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A B S T R A C T

Advanced distribution management systems (ADMSs) are considered tools for deploying control and manage-
ment strategies to address challenges in future distribution grids populated with distributed energy resources
(DERs). This work presents a framework to integrate a degradation forecasting (DF) layer into ADMSs. Based
on observations of considered DERs’ degradation behaviors, a load-dependent degradation model is constructed
and integrated into a dynamical Markov chain-based degradation prediction model. Multiple sources of data
can be used to train the Markov prediction model, and then Evidence Theory (ET) is used to fuse predicted
results from the prediction model to enhance the reliability of the prediction model. Then, the predicted
results are used to adjust energy management (EM), which is a component of the ADMS concept, to abate the
degradation of components with higher degradation costs. The proposed strategy is verified on the IEEE 33 bus
system by numerical simulations. In addition, controller-hardware-in-the-loop (CHIL) experimentation for the
proposed scheme is implemented. Both the numerical simulations and CHIL experimentation show operation
cost savings for the studied system.
1. Introduction

Distributed energy resources (DERs) are expected to be widely
deployed in future distribution grids [1]. The integration of DERs will
bring challenges for system control, management, and monitoring. To
cope with the challenges, the future distribution grids will be given
more autonomy in the form of digital control and management sys-
tems [1] to ease their control and management, and the advanced
distribution management system (ADMS) concept is one of those [2].
With the dispersion of DERs, it is important to develop and integrate a
degradation forecasting (DF) layer to ADMS to predict grid components’
degradation behaviors to aid maintenance planning and real-time op-
eration. Recently, DF for engineering systems has received growing
interest because of the benefits of proper predictions of unpleasant
events to take preventive actions [3–5]. However, DF is typically
implemented for specific components, and there is a lack of frameworks
to integrate DF into real-time control and management.

An ADMS is a software platform that provides a set of functions [6].
In the literature, a three-layer ADMS architecture consisting of device-
level control (DLC), power management (PM), and energy management
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(EM) is proposed [7]. DLC, PM, and EM are also called the primary
control layer, secondary control layer, and tertiary control layer, re-
spectively [8]. The underlying idea of the multi-layer architecture
is taking advantage of different time steps of the layers as upper
layers have the duties of providing commands to lower layers. This
architecture has been used in both alternating current (AC) and direct
current (DC) grids; however, depending on the type of grid, quantities
of interest are controlled and optimized.

EM has been extensively studied for electrical systems, including
MW-scale systems like terrestrial power systems and ship power sys-
tems, as well as kW-scale systems like electrified vehicles’ powertrain
systems. EM is expected to be a key component of ADMS in future
distribution grids, with the goal of cost savings. To achieve this goal,
EM involves solving a well-defined optimization problem to find op-
timal energy allocation for different energy sources. EM’s outputs are
passed down to lower control layers as references for control activities,
deciding the operating conditions for each energy conversion unit.

It has been reported in the literature that the operating conditions
of energy conversion units affect their degradation rate [9–12]; thus,
vailable online 10 March 2023
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Nomenclature

ADMS Advanced distribution management system
CAPEX Capital expenditure
CHIL Controller-hardware-in-the-loop
DER Distributed energy resource
DF Degradation forecasting
DFAF Degradation forecasting & abatement

framework
EM Energy management
ET Evidence Theory
MT Microturbine
PM Power management
PV Photovoltaic
WT Wind turbine
𝑃𝐷
𝑛 (𝑄𝐷

𝑛 ) Active (Reactive) power generated by dis-
patchable source at bus 𝑛

𝛥𝑡 Degradation forecasting sampling time
𝜫 Markov transition matrix
𝜆𝑖𝑗 Degradation intensity from state 𝑖 to state 𝑗
𝐱𝑛 Vector of probabilities of the states of com-

ponent at bus 𝑛, i.e., 𝐱𝑛 = [𝑥𝑛,1, 𝑥𝑛,2, 𝑥𝑛,3, 𝑥𝑛,4]
 Set of buses which have a dispatchable

energy source
𝑃𝐷
𝑛,𝑖 Maximum capacity of dispatchable energy

conversion unit at bus 𝑛 when it is in state
𝑖

𝝀 Maximum degradation intensity matrix
𝜆𝑖𝑗 Maximum degradation intensity from state

𝑖 to state 𝑗
𝜋𝑖𝑗 Transition probability from state 𝑖 to state 𝑗
𝝀 Minimum degradation intensity matrix
𝜆𝑖𝑗 Minimum degradation intensity from state 𝑖

to state 𝑗
𝑑𝑒𝑛(𝑑

𝑎
𝑛 ) Estimated (Actual) degradation signal of

energy conversion unit at bus 𝑛
𝑓 𝑒𝑐𝑜
𝑛 Economic curve of dispatchable energy

source at bus 𝑛
𝑖, 𝑗 State index of a component
𝑛, 𝑚 Bus index
𝑡 Continuous time instant
𝑡𝑘 Discrete time instant
𝑥𝑛,𝑖 Probability the component at bus 𝑛 is at

state 𝑖

degradation models should consider the operating conditions of compo-
nents. Based on the role of EM in deciding operating conditions, EM can
be used to prevent or reduce the degradation of components. Therefore,
EM can be considered a means to prevent or reduce the degradation of
components.

