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Abstract. Human motion analysis is a vital research area for healthcare sys-
tems. The increasing need for automated activity analysis inspired the design of 
low cost wireless sensors that can capture information under free living condi-
tions. Body and Visual Sensor Networks can easily record human behavior 
within a home environment. In this paper we propose a multiple classifier sys-
tem that uses time series data for human motion analysis. The proposed ap-
proach adaptively integrates feature extraction and distance based techniques 
for classifying impaired and normal walking gaits. Information from body sen-
sors and multiple vision nodes are used to extract local and global features. Our 
proposed method is tested against various classifiers trained using different fea-
ture spaces. The results for the different training schemes are presented. We 
demonstrate that the proposed model outperforms the other presented classifica-
tion methods. 

Keywords: human motion analysis, time series classification, multiple classifi-
er systems. 

1 Introduction 

Human health monitoring continues to be an increasingly active research area. Ubi-
quitous healthcare systems provide information necessary to recognize emerging 
physical problems. This is useful for monitoring and controlling the elderly and 
chronically ill patients inside their homes [1]. In general, human activity can be cap-
tured within a home environment. This can automatically provide an online analysis 
of the user’s health status [2]. One of the most promising health care areas is human 
motion analysis. Understanding user walking patterns and identifying changes in eve-
ryday behavior can reveal the onset of adverse health problems. Moreover, capturing 
walking abnormalities is important for assessing people who may have a greater risk 
of falling [3]. A set of sensors is used to capture information of human activity pat-
terns. Recognizing various activities requires different sensors at different locations 
and time. Among sensors that are helpful in context recognition tasks are Body Sen-
sor Networks and Visual Sensor Networks. Body Sensor Networks (BSNs) are wire-
less wearable sensors that capture continuous data over extended periods of time [4]. 
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BSNs can be easily worn with minimal inconvenience. Wearable sensors prove to be 
helpful in health monitoring of patients in ambulatory settings [5,6] and in measuring 
gait parameters [7,8]. Visual Sensor Networks (VSNs) are ambient sensors that con-
tain a number of low cost vision sensor nodes [9]. Information computed from distri-
buted multiple vision nodes can monitor the movement of human body. 

In this paper we address the problem of human motion analysis from a time series 
perspective. Sensor data is a typical form of time series observations captured along a 
period of time. We propose a new methodology for classification of human motion 
activity by retaining the temporal aspect found in sensor captured measurements. The 
proposed architecture performs automated differentiation between impaired and nor-
mal walking gaits. Real time motion monitoring and recognition is implemented for 
gait analysis. The objective is to identify walking patterns for unseen individuals us-
ing a training set of different subjects. We previously tested the model on character 
and sign language recognition applications and produced satisfactory results [10]. 

The proposed model uses multiple classifiers to integrate feature and distance 
based methods extracted from body sensor and multiple vision nodes. The aim of this 
study is to investigate the different classifier integration methods for the problem of 
human motion analysis.  Different types of local and global features are explored. 
Our model is mainly though for real time classification, however we also investigate 
the performance in an offline setting and discuss impact of preprocessing and feature 
effectiveness in this case.  

The data set used represents information captured by an ear worn body sensor node 
and four wireless cameras. A home care environment is simulated to record motion 
information for different targets.  

The paper is organized as follows: The following section highlights important 
background related to human motion analysis, time series classification and multiple 
classifier systems. Section 3 presents the proposed ensemble. Section 4 introduces the 
data set, experimental setup and results. The discussion is presented in section 5. The 
final section concludes the paper and discusses future work. 

2 Background 

2.1 Human Motion Analysis 

The process of human motion analysis can be classified into three parts: human detec-
tion, tracking and behavior recognition [11]. In this work, we are concerned with hu-
man behavior understanding. Most techniques for activity recognition using sensor 
data follow a number of steps [12]:  First the captured signal is divided into windows. 
The windowing technique segments the signal sequentially into smaller parts with or 
without overlap [13-16]. The second step is to extract features from each window. 
These features should be able to discriminate between different classes of action. 
Widely used features include mean, variance, entropy, energy, skewness and kurtosis 
[16-20]. Also the frequency content of a signal is analyzed using extracted frequency 
domain features. Some of these features such as the fast Fourier transform entropy can 
be used to differentiate between actions with highly varying acceleration patterns [13]. 
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Finally, the generated features are used as input to a classification process. The last 
step is applying a classification algorithm to distinguish between different human ac-
tivities. Comparisons of different classifiers for activity recognition are found in [13] 
and [21]. 

