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ABSTRACT 

Portable and low power sensors are widely used in long term remote monitoring scenarios such as 

health and fitness (e.g., heartbeat, body motion), agriculture, (e.g., water, soil, and climate), home 

environment (e.g., air quality, humidity), etc. Those sensors continuously collect critical 

information and transmit information to other devices (e.g., computer, cloud) for further 

processing and storage. For instance, a wearable sensor mobile platform enables great potential 

for low cost, convenient and effective remote health monitoring. Patients wearing a portable sensor 

wirelessly connected to their mobile phone can be monitored remotely at their home or during 

work without professional medical presence. However, wearable sensors suffer from various kinds 

of noise due to excessive activity, simplified hardware design, etc. Correlating multiple 

measurements to detect certain human physiological responses or status is still a difficult task. 

Besides, long term data monitoring requires an efficient data compression or sampling strategy to 

reduce the amount of data accumulated during monitoring. To address these challenges, this 

dissertation proposed and implemented a noise tolerant algorithm, a multi-sensor signal fusion 

model, and a compressive sensing based data acquisition framework aimed at providing potential 

solutions for the these challenges. We also proposed a framework to track sleep using wearable 

sensors. In addition, this dissertation also included deep learning and image processing based 

model to address the challenge of automatic cell nuclei detection and segmentation from 

microscopy images. Algorithms, models and applications implemented in this dissertation have 

been tested using real data from public data set repositories. 
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Chapter 1. Introduction 

1.1 Motivation 

Wearable sensors are small in size, easy to wear and consume very low power. For these reasons, 

wearable sensors have been widely used in various data acquisition systems, especially in medical 

applications such as disorder detection, treatment efficiency assessment, home rehabilitation and 

other health care research [1]. The collected information from these sensors will first be converted 

into electronic (digital) data and then can be transmitted to other devices (e.g., smartwatch, mobile 

platform) to interact with users and provide instance feedback as well as transmit data to a cloud 

based platform. More computational and intelligent algorithms can be used for remote home 

monitoring since modern AI, machine learning, and signal processing techniques enable computer 

based automatic analysis to assist automatic monitoring and preliminary level diagnosis. Wearable 

sensor based measurements, mobile platforms, and off-line processing and storage can form an 

entire Internet of Thing (IoT) based remote health monitoring system.  

1.2 Problem Statement 

Several challenges exist in building such a remote health monitoring system. First, wearable 

sensors usually suffer from low signal quality in home health care monitoring due to excessive 

human activities, muscle movements and sweat to mention a few [2-6]. Since low signal quality is 

a major obstacle for the performance of computer based automatic processing algorithms, 

designing an automatic data processing system for wearable sensors is a challenge. Secondly, 

wearable sensor monitoring is a combination of multiple signals. These signals are measured using 



15 

 

different modalities, transmitted at different sampling rates, and the understanding of the signal 

computational (mathematical) correlation with a specific human physiological response is usually 

incomplete. Thus, multi-sensor based measurement characteristics automatically processing and 

fusion of signals from multiple sensors a difficult task. In addition, real-time data acquisition 

requires efficient compression and sampling algorithms to relieve the amount of data accumulated 

during monitoring. Sleep monitoring requires that the measurement cannot interrupt remote health 

monitoring sleeping and can still acquire necessary information to assess the quality of sleep. 

Design of a low cost and effective sleep monitoring framework would help the study of sleep 

disorders. Automatic detection and segmentation of cell nuclei reduced great effort and time in 

pathology based diagnosis (e.g., cancer diagnosis, grading and quantitatively analysis). However, 

since nuclei stays in complicated texture background and exhibit different morphologies due to 

cell type, disease state, and cell life cycle, automatic detection and segmentation is a difficult task. 

1.3 Research Contributions 

This dissertation aims at addressing these above challenges and also introduces a wearable sensor 

based sleeping track framework. As stated in the above subsection, reducing noise greatly 

enhances signal quality and thus improves subsequent automatic analysis algorithm reliability. 

Therefore, we first proposed a method named Noise-Invariant Components Analysis [7] to 

understand the characteristics of noise and attenuate the negative effect of noise. We also 

implemented a noise generator and an ECG automatic processing platform to validate the 

performance of the proposed method using Signal to Noise Ratio (SNR), R peak detection, and 

heartbeat classification accuracy as the metrics. Experimental results show that the proposed 
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method effectively reduces the negative effect of noise and boost SNR, R peak detection and 

heartbeat classification performance.  

Signal fusion (understanding multi-sensor signals) is a critical step in making a multi-sensor 

monitoring system intelligent. By automatically interpreting multi-signals, an intelligent 

monitoring system is capable of detecting scenarios of interest without invasive operations. Our 

solution to the challenge of multi-sensor signal fusion is a deep learning based model which is 

capable of learning deep features from multiple sensors and integrate extracted features to interpret 

the desired high level knowledge. The proposed model has been implemented and tested on multi-

sensor signals (3D accelerometer signals, skin temperature, ElectroDermal Activity (EDA), 

oxygen level, and heart rate) collected from 20 test subjects to interpret human neurological 

activities to verify the performance [8]. Experimental results show an averaged 95% in recall, and 

precision in classifying six neurological activities. This proposed method can potentially be 

extended to other applications.  

This work also proposed and implemented a compressive sensing strategy for wearable sensor 

data acquisition [9]. The strategy has been tested on fluorescence and ECG signals. Sampling rate 

of compressive sensing is lower than the Nyquist sampling rate and still provides good recovery. 

To demonstrate usage of the wearable sensor based monitoring system, we introduced a sleep 

tracking framework [10].  

To automatic detect and segment cell nuclei from microcopy images, this work [11] proposed 

and implemented a deep learning and image processing based model. The model has been tested 



17 

 

using real H&E stained images and achieved 79.9% in precision, 95.5% in recall and 83.5% in 

IoU.   

1.4 Dissertation Organization 

The rest of the dissertation is organized as follows: Chapter 2 introduces a Noise Invariant 

Component (N-ICA) system to effectively attenuate the side-effects of noise from wearable sensor 

measurements and experimental results from applying the method to an automatic ECG diagnostic 

system. Chapter 3 introduces a multi-sensor signal fusion system based on deep learning and 

experimental results from applying the system to human neurological activity estimation. Chapter 

4 describes a compressive sensing based data acquisition system. Chapter 5 introduces a 

framework for sleep tracking using wearable sensors. Chapter 6 describes our deep learning based 

cell nuclei detection and segmentation model. Finally, the conclusions are discussed in Chapter 7.  
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Chapter 2. Noise-Invariant Component Analysis for Electrocardiogram 

Monitoring System 

The primary focus of this chapter is on the noise problems of wearable sensor based health 

monitoring systems. As wearable sensors are small in size and portable, they have been widely 

used in remote long term health monitoring. However, noise is a great challenge to the reliability 

of the measured signals. Subsequent computer based processing and analysis will be negatively 

affected by noise. To study the negative effect on the performance of health monitoring systems 

based on wearable sensors, we propose a Noise-Invariant Component Analysis (N-ICA) approach 

to analyze the effect of noise on these signals and automatic processes to assist noise removal. To 

validate the performance of the proposed method, we implemented a simulated ECG four-step 

process as our testing platform. The four step ECG process includes noise removal, R peak 

detection, feature extraction and heartbeat classification. To quantitatively study the effect of noise, 

we also implemented a noise generator which generates four kinds of noise and their combinations. 

The noise generator allows us to specify the energy of the noise added to the signal and explore 

the noise tolerance of our simulated validation platform. We studied the negative impact of 

different kinds of noise on the ECG processing system performance and present results of N-ICA 

based noise removal, R peak detection accuracy with noise, and heartbeat classification with noise 

using four different classifiers. By applying these methods, we observed an improvement of SNR, 

R peak detection accuracy and automatic diagnostic accuracy.  

Citation: Chen K, Powers LS and Roveda JM. Noise-Invariant Component Analysis for Wearable 

Sensor based Electrocardiogram Monitoring System. SM J. Biomed. Eng. 2018; 4(1): 1025. 
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Keywords: noise invariance; noise tolerance, wearable sensors; electrocardiogram. 

Abstract 

Sensors have been widely used in various data acquisition systems, especially for medical 

applications. However, once developed for wearable use, these have suffered from various types 

of noise which greatly degrade data quality and consequently, the reliability. Low data quality is a 

major obstacle for computer-based diagnosis. Thus, the noise tolerance ability plays a crucial role 

in wearable sensor based data acquisition and analysis. This work proposes a novel method: noise-

invariant component analysis (N-ICA), to expose the influence of noise on this data and provides 

noise removal and dimensionality reduction. The proposed N-ICA based approach extracts 

information from data which undergoes minimal change with noise and directly shows the extent 

to which the true information has been corrupted by noise. This work also implements a simulated 

wearable sensor based ECG automatic diagnosis system together with a noise generator to validate 

N-ICA noise tolerant enhancement. Test data is selected from the MIT-BIH Arrhythmia Database. 

The simulated ECG monitoring system achieves 99.42% accuracy in classifying eight types of 

heartbeats. Experimental results demonstrate that the signal-to-noise ratio is improved by applying 

N-ICA based on ECG data contaminated by five noise sources. QRS detection accuracy is also 

improved to above 95% under the highest noise level tested. Dimensionality reduction reduces the 

data to 6.5% of the original size. Finally, diagnostic accuracy of four different classifiers is 

significantly improved when applied in our simulated ECG automatic monitoring system. 
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2.1 Introduction 

Wearable sensors have been widely used in a clinical context for disorder detection, treatment 

efficiency assessment, home rehabilitation, and healthcare research [1]. Wearable sensors such as 

ECG, EEG and EMG are designed to process bio-potential signals observed at various locations 

on the human body. The collected data from these sensors can be transmitted to other devices or 

the cloud for remote home monitoring since modern AI, machine learning, and signal processing 

techniques enable computer based automatic analysis to assist diagnosis. Wearable sensors are 

used in uncontrolled conditions and have a simplified hardware design at the expense of signal 

quality. Since wearable sensors provide more flexibility with fewer physical limits to users, they 

are often used in homes and for remote monitoring where no medical professionals are involved. 

Consequently, the activity of the wearer results in more noise than hospital-based measurements. 

In addition, fewer ADC bits, a lower sampling rate due to transmission speed, power constraints, 

and physical size of the sensors are other concerns. Furthermore, muscle movement and sweat can 

cause noise. Thus, measured data from wearable sensor systems is a combination of various types 

of noise which are difficult for computer-based automatic diagnosis systems to process accurately.  

A number of investigations have examined the sources of noise in most wearable sensors [2-

5]. For instance, it has been shown that tissue/body fluid movement during measurement 

introduced motion artifacts. In addition, electrode-body interface noise (e.g., offset voltages 

occurring in the electrodes for ECG and EEG), flicker noise and white noise in circuits also exist 

in wearable sensors measurements [2-6]. De-noising techniques in the sensor hardware design, 

differential pairs, and common-mode designs have been adopted in the past to reduce the noise 
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[12-14]. However, none of these remove noise completely: they only reduce the amplitude. It is 

important that none of these approaches can effectively remove motion artifacts which generally 

introduce large amplitude noise. Several different filtering techniques have been developed to 

remove or attenuate noise. For example, low pass, high pass, and band-pass filters remove 

components within a particular frequency range. Thus, noise which exists in that frequency range 

will be filtered. However, useful information may also be removed. Adaptive filters [14] utilize a 

reference signal which must resemble the desired input to remove the noise via iterative 

computation that minimizes error using Least Mean Square or Recursive Least Square algorithms. 

