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Abstract—Traditional time-series techniques produce forecasts
on future values based on the trend or seasonality of past values.
It is not easy for these techniques to consider the impact of other
exogenous and calendar-related variables. This paper uses the
electricity usage data from Harris SmartWorks to demonstrate
an approach to building and training machine learning models
to overcome this problem. It is shown that Machine learning
models produce accurate daily forecasts for hourly usage. The
performance of these models could be evaluated by one conven-
tional metric, and one explicitly built for articulating the model’s
forecasting accuracy for peak periods.

Index Terms—Electricity usage, Time series, Machine learning,
Deep learning applications, Big data.

I. INTRODUCTION

Harris SmartWorks develops and provides utility manage-
ment software and related information system services to var-
ious utility companies in North America and worldwide. The
software can record, store, and analyze data of regular utility
usage for each virtual and smart meter it manages. Accurate
short-term usage forecasts could be produced, allowing the
utility companies to manage load and plan for purchase from
the open market.

As the first phase in our research program with Harris,
we demonstrated how a machine learning model could be
developed to assess the impact of the pandemic on utility usage
by estimating the “baseline” usage from March 2020 onward
if COVID-19 did not happen [1]. In this second phase of the
research program, we hope to use machine learning algorithms
to produce short-term, daily forecasts of hourly usage using
data available up to the day of the forecast.

More specifically, to produce hourly forecasts for the next
day, a forecast model should use historical data up until those
from the day before. The performance of the model developed
would then be evaluated daily over the testing period. For
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example, suppose a forecasting model is created using data
over two years and assessed using a testing data set of one
year. In that case, the model will be trained and re-trained
using the “rolling” data set (dropping one day’s data at the
“oldest” period of the time series and adding one day’s data
to the most recent period.) Daily forecasts from the model
would then be generated and compared to the actuals three
hundred and sixty-five times.

From a computational standpoint, this is much more com-
plicated and demanding than the model evaluation process
than that for estimating baseline usage where the estimates
are compared to the actuals once over the entire testing period.
To alleviate this computational burden, we opted to perform a
model evaluation weekly, producing daily forecasts one week
at a time and evaluating their accuracy accordingly. We will
discuss Further the training and evaluation process in detail in
Section V below.

It is worth pointing out that the accuracy of forecasts for
“peak” periods is much more critical than other periods from
a planning perspective. The metrics used in the evaluation of
the models must take this into account. For this purpose, we
will introduce below a set of novel performance metrics for
assessing the models.

Therefore this research aimed to create accurate forecasting
models of hourly utility usage using machine learning algo-
rithms. Lessons learned in the first phase of the research in data
pre-processing, data transformation, feature engineering, and
performance evaluation were used and extended. The report
here shows that this was achieved to a considerable extent.

Note that the work presented here was conducted as part
of the applied research and capstone projects undertaken at
Okanagan and Langara Colleges by faculty and students with
support from industry [2]-[4], [4]-[7], [7]-[19], [19]-[22].
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II. RELATED WORKS

Using traditional statistical techniques, such as Autore-
gressive Integrated Moving Average (ARIMA) models, is a
popular option for generating a short-term, daily forecast for
a time series [23]-[26]. A linear regression model is another
option [27], [28]. In this context, in addition to “lagged”
variables, other exogenous variables that could be linearly
related to the variable of interest could be incorporated into
the model.

Machine learning algorithms have also been used in time se-
ries analysis. The Support Vector Regression (SVR) algorithm,
for example, has been used to forecast individual electricity
consumption [29]. In addition, some ensemble methods are
also used to generate accurate time-series forecasts [30], [31].

Multiple Layer Perceptron (MLP) is another algorithm that
has been used in time series forecasting [30]-[33]. This algo-
rithm allows for discovering non-linear relationships between
the variable of interest and various numerical or categorical
features. On the other hand, any ‘““autocorrelation” or calendar
effects in the variable of interest must be explicitly expressed
as additional input features or through a transformation tech-
nique [33].

Long Short-Term Memory (LSTM) algorithm is also helpful
in time series forecasting [25], [31], [34]. This algorithm
has a characteristic of feedback connection and is therefore
favourable for processing a sequence of data. Since time series
data is a type of data sequence, the LSTM algorithm is a good
candidate for time series modelling.