2.2 Time Series Classification 

Time series data is a sequence of observation values ordered with respect to time in 
ascending order [22]. Time series analysis studies the structural dependencies be-
tween the observations. Among the challenging tasks in time series analysis is time 
series classification. Similar to conventional supervised classification, each series is 
associated with a class label. During training phase, examples of series with known 
classes are presented. The goal is to learn patterns and assign unlabeled time series 
into predefined classes.  

Three main approaches are used along the literature for time series classification; 
distance based methods, feature extraction followed by a classification method, and 
finally model based classification [23]. In the distance based method approach a dis-
tance function is used to define the similarity between time series data [24]. Many 
methods have been proposed to define similarity between time series data. Some of 
these techniques are listed in [24]. The most widely popular techniques are Euclidean 
distance (ED) and Dynamic Time warping (DTW) [25]. Another approach for time 
series classification is transforming the observations into a feature vector thus allow-
ing the usage of a conventional pattern recognition scheme [26,27]. Global and local 
features are extracted from each time series sample. These features represent the 
global characteristics and the temporal aspect of a time series respectively [26]. Other 
methods include classifying time series using modeled based algorithms such as Re-
current Neural Networks (RNN) [28,29] and Hidden Markov Models (HMM) [30]. 

The field of Multiple Classifier Systems (MCS) has attracted great interest in pat-
tern recognition research. The main objective is based on the continuous need for 
improving the classification accuracy. The idea of MCS is combining learners to gen-
erate more precise results than individual classifiers [31]. The decision aggregation is 
dependent on using competitive experts as single classifier, and combining their dif-
ferent predictions to provide complementary information about the problem. MCS 
works best when base classifiers produce accurate and diverse results [32]. 

3 Proposed Ensemble Model 

A multiple classifier systems approach is proposed for human motion recognition 
using time series analysis. The proposed architecture is a two layer ensemble; it com-
bines classifiers trained with different features and distance measures. The decision 
fusion is performed using a trainable combiner that learns the class from the outputs 
of classifiers in the first layer. 

Figure 1 shows the model architecture. Initially three base classifiers are trained 
independently with a different set of features. The first classifier is trained using local 
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features while the second classifier is trained using global features. The third classifier 
is a K Nearest Neighbor classifier with Dynamic Time Warping similarity distance 
function. Next, a fusion layer is trained to perform mapping of the classifiers’ outputs 
into the set of desired class labels. 

 

 

Fig. 1. Ensemble Architecture Block Diagram 

The success of the ensemble depends on the use of different models and feature 
spaces for training the base classifiers. This provides complementary and diverse 
information about each subject’s walking pattern. The model captures differing in-
formation from sensors, and uses them to train individual classifiers to produce inde-
pendent errors. The outputs of the three base classifiers are used as training data for 
the fusion classifier to make an improved estimate of the activity pattern. The com-
biner classifier is adaptive enough to learn the weights of different classifiers and the 
best combination of base classifiers’ decisions. As follows we present the details of 
the proposed ensemble model.  

3.1 Feature Extraction 

The precision of the classification process is highly related to the selection of 
attributes. Both local and global features are used in order to capture the fundamental 
trends in the motion activity. Each type will represent a different aspect of the struc-
ture of patterns, thus generate accurate approximations. 

Local features are features extracted from interval regions of a time series [33]. 
Sliding time windows are used to divide the sensor signals into segments. A sliding 
window covers a small portion and moves along the series, extracting a set of features 
from each window. The number of windows varies from a time series to another. For 
time series T, a sliding window WJ is moved along the series dividing it into parts T i I  for each windowW , j 1, … J. Starting from the first observation, the sliding 
window extracts the features until the whole time series is covered. This method will 
reveal temporal information in BSN and VSN sequences. Spikes, edges or sudden 
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abrupt changes in time domain of a walking pattern are defined. Local features ex-
tracted are the average of raw values, minimum, maximum, amplitude and standard 
deviation. 

