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A B S T R A C T   

Purpose: Machine-learning (ML) approaches have been repeatedly coupled with raw accelerometry to classify 
physical activity classes, but the features required to optimize their predictive performance are still unknown. 
Our aim was to identify appropriate combination of feature subsets and prediction algorithms for activity class 
prediction from hip-based raw acceleration data. 
Methods: The hip-based raw acceleration data collected from 27 participants was split into training (70 %) and 
validation (30 %) subsets. A total of 206 time- (TD) and frequencydomain (FD) features were extracted from 6- 
second non-overlapping windows of the signal. Feature selection was done using seven filter-based, two wrapper- 
based, and one embedded algorithm, and classification was performed with artificial neural network (ANN), 
support vector machine (SVM), and random forest (RF). For every combination between the feature selection 
method and the classifiers, the most appropriate feature subsets were found and used for model training within 
the training set. These models were then validated with the left-out validation set. 
Results: The appropriate number of features for the ANN, SVM, and RF ranged from 20 to 45. Overall, the ac-
curacy of all the three classifiers was higher when trained with feature subsets generated using filter-based 
methods compared with when they were trained with wrapper-based methods (range: 78.1 %–88 % vs. 66 %– 
83.5 %). TD features that reflect how signals vary around the mean, how they differ with one another, and how 
much and how often they change were more frequently selected via the feature selection methods. 
Conclusions: A subset of TD features from raw accelerometry could be sufficient for ML-based activity classifi-
cation if properly selected from different axes.   

1. Introduction 

Accelerometers are the most commonly used wearable sensors in 
large-scale observational studies for the device-based measurement of 
daily activities because of their feasibility and applicability [1]. His-
torically, traditional statistical approaches such as regression analyses 
and receiver-operating characteristic curves were used to relate accel-
erometer outputs (e.g., activity counts) with different activity metrics 
[2]. However, the equations and cut points established based on those 
approaches have been repeatedly shown to possess limited prediction 
accuracy across a range of activities commonly performed in daily life 
(from sedentary behavior to vigorous physical activities) [3]. This has 
resulted in the emergence of advanced machine learning (ML)–based 

approaches for activity class prediction from raw accelerometer signals 
[4]. 

Although which ML approach is best for activity class recognition is 
still unclear, previous studies developing ML-based models have 
commonly used artificial neural networks (ANN), support vector ma-
chines (SVM), and random forests (RF) [2,5]. Key steps in training ac-
tivity classification models with such algorithms are feature extraction 
and feature selection prior to developing the model. An extended 
number of time (TD) and frequency domain (FD) features can be 
extracted from acceleration signals. Nevertheless, only some may be 
important and needed for activity prediction, depending on the pre-
diction algorithm and wear location [6,7]. Indeed, the inclusion of 
redundant and correlated features might adversely affect the 
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performance of ML models [7]. 
For a given classification task, different ML algorithms require 

different feature subsets for maximized performance [7,8]. Thus, a 
common approach to find an appropriate feature subset is based on 
feature selection algorithms. Selecting the feature subset has been 
repeatedly found as one of the most important steps (if not the most 
important step) in the ML pipeline [7]. However, most studies devel-
oping activity classification models have subjectively selected the fea-
tures based on what has been used in previous modeling approaches [2, 
9,10]. Few studies have algorithmically found the appropriate subset of 
features from raw acceleration data prior to developing the model 
[11–15] with a limited pool of features (<30). For instance, minimum 
redundancy–maximum relevance (MRMR) [6], ReliefF [16], and 
sequential forward selection (SFS) [16] have been used for feature se-
lection. While some features were commonly selected among those 
studies (e.g., spectral entropy, spectral energy, variance, mean), which 
ones should be selected to develop ML-based models with maximized 
performance is still unclear. 

This study investigated the effects of different feature subsets on the 
predictive performance of popularly used ML methods. The features 
were algorithmically selected from a wide pool of TD and FD features 
using broadly accepted methods. Our aim was to identify appropriate 
combinations of feature subset and prediction algorithms for activity 
class prediction from hip-based raw acceleration data. 

2. Materials and methods 

The procedure of this study is shown in Fig. 1. Briefly, we created a 
comprehensive list of features extracted from previous studies devel-
oping hip-based models from raw acceleration signals (Fig. 2). Then, 
different feature selection methods were performed with all the 
extracted features to find appropriate feature subsets to predict activity 
classes with the ANN, SVM, and RF. 