Quantifying uncertainty in DF is a challenging task. Degradation
data is scarce because generating degradation data is challenging,
costly, and time-consuming. Additionally, degradation data is often
kept confidential by many involved parties, such as utilities and manu-
facturers. There are works that take the historical data of degradation
signals to predict its future values by data-driven methods, for example,
linear regression [13], Gaussian process regression [14]. However, the
degradation process of a component is complex as it depends on its
current state and future operating conditions. Furthermore, there are
works that utilize deep neural network methods for degradation fore-
casting [15]. Due to the scarcity of degradation data, it is challenging
2

to have sufficient information to construct a statistical model that
can accurately predict future degradation behaviors and optimize real-
time operation and maintenance planning. As a result, methodologies
that combine multiple sources of information to arrive at a more
informative piece with higher confidence are often used. There are
works that integrate expert knowledge in degradation prediction to
enhance forecasting performance. In fact, the Watchdog Agent intelli-
gent maintenance system [16] uses sensed data, expert knowledge, and
knowledge of engineering models.

Statement of Contributions: The main contributions of this paper can
e summarized as follows. First, a Markov chain-based DF model is in-
roduced to predict degradation paths of a grid’s components in which
omponents’ states are modeled by a multi-state model. The model is
load-dependent model reasoning from observations of degradation

ehaviors of interested energy conversion units. Because degradation
ata is typically scarce, multiple sources of information are used to
nhance the reliability of the prediction, and Evidence Theory’s (ET)
ombination rule [12] is used to fuse multiple sources of data. The pre-
icted results can aid maintenance planning and real-time operation.
econd, this work focuses on the real-time aspect that a degradation
batement strategy for grid components is proposed in which the DF
ayer is integrated into the existing hierarchical ADMS as an upper
ayer to EM as illustrated in Fig. 1. The DF’s predicted results are
sed to adjust EM’s optimization problem to abate the degradation of
igher degradation cost components. In addition to distribution grids,
he proposed strategy can be applied to other applications. In [17],
he proposed concept is used in DC microgrids in which the loss of
oad probability is the objective, while in this paper, the objective
s the total degradation cost of the system. In [18], the proposed
trategy is integrated into the EM of hybrid electric vehicles (HEVs).
his work is a leverage of the two mentioned conference papers that,

n addition to numerical simulations, controller-hardware-in-the-loop
CHIL) experimentation is carried out to show the cost-saving benefits
f the proposed strategy.

The remainder of this paper is organized as follows. Section 2
ormulates the problem and motivation for our approach. The DFAF
s presented in Section 3. The proposed framework is validated in
ection 4 by numerical simulations. Section 5 shows a CHIL experi-
entation for the proposed strategy. Section 6 ends this paper with a

onclusion and future work.

. Problem formulation

Consider a grid-connected distribution network consisting of multi-
le heterogeneous DERs dispersed over the network. As the granularity,
DER unit or a substation transformer is considered as a component

n our work. Let  = {1,… , 𝑁} be the set of all buses. The bus
connecting directly with the substation is indexed 1. Sources supplying
energy for the network can be categorized into dispatchable sources
and non-dispatchable sources. Examples of dispatchable sources are
microturbines (MTs) and substation transformers, and examples of non-
dispatchable sources are wind turbines (WTs) and photovoltaic (PV)
systems. Let  be the set of buses which have a dispatchable energy
source.

Let 𝑃𝐷
𝑛 and 𝑄𝐷

𝑛 be active and reactive power generated or delivered
by a dispatchable source connected to bus 𝑛. Furthermore, active and
reactive power generated by a non-dispatchable source at bus 𝑛 are
𝑃𝑁𝐷
𝑛 and 𝑄𝑁𝐷

𝑛 , respectively. Let P𝐷 and Q𝐷 be the vectors of active
power and reactive power of all dispatchable energy sources, including
the substation transformer, respectively. In addition, let P𝑁𝐷 and Q𝑁𝐷

accordingly be the vectors of active power and reactive power of all
non-dispatchable DERs. Let 𝑉𝑛 be the complex bus voltage at bus 𝑛.
Denote V = [𝑉1,… , 𝑉𝑁 ]𝑇 .

The primary function of EM is to optimally allocate power gener-
ation and delivery to sources of energy to gain economic objectives
while adhering to system constraints [19–25]. Assume the DERs are
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Fig. 1. ADMS with DF functionality.
allowed to participate in reactive power support to the network. EM
takes predicted load and non-dispatchable active power generation
information as inputs for its optimization process to output active
power references for PM of dispatchable sources. Non-dispatchable
active power generation of DERs like WTs and PVs can be estimated
from weather information and their systems’ models. With this setup,
EM’s optimization problem can be generally stated as

min 𝑓 𝑒𝑐𝑜(P𝐷) =
∑

𝑛∈
𝑓 𝑒𝑐𝑜
𝑛 (𝑃𝐷

𝑛 ) (1a)

𝑠.𝑡. P𝐷 ∈ P
𝐷
,Q𝐷 ∈ Q

𝐷
, (1b)

P𝑁𝐷 ∈ P
𝑁𝐷

,Q𝑁𝐷 ∈ Q
𝑁𝐷 (1c)

V ∈ V (1d)

where P𝐷 , Q𝐷 , P𝑁𝐷 , Q𝑁𝐷 , and V are the constraint sets of P𝐷,
Q𝐷, P𝑁𝐷, Q𝑁𝐷, and V, respectively. It is noted that all variables of the
problem (1) can be transformed to bus voltages [26]. Conventionally,
the objective function 𝑓 𝑒𝑐𝑜

𝑛 (𝑃𝐷
𝑛 ) of energy source at bus 𝑛 only considers

economic curves of energy sources. That is, 𝑓 𝑒𝑐𝑜
𝑛 (𝑃𝐷

𝑛 ) is the cost of buy-
ing electricity from the main grid if bus 𝑛 connects with the substation
transformer, and it is the fuel consumption cost if bus 𝑛 connects with
a fuel-based energy conversion unit.