Global features are based on the global characteristics and information of the 
whole time series instead of the temporal property [26]. Global features give a meas-
ure of the overall properties of a subject’s complete walking activity. By following 
the general trend of the entire movement, valuable gait information is extracted. This 
information is not affected by the contrasting sub regions in the pattern. Each se-
quence is analyzed independently and also the association between different series is 
examined. The total distance covered by each time series is calculated. Also we com-
pute the Euclidean distance between each pair of series, the minimum and maximum 
of each attribute and the mean of each sequence. 

3.2 Similarity Measure 

Dynamic time warping (DTW) [25] is an algorithm that measures the similarity 
among sequences of data. The algorithm computes the best alignment between two 
walking patterns that can be of different length. DTW can find the likeness between 
sequences that are warped non-linearly in time dimension. Unlike Euclidean distance, 
if two similar gait measurements are not exactly timely aligned, DTW algorithm can 
map them to the same class. In other words, the algorithm is able to examine two 
series very much like the way humans may compare and recognize the similarity be-
tween them. 

The DTW algorithm can be formulated as follows: 
Given two sequences X and Y of length m and n respectively: X x , x , … , x   Y y , y , … , y  
The goal is to find a path which minimizes the total distance between the two se-
quences. 
The sequences are used to form a matrix M of size [m, n]. Each cell in M denotes an 
alignment between elements  x   X and y   Y where: 0  i   0    
This alignment is denoted by the squared distance between the points x  and y .  d x ,y  x   y   
The matrix is searched to find an optimal distance path W between the two sequences. W w , w , … , wK 
Each w corresponds to a d(i, j) point in the matrix M. The optimal path is the one 
that minimizes the distance: DTW X, Y min wK

 

Where (w ) is the k  matrix element in the warping path W. 
Dynamic programming is used to find the minimal warping path W. Dynamic Pro-

gramming divides the problem into sub problems, and uses the solutions repeatedly to 
solve the original problem [34]. 
The path is discovered using the following recurrence: 
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γ (i,j) = d(i,j) + min{ γ(i-1,j-1) , γ(i-1,j ) , γ(i,j-1)} 
For each element in the matrix d(i,j), the three adjacent elements are examined, and 
the minimum cumulative distance γ (i,j) is selected in a recursive way. 

The proposed ensemble uses KNN classifier with DTW algorithm applied as a si-
milarity measure. When minimal distance is found between a given sequence and a 
class label, the pattern is assigned to this particular label. A warping path is calculated 
between each series in the training data and in the test sequence. An unknown input 
pattern is compared to all labeled series. The classification is based on ranking the 
labeled instances by their similarity measure to the unlabeled pattern. 

3.3 Ensemble Fusion 

The fusion layer for the architecture is a classifier which adaptively combines the 
outputs of the three classifiers to produce the final class label. The fusion classifier is 
trained on a separate data set that has not been used to train the base classifiers. This 
means that a training set is used to build the base classifiers, and a validation set is 
used to train the combiner classifier using the outputs from the base classifiers as 
features. This two layered ensemble architecture allows the combiner classifier to 
learn the mapping between the labels produced from the base classifiers and the de-
sired class labels. Since the base classifiers are trained using different feature spaces, 
each classifier makes different mistakes and produces independent errors. Thus, the 
trainable combiner learns the different outputs of each classifier (including their indi-
vidual errors). After training level one and two of the architecture, a separate test set 
is used to evaluate the classification process. 

4 Data and Experiments 

4.1 Data Set 

The data set represents motion information of different targets. It is obtained from 
[35] and experiments were carried out in a lab-based home monitoring environment. 
The data set contains accelerometer information from a wearable body sensor and 
information from multiple vision nodes. The cameras simulate visual information 
from vision sensor nodes by capturing and sending images at 10 frames per second. 
The proposed framework in [35] employs ubiquitous sensing to acquire non redun-
dant, complimentary features for improved motion analysis. The data set consists of 
two classes; impaired walking (limping) and normal walking patterns. Ten subjects 
are used, and for each subject four different examples for each limping and walking 
patterns are recorded. 

4.2 Setup and Results 

Data from body and visual sensors are captured in frames per second. Thus informa-
tion from each sensor is considered a time series sample. The temporal aspect in the 
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measured data is used to build the classification model. A set of experiments are car-
ried out for evaluating the proposed model. Experiments are performed for real time 
and offline motion classification. 