Adaptive filtering needs a good reference signal which may not always be available or with high 

penalty in a wearable sensor system. For example, to adaptively cancel motion artifacts from ECG 

or PPG, an extra accelerometer sensor is usually added to provide the reference signal [14, 16]. 

Savitzky-Golay filtering smooths a signal by approximating it to a polynomial function [17]. 

Ideally, the polynomial would only fit the signal and not the noise. However, some particular noise 

is also a smoothed signal and thus may be preserved after polynomial fitting. In summary, a method 

is needed to study and analyze the characteristics of noise in wearable sensors and provide the 

capability of strong noise tolerance for the wearable sensor data acquisition system. This paper 

proposed a method to extract the invariant information of feature to differentiate true information 

from noise. The rest of the chapter is organized as follows: section 2.2 presents method of noise-

invariant component analysis. Section 2.3 introduces ECG, noise and the monitoring system 

architecture used in this work including R peak detection, feature extraction, and heartbeat 

classification. Section 2.4 introduces the experiments design, data preparation, and evaluation 

metrics for verification. Finally, the conclusion is section 2.5. 
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2.2 Methods 

Signals collected from wearable sensors in medical systems are usually corrupted by at least one 

noise source. These noise sources stem from the subject being measured and/or the data acquisition 

system and are finally reflected on the acquired signal. To deal with this problem in wearable 

sensor systems, we propose a method termed N-ICA. The goal is to differentiate between true 

information and noise by utilizing the invariant feature of true information in the signal. As the 

true information is generated by a biological mechanisms (in medical applications), randomness 

is relatively low and the true information collected over time is often self-correlated. For example, 

electrocardiogram signals generally repeat themselves. As noise and the true information are 

generated by different mechanisms, they could be uncorrelated under some projections, thus 

showing different characteristics. Based on the above assumptions, we isolate the uncorrupted 

portion of the measured information.  

We define the noise-corrupted signal collected from wearable sensors as a time series x={x1..., 

xn} where each xi is digitized data collected at time stamp i. 𝛷 is a function that maps x to another 

domain (e.g., wavelet transform) and represents x as α coefficients. We also define a function δ 

which evaluates the variation of α. Finally, N-ICA is defined as a subset of α which exhibits 

minimal changes with noise. This is based on an assumption that noise damages only a portion of 

the true information; otherwise, N-ICA would be an empty set. Equation (2.1) mathematically 

defines N-ICA where α= 𝛷(x) and K is a subset of S: 

  i
SiKj

jICNC 


  minarg

(2.1) 
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From equation (2.1), coefficients in subset K preserve the uncorrupted information as much as 

possible and we define it as the Noise-Invariant Components. However, when the true information 

is completely destroyed by noise, there could be very few or no Noise-Invariant Components (K 

is an empty set). N-ICA directly shows the extent to which true information has been corrupted by 

noise and aids in separation of corrupted and uncorrupted components. Thus, N-ICA aids in 

separation of noise affected coefficients from those less affected or not affected at all. As noise 

usually exhibits certain statistical characteristics, coefficients affected by noise (e.g., Noise-

Variant Components) may also have similar properties, assuming 𝛷 is a linear mapping. Thus, 

these statistical characteristics can be used to enhance noise removal. Assuming 𝛷 has an inverse 

projection or transform 𝛷inv such that x = 𝛷inv (α), L is a function used to attenuate the effect of 

noise on noise-variant coefficients and θ is the parameter learned from the noise. The de-noising 

process can be expressed in equation (2.2). 

));((ˆ
)( KSi

i

Kj

jinv Lx


 

(2.2) 

where �̂� is the de-noised data, αj are noise-invariant coefficients, and αi belongs to the noise 

variant coefficients. The de-noised data is obtained by inverse transform of both noise-invariant 

coefficients and processed noise-variant coefficients. 

In terms of classification based automatic diagnosis, information used in a particular pattern 

for diagnosis is only the portion of the data which makes it an invariant identity even when 

corrupted by noise. Thus, extracted N-ICs are also good indicators of both classification accuracy 

and reduced data dimensionality when data is corrupted by noise. 
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2.3 Wearable Sensor Based ECG Monitoring System 

ECG measures heart movements through electrical bio-potential changes via electrodes attached 

to skin. Bio-potentials from electrodes are then amplified, filtered and converted to digital format 

for further processing. Generally, there are five kinds of major noise sources in an ECG acquisition 

system: power-line interference, instrument noise, baseline wander (due to respiration), motion 

artifacts, and muscle contraction noise [18]. 

Power line interference is from the electromagnetic field generated mainly by AC power used 

for artificial light which persistently exists during monitoring. It can be modeled as a combination 

of sinusoid signals centered around 60 Hz (e.g., U.S.) with random phases. Instrument noise 

typically from electronic circuits is usually modeled as white noise. Baseline wander mainly comes 

from respiration which results in roughly slow periodic noise (based on the assumption that ECG 

electrodes are placed on the chest) that can be modeled as a sinusoid waveform with a random 

period. Motion artifacts are a consequence of changes in electrode-skin impedance due to electrode 

motion from human movement such as talking, jumping, running, etc. Since people wear wearable 

sensors in their daily life, motion noise results from a combination of multiple random motions. 

Thus, measured motion noise shows non-repeatable patterns and exhibits randomness in both 

amplitude and shape (pattern). Muscle contraction noise is generated by bio-potential changes 

caused by muscles other than the cardiac muscle. Since ECG is the reflection of bio-potential 

changes created by the cardiac muscle, other muscles such as a chest muscle which is even closer 

to electrode can generate strong bio-potential changes. This kind of noise consists of sharp spikes 

reflected in the ECG waveform which sometimes resembles the R peaks that can be modeled as 
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spikes at random locations at random amplitudes within a range. Since people using wearable ECG 

monitoring devices have fewer physical constraints, muscle contraction noise is expected to be 

stronger and more frequent than for in-hospital measurements. This noise greatly degrades the 

acquired ECG signal quality and negatively affects the performance of subsequent computer 

automatic processing analysis. Thus, a strong noise tolerant ability is the key for the design of a 

wearable sensor. Figure (2.1) shows the general architecture of ECG monitoring system. 

According to American Health Association, useful information in ECG mainly occurs from 

0.67 to 40 Hz [19]. In particular, P-T waves concentrate at low frequency bands while the QRS 

complex occupies the high frequency band. Figure (2.2) displays six pairs of Time-Frequency 

Spectra calculated by using continuous wavelet transform and corresponding ECG measurements 

corrupted by different kinds of noise. Each pair contains two figures: ECG plot (left) and the Time- 

Frequency spectrum (right). The ECG segment is eleven seconds long and corrupted by noise. As 

stated in the above section, certain kinds of noise only consistently affect a portion of coefficients 

which are a subset of all coefficients. Thus, characteristics of the effect of noise in the Time-

Frequency domain can be captured and then used to remove noise. Figure (2.3) displays the de-

noising example on an ECG signal with mixed noise. The black line is the original uncorrupted 

ECG signal and the blue plot represents ECG corrupted by mixed noise. Red plot is the de-noised 

ECG signal. As observed in Figure (2.3), noise has been greatly attenuated and critical information 

of the original ECG signal has been preserved after de-noising. Note that the red plot does not 

perfectly overlap the black line. The reason is that a subset of coefficients results from noise 

(Noise-Variant Components) also has overlap with coefficients that represent the true ECG 

information. 
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Figure 2.1. General architecture of a wearable sensor system for ECG monitoring. 

Thus, when removing noise by manipulating noise variant components, the true information of 

ECG may also be altered. Detailed results of de-noising using real ECG data corrupted by five 

noises with quantitatively evaluation of this method is presented in results and discussion section. 
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Figure 2.2. ECG signals corrupted by synthetic noise and corresponding Time-Frequency 

Spectrogram. 
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Figure 2.3. ECG noise removal on mixed noise. 

 

2.3.1 Four Step Processing Flow for Automatic ECG Processing and Analysis 

The goal of wearable sensor data acquisition system is not only to collect data with good quality, 

but also to understand the data, e.g., clustering or classification based preliminary diagnosis. To 

perform these tasks, we extracted noise-invariant components as the most informative part of data 

(the unique identification of features) and also reduce data dimensionality. In the ECG data 

acquisition system, a four-step processing flow is designed to perform automatic heartbeat 

classification based diagnosis. Input for this flow is the raw ECG signal and the output is the 

associated heartbeat classification based diagnostic results. The four-step flow comprises de-

noising to remove potential noise, detecting R peaks to isolate heartbeat, extracting features of the 

heartbeat to capture critical information and reduce dimensionality, and finally, classification of 

different types of heartbeats for automatic diagnosis. Figure (2.4) displays the block diagram of 

the proposed flow. In addition, the proposed flow is also flexible to employ new algorithms at each 

stage to enhance performance. 
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Figure 2.4. Block diagram of the proposed four-step ECG processing flow. 

 

2.3.2 R Peak Detection 

R peak detection is the first step in calculating other ECG metrics such as heart rate, heart rate 

variability, etc. which determines the performance of many applications such as stress 

management [20], emotion tracking [21], etc. Thus, R peak detection accuracy plays a critical role 

in the performance of the ECG automatic monitoring system. R peaks are detected by the time 

stamp in the input ECG time series in order to locate each potential heartbeat. While several 

methods to extract R peaks have been proposed in the literature, our R peak extraction algorithm 

is based on the classic Pan-Tompkins QRS extraction algorithm [22]. The Pan-Tompkins QRS 

extraction algorithm demonstrated very high accuracy (99.3% when tested on the MIT-BIH 

Arrhythmia database [22]). However, when noise is present in the signal, performance of R peak 

detection can be degraded. Thus, the goal of noise removal is not only to recover the general shape 
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of each heartbeat, but also maintain the R peak information. Detailed experimental results of QRS 

detection with noise will be discussed in section four. 

2.3.3 Feature Extraction 

The feature extraction step extracts the most important information from the data to provide a more 

concise form of the original information. The main goals include: 1) reduce dimensionality of raw 

data; 2) exclude influence from noise; 3) distinguish the difference between different types of 

heartbeats; and 4) enhance the similarity between heartbeats of the same type. Dimensionality 

reduction determines the feature vector size for the classification step, which in turn reduces the 

amount of computation performed by the classifier [23]. The feature extraction step attenuates the 

effect of noise since the Noise-Invariant Component or Coefficients (N-ICs) are used as the 

extracted feature vectors. Thus, N-ICs preserve the heartbeat information but exclude most of the 

influence of the noise. Since we have shown that noise is observed in the Time-Frequency domain, 

we compute N-ICs in the Time-Frequency domain. We also adopt the discrete wavelet transform 

[24] instead of the continuous wavelet transform to reduce computation. The Discrete Wavelet 

Transform uses a pair of orthogonal filters to decompose the signal into two sub-bands of different 

frequencies (approximate signal at low frequency and detailed signal at high frequency). Each sub-

band of the signal is half in size of the original signal. By repeating the decomposition onto the 

low frequency band signal obtained from the previous decomposition, the discrete wavelet 

transform provides a comprehensive view of the signal from a frequency perspective. Figure (2.5) 

(first two rows) displays eight types of different heartbeats. These heartbeats are calculated by 
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averaging multiple heartbeats of the same type. Figure (2.5) (last two rows) displays the N-ICs as 

the extracted feature for each type of heartbeat. 