After discussing the EM’s optimization problem, the following ob-
servations can be obtained:

• Observation 1: EM decides operating conditions for the dispatch-
able source components as it outputs power references for lower
layers to control the components to follow the references.

• Observation 2: It has been reported in the literature that the
operating conditions of an energy conversion unit impact its
degradation process that the higher the load, the higher the
degradation rate, for example, gas turbines [27].

Components degrade over time, leading to the reduction of their values.
In addition, different components may have different degradation rates
and capital expenditures (CAPEX). Therefore, degradation costs should
be taken into account along with the economic curves of components
in the optimization process of the operation cost. With these above
observations, EM can be considered as a means to adjust the degra-
dation processes of the components in the system while still meeting
customers’ load demands. In the next section, a DFAF is proposed.
First, it predicts the degradation paths of the components, and then the
predicted results are used to reconfigure the EM’s optimization problem
to obtain optimal operation costs with degradation costs taken into
consideration.
3

3. Degradation forecasting and abatement framework

This section presents a degradation forecasting and abatement
framework. For the sake of completeness, some parts of [17,18] are
presented in this work. However, compared to [17,18], this work is
leveraged. First, the proposed strategy is discussed in a more detailed
manner. Second, the objective of the proposed strategy is to reduce the
total degradation costs.

3.1. Degradation model of components

3.1.1. Multi-state degradation representation
The binary model, which represents a system as either a failing

or working state, is commonly used to model the state of a system
due to its simplicity and computational efficiency. However, the multi-
state model, which increases the granularity of the binary model,
is often used in order to provide a more accurate representation of
the system. A model with 4 states is often selected as a compromise
between precision and complexity, as increasing the number of states
can increase the complexity and computational burden of the model.
For example, the authors in [28] describe a component using 4 states:
perfect, useful, pseudo-fault, and fault. Similarly, the authors in [29]
represent a coal-fired generating unit using 4 states, which are denoted
by the numbers 1, 2, 3, 4, based on its available generation capacity
ranging from zero to its original maximum capacity. In [30], the state
of drivetrain components of wind turbines is represented by normal
working, degraded, critical, and functional failure states. Additionally,
in [31], transformers are described using 4 states: good, fair, poor, and
very poor.

The advancements in sensor technologies, industrial networks, and
the semiconductor industry enables the deployment of online health
monitoring for engineering systems to aid operation and maintenance
planning, for instance, transformers [31], gas turbines [32], PV sys-
tems [3], and wind turbines [33]. Although different technologies may
have different real-time health monitoring methodologies and config-
urations, there is a common process that data sensed by sensors are
processed, and then they are input to degradation estimation engines
to output degradation signals which are numerically represented and
typically normalized [3,4,31,34,35]. By way of examples, for the case of
generating units, the degradation signals typically are the performance
ratio such as gas turbines [34], wind turbines [4], and PVs [35,36].
Denote 𝑑𝑒𝑛(𝑡𝑘) as the degradation signal of the component at bus 𝑛
which is estimated at time 𝑡 . The estimation of degradation signals is
𝑘
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generally not a deterministic process. Therefore, it is assumed that the
estimation has uncertainty that 𝑑𝑒𝑛(𝑡𝑘) is a sum of the actual degradation
𝑑𝑎𝑛 (𝑡𝑘) and the error of the estimation 𝜎𝑛(𝑡𝑘) as:

𝑑𝑒𝑛(𝑡𝑘) = 𝑑𝑎𝑛 (𝑡𝑘) + 𝜎𝑛(𝑡𝑘) (2)

It is reasonable to assume that the degradation of a component has
no improvement between two consecutive maintenance or repair times.
The assumptions on degradation signals are formally stated as

Assumption 3.1.

(a) The maximum of the actual degradation 𝑑𝑎𝑛 (𝑡) is 1.
(b) The actual degradation 𝑑𝑎𝑛 (𝑡) is monotonically decreasing between

two consecutive maintenance or repair times.

In [31], the authors convert degradation signals into 4 states by
assigning each state in an interval. This work uses 4 states named
by numbers from 1 to 4 and each state has a maximum capacity
representation as the authors in [29] do. Also, the conversion from
degradation signals to states are defined as

• State 1: In this state, the hard constraint for this state is 𝑑𝑎𝑛 ≥ 𝜌1.
The maximum capacity representation for this state is 𝑃𝐷

𝑛,1 and
𝑃𝑁𝐷
𝑛,1 for dispatchable and non-dispatchable sources, respectively.

• State 2: In this state, the hard constraint for this state are 𝜌1 >
𝑑𝑎𝑛 ≥ 𝜌2. The maximum capacity representation for this state
is 𝑃𝐷

𝑛,2 and 𝑃𝑁𝐷
𝑛,2 for dispatchable and non-dispatchable sources,

respectively.
• State 3: In this state, the hard constraint for this state are 𝜌2 >
𝑑𝑎𝑛 ≥ 𝜌3. The maximum capacity representation for this state
is 𝑃𝐷

𝑛,3 and 𝑃𝑁𝐷
𝑛,3 for dispatchable and non-dispatchable sources,

respectively.
• State 4: In this state, the hard constraint for this state are 𝜌3 > 𝑑𝑎𝑛 .

The maximum capacity representation for this state is 𝑃𝐷
𝑛,4 and

𝑃𝑁𝐷
𝑛,4 for dispatchable and non-dispatchable sources, respectively.

When a component enters this state, it is either considered not
functional or required maintenance or replacement.

