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ABSTRACT Predict+Optimize frameworks integrate forecasting and optimization to address real-world
challenges such as renewable energy scheduling, where variability and uncertainty are critical factors. This
paper benchmarks solutions from the IEEE-CIS Technical Challenge on Predict+Optimize for Renewable
Energy Scheduling, focusing on forecasting renewable production and demand and optimizing energy cost.
The competition attracted 49 participants in total. The top-ranked method employed stochastic optimization
using LightGBM ensembles, and achieved at least a 2% reduction in energy costs compared to deterministic
approaches, demonstrating that the most accurate point forecast does not necessarily guarantee the best
performance in downstream optimization. The published data and problem setting establish a benchmark
for further research into integrated forecasting-optimization methods for energy systems, highlighting the
importance of considering forecast uncertainty in optimization models to achieve cost-effective and reliable
energy management. The novelty of this work lies in its comprehensive evaluation of Predict+Optimize
methodologies applied to a real-world renewable energy scheduling problem, providing insights into the
scalability, generalizability, and effectiveness of the proposed solutions. Potential applications extend beyond
energy systems to any domain requiring integrated forecasting and optimization, such as supply chain
management, transportation planning, and financial portfolio optimization.
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INDEX TERMS Energy forecasting, optimization, predict and optimize, time series, scheduling.

I. INTRODUCTION
Optimization problems to be solved over an unknown future
are at the core of many complex real-world operations. For
example, supply chains, inventories and staffing rosters all
need to be planned based on assumptions of future customer
demand.

This type of optimization will also play a vital role in
the global transition to reduce CO2 emissions. Renewable
energy production is characterized by variability over time,
and the inability to readily vary production based on demand.
Therefore, demand needs to be scheduled to make the
best use of supply where possible, with energy storage
systems such as batteries scheduled optimally to make up
the shortfall, all based on unknown future production and
demand. The common approach to solve these problems
is to forecast the future, and use this as the ‘‘true’’ input
for the optimization. Although this is expedient, it pays
little regard to the uncertainty of the forecast. One way to
address uncertainty is to use robust optimization [16] or
stochastic optimization [17], with probabilistic forecasts as
inputs instead of point forecasts. Some applications along
these lines are presented by Dehghani et al. [18] for trans-
shipment and Jung et al. [19] for supply chain management.
Forecasting is often a precursor to optimization, which can

minimize costs, maximize renewable energy use, or ensure
energy system stability. Accurate forecasting is crucial
because it provides the necessary inputs for the optimization
models. Without accurate forecasts, the optimization process
may rely on incorrect or incomplete information, leading
to suboptimal decisions. For instance, in the context of
renewable energy scheduling, inaccurate forecasts of energy
demand or solar production can result in either overestimating
or underestimating the required energy storage, leading to
increased costs or energy shortages.

More recently, researchers have started to address these
types of problems more holistically in an emerging research
field known as Predict+Optimize, where forecasting and
optimization are not treated as isolated tasks, but their
interaction is taken into account. Using this approach,
forecasts are chosen or evaluated through their contribution
to the actual downstream cost of the optimization problem,
in preference to arbitrary measures of forecast quality, such
as Mean Absolute Error (MAE), Root Mean Square Error
(RMSE), or Continuous Ranked Probability Score (CRPS).
Kotary et al. [20] give an overview of methods of this type.
Themost complete review of studies on integrated forecasting
and optimization is found inMandi et al. [21]. The integration
of forecasting and optimization is also studied on the opera-
tional level, including studies on finding optimal prediction
horizons [22], policy and forecast revision frequency [4], and
decision-making under uncertainty using robust optimization
with distributional probabilistic forecasts [2]. Another scope
of integration is direct optimization of the forecast model
with a decision-focused loss function. Mandi et al. [21]

categorize integration methods as gradient-based or gradient-
free. Gradient-based methods use differentiable optimization
mappings to backpropagate through optimization [1], [23],
[24], [25], while gradient-free methods optimize directly for
minimal regret [26], [27], [28].

Elmachtoub et al. [29] develop a specialized algorithm to
build decision trees directly for the true optimization target,
and Elmachtoub and Grigas [26] develop a differentiable
surrogate for the true optimization target. Mandi et al.
[28] extend this framework to discrete optimization and
Demirovic et al. [27] develop an alternative solution for
dynamic programming. Other approaches aim to build end-
to-end systems where no intermediary forecasting is needed.
For example, Donti et al. [1] build an end-to-end model in
the form of a neural network that optimizes for the loss of a
stochastic optimization problem, and Gao et al. [25] build an
end-to-end system using imitation learning for scheduling of
a microgrid.

A lot of research in these areas has focused on energy
production and consumption. In addition to classical work
on forecasting, e.g., energy demand [30], renewable power
production [31], [32], [33], or energy price [34], there is
an increasing body of work on machine learning systems
that integrate prediction and optimization via customized
loss functions, e.g., using gradient boosted regression trees
(GBRTs) and neural networks (NNs) [2], [6], [11], [35],
[36]. Other research has used meta-optimization, in which
an outer optimization loop is added to a Predict+Optimize
pipeline, such as in Carriere and Kariniotakis [37], and
with methods to keep computational cost manageable,
such as Lagrangian relaxation [38] or simplified linear
programs [39]. Because optimization and forecasting are
both difficult problems in their own right, the combined
complexity of Predict+Optimize models in the literature may
not be applicable to real-world problems. It may be that
the combined problem requires simply specified problem
instances, or that computation time is prohibitively long.
Realistic problems require both a real-world data set and
complex optimization. In this regard, there is a lack of
problems from which to systematically determine the state
of the art in this field of research.

Competitions are an effective way to establish standard
benchmark problems. With a monetary prize as an incentive,
participants are motivated to deliver the best-performing
solutions while pushing the boundaries of innovation to gain
an edge over others. In the context of energy management, for
example there is ‘‘The Citylearn Challenge’’, a competition
series that has been hosted in 2020 [7], 2021 [8] and 2022 [9].
These competitions focus on optimizing building energy use
by scheduling flexible loads and batteries. While the initial
editions were specifically designed for reinforcement learn-
ing (RL), the 2022 edition also accommodates more general
optimization methods, including Model Predictive Control
(MPC) configurations with Mixed Integer Programming
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TABLE 1. Summary of relevant studies and competitions in the field. Acronyms: NN - Neural Networks, CARTs - Classification and Regression Trees, RL -
Reinforcement Learning, MIP - Mixed Integer Programming, EA - Evolutionary Algorithms, HCA - Hill Climbing Algorithm.

(MIP) and Mixed Integer Linear Programming (MILP)
solvers. These classical optimization methods demonstrated
superior performance compared to RL in the competition.
However, RL contributed valuable diversity and adaptability
through its capacity for online learning. Notably, the top
solution leveraged an ensemble of MIP and RL, effectively
combining the robust optimization capabilities of MIP with
the adaptive learning strengths of RL, leading to further
performance improvements. Although look-ahead predic-
tions and their uncertainty quantification were typically
crucial for top-performing solutions in these competitions,
the Citylearn challenges did not specifically analyze the
role of forecasting to the downstream optimization. For the
combined evaluation and benchmarking of both subproblems,
only one competition in this area is known to us, the ‘‘ICON
Challenge on Forecasting and Scheduling,’’ hosted in 2016.
This challenge required a single time series (energy price)
to be forecast, for the subsequent scheduling of server jobs
to minimize energy cost. With a relatively simple prediction
problem and a difficult optimization problem, this challenge
leaned heavily towards optimization. The competition win-
ner [10] implemented heuristics for generating an initial
solution, which was then improved using a hill climbing
algorithm.

Inspired by the ICON Challenge, we organized the
‘‘IEEE-CIS Technical Challenge on Predict+Optimize for
Renewable Energy Scheduling,’’ [40], as part of a series
of yearly Technical Challenges hosted and sponsored by
the IEEE Computational Intelligence Society. The goal of
this challenge was to provide a relevant real-world dataset
and optimization benchmark problem along with strong
baseline solutions from which to establish a state of the art
in the area for the research community. We hope that this
will enable more standardized and streamlined evaluation
of future research in the field. A particular aim of the
competition was to balance the requirements of the problem
so that the competition could not be won by focusing on
either forecasting or optimization alone. The comparison

to studies related to Predict+Optimize problems in energy
management, as well as relevant competitions, is provided in
Table 1.
The table highlights that the current study is the report

of a competition that is unique in its focus on the
Predict+Optimize problem, presents a balanced and chal-
lenging problem, provides an open-access benchmark for
forecasting and optimization for further research, and is
open to a wide range of solution methods. Furthermore,
the discussed problem includes a timetable scheduling
component, which is not present in the other competitions.
The objective of this paper is to provide an overview of
state-of-the-art solutions for Predict+Optimize problems in
renewable energy scheduling. We assume that the compe-
tition establishes a meaningful state of the art not only
by analyzing the solutions with the help of a scientific
committee, but also through the available prize money.
If solutions were not state of the art, somebody else could
have come in to win the competition and the prize money.
By analyzing these solutions, this study aims to support the
development of more reliable and cost-effective renewable
energy strategies while advancingmethodological research in
this domain.