For the DTW approach, data abstraction is performed for reducing the size of the 
input time series. This helps in speeding up the algorithm. The time series is reduced 
and the warping path is found by DTW on lower resolution time series. Each pair of 
adjacent observations in the series is averaged, this way the size is reduced by the 
factor of two every time resolution is decreased.  

In the first experiment we test the efficiency of our proposed ensemble compared 
to conventional single classification techniques using both local and global features. 
The effect of these features on classification accuracy is analyzed. In this experiment, 
our objective is real time classification; to recognize the motion pattern instantly. We 
also test the impact of different sensor nodes on motion analysis and present the re-
sults for training with BSN and VSN data. Next we explain the set up for the first 
experiment followed by the results. 

The following single classifiers are used: support vector machines, decision trees, 
K - Nearest Neighbor and naïve bayes classifiers. As for the proposed ensemble, it’s 
diversity depends on the different feature representations. Two base classifiers are 
trained using local and global features, and a KNN classifier that uses DTW as the 
similarity measure. To train the combiner classifier the output labels from the base 
classifiers are used as features. These features along with the actual labels from the 
training set are the input to the second fusion layer. Support vector machine classifier 
with polynomial kernel is used for combination due to its generalization capability. 
WEKA [36] is used for our implementation. All experiments are conducted using 
leave one out method. The classification accuracy of the proposed framework is tested 
using unseen subjects.  

A window of three seconds is used for training. This decreases the delay, and also 
increases the number of training samples used in classification, since each subject’s 
recordings are divided into many training samples, three seconds each. We test 
whether the time series model can represent the short window well enough to recog-
nize the subject’s motion pattern. Global features are extracted from the whole motion 
sample. Windows representing one second each are defined concurrently, these win-
dows are used to extract local features.  

Below are the findings of the first experiment. Tables 1 and 2 present the results 
for classification using BSN and VSN respectively. The tables demonstrate the results 
for classification using local and global features. Also, the accuracy of the proposed 
ensemble architecture (section 2) is presented. The mean and standard deviation for 
the different classification accuracies are shown. 

Table 1. Percentage accuracy for single classifiers and proposed ensemble - BSN data set – real 
time experiments 

Single Classifiers Local Features Global Features 

Naïve Bayes 72.03% ±8.42 84.78% ±2.11 

Decision Tree 78.89% ±6.34 81.20% ±2.53 
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Table1. (Continued) 

KNN 80.01% ±3.52 92.94% ±1.90 

SVM 80.66% ±3.54 93.94% ±0.9 

Proposed Ensemble 96.48±0.47 

Table 2. Percentage accuracy for single classifiers and proposed ensemble - VSN data set – real 
time experiments 

Single Classifiers Local Features Global Features 

Naïve Bayes 74.64±12.76 81.45±1.89 

Decision Tree 79.34±10.40 93.75±0.9 

KNN 84.2±9.48 93.23±0.89 

SVM 86.43±8.58 94.11±0.88 

Proposed Ensemble 98.48±0.52 
 
In general, results reveal that using global features outperforms local features. Ad-

ditionally, Support Vector Machine is the winning ‘single’ model using local and 
global features for both data sets. As for the sensor recordings, training using BSN 
and VSN data yield similar results. We should note that the result of training single 
classifiers using both BSN and VSN data yields close results to when only BSN data 
is used. Finally, the proposed ensemble architecture outperforms the performance of 
single classifiers. The classification is improved significantly by combining feature 
and distance based techniques and introducing the trainable fusion layer. 

The second experiment is presented next. To verify the usefulness of our approach, 
we test offline classification using the whole sensor recordings. In some applications 
it is useful to use the whole subject’s motion pattern as input data, this provides more 
information about the motion pattern, but does not allow online classification. Similar 
to real time classification, smaller windows are moved along each sensor recording to 
extract the local features. The number of windows varies for each series under con-
sideration; and depends on the number of instances produced from each subject’s 
recordings.  

