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Abstract. This paper proposes a novel prognostics-driven approach to optimize operations and maintenance (O&M) decisions in
hydropower systems. Our approach harnesses the insights from sensor data to accurately predict the remaining lifetime distribution
of critical generation assets in hydropower systems, i.e., thrust bearings, and use these predictions to optimally schedule O&M
actions for a fleet of hydro generators. We consider complex interdependencies across hydro generator failure risks, reservoir, pro-
duction, and demand management decisions. We propose a stochastic joint O&M scheduling model to tackle the unique challenges
of hydropower O&M including the interdependency of generation capacities, the nonlinear nature of power production, operational
requirements, and uncertainties. We develop a two-level decomposition-based solution algorithm to effectively handle large-scale
cases. The algorithm incorporates a combination of Benders optimality cuts and integer cuts to solve the problem in an efficient
manner. We design an experimental framework to evaluate the proposed prognostics-driven O&M scheduling framework, using
real-world condition monitoring data from hydropower systems, historical market prices, and water inflow data. The developed
framework can be partially implemented for a phased-in approach. Our experiments demonstrate the significant benefits of the
sensor-driven O&M framework in improving reliability, availability, effective usage of resources, and system profitability, espe-
cially when gradually shifting from traditional time-based maintenance policies to condition-based prognostics-driven maintenance

policies.
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1. Introduction

Operations and maintenance (O&M) is a fundamental problem in energy systems, with widespread impli-
cations for cost and reliability (Froger et al.[2016). A central objective for O&M is to ensure operational
availability and reliability of energy assets by performing maintenance actions as needed (de Azevedo et al.

2016). One of the key trade-offs in maintenance scheduling revolves around determining the frequency of
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maintenance actions. Opting for frequent maintenance intervals can reduce equipment’s useful life and dis-
rupt operations due to maintenance outages; while delaying maintenance increases the risk of failures, which
can have severe repercussions for grid stability. Consequently, operators are constantly seeking methods to
enhance their awareness of asset conditions and failure risks to execute maintenance promptly. Leveraging
sensor-driven insights facilitated by digital transformation has proven instrumental in this regard, enabling
operators to monitor real-time changes in asset conditions and predict failures. However, when operations
and maintenance are integrated into a joint model, the trade-offs become more intricate and multifaceted,
complicating the translation of failure predictions into actionable prescriptive insights. This complexity
is particularly pronounced in hydropower systems, where operational interactions, such as reservoir man-
agement, production curves, and energy prices, introduce numerous interdependencies across assets and
decision-making processes. This disparity between prediction and prescription, often called the “predictive-
prescriptive gap”, represents a significant obstacle to fully realizing the benefits of digital transformation
for O&M outcomes. There is a need for a new generation of O&M models that can intergrate sensor-driven
insights on asset conditions within large-scale O&M models capable of modeling fleet-level interactions.

Hydropower industry - a significant source of global renewable energy production - is no exception to
this need (Keizer et al.[[2017, |/Agency|2021). Maintenance breakdowns of hydro generation assets have
exceeded acceptable limits, causing concern among stakeholders (Efficiency and Energy|[2016). Factors
such as fluctuating production levels to satisfy operational and environmental requirements contribute to the
degradation of critical assets such as generators and turbines and reduce the intervals between maintenance
activities (Yang et al.|2016, [Saarinen et al.|2017, [Liu et al.[2016). Frequent outages of hydro generation
assets lead to forced spillage of water with zero or reduced economic value, generation loss, unsatisfied
demand, and, in some cases, financial penalties. These circumstances underline the importance of proper
maintenance management policies and preventive actions to ensure high system availability and reliability.
Developing cost-efficient maintenance plans for hydro generation assets requires consideration of several
factors.(Helseth et al|2018). These include the operational interdependency and the varying generation
capacity of hydropower systems, which depend on generation assets availability, natural water inflow, and
reservoir storage levels (Helseth et al.[2018|, [Labadie[2004). Consequently, effective maintenance schedules
must be proactively planned, remain adaptive to changing system conditions and operational requirements,
and flexible to respond to uncertainties.

Various maintenance management policies have been proposed to tackle O&M challenges in energy sys-
tems. One of the widely-adopted maintenance approaches, called reactive maintenance policy, relies on
corrective maintenance actions following generation asset breakdowns. In an effort to reduce failures, espe-
cially for critical generation assets, preventive maintenance policies are developed, where the maintenance
on assets is performed following predetermined intervals. A widely used preventive maintenance strategy

in the energy industry, especially for hydropower systems, is the time-based maintenance (TBM) policy,
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which schedules maintenance based on calendar time or machine run-time intervals (Guedes et al.|2015)
U.S. Department of Energy|2016)). While this maintenance policy offers some advantages, it often results in
unnecessary maintenance actions, high maintenance costs, and does not prevent catastrophic failures. These
maintenance policies are developed based on the assumption that the degradation, and consequently failure,
behavior of all generation assets of the same type are similar. However, each individual asset, to some extent,
possesses unique degradation, tear and wear trends. Limited flexibility and strong assumptions on failure
risks, reduces the effectiveness of TBM policies for achieving the reliability and availability requirements.

The evolution of condition monitoring (CM) technologies, such as sensors and computational devices,
has significantly enhanced the reliability and efficiency of maintenance policies. These technologies utilize
an array of sensors to continuously or periodically record and monitor the health indicator parameters of
individual generation assets during operation. The information gathered by these sensors is transformed into
unique identifiers known as degradation signals, which are then used to schedule condition-based mainte-
nance (CBM) actions. Implementation of CBM policies, as indicated by independent surveys across various
industries, can potentially reduce maintenance costs by up to 30% and equipment downtime by as much
as 45% (Sullivan et al.|[2010). CBM policies rely on CM-based failure predictions, which take one of two
forms: diagnostics and prognostics. Diagnostic approaches use sensor data to estimate the current state of
health (Kusiak and Li/2011}, [Hameed et al.|[2009), and are typically used to identify assets with imminent
failure risks. Prognostic approaches derive remaining life distributions (RLDs) for generation assets, which
require an estimate of the current state of health (as in diagnostics), as well as an accurate prediction of how
the health state of the asset is likely to evolve in the future (Selak et al.|2014, [Wang et al.|[2016)).

In line with the existing CM approaches, the CBM approaches in power systems also focus on two
types of policies: diagnostics-driven, and prognostics-driven maintenance policies. In diagnostics-driven
policies, CM systems alert the operators when the failure risks of generation assets reach a certain severity.
Depending on the subjective judgment of the maintenance personnel, these alerts are often used to initiate
immediate maintenance actions. Such diagnostics-driven CBM policies rely on the current state of the assets
and do not provide advanced notice for planning maintenance actions. To overcome this constraint, real-time
sensor information can be synergized with analytical methods to accurately predict the progression of faults
and the remaining life of the assets. If the degradation trends of the asset demonstrate predictable patterns
and can be effectively modeled, they can be used to predict the remaining life distribution (RLD) of the asset.
This information paves the way for the development of a prognostics-driven CBM approaches. Prognostics-
driven CBM approaches introduce the flexibility and agility necessary to create a well-balanced O&M
schedule that fulfills reliability and availability requirements while also meeting the operational objectives
of the system.

Despite the promising benefits of sensor-driven CBM maintenance policies and supporting technologies,

their practical implementation often faces hurdles. High initial investment costs and long payback periods
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can deter industries from transitioning to CBM policies. Even when the required technologies are imple-
mented, the full potential of collected sensor data may not be realized due to the complexities in decision
integration. In the face of uncertain operational environments, aligning maintenance and operational deci-
sions is also challenging and hasty responses can compromise both operational and maintenance objectives.
Maintenance policies should therefore allow sufficient time to formulate the most effective response. This
necessitates early predictions of generation assets failures to enable proactive decision-making. However,
existing CM technologies are typically focused on monitoring and diagnostics, falling short in predicting
failure risks. Moreover, it’s not sufficient to merely make asset-specific failure risk predictions and main-
tenance decisions; a comprehensive understanding of the entire system’s performance is essential. Take
the example of a situation in hydropower systems where a key upstream generation asset is under main-
tenance, potentially limiting available water flow to other downstream assets. In this case, there may be
additional incentives to conduct maintenance on a downstream assets at the same time, to better utilize
fleet-level operational capacity. Therefore, decision-making should extend beyond individual asset O&M
decisions; making a comprehensive fleet-level performance overview indispensable. This holistic perspec-
tive facilitates fleet-level alignment, leading to substantial cost reductions. Without thoughtful integration
of failure predictions into decision-making tools, there is a risk of poor maintenance decisions, leading to
discouragement and policy disuse. These challenges underscore the need for more robust implementation
of prognostics-driven CBM policies.