2.1. Dataset 

The data used for this study was collected from 27 participants (15 
females) aged 17–58 years (Table 1). Each participant wore an accel-
erometer (Hookie AM20, Traxmeet Ltd., Espoo, Finland) attached to an 
elastic belt on their right hip and performed a set of ten activities 
(Table 2) in a semi-supervised environment, as described elsewhere [14, 

15]. The Hookie accelerometer was set to collect three-dimensional raw 
acceleration data at a sampling rate of 100 Hz and an acceleration range 
of ±16 g. Based on the metabolic equivalent values from the Compen-
dium of Physical Activities [17] and the behavioral characteristics of 
activities, the ten activities were grouped into six activity classes 
(Table 2). 

2.2. Feature generation and extraction 

For feature generation, several TD and FD features were identified 
from the existing literature (Fig. 2). Those features were then extracted 
from all the accelerometer axes (i.e., x, y, and z) and vector magnitude 
(

VM,
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
x2 + y2 + z2

√ )
. For feature extraction, the signals were 

segmented into fixed-length, non-overlapping windows. Since this study 
includes a wide range of activity classes, the signals were segmented into 
6-second windows, which was long enough to describe human activities 
[18]. 

2.3. Feature selection 

Feature selection methods can be roughly divided into three cate-
gories: filter, wrapper, and embedded methods [7]. Ten feature selection 
techniques (repeatedly used in various research fields) were used to find 
appropriate subsets of features to predict activity classes: seven filters, 
two wrappers, and one embedded method. 

2.3.1. Filter 
Filter methods score the relevance of all the features according to a 

predefined designated function. The relevance score could be estimated 
using various distance metrics (e.g., Euclidean), correlation, mutual 
information, or consistency metrics, although several other metrics have 
also been proposed [7,8]. In filter methods, a user-specified number of 
features with the highest scores are selected [8]. While these methods 
are simple and potentially efficient, identifying the threshold or number 
of features could be challenging. The filter methods used in this study 
were correlation-based feature selection (CFS), information gain, gain 
ratio, symmetrical uncertainty, one-R, ReliefF, and MRMR [7,8,19,20]. 
Considering that filters require a user-specified number of features, 
several subset sizes—ranging from 10 to 90, incrementing by 5—were 
tested for each method. For filter-based methods, all the produced 

Fig. 1. Overview of the study procedure. Abbreviations: ANN = artificial neural network, SVM = support vector machine, RF = random forest, LOSO = leave-one- 
subject-out cross-validation, and CV = cross-validation. 
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feature subsets were evaluated using ANN, SVM, and RF. 

2.3.2. Wrapper 
Wrapper methods use a classification algorithm to score feature 

subsets. Each new subset is used to train a model, and its performance is 
assessed using a validation set or cross-validation. Feature subsets are 
typically produced with heuristic search methods; exhaustive search is 
unviable because of its computational complexity (unless the number of 

features is small) [7]. Compared with filters, wrappers are generally 
considered to produce better subsets. However, given their dependency 
on the classifiers, they can lead to overfitting. Furthermore, wrappers 
are computationally expensive and time-consuming because the classi-
fier is called iteratively every time a new subset is tested [7]. Here, we 
tested two search strategies, including SFS and best first [7], whose 
generated subsets were tested with the ANN, SVM, and RF. 

Fig. 2. Time and frequency domain features identified from the existing literature. The list of abbreviations is presented in the Supplementary File, Table S1. ^It 
includes 15 features (i.e., Ptot1, Ptoto2, …, Ptot15). *Axes from which the features were extracted. References [40–56] are not cited in the text. 
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2.3.3. Embedded 
Embedded approaches include classifiers that have built-in feature 

selection methods and perform variable selection in the process of 
training. This way (and unlike filters and wrappers), an interaction ex-
ists between the processes of feature selection and learning. Common 
embedded methods include several types of decision tree algorithms, 
such as classification and regression tree, C4.5, and RF [21]. The 
importance assessment is usually based on criteria such as information 
theory, accuracy on a separate evaluation set or on the training set itself, 
to evaluate the feature’s ability to separate classes [21]. While RF can be 
considered an embedded method, we also used it as a classifier for the 
subsets resulting from the other feature selection methods (filters and 
wrappers). 