Table 3. Percentage accuracy for single classifiers trained using different features – BSN and VSN 
combined – offline experiments 

Single Classifiers Local Features Global Features 

Naïve Bayes 91.78±6.2 85.34±4.81 

Decision Tree 93.52±5.95 81.89±7.29 

KNN 89.65± 7.23 76.72±9.25 

SVM 90.89±6.11 84.91±5.29 

 
Table 3 shows the accuracies of single classifiers trained using local and global 

features from both sensors. Here, global features are clearly performing worse in of-
fline experiments than in real time results. The table also indicates that Decision Tree 
produces best results for local features while Naïve Bayes outputs the best results for 
global features. This is different from previous experiments where Support Vector 
Machines outperformed other single classifiers.  
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Finally, studies have indicated the need for preprocessing the data before classifi-
cation [35]. In the next experiment we evaluate the usefulness of preprocessing. We 
note that the preprocessing is performed for the offline experiment, which makes this 
step unsuitable for real time continuous classification. 

The average and variance of the signals are used as features instead of the raw data. 
For each sensor signal, a time window of size 4 seconds and a step of one eighth of a 
second are used to calculate the average and variance of each time series. The average 
and variance of the features from the four cameras and from the BSN node are aug-
mented together to form the feature vector used for classification.  

Consistent with the previous experiments, the results of training using individual 
sensors is not different from combining them together. We choose to present the re-
sult of concatenating BSN and VSN data. Below are the results for single classifiers 
using data from both sensors. 

Table 4. Percentage accuracy for single classifiers trained using different features – BSN and 
VSN combined – offline experiments- with preprocessing 

Single Classifiers Local Features Global Features 

Naïve Bayes 100.00±0.00 91.25±13.93 

Decision Tree 100.00±0.00 95.00±10.05

KNN 97.50±7.54 77.00±20.93 

SVM 100.00±0.00 92.25±14.08 

 

Table 4 presents the results for training single classifiers using the offline recogni-
tion scheme. Most classifiers trained using local and concatenated features achieve 
accuracies close to 100%. Also, in this experiment the local features produce better 
results than global features for all classifiers. This result will be further analyzed in 
the discussion section. The table displays the results for using both BSN and VSN 
data combined. The K Nearest Neighbor yields worse results than other three single 
models using local features. 

5 Discussion 

The results show that the proposed ensemble architecture outperforms the single clas-
sification methods in case of real time experiments. The classification is improved 
because of the multiple representation of information extracted from each sensor. 

In particular, the classification is boosted by combining feature and distance based 
techniques and introducing the trainable fusion layer. The combiner classifier can ef-
fectively learn the errors of the base classifiers. The choice of diverse base classifiers 
produces independent errors and the process of aggregating the decisions results in 
better accuracy.  

It is worth noting that our experiments reveal that there is a relation between the 
time series length and the impact of both local and global feature vectors. As the size 
of the data set decreases the global features become more effective than the local 
features. This happens because as the width of the local feature windows decreases, 
the features become less meaningful and do not truly discriminate among the  
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extracted subsets, thus the trained model is unable to describe the classes at hand. To 
illustrate this observation, we note that the offline experiments are performed with the 
whole data series, while the real time experiments use a shorter window. In offline 
experiments, local features seem to outperform global features since the temporal 
aspect is fully maintained in the time series data. Alternatively, in the real time expe-
riments, when only a significantly smaller portion of the series is used for training, 
global features have better impact on classification accuracy over other features. 

Combining the two sensor data together does not boost the accuracy of classifiers. 
There is no significant difference over the results using BSN or VSN individually.  

It is clear that classification accuracy increases significantly when preprocessing 
the data before classification instead of using the raw series. The processed values 
provide more useful information about the motion pattern over the individual  
samples.  

6 Conclusion and Future Work 

The focus of this work is using pattern recognition techniques to analyze human mo-
tion patterns and classify an unknown motion sequence. In this paper, an efficient 
multiple classifier design is proposed. The ensemble is capable of recognizing the 
difference between normal and impaired walking gaits. We show the results for train-
ing classifiers using local and global features extracted from sensor data. Future work 
includes speeding up the distance calculations for reducing the computational cost of 
real time experiments [37]. Also we are going to analyze the effect of different com-
ponents of the ensemble on the results and compare it to other techniques such as 
Recurrent Neural Networks. Also the dataset will be extended to cover a wider range 
of subjects. Finally, the proposed method is intended to be tested in a wider range of 
applications in the ubiquitous computing field, such as activity recognition. 
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