 

Figure 2.5. Typical heartbeats (left column) calculated by averaging heartbeats of the same type 

and noise-invariant components based feature extraction (right column) where top 15 noise-

invariant components are selected. (AAP: aberrated atrial premature; AP: atrial premature; VE: 

ventricular escape; NE: nodal escape; NP: nodal premature; LB: left bundle branch block; RB: 

right bundle block). 
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2.3.4 Heartbeat Classification 

After de-noising, R peak detection, and feature extraction step, ECG data is transformed into 

feature vectors of each beat. A classifier is used as the last step to produce automatic heartbeat 

diagnosis. Given training data in the format of heartbeats and corresponding diagnosis, the goal of 

the classifier is to predict the diagnosis of heartbeats through a training process which minimizes 

the error between correct diagnosis and predicted diagnosis. Our analysis adopts four widely used 

classifiers to classify each heartbeat (Neural Network, Support Vector Machine (SVM), Naive 

Bayes Classifier, and Nearest Neighbor).  

The neural network is a fully connected network. The general architecture of the fully connected 

neural network consists of an input layer, output layer, and several hidden layers. The number of 

neurons in the input layers is determined by the size or dimensionality of the input feature vector. 

The number of neurons in the output layers is determined by the number of heartbeat types. Each 

neuron in a particular neural layer receives input from all neurons of the previous layer. These 

inputs are first weighted and summed. Then, an activation function determines the output. 

Equation (2.3) mathematically shows the calculation of a single neuron [25]: 
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 (2.3) 

where wi,j is the weight connecting current neuron to the jth neuron in the previous layer, xj is the 

output of the jth neuron in the previous layer, bi is a bias of the current neuron, n is the number of 

neurons in the previous layer, and f(.) is the activation function. The learning process takes in a set 

of input data together with their corresponding labels and iteratively computes the weights and 
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bias of the entire network via a back-propagation algorithm [26]. The goal of learning is to 

minimize the difference between neural network predictive output and the correct prediction result 

measured using a cost function. After the learning process, the network is able to make predictions 

given input data. Detailed information about neural networks can be found in [27]. 

Support Vector Machine (SVM) [28] training process calculates an optimal separating 

hyperplane [29] which stays between two different clusters of data that maximize the margin 

between two different groups of data. The classification process then determines to which cluster 

the current input data belongs using the hyper-plane. A hyper-plane based classification of two 

groups of data can be mathematically represented as equations (2.4) and (2.5) [27]. 
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Equation (2.4) is the hyper-plane with parameters w and b. Equation (2.5) is the classification 

process with Δ as the margin. To classify multiple classes, ‘one’ versus the ‘rest’ strategy is usually 

adopted. Assuming there are N clusters, N hyper-plane (namely N classifiers) will be learned, each 

classifying one cluster versus the remaining N-1 clusters. These classifiers produce a real-value 

instead of a binary value. The classifier with largest output is the final classification result. More 

details of SVM one-versus-rest strategy can be found in [30]. 

Naïve Bayes classifier calculates the posterior probability of each cluster ci given the current 

input x represented in equation (2.6): 
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p(x) is evidence of data which is a constant, p(ci) is a prior probability of each ci among all clusters, 

and p(x|ci) is the conditional probability (likelihood) of data given cluster ci. The Naive Bayes 

classifier assumes that each feature is independent of other features. Thus, the conditional 

probability can be calculated as the product of each conditional probability of x given ci as shown 

in equation (2.7). Finally, the cluster with the highest probability, p(ci|x) will be selected as the 

classification result as shown in equation (2.7). More details can be found in [31]. 

Nearest Neighbor is a density estimation based classification algorithm. Assume there are K 

clusters. For each input data x, there could be a sphere of volume V centered at x. Within this 

sphere, there are Ni training samples belonging to the ith cluster. The estimated density of each 

cluster within the sphere centered at x can be represented as a probability p(ci|x) and the cluster 

with maximal density will be selected as the result as shown in equation (2.8). 
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2.4 Results and Discussion 

To validate performance of the proposed N-ICA with de-noising, R peak detection, and 

classification based diagnosis, we implemented a simulated wearable sensor based ECG 
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monitoring system with our proposed four step processing flow using MATLAB 2016b. The 

simulated system includes a noise generator which can generate five types of noise as described in 

the third section, N-ICA based de-noising block, R peak detection block, feature extraction block, 

and classification block containing four different classifiers. By using a noise generator, it is 

possible to quantitatively control noise and preserves ground truth signal for performance 

evaluation. We also compare the performance with other related work. Ground truth data used in 

this work are from the MIT-BIH Arrhythmia Database [32-35]. ECG from this database is Holter 

recordings digitalized at 360 Hz used as ground truth wearable sensor measured ECG. In this work, 

we selected normal beats together with seven kinds of abnormal beats including atrial premature 

beats, aberrated atrial premature beats, ventricular escape beats, nodal (junctional) premature beats, 

nodal (junctional) escape beats, left bundle branch block beats, and right bundle branch block beats 

from files 209, 201, 207, 234, 222, 109, 118, respectively. This selected testing data contains a 

total of 8118 heartbeats. 

To quantitatively measure the effectiveness of de-noising, we use the Signal to Noise Ratio 

(SNR in dB) as a numeric metric to compare corrupted ECG and de-noised ECG with ground truth 

ECG. We also adopted the Percent of Root Mean Square Error (PRMSE) as the metric to 

quantitatively control noise. The PRMSE is the percent of Root Mean Square Error (RMSE) as 

defined in (2.9): 
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The numerator is the root square error and denominator is the square root of the signal energy. 

Thus, PRMSE can also be interpreted as square root of noise energy over signal energy. PRMSE 

equals zero means no noise. When PRMSE is one, the energy of the noise is equal to the energy 

of the signal (SNR is zero (dB)). Figure (2.6) (top row) displays the result de-noising of four types 

of noise and their combination. Our results do not include power line interference since it could be 

filtered out with a band stop or notch filter at around 60Hz. 

 

Figure 2.6. De-noise performance (upper row) and R peak detection accuracy (lower row). The 

horizontal axis is the PRMSE from zero to one with increments of ten percent. The vertical axis 

is the SNR in dB. Blue circles indicate the noise-corrupted ECG signals and red dots represent 

de-noised signals. 
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Generally, among the four types of noise and their combination, de-noised ECG shows much 

higher SNR than the noise-corrupted data. In particular, since baseline wander mainly exists in the 

low frequency range, the frequencies of the rest data are all noise-invariant components which 

preserve more information compared with other noise. This demonstrates that the de-noising block 

shows better performance on baseline wander noise than other noise. 

On average, the SNR of the instrument noise, motion artifacts, muscle noise, and mixed noise 

is around 60 dB when PRMSE is 10% (46.05 dB) and decreases to around 35 dB when PRMSE is 

30% (24.08 dB) as shown in Table (2-1). SNR changes within the above range are roughly a linear 

decrease as shown in Figure (2.6) (top plot). The SNR decrease rate slows down after PRMSE 

equals 30% and exhibits approximately a linear decrease from PRMSE equals 30% to 100%. Table 

(2-1) shows the numerical results selected at critical points. 

 

Table 2-1. Noise removal result for each type of noise (dB). 

PRMSEs SNR (dB) 
Instrument 

Noise 

Baseline 

Wandering 

Motion 

Artifacts 

Muscle 

Noise 

Mixed 

Noise 

10% 46.05 59.69 81.64 57.08 59.24 62.7 

30% 24.08 35.96 59.30 35.84 35.65 37.67 

60% 10.22 26.94 44.56 29.85 26.52 28.77 

100% 0 18.98 34.40 27.05 18.41 21.46 
 

* Numerical result of noise removal using five kinds of noise. Left column is PRMSE and SNR 

(dB) and corresponding SNR values after noise removal are listed under noise name. (Figure 2.6 

upper plot). 

 

Noise has a strong impact on the accuracy of QRS detection which identifies the R peak 

location of each heartbeat. To evaluate the accuracy of R peak detection, accuracy in this work is 
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defined as True Positives (TP) divided by the sum of True Positives, False Negatives (FN), and 

False Positives (FP) as shown in equation (2.10): 













TPFNFP

TP
accuracy %100

 (2.10) 

where TP indicates detecting a R peak at the correct location (time stamp). FP indicates detecting 

a wrong location as an R peak and FN means real R peak locations (time stamp) which are not 

detected.  

Figure (2.6) (bottom) shows R peak detection accuracy on both noise-corrupted ECG data and 

de-noised ECG data. Figure (2.6) bottom row displays the R peak detection results. For each plot, 

the horizontal axis is PRMSE from zero to one. The vertical axis is the R peak detection accuracy 

defined using equation (2.10). The red dot is the accuracy of de-noised ECG data and the blue 

circle is that for the noise-corrupted ECG data. As observed from Figure (2.6), different noise has 

a very different impact on the R peak detection. Instrument noise and muscle contract noise 

contains many sharp spikes which resemble the R peaks. These are very likely to confuse the R 

peak detection algorithm and significantly degrade detection accuracy. 

Table (2-2) contains numerical results selected at critical PRMSE values. As shown in Table 

(2-3), accuracy decreased to 78.53% for instrument noise and 25.39% for muscle noise when the 

SNR is zero (dB). Particularly, accuracy tested on muscle noise decreased much faster than that of 

other noise. In contrast, the baseline wander artifact is generally slow curves that change the 

amplitude of ECG baseline which has very small negative impact on R peak detection accuracy. 

The R peak detection accuracies of all kinds of noise remain higher than 95%, even when SNR is 
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zero. In general, de-noising maintains the R peak detection accuracy to above 95% when PRMSE 

is 100% (SNR equals zero) which demonstrated a very strong noise tolerant ability. 

Table 2-2. R peak detection accuracy (%) 

PRMSE SNR (dB) 
Instrument 

noise 

Baseline 

Wandering 

Motion 

Artifacts 

Muscle 

Noise 

Mixed 

Noise 

30% 24.08 
96.88 

99.67 

99.77 

99.77 

99.69 

99.75 

94.76 

99.66 

97.46 

99.68 

50% 13.86 
93.93 

99.54 

99.74 

99.82 

99.47 

99.72 

85.65 

99.51 

94.12 

99.63 

70% 7.13 
91.12 

99.08 

99.26 

99.77 

98.88 

99.59 

52.00 

98.78 

91.30 

99.48 

100% 0 
78.53 

96.86 

98.26 

99.70 

96.82 

99.63 

25.39 

95.98 

83.26 

98.07 
 

*R peak detection performance. First two rows: PRMSE and SNR (dB) (horizontal axis of Figure 

6 bottom plot). R peak detection accuracy using equation (4) of each kind of noise is listed with 

corresponding noise name. For each noise, number in bold is after noise removal. 

 

In the last step, we verify the performance of heartbeat classification based diagnosis taking 

R peak detection accuracy into consideration. Since R peak detection is the first step in ECG data 

analysis, it makes no sense to classify a heartbeat which could not be detected especially when 

ECG is corrupted by noise. Therefore, performance at this step is the overall performance of the 

entire system. Since we proposed our own ECG processing flow as a standard testing platform, we 

first examine the performance of this platform and compare its performance with other related 

work in terms of classification accuracy. Accuracy in this work is defined as the percentage of 

beats correctly classified according to annotated files divided by the total number of beats in the 

data. Table (2-3) provides a detailed comparison. 
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Table 2-3. Comparison with other ECG classification works in the literature. 