2.4. Training, testing, and validation data 

We first split the whole dataset into the training/testing set and the 
left-out validation set, comprising 70 % (n = 19) and 30 % (n = 8) of the 
participants, respectively. The training/testing set and the validation set 
were participant-based; that is, each participant’s activity data (6-sec-
ond windows) were either in the training/testing phase or in the vali-
dation phase. This was done to provide a better understanding of the 
results’ generalizability in terms of the appropriateness of the selected 
feature subsets for activity classification from unseen participants [22]. 
Given that cycling data were sparse, a stratified sampling method was 
used to preserve the ratio of classes between the training/testing and 
validation sets. 

We utilized the training/test set with 10-fold cross-validation for 
selecting different feature subsets using different feature selection al-
gorithms. All the resulting feature subsets were fed into the three clas-
sification algorithms. We used leave-one-subject-out (LOSO) cross- 
validation for model training and testing with different generated 
feature subsets within the training/test set. We selected the best- 
performing subset of features selected by each algorithm. The best- 
performing feature subsets were then used to train the classification 
models with the whole training/test set. To evaluate the appropriateness 
of the feature subsets, the best-performing feature subsets were also 
extracted from the left-out validation set and tested on the models 
developed with the training/testing set and the best-performing feature 
subsets. 

To compare the differences between training models with 

algorithmically selected features and subjectively selected features, we 
trained the models using all features that were extracted in previous 
studies (full feature set). Additionally, we trained the models with two 
other subjectively selected feature subsets, one containing the features 
that were extracted in at least five previous studies (Common Feature 
Set 1) and the other containing the features that were extracted in at 
least thirteen previous studies (Common Feature Set 2) (see Supple-
mentary Table S1). 

All the feature selection algorithms were performed with the default 
parameters. Prior to training, the proper parameters were found for all 
three classification algorithms using grid search optimization (see Sup-
plementary Table S2). Classification algorithms were performed in 
MATLAB R2020a (MathWorks, Natick, Massachusetts), and all the 
feature selection approaches (except MRMR) were performed in WEKA 
3.8.4 (University of Waikato, Hamilton, New Zealand). MRMR was 
implemented using MATLAB since it was not found in WEKA. 

2.5. Performance measures 

We tested the model performance on the left-out validation set with 
accuracy and a linearly weighted kappa (K) to explore the relevance of 
feature subsets [23,24]. Kappa statistics is an appropriate performance 
metric for multiclass classification tasks to ensure that the overall pre-
diction accuracies were not by chance [23]. Since our dataset did not 
equally represent all classes with a similar number of observations, we 
presented a macro-averaged overall accuracy (rather than 
micro-averaged) to treat all classes equally and avoid favoring those 
with higher numbers of instances [24]. The macro-averaged overall 
accuracy allowed a more reliable evaluation of multiclass classifiers 
[24]. Macro-averaged accuracies were calculated by adding the per-
centage of correctly classified windows in each activity category within 
the left-out validation set and dividing them by the total number of 
activity categories. 

3. Results 

A total of 206 features were extracted (i.e., 32 TD features and 28 FD 
features were extracted from the three acceleration axes and VM) from 
each windowed segment. The performance of the classifiers when 
trained with the subjectively selected feature subsets is shown in 
Table 3. Both the ANN and the SVM had poor performances with the full 
feature subset (accuracy = 25.7 % and 29.0 %, respectively; K = 0.30 
and 0.27, respectively). They also had poor performances with Common 
Feature Set 1 (accuracy = 32.7 % and 28.9 %, respectively; K = 0.38 and 
0.26, respectively) but performed significantly better with Common 
Feature Set 2 (accuracy = 75.7 % and 72.1 %, respectively; K = 0.81 and 
0.78, respectively). On the other hand, the RF showed substantially 
better results with the full feature subset (accuracy = 84.5 %; K = 0.88), 
and a slightly lower performance with Common Feature Set 2 (accuracy 
= 73.3 %; K = 0.80). 

