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A B S T R A C T

EmuCast is a lightweight tool for generating synthetic time-series forecasts with tuneable error levels. It is 
intended for researchers and engineers to test predictive control strategies without needing forecasting expertise. 
It uses Markov Chain Monte Carlo (MCMC) and a reshaping process to create realistic hourly to sub-hourly 
forecasts. It is simple with only two main parameters, and do not require any calibration to adapt to any type 
of data (e.g. electricity demand and generation). It is fast and realistic with errors naturally increasing along the 
horizon. The package includes examples and datasets for predictive management in the energy sector.

Metadata

Nr Code metadata description Metadata
C1 Current code version v1.1
C2 Permanent link to code/repository used for 

this code version
https://github.com/RemyRig 
o/EmuCast

C3 Permanent link to reproducible capsule N.A.
C4 Legal code license MIT License
C5 Code versioning system used git
C6 Software code languages, tools and services 

used
Python, Jupyter Notebook

C7 Compilation requirements, operating 
environments and dependencies

Python ≥ 3.8 
pandas≥2.2.3 
numpy≥2.2.1 
matplotlib≥3.10.0 
seaborn≥0.13.2 
setuptools≥72.1.0 
tqdm≥4.66.5 
openpyxl≥3.1.5

C8 If available, link to developer 
documentation/manual

N.A.

C9 Support email for questions remy.rigo-mariani@grenoble- 
inp.fr

1. Motivation and significance

Model Predictive Control (MPC) is an engineering research field in 

which systems are controlled using two-step approaches. In typical 
implementations, the first stage involves predicting the relevant envi
ronmental information for the application in question. In the second 
stage, the actual system setpoints are computed along the control hori
zon, either as an optimisation problem or using heuristic methods [1]. 
The decision-making process then considers the predictions from the 
first stage, along with the system's model equations and potential con
straints, to compute the command with given control objective. For 
example, in power systems, operational planning occurs at various 
timescales, from several minutes to several days ahead, and requires 
diverse time series forecasts, such as electricity consumption profiles, 
energy prices and weather data, to predict renewable generation [2]. At 
the wholesale electricity market level, a typical MPC application is the 
'Day-Ahead' market, in which power generation units and prices are 
optimised based on predicted consumption profiles for the following 
day. Clearly, the performance of any MPC strategy is significantly 
impacted by the accuracy of the forecasts [3].

In the energy sector, as an example, the literature on forecast tech
niques is obviously very vast to predict electricity consumption [4], 
heat/cooling demand [5], or renewable generation [6]. The techniques 
employed range from auto regression methods to advanced machine 
learning approaches and/ or specific equipment and knowledge such as 
real-time cloud cover estimation and fish-eye camera observations to 
forecast the solar radiation [7]. Such approaches generally require 
extensive hyperparameter tuning, are limited to specific classes of time 
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series, and, most importantly, are rarely released as open-source 
implementations. Some open tools are available, such as Electric Gen
eration Forecasting (EGF)1 and OpenSTEF.2 However, similar to the 
aforementioned studies, these tools lack versatility, as they target a 
narrow range of applications (e.g., energy consumption or generation 
only).

For control engineers, this lack of versatility would implies relying 
on multiple specialized tools that may demand extensive calibration, 
before actually starting to develop and evaluate predictive control 
strategies. Consequently, during the development phase of MPC, and in 
the absence of historical forecast data [7], researchers and engineers 
often implement simple prediction methods without exogeneous data to 
provide input profiles for the decision-making stage. The most basic 
approaches involve generating pseudo-forecasts by adding random 
noise to historical data [8,9], or employing “backcasting” techniques (e. 
g. using day D data as an emulated forecast for day D + 1) [10]. Sta
tistical methods, such as the Auto Regressive Integrated Moving Average 
and Geometric Brownian Motion, are also implemented [10,11] along
side machine learning techniques specifically designed for time-series 
analysis, including Recurrent [12] and/or Convolutional [13] Neural 
Networks. However, those still lack of versatility and require 

hyperparameter tuning. Finally, most forecasting methods are designed 
to maximize accuracy. In practice, however, controller performance can 
be highly sensitive to forecast quality, which cannot be known a priori. 
EmuCast instead proposes tunable forecast emulation, enabling a more 
rigorous and systematic assessment of predictive control strategies 
under controlled uncertainty levels.

To address the aforementioned challenges, the EmuCast package 
proposed in this paper then provides a lightweight and flexible solution 
for emulating time-series forecasts with tunable error levels.