This paper reviews the solution methods proposed by
participants in the competition. The complete reports of these
solutions are available in Appendix Awith the supplementary
material, as well as in the proceedings from this competition,
also shown in Table 1. This paper reflects on the competition
setup, the solutions submitted, and the final rankings. The
results are analyzedwith respect to the performance, common
themes, and best practices. The key contributions are as
follows:

1) A comprehensive evaluation of Predict+Optimize
methodologies applied to a real-world renewable
energy scheduling problem.

2) The establishment of a benchmark for future research,
including insights into the scalability, generalizability,
and effectiveness of the proposed solutions.

60066 VOLUME 13, 2025



C. Bergmeir et al.: Predict+Optimize Problem in Renewable Energy Scheduling

FIGURE 1. Implied data flow in the problem setting.

FIGURE 2. Competition setup.

3) A synthesis of best practices and innovative strategies
demonstrated by the top-performing teams.

The remainder of the paper is structured as follows.
Section II presents the competition setup. Section III
discusses the submitted solutions, presents the final rankings,
and gives an overall summary of the results. Section IV
describes the best-performing solutions, Section V discusses
the results and Section VI concludes the paper.

II. COMPETITION SETUP
Fig. 1 illustrates the data flow associated with the problem
formulation. Forecasting and optimization can be viewed
as either subproblems or components of an integrated
solution. The problem originates from the Monash Net
Zero Initiative, which involves a campus-wide microgrid
equipped with rooftop solar photovoltaic installations and a
battery for energy storage. This system operates across the
entire university campus, including buildings, grounds, and
electric vehicles (EVs), with the goal of achieving net-zero
emissions by 2030. In particular, it aims to: 1) maximize
self-consumption of electricity, 2) participate in energy
demand response programs, and 3) keep track of electricity
price and yearly peak load tariffs, to manage costs.

From a technical point of view, the data provided presents
an interesting time series prediction problem. The demand
and production data has complex seasonality; external data
(weather, electricity price) are factors in the problem. There
is also the opportunity for cross-learning between time series
for the energy demand and solar production problems. From
an optimization point of view, the uncertainty in the inputs

TABLE 2. Table of events leading to increase or reduction of lockdown
restrictions.

presents a mismatch between the forecast (production and
demand) and that which actually eventuates. This needs
to be addressed, along with various constraints to achieve
a competitive solution. The goal of the optimization is to
develop a battery charge and discharge schedule along with a
lecture theatre use schedule that results in the lowest energy
cost. Battery use is constrained by capacity. Lecture theatre
use is determined by the university timetable, with some
activities being regular, and others one-off.

The competition setup aimed to be as close to a typical
real-world situation as possible. However, some adjustments
needed to be made, due to the nature of the competition.
In real-life, battery scheduling would typically be performed
using historic data such as: building demand, solar power
production, weather or specialized solar forecasts, and
electricity price forecasts (from external providers) as input
variables. Based on this, the battery schedule would then be
optimized for approximately 1-3 days in advance, re-running
the optimizer periodically (e.g., every 15 minutes). In real-
life, lecture times and locations would be planned well in
advance of the academic year, andwithout regard to the power
schedule. Building energy use would ideally be comprised of
building base load, along with the energy use from scheduled
demand.

This setup was designed to establish a consistent bench-
mark for participants while addressing key challenges,
particularly the prevention of data leaks. To ensure fairness,
the competition assumed perfect knowledge of weather
and energy prices, eliminating uncertainties associated with
longer planning horizons. This allowed for meaningful com-
parisons with real-world short-term scheduling approaches,
such as day-ahead planning with continuous updates. The
competition structure was carefully chosen to strike an
optimal balance between realism and feasibility, given the
offline nature of the challenge.

A crucial design decision was whether to conceal the exact
time and location of the energy usage data—preventing par-
ticipants from cross-referencing publicly available weather
and market data—or to assume this information was known.
The latter approach was adopted, meaning the competition
effectively assumed access to perfect forecasts for weather
and energy prices. Additionally, the dataset’s source—the
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FIGURE 3. Timeline of Melbourne lockdown measures in 2020 due to the COVID-19 pandemic.

Monash Clayton campus—was disclosed, along with guid-
ance on how participants could retrieve relevant external
data. Due to Melbourne’s COVID-19 lockdowns in 2020,
on-campus lectures were suspended, significantly reducing
activity levels. This allowed participants to make reasonable
approximations of baseline building loads. A timeline of
events affecting campus operations is provided in Figure 3,
while Table 2 summarizes key events and the estimated
campus occupancy levels during the period.

Fig. 2 shows the setup of the competition organized in two
phases. Phase 1 ran for 3 months, from July to October 2021.
Phase 2 ran for approximately 3 weeks during October 2021.
The goal of Phase 1 was to optimally schedule batteries and
timetabled activities (lectures) for themonth of October 2020.
Participants could submit forecasts and/or optimal schedules
to a leaderboard during this phase. These were then evaluated,
with the results visible to all participants. Participants were
also provided with naïve sample submissions for both
forecasting and optimization. In particular, the forecasting
submission provided was a forecast of constant zeros and
the optimization solution provided was a greedy scheduling
solution.

During Phase 2 of the competition, data for October
2020 was released to the participants, who were asked to
perform the same forecasting and optimization exercise as
Phase 1, but for November 2020. Several problems in the
competition setup were addressed at this time. Notably, time
zones for forecasting and optimization were aligned, and we
ensured that no large outliers equivalent to those identified
in the Phase 1 test data set (which made forecasting less
important) were present in the Phase 2 test set.

During this phase, only minimal feedback was provided to
the participants about the quality of their submissions in the
form of whether the solution was valid, and whether it was
better, equal, or worse than the sample submission.

Phase 2 of the competition determined the winners and
prizes awarded. The majority of prizes (USD $18k from

a total of USD $20k) were awarded based on optimal
energy cost. Teams could choose any methodology for
optimization. This included the freedom not to perform
forecasting if this was deemed unnecessary. However,
a separate forecasting prize of USD $2k was awarded to
the best forecasting solution, to encourage the participants
to consider forecasting as part of their solution, and
to promote a competition that integrates forecasting and
optimization.

The competition was set up in line with best practices
from the research literature and competition platforms
such as Kaggle [41]. In particular, Athanasopoulos and
Hyndman [42] argue that feedback in competitions leads to
better outcomes, which is why Phase 1 of the competition
presented results transparently. This enabled participants to
gain a deep understanding of the problem, and also gave the
organizers an opportunity to identify and address problems in
the competition setup. The independent test set and minimal
feedback in Phase 2 ensured that participants had no means
to overfit their energy forecasts, but still had a mechanism to
ensure their solution was valid.

Unlike many competitions where a single solution deter-
mines its ranking, a scientific committee consisting of
8 scholars was assembled to rank the submissions according
to certain criteria (see Section II-E), based on a 4-page report
of the methodology submitted by each of the shortlisted
teams. This additional score was then combined with the
optimization scores to determine a final score. The aim of this
exercise was to ensure the scientific rigor and benefit to the
research community of the winning solutions by promoting
those with more general applicability in practice, over those
that were very tailored to the competition data and the
evaluation metrics.

Once winners were determined and prizes awarded, the
final test set of November 2020 was released, so that the
solutions where participants published their code could be
reproduced.
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A. DATA DESCRIPTION
The following energy consumption, solar production and
weather data was made available to participants from the
competition web page [40], where it continues to be publicly
available.

• Energy consumption data recorded at 15-minute
intervals was obtained from 6 buildings on the Monash
Clayton campus over varying time periods, up to
September 2020 (for Phase 1) and October 2020 (for
Phase 2). Time series of about 5 years, commencing in
2016 were obtained from Buildings 0 and 3, whereas
shorter time series of about one year were obtained
from the other buildings. The dataset doesn’t contain
a building numbered 2 as the data for this building
was scarce and the decision was made to exclude this
building before the competition started.

• Solar production data from 6 rooftop solar installations
on the Monash Clayton campus was recorded at
15-minute intervals over approximately one year until
September/October 2020 (for Phases 1 and 2 of the
competition, respectively). These data (in kW ) are also
shown in Figure 5. One participant noted that the data
for Solar 1 seem to be cumulative data for some parts of
the series.

