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Abstract- The Markov Chain Monte Carlo (MCMC) method is 

widely used for generation of synthetic wind power and wind speed 

time series, but its application for time resolutions of less than an 

hour often fails to replicate the autocorrelation (ACF) and 

probability density (PDF) functions of the original time series. This 

paper presents SynTiSe, an application software that allows fitting 

discrete-time, mUlti-regime MCMC models with percentile-based 

state space discretization. To illustrate its capabilities we use 

SynTiSe with a wind power dataset from ERCOT, and measure the 

quality of its simulations by comparing the ACF, the PDF, and the 

ramp characteristics of the input time series with those of the 

synthetic series. Results show that the 2nd order or higher multi

regime models with a percentile-based discretization of the state

space fitted by SynTiSe are a good alternative for the generation of 

synthetic time series of high resolution wind power data. These 

models improve the fit of the ACF, and greatly improve the 

representation of diurnal and seasonal patterns, while maintaining or 

slightly improving the fit of the PDF and ramp distribution. An 

executable package of SynTiSe for Windows platforms is publicly 

available. 

Keywords-Time series generation; Markov Chain Monte Carlo 

(MCMC); multi regime; wind power simulation; wind speed; ramp 

characteristics. 

I. INTRODUCTION 

Increased wind power penetration levels, while leading to definite 
environmental benefits, pose significant challenges to power 
system operations due to wind's uncertain and variable nature. 
Effective planning and scheduling of operations of the electrical 
grid require projections of wind speed and wind power that enable 
simulation and analysis of system operations over different time 
scales and planning horizons. Unfortunately, most open
access/public-domain records for wind speed and wind power are 
too short to be used for meaningful analysis of the effect of wind 
power stochasticity on power system operation [1, 2] and hence, 
analysts and researchers must resort to the use of synthetic time 
series generated by a number of methods that differ in their 
computational complexity and their ability to replicate the key 
attributes of the original time series. Most approaches for synthetic 
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generation of wind speed and wind power data are based on 
applications or modifications of two models: Markov Chain Monte 
Carlo (MCMC) models [1][3-11] and Auto Regressive (AR) [12-
14]. 

Discrete Time Markov Chains of up to order 3 are used to generate 
wind data in [1][3-6].This method successfully replicates the PDF 
of the original time series, but it fails to preserve the diurnal and 
seasonal periodicity and the ACF observed in the original time 
series. These results are representative of two main shortcomings 
of MCMC discussed by [2]: for finer time resolutions (in the order 
of minutes) the simulated dataset lacks the persistence of the 
original time series, and daily trends cannot be accurately captured. 
Both these drawbacks can be attributed to the Markov property and 
can be tackled with higher order models. However, because of 
computational tractability and data limitations, it may not be 
practical or possible to develop a Markov Chain of high enough 
order to capture the diurnal and seasonal pattern of input time 
series with time resolutions of less than one hour. 

To overcome these weaknesses, a number of modifications to the 
conventional MCMC model have been proposed. A mUlti-regime 
approach, i.e. fitting separate Markov chains to subsets of data with 
similar seasonal patterns have been found to better replicate the 
PDF. When applied to time series with high persistence, a multi
regime approach also improves the ACF (autocorrelation function) 
correspondence [7, 8]. However, this method is unsuitable for input 
datasets with high variability where transitions to non-adjacent 
states are common. 

In [9] Markov Chains of up to 10th order are used for wind speed 
and wind direction data. To improve the computational tractability, 
Mixture Transition Distribution models are used to approximate 
each element of the state transition matrix of the higher order 
Markov chain by a weighted sum of a sequence of first order 
transition probabilities to reach from initial to final state of the 
higher order Markov Chain. However, even 10th order Markov 
chains are insufficient to capture seasonality or diurnal patterns of 
the original data. 



Semi-Markov discrete time processes [10, 11] have been found to 
improve the overall ACF of the wind speed simulations but it is 
unclear whether they can preserve diurnal and seasonal patterns. 