Comparable related works Top Accuracy #Types 

Proposed flow (Neural Network) 99.13% 8 

Proposed flow (SVM) 99.42% 8 

Proposed flow ( Naïve Bayes Classifier) 98.39% 8 

Proposed flow using Nearest Neighbor 95.57% 8 

X. Dong, C. Wang, W. Si [36] 97.78% 5 

M. Thomas, M. K. Das, S. Ari [37] 94.64% 5 

A. F. Khalaf, M. I. Owis, [38] 98.6% 5 

S.-N. Yu, Y.-H. Chen [39] 99.65% 6 

S. Osowski, T. H. Linh [40] 96.06% 7 

I. Guler, E. D. Ubeyli [41] 97.78% 5 

M. Engin [42] 98.00% 4 

Y. H. Hu, S. Palreddy, [43] 92.20% 4 

J. Kim, H. S. Shin, K, Shin, M. Lee [44] 98.72% 6 

J. J. Oresko, A. C. Cheng [45] >90% 5 
 

* Comparison of ECG automatic diagnosis performance in accuracy with literature reports. 

 

Overall, our proposed platform achieves 99.13%, 99.42%, 98.26%, and 93.42% accuracy in 

classifying eight different types of beats tested on the ECG data containing 8118 beats from MIT-

BIH Arrhythmia Database. Feature extraction in the proposed platform reduces dimensionality to 

6.5% of the raw data size. Thus, the computational complex of classification algorithms would 

reduce to 4.23% of that without feature extraction assuming O(n2) complexity of the classifier. 

Since noise also has a strong effect on classification accuracy, we also studied the influence 

of different noise and our de-noising strategy on the performance of classification. Four classifiers 
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behave differently in terms of noise corrupted data due to their mathematical approach. This work 

does not intend to compare the performance of those classifiers. Instead, we focus on the noise 

tolerant ability and feature extraction and their enhancement to system performance. Figure (2.7) 

shows the result of the diagnostic accuracy. Each column represents one type of noise and each 

row represents one type of classifier. Each plot contains three accuracy curves on corrupted (green), 

de-noised (blue), and de-noised plus feature extracted (red) ECG data. The horizontal axis is the 

PRMSE from zero to one indicating the extent the ECG data is corrupted by noise and the vertical 

axis is the diagnostic accuracy. In general, the accuracy of de-noised ECG and feature extracted 

ECG perform better than corrupted ECG. Table (2-4) displays numerical values of accuracy using 

five types of noise for four classifiers selected from PRMSE values of 0%, 30%, 70% and 100%. 

For each classifier, three values represent the accuracy using corrupted, de-noised, and extracted 

features data, respectively. 

Overall, neural networks and SVM behave similarly with noise tolerance in terms of accuracy. 

The Naive Bayes classifier and nearest neighbor classifier have weaker noise tolerance compared 

with other classifiers. Since Naive Bayes classifier assumes that each cluster is independent of all 

other clusters, adding the same kind of noise to all clusters may create dependency between 

different clusters (equation (2.7)). Therefore, the above assumption will not be valid and results in 

low accuracy of the entire classifier. Since feature extraction only preserves coefficients unaffected 

by noise, features extracted data of each cluster is more independent than raw data. 
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Figure 2.7. Performance of four classifiers on ECG data corrupted by five kinds of noise with 

PRMSE from 0 to 1 (10% increment intervals). Each plot represents one classifier’s accuracy 

under one type of noise with PRMSE from 0 to 1. Green is corrupted ECG data, blue is de-

noised ECG data and red is de-noised plus feature extracted data. 

 

Table 2-4. Selected heartbeat automatic diagnostic accuracy of four classifiers with different 

noise at different PRMSEs. 

 Note: +Corrupted ECG, *De-Noised ECG, and -feature extraction in (%).  

PRMSE Neural Network SVM Naïve Bayes Nearest Neighbor  

Instrument Noise  

0% 

99.13 

99.13 

98.93 

99.62 

99.62 

99.23 

98.39 

98.39 

98.07 

95.57 

95.57 

93.24 

+ 

* 

- 
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30% 

94.39 

97.0 

96.19 

85.26 

96.03 

95.94 

33.2 

89.26 

94.03 

90.84 

93.31 

91.18 

+ 

* 

- 

70% 

82.27 

92.08 

88.37 

75.43 

88.68 

87.54 

29.4 

53.43 

72.93 

78.78 

85.29 

81.03 

+ 

* 

- 

100% 

64.87 

85.58 

81.8 

61.62 

81.73 

80.73 

25.33 

35.02 

55.31 

66.24 

76.46 

71.35 

+ 

* 

- 

Baseline Wander  

30% 

98.54 

97.95 

98.89 

99.18 

99.58 

99.19 

66.85 

97.81 

97.81 

60.95 

94.8 

92.92 

+ 

* 

- 

70% 

94.68 

92.87 

98.79 

97.33 

99.58 

99.10 

35.37 

96.69 

96.69 

38.2 

91.92 

92.21 

+ 

* 

- 

100% 

89.32 

98.64 

98.54 

92.83 

99.36 

98.84 

32.5 

95.3 

95.3 

28.24 

89.28 

91.3 

+ 

* 

- 

Motion Artifacts  

30% 

98.32 

98.61 

98.53 

99.10 

99.35 

98.83 

69.18 

86.4 

94.72 

71.16 

89.08 

91.86 

+ 

* 

- 

70% 

92.07 

98.17 

98.11 

94.75 

98.54 

98.28 

41.57 

74.92 

90.27 

45.15 

84.25 

89.28 

+ 

* 

- 

100% 

84.11 

97.44 

97.20 

86.66 

97.76 

97.27 

35.22 

70.05 

87.28 

35.97 

81.24 

87.87 

+ 

* 

- 

Muscle contraction noise  

30% 

92.31 

97.06 

95.81 

83.44 

95.80 

95.52 

30.61 

88.42 

93.85 

89.32 

93.55 

91.14 

+ 

* 

- 
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70% 

47.09 

92.10 

88.00 

42.95 

88.71 

87.06 

16.77 

50.34 

72.72 

45.37 

85.80 

81.23 

+ 

* 

- 

100% 

21.10 

85.95 

80.65 

19.99 

81.78 

79.77 

8.19 

35.29 

55.52 

20.21 

76.43 

70.76 

+ 

* 

- 

Mixed noise  

30% 

95.43 

97.54 

96.83 

86.54 

99.62 

99.23 

98.39 

98.39 

98.07 

95.57 

95.57 

93.24 

+ 

* 

- 

70% 

84.81 

94.38 

90.98 

75.88 

96.81 

96.94 

35.69 

91.56 

95.05 

80.26 

93.83 

92.03 

+ 

* 

- 

100% 

71.11 

89.38 

85.19 

65.86 

91.68 

89.94 

29.46 

64.36 

78.92 

46.95 

87.25 

84.63 

+ 

* 

- 

* Selected diagnostic accuracy (%) of +corrupted, *de-noised, and –feature extracted ECG. In 

particular, when PRMSE is zero, accuracy of each noise is the same. 

Thus, feature extracted data accuracy is higher than purely de-noised data for the Naive Bayes 

Classifier. Nearest neighbor classifies data by comparing the number of samples of each cluster 

within a sphere centered at the input data. Ideal input data stays in the central area of the cluster 

and thus, the sphere would include mostly data sampled from the same cluster. The effect of noise 

on the input data results in a shift of data location. If noise deviation is evenly distributed to each 

dimension, corrupted input data has a better chance to stay closer to the original location in terms 

of Euclidean distance. However, when the noise is not evenly distributed to each dimension, the 

above assumption would not be valid and accuracy decrease quickly as more noise is added to data. 

Since instrument noise has random amplitude on each dimension, nearest neighbor algorithms 

show strong noise tolerant ability for instrument noise than other noise types. 
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 Instrument noise shows a roughly linear decrease of accuracy for neural networks, SVM, and 

nearest neighbor methods. However, Naive Bayes classifier accuracy decreases very quickly from 

PRMSE equals 10% to 30% (accuracy changes from 98.39% to 33.2%) and accuracy maintains 

stable after PRMSE is greater than 30% (accuracy changes from 33.2% to 25.33%). In contrast, 

de-noising and feature extraction lead to a more stable decrease. Baseline wandering and motion 

artifacts have a small effect on the accuracy of neural network and SVM, but strong impact on 

Naive Bayes classifier and nearest neighbor. From Table (2-4), accuracy of neural networks and 

SVM remained around 90% maximal noise (PRMSE equals one) while naive Bayes and nearest 

neighbor accuracy decreased quickly to 32% and 28%, respectively. Proposed de-noising and 

feature extraction bring accuracy back to around 95% for the Naive Bayes classifier and to 90% 

for nearest neighbor. Muscle noise created a sharp decrease of accuracy for four classifiers. As the 

performance metric takes R peak detection accuracy into account, the sharp accuracy decrease 

may due to the R peak detection accuracy as shown in Figure (2.6). Both de-noising and feature 

extraction greatly boost diagnosis accuracy. Mixed noise contains all four kinds of noise, leading 

to a decrease in accuracy for all four classifiers to 71.11%, 65.86%, 28.68%, and 34.85% 

respectively. The proposed de-noising and feature extraction improve diagnostic accuracy to above 

85% for neural networks and SVM. 

From our analytical methods, noise significantly degrades signal quality and creates a big 

challenge for ECG monitoring and automatic diagnosis systems since it reduces R peak detection 

accuracy and further decreases diagnosis accuracy. The proposed N-ICA based de-noising 

improves SNR, thus enhancing system noise tolerance. N-ICA based dimensionality reduces the 

data to only 6.5% of its original size which significantly reduces computation of the classifier. As 
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SNR improved, R peak detection accuracy together with classification based automatic diagnosis 

accuracy is improved. 

2.5 Conclusion 

This chapter proposes a novel approach to analyze noise and attenuate the negative effects of noise 

in order to enhance the performance of wearable sensor based data acquisition and automatic 

analysis systems. The proposed method was applied in data de-noising and dimensionality 

reduction. To validate its effectiveness, we designed and implemented a four-step processing flow 

for a simulated ECG monitoring and automatic diagnosis system together with a noise generator. 

ECG data from the MIT-BIH Arrhythmia database containing 8118 heartbeats including normal 

beats and seven types of abnormal beats was used as testing ground truth data. Using ground truth 

data, the ECG monitoring system performance in terms of diagnosis accuracy outperformed most 

related methods and is able to classify more types of heart diseases. Experimental results using 

noise corrupted data demonstrated significant improvement of noise tolerance as measured using 

PRMSE and SNR as well as system performance improvement in both R peak detection and 

automatic diagnosis accuracy. 
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Chapter 3. Deep Learning Based Multi-Sensor Signal Fusion 

In the previous chapter, we discussed the noise problem in wearable sensor based health 

monitoring systems. This chapter addresses the problem of understanding signals collected from 

multiple sensors and their correlation with specific human psychological or physical responses 

which cannot be explicitly measured. To integrate multiple signals and extract an interpretation 

which is common to those signals, we introduce the application of data (signal) fusion and 

challenges in this approach. We review the literature in this area and analyze advantages and 

potential shortcomings. We then introduce our method which uses deep learning to automatically 

extract relevant features from multiple signals simultaneously and interpret human neurological 

activity from those extracted features. To validate our model, we used data collected from 20 

human subjects under triggers of six different neurological activities wearing wrist sensors. This 

work conducted three experiments to validate the proposed model including 1) subject specific 

studies; 2) individual sensor studies; and 3) across-subject studies.   

Abstract 

Human psychological and mental states are difficult to measure directly or interpret from a single 

source of measurement. Thus, integrating information from multiple measurements is a more 

promising and reliable approach. However, measurements from different sources need to be 

interpreted differently and the information is often transmitted at different rates which causes 

challenges to extract and integrate useful information simultaneously. This work addresses a deep 

learning based model for multi-sensor signal fusion to automatically extract features and estimated 

neurological activity from multiple wearable sensor signals. The proposed model employs a 
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convolutional-recurrent neural network architecture to process signals and reduce dimensionality 

from each sensor individually before fusion which allows simultaneous integration of multiple 

signals of different length (different sampling rates). The proposed model has been implemented 

and tested using data measured from wrist-wearable sensors on 20 individuals (both male and 

female) of various ages and other characteristics. Experimental results show that the model 

achieved an average recall of 0.953 and precision of 0.952 among 20 subjects in classifying six 

different types of neurological activity. Our experiments also show that results from fusing the 

results from multiple sensors outperform those from each individual sensor and that the subject 

specific study results outperform those from the across subject study. 