This study explores the benefits of prognostics-driven CBM for joint O&M planning in hydropower sys-
tems. The hydropower systems consist of multiple hydropower plants with various generation and reservoir
capacities. Our novel sensor-driven framework enhances the understanding of utilizing real-time CM infor-
mation to manage failure risks of generation assets, i.e., hydro generators, and coordinate the backbone
functions of hydropower systems, specifically maintenance and operations activities. The main contribu-
tions of this paper are fourfold.

* We develop a novel prognostics-driven framework for O&M scheduling of hydropower systems. The
framework uses sensor-driven prognostics to drive optimal O&M schedules for a fleet of hydro gen-
erators. The proposed framework captures the dynamic interactions between (i) the failure risks and
remaining lifetime predictions of hydro generators, and (ii) operations of hydropower fleets. The pro-
posed model ensures that the full potential of sensor-driven prognostics can be unlocked to increase
system-level efficiency and reliability in hydro fleets.

* We construct a stochastic joint O&M scheduling model specifically for hydropower systems. The
developed model addresses some of the unique characteristics of hydropower system O&M including
the spatial and temporal interconnections between reservoirs, the nonlinearity of power production, and
the underlying operational uncertainties, requirements, and system interdependencies. Uncertainties
associated with water inflows and market price uncertainties are considered in the O&M scheduling

through the notion of scenarios.
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* We propose a two-level decomposition-based solution algorithm to solve the mixed-integer stochastic
O&M scheduling model for large-scale cases. We exploit the structure of the model to reformulate the
problem in a two-stage formulation. Leveraging on the decomposed model, we propose an algorithm
that uses a combination of Benders optimality cuts and integer cuts, to obtain optimal solutions in an
efficient manner.

* We design an experimental framework that allows to evaluate the performance of hydropower systems
based on the common key maintenance, operations, and cost metrics within the hydro industry. The
developed framework builds on real-world hydropower sensor data acquired from an industrial col-
laborative called Hydropower Research Institute (HRI) to mimic the degradation of hydro generators
and drive remaining life estimations using Bayesian statistics. We utilize historical market price and
water inflow data to represent the operational uncertainties of hydropower systems. The framework
allows partial implementation of prognostics-driven CBM maintenance policy, i.e., managing a subset
of hydro generators under the CBM policy.

We conduct a series of in-depth experiments on connected hydropower plants, depicted in Fig[5] to analyze
the performance of the sensor-driven CBM framework in a realistic setting. Our results reveal the signifi-
cant merits of the sensor-driven framework in improving several aspects of hydropower systems, such as
reliability, availability, effective use of resources, and system profitability, and we conduct a unique set of
experiments to investigate the impact of a gradual shift from the conventional TBM policy, which does not
consider real-time sensor information, to the CBM policy proposed in this paper.

The remainder of this paper is organized as follows. The subsequent section provides a review of the
relevant literature. In Section [3] we detail our sensor-driven prognostics CBM framework, covering the
degradation process of hydro generators, the continuous predictions of their RLDs, and its connection to
the maintenance cost functions. We then introduce our Prognostics-Driven Operations and Maintenance
Scheduling (POMS) model in Section ] offering an in-depth exploration of operational and maintenance
constraints inherent to the architecture of hydropower systems. Section [5] proposes a strategic reformula-
tion of the POMS model and presents a decomposition-based solution algorithm designed to address the
computational scalability of large-scale instances. The experimental results and key findings are presented
in Section [ The paper concludes with reflections on our research, outlining potential directions for future

work in the final section.

2. Literature
In this section, we provide a brief overview of the related literature on condition monitoring and prognostic
approaches, the CBM literature on the O&M planning in power systems, and the relevant studies on the

O&M scheduling problem with a specific focus on hydropower systems.
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2.1. Condition Monitoring and Predictive Analytics
Integrated CM systems are actively used for monitoring the performance of various generation assets, by
collecting and analyzing data from sensors. Proximity and eddy current probes as well as vibration and tem-

perature sensors are among the most widely used sensors. In hydropower systems, operators generally use
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Figure 1 Evolution of the vibration signal of a hydro generator before and after maintenance (Egusquiza
et al.|[2018)

sensor data for detecting anomalies and tripping units for system protection (Kougias et al.[2019). The focus
is mainly on monitoring major equipment, such as turbines and generators (Efficiency and Energy| 2020,
Ribeiro et al.|2014). Fig[T]illustrates the progression in the vibration signal of a hydro generator before and
after maintenance. The high amplitude of vibration, 500-600 Hz, indicates the possibility of incipient dam-
age (Standard|[1996). Existing CM techniques can be classified into mechanical, electrical, and chemical or
hydraulic monitoring, depending on the specific application (Tavner and Penman|1987, Klempner and Ker-
szenbaum|2004). Mechanical monitoring includes vibration analysis, shaft displacement measurements, and
bearing temperature monitoring, which can help detect issues such as misalignment, imbalance, and bear-
ing wear. Electrical monitoring focuses on the insulation system, including partial discharge measurements,
and the analysis of electrical parameters like current, voltage, and power factor to identify winding issues,
rotor faults, and stator core faults. Hydraulic monitoring involves observing parameters such as pressure,
flow, and temperature within the hydro generators to detect issues related to the turbine, such as cavitation,
flow instabilities, and wear of turbine components. For reviews of the advancements in fault diagnostics and

prognostics approach for hydro equipment, readers are referred to (Wang et al.[2016, [Selak et al.|[2014)
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2.2. CBM for Operations and Maintenance Planning in Power Systems

The majority of prognostics-driven CBM approaches in energy systems focus on single-unit sys-
tems(de Jonge and Scarf]|2020). A single-unit system is composed of a single asset or unit. Markov chain
models are used to characterize degradation and derive optimal maintenance decisions (Mahani et al.[2018)).
More examples of CBM for single-unit systems can be found in (Besnard and Bertling/ 2010, Byon et al.
2010, Byon and Ding|2010). This literature is expanded for more complex settings by modeling the system
structure and introducing various types of interdependencies between the generation assets, such as eco-
nomic, stochastic, structural, and resource dependencies(Keizer et al|2017} [Shin and Jun|2015, |Alaswad
and Xiang|2017). Recently, (Yildirim et al.|2016a) proposed a fleet-wide CBM policy for generator main-
tenance scheduling in vertically integrated power systems. While benefiting from prognostic predictions,
these models do not capture the interdependency between the O&M actions. Scheduling maintenance activ-
ities in isolation from operations and/or actual characteristics of the system results in CBM policies that
are sub-optimal, not reliable, and efficient enough. Any viable CBM policy needs to consider the interde-
pendency within the system when scheduling maintenance actions to reduce production and economic loss
(Helseth et al.|2018)).

In comparison to those on pure maintenance scheduling problems, the number of studies on joint O&M
scheduling in power systems is limited. Some of the researchers investigated the joint O&M scheduling
problems in wind farms (Yildirim et al.[[2017} |Bakir et al.[|[2021}, Papadopoulos et al.[[2023), vertically inte-
grated grid (Basciftci et al.[2018)), and microgrids (Fallahi et al.[2021)). The problems are modeled either by
deterministic or stochastic approaches. Typical approaches to connecting prognostics information to O&M
decisions include maintenance cost functions (Yildirim et al.[2016b)), uncertainty sets (Basciftci et al.[2018)),
and chance constraints (Basciftci et al.|[2020). These studies show the effectiveness of sensor-driven O&M
scheduling approaches in improving the reliability, revenue, and other operational metrics of the energy

system under consideration (Bakir et al.[2021} |Yildirim et al.[2019).

2.3. Operations and Maintenance Planning in Hydropower Systems

Many studies in the literature have addressed the main challenges in hydropower operations scheduling
(Singh and Singal [2017} [Labadie| 2004, [Steeger et al.|[2014). The operations scheduling of hydropower
plants are characterized as a complex problem due to its non-linearity, non-convexity, stochasticity, and, in
most cases, large-scale. To deal with the non-linearity of power production, several methods have been pro-
posed, including piecewise linear approximations (Conejo et al.|[2002} Sarasty|2018)) and smoothing splines
(Séguin et al.[2015). Some studies explore modeling simplification techniques such as dropping the power
production dependency on the net water head when reservoirs or the length of the planning horizon is large
enough (Dashti et al.[2016). Another modeling technique is the plant-based power production concept in

which the power production is modeled in an aggregate (Rodriguez et al.[|2018)), i.e., plant-based, manner
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rather than the individual (Conejo et al.|2002), i.e., asset-based, manner. Although this method reduces the
problem size and decreases the computational time (Kong et al.[2020), it ignores the precise representation
of individual hydro generator characteristics. Accurate O&M planning of hydropower systems, however,
depends highly on the individual assets operational characteristics and their interactions with each other.
Some studies also give great importance to the necessity of counting the start-up costs of the hydro genera-
tors to reduce water loss and equipment wear (Nilsson and Sjelvgren|1997| Dashti et al.[2016) which require
precise asset-wise on/off status consideration. Modeling the underlying uncertainties within hydropower
systems such as energy generation capacity and market conditions is also vital for planning O&M activities
efficiently and in a reliable manner. In addition to the electricity prices volatility, the natural water inflows
into the reservoirs are another main source of uncertainty in the hydropower systems. Two-stage stochastic
programming (Pousinho et al.|[2012| Baslis and Bakirtzis|[ 2011, Khodayar et al. 2013 [Egging et al.|2016),
multi-stage stochastic programming, chance-constrained programming (van Ackooij et al.|[2014])), robust
optimization (Dashti et al.[|2016), and dynamic programming (Arce et al.|2002) are some of the modeling
approaches proposed in the literature to address these operational uncertainties.

