
Discussion
In Southern Nevada, TOU pricing is variable 
throughout the day only during the summer. Thus 
while the various methods were tested over different 
time periods, creating forecasts for summer data is 
more helpful for residential customers to minimize 
their bill through battery scheduling. Further, forecasts 
of smaller chunks of time (hourly) help residential 
customers more, while forecasts of larger chunks of 
time (daily) help utility companies more.

Conclusions & Future Research
● The best model for a set of data depends on the data 

itself, and can vary between sets of data. Overall, the 
best forecast methods were MA, MM, and Excel’s 
built-in Forecast Sheet tool. These methods were not 
only more accurate, but they were the most accessible. 

● Future research could include
○ Evaluation of other existing forecast tools 
○ Creating a program to continuously forecast (within 

Excel) using real-time data
○ Real-time utility price forecasting
○ Optimization of energy import under various 

operating conditions
○ PV power generation forecasting using weather 

data
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Introduction
The ability to forecast short term load demand is vital 
in various applications. At the distribution and system 
operations level, it helps with demand response, 
energy storage scheduling, security analysis, and 
more. For individual residential customers with 
time-of-use (TOU) pricing, it offers information that 
aids in scheduling their battery charge/discharge cycle 
to minimize their electricity bill. This research sought 
to find and create the best electricity consumption 
forecast models.

Purpose/Aim
To analyze real historical data taken from a home in 
the valley to create an accurate forecast model of the 
short term load that can be used by utilities (for 
optimal system operation) as well as individual 
residential customers (for bill management).

Methods
Many techniques and tools are available for 
forecasting, and which method works best depends 
on the data and field of work. The following were 
considered throughout this research:
● Time-series linear regression models

○ Moving average (MA), Moving median (MM)
○ Autoregressive (AR)

● Semi parameter additive models
○ Autoregressive moving average (ARMA, or 

Box-Jenkins)
○ Autoregressive integrated moving average 

(ARIMA)
○ Autoregressive moving average with exogenous 

inputs (ARMAX)
○ Artificial neural networks (ANN)
○ Machine learning (support vector regression)

● Excel Forecast Sheet

Results
● MA (3 values) Mean Absolute Percent Error 12.35%
● MM (3 values) Mean Absolute Percent Error 12.17%
● Fig. 1 Mean Absolute Percent Error 49.89%
● Fig. 2 Mean Absolute Percent Error 26.83%
● Many methods means many results, so only the more 

accurate or more helpful results have been included.
● MA/MM were typically more accurate than Forecast 

Sheets. Forecast Sheets showed more accuracy when 
applied over a shorter amount of time and can forecast 
further into the future than MA/MM.

Charts
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Fig. 1: Forecast Sheet of Hourly Usage (KWh) 7/8/21-7/24/21 based on values 6/15/21-7/8/21

Fig. 2: Forecast Sheet of Hourly Usage (KWh) 6/19/21-6/21/21 based on values 6/15/21-6/19/21

Fig. 3: Moving Average Analyses of Daily Averages 6/16/20-6/15/21