III. FEATURE SET AND DATA PRE-PROCESSING
A. Feature Engineering

For this research, we used the records from June 16th, 2018,
to February 10th, 2021, of a utility company in the United
States. This electricity usage data set had an hourly time stamp
and was for a particular geographic area. The data set was
augmented by the corresponding hourly data on temperature,
wind speed, and relative humidity from the exact location for
forecasting purposes. The objective was to produce hourly
forecasts of usage daily using this time series data set.

To capture the seasonal pattern and other calendar effects,
for example, whether certain months or days of the week
would have higher or lower usage, we created several indicator
variables for each hourly period:

« months of the year (12 one-up variables)

o days of the week (7 one-up variables)

o hours of the day (24 one-up variables)

o whether the day is a weekend (Saturday or Sunday; 1
one-up variable)

Moreover, some holidays on the calendar may also have an
impact on usage. As such, we also created an additional one-
up variable to indicate whether the forecast day is a holiday.

The autocorrelation effect is another concern in time series
forecasting. The temperature, wind speed, relative humidity,
and usage in each specific hour of the last seven days before
the forecast day were considered to capture this autocorrelation

effect. To moderate the impact of the autocorrelation effect,
we used the trimmed mean (Equation 1) of the last seven
day’s temperature, wind speed, relative humidity and usage as
additional independent variables (features) for the models.

Z?;pp+1 Xz
n—2p

X = )

Referring to Equation 1 above, X; stands for a descending
or ascending sorted series of values (i.e. temperature, wind
speed, relative humidity or usage) in the previous seven days.
The lowest and the highest value in the series are removed
from the calculation. Therefore, p = 1 and n = 7 in Equation
1.

B. Scaling

To ensure that features are on the same scale, either the
standardization process (refer to Equation 2) or the Min-Max
normalization process (refer to Equation 3) was applied to all
numerical features included in the model.

X —-FEX
Xstandardized = SD()(()) (2)
Xnormalized - m (3)

C. Training and Testing Data Sets

The original data set contained the electricity usage records
from June 16th, 2018, to February 10th, 2021. The most
recent one-year records were used as the testing data set (from
February 09th, 2020, to February 10th, 2021). The remaining
data set (from June 16th, 2018, to February 08th, 2020) was
used as the initial training data set for model building. As
discussed in the Introduction, the training data set changed
within the model training process. We will explain further
details of this training process in Section V.

IV. PERFORMANCE METRICS

In this research, we considered several performance metrics
for evaluating a model’s performance. Specifically, we used the
conventional performance metric, Mean Absolute Percentage
Error (MAPE), which is quite common in estimation or fore-
casting models [22] and the Total Absolute Error Percentage
metrics developed by the project team in the first phase of the
project.

A. Mean Absolute Percentage Error

The mean absolute percentage error (MAPE) metric mea-
sures the average absolute error percentage between the pre-
dicted and the actual value. Equation 4 shows the calculation
of the MAPE.

1 - |Y; — Vi
MAPE =-Y —__1 (4)
W
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B. Total Absolute Error Percentage (TAEP)

Apart from MAPE, the project team developed a new
metric to measure a model’s forecasting accuracy. This metric
considers the ratio between the total absolute error and the
total usage over the testing period. It is suitable for evaluating
the performance of models built for forecasting in the utility
industry. In this research, we used it as a primary metric for
model comparison. The TAEP metric is calculated as follows.

i [Yi - Yi
Y Y
Based on previous research [22], we recognized that the
challenge in the model development process is in the selection
of a model that can perform well in forecasting usage in
peak periods, which is critical for the planning of utility
provisioning and supply. To compare the performance of
models in this context, we also calculated the MAPE (Equation
4) and the TAEP metric (Equation 5) using only the top 10%,
5%, and 1% of the highest usage periods in the testing data set
and their forecasts. In so doing, we can compare the models’
performance in forecasting usage in peak periods.

TAEP = &)

V. FORECASTING MODELS

As mentioned, several studies used statistical models, such
as traditional time series models, to forecast energy consump-
tion [23]-[26]. Other studies considered that past energy usage
is not the only factor in predicting future usage. Several envi-
ronmental factors, like temperature, should also be considered
[27], [28]. In these cases, a regression model or a machine
learning algorithm is a practical alternative and preferred as
these factors could easily be included in the modelling process.

