
 
Abstract—Neighboring regional transmission organizations 

(RTO) and independent system operators (ISOs) exchange 
electric power to enable efficient and reliable operation of the 
grid.  Net interchange (NI) schedule is the sum of the transactions 
(in MW) between an RTO/ISO and its neighbors. Effective 
forecasting of the amount of actual NI can improve grid 
operation efficiency and avoid the volatility of the energy 
markets due to changes of NI schedules.  This paper presents 
results of a preliminary investigation into various methods of 
prediction that may result in improved prediction accuracy.  The 
methods studied are linear regression, forward regression, 
stepwise regression, and support vector machine (SVM) 
regression. The effectiveness of these methods is compared using 
the 64 weeks of field measurement data from PJM. The objective 
is to explore the effectiveness of the prediction methods under 
different scenarios. 
 

Index Terms— power grid operations, net interchange 
schedule, forecasting, prediction. 

I.  INTRODUCTION 
O improve the efficiency and reliability of power grid 
operations, neighboring RTO/ISOs often exchange 

electric power.  Net interchange (NI) schedule is the sum of 
the transactions (MW) between an RTO/ISO and its 
neighbors. NI is used in security constrained economic 
dispatch (SCED) to calculate the economic dispatch of next 
several hours. Therefore, effective forecasting of the amount 
of NI can improve the operation efficiency of the RTO/ISO.   

To forecast the NI, it is essential to build a forecasting 
model that describes the relationship between future NI and 
currently available variables. NI schedule (NIS) can be 
updated by market participants. The reason for update may 
depend on location marginal price (LMP), external prices, 
outages and constraints, forecasted demand, and/or dispatch 
control signal. To date, the authors of this paper have not 
identified any literatures that directly relate these variables to 
future NI.  

To build the model to forecast NI, this paper proposes a 
data-driven methodology.  Several forecasting methods (i.e., 
linear regression, forward regression, stepwise regression, and 
support vector machine (SVM) regression) are implemented 
and applied to forecast NI based on the real-world data. A 
metric is proposed and used as Measure of Effectiveness 
(MOE) to compare the effectiveness of different forecasting 
methods and identify recommendable methods. 

The remainder of this paper is divided in six sections.  

Section II will define the problem of forecasting NIS and 
introduce a MOE to measure the effectiveness of forecasting.  
Section III will describe the data used to train and test the 
algorithms.  Section IV will describe the methods used.  
Section V will present the results for forecasting NIS.  Section 
VI will draw the conclusions and discuss future work. 

II.  PROBLEM DEFINITION 
The goal is to provide an effective method to predict actual 

NI of an RTO/ISO.  To develop this method, real-world data 
was assembled (described in section III) from PJM, a 
cooperating RTO. The original datasets are divided into two 
subsets, i.e., training dataset and testing dataset. Prediction 
models are derived based on the training dataset using a 
number of prediction methods. The derived prediction models 
are then used to predict the NI data values of the testing 
dataset to evaluate their effectiveness. This methodology is 
performed iteratively. At the kth iteration, the NI values of 
week k+1 are predicted based on a model derived from 
training data spanning weeks 1, ···, k. The predicted NI values 
are then compared with the actual NI to evaluate the 
prediction effectiveness. The training dataset is therefore 
increasing in size at each iteration by a week’s worth of data, 
approximately 672 (7 days * 24 hours * 4 data records/hour) 
data records/week, assuming no missing data.  

To evaluate the performance of different forecasting 
methods, a MOE was calculated for each method as follows:  

ݐ)ܲ  + ݐ) denotes the predicted NI in MW for time (ߜ +  ,(ߜ
made at time t. 

ݐ)ܣ  + ݐ)	denotes the actual NI in MW at time (ߜ +  .(ߜ
 

{ }10|,)(|max
)()(

)(1 δ
δδ

+
+−+

=
tA

tAtP
tT  

 ଶܶ(ݓ) = ݉݁݀݅ܽ݊( ଵܶ(ݐ)|ݐ	 ∈ 	 ݓ	݀݊ܽ	௪ݐ > 1) 
ܧܱܯ  = ݉݁݀݅ܽ݊( ଶܶ(ݓ), ݓ	∀ > 1) 

 
A few comments about the MOE are in order:  

• The denominator of T1 might normally be the actual 
net power exchanged to make T1 a relative error, and 
would work fine except for the cases where the actual 
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sub-matrix indicated in Figure 1, colored light green, contains 
derived variables that can be available to the analysis tools at 
the time of prediction and before, and after that time.  A 
prediction at time t + δ can take advantage of the scheduled 
net interchange variable, and a few variables that are directly 
related to the time t+ δ.  The following data were derived from 
the date/time information and can be used as additional 
independent data variables:  

• Seasonal Index:  The year was partitioned into 6 
seasons (each 61 days long).  An indicator variable 
was created for each season and each date was 
mapped to the season it was associated with; 

• Day-of-Week Index:  the date was mapped to 7 
indicator variables depending on the day of the week 
at the time t; 

• Time-of-Day Index:  the time, t, was mapped to one 
of eight bins (00:00 to 03:00, 03:00 to 06:00, …, 
21:00 to 24:00) and indicator variables created to 
capture that mapping. 