• Weather data (ERA5) was generously provided by
Oikolab [43]. It contains hourly measurements of
temperature (◦C), dewpoint temperature (◦C), wind
speed (m/s), mean sea level pressure (Pa), relative
humidity (0 − 1), surface solar radiation (W/m2),
surface thermal radiation (W/m2), and total cloud cover
(0 − 1), from 2010 to 2021. The series for temperature
data and surface radiation are shown in Figure 4(a).
The temperature and surface radiation data show clear
daily and seasonal patterns typical for the Southern
Hemisphere, with higher values during the summer
months and lower during the winter months. This data
is crucial for predicting energy demand and solar power
production.

Participants were also encouraged to use the following data
from external sources:

• Weather data (BOM) from the Australian Bureau
of Meteorology (BOM) included the daily minimum
temperature (◦C), maximum temperature (◦C), rainfall
(mm) and solar exposure (MJm−2) at three weather
stations near the Monash Clayton campus: Olympic
Park, Moorabbin Airport and Oakleigh (Metropolitan
Golf Club) [44]. Each data series commenced on the 1st
of January 2016 and concluded at the date of download
by participant.

• Electricity price data from the Australian Energy
Market Operator (AEMO) consisted of half-hourly
electricity price and demand data at the state level [45].
For Phase 1 of the competition, the relevant data was
Victoria during October 2020, available from [46]. The

price time series data are shown in Figure 4(b) for the
period of Phase 1.1

B. FORECASTING
Forecasting was optional in the competition, but encouraged
through a small prize for the most accurate forecast. During
Phase 1 of the competition, participants were expected to
predict the power demand of the 6 buildings, and the power
production of the 6 arrays of solar panels over 15-minute
intervals for each day in October 2020. This amounted to
2976 15-minute forecasts in total. At the end of Phase 1, the
actual energy demand of each building and power production
of each array of solar panels was released. For Phase 2,
participants were then expected to provide the 15-minute
energy demand/production forecasts for the same buildings
and solar panels over the 30 days of November 2020.

C. OPTIMIZATION
The optimization problem was to create a timetable for a
set of activities over the coming month, across the set of
six buildings, with the objective of minimizing the total
electricity cost. Power was provided at no cost by 6 sets of
solar panels as well as being available at market price from
the energy grid. Batteries were available, enabling the storage
of excess solar energy for later use, or charging from the grid
during periods of low cost.
Participants were given 5 large, and 5 small problem

instances. Each instance consisted of a number of activities
to be scheduled over the month, including precedence
requirements, and whether they were one-off or recurring.
Each building was specified by a number of large and
small rooms available. Solar production attributable to each
building varied between scenarios by assigning one of the
six solar time series (see Figure 5) to the building in each
instance. Activities were specified by the number of rooms
required, whether these rooms were large or small, the
duration of the activity, energy load of that activity, and
whether it was recurrent or one-off. The battery specifications
were matched to be close to the actual scale and performance
of the two batteries currently installed in the Monash
microgrid. Each battery was characterized by its capacity,
maximum charge/discharge power, and roundtrip efficiency.
The specifications for the two batteries used in all problem
settings are shown in Table 3.
The objective consists of three parts: 1) the wholesale

energy cost of all energy imported, 2) a peak load demand
charge, and 3) the additional profit of scheduled once-off
activities. Given the cumulative power draw Pt at time t in
kW, and the wholesale energy price et in $/MWh (a time

1Though the intended use from this data source was the price data,
some participants also used the demand data that they found helpful.
The competition policy stated to gain permission from the organizers for
any external datasets. However, as the demand data was (unintentionally)
provided by the organizers, it was a grey area so that teams using the dataset
did not request permission and in consequence not all teams were aware of
the demand data, and that it could potentially be used.
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FIGURE 4. (a) Weather data of temperature and surface radiation from ERA5 for the location of interest. (b) Time series of electricity price for October
and November 2020 (validation and test period).

TABLE 3. Battery specifications.

series provided to the participants), power usage is converted
to energy consumption by assuming a constant load during
each 15-minute time step. The demand charge is fixed at $5
per MW, regardless of when the peak load occurs during the
month. Finally, the value of each scheduled (di = 1) once-off
activity i is earned, minus any penalty for scheduling outside
office hours if applicable (oi = 1). The combined objective
function of the optimization is given by:

O =

∑
t

(
0.25Pt
1000

et

)
(Energy cost)

+ 0.005
(
max
t
Pt
)2

(Demand charge)

−

∑
ai

(
di · (valuei − oi penaltyi)

)
(Once-off profit)

(1)

Full mathematical formulation, including constraints, is pro-
vided in the reports in Appendix A in the supplementary
material, as presented by the participants. More generally,
constraints imposed by the problem include:

• Room availability: Each activity must be scheduled in
a room that is available and not double-booked.

• Precedence constraints: Some activities must occur
before others, as specified by the precedence
relationships.

• Battery constraints: The state of charge of the batteries
must remain within their capacity limits at all times.

• Activity timing: Recurring activities must be scheduled
within office hours (starting on or after 9:00 and
finishing before 17:00).

• Energy balance: The total energy demand must be
met by the combination of solar production, battery
discharge, and grid supply, ensuring no feed-in to the
grid.

Conceptually, the activity scheduling problem thus defined
is an instance of the Resource-Constrained Project Schedul-
ing Problem (RCPSP) with time windows [47]. The RCPSP
is a well-known problem in operations research where the
goal is to schedule a set of project activities within given
resource constraints and time windows. Here the activities
are project tasks, and the rooms and electricity use are the
resource limits. Because recurring activities with precedence
must be scheduled on different days, the problem also exhibits
minimum time lags (the shortest allowable time between the
start of one activity and the start of another), as well as
maximum lags (the longest allowable time between the start
of one activity and the start of another) due to the limited time
window of ‘daytime on weekdays’ during which all recurring
activities must be scheduled. Bartusch et al. [47] proved
that even just testing whether such a problem has a feasible
solution is an NP-hard problem, meaning that no efficient
solutions exist to solve it optimally (assuming the widely held
expectation that P ̸= NP holds, where P represents problems
that can be solved efficiently (in polynomial time), and
NP represents problems for which solutions can be verified
efficiently, in polynomial time).

Compared to the typical RCPSP with time windows, the
problem also has a number of additional considerations;
access to an energy storage battery means that some resource
limits can be altered. And the once-off activities are optional,
while in RCPSP all activities must be scheduled. Further-
more, our objective is not ‘shortest makespan schedule’,
but minimizing energy imports. Minimizing energy imports
refers to reducing the amount of energy that needs to be
purchased from the grid by optimizing the use of on-site
renewable energy sources and energy storage systems.

Despite the worst-case hardness of the RCPSP, it is
known that randomly generated instances may exhibit
shallow hardness characteristics, meaning that they are
not overly difficult to solve and do not require extensive
computational resources. Vanhoucke et al. [48] propose six
topological indicators of precedence graph connectedness
(which measure the structural properties of the graph, such
as the number of nodes, edges, and the connectivity between
them), and perform a regression analysis on instance hardness
in terms of branch-and-bound search tree depth as a function
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FIGURE 5. Input series of building load and solar powerproduction from the Monash Clayton campus. All values are in kW . Building 0and Building
3 have large outliers that have been capped at 2000. The dashedlines indicate the start of the Phase 1 test data in the competition, the solidlines
indicate the start of the Phase 2 test data (i.e., data for October andNovember 2020, respectively).

of these indicators. Insights from this work were used to
construct an instance generation algorithm tuned to generate

instances that lie in the range between over- and under-
constrained, meaning that the problem formulation is neither
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too easy nor too difficult to solve. This involved creating
instances with relatively few precedence constraints to ensure
that the instance is close to parallel, and having a mix of long
chains of activities and free activities.

Feasible activity schedules were created as follows:
1) sample and schedule activities, 2) assign precedence
constraints, 3) set resource limits. In the first stage, a number
of activities are sampled, with duration U(2, 10) steps (from
half-hour to two-and-half-hour long), number of rooms
U(1, 3), using a small-sized room with Pr(small) =

3
4 . Each

activity is assigned power consumption proportional to the
maximum base power consumption (the highest power usage
recorded during the observation period) observed in the time
series, sampled from U( 1

20 ,
1
10 ) of the maximum base load.