3.1.2. Markov chain based degradation model
There are works that take the historical data of 𝑑𝑒𝑛(𝑡) to predict its fu-

ture values by data-driven methods, for example, linear regression [13],
Gaussian process regression [14]. However, the degradation process of
a component is complex as it depends not only on its current state
but also on future operating conditions. In this work, a Markov chain-
based degradation model is used to model the degradation process of
a component. The model considers future operating conditions.

Denote 𝑥𝑛,𝑖 as the probability that the component at bus 𝑛 is at
state 𝑖, 𝑖 ∈ {1, 2, 3, 4}, and x𝑛 is the vector of all 𝑥𝑛,𝑖, i.e., x𝑛 =
[𝑥𝑛,1, 𝑥𝑛,2, 𝑥𝑛,3, 𝑥𝑛,4]. The Markov model, illustrated in Fig. 2 (b), tran-
sitioning x𝑛 at time 𝑡𝑘 to x𝑛 at time 𝑡𝑘+1 has the following formula:

x𝑛(𝑡𝑘+1) = x𝑛(𝑡𝑘)𝜫 (3)

where 𝜫 is the transition matrix

𝜫 =

⎡

⎢

⎢

⎢

⎢

⎣

𝜋11 𝜋12 𝜋13 𝜋14
𝜋21 𝜋22 𝜋23 𝜋24
𝜋31 𝜋32 𝜋33 𝜋34
𝜋41 𝜋42 𝜋43 𝜋44

⎤

⎥

⎥

⎥

⎥

⎦

(4)

Next, the derivation of the transition matrix is discussed. Because
the model is to aid decision makings on operation and maintenance
strategies, maintenance and repair are not considered in the model. The
exponential distribution is typically assumed for the sojourn time in a
state [28,37]. Let 𝜆𝑖𝑗 be the degradation rate from state 𝑖 to state 𝑗, 𝑖 ≠ 𝑗.
It is noted that if the binary model is used, the degradation rate is the
failure rate. Fig. 2 (a) is the state space diagram of the degradation rate.
4

Fig. 2. Illustration of Markov chain model: (a) State space diagram of degradation
rates, and (b) Markov model transition diagram.

Looking at the inflow and outflow of state 𝑖 in the figure, the following
equation can be derived:

𝑑𝑥𝑛,𝑖(𝑡)
𝑑𝑡

= −𝑥𝑛,𝑖(𝑡)
4
∑

𝑗=𝑖+1
𝜆𝑖𝑗 +

𝑖−1
∑

𝑗=1
𝑥𝑛,𝑗 (𝑡)𝜆𝑗𝑖 (5)

In (5), it can be understood that the term 𝑥𝑛,𝑖(𝑡)
∑4

𝑗=𝑖+1 𝜆𝑖𝑗 is the
intensity of transitioning from state 𝑖 to the other states. Additionally,
the term ∑𝑖−1

𝑗=1 𝑥𝑛,𝑗 (𝑡)𝜆𝑗𝑖 is the intensity of transitioning to state 𝑖 from
the other states. Solve (5) and discretize the solutions with sampling
time 𝛥𝑡, the following equation can be obtained [17]

𝜋11 = 𝑒−(𝜆14+𝜆13+𝜆12)𝛥𝑡 (6a)

𝜋12 =
𝜆12

𝜆14 + 𝜆13 + 𝜆12
(1 − 𝑒−(𝜆14+𝜆13+𝜆12)𝛥𝑡) (6b)

𝜋13 =
𝜆13

𝜆14 + 𝜆13 + 𝜆12
(1 − 𝑒−(𝜆14+𝜆13+𝜆12)𝛥𝑡) (6c)

𝜋14 =
𝜆1,4

𝜆1,4 + 𝜆13 + 𝜆12
(1 − 𝑒−(𝜆14+𝜆13+𝜆12)𝛥𝑡) (6d)

𝜋21 = 0 (6e)

𝜋22 = 𝑒−(𝜆23+𝜆24)𝛥𝑡 (6f)

𝜋23 =
𝜆23

𝜆23 + 𝜆24
(1 − 𝑒−(𝜆23+𝜆24)𝛥𝑡) (6g)

𝜋24 =
𝜆24

𝜆23 + 𝜆24
(1 − 𝑒−(𝜆23+𝜆24)𝛥𝑡) (6h)

𝜋31 = 0 (6i)

𝜋32 = 0 (6j)

𝜋33 = 𝑒−𝜆34𝛥𝑡 (6k)

𝜋34 = 1 − 𝑒−𝜆34𝛥𝑡 (6l)

𝜋41 = 0 (6m)

𝜋42 = 0 (6n)

𝜋43 = 0 (6o)

𝜋44 = 1 (6p)

The assumption that an energy conversion unit has a degradation
rate depending on its operating conditions is reasonable. The thermal
aspects is one of the main reasons for this assumption: Increasing power
generation or transfer is likely to increase its operating temperature,
and therefore it increases the degradation rate because of thermal
effects, which is described by the exponential relation [9,10]. In this
work, the relation between the degradation rate and power that a
component generates and transfers 𝑃 is modeled in (7). Particularly,
a component has a constant degradation rate when its load is less than
or equal to 𝑃 𝑛𝑜𝑟𝑚, but it exponentially increases when its load exceeds
𝑃 𝑛𝑜𝑟𝑚. This is because it is assumed that the operating temperature
starts increasing exponentially at this point. With the deployment of
EM, 𝑃 is controlled to be less than its maximum capacity 𝑃 . Let 𝜆𝑖𝑗
be the degradation rate when the component works in the region 𝑃 <
𝑃 𝑛𝑜𝑟𝑚 and 𝜆𝑖𝑗 when the component works at 𝑃 . The degradation rate
when the component works in [𝑃 𝑛𝑜𝑟𝑚, 𝑃 ] [17]:

𝜆 = 𝜂𝑒𝜁𝑃 (7)
𝑖𝑗
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Fig. 3. Combining multiple sources of information using ET.

where

𝜁 =
ln(𝜆𝑖𝑗∕𝜆𝑖𝑗 )

𝑃 𝑛𝑜𝑟𝑚 − 𝑃
(8a)

𝜂 =
𝜆𝑖𝑗

𝑒𝜁𝑃 𝑛𝑜𝑟𝑚 . (8b)

3.2. Combine multiple sources of information

The degradation rate model expressed in (7) in which 𝜆𝑖𝑗 is un-
derstood as the maximum degradation rate and 𝜆𝑖𝑗 is the minimum
degradation rate. Three are many sources used to estimate the two
parameters, for example, (1) field data, (2) accelerated testing data,
(3) data provided by manufacturers, and (4) expert opinion.

The model (7) is sensitive the parameters 𝜆𝑖𝑗 and 𝜆𝑖𝑗 . If a single
source of information is used and the source is not reliable, the model
may not provide accurate results to aid decision makings. Hence,
multiple sources of information are used. Particularly, each source of
information, such as field data, manufacturers’ data, is used indepen-
dently to estimate 𝜆𝑖𝑗 , and 𝜆𝑖𝑗 to run the Markov model. The results
of running the Markov model are used to fuse using ET [12,38]. The
combination is illustrated in Fig. 3.

3.3. Maximum capacity expectation degradation

A quantity to measure the degradation of a component’s generation
capacity is introduced in this section. Let P𝐷

𝑛 (𝑡𝑘) be the maximum
capacity expectation at time 𝑡𝑘 of a dispatchable-source component.
The maximum capacity expectation of a dispatchable source at bus 𝑛
at time 𝑡𝑘 is the maximum capacity that it is expected to be able to
generate, and it has the following formula

P𝐷
𝑛 (𝑡𝑘) = E(𝑃𝐷

𝑛 ) =
4
∑

𝑖=1
𝑥𝑛,𝑖(𝑡𝑘)𝑃𝐷

𝑛,𝑖 (9)

where E is the expectation operator. For non-dispatchable DERs, the
maximum capacity expectation is similar as

P𝑁𝐷
𝑛 (𝑡𝑘) = E(𝑃𝑁𝐷

𝑛 ) =
4
∑

𝑥𝑛,𝑖(𝑡𝑘)𝑃𝑁𝐷
𝑛,𝑖 (10)
5

𝑖=1
It is desired to know how P𝐷
𝑛 (𝑡𝑘) degrades over time. Let P𝐷

𝑛 (𝑡0) be
the reference to measure the degradation. The following metric called
capacity degradation from time 𝑡0 to 𝑡𝑘 is introduced:

𝛿𝐷𝑛 (𝑡𝑘) = P𝐷
𝑛 (𝑡0) − P𝐷

𝑛 (𝑡𝑘) (11)

Similarly, the capacity degradation for non-dispatchable sources is
computed by

𝛿𝑁𝐷
𝑛 (𝑡𝑘) = P𝑁𝐷

𝑛 (𝑡0) − P𝑁𝐷
𝑛 (𝑡𝑘) (12)

Dispatchable components are discriminated from non-dispatchable ones
because the degradation of non-dispatchable DERs is considered un-
controllable by EM, while dispatchable components are considered
controllable.

3.4. Reconfigure EM’s optimization problem

EM is briefly discussed in Section 2 and mathematically presented
in a general manner in (1). As discussed earlier, EM allocates power
generation and delivery to the grid’s components to gain economic ben-
efits; it decides operating conditions for these units, and thus it impacts
the components’ degradation processes as described in (7). By adjust-
ing the configuration of EM’s optimization problem, the components’
operating conditions can be adjusted; thus, it impacts the components’
degradation processes. There are two strategies to adjust the operating
conditions of components through EM. The first strategy is adjusting
the components’ generating or transferring maximum capacities, and
the second one is adjusting the EM’s objective function.

The first strategy to change the operating condition of a component
through EM is adjusting the maximum capacity. The constraint P𝐷𝑛 ∈
P𝐷 in (1b) is typically a box constraint as

𝑃𝐷
𝑛 ≤ 𝑃𝐷

𝑛 ≤ 𝑃𝐷
𝑛 (13)

The expression (13) is understood as a dispatchable source that has a
lower and an upper limit on power generation or transfer. Reducing 𝑃𝐷

𝑛
likely reduces the component’s operating condition as EM will respect
the limit in its optimization process. However, in doing so, it reduces
the system’s capability to meet load demand, especially when load
demand is at a peak; hence it reduces system reliability. Therefore,
this work follows the second strategy that additional costs considering
degradation costs are added.

EM mainly considers the economic curves of the components. Re-
cently, components’ degradation has been received more concerns.
There is work adding components’ degradation costs into the EM’s
objective function [11,39]. Specifically, in [39], a linear degradation
cost is added to the EM’s objective function. Additionally, in [11], the
degradation rate of a component is estimated from empirical data, and
it is input into an economic model considering degradation, invest-
ment, and fuel consumption costs to construct an objective cost for a
component.