Auto-Regressive (AR) models on the other hand, result in almost 
perfect replication of ACF but perform poorly in terms of PDF 
replication [12-14]. Multi-regime AR models (i.e. using a separate 
AR model for each subset of the time series classified according to 
seasonal and diurnal patterns) have been found to improve the 
replication of seasonal and diurnal patterns in [14] (however a 
comparison of the PDFs has not been presented). 

Alternate techniques for wind data simulations include the use of 
wavelet decomposition [15], modified Mycielsky algorithm [16] 
and the use of optimization frameworks for estimating the state 
transition probabilities for higher order Markov chains [17]. In 
[15], Haar wavelets are used to decompose the input signal in order 
to simulate hourly wind speeds and to achieve performance similar 
to that of MCMC (with Markov Chains of order 2) and AR (2) 
models. [16] proposed a modified version of the Mycielsky 
algorithm which generates a synthetic time series that is either a 
random perturbation or random cluster of parts of the original time 
series generated such that the ACF and the PDF remain consistent 
with the original dataset. Performance was found to be better than 
traditional MCMC with a first order Markov chain but the model is 
more computationally intensive. [17] used an optimization 
framework to estimate a Markov chain transition matrix such that it 
approximates not only the fust order transition matrix but also 
higher order transition matrices. However, no comparisons are 
made regarding quality of the ACF and PDF replication. 

Given that PDF replication is a very important attribute for the 
kind of power systems and policy analyses that SynTiSe will 
enable, the tool is based on an MCMC model rather than an AR 
model. SynTiSe makes the following contributions to the existing 
body of literature on wind data simulations: (a) it reports its 
performance in terms of its capacity to replicate the ramp 
characteristics of the input time series-an increasingly important 
factor for power system planning and operation, and a metric that, 
to the best of our knowledge, has not been previously used to 
evaluate performance of MCMC models (b) it fits mUltiple MCMC 
models to better account for diurnal and seasonal trends, (c) it 
discretizes the state space for the MC using a percentile-based 
approach, and (d) it finds the optimal model specifications (i.e. 
MCMC model order and number of states). The tool is available at 
sites.nicholas.duke.edu/dal iapatinoecheverri/files/20 15/SynTiSe F 
older.gz for download. 

II. METHODS 

A. Using multiple regimes 

Rather than attempting to fit one MCMC model to the entire data, 
SynTiSe takes a multi-regime approach similar to [14] and fits 
multiple discrete-time, multi-order MCMC models to subsets of 
data corresponding to diurnal and seasonal trends known to affect 
the demand and conventional supply in power systems. The 
synthetic times series is generated as a time dependant Markov 
chain where the different regime dictates the scheduling of the 
different Markov chain transition tables. The current version of 
SynTiSe allows users to specify the regimes that will be 
represented. Users can define up to four seasonal patterns (i.e., 

winter, spring, summer and fall) with weekly resolution, and four 
daily patterns (morning, afternoon, evening, and night) with 
hourly resolution, for up to 16 different regimes. Users can also 
assess the goodness of fit of each model for each regime, to 
identify models that are a good fit for critical periods for the 
reliable operation of the system (e.g. summer afternoons in 
systems with high cooling loads). For each regime we calculate a 
separate set of states and estimate the corresponding transitions 
probability matrix. The continuous space of wind speed/power 
values are mapped into discrete states (i.e. state-range vectors) by 
using a percentile-based method (explained in the next section) 
that to the best of our knowledge has not been implemented in 
previous wind speed/power simulation models. The number of 
states in the Markov Chain in each regime is predetermined by the 
user and assumed to be the same for all 16 regimes, but in future 
versions this parameter can be easily modified to allow different 
state spaces per regime,. 
In order to avoid the introduction of artificial discontinuities 
SynTiSe simulates the time series on a day-to-day basis, alternates 
the Markov chains from each regime and takes the last state 
simulated under one regime as the initial state of the subsequent 
regime. For the single regime MCMC model, the complexity of 
the simulation increases with the order and number of states. The 
transition probability matrices are efficiently calculated from look
up tables that are pre-calculated for each combination of order and 
number of states. Due to this, the algorithm has a linear 
complexity on the number of time intervals in the input dataset. 
Nevertheless the complexity is absorbed in space; for an nth order 
MCMC model with m states the look up tables assume a size of 
m" accounting for all possible combinations of transitions from 
state to state. For example for a 5th order model with 20 states the 
number of all possible transitions is 3.2 million. Considering this 
and the fact that the benefits from increasing the order of the 
model as well as the number of states is substantially reduced after 
the 5th order (less than 2% improvement in RMSE values) the 
model has been designed to allow Markov chains of up to 5th order 
with up to 20 states. Due to its efficient design and 
implementation, SynTiSe generates years of wind data in a matter 
of seconds (10 seconds/year of simulated time series in a 16 core, 
Intel Xeon @ 2.67GHz). 