Once-off activities were given a value proportional to the
average cost of energy required, from U(0.9, 1.5) times the
average cost. Sampled activities were then assigned a day of
the week, and an in-office-hours time of day, constructing
a tentatively valid schedule (meeting all the time-window
constraints), without any precedence constraints. In the
second stage, precedence constraints were sampled between
scheduled activities such that they were already satisfied by
the tentative schedule: Each activity considers the set of all
activities on previous days, and samples without replacement
from this set a number of preceding activities chosen from
a Binomial distribution with p = 0.25 (recurring) or p =

0.1 (once-off). Thus, by construction there are five bins of
activities; those tentatively scheduled on Monday, having no
precedence constraints, and those tentatively scheduled on
Friday having many, with potentially ‘long’ arcs. Finally,
in the third stage, the number of rooms was determined as
the maximum required by the tentative schedule of recurring
activities only, meaning that once-offs have to fit in ‘gaps’
different from the tentative schedule by construction.

Two sizes of instances were generated. Small instances had
50 recurring and 20 once-off activities, which is considered
average in difficulty for the now easily solvable psplib
set of benchmark instances [49]. Large instances had
200 recurring and 100 once-off activities, nearly three times
the largest psplib instance and unlikely to be solvable
to optimality using ‘brute force’ (i.e., trying all possible
combinations). For each of the two phases, 5 small and 5 large
instances were generated, ensuring that the competitors were
required to solve the Phase 2 instances from scratch (i.e.,
without opportunity to use warm starts (initial solutions
based on previous runs) or learned statistics about the Phase
1 instances).

D. EVALUATION OF FORECAST ACCURACY AND TOTAL
ENERGY COST
1) EVALUATION OF FORECASTS
The forecasts of the 12 time series (energy demand of
6 buildings and power production from the 6 arrays of solar
panels) were evaluated using theMean Absolute Scaled Error
(MASE) [50], a commonly used error measure for forecast

evaluation, which is defined as follows for a given series:

MASE =

∑M+h
k=M+1 |Fk − Yk |

h
M−S

∑M
k=S+1 |Yk − Yk−s|

, (2)

whereM is the number of instances in the training series, S is
the length of the seasonal cycle of the dataset, h is the forecast
horizon, Fk are the forecasts and Yk are the actual values.
MASE was calculated individually for each time series and
averaged for the final error used to rank submissions.

2) EVALUATION OF OPTIMAL SCHEDULE AND TOTAL
ENERGY COST
Schedules were first checked for feasibility, after which the
energy cost was computed for feasible schedules.

a: FEASIBILITY
Schedules were required to assign a time period to every
recurring activity while adhering to the following constraints,
for every activity ai:

• The starting period must be during the week having the
first Monday of the month,

• Start time ≥ 9:00,
• Finish time (start time plus activity duration) ≤ 17:00,
• Activity precedence had to be observed.

Every battery schedule had to respect the capacity of the
battery, such that the State-of-Charge (SoC) of the battery
stays in 0 ≤ SoCt ≤ capacity for all time periods t.

b: OBJECTIVE
For a feasible schedule, the objective value is computed in
terms of the cost of the schedule, which is to be minimized,
using the objective function O given in the previous section.

E. EVALUATION BY THE SCIENTIFIC COMMITTEE AND
CALCULATION OF FINAL SCORES
The 8 members of the scientific committee (SC) ranked the
solutions using a form inspired by peer review forms from
machine learning conferences. The form included free text
criteria such as listing 3 advantages and 3 disadvantages
of the solution, commenting on the robustness of the opti-
mization model, potential generalizability of the approach,
and potential overfitting in the approach. The SC also
ranked the solutions on a scale of (excellent/good/ok/poor)
for each of: scientific contribution, soundness, clarity,
and reproducibility. Finally, the jurors provided an overall
evaluation of the submission on a scale of (excellent/very
good/good/acceptable/ok/poor). These scales were translated
to numerical values using a simple linear scale to produce
a numerical score for each participant, which was averaged
over the SC members and ranked. The final ranking of
participants was calculated as the sum of 0.75 of the energy
optimization ranking and 0.25 of the SC ranking.

As well as submission of the 4-page report for the SC
evaluation, participants were required to submit their source
code for verification by the organizers that the code produced
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TABLE 4. Best solutions over time during Phase 1 and Phase 2.

TABLE 5. Top of the leaderboard after Phase 1 and Phase 2.

the reported solution. Participants were also required to
present their solution at a special session of the 2021 IEEE
Symposium Series on Computational Intelligence for fur-
ther questions and checking by the panel and audience.
All shortlisted teams passed these hurdles without any
problems.

III. SOLUTIONS SUBMITTED, FINAL RANKINGS, AND
SUMMARY OF RESULTS
This section provides an overview of all submissions, the
leaderboard timeline, an overview of the best-performing
solutions, and a more detailed evaluation of the shortlisted
solutions by the scientific committee.

A. SUBMITTED SOLUTIONS
In total, 49 individuals/teams participated in either Phase 1 or
Phase 2 of the competition. 36 individuals/teams submitted
to Phase 1, and 36 (different) individuals/teams submitted to
Phase 2. 23 individuals/teams submitted to both Phase 1 and
Phase 2 of the competition. Many participants submitted

multiple times for evaluation. During Phase 1 there were
522 actual submissions throughout the competition period.
Approximately 50% of teams attempted the forecasting task
only.

As it was not required to have submitted to Phase 1 in
order to submit to Phase 2, several new teams entered
the competition for Phase 2 only. A number of teams
that were not competitive in Phase 1 dropped out of the
competition before Phase 2. Due to the challenging nature
of the optimization problem, there were fewer submissions
(220) during Phase 2, since no feedback was given during the
competition period.

Table 4 shows the development of the leaderboard over
time, for Phase 1 and Phase 2. Table 5 shows the top positions
of the leaderboards at the conclusion of Phase 1 and Phase 2,
respectively.

The relationship between forecasting and optimization
performance, for solutions in Phase 2 that outperformed the
organizer-supplied baseline MASE and energy cost, is shown
in Figure 6. The analysis has to be taken with caution,
as participants were not required to submit the forecast
actually used during optimization, meaning that the actual
forecast reported may not have been that used. Furthermore,
the linear fits shown as lines in the plot do not represent the
data well and serve only as an overall guidance. However,
it is immediately apparent that there is very little correlation
between solar forecast accuracy and energy cost. This is
because solar power generation is approximately an order of
magnitude smaller than the actual building load meaning that
solar energy forecast errors only have a small effect on total
energy costs. Forecasting building energy demand was much
more important to total cost, hence the higher correlation
between the two compared to solar. The correlation is
particularly distinct for the Mean Absolute Error (MAE),
as shown in Figure 6.

B. OVERVIEW OF BEST-PERFORMING SOLUTIONS
Tables 6 and 7 present an overview over the optimization
and forecasting methods used by the shortlisted teams. It is
evident in Table 6 that most teams used mixed integer pro-
gramming (MIP), or mixed integer quadratic programming
(MIQP) with linear relaxations for the optimization. Only the
teams ranked at 1st and 7th place considered forecast uncer-
tainty by predicting scenarios and employing stochastic or
robust optimization. The other teams relied on point forecasts
and deterministic optimization. Regarding software, most
teams used Gurobi for optimization via a Python interface.
Some notable exceptions were the EVERGi team, who used
evolutionary algorithms, in particular CMAES, combined
with a subsequent local search, for the activities schedule.
Team QSZU-PolyU used a simple heuristic approach for
the scheduling that was then further optimized with a
local search, which provides an excellent benchmark from
which to assess possible gains obtained by more complex
methodologies.
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TABLE 6. Summary of optimization methodologies of shortlisted solutions.

TABLE 7. Summary of forecasting methodologies of shortlisted solutions. Errors reported are averages over all building demand series and over all solar
production series, respectively.

Table 7 shows that most of the top performing teams
used tree-based algorithms, namely LightGBM and Random
Forest (RF), to forecast building energy demand. A notable

exception was the team from the Honda Research Institute
(HRI, consisting of Steffen Limmer and Nils Einecke),
who were able to achieve good results with a very simple
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FIGURE 6. Forecasting error (MASE and MAE) vs energy cost for all solutions submitted to Phase 2 that outperformed the organizer-supplied baseline
MASE and energy cost. The figure also shows Bayesian analysis results at the bottom. The natural logarithm of the Bayes factor loge(BF01) shows
how strong the evidence is in favor of the null hypothesis over the alternative hypothesis. The posterior value ρ̂

posterier
Pearson and credible intervals CIHDI

95%
are estimated with r JZS

beta as the prior value.

technique: a seasonal median of demand over the previous
8 weeks. Several teams observed that Building 4 had
very low demand, which led the EVERGi team to model
this building as a multi-class classification problem. Other
teams employed simple techniques, e.g., Richard Bean
(RB) used a median forecast for this building. There are
considerable amounts of missing values in the data, which
likely contributed to the success of tree-based methods. Most
teams used the weather data provided (daily and hourly),
together with calendar features and/or Fourier terms.Weather
data was used with both lagging and leading features since
the competition assumed the availability of a perfect weather
forecast. Some teams used other features such as the total
energy demand for the state of Victoria, and occupation rates
as estimated from COVID-19 restriction information and the
academic calendar (e.g., exam periods).