Now the additional cost added to 𝑓 𝑒𝑐𝑜
𝑛 (𝑃𝐷

𝑛 ) in (1) is discussed.
The objective is to reduce the total components’ degradation costs.
In the previous section, the capacity degradation metric 𝛿𝐷𝑛 (𝑡𝑘) for a
dispatchable energy source is introduced in (12). Let 𝐶𝐷

𝑛 be the capital
cost of the dispatchable component at bus 𝑛. Suppose the capital cost
is linearly proportional to its maximum capacity. The degradation cost
𝑐𝐷𝑛 of component 𝑛 from 𝑡0 to 𝑡𝐾 can be estimated as

𝑐𝐷𝑛 = 𝛿𝐷𝑛 (𝑡𝐾 ) ∗ 𝐶𝐷
𝑛 ∗ 1

1 − 𝜌3
(14)

The term 1
1−𝜌3

is included in the above Eq. (14) because a replacement
is considered for a component entering state 4. Let 𝑃 ∗𝐷

𝑛 (𝑡𝑘) be the
optimized power generation of a dispatchable component at bus 𝑛 at 𝑡𝑘
with the current cost function. The average degradation cost for each
power unit is

𝛥𝐷
𝑛 (𝑡𝐾 ) =

𝑐𝐷𝑛
∑𝐾 ∗𝐷

(15)

𝑘=0 𝑃𝑛 (𝑡𝑘)
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Table 1
Component list.

No. Region Bus Technology Capacity (kW) CAPEX ($)

1 1 1 Transformer 4000 30,800
2 1 4 Wind turbine 1500 2,625,000
3 2 8 Microturbine 400 1,032,000
4 2 6 Solar 200 552,000
5 3 14 Microturbine 200 516,000
6 3 18 Solar 200 552,000
7 4 20 Microturbine 200 516,000
8 4 22 Solar 200 552,000
9 5 24 Microturbine 400 1,032,000
10 5 25 Solar 500 1,380,000
11 6 30 Microturbine 400 1,032,000
12 6 32 Solar 200 552,000

The EM’s objective function is updated as

𝑓 (P𝐷) =
∑

𝑛∈

(

𝑓 𝑒𝑐𝑜
𝑛 (𝑃𝐷

𝑛 ) + 𝛥𝐷
𝑛 (𝑡𝐾 )𝑃

𝐷
𝑛

)

(16)

. Numerical simulation

.1. System description

The proposed framework is validated by numerical simulations on
personal computer in this section. The IEEE 33 bus system in [40]
ith additions of DERs is used to validate the proposed scheme. This

ystem consists of 33 buses and 32 lines, and it has a voltage of 12.66
V. The system is geographically divided into 6 regions, with each
orresponding to an Energy Management (EM) agent. MTs are deployed
s dispatchable energy sources in the system, and WT and PV systems
re added as non-dispatchable sources. The locations, rated power, and
eneration technologies of the DERs are shown in Table 1.

.2. Data preparation

.2.1. Components’ CAPEX
Components’ capital expenditure (CAPEX) is used to estimate their

egradation costs. CAPEX typically includes equipment costs and in-
tallation costs. An investigation to obtain the prices of the considered
omponents is carried out in this work. The WT technology costs
etween $1,300,000 and $2,200,000 for each MW capacity [41], the
ost of each kW capacity is $2580 for MT technology [42], and $2760
or PV technology [43]. In addition, a transformer in the range of

MVA generally costs $30,800 [44]. With those unit prices, initial
nvestment costs of DERs are calculated to match their capacities and
re shown in Table 1.

.2.2. Degradation data
Because degradation data is usually kept confidential by utilities,

otional data is generated by the Wiener process, which has been
idely used to model degradation behaviors of an engineering sys-

em [45,46]. Mathematically, the Wiener-process-based degradation
odel is expressed as

(𝑡) = 𝜄𝑡 + 𝜈𝐵(𝑡) (17)

here 𝑑(𝑡) is the degradation signal at time 𝑡, 𝜄 is the drift coefficient,
> 0 is the diffusion coefficient, and 𝐵(𝑡) is the standard Brownian mo-

ion. The stochastic dynamics of the degradation process is presented
y the Brownian motion. Degradation signal data can be generated by
he above model if the parameters 𝜄 and 𝜈 are known. In this application
ontext, 𝜄 relates to degradation rate, and 𝜈 relates to noises.

It is shown in [42] that an MT is expected to function between
0,000 h and 80,0000 h. Assuming the minimum degradation rate
s associated with 40,000 h of operation and 80,000 h of operations
akes microturbines have the maximum degradation rate. Suppose a
6

Table 2
Degradation rate.

No. Technology Max. Degradation
Rate

Min. Degradation
Rate

%/year %/year

1 Transformer 1.5 3.0
2 MT 2.19 4.38
3 WT 1.4 1.6
4 PV 0.8 1.2

replacement is considered for an MT when its capacity’s degradation
reaches 80%, then the minimum degradation rate can be estimated
at around 2.19 %∕year, and the maximum degradation rate is around
4.38 %∕year. It is reported in [47] that the wind turbine degradation
rate has a range of [1.4, 1.8] %∕year. In [48], the degradation rate of a
transformer with high-water content in the winding paper is reported
to be in the range of [1.5,3.0] %∕year. In [49], the degradation rate of a
PV plant is reported in the range of [0.8,1.2] %∕year. Table 2 shows the
degradation rates of power generation and delivery technologies used
in this work. With data in the table, each minimum or maximum degra-
dation rate is used to generate 30 degradation paths. The generated
data is used to obtain the minimum degradation intensity matrix 𝝀 =
[𝜆𝑖𝑗 ]4×4 by Algorithm 1. In Algorithm 1, 𝑌 is the number of generated
degradation paths, and 𝑑𝑦 is a degradation path, which is an array. 𝑆𝑦 is
n array storing the state of all elements of 𝑑𝑦. The algorithm is used to

compute the transition probability from state 𝑖 to state 𝑗. Similarly, the
maximum degradation intensity matrix 𝝀 = [𝜆𝑖𝑗 ]4×4 can be obtained.

