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Abstract- Analysis of sleep quality and sleep monitoring can serve as a diagnostic feature to check various sleep and 
psychiatric disorders. The quality of life of a large number of people is affected by diseases like sleep apnea, insomnia, 
narcolepsy etc. We propose a sleep movement detection algorithm that works accurately to classify sleep movement and 
non-movement data obtained from unobstructed pressure sensitive textile sheet called Dozee1that uses the 
Ballistocardiogram (BCG) technique to record signals. The data was collected from 8 subjects, each subject contributing 6 
hours of sleep data. We utilized the K-nearest neighbors classification algorithm which is a non-parametric, classical 
supervised Machine learning algorithm, along with Dynamic time warping method to classify the time-series data and 
deduce inference from it. The proposed sleep movement detection algorithm achieved an overall accuracy of 98.17%. 
 
Index terms- Machine learning, Time series classification, Sleep movement detection, Dynamic time warping 
 
I. INTRODUCTION 
 
Sleep plays a vital role in one’s life. A person spends 
almost one-third of his lifetime in the act of sleeping. 
Sleep monitoring can aid in the diagnosis of a variety 
of sleep and psychiatric disorders. Sleep apnea, 
insomnia, narcolepsy, are all diseases that affect the 
quality of life of a large amount of population [1]. 
The quality of sleep we get during the night can affect 
our mental state and physical performance during the 
day. Sleep consisting of greater movement can be an 
indication of disrupted sleep and inferences such 
restlessness, psychological disorders, depression and 
many more can be derived. The quality of sleep is 
greatly enhanced in case of lower motor activity 
during the night. Our aim is to classify non-
movement sleep patterns from sleep movement 
patterns in order to learn more about the correlation 
between quality of sleep and sleep motion and derive 
inferences from it [2]. There are several Supervised 
Machine Learning algorithms that can classify the 
Time series sleep data [3]. 
 
Polysomnography (PSG), also known as traditional 
sleep monitoring, is done with a wide array of sensors 
that is applied to the body of the patient. It can disturb 
the sleep of the patient. PSG is an intrusive method 
and is often done in sleep laboratories in the presence 
of trained technicians, hence it is usually expensive 
and not suitable for long-term sleep monitoring [4]. 
The increasing interest for automatic sleep 
monitoring is due to the fact that, in contrast to the 
PSG studies, these signals are measured with 
unobtrusive instruments. We will use a set of data 
recorded by a high-resolution pressure-sensitive 
textile sheet, called Dozee that uses the 
Ballistocardiogram (BCG) technique to record 
signals. This system compared with other techniques 
has many advantages: is unobtrusive, fits into users 

familiar sleep environment, is comfortable and is 
economical [5]. 
We performed Time-series Classification by using K-
nearest neighbors and Dynamic Time Warping. The 
k-NN and DTW classification algorithm is one of the 
best and accurate ways to classify the Time Series 
data. The k-NN algorithm is a non-parametric method 
and a type of instance learning technique used for 
classification and regression [6]. It takes an unlabeled 
query observation and compares it to a population of 
labeled observations [7]. The query observation is 
classified by assigning the label which is most 
frequent among the k labeled samples (k is a user-
defined constant) nearest to that query point. 
Dynamic Time warping is one of the algorithms in 
Time series analysis for measuring the similarity 
between two temporal sequences which may vary in 
speed [8]. This technique was heavily used for speech 
recognition in the 1980s. The DTW algorithm finds 
the optimum alignment between any two sequences 
of observations. It finds the alignment by warping the 
time dimension with certain constraints. A 
combination of k-NN and DTW serves as a good 
classification algorithm for Time series data. We will 
describe our Data collection and Extraction 
methodologies in section 2 and in section 3; we will 
provide an elaborate explanation of the classification 
method using k-NN and DTW. We would evaluate 
our experimental results from the classifier in section 
4 and in section 5, we conclude by discussing the 
scope, limitations, drawbacks and future work 
pertaining to the algorithm. 
 
II. DATA COLLECTION AND EXTRACTION 

 
We acquired our data set consisting of signal values 
at a sampling rate of 250 Hz. The duration of a sleep 
data from each subject is 6 hours long. This data is 
further broken down into files of 4 minutes long. The 
data contains sensor values like humidity, 
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temperature, light conditions, time stamp and 
piezoelectric sensor values (pressure values). The 
piezoelectric sensor values (pressure values) are of 
interest to us to detect motion patterns during sleep 
[9]. It would be an interesting study to analyze the 
correlation between the condition values and the 
sleep motion; however, we would leave it for future 
work. Currently, we have access to data of 8 subjects 
with age ranging between 26 and 40 years. The raw 
signals obtained from the device consist of the heart, 
respiratory and motion artifacts. As sleep pattern 
consists of several movement patterns, we detect 
movement patterns at each second using supervised 
learning technique. The raw signal would be divided 
into epochs of 30 seconds and movement analysis is 
done in batches of 30 seconds.A binary classification 
is to be performed for each second of sleep data (‘0’ 
for non-movement and '1' for movement). The dataset 
is manually labeled for any movements in sleep data 
by verifying with the video capture of the subject's 
sleep. Hence, we create a labeled data set with labels 
'0' and '1' for non-movement and movement 
respectively for each second. The data set is split into 
training and test data sets. We allocate 70% of the 
data set for training the Classifier and the rest 30% 
for testing and validating the performance of the 
Classifier. For the performance evaluation, the labels 
are going to serve as ground truth for testing and 
validating our results. We would incorporate 
confusion matrix as our performance metric. 
The Data obtained with help of Dozee is ASCII 
encoded, so the Data Extraction step is performed to 
extract sensor values and time stamps from the raw 
data. Base64 is used to decode the raw data and 
aggregate the values from each of the 4-minute files 
into a large CSV file so that it can be easier for us to 
process the data for further steps. 