In comparison to the literature on operations scheduling, little attention has been paid to the joint O&M
planning in hydropower systems. The existing studies focus more on the operational side, and mainte-
nance activities are generally managed by enforcing additional constraints(Guedes et al.|[2015}|Sarasty|2018,
Helseth et al.|2018, |Ge et al.|[2018). With the advancement of CM technologies, monitoring hydro gener-
ators become one of the best practices in managing assets health condition (Efficiency and Energy|[2020,
Ribeiro et al.|2014). There are very few studies that employ the CBM policy, i.e., scheduling maintenance
actions based on sensor data and the asset’ state of health. Most studies utilize diagnostics-driven CBM
approaches and consider a single-asset hydropower system (Fu et al.[|2004, [Betti et al.|[2021). The focus
of these studies is on fault detection ability, and they usually have no or a very simplified maintenance
decision-making optimization approach. Very few studies focus on prognostics-driven CBM approaches to
managing maintenance actions. (Qian and Wul2014) proposes a CBM policy for a multi-component hydro
generator and uses a proportional hazard model to represent the risk of failure. Some studies have used the
Markov decision process to model the CBM optimization problem in hydropower systems (Welte2008)).

One of the common key limitations of these studies is that the main maintenance and/or operational
characteristics of hydropower systems are either ignored or oversimplified. To date, the proposed research
on joint O&M scheduling in hydropower systems has not captured and investigated the potential of CBM

policies in the complex operations of hydropower systems.

3. Sensor-driven Degradation Modeling and Prognostics Framework
In this section, we introduce the degradation modeling and sensor-driven failure prognostics framework

for hydro generators. The developed framework is composed of four main steps. The first step models the
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degradation signals of a population of hydro generators using a parameterized stochastic model. The sec-
ond step uses a Bayesian updating procedure and leverages the sensor data to improve the accuracy of the
initial degradation modeling attempts. More specifically, to capture the unit-to-unit degradation variability
and improve the accuracy of degradation modeling, the Bayesian procedure combines the population-level
knowledge of the hydro generators degradation process with the real-time sensor data collected from indi-
vidual assets while operating. Using the updated degradation models, in the next step, the failure predictions
of individual hydro generators are reevaluated. Finally, the last step utilizes the most recent prediction of
RLD to calculate a prognostics-driven maintenance cost function of hydro generators over time.

Before modeling the degradation signals, we first elucidate some important terminologies. Let X;(¢)
denote the cumulative degradation of hydro generator ¢ up to time £ € R, . During the operation of hydro
generators, degradation signals are collected and processed by the CM system at discrete times ¢, ¢}, ..., 2.
We represent the observed values by 20, 2!, ..., 29 where z¥ = X (t¥). We define failure occurrence as the
first time when the amplitude of the accumulated degradation exceeds a predetermined failure threshold A;,
i.e., 7, = inf{t > 0|X;(t) > A;}. Consequently, the remaining life of the hydro generator i is the minimal
time it takes until the degradation signal crosses the failure threshold. Given the hydro-generator survival

until the observation time ¢7, the remaining life of the asset is mathematically defined as follows:
RY —inf{s>0|X;(s+12) > M| X,(t) < A, Vt <12} (1)

We now proceed with introducing our degradation modeling approach and using sensor observations to

improve RLD estimations of individual hydro generators.

3.1. Prognostics - Degradation Modeling and Remaining Life Predictions
There are different ways to describe the trajectory of hydro generators degradation over time (Zhang et al.
2018). In this paper, we model the degradation as a continuous-time continuous-state stochastic process as

follows:
Xi(t) =ni(t; 0, 8;) + €i(t;0) (2)

In this formulation, 7;(.) represents the general functional form of the degradation signal along with ¢ and
B; as two independent explanatory parameters. The parameter ¢ describes the degradation characteristics
common between a population of hydro generators, i.e., generation assets of the same type, and is generally
deterministic and constant. The degradation variability from asset to asset is captured by parameter [3; which
is stochastic and follows a statistical distribution across the population of hydro generators. The error term
€;(.) represents the noise level due to degradation and measurement errors through the variance parameter
.

In practice, for modeling particular degradation processes, experts use domain knowledge and historical

data to estimate the value of the deterministic parameters and the distribution of the stochastic parameters
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B; and ¢;. The resulting population-based degradation model can be updated to specialized ones by incorpo-
rating the improved estimations of parameters that are degradation-path dependent,i.e., (3;. In other words,
we use the degradation indicator sensor data collected from assets to periodically reevaluate the stochastic
degradation model parameters. To begin with, we denote the initial estimation of the stochastic parameter
by 7(3;) and consider a sequence of observed degradation signals by the time of observation ¢¢. Given the
partial degradation signal observations z?, z}, ..., x?, we obtain the conditional distribution of the stochastic

parameter through the following Bayesian framework.

o
P(ﬁi|$?,x}, ...ﬁzél )=

3

P(x?7x'}7’$f$|ﬁl)zo7r(/81) (3)

t
Paf, g, m')

where P(3;|zY, x}, ..., xff) is the posterior distribution of the stochastic parameter 3; at the observation time,
and the denominator is a constant normalization factor. We denote this posterior distribution of the stochas-
tic parameter by u(S;|z?, x}, ,xf?) Once the distribution of the stochastic parameter and the updated
degradation models are acquired, we reevaluate the remaining life of the hydro generators. The conditional
distribution of the remaining life of the hydrogenerator ¢, Rf?, given the observed values z?, z}, ..., a:? are
as follows:

w0(t) = P(RY <t[a0,a!, ., xl') = P{X,(t + ) > |20, 2}, ...} )

t9
R |xo,x1,...,x.
1 1 1 1

In some cases, a closed-form solution to the RLD estimation may exist (Gebraeel et al.[2005). The
frequency of the Bayesian updating procedure could vary among different industrial applications based on

the cost of data acquisition.
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Figure 2  Degradation-based maintenance cost function of a hydro generator
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3.2. Degradation-based Maintenance Cost Function
To link the sensor-driven RLD estimations of hydro generators with the O&M decisions of hydropower
systems, we develop a maintenance cost function using renewal reward processes. Given the updated RLD

of hydro generators, we calculate the expected cost of conducting maintenance ¢ time periods after the

observation time t7 as follows (Yildirim et al.|2016a):

e _ C’P(RY >t)+C/P(RY <t) )
it T o
[y P(R > 2)dz + 1t

where C” and C/ denote the maintenance costs associated with preventive and corrective maintenance
actions, respectively. This cost function balances the trade-off between the risk of unexpected failures of
hydro generators and cost of preventive maintenance actions by combining the expected preventive main-
tenance costs per cycle C? P(R?g > t), the expected corrective maintenance costs per cycle C/ P(R’?g <t),

and the expected maintenance cycle length f 0 R > z)dz +t?) of the hydro generator. The introduced
maintenance cost functions allow us to integrate the most accurate RLD predictions of hydro generators
into the optimization model and ensure that the O&M decisions of hydropower systems adapt to failure

risks and associated uncertainties of these assets.
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4. Prognostics-driven CBM model for Joint O&M Scheduling

This section introduces a prognostics-driven Operations and Maintenance (O&M) scheduling model for
hydropower systems, herein referred to as POMS. The problem is modeled as a stochastic mixed-integer lin-
ear programming problem, with the goal of optimizing maintenance actions for hydro generators within the
physical and operational constraints of hydropower systems based on sensor-driven failure ris predictions.
Physical constraints ensure the balance of mass and power, while operational constraints reflect system-
specific attributes, such as non-linear power productions of hydro generators and water transactions between
reservoirs. Figure [3 outlines the POMS framework.