For this research, the machine learning models are trained
and re-trained using eighteen months of “rolling” data. In
essence, an initial model was trained using the training data
set (from June 16th, 2018, to February 08th, 2020) to produce
hourly forecasts for February 09th, 2020. For the computation
of performance metrics, we also recorded the forecasts and
actuals for the day. In simulating the use of the model in an
actual operating environment, we re-trained the model with the
same set of features and hyper-parameters using a new training
data set. This new data set consisted of the initial training
data set but with the dropping of observations from June
16th, 2019, and the addition of observations from February
09th, 2021. In other words, we removed one day’s data from
the beginning of the original training time series and added
another day’s to the end using the data from the testing time
series. Again, we recorded the forecasts and actuals for the
second day to compute performance metrics later on in the
process. We repeated this re-training process until the end of
the testing time series was reached.

Given that we have one year of testing data, we would
need to perform the above re-training process 364 times. This
re-training process was computationally costly. Instead, we
modified this process to complete the re-training process every
week, using training data sets with one-week drops and one-
week adds. The re-trained model would produce hourly usage

forecasts every day for the following week. The re-training
process for each model was run 52 times instead, thereby
easing the computational burden. In other words, the model
was trained to produce daily forecasts but was evaluated only
on a weekly basis.

Different machine learning algorithms for forecasting en-
ergy usage have been used in the past. In the artificial neural
nets (ANN) arena, a “Multiple Layer Perceptron” (MLP)
algorithm was used in the study by McManamin and Moon
[32], [33]. Other research used a Long-Short term memory
(LSTM) algorithm [25], [34]. Apart from ANN, the Support
Vector Regression (SVR) algorithm has also been used to
estimate electricity consumption by residential customers [29].
Together with two other algorithms, they were candidates in
the development of forecasting model in our study:

o Multiple Layer Perceptron (MLP)

o Long-Short Term Memory (LSTM)

o Support Vector Regression (SVR)

+ Random Forest Regression (RFR)

¢ XGBoost
As usual, we experimented with different combinations of
features and hyper-parameters for each algorithm to optimize
performance and reduce prediction error.

VI. RESULTS

Tables I and II show the results for the best models (in
terms of performance metrics) developed for each type of
algorithm. All models in the tables, except the LSTM model,
were built using standardized data (Equation 2). Normalized
data (Equation 3) were used to build the best LSTM model.

TABLE I
MAPE OF THE BEST FORECASTING MODELS
Model MAPE

Overall | Top 10% | Top 5% | Top 1%
XGBoost 640% | 417% | 3.68% | 4.15%
(Estimator: 100, Max. Depth: 100) e e Do e
RFR
(Trees: 100, Max. Depth: 100) 6.93% 4.42% 3.94% 3.79%
SVR
(Kernel: rbf, Gamma: 0.1 , C: 10) 6.43% 4.01% 3.52% 3.23%
MLP
(1 Hidden Layer: 100, relu, Dropout: 0.25) 591% 3.85% 34% 3.05%
LST™M
(1 Hidden Layer: 300, Dropout: 0.05) 8.25% 5.82% 4.14% 2.79%

TABLE II
TAEP METRIC OF THE BEST FORECASTING MODELS
Model TAEP Metric

Overall | Top 10% | Top 5% | Top 1%
XGBoost
(Estimator: 100, Max. Depth: 100) 6.00 414 370 418
RFR
(Trees: 100, Max. Depth: 100) 6.52 4.38 3.93 3.80
SVR
(Kernel: rbf, Gamma: 0.1 , C: 10) 6.04 397 351 324
MLP
(1 Hidden Layer: 100, relu, Dropout: 0.25) 5.56 3.84 333 3.05
LSTM
(1 Hidden Layer: 300, Dropout: 0.05) 789 5.69 4.08 219

The MLP model developed has the lowest overall, top 10%,
and top 5% TAEP Metric, which is 5.56, 3.84, and 3.33
respectively. However, for the forecasts with the top 1% of
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Fig. 1. Actual versus Forecasting Summarized by Day Under the MLP Model

usage, the LSTM model has the lowest TAEP Metric (2.79).
The same pattern is observed in the MAPE results (Table I).
We can conclude that for forecasts with top 1% usage, the
LSTM model performs better. On the other hand, the MLP
model has better performance in most situations. We suspect
that the MLP model developed is the best model overall for
forecasting the hourly usage of electricity in this case.