The performance of the classifiers when trained with algorithmically 
generated feature sets is shown in Table 4. Overall, the ANN model 
performed well with all the algorithmically selected feature sets (accu-
racy range = 79.8 %–88.0 %; K range = 0.81–0.89), but it performed 
best when it was trained with the feature subset selected according to 
symmetrical uncertainty using 20 features. The SVM also achieved its 
highest performance (accuracy = 87.5 %; K = 0.88) when trained with 
the feature subset selected according to symmetrical uncertainty using 
45 features, but had also comparable performance when trained with 
the feature subsets selected based on Information gain and Gain Ratio 
using 40 and 30 features, respectively (accuracy = 86.7 % and 86.6 %; K 
= 0.88). Similar to the SVM, the RF performed reasonably well when 
trained with the feature subsets selected via filter-based methods (ac-
curacy range = 82 %–86.9 %; K range = 0.85–0.88), but achieved a 
lower performance when trained with feature subsets selected via 
wrapper-based methods (accuracy range = 70.2 %–70.4 %; K range =

Table 1 
Demographic characteristics of the participants.   

Women (n = 15) Men (n = 12) Total (n = 27) 

Age (years) 31.1 (10.6) 34.1 (11.7) 32.4 (11.2) 
Height (cm) 165.7 (2.9) 179.9 (3.3) 172.0 (7.7) 
Body mass (kg) 66.7 (7.2) 83.8 (6.5) 74.3 (11.0) 
BMI (kg/m2) 24.2 (2.1) 25.9 (1.5) 25.0 (2.0) 

Values are mean (standard deviation). Abbreviation: BMI = Body mass index. 

Table 2 
Description of the performed physical activities and their corresponding classes.  

Activity Description Class 

Lying on a sofa Hanging out on a sofa Sedentary 
activities 

Computer work Sitting while working on a computer Sedentary 
activities 

Standing Following a discussion and poster viewing Light activities 
Table sweeping Wiping and setting up a kitchen table Light activities 
Floor cleaning Sweeping the floor Light activities 
Walking slow Approximately 2− 3 km/h Light activities 
Walking fast Approximately 5− 6 km/h Walking fast 
Soccer Passing the ball Ball games 
Jogging Self-paced speed Jogging 
Cycling Optional Cycling  
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0.77–0.80). RF achieved the highest performance (accuracy = 86.9 %; K 
= 0.88) when trained with the feature subset selected based on gain 
ratio using 20 features, but had also comparable performance when 
trained with the feature subset selected based on MRMR using 45 fea-
tures (accuracy = 86.4 %; K = 0.88). 

Fig. 3 shows the number of times each feature has been selected 
among the 30 most selected features of each selection approach. 
Considering all the axes, the most commonly selected features included 
nine TD features (standard deviation, interquartile range, peak-to-peak 
amplitude, variance, covariance, coefficient of variance, zero crossing 
rate, minimum, and kurtosis) and three FD features (dominant fre-
quency between 0.25 Hz and 5.0 Hz, dominant frequency between 0.3 
Hz and 3.0 Hz, and total power between 0.3 Hz and 15 Hz). Although 
similar features were extracted from the three axes and the VM, the most 
selected features were generally the ones extracted from the VM. 
However, this was more evident among the TD features than the FD 
features. 

4. Discussion 

This study assessed the effects of different features on ML algorithms 
for activity classification. Several subsets of features created by various 
feature selection methods and with different sizes were used to train 
three classifiers. Overall, the models trained with filter-selected features 

subsets outperformed the ones trained with wrapper-selected subsets. 
This reflects the ability of simpler and faster methods to achieve 
appropriate results, even though wrappers are reportedly known to 
produce superior results [7]. 

Overall, the predictive performance of all the three classifiers was 
better when trained with feature subsets selected algorithmically 
compared with those generated based on previous studies. Additionally, 
our results indicate that without feature selection, ANN and SVM may 
perform well in classifying sedentary to light activities, while RF could 
perform relatively better across all activity categories, including sparse 
activity categories. These findings are in line with previous studies in the 
field of human activity classification [3,25] and other similar fields that 
require feature extraction from time series [26], suggesting that feature 
selection is an important, nontrivial step in ML models training. 

All the three classification algorithms including ANN, SVM, and RF 
achieved the highest performance with a filter-based selected subset of 
features. Additionally, their predictive performance was comparable 
when the models were trained with filter-generated feature subsets. 
Considering that most previous studies have empirically selected the 
features [2,5], this suggests that researchers could use filter-based 
methods that are relatively easier to apply before activity classifica-
tion to obtain maximized classification performance. 