B. Percentile-based state-space discretization 

Most MCMC applications divide the state space in intervals of 
identical length, typically equal to the standard deviation of the 
observations input data. For example, in [1] the state space of 
wind speeds is divided into 35 intervals Im/s of length (i.e. the 
fust state corresponds to speeds from 0-1 mis, the second state 
corresponds to speeds of 1-2m/s and so on). SynTiSe, in addition 
to this approach, also allows for a modified discretization of the 
continuous state space based on the observed probability density 
function. Taking as an input the desired number of states, SynTiSe 
divides the data range by percentiles. So for example, for 20 
states, each corresponding state-range is chosen so that its 
frequency of occurrence in the original data is 5%. 

C. Metrics of model performance 

We assess the performance of a model by evaluating the quality of 
replication of three features of the original time series: 1) the 



autocorrelation function, 2) the probability density function, and 
3) the ramp distribution function. We say that a ramp event has 
occurred if the change in wind power output from one time period 
to the next exceeds a threshold. SynTiSe allows users to specify 
such threshold and reports the number of ramp events and the 
distribution of their magnitude. In this paper we use a threshold 
value of zero, so the ramp distribution is in fact the distribution of 
changes in wind power output during two consecutive time 
periods. The quality of replication of the three features is assessed 
by estimating the Root Mean Square Error (RMSE) between the 
original and simulated time series, both for the entire time series 
and within the time periods that constitute the different regimes. 
One hundred simulations and corresponding RMSE values for the 
ACF, PDF and ramp distribution were obtained for each of the 
models explored in this paper. In the results presented below, we 
report the average RMSE for the 100 simulations, or the 
difference between average RMSEs of two types of models. 

III. RESULTS 

We took as input 2 years of I-minute wind power production data 
from the Electric Reliability Council of Texas (ERCOT) region 
[18], and used SynTiSe to create a synthetic time series of the 
same resolution for one year. 

A. Effect of increased order and number of states on single 

regime models 

SynTiSe allows users to explore the effect that the Markov chain 
order and number of states has on the ACF and PDF performance 
metrics. From Figures 1-3 it is clear that models of 2nd order or 
higher do improve the ACF fit, but not the PDF or ramp-function 
fit. Also, there seems to be no advantage in the PDF or ramp fit 
when the number of states exceeds 12. In fact the ACF fit 
worsens, suggesting that the most parsimonious single-regime 
model to fit the ERCOT data has 2nd order and 12 states. 
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Figure 1, RMSE of the ACF curves (i.e. RMS differences between 
ACF of original time series and the simulated times series) for 
MCMC models of 1 st, 2nd, 3rd, 4th and 5th order, and number of 

states varying between 4 and 20. 
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Figure 2, RMSE of the PDF (i.e. RMS differences between PDF 
of original time series and the simulated times series) for MCMC 

models of 1 st, 2nd, 3rd, 4th and 5th order, and number of states 
varying between 4 and 20). 
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Figure 3, RMSE of the Ramp Distribution curves (i.e. RMS 
differences between Ramp distributions of original time series and 

the simulated times series) for MCMC models of 1 st 2nd 3rd 4th 
h 

' , , 
and 51 order, and number of states varying between 4 and 20. 