Figure 1 displays the daily forecasting result (summation of
24 hours’ usage within a day) of the MLP model on the testing
data set. The usage forecasts (blue line) track the actual use
(orange dashed line) closely most of the time. The figure also
shows that the models underestimate the energy usage in the
majority of peak periods.

The above results show that machine learning algorithms,
especially the MLP and LSTM models, could help create
accurate forecasts for utility usage. Moreover, the results also
show that when we focus on different levels of peak usage
(top 10%, top 5%, or top 1%), other models could be used
to minimize the prediction error. Using our research result as
an example, if the top 1% of usage is the focus, the LSTM
model is a good alternative. This example also shows the
importance of selecting the appropriate metric for comparing
model performance in utility usage forecasting.

VII. CONCLUSION AND FUTURE WORK

Overall, this paper demonstrates the possibility of utilizing
machine learning algorithms to produce daily forecasts of util-
ity usage on an hourly basis. It also shows the advantage of this
approach is the incorporation of related environmental factors
and calendar effects into the modelling process. Furthermore,

feature engineering techniques, such as using a trimmed mean
of temperature in the previous periods, could also be easily
incorporated for the time lags involved in changes in utility
usage patterns.

This research shows the importance of choosing a proper
performance metric in evaluating forecasting models. The
TAEP metrics used in the study are worthwhile candidates if
the performance of the forecasts at peak periods is the primary
concern.

From a practical perspective, the cost of underestimating
at peak periods could be higher than that of overestimation
in forecasting utility usage. Most models developed under this
research are produced in many peak periods, and therefore the
improvements in this regard will be a worthwhile pursuit.

ACKNOWLEDGMENT

We thank our research student assistants and students in
capstone projects at Okanagan and Langara Colleges who
assisted in the research. We also thank the reviewers of
this paper for their thoughtful comments and suggestions for
improvement.

REFERENCES

[1] A. Wong, C. Chiu, A. Abdulgapul, M. N. Beg, Y. Khmelevsky, and J.
Mahony, “Estimation of Hourly Utility Usage Using Machine Learning,”
in SysCon 2022 (accepted for the publication), 2022.

[2] Y. Khmelevsky and V. Voytenko, “Cloud computing infrastructure
prototype for university education and research,” in Computing. ACM
Press, 2010, pp. 1-5. [Online]. Available: https://doi.org/10.1145/
1806512.1806524

Authorized licensed use limited to: The University of British Columbia Library. Downloaded on March 03,2024 at 05:30:19 UTC from IEEE Xplore. Restrictions apply.



[3]

[4]

[5]

[7]

[8

—

[9]

(10]

[11]

[12]

[13]

(14]

[15]

[16]

[17]

Y. Khmelevsky, V. Ustimenko, G. Hains, C. Kluka, E. Ozan, and
D. Syrotovsky, “International collaboration in SW engineering research
projects,” in Proceedings of the 16th Western Canadian Conference on
Computing Education - WCCCE 11, 2011.

G. Hains, C. Li, Y. Khmelevsky, B. Potter, J. Gaston, A. Jankovic,
S. Boateng, and W. Lee, “Generating a Real-Time Algorithmic Trading
System Prototype from Customized UML Models (a case study),” no. 1,
pp- 1-14, 2012.

Y. Khmelevsky, M. Rinard, and S. Sidiroglou-Douskos, “A Source-
to-source Transformation Tool for Error Fixing,” in Proceedings
of the 2013 Conference of the Center for Advanced Studies
on Collaborative Research, ser. CASCON ’13. Riverton, NI,
USA: IBM Corp., 2013, pp. 147-160. [Online]. Available: http:
//dl.acm.org/citation.cfm?id=2555523.2555540

T. Alstad, J. R. Dunkin, R. Bartlett, A. Needham, G. Hains, and
Y. Khmelevsky, “Minecraft computer game simulation and network
performance analysis,” Second International Conferences on Com-
puter Graphics, Visualization, Computer Vision, and Game Technology
{(VisioGame 2014)}, 11 2014.