2. Software description

2.1. Software architecture

For simplicity purposes, the package is built around a single class 
ForecastEmulator plus few utilities functions. The use of the class fol
lows the EmuCast package primarily relies on Markov Chain Monte 
Carlo (MCMC) sampling, a method commonly used for profile gen
eration—such as wind generation in [14] or electrical consumption of 
vehicles in [15]. The method is actually well established in the forecast 
literature, including in the energy sector for load forecasting [16], 
generation forecasting [17], and electric vehicle charging demand 
forecasting [18]. However, similar to the approaches discussed in the 
introduction, these studies do not provide open-source implementations 
nor mechanisms to explicitly tune forecast accuracy. 

Fig. 1. MCMC sampling - a) state transitions probabilities - b) profile generation by random walk.

Fig. 2. ForecasEmulator.__init__.

Fig. 3. ForecasEmulator.forecast.

1 https://github.com/Helmholtz-AI-Energy/electric-generation-forecasting
2 https://github.com/OpenSTEF/openstef
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■ Fundamentals of Markov Chain Monte Carlo

The process can be broadly divided into two main steps. First, 
quantifying the transition matrix. Based on historical data, the daily 
values of a given time series at different time steps are classified into K 
discrete states, xk

t denoting the value of the kth state at time t within a 
day. The transition probabilities from any state k at a given time step to 
any other state at the next time step are then estimated (Fig. 1a). This 
produces a series of K × K transition matrices for each time step in the 
daily sequence. Second, generating profiles. M profiles are iteratively 
generated using a random walk [19] guided by the previously estimated 
transition probabilities, starting from a known initial state and pro
gressing over a defined horizon (i.e., n successive time steps) (Fig. 1b).

Once the transition matrix is built it is possible to generate a profile 
by random walk from any given datetime t and known start value xk

t 
with successive transitions along a time horizon T. In typical MCMC 
process M profiles ỹm

t can then be generated. 

■ Profile Selection and Morphing

Remind that in the proposed procedure the objective is not to 
accurately predict a given time series profile yt. Instead the idea is to 
generate a time series profile that displays a given target error value e* 
with this actual profile yt (which is known in simulation/development 
phase for control engineers). Thus, once M profiles ỹm

t are generated 
their error with the actual value em can be computed using, for instance, 
the Normalized Root Mean Square Error (NRMSE) or Normalized Mean 
Absolute Error (NMAE) in %. After the profile generation, the “best” 
profile is selected as the one whose error is closest to a target error value 

e* (1). Finally, the selected profile is reshaped following (2) with a 
morphing coefficient α ∈ [ − 1, 1] applied along the time horizon and 
analytical functions so that its error precisely matches the targeted e* 
value. 

ỹt =

{

ỹm
t |argmin

m∈M
|em − e∗|

}

(1) 

ỹt←ỹt + α × (ỹt − yt)suchthat|em − e∗| = 0 (2) 

■ Class ForecastEmulator

For simplicity purposes, the package is built around a single class 
ForecastEmulator plus few utilities functions. The overall architecture 
follows the two steps previously describe with the initialization/training 
(i.e. compute the transition matrixes) and the actual forecast generation 
(profile generation, selection and morphing).

Initialization
The main input for the class initialization (Fig. 2) is the time series for 

which the adjustable forecast will be generated. A series of validation 
tests is performed to ensure that the input is a valid single-column time 
series with a pandas.DatetimeIndex, and that it contains a sufficient 
amount of data (at least one month is recommended). The time resolu
tion is then automatically inferred, after which the discrete states at each 
time step are defined. Finally, the transition matrices are computed and 
stored as the attribute ForecastEmulator.trans_matrices (similarly to 
Fig. 1a). At this stage, the two main parameters to be configured are the 
number of discrete states (K) and the number of profiles to generate in 
the MCMC process (M).

Fig. 4. Illustrative forecast profiles for different target error values.
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Forecast Generation
Once the emulator has been initialized, the generation, selection, and 

reshaping of profiles are all handled within a single method called 
ForecastEmulator.forecast (Fig. 3). The first input of this function is the 

datetime at which the forecast begins, which must fall within the range 
of the original time series used during initialization. The second input, 
duration_minutes, defines the forecast horizon, that is, the number of 
successive steps in the MCMC process. The final required input corre
sponds to the target error value (in %). Additional optional arguments 

allow the user to specify the error metric to be used, provide a custom 
reference profile yt (the original time series is used by default), or choose 
the selection method for determining the “best” profile before the 
reshaping step.

2.2. Software functionalities

■ Versatility across different typed of time series:

The EmuCast Consists in generating a forecast (pred) for a given 
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reference profile (ref) as illustrated below. Sample datasets for elec
tricity load, photovoltaic generation,3 and electricity prices4 are 
embedded within the package. Fig. 4 illustrate the forecasts generated 
for those different data and different values for target_error parameter 
when running the ForecastEmulator.forecast method. The generated 
profiles highlight the influence of the target error e*, showing greater 
deviations from the reference profile for higher values. The results also 
demonstrate the versatility of the proposed approach which does not 
require specific parameterization to handle different types of time series.