Before delving into the model, we first define the general setting and notations of the problem. Our focus
is on a fleet of hydro generators, owned by a single generation company, over a planning horizon of length 7T'.
We denote 7 and H as the set of maintenance and operational periods within the planning horizon, respec-
tively. Each maintenance period ¢ € T is further subdivided into H operational periods for finer granularity
in scheduling. Each hydropower system consists of a reservoir and several hydro generators for power pro-
duction. The sets R and G denote the set of reservoirs and hydro generators, respectively, while the set I/
represents neighboring upstream reservoirs. When necessary, subscript r denotes specific sets associated
with the reservoir » € R. We employ the superscripts o and f to differentiate between operational and
maintenance-bound hydro generators and those that have failed at the time of planning. Operational hydro
generators can undergo preventive maintenance, while failed ones are subject to corrective maintenance.
The sets G° and G/ denote operational or maintenance-bound and failed hydro generators, respectively, at

the time of planning.

4.1. Objective Function

The objective is to maximize the expected total profit from hydropower systems throughout the planning

horizon:
+,w —,w 7,(.0 su . w sd
max ) > > v (De —Tulen’) =32 > 2 v (Clhafi+ Ci'B)
ﬁv z’ teT heHwe 1€G teT heHwe (6)
DIDIEHTTED PP LR
€GO teT iegf teT

The objective function has four components including the expected revenue from power transactions in
the day-ahead market and the costs related to the startup, shutdown, and maintenance of hydro generators, to
collectively optimize the O&M planning of hydropower systems. The first component captures the expected
revenue from power transactions in the day-ahead market, taking into account the stochastic nature of prices
for selling excess power (e+’“), and prices for buying power in case of power scarcity (e, ;). The terms
FZF i” and ', ;* denote the electricity prices associated with power selling and purchasing, respectively. We
incorporate the startup and shutdown costs of hydro generators to discourage frequent startups and shut-

downs that can lead to increased wear and tear(Gagnon et al.[2010). We introduce binary variables aFn and
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B’ .r» which indicate if a hydro generator ¢ starts up or shuts down during maintenance period ¢ and oper-
ational period h in scenario w, with corresponding startup cost C;* and shutdown cost C¢, respectively.
Finally, the third and fourth components account for the maintenance costs of operational and failed hydro
generators. For operational assets, the binary variable v, , denotes the start time of preventive maintenance
action; that is, maintenance begins at time ¢ if v; , = 1. The dynamic maintenance cost function C,fffo, dis-
cussed in Section[3.2] corresponds to the maintenance decisions of these assets. Including this cost function
ensures that O&M scheduling adapts to the latest predictions on failure risks and the remaining life of hydro
generators. For failed hydro generators, i € G/, the variable z;; indicates the start time of the corrective

maintenance action. Conducting corrective maintenance actions incurs the corrective maintenance cost C .

4.2. Constraints

The objective function (6) is subject to the following constraints:

4.2.1. Maintenance Coordination Constraints. To ensure high reliability for hydro generators,
we introduce a dynamic maintenance time limit ¢ as the first time at which the sensor-driven remaining life
probability of the asset, denoted as R:io, falls below the control threshold g;: p? :=min{t € T : P(Rf-? >
t) < p;}. The following constraints guarantee that operational hydro generators undergo preventive mainte-

nance within this sensor-driven maintenance time window.

d

i
Y via=1, Vieg (7
t=1

For failed hydro generators, constraints (8) limit the number of corrective maintenance actions to at most

one per failed asset during the planning horizon 7.
T
d z.<1, Vied (®)
t=1

4.2.2. Operations Coordination Constraints. We categorize the operational constraints of
hydropower systems into two distinct sets: the first focuses on modeling the operations of hydro generators
and the second represents the detailed operations of reservoirs.

Hydro generator Operations Coordination. We represent the startup, shutdown, and commitment
decisions of hydro generators through binary variables «, 3, and @, respectively. The water discharge
and power output of the hydro generators are denoted by continuous variables g and y. We describe the
power production of each hydro generator using an asset-specific power curve to ensure essential fidelity
for precise O&M scheduling of hydropower systems. The power output of a hydro generator is a non-linear
con-concave function of the water discharge rate and the level of stored water in the reservoir. For simplic-
ity, we exclude the head sensitivity from the asset power curves. Additional details on how to include the

head sensitivity in power productions can be found in (Conejo et al.|2002, |Borghetti et al.|2008)). Constraints
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Figure 4  Power production curve of hydro generator

(©)-(13) capture the relationship between the power output of hydro generators and the water discharge rate
of the assets.

We approximate the power curves of each hydro generator with a piecewise linear function and model the
non-linear and non-concave properties of the curve through the use of binary variables. Figure 4] represents
a piecewise linear approximation of a generic power curve, estimated with four segments. To formulate the
power curve of each hydro generator ¢, we define the set B; =1, ..., B;, where B; represents the number of
blocks considered along the power curve of asset ¢. For each block b € B;, we define two sets of parame-
ters, Q¥ and ©°. The parameter QQ° represents the maximum water discharge capacity (in m®/s) of hydro
generator ¢ within block b, and the parameter ©? is the slope of block b of its piecewise linear power curve
(in MW /m?/s). For each block b, the binary variable /\ff ,, indicates whether or not the maximum water
discharge capacity in block b is reached: ADe it = 1 if the water discharged by hydro generator ¢ in mainte-
nance period ¢ and operational period / in scenario w reaches the discharge limit Q° in block b. To enforce

the water discharge limit Q° of the hydro generators in each block, we use Constraints () - ().

qzth<Q1 rlin, VieEGLteT,heH,weld )
G2 QINE,,  VieGobeBiteT, heHweQ (10)
@ SQINGY, VieGhbeB teT,heH,wen (11)

Constraints (I2) ensure that (1) if an operational hydro generator is committed (', , = 1), its discharged
water is at least equal to its minimum water discharge limit Qi, and (2) the discharged water by a committed
hydro generator in maintenance period ¢ and operation period / in scenario w is the sum of the discharged

water in each block b, i.e., qft” 4> plus the minimum water discharge.

B;
@ = Z @ +Qfy, Vi€eGhteT,heH (12)

b=1



A Sensor-Driven Optimization Framework for Asset Management in Energy Systems

15

Constraint set (13])) models the power production of operational hydro generators according to their individ-
ual piecewise linear production curves. The constraints also enforce the minimum power production limit

P, when the hydro generator 7 is committed.
B;
Y= Ol + Pty VieGUteT heH (13)
b=1

The last set of constraints establishes the relationship between the startup and shutdown decisions of hydro
generators and their commitment decisions. We introduce binary variables, o, , and 5}, ;,, to capture the
startup and shutdown decisions of hydro generator ¢ during maintenance period ¢, operational period &, and
under scenario w. Constraint (I4) ensures that if a hydro generator transitions from not being committed
before to being committed, the corresponding startup variable, o, ;,, is set to 1. Similarly, constraint @
guarantees that if a hydro generator transitions from being committed before to not being committed, the

shutdown variable, B;’jt_ »» 18 set to 1, indicating its shutdown.

QG n vt~ >0, Vieg teT,heH,weQ (14)

Bitn =T t+xi,, 20, VieGhteT, heH,we (15)

Reservoir Operations Coordination. To ensure efficient scheduling and management of hydropower
system operations, it is crucial to consider the spatial and temporal relationships between reservoirs. These
relationships directly influence water inflows and outflows, which in turn impact the power production of
hydro generators. In this context, we define the set £, as the set of upstream reservoirs connected to reservoir
r. For any two connected reservoirs s and r from the set R, we define the parameter 7, , as the travel time
of water flow from upstream reservoir s to downstream reservoir . Furthermore, we denote the volume of
reservoir r during maintenance period ¢, operational period h, and scenario w using the continuous variable
v, ,- For each reservoir r at any maintenance period ¢, operational period h, and scenario w, the water
inflows to the reservoir consist of the forecasted natural water inflow £}, , as well as the water discharges
from immediate upstream reservoirs, s € U,.. The outflow includes the total discharged water of operational
hydro generators, ) go @it n plus the controlled water spillage 1;7, ;, from the bypass gates of the reservoir.

The mass balance constraints for reservoirs are represented by Equations (I6). These constraints ensure
the conservation of water by relating the water level at operational period h to its level at the previous

operational period h — 1, accounting for the inflows, outflows, and travel time of water between reservoirs.