The fourth sub-matrix of Figure 1, colored orange, is past 
actual net interchange values for the time of the prediction 
(i.e., t) and the preceding 135 minutes, nine reading previous 
to time t.  For instance, at time t = 12:00, the actual net 
interchange values from times 9:30 to 11:45 are included in 
the fourth sub-matrix. 

The fifth sub-matrix of Figure 1, colored pink, is the 
upcoming scheduled predictions (Scheduled predictions are 
provided by PJM for several days in advance of “current” 
time.) for the multiple time periods between time t and time 
t+δ+9.  This corresponds to using up to 25 additional variables 
when δ is four hours or sixteen 15-minute intervals.  For 
instance, at time t = 12:00 and for a δ= 4 intervals (or 60 
minutes), scheduled predictions from PJM are included from 
times 12:15 to 15:15(δ = 4 intervals + 9 extra time periods of 
15-minutes each) in the fifth sub-matrix. 

  The first sub-matrix consists of the dependent variable to 
be forecasted. The second, third, fourth and fifth sub-matrices 
constitute the independent variables that impact on the 
dependent variables. 

Naturally, many variations of the independent variable 
matrix could have been considered.  The version described 
above is a reasonable choice because it has some 
sophistication beyond the raw data, but with still a modest 
degree of increased complications.  Use of other variations 
could result in improved prediction, but are deemed beyond 
the scope of this investigation. 

The same data set was used for all forecasting methods. 

IV.  ANALYSIS METHODS USED 
Several different methods were used, some simple and 

some more sophisticated.  The simple methods are intended to 
provide a baseline from which one can measure the 
improvement provided by the more sophisticate methods. To 
help understand these methods, a few terms are defined as 
follows: 

• t denotes the current time at which the calculations for the 
predictions began.  Only those data that are available at 

time t can be used to make prediction. 
• t+δ denotes the time in the future at which the value of the 

dependent variable is to be predicted. The symbol δ is the 
lead time of prediction.  Multiple lead time δ’s were 
explored: 1, 4, 8, 12 and 16 corresponding to 15, 60, 120, 
180, and 240 minutes into the future. 

• The data consisted of 64 weeks of data.  Each week from 
week 2 on was predicted using available training data to 
tune each of the prediction algorithms.  Each prediction 
week entails 672 predictions made by each method (7 days 
* 24 hours/day * 4 prediction periods/hour).   
Five primary prediction methods are utilized in this 

demonstration paper.  The methods explored in this initial 
demonstration are [11], [12]:  

• Scheduled Net Interchange: PJM currently has a 
prediction of the NI for each 15-minute period at least 1 
day in advance.  This information is provided as an 
independent variable, denoted 
“scheduled_net_interchange.”  This value is considered a 
prediction and used as the “baseline” method. 

• Linear Regression: This method fits the 
“actual_net_interchange_at_time_tPlusDelta” data using 
ordinary linear least squares regression using all the 
independent data variables as regressors as indicated in 
Figure 1 (all 4 sub-matrices).  Based on linear regressions 
using all data from time 1 to time t, the method calculates 
the regression coefficients.  Then, predicts the dependent 
variable value at the time of the prediction, t + δ.  

• Forward Regression:   This is an iterative method for 
selecting regressors from a group of independent 
variables according to their significance. This method fits 
the “actual_net_interchange_at_time_tPlusDelta” data in 
a linear way using all the independent data variables as 
candidate regressors as indicated in Figure 1. The 
forward regression algorithm starts by using one 
regressor for the linear fitting, and then proceeds by 
adding more regressors at each iteration step. The 
regressors are added in order based on their statistically 
significance and they are not added if they are not 
considered statistically significant. The test for statistical 
significance is performed using the Akaike Information 
Criterion (AIC) [13],[14]. 

• Step-wise Regression: This method is similar to the 
forward regression because it still fits the 
“actual_net_interchange_at_time_tPlusDelta” data in a 
linear way using the all the independent data as candidate 
regressors, as indicated in Figure 1. It is also an iterative 
process, which in addition to including the most 
significant regressors, like the forward regression, can 
also remove regressors that are deemed insignificant 
during the regression run. It is possible that the statistical 
significance of a variable can change with the addition of 
new variables into the linear regression model. Stepwise 
regression is able to re-evaluate the decision of which 
regressors to use at each iteration step. The AIC is also 
used by this method as the test for statistical significance 
[http://www.r-project.org/].   
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• SVM Regression.  The support vector machine (SVM) 
method is a data mining technique that is commonly 
applied to solve classification and regression problems. 
In this case, it performs ε-regression and a fitting model 
is derived using a training dataset [15]. The fitting model 
can then be used to predict the 
“actual_net_interchange_at_time_tPlusDelta” variable in 
the testing dataset. The SVM method evaluates the 
fitting function based on a subset of the training data that 
constitute the support vectors. Linear combinations of 
the support vectors form hyperplanes that provide a 
multi-dimensional fitting of the dataset. For example, 
there are ܰ training records and each record is a tuple (࢞௜, ݅	௜) withݕ = 1,2, … ,ܰ, where ࢞௜are the regressors 
and ݕ௜is the value of the 
“actual_net_interchange_at_time_tPlusDelta” for the ݅௧௛ 
record. The hyperplanes ݂(࢞) = 〈࢝, ࢞〉 + ܾ should 
approximate all (࢞௜,  precision and ࢝, ܾ are the ߝ ௜) withݕ
model parameters that are derived by the SVM method. 
The solution of the fitting problem is the solution of the 
following convex optimization problem. 			݉݅݊݅݉݅݁ݖ௪,௕,క,క∗ 					12 ‖࢝‖ଶ + ௜௡ߦ)෍ܥ

