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Abstract 
 Feature selection is an essential phase to many classification problems, especially when dealing with a 

very large number of predictors with limited examples. Moreover, the presence of noisy variables greatly 
affects and brings down the performance of an otherwise efficient classifier. We propose a hybrid feature 
selection method using the Random Forests algorithm as basis, in combination with a wrapper-stepwise 
cross-validation phase to get the optimized feature subset. Experiments show that the proposed feature 
selection method significantly increases the performance of state-of-the-art classifiers. 

 
1. Introduction 

A simple classification problem often consists of four stages: 
data collection, preprocessing, feature extraction, and 
classification. However, prior to the feature extraction process, 
features which are effective for a certain type of classifier are 
not known. As a consequence, researchers often extract as many 
variables as possible in hopes that such features will boost 
classification performance. This results in very high 
dimensional data, often needing to be reduced in order to 
decrease computational and memory overhead, as well as 
remove noise, especially when the goal is to apply such 
algorithms into devices with limited resources such as 
smartphones. 

There are several commonly used methods to perform feature 
selection such as principal components analysis (PCA) and 
correlation. In this paper, we propose a feature selection method 
based on Random Forest (RF) variable importance measures, in 
conjunction with a wrapper-stepwise cross-validation technique. 
RF variable importance measures work well in dealing with 
continuous and possibly highly-correlated variables such as 
those derived from sensory signals [1], while the wrapper-
stepwise phase considers the fact that variables have different 
levels of effectiveness when applied to different kinds of 
classifiers. 

The paper is organized as follows: first, we survey the related 
works with regard to different feature selection approaches; we 
then briefly discuss RF variable importance measures and 
present our proposed method; next, we show the feasibility and 
effectiveness of the proposed method by applying it to various 
classification algorithms; and lastly, we draw our conclusion. 

 
2. Related Works 

Wrapper-based feature selection techniques have well-
established advantages [2]. However, when used alone, they 
have a high tendency to overfit on training data. Overfitting on 
training data results in a less generalized model that performs 
poorly on new, real-world data [3]. 

Embedded feature selection methods use all variables in the 
feature set to generate a model and produce a measure of 
importance for each predictor. Because of the built-in feature 
relevance measurement, such techniques are accurate; however, 
they are heavily dependent on the model, which can fail to fit 
the data well [7]. Ensemble methods were proposed to alleviate 
the shortcomings of the embedded approach. Random Forest 
variable importance measures, a method that is suitable for 
continuous and possibly highly-correlated variables [1], are an 
example of these embedded-ensemble methods. However, this 
too can lead to dependence on the ensemble model. 

 
3. The Proposed Feature Selection Method 

We propose a hybrid feature selection method for HAR 
composed of a combination of embedded and wrapper-stepwise 
techniques, of which RF variable importance measures and a 
wrapper-stepwise cross-validation step are exploited. This is to 
avoid overfitting on train data and eliminate dependence on the 
embedded model. 

 
3.1 Random Forest Variable Importance Measures 

Random forests are an ensemble of tree predictors wherein 
each tree is constructed through bagging and random feature 
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Figure 1. Classification using random forests. 

selection, producing a collection of tree classifiers with a 
controlled variance. Classification is performed by making this 
ensemble of trees vote for the most popular class. The model 
gives useful estimates, which can also be used to measure 
variable importance [4]. 

In the random forest algorithm, we build an ensemble of trees 
b ϵ B. With each tree, we draw a bootstrap sample V of size N 
from the train data, from which we grow a random forest tree T 
by repeating the following steps for each terminal node of the 
tree until the minimum node size is reached: (1) randomly select 
m number of variables out of the train data variables Y; (2) pick 
the best variable/threshold based on maximum information gain 
Ij among the m variables for each split, 
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and (3) split the node j into two daughter nodes. The output is 
an ensemble of trees t ϵ {1, …, T}. The classification output of 
these trees are then averaged, 
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where v is the bootstrapped data, resulting to trees voting for the 
best class c*, as shown in Fig. 1. 