(;),t,h :ﬁf,t,hq =+ ﬁ,jt,h - K( Z q‘{,jt,h + "‘Wth) +K Z < Z Q‘{J,t,h—rs,r + w:t,hrs,r>

i€Gr seUr 1€Gs

VreR,teT, heH,we (16)

Constraint (17) ensures that the volume of reservoir r remains within the minimum V. and maximum

V, levels, while constraints (I8) and (T9) enforce the initial and target water levels of reservoir r at the
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beginning and end of each maintenance period ¢, respectively. Further details on the initial and target levels

of reservoirs will be provided in Section [6]

Krgﬁ(:,t,hg‘_/m erR,tET,hGH,WGQ 17)
’[_9:_)7t702‘/;_0,t’ VTERatGT,WEQ (18)
0, y=VH,  VreRteT,wel (19)

Excessive water inflows or the frequent unavailability of hydro generators, either due to failure or mainte-
nance actions, often lead to water spillage in reservoirs. During these occurrences, the storage level of the
reservoir approaches its maximum capacity, resulting in water spillage that holds minimal economic value
(Diniz and Maceiral[2008)). As power production cannot occur during water spillage, it is desirable to min-
imize such instances (Kong et al.|[2020). To address this, constraint is introduced to impose the upper

bound ¥, on the controlled water spillage from reservoir r.
:it,héquv VT’ER,tET,hEijEQ (20)

4.2.3. Maintenance and Operations Coupling. To establish the interdependence between main-
tenance decisions and the operations of hydro generators, we introduce the binary variable ¢; ,, which takes
a value of 1 if hydro generator i is available to operate during maintenance period ¢, and O otherwise.

The availability of hydro generators is affected by maintenance decisions. Constraints and
define the availability of hydro generators in operational or failed states, respectively. They ensure that if a
hydro generator 7 is undergoing preventive maintenance, it will be unavailable for operation in any of the
operational periods & during the preventive maintenance action, for all scenarios. The duration of preventive
maintenance for hydro generator ¢ is represented by Y,°.To enforce this availability constraint, we examine
whether any preventive maintenance actions have commenced during the preceding maintenance periods
t=Y2+1, ..t

ve-1

Gue<1=> wiyp, Vi€GteT,heH,weq 21
k=0

Constraints (22)) enforce that a failed hydro generator must undergo corrective maintenance for a duration
of Y;! before it can be available for operation.
v/

Ge< Yz Vi€ teT heHweQ 22)
k=1

Hydro generators cannot produce power during periods of unavailability and their power production is
limited by their maximum P; and minimum P; production capacity. Constraints (23) control the power pro-

duction of hydro generators according to their availability and asset-specific power production capacities.

Bici,t S y;‘jt,h S PiCi,t7 VZ S g; te T7 h’ € va S Q (23)
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4.2.4. Energy Balance Constraint. The energy balance constraint (24)) guarantees that the power
production and transactions within the hydropower system meet the demand requirements. The power
demand is assumed to be known in advance and the surplus or deficit power can be traded in the day-ahead
energy market. The constraint ensures that the total produced power by hydro generators and purchased
power from the market matches the total demand and sold power at any maintenance period ¢, operational

period h, and in any scenario w and is as follows:

g tei =Dintei?, VteT,heHweQ (24)

1€G°

In summary, the POMS model can be expressed as follows:
max © (25a)

L. -3 (25b)
{a,y,¢,9,e} € R¥ (25¢)
{v,z,m,A,a,,@,C}E{O,l} (25(1)

The POMS model is computationally demanding due to its size and complexity, which might prevent its
practical implementation for some large-scale real-life hydropower systems. In what follows, we propose a

tailored solution algorithm to reduce computation time and improve scalability.

5. Solution Methodology

To enhance the computational performance of the large-scale POMS model, we employ decomposition
techniques to break the POMS model into smaller, more manageable sub-problems. We utilize a combina-
tion of Bender’s optimality cuts (Rahmaniani et al.|2017)) and integer cut to efficiently achieve the optimal
O&M schedules of the original POMS model. We start by presenting a two-stage version of the POMS

model in a compact form.

5.1. Two-stage Formulation

To enable decomposition-based solution approaches, we reformulate the POMS model (25)) into a two-stage
cost minimization problem. In this reformulation, the maintenance decisions for the hydro generators are
determined in the first stage, and the operational decisions given the maintenance decisions, are settled in

the second stage. The two-stage stochastic formulation is as follows:

v,ceX

min {cTu +.2(¢) } (26)

where the vectors v and ¢ represent the maintenance and availability decisions of hydro generators, respec-

tively. The set X denotes the feasibility set of the first-stage problem, given by X = {I/, C(JAv+B(¢<
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dand v, ¢ € {0, 1}} The term £ (¢) represents the recourse operations scheduling problem, given the

hydro generator availability decisions ¢, and is as follows:

Z(¢)=min > p*(q'z“+by") (27a)
i weN
s.t. Ex“+Gy“<g—D“¢ (27b)

¥ €{0,1},y* eR" Vwe Q

Here, the decision vectors x* and y“ represent the binary and continuous operational decisions in sce-
nario w € {2, respectively. The presented reformulation allows us to decompose the hydropower operations
scheduling problem based on maintenance time periods ¢ € 7. More specifically, once the availability deci-
sions of hydro generators are determined, the operational decisions of the hydropower system at each main-
tenance period become independent of each other. The time-decomposed recourse operations scheduling

problem .%;(¢) for each time period ¢ € T are as follows:

Z(Q)=min > p(q" w7 +b'y7) (28a)
oY e
s.t. Ezxzf +Gy; <g— D", (28b)

xv € 0,1}, y* e R Vwe

To develop Bender’s algorithm, we relax the binary variables in the second stage to take continuous values
between 0 and 1, i.e., ¥ € [0,1] for all ¢ € T and w € 2. We denote the relaxed time-decomposed problem
by R-POMS and express it as follows:

min {CTV—FZZ(C)} (29)

X
v.e teT

where .Z,(¢) represents the relaxed recourse operations scheduling problem. Solving the relaxed two-stage
stochastic model is computationally less demanding than the original model (26). However, the R-
POMS problem provides a lower bound on the solution of the original POMS model (26)). Thus, there
is a critical need to link the stochastic LP-relaxation model to the original model and recover the true cost
as well as O&M schedules of the original POMS model. In the following sections, we present a two-level

decomposition-based algorithm to address the computational and true cost recovery needs.

5.2. Cost Recovery Algorithm

To establish the link between the POMS and R-POMS model and recover the true schedules and operational
costs, we define a set A, for each maintenance period ¢ € 7. This set contains all possible availability
instances of hydro generators, resulting in |A;| = 2/9!. We denote an availability instance of hydro generators

at period t by é’i € A,. We denote the availability of hydro generators in each availability instance by
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parameters o{vt and nf, These parameters are set to 1 if hydro generator ¢ is not available in the instance

j € A,. If the hydro generator is available, i.e., éf . = 1, the parameters are set to o{yt = —1 and nit =0.

For each maintenance period ¢ € 7 and availability instance j € A,, we define the binary variable /. We

enforce the binary variable ;/ to take the value of 1 if availability decision of hydro generators at period ¢,
th

ie., ¢, forall i € G, corresponds to the j** availability instance in set A e, fﬁ . The following constraint

enforces the relationship between the availability instance and availability decisions of hydrogenerators:

ui=y <o (L= Git) — n) +1, WteT (30)
ieg

We refer to this constraint set as infeger cuts and express it in its compact form as ! > ul — (q{ )¢,

We define the parameter 67 as the cost difference between the original and relaxed operational recourse

problem. More precisely, 67 = .%,(¢1) — Z,(¢7), for any solution ¢, that implies ¢/. Consequently, the

following equation holds for any availability decisions ¢, and maintenance period ¢t € T :

Z(¢) = Zi¢)+min{ S olud il =l — (@) ¢, (1)

# JEA:
We represent the optimal solution of this problem by .%,(¢,) = Z,(¢,) + 67 " in which j* represents the
index of availability statuses implied from the availability decisions ¢,. By introducing these integer cuts to
the R-POMS model, the following model can attain the optimal objective cost and decisions of the original

POMS model while solving the relaxed recourse function .%Z;(¢).

min a'v+d 8 p o+ Zi(Q) (32a)
teT teT

st. Av+ B¢ <d (32b)

pl>ul —(q)"¢, VteT,VjecA, (32¢)

v,¢e{0,1], e {0,177

Note that, in most cases, incorporating a subset of the complete availability set .4, appears to be sufficient for
recovering the true cost since the maintenance cost minimizer a ' v plays the dominant role in determining
the optimal maintenance time windows. In addition, the cost difference between the relaxed R-POMS model
and the original POMS model is typically small. Therefore, in practice, to recover the true cost and solutions
of the POMS model, it is sufficient to check a few other maintenance time windows. In the next section,
we incorporate the developed cost recovery algorithm into a two-level solution algorithm to speed up the

solution process of the POMS model.
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5.3. Two-level Solution Algorithm

We use a combination of Benders optimality cuts and integer cuts to develop a two-level solution algorithm.
The main idea is to first solve the relaxed R-POMS by utilizing Benders optimality cuts and then, add integer
cuts, if needed, to retrieve the true operational cost of hydropower systems and repeat this process until
optimal convergence. The Benders cuts approximate the operational costs of the R-POMS model .%Z;(¢)
through supporting hyperplanes, and cost recovery cuts add the cost difference between the relaxed and
the original model, i.e., >, (£ ({) — -Z:(€)), back to the total expected O&M cost the R-POMS model
through integer cuts. The pseudo-code of the developed two-level solution algorithm is provided in the
appendix.