Algorithm 1 Training minimum degradation intensity matrix
1. Input: Degradation paths 𝑑𝑦, 𝑦 ∈ {1, ..., 𝑌 }
2. Initialize: 𝝀 = [0]4×4
3. for 𝑦 ∶= 1 to 𝑌 do

Assign state for 𝑑𝑦(1): 𝑆𝑦(1) = 𝑖, 𝑖=1 or 𝑖=2 or 𝑖=3 or 𝑖=4
for 𝑙 ∶= 2 to 𝑙𝑒𝑛𝑔𝑡ℎ(𝑑𝑦) − 1 do

Assign state for 𝑑𝑦(𝑙): 𝑆𝑦(𝑙) = 𝑖, 𝑖=1 or 𝑖=2 or 𝑖=3 or 𝑖=4
𝝀(𝑆𝑦(𝑙 − 1), 𝑆𝑦(𝑙)) = 𝝀(𝑆𝑦(𝑙 − 1), 𝑆𝑦(𝑙)) + 1

end
end
4. Normalize 𝝀
5. return 𝝀

4.2.3. Operating data
The proposed degradation model in (7) is load-dependent, and the

time step is 1 h. Therefore, the information of hourly load and non-
dispatchable power generation is needed to run the model. Residential
load profiles, EV charging profiles, wind speed, solar irradiance, and
temperature are stochastically generated probabilistic models. While
residential load profiles, solar irradiance, and temperature are gener-
ated using the CREST model in [50], EV charging profiles are generated
by the new methodology presented in [26]. Because the CREST model
does not consider wind, wind speed data is simply generated by the
Weibull distribution. Non-dispatchable renewable power generation
data such as wind power generation and solar power generation is
estimated using maximum power point tracking (MPPT) models Fig. 4
shows load profile data generated, and Fig. 5 shows non-dispatchable
power generation data generated for a day. It is noted that the models
can generate data for all days in a year.

4.3. Numerical simulation results and discussion
Three test cases are carried out, and simulation results are discussed.
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Fig. 4. Load profile for a day: (a) Residential load profile (b) EV charging profile.

Fig. 5. Non-dispatchable power generation for a day: (a) Wind power generation (b)
olar power generation.

.3.1. Case 1
The EM’s objective functions do not consider degradation costs. The

ain purpose of this testing case is to see the degradation costs within
0 days of operating the system. The degradation costs in 30 days of
he components listed in Table 1 are estimated with three scenarios:
1) all the components start at state 1, (2) all the components start
t state 2, and (3) all the components start at state 3. Degradation
ata is generated by the method described in Section 4.2.2, and the
egradation rates used are in Table 2. The generated data is used to
rain the Markov degradation prediction model, which is implementing
lgorithm 1. Fig. 6 shows the simulation results. As can be seen

n the figure, the total degradation cost for the dispatchable-source
omponents is around $47.000, and that of non-dispatchable-source
omponents is around $27.000. The objective of the proposed DFAF
s to reduce the total degradation cost for the dispatchable-source
omponents, which is shown next testing cases in which three test cases
re carried out.

.3.2. Case 2
Data used to train the Markov model is generated using degradation

ates on Table 2. Figs. 7 and 8 show simulation results. As can be
een in Fig. 7, the degradation of components 3, 5, 7, 9, and 11 are
bated at the expense of component 1. This is because the CAPEX of
he MTs is more expensive than the transformer, while the degradation
ates of the MTs are lower. Fig. 8 shows the cost savings of deploying
7

FAF compared to the case without DFAF. The proposed strategy saves
Fig. 6. Case 1: Degradation cost in 30 days.

Fig. 7. Case 2: The degradation of the components with and without DFAF.
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Fig. 8. Case 2: Cost savings with DFAF.

Fig. 9. Case 3: Predicted degradation of component 3.

≈ $1634 for the total degradation cost, but the system spends ≈ $802
more on fuel consumption. However, the total saving is ≈ $832.

4.3.3. Case 3
In this case, the effectiveness of ET in fusing multiple sources of in-

formation is shown. In the previous cases, data used to train the Markov
model is generated using degradation rates on Table 2. In this case, for
component 3, two data sets are generated using the degradation rates
on Table 2, which are called source 2 and source 3, another data set is
generated by using degradation range [2.9200,5.8400] %/year, which
is called source 1. Suppose source 1 is an unreliable source. As can
be seen in Fig. 9, the ET’s combination can discern the unreliability
of source 1 as the combined result is closer to source 2 and source 3
compared to source 1.

5. CHIL experimentation

The proposed strategy is realized by a CHIL experimentation on the
IEEE 33 bus system described in Section 4.1. Equipment in Real-time
COtrol and Optimization Laboratory (RT-COOL) at Clemson University
is used to construct an ADMS with the degradation forecasting function-
ality integrated with EM. The main purpose of the CHIL implementation
with the laboratory equipment are to show real-time implementation
8

feasibility and its synergic to other layers of the ADMS. Next, the details
of the CHIL implementation and experimental results are presented.

5.1. System modeling

The IEEE 33 bus system is simulated by the MATLAB/Simulink
software. Rowen’s model is used to simulate MTs’ engines [51], and
the control structure in [52] is applied to integrate the MTs with the
grid through power electronics converters. Furthermore, the type 4 WT
model in [53] is used. Additionally, PV panels are modeled by the
double-diode model with parameters extracted from the Siemens SM50
solar panel’s specifications. Both the WT and PV systems have MPPT
modules to obtain optimal generation. Average models are used for
power electronics converters. The model is later compiled into the C++
programming language by OPAL-RT Technologies’s RT-LAB software,
and the compiled program is deployed into a digital real-time simulator
(DRTS) OPAL-RT OP4510. Average models are used to model DERs
instead of detailed models because the DRTS has limited computational
power to run detailed models of all the DERs in real time. However,
average models are sufficient enough to demonstrate the DFAF strategy.
The sampling time used in this work is 80 μs. The MATLAB/Simulink
program is shown in Fig. 10.