 
Figure 1:  The device Dozee. 

 

 
Figure 2:  Data acquisition while Dozee under the mattress 

 
III. THE k-NN AND DTW CLASSIFIER 
 
The k-nearest neighbors algorithm is one of the 
classical Supervised Machine learning algorithms. It 

is an instance learning technique used for tasks such 
as classification and regression. The labeled data 
(training set) pertaining to a dataset is placed in 
Euclidean space. The task of the classifier is to 
classify an unlabeled query observation; hence it 
places the query observation in the Euclidean space in 
the pool of labeled data. The user defines the 'k' value 
which denotes the number the observations 
surrounding the query observation. A label is 
assigned to the query observation on the majority 
basis i.e. the label that has the maximum majority in 
the 'k' labeled observations pool (circle). 
The Dynamic Time Warping is one the algorithms 
used in time series analysis to measure the similarity 
between two temporal sequences (here, time series 
data) which may vary in speed. It figures out an 
optimum alignment between two sequences of 
observations. It finds the alignment by warping the 
time dimension with certain constraints. Hence, DTW 
can suitably aid in Time series classification methods. 
In this paper, we propose a combination of k-NN and 
DTW to classify the Sleep data. The training data 
(labeled) set consists of 70% of sleep data (120960 
seconds), the validation set consists of 15% of sleep 
data(25920 seconds) and the Test data set consists of 
the rest 15% of sleep data (25920 seconds). As the 
sample rate used is 250Hz, each second consists of 
250 sample values. The k-NN algorithm establishes a 
Euclidean space consisting of labeled data (training 
set). The DTW Algorithm receives the query 
observation and computes the similarity of the query 
observation with each labeled observation. On the 
basis of similarity computation from the DTW, the 
query observation is allocated a location on the 
Euclidean space. The user defines the 'k' value and 
hence we choose an odd number (here, we choose 7 
as the 'k' value) in order avoid a conflict arising due 
to the tie in the majority voting (i.e. both labels have 
equal vote, so the label of the query can't be decided). 
Therefore, a query observation (each test second) is 
classified as non-movement ('0') or movement ('1') 
accordingly in Binary Classification task. The test 
data in classified in batches of 30 seconds epochs and 
the Machine learning model outputs 30 corresponding 
labels (i.e. labeled for each second). 

 
Figure 2: The k-NN and DTW Classifier 

 
IV. EXPERIMENTAL RESULTS 
 
The Validation set was used to tune the hyper-
parameters. It consists of 25920 seconds (15% of 
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data). The test data set consists of 25920 seconds 
(15% of data available) from various subjects. The 
data is classified in batches of 30-second epochs. The 
ground truth labels for the data set are created by 
labeling the data by verifying with the video capture 
of the subjects (labeled '0' or '1' for each second). The 
performance of the Classifier was evaluated on the 
basis of confusion matrix as well as classification 
accuracy. The confusion matrix depicts a low percent 
of false-negatives and false-positives. After tuning 
the hyper-parameters, the validation accuracy came 
out to be 98.72%. The test set gave an accuracy of 
98.17%. 

 
Figure 3: Testing and Evaluation 

 
 Predicted(Non-Movement)
 Predicted(Movement) 
 
Actual(Non-Movement) 16654  370  
Actual(Movement)  96 
 8910  
 

Table 1: Confusion Matrix 
 
CONCLUSION 
 
In this paper, we proposed a robust and powerful 
classifier to classify movement from non-movement 
patterns occurring during sleep. We further utilize the 
labels to classify the movement into four categories 
i.e. no movement, light movement which lasts for 3 
seconds, heavy movement which lasts maximum for 
6 seconds and very heavy movement which lasts for 
more than 6 seconds. The classification report helps 
to infer restlessness, quality of sleep etc. One of the 
major drawbacks of the classifier is the fact that it is 
computationally expensive as it has a time 
complexity of O(n2). However, by constraining the 

warping window one can attain results comparatively 
faster with the trade-off with accuracy to a small 
extent and other enhancements include dynamic 
warping window [10]. There are many improvements 
that could be made to the k-NN and DTW (exploring 
parallel processing). All in all, the k- Nearest 
Neighbors and Dynamic Time Warping Classifier 
yields accurate results in classifying the sleep 
movements. 
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