G. Hains, C. Li, N. Wilkinson, J. Redly, and Y. Khmelevsky,
“Performance analysis of the parallel code execution for an algorithmic
trading system, generated from UML models by end users,” in Parallel
Computing Technologies (PARCOMPTECH), 2015 National Conference
on. 1EEE, 2015, pp. 1-10. [Online]. Available: http://www.scopus.
com/inward/record.url?eid=2-s2.0-84935436915&partner]D=tZOtx3y1
T. Alstad, J. R. Dunkin, S. Detlor, B. French, H. Caswell, Z. Ouimet,
Y. Khmelevsky, and G. Hains, “Game Network Traffic Emulation by
a Custom Bot.” 2015 IEEE International Systems Conference (SysCon
2015) Proceedings, pp. 675-680, 4 2015.

Y. Khmelevsky and V. Voytenko, “Hybrid Cloud Computing Infras-
tructure in Academia.” in WCCCE 2015 - the 20th Western Canadian
Conference on Computing Education, At May 8-9, 2015. Vancouver
Island University (VIU), Nanaimo, British Columbia, Canada., 2015.
G. Hains, Y. Khmelevsky, R. Bartlett, and A. Needham, “Game private
networks performance: Analytical models for very-large scale simu-
lation,” in 2016 IEEE International Conference on Cybercrime and
Computer Forensic, ICCCF 2016, 2016.

Z. Ouimet, H. Caswell, Y. Khmelevsky, R. Bartlett, and A. Needham,
“Game servers deployment automation case study,” in 2016 Annual
IEEE Systems Conference (SysCon), 2016, pp. 1-7.

D. Atkinson, N. McDonald, and Y. Khmelevsky, “Reporting personal
and corporate data for secure storage in cloud,” in 2016 IEEE Interna-
tional Conference on Cybercrime and Computer Forensic, ICCCF 2016,
2016.

N. McDonald, D. Atkinson, Y. Khmelevsky, and S. McMillan, “Sport
wearable biometric data encrypted emulation and storage in cloud,” in
Canadian Conference on Electrical and Computer Engineering, 2016.
Y. Khmelevsky, “Ten Years of Capstone Projects at Okanagan
College: A Retrospective Analysis,” in Proceedings of the 2Ist
Western Canadian Conference on Computing Education. New
York, NY, USA: ACM, 2016, pp. 7:1-7:6. [Online]. Available:
http://doi.acm.org/10.1145/2910925.2910949

G. Hains, Y. Khmelevsky, R. Bartlett, and A. Needham, “Game private
networks performance: From geolocation to latency to user experience,”
in 11th Annual IEEE International Systems Conference, SysCon 2017 -
Proceedings, 2017.

B. Ward, Y. Khmelevsky, G. Hains, R. Bartlett, A. Needham, and
T. Sutherland, “Gaming network delays investigation and collection of
very large-scale data sets,” in //th Annual IEEE International Systems
Conference, SysCon 2017 - Proceedings, 2017.

Y. Khmelevsky, K. Chidlow, K. Sugihara, and K. Zhang, “Engaging
and Motivating Students Through Programming Competitions and GIS
Applied Research Projects,” Proceedings of the 22nd Western Canadian

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

(32]

(33]

[34]

Conference on Computing Education, 5 2017. [Online]. Available:
http://dx.doi.org/10.1145/3085585.3088491

M. Cocar, R. Harris, and Y. Khmelevsky, “Utilizing Minecraft bots
to optimize game server performance and deployment,” in Canadian
Conference on Electrical and Computer Engineering, 2017.

G. Hains, C. Mazur, J. Ayers, J. Humphrey, Y. Khmelevsky, and
T. Sutherland, “The WTFast’s Gamers Private Network (GPN®) Per-
formance Evaluation Results,” in 2020 [EEE International Systems
Conference (SysCon). IEEE, 2020, pp. 1-6.