Tree-based algorithms such as LightGBM and Random
Forests were employed by most of the top solutions for
solar forecasting. In particular, the two best solutions in
terms of forecasting accuracy are based on these. Other
approaches were neural networks such as ResNet (FRESNO
team), and ensembles that included support vector regression
(SVR), Prophet, Ridge Regression, and other algorithms. The
features used by the participants were again lagging and
leading weather features (solar irradiation in particular), and
calendar features.

C. EVALUATION OF RESULTS BY THE SCIENTIFIC
COMMITTEE
Figure 7 shows the overall evaluation of the shortlisted
teams by the scientific committee (SC). The average score
in each subcategory for these teams is shown in Table 8.
Results show that, generally speaking, the highest-ranked
submissions were those that gave the best solutions in terms
of energy cost. However, when the SC evaluations were
incorporated with energy cost rankings, 5th and 6th ranked

TABLE 8. Average evaluations by the scientific committee on each
criterion. Ranking was from 1: excellent, to 4: poor, for the first 4 items,
and from 1: excellent, to 6: poor for the overall evaluation.

FIGURE 7. Overall evaluations by the scientific committee. Lower values
are better, as the y-axis is the rank.

teams swapped, and the 3rd and 4th ranked teams were
ranked equally at 3rd place. A summary of the evaluations
is given in the beginning of each team’s detailed description
in Section IV. Further details of the evaluation of each team
by the scientific committee are given in the appendix of the
paper, in the supplementary material.

IV. DESCRIPTIONS OF BEST-PERFORMING SOLUTIONS
Summaries of the 7 shortlisted solutions are presented below,
in the order of their final score, i.e., the winning solution is

VOLUME 13, 2025 60075



C. Bergmeir et al.: Predict+Optimize Problem in Renewable Energy Scheduling

presented first, etc. For more details, refer to the appendix of
the paper, in the supplementary material.

A. MAHDI ABOLGHASEMI AND RASUL ESMAEILBEIGI’S
SOLUTION (MA&RE)
1) SUMMARY OF THE SCIENTIFIC COMMITTEE
An ensemble of LightGBM models with calendar features
and dynamic features (lags, mean, standard deviations), with
ensembling over models that use daily, weekly, and daily
and weekly weather features. Optimization over multiple
scenarios, with sample average approximation that minimizes
average cost over multiple scenarios. The approach seems
reproducible and solid, although classic. It is a fast and
accurate forecasting and optimization.

2) ADVANTAGES
Easy, systematic, robust, reproducible methodology. A rig-
orous problem formulation so that the model is not unduly
complex. A good exploration of alternative forecasting
techniques. Furthermore, a stochastic optimization approach
that uses multiple forecasts. Also, a large neighborhood
search and good decomposition technique.

3) DISADVANTAGES
Somewhat ad-hoc hyperparameter tuning, a focus on ‘‘local’’
models for forecasting that work on every series separately.
The algorithm choice is not clearly motivated, and some
manual and unclear steps are in the forecasting methodology.

4) ROBUSTNESS
Though some of the forecasting seems ad-hoc, e.g., the choice
of size of training set per series, and optimization is typically
not directly transferrable, the general methodology is highly
generalizable and robust. It can be applied to similar problems
with minor adjustments. Overfitting is adequately addressed
with cross-validation, L1 regularization and early stopping.

This solution ranked 1st in the optimization and 2nd in
the forecasting challenge of the competition. An exten-
sive exploratory data analysis was conducted to look at
trends, seasonality, and intermittency patterns of the data.
The impacts of COVID-19 were explored on buildings’
power demand since part of the provided data and the
forecasting horizon was during the pandemic. Since both
solar power and buildings’ demand are highly dependent
on weather conditions, the hourly weather data provided by
the organizers of the competition and downloaded daily data
from the BOM website [44] were used. Various statistical
and machine learning models including seasonal ARIMA,
RF, LightGBM, and SVR were explored for building the
predictive models. While the generated forecasts especially
with RF and SVR were fairly accurate and competitive to
LightGBM, LightGBM was opted for since it is significantly
faster and returns reliable forecasts. The forecasting models
were all trained with LightGBM where calendar features,
daily weather data, hourly weather data and various rolling

statistics of these features were used as input variables
in the model. Hyperparameters were optimized and the
most significant features for each model were selected.
Several forecasts were generated with different models to
provide a larger pool of scenarios for the optimization part
of the competition. The final submitted forecasts were an
ensemble of two LightGBM models for each series where
daily and hourly features were used for each series and
hyperparameters were optimized.

The objective function of the optimization part mini-
mizes the total energy cost that includes the square of
the maximum load, i.e., a quadratic term. A linearization
technique was used to linearize this objective function and
develop a mixed integer linear program that captures all
constraints of the problem. One of the input parameters
of the optimization model is the net base load, which is
the difference between the total predicted base load of the
buildings and the generation of their solar panels, per time
slot. The proposed optimization approach does not rely on
one forecast. Decision-making under uncertainty plays a
crucial role in managing energy systems. Uncertainty should
be addressed properly since these systems are highly reliant
on the predetermined energy prices and policies as well as
predictable energy loads and demands [51]. In this solution,
the net base loads of each time slot are considered as a random
variable in the optimization model and the so-called Sample
Average Approximation Method (SAAM) is employed in
which the optimizationmodel minimizes the average cost of a
solution over multiple scenarios (predictive outcomes) rather
than just one. The final submission employs 6 forecasting
scenarios. This approach generally prescribes a solution with
least expected cost that is also less sensitive to the forecasting
errors. See Esmaeilbeigi et al. [52] for more details of SAAM.
The code is publicly available from GitHub for forecasting2

and optimization.3 For more details of this solution see
Appendix A in the supplementary material.

B. RICHARD BEAN’S SOLUTION (RB)
1) SUMMARY OF THE SCIENTIFIC COMMITTEE
The submission uses a quantile regression forest with weather
data from BOM and ERA5 for forecasting. Models are built
on groups of series (buildings) rather than per series. Various
different approaches are used for optimization. Both MIP
and MIQP are used in a two-stage approach to tackle the
quadratic objective. The forecasting uses a good selection
of covariates, with justifications. The general methodology
is very specific with great understanding of the data, but
also sometimes seems ad-hoc, to the point of forecasting
manually chosen constants in some instances. It achieves
very accurate forecasting results, which are the best in the
competition.

2https://github.com/mahdiabolghasemi/IEEE-predict_optimise_
technical_challenge

3https://github.com/resmaeilbeigi/IEEE_CIS_3rd_Technical_
Challenge_Optimiser
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2) ADVANTAGES
Highly effective in forecasting, achieving high accuracy.
Performs global modelling across series. Optimizes the start
date for the training data. Deals with outliers (although
manually), and has a good rationale for variables used, with
careful analysis of the data. The components seem well
integrated.

3) DISADVANTAGES
Some steps are ad-hoc, and it is not clear why some of them
are carried out. Some decisions are not well justified. This
may lead to a lack of reproducibility. For example, setting
manual thresholds for outlier filtering, grouping of buildings
based on observation. Parameter optimization was performed
fully against Phase 1, no time series cross-validation was
performed. Some parts of the optimization approach are very
heuristic.

4) ROBUSTNESS
As some steps seem ad-hoc, extensions to other scenarios
may require adaptations. Most design choices have been
made based on the particular data. As such, it is a quite
specific solution. Though the particular approach will not be
easy to generalize, the main idea can be generalized.

Energy consumption by buildings, and solar energy
production was forecast using random forests. Inputs to
these models consisted of historical building use and weather
data provided by the BOM and the European Centre for
Medium-Range Weather Forecasting (ECMWF). Forecast
accuracy was improved by thresholding energy consumption
for buildings when these appeared as outliers. The forecast
window was varied to determine the window length that
maximised forecast accuracy. Manual feature selection was
used to identify the most important features for each
type of forecast and reduce the likelihood of over-fitting.
Optimization was performed using a MIP solver to minimize
peak load due to recurring activities. One-off activities were
then incorporated into the schedule and a MIQP was used
to shift activities to minimize total cost, using a no forced
discharge batterymanagement policy. The source code of this
solution is available online.4 For more details of this solution
see Bean [53], and for the evaluation of the approach by the
scientific committee see Appendix B in the supplementary
material.