The most commonly selected features among all the feature selection 
methods were the TD features. This is in agreement with previous 
studies, which also generally used TD features to predict similar activity 
classes with acceptable results [27–29]. For instance, Montoye et al. 
compared several accelerometer placements, and the model trained with 
the hip-collected data achieved reasonable accuracy (>90 %) in pre-
dicting movement intensities with few TD features [27]. Another similar 
study comparing different accelerometer placements for activity 
recognition also reported an acceptable level of predictive accuracy for 
the models that were trained with different feature subsets consisting of 
only TD features [28]. TD features are typically easier to compute than 
FD features, which may explain their popularity among the existing 
studies. 

There may be a preference for certain types of TD features and spe-
cific ranges of frequencies for FD features. Our results suggest that TD 
features that reflect how signals vary around the mean (i.e., standard 
deviation, variance, coefficient of variance), how they vary among one 
another (i.e., covariance), and how much and how often they change (i. 
e. zero crossing rate, peak-to-peak amplitude), may altogether be rele-
vant for activity classification. This is in line with the literature, where 
the most common TD features have been mean, standard deviation, 
percentiles, and correlations among axes [30,31]. The most meaningful 
FD features were found to be those specific to certain frequency ranges 
(i.e., 0.25–5.0 Hz, 0.3–3.0 Hz, and 0.3–15 Hz). This can be explained by 
most frequencies within the range of human body movement being 
under 20 Hz [32] and the remaining spectrum not being as meaningful 
for activity classification. FD features varied more among the previous 
studies, but generally, they were mainly extracted from the full fre-
quency spectrum (i.e., dominant frequency, power of dominant fre-
quency, total power, and entropy) [3,33]. Our findings may therefore 
have implications for better algorithm design and harmonizing 
modeling approaches. 

The models that achieved higher performances were trained with 20 
(for ANN and RF) and 45 (for SVM) features, indicating that a reasonable 
number of features for training activity classification models could be 
within this range. This agrees with previous studies that have also 
generally extracted around 20–40 features to train activity classification 
models [27,28,34]. In some applications, such as real-time activity 
recognition systems, the computational complexity of the features is an 
issue and typically a limited number of features are extracted [35]. Our 
finding is important because it indicates that for those applications ANN 
and RF may be used to achieve maximized performance using a rela-
tively lower number of features. Hence, there appears to be a tendency 
toward the orientation-dependent axes in the existing literature, and 

Table 3 
Classification accuracy of models trained with feature subsets selected based on 
the existing literature in the validation dataset per class (in percentage) and 
overall.   

Activity class Full feature set Common 
Feature Set 1 

Common Feature 
Set 2 

ANN 

Sedentary 
activities 98.0 98.0 99.1 

Light 
activities 

31.0 0 66.2 

Walking fast 0 58.6 61.0 
Ball games 0 0.0 92.1 
Jogging 0 39.7 60.3 
Cycling 25.0 0 75.7 
Accuracy, % 25.7 32.7 75.7 
Kappa, K (95 
% CI) 

0.30 
(0.26− 0.33) 

0.38 
(0.34− 0.42) 

0.81 
(0.78¡0.83)  

SVM 

Sedentary 
activities 

98.1 98.4 99.2 

Light 
activities 

75.9 74.9 72.4 

Walking fast 0 0 57.8 
Ball games 0 0 93.9 
Jogging 0 0 81.3 
Cycling 0 0 27.8 
Accuracy, % 29.0 28.9 72.1 
Kappa, K (95 
% CI) 

0.27 
(0.21− 0.32) 

0.26 
(0.21− 0.32) 

0.78 
(0.75¡0.81)  

RF 

Sedentary 
activities 

60.3 65.6 65.7 

Light 
activities 

98.0 98.6 97.8 

Walking fast 95.7 93.3 83.6 
Ball games 92.3 92.1 86.5 
Jogging 98.7 98.4 86.8 
Cycling 61.8 59.7 21.5 
Accuracy, % 84.5 84.6 73.7 
Kappa, K (95 
% CI) 

0.88 
(0.85¡0.90) 

0.88 
(0.86− 0.90) 

0.80 (0.78− 0.83) 

Number of features in full feature set, common feature set 1, and common 
feature set 2 was 206, 92, and 30, respectively. For each classifier, the feature set 
achieving the highest performance (overall accuracy and Kappa) is shown in 
bold. Abbreviations: ANN = Artificial neural network, SVM = Support vector 
machine, RF = Random forest. 
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previous studies have generally not extracted features from the VM [27, 
33,34]. Our results indicate that even though the VM is an 
orientation-independent axis, features extracted from it could also be 
useful and enhance the predictive ability of ML models. This suggests 
that for the development of ML models for activity class prediction, 
future studies may consider extracting features from all axes, especially 
when only TD features are considered. 