■ Different error metrics:

The package also offers the possibility to consider different error 
metrics among the most common; namely the Normalized Root Mean 
Square Error (‘nrmse’), the Normalized Mean Average Error (‘nrmse’) 
and the Error of Fir (‘eof’) that itself derives from the Goodness of Fit 
metric (or Chi-Square). This is done while setting the metric parameter 
when running the ForecastEmulator.forecast method (the default value 
is ‘nrmse’). Fig. 5 then illustrates the results obtaining when emulating 
the forecasts with different metrics and while targeting a prediction 
error of 20 %. 

■ Parameters tuning

Preliminary test is also performed to assess the impacts of the two 
main emulator parameters – the number of discrete state (K) and the 
number of profiles to generate in the MCMC process (M).

At first, Fig. 6a illustrates sample profiles generated for different 
values of K, compared to an original sample profile. As the number of 
discrete states increases, the profiles produced by the MCMC process 
become smoother. Using electrical load data as an example, the profiles 
generated for K = 5 or10 exhibit unrealistic abrupt variations. Fig. 6b 
displays the distribution of the errors’ values (NRMSE in %) with 
reference data and for different numbers of profiles generated in the 
MCMC process (i.e. step “error computation” in Fig. 6b). As the number 
of profiles M increases, the distribution of errors becomes more uniform 
and spans a wider range of values. This, in turn, increases the likelihood 
of obtaining a profile whose error value is close to the target error e* 
specified by the user. Increasing both K and M then tends to improve the 
performances of the emulator. Their impact on computational time is 
marginal, which is primarily determined by the number of time steps (i. 
e., the forecast horizon). As illustrated in Fig. 6c, the computational time 
tends to scale linearly with the length of the generated profile and re
mains under one second for emulating a 72-hour forecast at 15-minute 
resolution (i.e., 288-time steps), which would be equivalent to 12 days 
at 1 h resolution.

A method ForecastEmulator.parameters_tuning, has then been added 
to the core class in order to fine-tune two parameters (discrete state (K) 
and the number of profiles to generate in the MCMC process (M)) 
through successive tests. The number of discrete states is determined 
when the average difference between two consecutive time steps in the 
MCMM profiles converges toward the value computed from the refer
ence (training) dataset, based on the minimum mean error across 

random runs. The number of profiles is selected to maximize the spread 
of the error distribution obtained when generating profiles in the MCM 
process. The Fig. 7 presents the fitting results reported in the console 
during the tuning of nb_states (Fig. 7a) and nb_profiles (Fig. 7b). The 
selected values are determined using the elbow method, i.e., by identi
fying the point at which a break in performance improvement is 
observed.

3. Illustrative examples

Remind that the tool developed is intended for engineers and re
searchers in model predictive control (MPC) applications, at the design 
and test stage. Along with the core module and sample data, the package 
also includes two notebooks da_market.ipynb and ems_rolling. 
ipynb that illustrates practical uses of the forecast emulator in MPC 
applications in the power and energy sector. In both applications, the 
forecast emulator is executed within a temporal loop over the simulated 

Fig. 5. Illustrative forecast profiles for different error metrics.

3 https://www.kaggle.com/datasets/pythonafroz/electricity-demand-and- 
solar-generation-data-uk/data

4 https://newtransparency.entsoe.eu
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periods. More details on problem formulation can be found in the 
notebooks embedded in the package.

3.1. Generic example

The following pseudo-code illustrates the generic use of the package 
when developing a predictive control strategy. The generic problem 
consists in testing a control strategy along a time horizon from tstart, tend. 
The objective is to find the best controls of a system over time ut, given 
time series information related to the system environment xt and a 
performances metric function f(ut, xt). The predictive control is run on a 
rolling window basis with an update run every hour (tupdate) and a pre
diction along 24 h (T). Especially, the propose generic implementation 
allows to compare the control performances with forecasts (tuned with a 

given error value) against the best theoretical case where the controls 
would be computed with actual values (known at the development 
stage).

3.2. Storage participating in day-ahead market

The first application example concerns an energy storage system (e. 
g., a battery) participating in the Day-Ahead energy markets. The 
objective is to maximize the system’s revenue through energy price 
arbitrage — i.e., charging when prices are low and discharging when 
prices are high. In practical implementations, price forecasts are made 

on a daily basis (24 h long forecast at 1-hour resolution) to determine the 
next day’s operating schedule [10].

The performance of this strategy can be evaluated in terms of accu
racy (in %) by comparing the results obtained with prediction of 
different qualities to the ones computed in case of perfect forecasts. 
Results over ten independent monthly simulations for various target 
error levels, displays significant performances decrease when the fore
cast NRSME is greater than 20 % (Fig. 8).