C. HRI TEAM’S SOLUTION
1) SUMMARY OF THE SCIENTIFIC COMMITTEE
The solution is based on simple median values for the load
prediction, Random Forest for solar power production, and
(an efficient) MILP for the optimization task. It therewith
assumes that the influence of the weather forecast on the
load is only marginal. It performs an elegant decomposition
of the optimization problem with a variety of different
settings to determine the final ‘‘best’’ setting. It is overall a

4https://github.com/RichardBean/IEEE-Predict-Optimize-Challenge

simple, straightforward application of existing technologies
that achieves results close to the best-performing methods
both in forecasting and optimization.

2) ADVANTAGES
The approach is designed to achieve a solution in an
acceptable time frame. Random Forest is robust for predic-
tion. The participants experimented with different levels of
decomposition for the optimization, with a good problem
formulation, namely linearization by using peak load instead
of the quadratic function to schedule recurring activities, and
by separating the optimization into the same two steps as the
competition winners, namely assigning buildings to activities
as a second step.

3) DISADVANTAGES
There have been some manual decisions on what data to use,
and the load prediction seems a bit too simplistic, although
it achieves a decent performance. No comparison with other
forecasting methods was given, and no discussion of why
linearization of the objective does not lead to a decrease
in solution quality. Overall, the results are good but not
excellent.

4) ROBUSTNESS
The methodology seems robust and minor adaptation would
be required for other scenarios, although outlier filtering is
donemanually. The simplicity of methods and use of standard
procedures makes the method relatively easily generalizable.

For the load prediction, a simple statistical approach was
used, which predicts the load at a certain time step of a week
as the median over the load values at the corresponding time
steps of eight weeks of historical data. The PV production
was predicted with a machine learning approach based on
an RF with 14 input features (mainly weather data). For
the optimization, a combination of mixed integer linear
programming and mixed integer quadratic programming
together with the Gurobi solver was employed. In order to
accelerate the optimization, different measures were applied:

1) The activities were assigned to buildings in a step
performed separately from the main optimization.

2) The number of decision variables was reduced by
excluding start times of activities, which are infeasible
with respect to precedence constraints.

3) The setting of the parameters of the employed solver
was tuned.

4) The problem was decomposed into three easier
subproblems.

5) The objective function was linearized.

A more detailed description of the approach as well as a
thorough evaluation of it on the data and problems of the
second phase of the challenge can be found in Limmer and
Einecke [15]. For the evaluation of the approach by the
scientific committee see Appendix C in the supplementary
material.
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D. EVERGi TEAM’S SOLUTION
1) SUMMARY OF THE SCIENTIFIC COMMITTEE
The approach uses an evolutionary algorithm for initial
scheduling of activities, followed by a local search, and MIP
for the batteries. Seasonal and trend decomposition (STL,
Prophet) followed by LightGBM is used for forecasting.

2) ADVANTAGES
The methodology uses good preprocessing that, for example,
found drift in the demand of Building 5. It uses a good
forecasting methodology that applies transformations and
decompositions. The optimization is a combination of heuris-
tic and complete solvers, and as such a novel optimization
idea that seems to work well.

3) DISADVANTAGES
Different buildings are treated differently in the forecasting.
The computation time will presumably be high and the
activity schedule might be slow. The evolutionary algorithms
seem somewhat ad-hoc, and the schedule improvement with
Gurobi adds complexity to the model.

4) ROBUSTNESS
The method is a relatively general and robust approach
that seems applicable in other settings with some minor
adjustments.

The optimization methodology consisted of the following
elements: Multi-dimensional time series forecasting using
LightGBM [54] was performed to predict both future energy
production and consumption from historical data. Features
used for modelling included seasonality and trend, weather
data, calendar features, time of day, academic calendar,
and proportional occupancy of buildings. A log transform
was used to reduce variability in consumption. The optimal
schedule of room usage and battery storage was created
by first creating a base schedule of recurrent and one-off
activities that satisfied precedence and room availability
constraints. This was performed using both a Genetic
Algorithm and the Covariance Matrix Adaptation Evolution
Strategy (CMA-ES) [55] independently. The base schedule
was then improved by modifying the times of activities one-
by-one when this would reduce costs. Recurrent activities
were evaluated first, followed by one-off activities, in order
of precedence for each group. The optimal battery schedule
was determined usingMIP implemented in the Gurobi solver.
The final submission had an error so that only one battery was
used instead of two. After fixing this error, the method would
have obtained the second-lowest cost in the competition.
The source code of this solution is available online.5 A
more detailed description of the approach can be found in
Ruddick et al. [12]. For the evaluation of the approach by the
scientific committee see Appendix D in the supplementary
material.

5https://github.com/ujohn33/EVERGI_predict_optimize

E. FRESNO TEAM’S SOLUTION
1) SUMMARY OF THE SCIENTIFIC COMMITTEE
The paper uses STL decomposition, followed by a separate
forecast of each time series with ARIMA, Random Forest,
Gradient Boosting, and SVM. For the solar panels, ResNet
is trained using Refined Motif, proposed by the participants
in another paper. The optimization is then done using MIP
with a sensible decomposition, that solves a Linear Program
relaxation first, then the scheduling problem.

2) ADVANTAGES
The approach uses a systematic forecasting methodology.
It uses a good Linear Programming relaxation to bound
the optimization problem, that focuses on the peak demand.
This appears to make the optimization more robust w.r.t. the
forecast quality, as the forecasts are not very accurate.

3) DISADVANTAGES
Some buildings are not STL decomposed and treated
differently, with no justifications. ResNet might need more
data than available here. In general, the forecasting is not as
accurate as the methodologies of other participants.

4) ROBUSTNESS
Besides the complexity of the procedure and the many
methods involved, the methodology seems to be able to be
used on other datasets.

As the building and the solar patterns were completely
different, two different sets of forecasting models were
developed. Various research on forecasting techniques shows
that ensemble methods outperform individual ones in many
cases. Therefore, the voting regressor from the Python sklearn
package was used to forecast the buildings’ load. This
regression model fits several estimators on the same dataset
and then averages them out to get the actual predictions.
It was found that tree-based methods like RF and gradient
boosted trees gave the highest accuracy for this dataset. Also,
to capture the cyclic and seasonal variations of the buildings’
load, STL decomposition was incorporated with the above
methods to improve prediction accuracy.

Solar generation by its seasonal nature, tends to have
repeated patterns. As a result, it might be useful to extract
the most repeating pattern from the solar time series data
and account for variances from the baseline using exogenous
variables such as weather data. This repeating pattern is
discovered by a refined motif (RM) method which is
developed by the competition participants in The discovered
repeating patterns along with other exogenous variables were
fed to a 1D convolutional neural network (1D-CNN) during
Phase 1 to make predictions. Over-parameterization of CNNs
can yield better performance, but training is costly in terms
of computation time [56]. Thus, Residual Networks (ResNet)
were implemented as an option for an NN that is deep but also
has comparably low computational cost. The performance
of the ResNet model was generally better compared with
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1D-CNN. Note that the submission of the solar forecasts for
Phase 2 was erroneous. A corrected calculation for Phase 2
should give comparable MASE values to Yuan et al. [57].
Phase 1.6

For the optimization part of the competition, to capture the
constraints of the scheduling problem, binary variables are
necessary, for example at which interval a particular task is
active. Thus, MIP was used to model this problem. From the
problem description the following challenges were identified:

1) Scheduling for one month with 15-minute granularity
means vectors of size 2880. Hence, using more
activities leads to exponentially increasing complexity.

2) The peak power cost involved a square term making
this problem a MIQP.

3) For best economic benefit, it was necessary to schedule
all activities within working hours. This also con-
tributes to the peak power term, which is a sizeable
chunk of the energy cost.

These challenges heavily influenced the tractability of the
problem. It was also found that the maximum value obtained
by scheduling non-recurring activities was an energy cost
of approximately $16,000 and this may not be worth the
extra cost and computation required to schedule these tasks.
Accounting for this, the following two steps were used to
simplify the problem:

1) Only recurring activities were modelled in the problem.
2) The problem was converted to a mixed integer linear

program by setting a limit on the peak power term over
the month and removing it from the objective.

The methodology was hence divided into 4 sub-sections:
data pre-processing, building load forecasts, solar generation
forecasts, and optimal scheduling problem. The code of this
solution is available online.7 For more details see Appendix
E in the supplementary material and Kumar et al. [58].

F. QSZU-POLYU-TEAM’S SOLUTION
1) SUMMARY OF THE SCIENTIFIC COMMITTEE
Forecasting is performed using a variety of ML models
(including neural networks). Single models are trained for
all buildings, but preprocessing is different for each building.
Then, this team uses a bi-level optimization to first identify
an optimal timetable using local search, with relaxation. After
this battery scheduling is optimized, again with a local search
method, based on the optimal timetable. This is an ad-hoc
and very simple optimization algorithm, which is a useful
approach to benchmark the effectiveness of sophisticated
MIP methods against this simple alternative.