B. Comparison between single regime model and multiple 

regime with conventional state space discretization. 

We defined 16 different regimes corresponding to 4 seasons and 4 
times of day. The months of December, January and February 
were assigned to the winter regime, March, April and May to the 
spring regime, June, July and August to the summer regime and 
September, October and November to the fall regime. The 
morning, afternoon, evening and night regimes were taken as 
starting at 6am, 12pm, 6pm, and 12am respectively. For models 
with conventional state-space discretization, Figure 4 shows that 
the specification of multiple regimes does improve the fit of the 
12-hour lagged ACF as measured by the RMSE for models with 
10 states or more and 2nd order or higher. Also, once multiple 
regimes are included, higher order models produce significantly 
better results than 1 sl order models, and in general increasing the 
order tends to improve results. For example, for 16 states, a 5th 
order model results in � 15% improvement in the RMSE for the 
ACF. 
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Figure 4 RMSE differences between ACFs of single regime 
MCMC and multiple regimes MCMC with uniform-length state

space discretization, ACF with lag of 12 hours. 

Figure 5 shows that mUlti-regime models improve the PDF fit 
when the number of states is low (by up to 4%), and slightly 
deteriorate it (by � 1 %) for models with 10 or more states. 
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Figure 5, RMSE differences of the PDF curve between single 
regime MCMC and mUlti-regime MCMC with uniform-length 

state-space discretization. 

Figure 6 shows that there are small changes in the replication of 
the ramp characteristics when using a multi-regime approach. 
First order multi-regime models with any number of states more 
accurately replicate the ramp distribution than single regime 
models, reaching up to 10% improvement for models with 20 
states. For models of 2nd order or higher and 14 or more states 
there is a modest improvement of 2%- 4% in the RMSE of the 
ramp distribution. 

,;).02 4 10 12 14 

Number of stales 

16 16 20 

Figure 6, RMSE differences of the ramp characteristics between 
the simulated output and the original for 1 st, 2nd, 3rd, 4 th and 5 th 

order MCMC with increasing number of states. 

In conclusion, mUlti-regime models match the ACF significantly 
better than single regime models while preserving the level of 
replication of PDF and ramp distribution. 

C. Comparison of single regime and multi-regime models within 

regimes . 

The RMSE values for the entire time series do not necessarily 
provide accurate information about the performance of the model 
within the regimes of interest. Consider for example a multi
regime model of 5 th order with 16 states, which according to 
Figures 4-6, improves the RMSE of the ACF and ramp 
distribution by 14% and 2%, and worsens the RMSE of the PDF 
by � 0.5%. As seen in the color-map presented in Figure 7 the 
multi-regime model outperforms the single regime model in 
reproducing the high values observed during the summer months, 
despite having a slightly lower RMSE for the PDF. 

Figure 7 Color map of the original time series (top figure), the 
single regime MCMC simulated time series (middle figure) and 

the multiple regimes MCMC simulated time series for a 5 th order 
model with 16 states (bottom figure). 

Even though the multi-regime model is not better (and perhaps 
slightly worse) than the single regime model according to the 
PDF's RMSE for the entire time series, it is in fact remarkably 
better for some regimes. Figure 8 shows that the PDF fit for 
regimes # 8-11 corresponding to the four daily periods in the 
summer season improved by more than 8% for models of 2nd or 
higher order. 
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Figure 8 RMSE differences for PDF curves between single regime 
MCMC versus mUltiple regime MCMC with uniform-length state

space discretization for each regime. 

D. Comparison between conventional and percentile-based 

state-space discretization/or single regime models. 