3.1 Introduction 

Data fusion integrates information from multiple sources to produce a unified high level 

representation [46] for assistance in further tasks such as automatic detection, estimation, 

classification, etc. [47]. The goal of fusing data is to extract high level knowledge by combining 

information from multiple sources to enhance data interpretation confidence. Thus, it can be 

employed to serve as the core technology for many applications. However, several challenges exist 

in the fusion process as summarized by [46]. Signal quality can be greatly degraded by noise and 

measurement defects in sensors. Human error and temporary instrument failure during data 

collections result in incorrect data and negatively affect subsequent processing. Besides, multiple 

data modality is another concern in which data from multiple sources show conflicting indications 

causing confusion in decision making [48]. In particular, biomedical and human emotion studies 

using multi-sensor signal fusion are more vulnerable to these challenges since these physiological 
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responses (e.g., emotion states, mental stress, etc.) are interpreted from signals measured by 

different sensors. For instance, wearable sensor design usually adopts simplified design, lower 

sampling rate, fewer ADC bits due to power constraints, physical size limit. These design tradeoffs 

can result in low quality data. Furthermore, since they are used in daily life monitoring, wearable 

sensors suffer from various kinds of noise. For example, ECG signals are corrupted by motion 

artifacts, electronic noise, and muscle noise which result in inaccurate heart rate calculations. 

Different sampling and transmission rates used by different sensors make signal alignment and 

fusion more difficult. Different signals, such as ECG, skin conductance, and oxygen level occur 

from different physiological process and need to be processed and interpreted differently. In 

addition, their mathematical relationship with the targeted human physiological response may not 

be completely understood. All of these challenges make building a computational model to extract 

features and fuse multi-sensor signals to interpret these data very difficult. 

Thus, this paper proposes a deep learning based multi-sensor signal fusion model to effectively 

extract deep features in signals from each sensor individually and produce indicative patterns 

representing signal fusion as a high level abstraction from which the targeted physiological 

response could be interpreted. By using deep learning based architecture, parameters in the model 

are iteratively optimized for computing the targeted outputs (for given inputs) through a learning 

process avoiding manual designed metrics. We implemented and applied this model to 

neurological activity estimation. Our experimental results show 0.95 precision and recall in a 

subject specific study and around 0.75 for an across subjects study. 
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The rest of the chapter is organized as follows. Section 3.2 summarizes relevant work in the 

literature addressing multi-sensor signal based detection, recognition of specific attributes, and 

their potential advantages and disadvantages. Next, Section 3.3 introduces the deep learning based 

signal fusion model in detail. Section 3.4 discusses experimental validation of our model using 

wrist-wearable sensor signals to estimate neurological activity including: 1) subject specific study 

experiments, 2) individual sensors study experiments, and 3) across subject study experiments. 

Finally, conclusions are discussed in Section 3.5. 

3.2 Related Works 

Sensor signal analysis plays a critical role in human mental, emotional, and physical state studies. 

The goal is usually to automate the information interpreting process by modelling the numerical 

(mathematical) relationship between measured signals and corresponding physical or 

physiological responses from tested subjects. Previous research has demonstrated that signals from 

multiple sensors contain more information than single sensor signals. The fusion of multi-sensor 

signals is often a key step in modelling the relationship between signals and the corresponding 

goal. The modelling step can be accomplished by a combination of expert designed rules, 

mathematical models (statistical correlations, signal processing, etc.), and automatic learning 

based methods (machine learning, regression). For example, J. Birjandtalab [49] combined 

different physiological signals as a feature vector and used Gaussian Mixture Model (GMM) to 

differentiate neurological status. A. Santos [50] used templates extracted from GSR and HR spaces 

to detect mental stress. However, direct use of different raw signals as features may not be effective 

since indicative features are usually not easily recognized in the raw format and require iteration 
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to extract them before they are forwarded to the machine learning algorithm. To select features, J. 

Zhai [51] computed the mean, standard deviation, and rise time from GSR, BVP, pupil diameter, 

skin temperature as features and used these for Support Vector Machine (SVM), decision tree, and 

naive Bayes classification to detect human mental stress. Y. Shi [52] computed multiple features 

(mean HR, frequency components, etc.) from ECG, GSR, temperature, etc., and used SVM to 

classify stressed and non-stressed states. Similarly, M. Abadi [53] used different frequency domain 

features to correlate signals with physiological responses. M. Soleyman [54] also used manually 

selected features (such as mean, standard deviation, derivative, spectrum, etc.) from EEG and 

peripheral physiological signals (GSR, respiration amplitude, skin temperature, ECG, EOG, EMG, 

etc.) to recognize human emotion. S. Katsigiannis [55] combined various known features from 

physiological signals, such as EEG, ECG, etc. to estimate human emotions. 

However, extracting known features relies on specific knowledge of those signals (e.g., a 

certain frequency component has a correlation with certain physiological responses) which makes 

it difficult to integrate new signals. General features such as the mean and standard deviation are 

not guaranteed to have a strong indicative relationship with the specific goal of the task (human 

emotion, mental stress, or other physiological responses) and adding unrelated features results in 

more computation and may negatively affect performance. In addition, traditional machine 

learning algorithms, such as K-Nearest Neighbor (K-NN), SVM, etc., may not be able to model 

complicated mathematical relationships between multiple features extracted from different signals 

and the targeted physiological response. Thus, deep learning [56] based models were employed as 

a more powerful approach to discover and model complicated numerical correlations within 

multiple signals. For example, M. Nicolaou [57] used Bi-LSTM Neural Networks to predict human 
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affects and the result showed that the deep-learning based model outperformed traditional 

classifiers. This work also stated that the fusion step plays a critical role in performance. Similarly, 

S. Lee [58] used a convolutional neural network to recognize human activity via 3D accelerometer 

signals. As stated in [11], Convolutional Neural Network (CNN) and Recurrent Neural Network 

(RNN) are two popular neural networks that outperform traditional machine learning models and 

thus, are widely used in extracting deep, unknown features and processing sequential data such as 

speech [59-63].  

To learn discriminative features from multiple axis signals, N. Rad [64] used both 

convolutional neural network and Long-Short Term Memory architecture to detect autism 

spectrum disorder from stereotypical motor movements.  

Therefore, the multi-sensor signal fusion model in this work used a deep learning based 

architecture consisting of convolutional neural network, recurrent neural network, and fully 

connected neural network. The proposed model learns local invariant features and sequential 

dependency from signals to avoid manually selected features and fuse learned features for further 

processing. 

3.3 Methods 

The signal fusion model employs a combination of Convolutional Neural Network (CNN), [65] 

followed by Recurrent Neural Network (RNN) [66] (known as C-RNN) architecture. CNN allows 

the model to learn features from each signal and represent internal structure of the signal at multiple 

levels of abstraction. At the next step, RNN extracts sequential dependencies from those high level 

abstractions. By combining automatically selected features, signals from multi-sensors are fused 
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to form a unified representation as a discriminative pattern. Finally, a Fully Connected Neural 

Network (FCNN) is used to estimate neurological activities from the pattern. 

3.3.1 C-RNN Architecture 

The input signal is at the bottom which is a 1D time series. The 1D CNN is a combination of a 

convolutional layer, an activation function, and a pooling layer. The convolutional layer convolves 

the input signal with multiple filters wi and produces several filtered signals. The assumption is 

that values in the signal are locally correlated and the correlation is invariant to location [66]. The 

highlight of CNN is that the weights of each filter wi is learned from signal to extract the most 

relevant features rather than by using pre-designed weights. Next, the pooling layer merges similar 

features by down-sampling the signal and explores the sparsity of the signal to produce a more 

concise format. In our signal fusion model, we adopt pooling on both the time axis (max pooling) 

and spatial axis (average pooling). The goal is to both reduce the signal size and remove the 

potential noise as wearable sensor measurements contain many artifacts. Equation (3.1) 

mathematically represents the entire processing flow of one convolutional neural network layer. 

)))...((( bwwxfpoolingy io 
 (3.1) 

where X is the input 1D signal, each wi is a convolutional filter, b is the bias and f(·) is the activation 

function. By repeating equation (3.1), the signal will be processed to extract deep features. Output 

of the last CNN layer is the input layer of RNN layer as shown on top of Figure (3.1). Top left 

dashed block shows a block diagram of a basic RNN cell. The RNN cell is able to memorize 

historical information by passing its hidden state to itself for computing the next output value. Top 



54 

 

right is the unfolded version of the RNN cell stacked into multiple layers. Each RNN cell receives 

input from the previous layer and the output is forwarded to the next layer. Assuming the time axis 

is from left to right, each cell receives the previous hidden state from the previous neighbor and 

sends the current hidden state to the next neighbor (next time step). Mathematically, the 

computation flow of each basic RNN cell could be represented as equation (3.2): 

)**( 1 iiiii bUsWxfy    (3.2) 

where x is the input from previous layer, si-1 is the hidden state from previous time step, bi is the 

bias, f(·) is the activation function, and Wi, Ui are weights learned from data. In addition to the 

regular RNN cell model, long-short term memory (LSTM) structure could be used to avoid the 

gradient vanishing problem for the long input sequence but re-quires more computation. 

In our application, the sensor time series signal speed is very important as the processing needs 

to follow the signal transmission rate and the input signal length of RNN has been significantly 

reduced by CNN. Thus, the regular RNN cell model is more preferable than the LSTM structure 

in terms of computation [67]. Different from [64], the model in our work employs individual RNN 

for each signal to allow parameters learned specifically for each signal. To provide more freedom 

and flexibility, our model allows parameters W, U of each RNN cell to be learned individually. 

The C-RNN model as shown in Figure (3.1) is constructed by stacking the RNN on top of 

CNN. The core idea is to first extract locally invariant features based on which sequential 

dependencies are detected. This idea has been applied in the design of various data processing 

applications such as music classification [68], ECG classification [69] and even hyperspectral data  
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[64]. In this fusion model, C-RNN is employed to process signals from each sensor individually, 

making the model flexible to process multiple signals measured from sensors using different 

sampling rates.  

 

Figure 3.1. The C-RNN architecture used in this work. 
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The output of each C-RNN will then be combined to form the fusion representation for final 

estimation of neurological activity. The fusion representation is a unified picture of features from 

each signal which are patterns directly indicating different neurological activity. 

3.3.2 Fusion Model 

Figure (3.2) shows the overall architecture of the proposed data fusion model. Five signals are 

used as inputs: 3D accelerometer signals, skin temperature, ElectroDermal Activity (EDA), arterial 

oxygen level (SpO2), and heart rate (HR), all of which are measured from the wrist. In particular, 

HR and SpO2 are only processed by RNN due to the fact that HR represents intervals between 

successive heartbeats which are discrete events calculated from photoplethysmography (PPG). 

Thus, the model uses HR as an extracted feature from PPG. Since SpO2 is collected at a very low 

sampling rate, it is only processed by RNN to extract sequential dependency. Other signals are 

direct measurements from sensors and are processed by the C-RNN model. Finally, neurological 

activities are estimated by a FC neural network whose input is the fusion representation pattern 

vector.  