For the sake of simplicity, the degradation processes of the sys-
tem’s components are modeled by the Wiener process included in
the MATLAB/Simulink model to generate degradation signals. Those
degradation signals are sent to the controller, which implements the DF
function, which is discussed in the next subsection. Additionally, PM is
a decentralized strategy receiving references from EMs to control DERs
to follow, and it is also embedded into the MATLAB/Simulink model.

5.2. Integrating degradation forecasting into ADMS

It is noted that the EM strategy and its CHIL implementation are
discussed detailedly in [14]. Briefly, each region has an EM to manage
the region in collaboration with other EMs in a distributed manner.
The EM strategy is realized by the LabVIEW software, and then it is
deployed into 6 real-time controllers NI sbRIO 9627. This work inherits
the EM system and extends the work by adding the proposed DF layer.

The proposed DF strategy is realized in the LabVIEW environment
and deployed into a real-time NI sbRIO 9627 controller. The time step
for DF is 1 h. Every 1 h, the controller receives degradation signals sent
from the DRTS. The degradation signals are converted to probabilities
of the four states as the initial state 𝐱𝑛(𝑡0) for the Markov chain
based prediction model discussed in Section 3.1. There is a computer
playing as a server is added. The MATLAB script module in LabVIEW
is used to implement the server’s functionalities. These functionalities
are described now. First, the server stores data and trains the data
using Algorithm 1 to obtain the maximum and minimum degradation
intensity matrices for each source of information. Second, the server
will send trained models whenever the real-time controller, which im-
plements the DF, queries for the models. Third, the server will respond
to the real-time controller’s query for predicted power generation or
delivery. The DF controller, in collaboration with the server, runs the
Markov chain degradation model presented in Section 3.1.2. It predicts
the degradation paths of the components in 30 days with 1-hour
data resolution, then it computes the degradation costs discussed in
Section 3.4 to send to EM. A 1 GB erthernet communication network is
established for the real-time controllers and the DRTS to communicate.

There is also a human-machine interface (HMI) added to monitor
the system, and an NI sbRIO 9627 real-time controller board is set up
for this function. The HMI collects operating data from the DRTS, the
EM controllers, and the DF controller, and then it displays them on
a monitor. There are five main displaying screens. First, the Control
screen has start/stop buttons to control the experimentation, and it also
has inputs for the CHIL system’s information, such as controllers’ IP
addresses. Second, the System Monitoring screen displays components’
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Fig. 10. MATLAB/Simulink model of the IEEE 33 bus system.
Fig. 11. CHIL Implementation.
statuses with the grid diagram. Third, the Power Management screen
shows bus voltages, measured active and reactive power from DERs,
and the substation transformer. Fourth, the Energy Management screen
is to show weather information, non-dispatchable power generation,
9

load demand, optimal power generation and delivery of dispatchable
sources. Finally, the Degradation Forecasting displays the degradation
signals received from the model running in the DRTS and the degra-
dation predictions of the grid’s components. Fig. 12 shows the System
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Fig. 12. HMI display: (a) System Monitoring screen (b) Power Management screen.
Monitoring and Power Management screens. Fig. 13 shows the Energy
Management and Degradation Forecasting screens.

5.3. Experimental results

The constructed CHIL system described in Fig. 11 is run, and the
three layers PM, EM, and DF work synergically. As can be seen in
Fig. 13 (b), degradation signals are sent from the model to HMI running
in the DRTS for displaying. It is noted that component 4 is out of
10
service; therefore, the degradation signal is zero. On the left side of the
figure, it shows the predicted degradation paths of the components. To
show the effectiveness of the proposed strategy, the server is requested
to compute the costs saved by the strategy. As can be in the middle
of the figure, DFAF saves ≈ $1634 in degradation costs in 30 days.
However, the fuel cost increases by ≈ $802 because the EM’s objective
function is adjusted. But overall, the proposed strategy saves ≈ $832 for
the system. The experimental results match the numerical simulations.
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Fig. 13. HMI display: (a) Energy Management screen (b) Degradation Forecasting screen.
6. Conclusion and future work

This paper proposes a DFAF and its integration into the existing
hierarchical ADMS as an upper layer to EM to abate the degradation
processes of components to reduce operating costs. A Markov chain-
based degradation model is constructed to predict the degradation
paths of a grid’s components in which components’ states are modeled
by a multi-state model. It is a load-dependent degradation model rea-
soning from observations of considered DERs’ degradation behaviors.
Multiple sources of data can be used to train the Markov prediction
model that ET is used to combine predicted results to enhance the
reliability of the prediction model. The predicted results are used to
adjust EM, which is a component of the ADMS concept, to abate
the degradation of components with higher degradation costs. The
11
proposed strategy is verified on the IEEE 33 bus system by numeri-
cal simulations. In addition, CHIL experimentation for the proposed
scheme is implemented with laboratory equipment. Both numerical
simulations and CHIL experimentation show operation cost savings for
the studied system.

There are research directions that can extend this work, for example:

• First, the proposed framework can be applied to other types of
electrical systems, such as hybrid electric vehicles (HEVs).

• Second, integrating optimal maintenance planning with forecast-
ing results into the framework is another direction.

• Third, investigating the impact of load modeling could be a future
research direction for this work.

• Fourth, the proposed framework can be used to investigate other
forecasting methods.
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