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Introduction 
 Natural Resources Canada predicts that by 2018, there will be at least 500,000 plug-in 

electric vehicles (EVs) on Canadian roads [1]. Studies show that in large  

numbers, electric vehicles can cause problems for the utility in the power system, 

such as power outages and interruptions. EV charging can over load utility assets such 

as transformers, contributing to an overall decreased lifetime. 

 Plug-in electric vehicle users tend to plug in their cars during hours of peak electrical 

demand (in the evenings hours when they arrive home from work) [2]. In order to  

minimize the load, users would have to be persuaded to charge their vehicles during 

off peak times such as late at night and very early in the morning.  

 In order for utilities to respond to this conflict, they must be able to detect when and 

where the vehicles are charging. In this work, a classification method was developed 

to detect the presence of an electric vehicle charging in a home including the level of 

charging, from hourly generated residential power data.  
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Future Applications 
 Future enhancements of this work include exploring different classification methods to 

potentially increase the overall accuracy of the model.  

 In attempts to further reduce the dimensionality of the data and produce better  

classification results, a Principle Component Analysis will be incorporated in the data 

preprocessing stage.  

 Testing the classifier with other electric vehicle models to determine the effects on  

accuracy results.  
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Methodology 
 The k-fold cross validation technique was used to establish the decision tree.  

 The training accuracy of the classification model was determined by comparing the  

predicted class of each data object with its known class for training data. 

 The model was then used to predict the class labels of data records (testing data)  

specifically for the Nissan Leaf, that were previously unseen. The predictive accuracy of 

the classification model was tested by comparing the predicted class of each data  

object with its known class.  

 Testing data consisted of 96,600 records.  

 Accuracies were determined using: 

 MATLAB was chosen as the primary platform to preprocess and classify the resulting 

data due to its computational capability regarding large quantities of data. 

Results 

 

 Simulated residential household power was  

combined with electric vehicle charging profiles to 

represent the hourly data transmitted by smart  

meters to the smart gird. A separate set of data was 

used to train and test the classification model. 

 Attributes common to smart meters including active 

power, the hour the power was recorded at, the 

difference in active power between each hour, and 

the month of the year were used to describe each 

data object. A feature subset selection analysis was  

conducted to determine the best subset of attrib-

utes to use in classification.  

 A decision tree classification model was developed 

and trained with a distribution of electric vehicle 

charging profiles that represents the Canadian  

market penetration of electric vehicles (training  

data) as seen in Fig. 1. below: 
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Fig. 1.  Canadian Electric Vehicles Sales by Vehicle Model [3] 
 

Fig.  2.  Methodology Flow Chart 

Fig. 3.  Empirical Cumulative Density Function of (a) Training and (b) Testing Accuracies 

 A confusion matrix depicts information about actual and predicted  

classifications performed by the decision tree classifier.  

 For example, as seen in Table II there are 90,512 instances where the classifier 

correctly predicted the classes of Class 1 records. It also misclassified 1,719 

records as Class 1 records, when they are actually Class 2 records.  

 The market penetration of EVs does not contain Class 7 charging levels. Results 

show that the classifier was unable to predict Class 7 due to the lack of  

training data supporting this outcome.  

 The cumulative distribution functions derived from a Monte Carlo Simulation 

were formed for both training and testing accuracy . 

 The average accuracy for the training classification analysis was 94.37% 

 The average accuracy for the testing classification analysis was 74.56% 

 

Table IV. Statistical Measures of Training and Testing Data  It can be seen from the CDF and  

statistical measurements that the 

training data accuracy is higher, 

while the testing data is notably 

more variant.  

 Training accuracies are higher than 

testing accuracy due to evaluating 

the same data that was used to 

train the classifier.  
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Table I. Class Legend 

Table II. Decision Tree Confusion Matrix (Training) 

Table III. Decision Tree Confusion Matrix (Testing) 