The FC neural network uses each vertical vector at time step t0 in the color map pattern in 

Figure (3.3) and outputs the estimation for the time step t0 in one-hot encoding format. The fusion 

representation (pattern) is the strip color map for numerical values in Figure (3.3) where the 

horizontal axis is the time axis and the vertical axis is the fusion pattern vector. 
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Figure 3.2. The multi-sensor signal fusion model architecture. 

 

The fusion pattern vector is from the outputs of each RNN. Thus, different parts of the vector 

correspond to the C-RNN output of each sensor as labelled in the vertical axis. Different 

neurological activities could be differentiated from the fusion representation pattern which acts 

like a unique signature for each neurological activity. Those signatures (in the form of a color map 

pattern) are high level abstractions of multi-sensor signal fusion representation pattern vector. The 

FC neural network in this work is the multiple layer perceptron. Each neuron in the FC neural 
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network receives inputs from all neurons in the previous layer and performs a weighted sum plus 

bias with an activation function as shown in equation (3.3): 
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0
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(3.3) 

where yi is the ith neuron in the current layer, wi,j is the weight connecting ith neuron in the current 

layer to the jth neuron in the previous layer, xj is the output of the jth neuron in the previous layer, 

bi is bias of ith neuron in the current layer, N is the total number of neurons in the previous layer, 

and f(·) is the activation function. 

The training process minimizes a cost function which mathematically defines the difference 

between the actual output of the model (in the form of neurological activity estimation) and the 

desired output via iteratively updating all the trainable variables (weights connecting neurons, bias 

values). This work used the back-propagation and Adam optimizer as the training algorithm. 

Details of the learning algorithm and parameter updates can be found at [70], [71]. 

 

Figure 3.3. Multi-sensor signal fusion as a high level abstraction of knowledge.  
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In summary, this model enables automatic features selection from each input signal and fused 

those features into a high level abstraction of information to avoid manual feature selection. 

Neurological activity is then interpreted from those selected features by a fully connected neural 

network. Features learning based systems are transferable to different applications without external 

interference and could be very robust given a large amount of data for training. 

3.4 Results 

To validate the performance, we implemented the multi-sensor signal fusion model using Python 

3.4 with TensorFlow 1.3 on Ubuntu 14.04 LTS and tested the model using real time-series data 

measured from 20 human subjects using wearable wrist devices. To show the effectiveness of 

multi-sensor data and the feature similarity between different subjects, we conducted 1) subject 

specific studies; 2) single sensor studies; 3) across subject studies using a leave-one-subject-out 

scheme and compared their results. 

3.4.1 Data and Model Setup 

Sensor signals used in this work are from J. Briandtalab [49] and available at PhysioBank [72]. 

This dataset contains 3D accelerometer signals, skin temperature, ElectroDermal Activity (EDA), 

arterial blood oxygen level (SpO2), and HR measured using wearable sensors on the wrist of 20 

subjects (both male and female), at different ages, weights, and heights. During the data collection 

process, testing subjects are instructed to perform the following: relax, perform physical exercise 

(treadmill), relief, undergo cognitive stress (work on math and logic questions), relief, undergo 

emotion arousal (watching specific movies), and relax for around 35 minutes (around 5 minutes 

for each activity) successively from certain triggers (details of data collection could be found in 
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[49]). In our model, we treat the relaxed state after physical exercise and cognitive stress as a 

transitional relieve period. Thus, there are six distinct neuro-logical activities to estimate from five 

sensor signals as shown in Figure (3.4). 

The horizontal axis of all plots is the time axis in units of seconds. The vertical axis is the 

corresponding amplitude of each signal. The accelerometer measures acceleration in unit of m/s2. 

Skin temperature is measured on the skin of the wrist in °C. EDA reflects the skin conductance in 

units of μ-Siemens (μS). SpO2 measures the percent of oxygen in blood. Heart rate is the number 

of beats per minute. Acceleration, temperature, and EDA are sampled at 8 Hz and SpO2, HR are 

at 1 Hz. Those vertical lines in red separate different neurological activities as labelled on top of 

figure. 

The horizontal axis of all plots is the time axis in units of seconds. The vertical axis is the 

corresponding amplitude of each signal. The accelerometer measures acceleration in unit of m/s2. 

Skin temperature is measured on the skin of the wrist in °C. EDA reflects the skin conductance 

in units of μ-Siemens (μS). SpO2 measures the percent of oxygen in blood. Heart rate is the 

number of beats per minute. Acceleration, temperature, and EDA are sampled at 8 Hz and SpO2, 

HR are at 1 Hz. Those vertical lines in red separate different neurological activities as labelled 

on top of figure. The analysis uses a sliding window of five seconds on each signal as the inputs 

for each C-RNN in the model as shown in Figure (3.2). 
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Figure 3.4.  Example of multi-sensor signals collected from wrist sensors used in this work. 

To avoid over fitting and obtain optimal hyper-parameters of our model, we split the data into 

three portions for training (50%), validation (25%), and test (25%). The training set is used for 

training the model and validation set is used to tune the architecture (hyper parameters) of the 

model to achieve good tradeoff on the performance of both the training and validation set and 

avoid over fitting. The test set is used to produce our experimental results for model evaluation. 

Detailed implementation of the C-RNN is listed in Table (3-1). The input signal size of the 

3D acceleration matrix is 3x40. The first convolutional layer increases the signals size to 3x40x3 

using three filters.  
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Table 3-1. Parameters of the multi-sensor signal fusion model. 

 3D Acc. Skin Tmp. EDA SpO2 HR 

Input signal 3x40 1x40 1x40 1x5 1x5 

CNN 1 3x40x3 3x40 3x40 NA NA 

Activation Relu Relu Relu NA NA 

Pooling 1 3x20 1x20 1x20 NA NA 

CNN 2 3x20x3 3x20 3x20 NA NA 

Activation Relu Relu Relu NA NA 

Pooling 2 3x10 1x10 1x10 NA NA 

CNN 3 3x10x3 3x10 3x10 NA NA 

Activation Relu Relu Relu NA NA 

Pooling 3 3x5 1x5 1x5 NA NA 

RNN 1~3 3x5 1x5 1x5 1x5 1x5 

Activation Tanh Tanh Tanh Tanh Tanh 

Fusion 1x35 

FCNN 1 1x25 (Relu) 

FCNN 2 1x12 (Relu) 

FCNN 3 1x6 

Softmax 1x6 
 

*SpO2 and HR are not processed by CNN which has ‘NA’ in CNN related layers. All signals fused 

into one at the fusion step. Each entry represents the shape of tensor (signal matrix) or activation 

function in the network. 

 

Then, the pooling layer reduces the signal size to 3x20 using maximum down sampling along 

the time axis and average down sampling across the spatial axis. This process repeats three times 

and the signal size becomes 3x5 as the input for the RNN. The size of RNN for 3D acceleration is 
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3x5 for all three layers. The CNN of skin temperature and EDA signals uses the same configuration 

as shown in the third column in Table (3-1). 

The initial input size of both EDA and HR is 1x40 and these are reduced to 1x5 after 

processing by both convolutional and pooling layers three times. The RNN of temperature, EDA, 

SpO2, and HR are designed to have three layers of size 1x5. Note that even the RNN used to 

process these signals has the same size, each RNN exists separately and their trainable parameters 

are learned specifically for their own input signal. Processing each signal separately provides the 

model more flexibility to extract the most relevant features from each signal before the fusion step. 

The signal size of the fusion step is then 1x35. The FCNN is designed to have 25, 12, 6 neurons 

in each layer. The Tanh function is used as the activation function for the RNN and the Relu 

function is used as the activation function in the CNN which can be represented as y=MAX(0,x). 

Activation function in the output layer of the FCNN is the Softmax function as defined in equation 

(3.4): 

 





K

j j

T

j

i

T

i

i

bxw

bxw
xkyp

0
)exp(

)exp(
)|(

 (3.4) 

where each ki represents the ith neurological activity and x is the output from FCNN. p(y=ki|x) 

represents the probability that the current estimation y is neurological activity ki given that the 

FCNN’s output is x. The sum of probability p(y=ki|x) across all possible i is one. Output from 

Softmax function with highest probability equation (4) is selected as the final estimation. The cost 

function to measure the difference be-tween the desired estimation ytrue and the actual estimation 

probability p(y=ktrue) in this model is the cross entropy function as defined in equation (3.5): 
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The sum considers the total cost across all neurological activities. The training process uses 

back-propagation to iteratively minimize J(·). The entire data set is split into two equal parts for 

training the model parameters and performance validation. 

3.4.2 Experimental Design and Model Evaluation Metrics 

To evaluate our model, we conducted three experiments: 1) subject specific studies using multiple 

sensors, 2) single sensor experiments of subject specific study, and 3) across subject study using 

multiple sensors. This work adopts three metrics to quantitatively evaluate the performance of the 

signal fusion model: precision (3.6), recall (3.7), and F-score (3.8). TP is true positive, FP is false 

positive, and FN is false negative. 

FPTP

TP
precison




 (3.6) 

FNTP

TP
recall




 (3.7) 

recallprecison

recallprecision
Fscore




 2  (3.8) 

The above definitions are initially designed for a binary estimation. Since this work deals with 

multiple neurological activities, we adopt the "one versus the rest" strategy in which “True” is 

defined as a certain neurological activity and "False" represents all other activities. 
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3.5 Results 

In the subject specific study, we trained one model for each test subject based on the data of that 

test subject. In this experiment, we assume that each subject’s signal features are homogeneous 

and thus exhibit similar signal characteristics when the subject is under certain neurological 

activity. Figure (3.5) displays the learning process and results for 20 subjects. The horizontal axis 

represents training, validation and testing. The vertical axis is the mean of recall (red bar), F-score 

(blue bar), and precision (green bar) of 20 test subjects. The black vertical lines in the middle of 

each bar shows the standard deviation among 20 subjects. 

 

 

Figure 3.5. Results of subject specific study. Bar height is mean and black error bar is standard 

deviation. 
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Detailed numeric values are shown in Table (3-2). The training set has the higher precision, 

recall and F-score with smaller deviation compared with the validation and testing set. The 

validation set has better performance than the testing set. 

Table 3-2. Subject Specific Study Results 

 Training Validation Testing 

Precision 0.969±0.018 0.956±0.020 0.953±0.020 

Recall 0.968±0.019 0.954±0.022 0.952±0.021 

F-score 0.968±0.018 0.955±0.021 0.953±0.020 

 

 

Figure 3.6. Results of subject specific study. Bar height is the mean and the black error bar is 

the standard deviation. 

 

 Figure (3.6) shows the mean precision, recall, and F-score (testing set) of each neurological 

activity among 20 subjects using a bar plot with standard deviation. The horizontal axis 

represents each neurological activity and their percent of time duration among the entire 
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experiment. The vertical axis represents precision (green bar), recall (red bar), and F-score (blue 

bar) values. The overall recall and precision values are calculated as a weighted sum of each 

neurological activity scaled by their corresponding time duration percentage in the entire set of 

experiments. Detailed numeric results are in Table 3-3. 

Table 3-3. Subject Specific Study Testing Results 

 Precision. Recall F-score 

Relax 0.959±0.039 0.964±0.032 0.961±0.026 

Physical Stress 0.936±0.062 0.957±0.034 0.945±0.030 

Physical Relief 0.955±0.030 0.949±0.076 0.951±0.050 

Cognitive Stress 0.947±0.044 0.942±0.038 0.944±0.035 

Cognitive Relief 0.961±0.040 0.975±0.019 0.968±0.024 

Emotional Stress 0.956±0.036 0.919±0.064 0.936±0.047 

Overall 0.953±0.020 0.952±0.021 0.953±0.020 

  

Figure (3.7) is the confusion matrix. The vertical labels are the true neurological activities and 

the horizontal axis represents the estimated activities. Entries with darker background color on the 

diagonal line contains percent of each activity estimated as itself (correct estimations) while other 

entries represents percent of each activity estimated as other activities (incorrect estimations).  