We start elaborating on the algorithm by defining some key notations and definitions. We denote the
tolerance level and convergence flag of the Benders and cost recovery algorithms by €% > 0 and F7 and €© >
0 and F¢, respectively. We set the convergence flags to False at the very beginning. We define the iteration
number of the Benders and cost recovery algorithms by ¢5 and ¢, respectively. The set BD represents the
set of generated Bender’s optimality cuts with k € BD representing the cuts index number. We set up the

master problem as follows:

nin v+ 8w+ x (33a)
teT teT

st. Av+B(,<d (33b)

X, >ak—8i¢,, VteT,keBD (33¢)

p >l —(q)) "¢, VEET,VjeA (33d)

v, (€ {0,1},pe{0,1}4 xR

in which the free variable »x, represents the cost of the relaxed operational problem .Z(¢,) for each

t € T. Constraints and are the Benders optimality cuts and integer cuts, respectively. Let

(VZB,(_,'ZB7 XZB) be the optimal solution of this problem at iteration £5. If no constraint is present,

XeB is set equal to —oo and is not considered in the computation of (VEB , CZB). Given the obtained hydro

generators availability schedules ¢ fB, for each t € T we solve the relaxed operational sub-problems .%Z;(.):
B

Z(¢ ) =min Y p(q"zi +byy) (342)
Frye weN

st. Ex*+Gy’<g-D¢’ (34b)
zy €[0,1],yy eRT Vw e
We represent the dual multipliers associated with the optimal solution of the master problem at iteration ¢°
by w¢" for each t € T.. If the inequality
T B T /B

X< ) g (Y p (") D¥)¢l (35)

weN weN
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we set k =k + 1 and define the Benders multipliers as:

B T B T
aff'=3 (=) g, BT=) (m") D (36)

wen wen
We generate and add the new Benders optimality cuts to the master problem and solve it again. We repeat
this process until the inequality ZteTiZt(dB) <A+ x'” proves to be true, i.c., the Benders
convergence criteria are satisfied. We set the Benders convergence flag to F® = True and denote the opti-
mal cost by pes. Next, we check to see if the true operational cost of the original POMS model differs
significantly from the operational cost pZB obtained via the R-POMS model and take appropriate actions.
For each t € T, we first check whether the availability set .4; contains the availability solution CfB: If
it does not, we update the set of availability instances accordingly, i.e., A; = A; U {CfB} forevery t € T.
We set j = j + 1, and solve the sub-problems (28) to evaluate the operational cost difference 57 when
the availability status of hydro generators is equivalent to the CfB. The total cost difference is equal to
Sier 6= cr (-ft(CfB) - Z(¢ fs)). Given the total operational cost difference between the R-POMS

and POMS model , we evaluate the ¢ optimality criterion of the cost recovery algorithm as follows:

p° gt Z §l<(1+¢ 37
teT

If this inequality holds true, the optimal solution is achieved, and we set the optimality flag ¢ = T'rue. In
other words, the optimal cost of the model in Equation (33)) proves to be close enough to its corresponding
true cost, i.e., the optimal cost of the POMS model (26)). Otherwise, we add new binary variables ] along
with their corresponding costs &7, and the newly generated cost recovery cuts ] > ul — (q])"¢, to the
model in (33). We set the convergence flag of the Benders algorithm F7 to False, and solve the master
problem in again. We repeat this process until both Benders and cost recovery convergence criteria are
satisfied.

Note that the two-stage model has complete recourse and there is no need to generate feasibility cuts in
the Benders algorithm. Note also that by incorporating a subset of hydrogenerator availability instances and
its corresponding costs from the beginning through the constraints (33d) we may not need to run the cost

recovery algorithm in practice.

6. Experiments

In this section, we develop a comprehensive experimental platform that uses rolling horizon simulation to
demonstrate the effectiveness of the POMS framework in scheduling O&M decisions for a fleet of hydro
generators. We leverage real-world hydropower data to assess and validate the practicality of the devel-
oped sensor-driven O&M scheduling framework. We use the vibration signals of bearings in mils within

a hydropower system setting. The x-axis indicates operational time in weeks, and the y-axis denotes the
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vibration displacement in mils. Consistent with International Organization for Standardization (ISO) rec-
ommendations, we set the failure threshold of bearings to 10 mil. Consequently, we denote the failure time
as the first time that the vibration signals exceed this failure threshold. During preprocessing the vibration
signals, we address sensor noise and errors by removing outliers, interpolating missing values to maintain
data consistency, and applying a moving average technique to emphasize trends and patterns that signify
bearing wear and potential failure. The vibration data has been used to estimate the degradation signal
parameters defined in degradation formulation (2)).

As our benchmark, we use industry-standard time-based maintenance (TBM) policy. Unlike our sensor-
driven approach that employs real-time data, the TBM policy schedules maintenance activities periodically,
irrespective of sensor inputs. In what follows, we provide details about the test system used in our exper-
iments. We next outline the experimental framework and introduce the performance metrics. Finally, we
present the outcomes of the experiments. Detailed explanations of the input datasets are available in the

Appendix.

Table 1 Reservoir Characteristics

Reservoirs () 1 2 3 4 5 6 7 8
HydroG 1,2 3,4 5,6 7,8 9,10 11,12 13,14 15,16
V. (Hm?) 6 6 6 6 6 6 6 6
V., (Hm?) 225 162 1200 66 26 2586 115 181
V?. (Hm?) 100 80 790 33 13 1200 50 90

F, (Hm?) 0.051 0.058 0.603 0.051 0.051 0.199 0.500 0.048

Vil

i\l

Dﬂfﬂ Reservoir

# Hydro generator

Figure 5  Spatial interconnection of reservoirs

6.1. Test System and Data
We study a 24-week joint O&M planning of hydropower systems with weekly maintenance and hourly
operational decisions, respectively. The test system under consideration is modified from a realistic test case

introduced in (Conejo et al.[|2002)). This setup consists of eight reservoirs with different power generation
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and storage capacities. The schematic representation of the connections between reservoirs is shown in Fig-
ure[5} Each reservoir is equipped with two hydro generators. For any two connected reservoirs denoted as s
and r (where s, € R), a one-hour time delay (traveling time for water) is assumed. We denote the tempo-
ral lag between reservoirs by 7, = 1. We outline the characteristics of reservoirs and their corresponding
hydro generators in Tables [T]and 2] respectively. The non-linear power production curves of hydro genera-
tors are approximated using four equidistant linear segments. The parameters of these approximated power
curves, including slopes, minimum and maximum power outputs, and corresponding water discharges, are
listed in Table 2| We set the preventive (C?) and corrective (C/) maintenance costs for hydro generators at
$200,000 and $800,000, respectively. Crew deployment costs are omitted (C = 0). The duration for pre-
ventive maintenance is one week (Y”? = 1), while corrective maintenance takes twice as long (Y/ = 2Y'?)

to account for the additional coordination needed for unexpected failures.

Table 2 Hydrogenerator Characteristics

D )b
HydroG (% oy O (MW%3 /9) i @i O 6 6
1,2 0.81 14.31 $55 1 1.5 09 04 03 02
3,4 1.185 3476  $75 25 19.75 05 04 06 02
5,6 2.025 69.53  $100 7 56.25 03 02 04 03
7,8 1.929 58.19  $125 9.5 80.375 02 02 0.15 0.15
9,10 1.83 9333 $175 9 76.25 02 05 03 02
11,12 9.765 416.64 $750 7 58.125 14 31 1.6 09

13,14 12.189 579.82 $1000 14.5 1195 085 1.6 1.3 1
15,16 13.473 27545 $500 15 12475 09 04 06 02

6.2. Experimental Framework and Benchmark Policy

Experimental framework builds on a rolling horizon approach that follows iterative applications of O&M
optimization and simulation. The framework starts with solving the 24-week stochastic joint O&M schedul-
ing problem (planning step). We then fix the optimal hydro generator maintenance schedules for the initial
eight weeks, known as the freeze period. We then simulate the sequence of operational and maintenance-
related events that happen following the scheduled maintenance actions (execution step). Specifically, the
execution step conducts the following tasks: (/) For operational hydro generators at the planning step, we
evaluate if they successfully undergo planned preventive maintenance or encounter unexpected failures.
Failures are identified by examining the magnitude of corresponding degradation signals and failure thresh-
olds. If a hydro generator fails prior to its scheduled preventive maintenance, it remains offline for the rest
of the freeze period. Otherwise, the hydro generator undergoes preventive maintenance for one week. (2) If
any failed hydro generators are detected at the planning step, we check whether they are scheduled for cor-
rective maintenance within the freeze period. If so, the hydro generator receives corrective maintenance for

two weeks.
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After the execution step, we resolve the operations scheduling model using the derived availability of
hydro generators and revealed market price and water inflow scenarios. During the execution step, we track
key performance indicators such as the number of preventive and corrective maintenance actions, number
of failures, power productions, net power transactions, and expenditures. We also keep track of resource
utilization metrics, specifically the availability rate and unused life of hydro generators as well as water
spillage of reservoirs. After the execution step ends, we roll forward 8 weeks to plan the subsequent 24-week
O&M scheduling for the hydropower systems. We assign new degradation signals randomly to repaired
hydro generators from the database, emulating the degradation of brand-new assets. Dynamic maintenance
costs for each hydro generator are updated based on the observed degradation sensor data during freeze
periods. This process is executed eight times to cover a 64-week period. We repeat this entire process ten
times with different degradation signals and initial ages for 16 hydro generators. The reported metrics are

the average of collected metrics from these ten individual experiments.