Previous studies have shown that many factors could affect the 
generalizability of ML-based models developed for activity classifica-
tion. These factors include defined activity categories, sampling fre-
quency, and even the differences in the raw acceleration data from 
different accelerometers [2,15,32,36]. Our study results extend the 
findings of previous studies by showing that feature selection could 
directly affect the performance of ML models developed for activity 
classification. Nevertheless, our results’ generalizability in terms of the 
optimality of feature subsets may be limited. This is not surprising 
because, in general, identifying the most optimal feature subset for a 
given classification problem could be difficult [7,8]. Still, our results are 
noteworthy since they indicate what type of features and feature se-
lection methods could be important and used in combination with 
common algorithms for activity classification. 

We found that the importance of feature selection depends on the 
classification algorithm. The ANN and SVM need feature selection, 
whereas the RF does not rely on it as much or at all. Our results showed 
that training the ANN and SVM with a limited number of features and 
too many irrelevant features could negatively affect their performance. 
This was not surprising because a limited number of features may 
restrict the training of a classifier, while an unnecessary number of 
features could confuse the classification algorithms because of redun-
dant information [3,7,8]. Hence, our results showed that when the RF is 
used, a relatively more comprehensive feature subset may be better to 
achieve maximized prediction performance. One possible explanation is 
that a higher number of features provides a better chance for RF’s 
embedded feature selection strategy to select a better subset of features 
among the included features. An alternative method that does not 
require feature selection is the deep learning approach. When fed with 
raw data, it automatically identifies and learns the representations of 
data that are needed for classification [37]. This learning technique has 
brought major advances in other research fields. Nevertheless, most 
studies focusing on physical activity prediction continue to use ML al-
gorithms that require feature generation and selection [2]. 

This study contains some limitations. The sample size for training, 

Table 4 
Number of features and classification accuracy of models trained with feature subsets selected by the feature selection algorithms in the validation dataset per class (in 
percentage) and overall.    

Filters Wrappers  

Activity 
class 

CFS Gain ratio Symmetrical 
uncertainty 

One-R Information 
gain 

ReliefF MRMR SFS Best first 

ANN 

Sedentary 
activities 98.7 98.1 98.0 70.4 86.1 99.1 98.5 98.9 98.7 

Light 
activities 

72.6 74.5 76.1 91.8 78.3 66.0 72.7 69.6 71.9 

Walking fast 78.8 93.5 92.7 82.5 94.9 84.4 85.5 72.0 72.6 
Ball games 89.7 88.6 91.0 89.7 88.6 84.9 88.4 87.8 87.6 
Jogging 92.6 94.7 95.3 98.2 97.6 77.6 90.0 92.6 87.6 
Cycling 66.0 74.3 75.0 71.5 72.9 56.3 62.5 79.9 60.4 
Accuracy, % 83.1 87.3 88.0 84.0 86.4 78.1 82.9 83.5 79.8 
Kappa, K 
(95 % CI) 

0.85 
(0.83− 0.87) 

0.87 
(0.85− 0.89) 

0.89 
(0.87¡0.91) 

0.86 
(0.84− 0.89) 

0.87 
(0.85− 0.89) 

0.81 
(0.78− 0.83) 

0.84 
(0.82− 0.86) 

0.84 
(0.81− 0.86) 

0.83 
(0.80− 0.85)  

# of 
features 

30 25 20 25 25 45 30 37 31  

SVM 

Sedentary 
activities 

98.9 99.0 98.9 67.3 99.1 98.9 98.8 89.0 89.3 

Light 
activities 71.7 71.7 73.5 91.4 73.2 73.7 71.8 91.3 82.7 

Walking fast 86.3 90.6 91.9 91.7 89.5 90.1 91.4 79.3 72.0 
Ball games 93.4 91.5 91.8 87.8 90.2 91.3 92.3 66.7 67.5 
Jogging 92.9 94.5 96.6 97.1 95.8 91.3 93.9 97.6 84.2 
Cycling 59.7 72.2 72.2 72.2 72.2 66.7 61.1 0.0 0.0 
Accuracy, % 83.8 86.6 87.5 84.6 86.7 85.3 84.9 70.7 66.0 
Kappa, K 
(95 % CI) 