Importance measures of variables Y are obtained by first 
fitting the data into a random forest model, and then computing 
the out-of-bag (OOB) error for each data point in the forest. The 
OOB process is similar to leave-one-out cross-validation, but 
with the use of random data sampling. Variable data points are 
randomly permuted in an OOBY sample, to get the perturbed 
sample OOBY

j. The error of predictor Y is computed on the 
perturbed and non-perturbed sample, and the summation of their 
difference is used to compute variable importance (VI), given 
by 
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where ntree is the number of trees in the forest. In short, VI is 

the average of the difference between the OOB errors of 
permuted and non-permuted values. As a last step, the scores are 
normalized with the standard deviation. 

Our method is similar to the one proposed by Genuer, et. al. 
[5], wherein we repeatedly created RF models and computed the 
average of the obtained importance values from these models. 
Variables are then ranked from highest to lowest importance, 
and variables with importance values above the mean (Yn, n=1, 
…, n) are kept for the next step. 
 
 3.2 Wrapper-stepwise Cross-validation 

A wrapper-stepwise cross-validation feature selection method 
is utilized as an after-phase from the RF VI importance 
measurement stage. It is important to note that at this point, our 
method focuses not only on RF, but makes use of other classifier 
types as search algorithm. Tests with the chosen search 
algorithm are performed by a combination of 10-fold cross-
validation and stepwise procedure on the training data set, 
wherein we build multiple models m ϵ M starting from the first 
two highest-ranked variables Y1:2 and ending with all the 
variables that were retained in the previous step Y1:n. Error rates 
of the models are obtained, and the variables of the model with 
the lowest error rate, as denoted by 
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are selected. 
 
4. Experimental Results 

For our experiments, we chose continuous hidden Markov 
model (CHMM) as the search algorithm, since CHMM is 
suitable in dealing time-series data. We stress, however, that a 
different search algorithm can also be used with our method, 
depending on the classification problem at hand. 

We utilized the publicly-available HAR data set released by 
D. Anguita, et. al. for all our tests [6]. The data set is composed 
of 561 features derived from accelerometer and gyroscope 
sensor data gathered from 30 volunteer subjects who performed 
activities, namely: walking, walking upstairs, walking 
downstairs, sitting, standing, and laying. 21 subjects (70%) were 
randomly selected as sources for train data, and 9 subjects 
(30%) for test data. 

After z-scaling and acquiring RF VI measures as the first step 
for feature selection, the final error rates are obtained through 
CHMM by selecting the activity with the highest probability. 
The gradual decline of error rates during the stepwise process is 
shown in Fig. 2. Error rates started to decrease significantly 
around the 60th variable, but the lowest error rate was obtained 
on the 119th. Thus, our final feature subset is composed of 119 
features as opposed to the original number of 561. 
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TABLE I. Average error rates of classifiers. 

 

Naïve 

Bayes 
J48 ANN SVM RF 

orig. feature set 

(561 variables) 
0.175 0.132 0.231 0.054 0.075 

final feature subset 

(119 variables) 
0.116 0.089 0.118 0.047 0.073 

 
(a) 

 
(b) 

Figure 3. (a) Classification accuracies using all 561 features, (b) 

Classification accuracies using the final feature subset. 

Figure 2. Decline of error rates during the step-wise cross validation 

process. 

The proposed feature selection method is compared with 
other techniques such as correlation, PCA, and stepwise LDA. 
Correlation reduced the number of features to 232, producing an 
error rate of 0.45 with CHMM; PCA (186 features) yielded an 

error rate of 0.54 while stepwise LDA, an error rate of 0.38. The 
proposed method gave the least error rate of 0.08, making it the 
most efficient technique in discriminating the most importance 
variables from the HAR feature set. 

Comparison of various classifiers using all 561 features and 
the final feature subset are shown in Table I and Fig. 3, 
respectively. We used 6 hidden layers for artificial neural 
network and default settings for the rest of the classifiers. It is 
evident that the error rates of most classifiers are reduced, in 
turn, allowing them to perform more efficiently. Naïve Bayes 
exhibited the highest performance jump, while RF gave the least 
accuracy improvement. Also, standard error for each classifier is 
greatly decreased, leading to a more robust and stable model. 
 
5. Conclusion 

We have demonstrated that the proposed hybrid feature 
selection method consisting of RF variable importance measures 
and wrapper-stepwise cross-validation enhances the 
performance and reduces standard error of HAR classifiers. 
However, comparison of classifiers as search algorithm for the 
wrapper-stepwise cross-validation step is subject for further 
research. Also, analysis of each variable in the resulting feature 
subset will be a focus of future study. 
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