2) ADVANTAGES
A single forecasting model is built for all buildings,
using weather data. The optimization is very simple. The

6https://gitlab.com/ryuan/ieee-cis-data-challenge-fresno/-
/blob/main/Solar_prediction.ipynb

7https://gitlab.com/ryuan/ieee-cis-data-challenge-fresno

observation that forecasting accuracy may not have a large
impact on quality of optimization is interesting and useful.

3) DISADVANTAGES
The method presumably needs expensive training, and no
hyperparameter tuning has been discussed. Only 2 months
(August and September) are used for training. There is
different ad-hoc preprocessing for different buildings. The
forecasting accuracy is weak overall. Local search does not
allow to judge solution quality.

4) ROBUSTNESS
The preprocessing seems not generalizable, but the rest of the
methodology can be adapted to other scenarios with minor
changes.

Optimization was performed by first determining an
optimal timetable after which the battery use was scheduled.
Since activities to be timetabled had precedence relation-
ships, a feasible set of activities that could be performed each
day was constructed. Local search was then applied to this
feasible set to determine the optimal schedule. Batteries were
assumed to be in one of three states: hold, discharge or charge.
The optimal battery state at each time slot was determined
again using local search. Weather forecasts were made at
15-minute intervals from historical data. Total energy use
across all buildings was found to correlate with total Victorian
energy use. The prediction of energy use within individual
use varied between buildings. Consumption data for some
buildings contained many missing values, so consumption
was set at constant levels. For other buildings’ consumption
was predicted by time of day, and by week day or weekend.
Energy production was forecast from surface solar radiation
data.

The source code of this solution is available online.8 A
more detailed description of the approach can be found in
Zhu et al. [59].

G. AKYLAS STRATIGAKOS’ SOLUTION (AS)
1) SUMMARY OF THE SCIENTIFIC COMMITTEE
This participant used ML forecasting methods such as
Random Forest, Gradient Boosting Machines, regression
variants to predict PV power generation. Building demand
forecasts were created using Random Forest models and
quantile regression, using calendar and weather features. The
optimization problem was solved using MIP via Gurobi. The
novelty in the proposed method is the use of a fix-and-
optimize approach, whereby sections of a feasible search
space are ‘‘fixed’’ while the solver explores the remaining
free variables.

2) ADVANTAGES
The method uses well established ML models for forecasting
both power production and building demand. The ‘‘fix and
optimize’’ nature of the solver solution has the potential

8https://github.com/xuyaojian123/IEEE-Predict-Optimize-Challenge
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to increase performance speed. Combining these elements
creates an effective solution tool with a straightforward data
flow/solution path. Thus, the optimization approach is robust
and easy to generalize. Minimization of the worst case
expected cost helps hedge against large forecast errors.

3) DISADVANTAGES
The forecasting seems to not have received as much attention
as in other solutions, and this may have had some influence
on the results. The search in optimization is a bit greedy, and
there will be degradation of the solver solution using ‘‘fix and
optimize’’ compared to a more exhaustive solution.

4) ROBUSTNESS
The scenarios are based only on Building 3, which makes
the approach less generalizable. Apart from this, very few
assumptions are made about the input data etc., so that this
approach seems highly applicable to other settings, and the
solution delivers many insights that can help to adapt it.

The proposed solution was guided by several challenges
that revealed themselves during the early stages of the com-
petition. First, the limited computational resources did not
allow to solve the (multiple) problem instances to optimality.
Second, the computational cost also hindered our ability to
explore different strategies during the validation phase, e.g.
how to tackle the parameter uncertainty. Lastly, as the time to
be allocated in this challenge was also limited, the decision
was made to focus on the optimization component at the
expense of the prediction component. Considering the above,
the proposed solution adheres to the following: (i) can be
implemented in a standard machine, (ii) provides competitive
results relatively fast, and (iii) provides hedging against large
forecast errors.

To this end, the solution was based on a fix-and-optimize
heuristic search to iteratively improve an initial solution
of the MIP solver (matheuristic). The problem was formu-
lated as a large MIP and the proposed solution combines
Large Neighborhood Search coupled with scenario-based
robust optimization for handling uncertainty in the objec-
tive function. The uncertainty in problem parameters (i.e.,
renewable production and electricity demand) was modeled
with scenarios based on marginal predictive intervals. A
robust objective was then formulated to minimize the
worst-case cost within the set of scenarios, thus offering
protection against miscalibrated forecasting models. The
solution methodology then considered the following steps.
First, an adequate feasible schedule was derived considering
only hard problem constraints, in this case the scheduling of
recurring lecture activities. Next, the solution was improved
iteratively with a fix-and-optimize heuristic search. At each
iteration, the MIP solver explored a large neighborhood by
fixing a subset of variables and optimizing over the remaining
free variables. The process was repeated several times until
a stopping criterion was met. Code for this solution is

publicly available online.9 For more details of this solution
see Appendix G in the supplementary material.

V. DISCUSSION
A central aim of the competition was to design a problem in
which both forecasting and optimization are important tasks
to perform well. By establishing a well-defined, reproducible
problem within a realistic setting, we hope to encourage
further methodological developments and comparative eval-
uations in this domain. While this objective has been met
to a significant extent—evidenced by the fact that all but
one shortlisted participant employed competitive forecasting
methodologies (with a Mean Absolute Scaled Error (MASE)
below 1)—the challenge of tightly integrating forecasting
and optimization in real-world decision-making remains
complex. The competition successfully demonstrated that
neither component can be treated in isolation; however,
the nuanced interplay between probabilistic forecasting and
optimization-based decision-making still requires deeper
exploration.

To the best of our knowledge, the number of time series
used in this competition was larger than in any similar
undertaking before. However, it remains relatively small,
making it difficult to draw highly fine-grained conclusions.
Some models incorporated robustness by accounting for
worst-case scenarios, but given the limited number of time
series and the short testing period, it is unclear whether
these strategies provided a tangible advantage. Robustness
effects are typically more evident over longer time horizons
or across a broader range of scenarios. Furthermore, no prior
study has attempted a problem of this scale, even for a
single location, due to the inherent complexity involved.
Beyond battery scheduling, the competition also included a
non-trivial lecture scheduling component, adding layers of
constraints and interdependencies that significantly increase
the problem’s difficulty. The decision to model and solve this
problem within a single university campus is grounded in
practical relevance—universities and institutions frequently
operate microgrids with centralized control, making them
ideal testbeds for Predict+Optimize methods. Moreover,
extending the problem to multiple universities would not
be meaningful, as each institution has distinct operational
constraints and priorities. Rather than attempting to gen-
eralize across diverse energy systems prematurely, this
benchmark establishes an open-source reference for state-
of-the-art methods in both forecasting and optimization.
By providing a well-defined and reproducible problem,
we aim to foster further advancements in decision-focused
learning and Predict+Optimize paradigms, encouraging
deeper exploration of the interplay between forecasting and
optimization in real-world applications.

The results of this competition highlight several important
aspects of the Predict+Optimize problem in renewable
energy scheduling. All participants but the 1st and 7th place

9https://git.persee.mines-paristech.fr/akylas.stratigakos/ ieee-cis-ppo
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solutions fed a single forecast into the optimizer, and thus
did not consider forecast uncertainty. The winning team
employed stochastic optimization to minimize the expected
cost over a number of forecast scenarios. The 7th team
used a robust fix-and-optimize heuristic approach. While the
method succeeded in minimizing the worst case expected
cost, the overall forecasting performance was not as good
as the other participants, which may have had an effect
on the optimization results. The competition results suggest
that inclusion of mitigating strategies for integration of
uncertainty quantification alone may not be sufficient to
improve overall performance without a strong foundation in
forecasting quality. The advantages of integrating probabilis-
tic information have also been validated in related studies,
such as the proceeds of the Citylearn Challenge 2022 [9],
where the winning team also used a stochastic optimization
approach to minimize the expected cost over a set of forecast
scenarios. The stochastic methods allow the optimization
to hedge against forecast errors by considering multiple
scenarios, and thus provide a way to improve the robustness
of the solution. Given the recognition to the potential gains
from the use of stochastic optimization, it is important to note
that complexity and computational cost of stochastic methods
can be significant, making them less feasible for real-time
applications without access to high-performance computing
resources.