0.85 
(0.83− 0.87) 

0.88 
(0.86− 0.90) 

0.88 
(0.86¡0.90) 

0.87 
(0.85− 0.89) 

0.88 
(0.86− 0.90) 

0.87 
(0.85− 0.89) 

0.86 
(0.84− 0.88) 

0.80 
(0.77− 0.82) 

0.72 
(0.69− 0.75)  

# of 
features 35 30 45 25 40 35 20 5 5  

RF 

Sedentary 
activities 60.4 98.1 43.3 50.0 60.2 60.0 70.5 66.3 86.0 

Light 
activities 99.1 76.6 97.2 98.1 98.6 93.2 90.9 94.4 77.4 

Walking fast 95.7 95.2 96.2 94.6 95.7 93.3 96.0 80.4 60.5 
Ball games 92.1 86.2 92.1 87.3 88.4 92.6 93.4 79.4 80.7 
Jogging 98.4 96.8 98.4 97.9 97.4 89.7 98.4 95.5 56.8 
Cycling 63.2 68.1 67.4 65.3 61.8 63.2 69.4 6.3 59.7 
Accuracy, % 84.8 86.9 82.4 82.2 83.7 82.0 86.4 70.4 70.2  
Kappa, K 
(95 % CI) 

0.88 
(0.86− 0.90) 

0.88 
(0.86¡0.90) 

0.85 
(0.82− 0.87) 

0.85 
(0.83− 0.88) 

0.87 
(0.85− 0.89) 

0.85 
(0.83− 0.88) 

0.88 
(0.86− 0.90) 

0.77 
(0.74− 0.80) 

0.80 
(0.77− 0.82)  

# of 
features 

35 20 60 40 40 30 45 6 7 

For each classifier, the feature set achieving the highest performance (overall accuracy and Kappa) is shown in bold. Abbreviations: ANN = Artificial neural network, 
SVM = Support vector machine, RF = Random forest, CFS = Correlation Feature Selection, MRMR = Minimum Redundancy Maximum Relevance, SFS = Sequential 
Forward Selection. 

J. Chong et al.                                                                                                                                                                                                                                   



Gait & Posture 89 (2021) 45–53

51

testing, and validation was limited. Still, the study was able to gather a 
representative group of adult participants in terms of gender, age, and 
characteristics (i.e., weight, height, and body mass index). Also, the 
sample size was comparable to several studies developing ML models for 
predicting activity categories, and the monitored activities included a 
range of activities frequently performed in daily life [2,5]. The gener-
alizability of our results may also be a concern. To ensure the general-
izability of our results on unseen participants, we left 30 % of the 
participants out of the training phase; we tested whether the models 
could predict the activities of the participants who were not part of 
model training. However, although it is unlikely that our results in terms 
of the appropriateness of feature subsets would change dramatically 
because our study was performed with raw accelerometry and proper 
training, testing, and validation, further studies must test whether the 
features identified here as important are also relevant in other inde-
pendent datasets. Our dataset was collected under semi-free-living 
conditions. Future studies should therefore repeat the procedure with 

datasets collected under free-living environments to test whether similar 
features remain important to activity classification with free-living data. 
Furthermore, cycling was not performed by all the participants. Only 
nine participants (33 %) performed this optional activity, leading to 
class imbalances [38]. This may explain why all the classifiers generally 
classified cycling with a lower accuracy, although classifying cycling 
from hip-based accelerometry is relatively more difficult than doing so 
for the other activities [39]. Finally, our models were trained with 
hip-based raw acceleration data, and therefore, our findings may not be 
generalizable to other commonly used wear locations such as the wrist. 

5. Conclusion 

This study showed that simple TD features could be sufficient for 
activity class prediction. For activity classification with an ANN and an 
SVM, filter-based feature selection could be used to find an optimized 
feature subset. When an RF is used as the classification algorithm, the 

Fig. 3. Number of times each feature has been selected among the 30 most selected features of each selection approach. The list of abbreviations is presented in the 
Supplementary File, Table S1. *Frequency domain feature. 
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most relevant features could also be selected with a filter-based 
approach, but if a comprehensive list of features is generated for 
training, feature selection may be unnecessary. 
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