C. Mazur, J. Ayers, J. Humphrey, G. Hains, and Y. Khmelevsky,

“Machine Learning Prediction of Gamer’s Private Networks (GPN®S),”
in Proceedings of the Future Technologies Conference. Springer, 2020,

pp. 107-123.

A. Wong, C. Chiu, G. Hains, J. Behnke, Y. Khmelevsky, and C. Mazur,
“Network Latency Classification for Computer Games,” in The IEEE
International Conference on Recent Advances in Systems Science and
Engineering (submitted), 2021.

A. Wong, C. Chiu, G. Hains, J. Humphrey, Y. Khmelevsky,
C. Mazur, and H. Fuhrmann, “Gamers Private Network Performance
Forecasting - From Raw Data to the Data Warehouse with
Machine Learning and Neural Nets,” 2021. [Online]. Available:
https://arxiv.org/abs/2107.00998

S. Katara, A. Faisal, and G. M. Engmann, “A Time Series Analysis
of Electricity Demand in Tamale , Ghana,” International Journal of
Statistics and Applications, vol. 4, no. 6, pp. 269-275, 2014.

I. Shah, H. Iftikhar, S. Ali, and D. Wang, “Short-term electricity
demand forecasting using components estimation technique,” Energies,
vol. 12, no. 13, p. 2532, 7 2019. [Online]. Available: www.mdpi.com/
journal/energies

T.-Y. Kim and S.-B. Cho, “Predicting residential energy consumption
using CNN-LSTM neural networks,” Energy, vol. 182, pp. 72-81, 2019.
B. Nepal, M. Yamaha, A. Yokoe, and T. Yamaji, “Electricity load
forecasting using clustering and ARIMA model for energy management
in buildings,” Wiley Online Library, vol. 3, no. 1, pp. 62-76, 1
2020. [Online]. Available: https://onlinelibrary.wiley.com/doi/pdfdirect/
10.1002/2475-8876.12135

M. Ali, M. J. Igbal, and M. Sharif, “Relationship between extreme
temperature and electricity demand in Pakistan,” International Journal
of Energy and Environmental Engineering, vol. 4, no. 1, pp. 1-7, 9
2013. [Online]. Available: http://www.journal-ijeee.com/content/4/1/36
I. Staffell and S. Pfenninger, “The increasing impact of weather on
electricity supply and demand,” Energy, vol. 145, pp. 65-78, 2 2018.
X. Zhang, K. Grolinger, and M. A. M. Capretz, “Forecasting Residential
Energy Consumption Using Support Vector Regressions,” in Proceed-
ings of the IEEE International Conference on Machine Learning and
Applications, Orlando, FL, USA. New York, NY, USA: IEEE Press,
2018, pp. 17-18.

M. Kalimoldayev, A. Drozdenko, I. Koplyk, T. Marinich, A. Abdil-
dayeva, and T. Zhukabayeva, “Analysis of modern approaches for the
prediction of electric energy consumption,” pp. 350-361, 1 2020.

S. Kaushik, A. Choudhury, P. K. Sheron, N. Dasgupta, S. Natarajan,
L. A. Pickett, and V. Dutt, “Al in Healthcare: Time-Series Forecasting
Using Statistical, Neural, and Ensemble Architectures,” Frontiers in
Big Data, vol. 3, p. 4, 3 2020. [Online]. Available: www.frontiersin.org
J. S. McMenamin and F. A. Monforte, “Short term energy forecasting
with neural networks,” The energy journal, vol. 19, no. 4, p. 5, 1998.
J. Moon, S. Park, S. Rho, and E. Hwang, “A comparative analysis of
artificial neural network architectures for building energy consumption
forecasting,” International Journal of Distributed Sensor Networks,
vol. 15, no. 9, p. 1550147719877616, 9 2019. [Online]. Available:
https://us.sagepub.com/en-us/nam/open-access-at-sage

K. Yan, W. Li, Z. Ji, M. Qi, and Y. Du, “A hybrid LSTM neural
network for energy consumption forecasting of individual households,”
leee Access, vol. 7, pp. 157633-157 642, 2019.

Authorized licensed use limited to: The University of British Columbia Library. Downloaded on March 03,2024 at 05:30:19 UTC from IEEE Xplore. Restrictions apply.



