derived using the data-driven model. The reward function is
defined based on the permanent production loss, which is proposed
in our prior work to directly and immediately evaluates the impact
of downtime events on the system throughput. With case study, the
obtained policy is proved to outperform other intuition-based
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assignment policies, such as first come first serve and bottleneck
buffer first. In order to improve the convergence speed, we also
apply the knowledge-guided value initialization to the ABS-ADP
algorithm. The proposed value initialization gives the algorithm a
“warm start.” Compared to initializing all state values as zeros,
the proposed method largely reduces the computation time
needed to reach convergence.
In this paper, we mainly discuss how to obtain the optimal ABS

assignment policy that improves the system throughput. As we have
outlined in Sec. 3.1, there are some other potential applications of
ABS systems, including residence time accommodation and
quality assurance. In these applications, the process and quality
models need to be involved, which would make the ABS assign-
ment problem more challenging. Therefore, these potential applica-
tions are our research directions in the future. Moreover, in this
paper, we only consider one ABS. It is possible that multiple, or
even many, ABS are working in cooperation with each other in
large production systems. Then, the assignment policy has to well
coordinate the whole fleet, and the multi-agent control scheme
[32] might need to be introduced. In this paper, we assume that
ABS would arrive the designated buffer immediately, which
means that the travel time from the home position to the buffer is
not considered. In large production systems, the travel time might
not be negligible, and hence, the real-time positions of the ABS
may also play a role in the assignment decision-making.
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