 Figure (3.8) is the ROC curve of each neurological activity (one versus the rest is used for 

each neurological activity) among 20 testing subjects ((a): Softmax function; (b): without Softmax 

function). The horizontal axis is the false positive rate (specificity) and vertical axis is the true 

positive rate (sensitivity). 
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Figure 3.7. Confusion matrix of neurological activity (one versus the rest). 

 

To provide a clear vision of the ROC curve, the left subplot is a zoom-in view (true positive 

rate is within 90% to 100% and false positive rate is within 0% to 10%). As observed in Figure 

3.8, higher true positive rate leads to higher false positive rate. By comparing left and right subplots, 

the Softmax function acts as a scaling function which intensifies the classification capability 

between positive and negative outcomes. As observed in (a), with the Softmax function, true 

positive rate of each neurological activity is above 97% with a 1% false positive rate. Areas under 
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each ROC curve (AUC) are calculated using a trapezoidal integration of the discrete true positive 

rate and the false positive rate values (listed in legends in Figure (3.8)). 

 

Figure 3.8. ROC curve of each neurological activity with x (false positive rate) axis and y (true 

positive rate) axis. Note that x and y axis are in range of 80% to 100% and 0% to 20%, 

respectively. 

 

In contrast to the subject specific study, the across subject study explores whether or not the 

feature similarity is shared among different test subject with different biological characteristics 

(e.g., age, weights, heights). In the across subject study, we adopted the leave-one-subject-out 

scheme [64]. We did this experiment for each subject in the 20 person dataset. For each test subject, 

a training data set was built from all other 19 subjects. The testing data set is from the target subject. 

For this study, we did two experiments using different training processes. In the first experiments, 

we trained the model without a validation set. In the second experiment, we create a validation set 

using 25% of data from testing subjects and 5% from training set. Training with a validation dataset 
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allows us to implicitly access and create a selection preference based the performance of both 

training and the validation set. Thus, the likelihood of overfitting the model with pure training data 

is decreased. 

Table 3-4. Results Comparison. 

 Precision. Recall F-score 

All Sensors 0.953±0.020 0.952±0.021 0.953±0.020 

Acc. Sensor 0.811±0.096 0.794±0.116 0.802±0.107 

GSR 0.610±0.184 0.566±0.218 0.584±0.208 

Heart Rate 0.439±0.042 0.343±0.042 0.385±0.042 

Skin Tmp. 0.157±0.042 0.045±0.025 0.069±0.033 

SpO2 0.175±0.059 0.056±0.036 0.084±0.047 

Across Subject 0.509±0.093 0.465±0.099 0.486±0.096 

Across Sub (Val.) 0.750±0.099 0.734±0.111 0.742±0.105 

 

Figure (3.9) is a comparison of our experiments in terms of precision (green bar), recall (red 

bar), and F-score (blue bar) with standard deviations. Detailed numeric values are in Table (3-4). 

Fusing multiple sensors for subject specific studies achieves the best performance (highest 

precision, recall, F-score and smaller standard deviations). The performance of the across subject 

study is about 20% lower than the subject specific study in general and with 10% standard 

deviation. This result indicates that the feature similarity between different test subjects is much 

lower than within data from the same test subject. Thus, across subject training without test subject 

data as validation can result in much lower performance than with a validation. Subject specific 

experiments achieved higher performance than across subject experiments. Detailed numeric 

results of the comparison are in Table (3-6) at the end.  
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As the dataset used in this work only contains 20 subjects, it is difficult for across subject 

study training to capture signal features for a specific test subject without using data from that 

subject as validation in our experiments. However, signal features may also be related to biological 

characteristics of that test subject such as gender, age, weight, height, etc. Thus, it is possible to 

generate better results in across subject studies if training with a large amount of data from subjects 

with similar biological characteristics to the test subject. This is a limitation in this approach. 

 

Figure 3.9. Results comparison between all sensor fusion, individual sensor (accelerometer, 

GSR, HR, skin temperature, and SpO2), and cross subject studies. Height of bar is the mean and 

black vertical lines in the middle of each bar plot is the standard deviation 

 

In addition, we also compared our work with other related work in the literature which 

involves physiological or physical response recognition using signals from multiple sensors such 

as emotion recognition [73], [74], stress detection [51], [75], [76], and human physical activity 

recognition [58], [75]. Table 3-5 shows the comparison including number of recognizable states, 

methodology, signals used, and performance in terms of accuracy. Since different kinds of works 

perform different tasks, we draw general conclusions regarding signals and methodology 

comparison for kinds of works performing similar task instead of a precise numeric comparison. 
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Systems used multiple signals generally outperform those who use signal from single source as 

shown in stress detection. For example, J. Zhai [51] and A. Bayat [74] who used ECG, GSR, etc. 

achieves results above 90% higher than M. Salai [73] who only use HR. Feature extraction is also 

a critical step determining performance as seen in [76], [77] who used the same signals for emotion 

recognition. LDA used in emotion recognition projects data to a different space to enhance the 

separation between different emotions. Thus, SVM with LDA projection generally showed better 

performance than pure SVM based approach. This work used a C-RNN architecture to extract both 

local invariant feature and sequential dependencies from each signal individually. Thus, 

neurological activities can be differentiated from the fusion of features by a three layer neural net-

work with a small amount of neurons. This indicates that deep features which have mathematical 

correlations with neurological activity in each signal are effectively extracted by the C-RNN 

architecture. In contrast to human designed features, the model used in this work does not rely on 

particular knowledge of each signal and is able to automatically extract features from signals 

through training. Thus, it is able to fuse more signals from different sensor.  

Table 3-5. Comparison with other multi-signal fusion related works in the literature. 

Related works state Methods Signals used Results 

All Sensor Fusion 6 
C-RNN, 

FCNN 

3D Acc., EDA, HR, 

SpO2, skin tmp. 
95.3±2% 

Acc. 6 
C-RNN 

FCNN 
3D Acc. 80±10% 

GSR 6 
C-RNN 

FCNN 
GSR 58.4±20% 

HR 6 
RNN 

FCNN 
HR 38.5±0.4% 

Skin 6 C-RNN Skin Tmp. 6.9±3.3% 
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Tmp. FCNN 

SpO2 6 
RNN 

FCNN 
SpO2 8.4±4.7% 

Across Subject 6 
C-RNN 

FCNN 

3D Acc., EDA, HR, 

SpO2, skin tmp 
48.6±9.6% 

Across Sub 

Validation 
6 

C-RNN 

FCNN 

3D Acc., EDA, HR, 

SpO2, skin tmp 
74.2±10% 

J. Birjan et al. [49] 4 GMM 
3D acc., EDA, HR, 

SpO2, skin tmp. 
84% 

F.-T. Sun, et al. [74] 2 
Bayes Net, 

SVM 
ECG, GSR, 3D Acc. 92.4% 

J. Zhai, et al. [51] 2 
Decision tree, 

SVM 

GSR, BVP, skin 

tmp., pupil diameter 
90% 

M. Salai, et al. [73] 2 
Threshold 

decision 
HR 75% 

S.-M. Lee, et al. [58] 3 CNN, FCNN 3D Acc. 92.71% 

A. Bayat, et al. [75] 6 
Probabilistic 

fusion 
3D Acc. 91.15% 

C. Maaoui et al. [77] 6 LDA, SVM 
EMG, BVP, HR, 

GSR 
92% 

K. Guizi et al. [76] 6 SVM 
EMG, BVP, HR, 

GSR 
85% 

 

3.6 Conclusion 

In summary, this work proposed and implemented a multi-sensor signal fusion model using deep 

learning. The model employs both CNN and RNN to extract local invariant and sequential 

dependencies from each signal before the fusion step which avoids preprocessing and manual 

feature selection. The model has been applied to neurological activity estimation and tested using 

signals from wrist wearable sensors on 20 human subjects. Fusion of these signal forms a 
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discriminative pattern from which different neurological activities are estimated by a FC neural 

network. Experimental results demonstrated an average 95% precision and recall with 2% standard 

deviation in a subject specific study and around 75% performance in across subject study with 

around 10% standard deviation. By comparing with individual sensor experiments, we concluded 

that multiple sensor signals contains more information which enhance the performance of 

interpretation of human physiological responses. From across subject study experiments, we found 

the feature similarity between different test subjects is low with a limited number of test subjects. 

In the future, this work could be extend to include the biological characteristics (e.g., age, gender, 

weights) of the subject into the model. 

Table 3-6. Detailed Experimental Results. 

Sub

# 

All 

Sensors 

Fusion. 

3D 

accelero

meter 

GSR 
Heart 

Rate 

Skin 

Temperat

ure. 

SpO2 
Across 

Subject 

Across 

Sub 

(Val.) 