6.3. Experimental Results

In this section, we present and discuss the experimental results.

6.3.1. Experiment |I-Benchmark Analysis: In this experiment, we showcase the efficacy of POMS
and TBM models in the O&M scheduling of hydro generators. Table [3| presents key performance metrics
of both models, including preventive and corrective maintenance actions, failures, outages, and economic

indicators such as operational revenue and net profit.

Table 3  Benchmark Analysis

Performance Metric TBM POMS
Preventive Actions 15 12.3
Corrective Actions 6.3 1.7
Failures 6.7 1.9
Outages 21.7 14.2
Availability 95.25% 97.83%
Unused Life (Weeks) 59.3 21.14
Spilled Water (Hm?) 87.85 27.01
Power Production (M W) 1222 M 1230 M
Net Power Transaction (M W) 8.08 M 8.16 M
Maintenance Cost $8.04 M $3.82M
Operational Revenue $19023 M $194.06 M
Net Profit $182.19M  $190.24 M

The POMS model capitalizes on sensor data to identify and predict critical conditions in hydro generators
and schedule necessary maintenance actions. This results in an 18% reduction in the number of preven-
tive maintenance actions compared to the TBM model, which schedules such actions at periodic intervals
without consideration of the health conditions of hydro generators. Another important metric is the unused

life of hydro generators. The unused life of an asset refers to the time between the planned maintenance
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time and the potential failure time under no maintenance treatment. The POMS model is able to decrease
the unused life of the hydro generators 64.36%. By utilizing the sensor-driven dynamic maintenance costs,
the POMS model penalizes poorly-timed maintenance actions based on the predicted failure risks of the
hydro generators. The lower number of failure occurrences in the POMS model demonstrates the optimal
timing of preventive maintenance actions which results in a 34.56% decrease in the total number of hydro
generator outages. Consequently, the POMS model improves asset availability by 2.71% compared to the
TBM model.

The enhanced availability of hydro generators under the POMS model enables more efficient power gen-
eration and reduces water spillage with no economic value by 69.25%. It also results in a 0.65% increase in
total power production. The higher availability rate in the POMS model directly impacts the power trans-
actions capability in the day-ahead energy market, i.e., the ability of hydropower systems to meet demand
and capitalize on high market prices by selling the surplus power. Specifically, the net power transactions
in the POMS model are increased by 0.99% in comparison to the TBM model. The total net power trans-
actions in the day ahead energy market is defined as the difference between the sold surplus power and
purchased power to substitute production deficiency over time. From a financial standpoint, the POMS
model decreases the total maintenance costs by 52.49%, leading to a 4.41% improvement in net profit when

compared to the TBM model.

6.3.2. Experiment Il: Maintenance Duration Effect This experiment aims to investigate the
impact of varying maintenance durations on the performance metrics of POMS and TBM models. Specif-
ically, we examine how different ratios of corrective to preventive maintenance durations (%) affect the
efficacy of O&M schedules in both models. This variable ratio addresses real-world scenarios where main-
tenance durations can vary due to factors such as the severity of failures and staff availability. We alter the
% ratio, ranging from 1 to 3 while keeping all other model parameters constant. The performance metrics

of both models for each ratio are summarized in Table 4l

Table 4  Performance Metrics of TBM vs POMS under Varying Maintenance Ratios

y/f . Power Net Power o e Water Spillage Operational

YP Policy Production (mw) Transaction (W) Availability (HmI;) ® pRevenue Net Profit
1 TBM 12.24 M 8.10M 95.87% 32.41 $191.18 M $183.10 M
POMS 1230 M 8.16 M 97.91% 14.11 $194.23 M $190.37 M

i 727 “TBM  1222M 808SM  9525% 87.85 $19023M  $182.19M
POMS 1230 M 8.16 M 97.83% 27.01 $194.06 M $190.24 M

i 7; T TBM  1220M 806 M  9455% 1 15531 ¢ $189.35M  $181.41M
POMS 1229 M 8.15M 97.59% 27.01 $193.77M $189.75 M

Both models exhibit a reduction in availability rates as the duration ratio of corrective maintenance
increases. However, POMS sees a minimal reduction of > 0.33% compared to TBM’s > 1.38% due to

lower failure rates of hydro generators. The total water spillage of hydropower systems under both models
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also increases. Specifically, the POMS model faces an additional spillage of 12.9 Hm? whereas TBM expe-
riences an additional water spillage of 122.9 Hm? when the maintenance ratio increases from 1 to 3. The
other impacted performance metrics are the total power production and net power transactions. The power
production in both models decreases as a result of higher downtime of hydro generators. However, TBM
faces a reduction of > 0.32% in comparison to POMS with only > 0.08% power production reduction. The
lower power production leads to lower power transaction capability of hydropower systems in the day-ahead
market. However the impact on the TBM model with a reduction of > 0.49% is harsher in comparison to
the POMS model with a reduction of only > 0.12%.

It is evident that the POMS model continuously outperforms TBM across all key performance indicators.
The sensor-driven nature of POMS becomes increasingly beneficial as corrective maintenance durations
increase. Despite the changing % ratio, POMS consistently outperforms TBM in all key performance met-
rics, including total production (> 0.50%), net power transaction (> 0.75%), operational revenue (> 1.6%),
and net profit (> 3.98%). Unlike TBM, POMS can effectively compensate for longer maintenance down-
times, thereby minimizing negative impacts on power production, revenue, and profit. This underscores
the importance of sensor data in optimizing hydro generators maintenance schedules, irrespective of the

flexibility in corrective maintenance processes.

6.3.3. Experiment lll: Transition to Prognostics-driven O&M Scheduling The full-scale

integration of CM technologies across hydropower systems can be both logistically challenging and finan-

cially burdensome (de Azevedo et al.|2016). The objective of this experiment is to investigate the benefits of

partial deployment of the sensor-driven POMS model for O&M scheduling of hydropower systems. More
specifically, we analyze the performance metrics under hybrid maintenance policies that are mixtures of the

TBM and POMS for scheduling O&M activities of hydropower systems. We quantify the extent of adopt-
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Figure 6  Experiment lll: Transition from Time-based to prognostics-driven maintenance policy

ing the prognostics-driven O&M scheduling, i.e., utilizing degradation sensor data of units for failure risk

predictions and O&M scheduling, based on two factors:
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(i) Number of Hydro Generators Managed by POMS (#POMS): This metric captures the number of hydro
generators equipped with the CM tools and their maintenance schedules are controlled by the POMS
model. The range is Min=0, Max=16.

(i1) Share of Total Power Production Capacity Managed by POMS (%POMS): This metric captures the
percentage of the total power production capacity of hydropower systems managed by POMS. The
range is Min=0%, Max=100%.

For instance, when %POMS=0.00%, it indicates that none of the 16 hydro generators are managed using
POMS policies, aligning with #POMS=0. In other words, maintenance actions of the entire fleet of hydro
generators are scheduled periodically, without utilizing sensor information, using the TBM model. Con-
versely, %POMS=100.00% implies that all hydro generators are equipped with sensors and are managed
under the POMS model, aligning with #POMS=16. It is crucial to note two other important factors here:

1. The relationship between the #POMS and POMS% is nonlinear and complex. More specifically, an
increase in the POMS % does not necessarily correspond to an increase in the number of hydro genera-
tors managed by the POMS, i.e., #POMS. A high POMS% could be due to a few, high-capacity hydro
generators coming under POMS management.