௜ୀଵ +  (∗௜ߦ
௜ݕ					݋ݐ	ݐ݆ܾܿ݁ݑݏ	                                                                             − 〈࢝, 〈࢏࢞ − ܾ ≤ ߝ +  ௜ߦ

                                                                             		〈࢝, 〈࢏࢞ + ܾ − ௜ݕ ≤ ߝ +  ∗௜ߦ
 
,௜ߦ						                                          ∗௜ߦ ≥ 0 
 

 The constant ܥ > 0 is a tuning parameter of the 
optimization process. The problem formulation includes 
slack variables	ߦ௜,ߦ௜∗. So far, it was assumed that the data 
can be fitted by a linear plane. However, it is often the 
case that the data can only be adequately approximated 
by a non-linear surface. The SVM method has a clever 
way of dealing with this issue by projecting the data to a 
feature space via a mapping	Φ. In the new feature space 
the data should be transformed in such a way that a 
linear fit provides a good approximation. The structure 
of the optimization equations above remain the same 
with ࢞ being substituted by Φ(࢞).The mapping of the 
data itself does not have to be implemented by the 
algorithm, since the algorithm only uses the dot product 
of the mapped data ܭ(࢛, ࢜) = 〈Φ(ܝ),Φ(ܞ)〉  which is 
known as the kernel trick. This research utilizes the 
Radial Basis Function (RBF) kernel. The parameter 
setting for the SVM method, described in Section IV, are ܥ = 50,000 and	ߝ = 2.  The SVM method is 
implemented using the LIBSVM software package [16].  

 
The first method uses the scheduled net exchange data 

currently available from PJM as forecasted values. As such, it 
was chosen as the benchmark for measuring effectiveness.  
The other methods were selected as having various degrees of 
sophistication and anticipated effectiveness.  Limited 
resources did not allow exhaustive investigations of: 
• the many other methods that exist,  

• use of additional independent data that PJM might be able 
to provide, 

• use of additional derived variables as independent data, 
and/or  

• different variations or tuning parameters of these methods 
that might provide enhanced capability. 

• Any of these areas of investigations could result in major 
improvements in accuracy.  

V.  RESULTS 
In this section, the results are summarized.  The MOE 

defined in Section 2 was calculated for each of the 63 test 
weeks for each method.  Table 1 summarizes the results. 
 
Table 1. MOE value over week 2 through 64 for predictions 15, 60, 120, 180, 

240 minutes in advance of current time. 

Methods Prediction in minutes 
15 60 120 180 240 

Schedule 9.17 9.19 9.23 9.19 9.20 

Linear 
Reg. 7.65 7.82 7.70 7.76 7.77 

Stepwise 
Reg. 7.48 7.52 7.70 7.74 7.77 

Forward 
Reg. 7.53 7.76 7.55 7.58 7.71 

SVM 7.91 8.11 8.20 8.14 8.18 

 
Each of the methods demonstrated a notable improvement 

over the Schedule method.  This is not surprising because the 
schedule values were available to be used by each forecast 
method.   

Figure 2 shows the MOE for each week for the 15-minute 
forecast for each method.  The most notable observation is that 
the MOE varied over a range from 3 to approximately 20 for 
all the methods.  Also evident in Figure 2 is the fact that the 
MOEs of the methods are highly correlated, probably due to 
the volatile weekly behavior of the grid; when some weeks it 
behaved as predicted and other weeks it did not.   

In order to assess the methods’ relative performance, 
weekly differences between pairs of methods were calculated 
and presented in the boxplots1 in Figure 3. 

 Table 1 and Figure 3 both focused on the 15-minute 
forecasts.  The forecasts for 1, 2, 3 and 4-hour forecasts show 
very similar patterns.  It is notable that the degradation due to 
time is rather minor.  Also, the relative strengths of the 
methods are similar for all forecast periods tested. 
The first four boxplots in Figure 3 show that all four 
forecasting methods do better than the original schedule’s 

                                                           
1 The boxplots in Figure 3 summary the values of the difference between 

one forecast method and another forecast method by displaying a horizon line 
at the median and a box that has upper and lower lines at the approximate 75 
and 25th percentiles.  Small circles are displayed for outliers outside of the 
box. 
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