3.3. Energy management strategy on a rolling window

The second application example refers to the operation of a small 
energy system consisting of a household equipped with photovoltaic 
(PV) panels and a battery storage unit. In such an application, a typical 

Energy Management Strategy (EMS) aims to optimize the battery 
operation to minimize energy exchanges with the grid — thereby 
reducing the electricity bill [20]. Practical deployment often relies on a 
“rolling window” EMS, in which predictions of electrical load and 
photovoltaic generation are successively updated over time. As in the 
previous example, battery operation is optimized over the entire forecast 
horizon (e.g., 24 h with 15-minute resolution here), but the predictions 
are refreshed at regular intervals (e.g., every 2 h, 4 hours, etc.). Fig. 9a 
illustrates the results obtained from a weekly simulation, with perfor
mance assessed in terms of precision relative to the case of perfect. Same 
as for the previous example, the results indicate that forecast quality 

Fig. 6. Impact of emulator settings – a) Sample profiles (original and from MCMC process) for different K values, b) Distribution of error values of the profiles 
generated for different M values, c) Computational time Vs forecast horizon for different emulator settings.
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(NRMSE in %) can significantly impact the precision. Also, more 
frequent prediction updates lead to higher precision. This is because 
frequent updates provide forecasts that are closer to the actual control 
time, improving decision accuracy. In typical rolling-window imple
mentations, only the control actions computed between two successive 
forecast updates are actually applied. Each time the MPC is run at a 
forecast update, the previously computed controls for the remainder of 
the 24-hour horizon are replaced by the new optimized schedule.

Beyond MPC performance, the results show that forecast accuracy is 
always higher at the early time steps of the prediction window. This 
indicates that the emulator behaves logically, with forecast error 
increasing along the prediction horizon. Fig. 9b illustrates this by 
reporting NRMSE values over different horizons (24 h, 8 h, and 4 h) for 
24-hour forecasts generated at various target error levels e* (NRMSE 
Target). The error at the early time steps (e.g., 2 h) is much lower. This 
behaviour stems from the package implementation: each forecast uses 
the actual value from the previous time step as the initial state of the 
random walk. Therefore, when NRMSE is computed over the full horizon 
(24 h), it naturally matches the defined target value.

4. Impact

The need for the EmuCast tool emerged within our research team 
while studying control applications for battery management [10], 
smart-home energy optimization [20] or electrical vehicle charging [21] 
where the lack of accessible historical forecast data repeatedly slowed 
down development. Each researcher had to design their own ad-hoc 
forecasting approximation—typically simple noise models or heuri
stics—which were difficult to reproduce, required manual calibration, 
and often failed to generalize across different types of time-series data. 
The objective of is not to produce highly accurate forecasts, but rather to 
generate realistic forecast profiles suitable for look-ahead control ap
plications. EmuCast was created to address this recurring bottleneck by 
providing a fast, consistent, and domain-agnostic way to emulate real
istic forecasts without requiring forecasting expertise. By offering an 
easy-to-use tool, the package can save significant time for control 

Fig. 7. Console screenshot for the ForecastEMulator.paramters_tuning() method– a) selection of nb_states value - b) selection of nb_profiles value.

Fig. 8. MPC precision Vs forecast quality for a storage in Day-Ahead market.

Fig. 9. Rolling window EMS results - a). MPC precision Vs forecast quality for different update periods – b) NRMSE computed Vs target value for 24 h long forecast.
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engineers and researchers, enabling them to focus on algorithm design 
rather than inventing custom forecast generators. EmuCast is now 
shared within the laboratory and among our direct research network, 
responding to a broader national need within the power and energy 
systems community.

5. Conclusions

The package introduced in this paper is a tool for the emulation of 
time series forecasts. It relies on a Markov Chain Monte Carlo (MCMC) 
process to generate profiles corresponding to given target error values. 
The tool requires minimal parametrization, with only two main settings 
(number of discrete states K and number of generated profiles M) and 
recommended default values based on preliminary tests. Most impor
tantly, it is simple, fast as – it generates a three-day forecast at 15-minute 
resolution (≈300 steps) in under one second. It is versatile, no specific 
calibration is needed to handle different types of time series, such as 
electrical load, photovoltaic generation, or energy prices — all of which 
are included as examples. Designed for look-ahead and near real-time 
control applications, the package targets time series with daily varia
tions at hourly to sub-hourly resolution. It is not intended for long-term 
forecasts at coarse resolution, e.g., yearly load growth. The tool exhibits 
realistic behaviour, with forecast error increasing implicitly along the 
prediction horizon. It is primarily intended for researchers and engineers 
working on Model Predictive Control (MPC) applications at the design 
stage. Two application examples are included in the package to illustrate 
its use and highlight the impact of forecast quality on control perfor
mance. From a research and development perspective, the package shall 
be used to assess and improve the robustness of proposed control 
solutions.
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