2. The topology of the hydropower systems also impacts the overall performance of the entire system
as the functioning of downstream reservoirs is dependent on the operations of those upstream. As a
result, the location of hydro generators under POMS also plays a significant role in improving the
performance metrics.

The interplay between the proportion of hydro generators managed under POMS and the spatial and tem-
poral layout of hydropower systems offers a complex but highly relevant avenue for optimization. Strategic
POMS implementation could not only depend on the percentage of total production under its aegis but also
on where those hydro generators are situated in the hydropower systems. The partial deployment of POMS
thus has the potential to manifest in different ways.

In this experiment, we gradually increase the number of hydro generators under POMS, i.e., #POMS,
from O to 16, and randomly choose #POMS assets to maintain using the POMS policy. We then calculate the
proportion of total production capacities, i.e., %POMS, under POMS policy. The first two columns in tables
[5|and [6] show the level of adopting the POMS policy based on these two factors. For each level, we replicate
the O&M scheduling problem with ten different degradation signals and initial ages randomly assigned
to hydro generators and average the recorded performance metrics. Table [5] and [6] display the averaged
performance metrics for different levels of POMS adoption for the entire hydropower systems. We also
employ box plots to demonstrate the distribution of the performance metrics across different adoption levels
(figures [7]to [9). The dashed line in all plots connects the average values. We highlight our observations in

the following:
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Table 5 Impact of POMS adoption on reliability, availability, and maintenance-related metrics

#POMS % POMS  lreventive Failures ~ UPused Life — iability
Actions (weeks)
0 0.00% 15 6.7 59.30 95.25%
1 8.93% 14.60 6.3 5531 95.65%
2 22.44% 14.60 6.5 57.73 95.31%
3 13.09% 13.70 6.1 54.94 95.44%
4 26.33% 13.80 6 5321 95.55%
6 35.99% 14.10 46 44.14 96.40%
7 57.34% 13.70 45 41.94 96.59%
8 43.56% 14.50 3.7 42.69 96.81%
8 75.00% 13.5 46 4128 96.60%
9 30.10% 13.40 4 40.78 96.72%
9 51.13% 12.80 43 38.61 96.49%
9 70.59% 12.9 45 38.55 96.47%
11 66.52% 12.9 3.6 33.41 96.98%
13 85.56% 13.9 25 27.50 97.38%
14 89.94% 13.10 24 26.44 97.56%
16 100.0% 12.30 1.9 21.14 97.83%

Table 6 Impact of POMS adoption on operations and expenditures

#POMS % PpoMs  ower Production Net Power Operational * y i cenance Cost  Net Profit
(MW) Transaction (MW) Revenue
0 0.00% 1222M 7.97M $190.23 M $8.04 M $182.19 M
1 8.93% 1225 M 7.95M $191.37M $7.72M $183.65 M
2 22.44% 1224 M 7.38 M $190.69 M $7.64 M $183.05 M
3 13.09% 1223 M 7.88 M $190.40 M $7.22M $183.18 M
4 26.33% 1224 M 8.07 M $190.22 M $7.08 M $183.14M
6 35.99% 1230 M 8.08 M $19232 M $6.02 M $186.30 M
7 57.34% 1227M 8.06 M $19277M $5.86 M $186.91 M
8 43.56% 1224 M 7.96 M $191.32 M $5.78 M $185.54 M
8 75.00% 1228 M 8.16 M $193.24 M $6.06 M $187.18 M
9 30.10% 1228 M 8.15M $192.29 M $5.64 M $186.65 M
9 51.13% 1222 M 8.06 M $191.18 M $5.84 M $185.34 M
9 70.59% 1227 M 8.15M $193.02M $5.78 M $187.24 M
11 66.52% 1226 M 8.07 M $192.46 M $5.30 M $187.16 M
13 85.56% 1230 M 8.07 M $193.90 M $4.62 M $189.28 M
14 89.94% 1227M 8.16 M $192.96 M $430 M $188.66 M
16 100.0% 1230 M 8.16 M $194.06 M $3.82 M $190.40 M

Enhancing Reliability and Maintenance Metrics: As the #POMS increases, we see reductions in the
average number of preventive maintenance actions and failures of hydro generators. Hence, the number of
outages of hydro generators decreases. The left and right plots in figure [/| demonstrate the dispersion of
the number of failures and outages of hydro generators from #POMS=0 to #POMS=16. As the number of
hydro generators managed by POMS policy increases, the average number of failure instances decreases.
By increasing the #POMS, the O&M scheduling increasingly relies on sensor-driven failure risk predictions
of hydro generators, enabling it to identify critical conditions in assets and schedule maintenance actions
accordingly. This also manifests as a narrowing dispersion in the number of failures and outages, indicat-
ing significant improvements in the reliability of O&M scheduling as the Prognostic-driven POMS policy
scales.

Enhancing Availability and Unused Life Metrics: Increased reliability of hydro generators leads to a
higher availability rate of assets as the #POMS increases. The left plot in Figure [§] shows an upward

improving trend of the availability rates of hydro generators as the #POMS increases. Moreover, increasing



A Sensor-Driven Optimization Framework for Asset Management in Energy Systems

29

24
8
8 9 22
E; g
® =] N
w 6 O 20 r
k) ks
9] 5] i
€4 5 £ 18 J
2 T 2 i
J
) =
: L ]
14 =T
0
0o 1 2 3 4 6 7 8 9 10 11 13 14 16 0o 1 2 3 4 6 7 8 9 10 11 13 14 16
#POMS #POMS

Figure 7  Impact of POMS adoption on failures (left) and outages (right) of hydro generators

the number of assets managed under POMS favors the optimum use of hydro generators lifetimes (Fig-
ure [§] right plot). This improvement stems from the increasing insights from CM and sensor data which
enhances the lifetime utilization of assets. In fact, as the number of hydro generators equipped with CM
tools increases, the model moves from a conservative maintenance scheduling agenda to a liberal mainte-

nance policy approach, enabling more efficient usage of hydro generators over the 64-week period.
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Figure 8 Impact of POMS adoption on the availability (left) and unused life (right) of hydro generators

Reducing Expenditures: Lastly, in terms of expenditures, a noticeable decrease in maintenance costs is
observed as we transition from managing 0O to all 16 hydro generators under the POMS framework. This is
clearly illustrated in Figure 9] (left plot), where both the average and variability of maintenance costs show
improvements. Simultaneously, the proportion of total power production capacity under POMS, denoted as
POMS%, has a direct influence on power production, net power transactions, and as a result profitability.

This relationship is highlighted in Figure 0] (right plot), which showcases the average and variability of
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net profit for a range from POMS%=0% to POMS%=100%. The results underscore the substantial prof-
itability gains achievable through even partial POMS implementation. The increased visibility on failure
risks provided by POMS allows for more agile responses to operational uncertainties and minimizes both
the frequency and impact of maintenance-related disruptions. In essence, higher POMS adoption leads to a
more reliable maintenance strategy, offering greater scheduling flexibility for hydro generators in uncertain

operational environments and, ultimately, boosting profitability.
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Figure 9  Impact of POMS adoption on maintenance costs (left) and net profit (right) of a hydropower
system

7. Conclusion

In this study, we develop a prognostics-driven CBM framework that leverages degradation sensor data and
predictive analytics for joint maintenance and operations scheduling in hydropower systems. We model the
joint maintenance and operations scheduling problem of hydropower systems as a two-stage mixed-integer
stochastic model and demonstrate the feasibility of integrating the sensor-driven failure risk predictions
into the O&M scheduling problem. To increase the scalability of the framework, we develop a two-level
decomposition-based solution algorithm that efficiently solves the O&M scheduling problem for large-scale
cases. We design an experimental framework and evaluate the performance of the prognostics-driven CBM
framework and the benchmark time-based periodic maintenance policy under different problem settings.
The comprehensive experimental results demonstrate significant benefits of the prognostics-driven frame-
work for the joint O&M scheduling problem. Specifically, experiments indicate a significant boost in terms
of reliability, availability, effective usage of assets lifetime, and expenditures of hydropower systems. These
quantifiable improvements underscore the substantial impact of the developed prognostics-driven O&M
scheduling framework for enhancing the overall performance of hydropower systems. Moreover, experi-
ments prove that even partial deployment of the prognostics-driven framework leads to meaningful gains

across various performance metrics of hydropower systems.
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Overall, this paper contributes to the advancement of data-driven O&M scheduling in energy systems and
showcases significant benefits that go beyond hydropower system implementations. The proposed frame-
work and solution algorithm can be readily applied to other complex systems with interdependent gener-
ation assets and uncertain operating conditions. As a case in point, the developed framework can be used
as a basis model to develop new approaches for leveraging prognostic predictions to optimize operations,

maintenance and spare part logistics in a wide-range of energy and industrial system applications.
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