Figure 9 shows the differences in RMSE for the ACF between the 
models with a conventional state-space discretization and our 
proposed percentile-based discretization. 
In most cases the percentile-based state-space discretization 
method provides an improvement of the ACF fit. 
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Figure 9 RMSE differences of the autocorrelation curve between 
the simulated output and the original for 1 st, 2nd, 3rd, 4th and 5th 

order MCMC with 4-20 states. 

Figure 10 shows that for lO or more states the fit of the PDF 
slightly deteriorates (less than 0.5%) with the percentile-based 
state-space discretization. For less than 10 states, the PDF based 
state space discretization outperforms the uniform-length 
discretization method. 
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Figure lO RMSE differences of the PDF curve between the 
simulated output and the original for 1 s\ 2nd, 3rd, 4th and 5th order 

MCMC with increasing number of states. 
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Figure II RMSE differences of the ramp characteristics between 
the simulated output and the original for 1 st, 2nd, 3rd, 4th and 5th 

order MCMC with increasing number of states. 

E. Comparison between simgle-regime uniform-length state

space discretization and multi-regime with percentile-based 

state-space discretization. 

Figures 12-14 show the differences in RMSE between the 
conventional model (i.e. single-regime with uniform-length state
space discretization) and the SynTiSe proposed models (i.e. multi
regime with percentile-based discretization) for the ACF, PDF for 
all MCMC orders from 1 through 5, and number of states varying 
between 4 and 20. Figure 12 suggests that all models that are of 
2nd order or higher more accurately replicate the ACF when they 
are multi-regime and have a percentile-based discretization 
method. Also, for this type of model, the higher the number of 
states, the better the ACF fit. For models with 20 states, the 
improvement in ACF is in the vicinity of 20%. However, 
increasing the number of states beyond 10-12 causes a slight 
deterioration in the PDF fit (up to 1% for 2nd order models). First 
order models also benefit from the multi-regime approach in terms 
of improving the ACF fit, but the number of states needs to be 12 
or more, and the deterioration in PDF fit can reach up to 3%. The 
proposed SynTiSe models improve the ramp distribution fit for all 
orders and number of states. For second order models the 
improvement is above 6%. 
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Figure 12 Autocorrelation curve RMSE differences between 
single regime MCMC with uniform-length state-space 

discretization and multiple regimes MCMC with percentile-based 
discretization for time lag of 12 hours. 
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Figure 13 RMSE PDF differences between single regime MCMC 
with uniform-length state-space discretization and multi-regime 

MCMC with percentile-based state discretization. 
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Figure 14 RMSE ramp differences between single regime MCMC 
with uniform-length state discretization and multi-regime MCMC 

with percentile-based state discretization. 

IV. DISCUSSION 

In this paper we have shown that multi-regime models with a 
percentile-based discretization of the state-space are a good 
alternative for the generation of synthetic time series of high 
resolution wind power data. These models improve the fit of the 
ACF, and greatly improve the representation of diurnal and 
seasonal patterns, while maintaining or slightly improving the fit 
of the PDF and ramp distribution. 

The results highlight the need for looking at the performance 
metrics within the time periods corresponding to the different 
regimes, when comparing different models. When applied to the 
entire simulation time series, the metrics of performance may 
suggest that there is none or only a smaIl difference between the 
single and multi-regime models, in terms of PDF fitting, when in 
fact, the differences for some regimes (like the summer season) 
may be significant. 

We have shown that besides the ACF and PDF fit, it is useful to 
look at the RMSE of the ramp distribution. 
For the data used in this paper there is an upper limit to the 
number of states in the Markov chain when the improvement in 
RMSE values (if any) does not justify the increased computational 
effort. 

The SynTiSe model, by allowing users the specification of multi
regime models with percentile-based state-discretization, and by 
reporting the PDF, ACF and ramp distribution fit for the entire 
time series and within regimes, can be a helpful tool identifying 
the most appropriate model for a given data set and intended use. 
Ongoing work to improve SynTiSe involves the incorporation of 
ARIMA models within the MCMC approach in order to further 
improve the replication of ACF and ramp distribution. 
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