It is also worth noting that forecasting techniques used
in the competition among top-performers were mainly data-
driven models, particularly tree-based models. Most of the
teams used a point forecast, and only two participants,
ranked 1st and 7th, incorporated some form of uncertainty
quantification in their forecasts. Both teams used a stochastic
optimization approach over a set of scenarios to minimize
the expected cost. First-place winners (MA&RE) used an
ensemble of LightGBM models with different granularity
for weather features, while the other team (AS) used a
robust optimization to minimize the worst-case expected
cost, within the set of scenarios generated with a quantile
regression forest model based on the predictive density of
a building with the highest share of the total consumption.
The rest of the participants used a single forecast generated
with gradient boosting machines, random forests, classical
time series models (ARIMA), and neural networks (ResNet).
The competition results suggest that the tree-based models
were the most effective in forecasting the energy demand and
PV production. We observe that deep learning models, such
as ResNet, did not show a significant advantage over tree-
based models in this competition, and no transfer learning or
pre-trained models were used. We further note that the per-
formance of transformer models in time series applications
is a subject of ongoing debate in the forecasting community,
as many proposals in this space have seriously flawed and
narrow evaluations [60], [61]. Participants not using such
methods can be seen as an indication that these methods
were not practical for our particular use case. Similarly,
regarding traditional time series models, such as ETS or

ARIMA, we hypothesize that participants found them to be
not competitive. Our use case involves several time series
with an opportunity to build a single model across all series,
the problem has external regressors, a multistep horizon in
high resolution, and multiple seasonalities. Many traditional
methods struggle with some of these characteristics, for
example ETS and ARIMA only address single seasonalities
of relatively short seasonal periods.

There are discrepancies in the rankings of the methods
between forecasting and cost. While the MASE is a standard
measure to evaluate forecasts, the choice of this measure
had certain implications for the competition: The MASE
weighs all series equally, while in terms of cost most
cost was concentrated in one time series (Building 3).
Thus, for best performance across both tasks, participants
could have produced one forecast that they used in the
optimization, and another forecast to submit as their forecast.
This illustrates the challenges in the Predict+Optimize space.
Other error measures than the MASE would have likely
led to different forecasting methodologies, but presumably
to similar overall outcomes in terms of energy cost. The
competition results showed a weak correlation between
overall forecast accuracy as evaluated in the competition,
and optimization cost. Using a scaled measure like MAE,
and/or focusing on the time series with the largest values,
shows a higher correlation. Also, the participants did not find
strong correlations during the competition and one participant
hypothesized that having a commercial solver such as Gurobi
and access to high-performance computing facilities were
more important factors. In contrast, the forecasting task could
be performed on a single computer in minutes. Another
participant noted that the validation data (Phase 1) included
an extremely large demand outlier, which affected the peak
demand and the respective peak tariff. In turn, this mitigated
the impact of the objective formulation (deterministic versus
robust). Further, examining the results on validation data
(Phase 1) showed that, at least for the large instances, the
peak demand tariff comprised the biggest part of total energy
cost. However, the magnitude of the load to be scheduled
during Phase 2 (relating to the respective activities), was
significantly smaller. If the problem instances are viewed as
data points from a problem distribution to be learned [62], this
could be considered as a shift in the underlying distribution.
Overall, the peak tariff became less important during Phase 2,
which somewhat obscured the impact of forecast accuracy in
total costs.

Thus, the competition results indicate that increased
predictive accuracy does not directly and not always translate
into improved optimization performance, and depends,
among other things, on the forecast error measure used.

In a follow-up work, Abolghasemi and Bean [63] further
explored the relationship between forecasting accuracy and
optimization costs. The study generated several scenarios,
including consistent overforecast and underforecast scenarios
(perturbed), and computed their corresponding costs. The
results showed a Pearson correlation of 0.81 when using
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synthetic over-forecast and under-forecast scenarios, and
0.9 for the competition participants’ forecasts. This indicates
a strong association between forecast accuracy and optimiza-
tion costs. However, the study also found that this correlation
is asymmetric, meaning the impact of overforecasting and
underforecasting is not the same. Additionally, it suggests
that any given forecast accuracy metric may not be the most
appropriate metric to minimize complex optimization costs.

The generalizability of these findings to broader contexts,
such as other microgrid systems, is promising. Most of the
proposed methodologies and insights from the competition
apply to a broader class of resource-constrained scheduling
problems. Potential applications extend beyond energy sys-
tems to any domain requiring integrated forecasting and opti-
mization, such as supply chain management, transportation
planning, and financial portfolio optimization. As indicated
by top-performing solutions, MIP optimization paired with
tree-based forecasting algorithms shows superior perfor-
mance. When formulation and linearization of the constraints
are challenging, heuristic-based evolutionary algorithms
become a viable alternative. While Model Predictive Control
methods are not directly applicable to the problem since they
require a model of the system dynamics instead of a fixed-
time horizon, competition results reinforce the idea that linear
programming and mixed-integer programming are effective
tools for solving scheduling problems in renewable energy
systems.

The competition results revealed that none of the
top-performing teams used reinforcement learning (RL)
for scheduling optimization, despite its success in solving
complex and dynamic problems in energy systems. While
RL has demonstrated potential in various applications,
it did not provide a competitive advantage in this setting,
aligning with findings from similar challenges such as the
CityLearn Challenges in 2022 and 2023 [9], [64], where the
winning solutions ultimately relied on classical optimization
and heuristic methods rather than RL, known to be more
data-intensive [65]. We hypothize, that a key limitation
of RL in this competition was the absence of a dynamic
simulation environment for extensive training on real-world
data, which is crucial for developing effective RL policies.
Given the constrained problem setup and limited dataset,
RL approaches likely fail to learn robust policies that could
generalize effectively beyond their training scope. These
challenges underscore the practical difficulties of applying
RL in Predict+Optimize problems, particularly when data
availability is restricted and optimization constraints are
highly specific. The results suggest that, in such cases, well-
designed classical optimization techniques and heuristics
remain more effective and reliable than RL-based solutions.

The competition results also highlight that significant
performance gains come from data cleaning. In general, most
of the forecasting solutions involved extensive manual data
cleaning, such as outlier identification and removal, which
may be indicative of problems one would face in such a
challenge in the real world, where data quality issues are

common. However, this makes them less transferrable to an
automated real-world production system. The practical impli-
cations for real-time microgrid operations and scalability are
significant. The competition results suggest that integrating
forecasting and optimization can lead to substantial cost
savings and more efficient energy management. Compared
to other studies, this competition stands out in its focus on
the integration of forecasting and optimization in a real-
world renewable energy scheduling problem. While previous
studies have explored similar problems, this competition
explores the possibility for demand response via timetable
optimization. The open-sourced data and problem setting
establish a benchmark for future research using a real-world
dataset.

VI. CONCLUSION
This work has presented the results of the ‘‘IEEE-CIS
Technical Challenge on Predict+Optimize for Renewable
Energy Scheduling,’’ which was held to establish a bench-
mark dataset/problem, together with the state of the art in
terms of performance on it, in a highly relevant research
space that is currently lacking such a standard test bed.
Out of 49 participants, the 7 shortlisted solutions have been
presented here. Most top solutions converged to similar
methodologies, namely tree-based forecasting models and
MIP optimization, with some notable exceptions (one team
used an evolutionary algorithm, another one a simple
heuristic for optimization, others used different forecasting
methodologies). The key contributions and findings of this
study are summarized as follows:

• Established a benchmark dataset/problem and evaluated
the state of the art in the Predict+Optimize space for
renewable energy scheduling.

• Demonstrated that tree-based forecasting models and
MIP optimization are effective methodologies for this
problem.

• Highlighted the importance of considering forecast
uncertainty in optimization, as evidenced by the winning
team’s use of stochastic optimization.

• Identified the challenges ofmanual data cleaning and the
need for automated solutions in real-world applications.

• Showed that increased predictive accuracy does not nec-
essarily translate to improved optimization performance,
also depending on the forecast error measure used.

• Suggested that future research should focus on devel-
oping better error measures, training models to directly
minimize downstream optimization costs, and exploring
other strategies in the Predict+Optimize space.

Quantitative results from the competition showed that the
winning solution achieved a significant reduction in energy
costs compared to deterministic approaches. Specifically, the
1st place solution achieved at least 2% reduction in energy
costs compared to deterministic approaches. Furthermore,
the competition results highlight the potential misalignment
between forecast accuracy and downstream optimization
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performance, demonstrating that the most accurate point
forecast does not necessarily guarantee the best performance
in downstream optimization.

Limitations of this study include the relatively small
number of time series and the short testing period, which
may not fully capture the complexities of real-world energy
systems. Future research should explore the scalability of
these methods to larger and more complex systems. Further-
more, developingmulti-objective optimization frameworks to
balance cost minimization with other objectives, such as grid
stability, battery health, or carbon footprint reduction, could
provide more holistic and sustainable solutions. Although
the computational costs are often infeasible for large-
scale problems, integrated gradient-based and gradient-free
methods are promising directions for further development.
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