1 
0.961, 

0.960 

0.811, 

0.802 

0.637, 

0.583 

0.445, 

0.326 

0.131, 

0.030 

0.131, 

0.030 

0.432, 

0.398 

0.754, 

0.751 

2 
0.969, 

0.968 

0.799, 

0.766 

0.574, 

0.521 

0.430, 

0.349 

0.131, 

0.030 

0.131, 

0.030 

0.544, 

0.559 

0.850, 

0.847 

3 
0.934, 

0.930 

0.847, 

0.833 

0.761, 

0.763 

0.366, 

0.256 

0.173, 

0.051 

0.287, 

0.128 

0.467, 

0.412 

0.850, 

0.849 

4 
0.952, 

0.949 

0.900, 

0.899 

0.544, 

0.534 

0.389, 

0.285 

0.174, 

0.051 

0.158, 

0.043 

0.547, 

0.486 

0.870, 

0.865 

5 
0.952, 

0.951 

0.773, 

0.715 

0.569, 

0.575 

0.533, 

0.425 

0.132, 

0.031 

0.173, 

0.051 

0.448, 

0.413 

0.782, 

0.780 

6 
0.953, 

0.952 

0.789, 

0.775 

0.963, 

0.963 

0.440, 

0.379 

0.132, 

0.031 

0.131, 

0.030 

0.448, 

0.398 

0.742, 

0.734 

7 
0.981, 

0.981 

0.885, 

0.882 

0.694, 

0.667 

0.408, 

0.303 

0.133, 

0.031 

0.118, 

0.025 

0.532, 

0.525 

0.778, 

0.776 

8 
0.978, 

0.978 

0.930, 

0.931 

0.623, 

0.608 

0.407, 

0.303 

0.132, 

0.031 

0.173, 

0.051 

0.626, 

0.587 

0.842, 

0.828 
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9 
0.965, 

0.965 

0.587, 

0.554 

0.581, 

0.512 

0.430, 

0.361 

0.132, 

0.031 

0.132, 

0.031 

0.704, 

0.702 

0.790, 

0.792 

10 
0.932, 

0.928 

0.893, 

0.980 

0.433, 

0.330 

0.174, 

0.051 

0.174, 

0.051 

0.118, 

0.025 

0.647, 

0.568 

0.861, 

0.862 

11 
0.978, 

0.978 

0.781, 

0.786 

0.971, 

0.972 

0.398, 

0.353 

0.242, 

0.094 

0.242, 

0.094 

0.555, 

0.491 

0.582, 

0.565 

12 
0.946, 

0.944 

0.930, 

0.929 

0.674, 

0.671 

0.409, 

0.304 

0.118, 

0.025 

0.286, 

0.127 

0.502, 

0.441 

0.734, 

0.731 

13 
0.974, 

0.974 

0.805, 

0.809 

0.667, 

0.605 

0.447, 

0.367 

0.118, 

0.025 

0.287, 

0.128 

0.432, 

0.361 

0.654, 

0.609 

14 
0.918, 

0.914 

0.880, 

0.879 

0.707, 

0.697 

0.404, 

0.302 

0.118, 

0.025 

0.173, 

0.051 

0.589, 

0.535 

0.690, 

0.638 

15 
0.933, 

0.933 

0.621, 

0.521 

0.578, 

0.504 

0.479, 

0.367 

0.174, 

0.052 

0.132, 

0.031 

0.432, 

0.351 

0.701, 

0.705 

16 
0.914, 

0.914 

0.681, 

0.649 

0.600, 

0.541 

0.469, 

0.343 

0.132, 

0.031 

0.118, 

0.025 

0.468, 

0.419 

0.631, 

0.582 

17 
0.964, 

0.963 

0.845, 

0.834 

0.447, 

0.346 

0.431, 

0.347 

0.287, 

0.128 

0.174, 

0.052 

0.273, 

0.244 

0.739, 

0.744 

18 
0.931, 

0.930 

0.896, 

0.895 

0.132, 

0.031 

0.496, 

0.389 

0.173, 

0.051 

0.173, 

0.051 

0.542, 

0.501 

0.863, 

0.852 

19 
0.963, 

0.963 

0.871, 

0.871 

0.286, 

0.127 

0.510, 

0.422 

0.174, 

0.051 

0.117, 

0.024 

0.543, 

0.509 

0.787, 

0.725 

20 
0.969, 

0.968 

0.695, 

0.669 

0.561, 

0.494 

0.432, 

0.341 

0.157, 

0.043 

0.239, 

0.092 

0.452, 

0.405 

0.498, 

0.451 

ST

D 

0.02, 

0.021 

0.096, 

0.016 

0.184, 

0.218 

0.042, 

0.042 

0.042, 

0.025 

0.059, 

0.036 

0.093, 

0.099 

0.099, 

0.111 

Me

an 

0.953, 

0.952 

0.811, 

0.794 

0.610, 

0.566 

0.439, 

0.343 

0.157, 

0.045 

0.175, 

0.056 

0.509, 

0.465 

0.750, 

0.734 

* Each cell in the table contains two numbers in the format of precision, recall. STD is the standard 

deviations. 
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Chapter 4. Low Power Real-time Data Acquisition using Compressive 

Sensing 

In the previous chapter, we talked about the deep learning based multi-sensor signal fusion model 

to integrate data and interpret high level knowledge. To acquire real-time data, an efficient 

sampling strategy in sensor design is needed. The goal is to combine sampling and compressing 

data at the moment data is acquired. In this chapter, we introduce a compressive based real-time 

data acquisition for low power applications. The proposed compressive sensing based data 

acquisition design has been simulated using MATLAB and tested on a time-resolved fluorometer 

and ECG data with relative norm error of 0.0013. The compressive sensing based model has been 

adopted in SPIE conference [9].  

Citation: Powers, L. S., Zhang, Y., Chen, K., Pan, H., Wu, W. T., Hall, P. W., Fairbanks, J. V. 

Nasibulin, R.. Wang, M. (2017). Low power real-time data acquisition using compressive sensing. 

In Micro- and Nanotechnology Sensors, Systems, and Applications IX (Vol. 10194). [101940C] 

SPIE. https://doi.org/10.1117/12.2263220 

Keywords: compressive sensing, low power, real-time data acquisition. 

Abstract 

New possibilities exist for the development of novel hardware/software platforms having fast data 

acquisition capability with low power requirements. One application is a high speed Adaptive 

Design for Information (ADI) system that combines the advantages of feature-based data 

compression, low power nanometer CMOS technology, and stream computing [79]. We have 

https://doi.org/10.1117/12.2263220
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developed a compressive sensing (CS) algorithm which linearly reduces the data at the analog 

front end, an approach which uses analog designs and computations instead of smaller feature size 

transistors for higher speed and lower power. A level-crossing sampling approach replaces Nyquist 

sampling. With an in-memory design, the new compressive sensing based instrumentation 

performs digitization only when there is enough variation in the input and when the random 

selection matrix chooses this input.   

4.1 Introduction 

New possibilities exist for the development of novel hardware/software platforms having fast data 

acquisition capability with low power requirements. One application is a high speed Adaptive 

Design for Information (ADI) system that combines the advantages of feature-based data 

compression, low power nanometer CMOS technology, and stream computing [79]. Typical data 

acquisition systems use a sensor together with a mixed signal op-amp and ADC feed to a stream 

processor. In this approach, the front end analog portion consumes more than half the total chip 

area and is several orders of magnitude slower than the digital portion of the system.    

We have developed a compressive sensing (CS) algorithm which linearly reduces the data at 

the analog front end, an approach which uses analog designs and computations instead of smaller 

feature size transistors for higher speed and lower power. A level-crossing sampling approach 

replaces Nyquist sampling. With an in-memory design, the new compressive sensing based 

instrumentation performs digitization only when there is enough variation in the input and when 

the random selection matrix chooses this input. For example, fluorescence data can not only be 

collected in real-time, but also analyzed in real-time with these methods to provide lifetimes of 
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specific fluorophores. While CS is a means by which N-dimensional data can be transformed by a 

linear operator into data in an M-dimensional vector space, where M << N, the M-dimensional 

data in common CS practice does not have any semantic meaning. Thus, characterization of a point 

in a random matrix usually relies on machine learning algorithms to cluster data points. In this 

paper, we discuss how to incorporate meaning into the resulting M-tuples obtained when applying 

the linear operator to the original uncompressed N-tuples, so that information contained in the 

original data can be extracted from the compressed data without utilizing a clustering algorithm. 

One type of data considered here are exponentially decaying waveforms, and the linear operator 

employed is Ƭ (time-constant for the decaying exponential function) which is extracted by 

transforming the original N-dimensional data into a subspace of a random matrix where each 

element of the M-tuple that resides in this subspace is a close approximation to the decay time 

constant Ƭ. Another approach utilizes mono-exponential decay estimates from a rapid lifetime 

determination algorithm [80] to extract Ƭ from the compressed M-dimensional data. However, 

multiple component exponential data have not been analyzed in this manner.  

4.2 Model Based Compressive Sensing For Exponential Decay 

4.2.1 Compressive Sensing 

Let us begin with a brief review of compressive sensing theory [80, 82-85]. An example image 

can be presented as an NxM matrix. By using a random selection matrix, we can generate a new 

matrix:   

                                                                          (4.1)                                                                         

Because m<<N, we reduce the total data amount. Different from JPEG and other nonlinear 

 NxMmxNmxM Xy ][
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compression algorithms, compressive sensing linearly reduces data and preserves key features 

without much distortion. This is the key reason why compressive sensing can be applied to the 

front end of a data acquisition system instead of right before data transmission. One such example 

is a “single pixel camera” [87]. The camera performs random selection on the sampled object. 

Thus, a smaller amount of data will be generated by the camera and subsequently enter the 

following data acquisition system. Depending on the sparsity of the sampled data, the average data 

reduction by compressive sensing is about 50%. If we use joule per bit as energy estimation, this 

indicates that this compression algorithm may lead to a total energy/power reduction for the 

following data processing architecture.    

In this paper, we extend the compressive sensing algorithm to real applications. Model based 

compressive sensing algorithms are used to leverage the structure present in signals obtained by 

the sensors. In particular, several common real application signals such as exponential decaying 

signals and periodic physiological signals (i.e. ECG waveforms) are investigated. 

4.2.2 Model Based Compressive Sensing 

The traditional compressive sensing theorem assumes that coefficients of some transforms 

performed on measured data (e.g., wavelet, DCT) are K-sparse, where K is much smaller than the 

data size N [80]. Thus, the data can be represented using only K samples. Model based compressive 

sensing proposed in [3] explored the structure of data to be sampled and further reduced K without 

sacrificing the recovery performance. The key idea is to relax the restricted isometric property 

(RIP) [82] of the random sampling matrix and employ a structure based recovery algorithm 

according to a data model. In the current applications, the signals collected are an exponential 
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decay waveform and a periodic waveform, both mixed with noise. Our sampling strategy enables 

a high compression rate via RIP relaxation and achieves de-noising recovery to some extent by 

enhancing coefficient sparsity in recovery. We first review the RIP presentation and then show the 

details of our sampling strategy. In traditional compressive sensing, the sampling matrix follows 

the RIP such that original information could be recovered. Mathematically, the RIP is represented 

as equation (4.2) 

                             2

2

2

2

2

2
11 xxx kk                          (4.2) 

where 𝜱 is the random sampling matrix of size M by N, x is the data size N, and δk is a constant. 

Under the RIP constraint, the random matrix ensures the relative distance within x which will still 

be preserved after sampled by 𝜱. Thus, information within x is also preserved after the sampling 

procedure 𝜱. To enable higher compression rates, we relax the RIP. This gives more flexibility to 

the sampling matrix 𝜱. The general RIP requires sparsity of data x before compression. However, 

when the data information is modeled as xmodel, we can further relax δk in (4.1) which provides a 

lower sampling rate than that of the original RIP. The recovery process generates the sparsest 

solution which also satisfies the compression equation.  

Nevertheless, in a real data acquisition system, the data from circuits is always mixed with 

noise. Thus, we must develop a noise removal recovery model for our data acquisition system. 

Equations (4.3) and (4.4) define the recovery model using a model based sampling matrix, 𝜱m, 

and an orthogonal basis, Ψ, therefore transforming x into coefficients α. 

                          my  where x                           (4.3) 
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                         minˆ     ˆ.. myts                         (4.4) 

As denoted in (4.3), x is the data collected directly from the noisy instrument. The coefficient 

α also contains noise. Next, we recover to a noise-free solution �̂�, whose coefficients under the Ψ 

transform is �̂�. This is described in (4.4). �̂� is the noise free coefficient and ε is the error tolerance. 

In the recovery procedure, our aim is to look for the sparsest coefficients. These coefficients must 

lie within the recovery error tolerant value ε determined by the instrument signal-to-noise ratio. 

The recovery procedure is established based on the assumption that the sparsity of data is much 

higher than noise. Therefore, given a tolerance value corresponding to the instrument noise level, 

the recovered coefficient will be sparser than without a tolerance, which is more likely to represent 

the true information. 

4.3 Discussion & Conclusion 

Two different applications are shown to illustrate the concept of model-based compressive sensing: 

an exponential decay from a time-resolved fluorescence measurement and an electrocardiogram 

(ECG) signal. In the first application, the signal collected is an exponential decay waveform mixed 

with noise. As is well known, wide spectrum signals can appear in ultra-broadband 

communications, molecular fluorescent decay signatures, imaging and vision systems for high 

speed aircrafts, and other physical phenomenon, some of which have not been able to be measured 

directly because of the required sampling speed. Of particular interest to us are applications of this 

methodology to biomedical problems. Hence, an exponentially decaying signal and a repetitive 

signal are chosen to demonstrate the model-based compressive sensing strategy. In the exponential 

decay, the signal acquired is approximated by an exponential decay with instrumental noise. Since 
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information contained in the data is represented by the corresponding entries of the sampling 

matrix values, there is a high probability that higher weights are on the part of the data which 

contains more information. Thus, the compressed data mainly contains critical information which 

is sparser than noise. For these reasons, the recovery process is more likely to recover only the 

most important information.  

Figure (4.1) shows the recovery result using noisy experimental data from a time-resolved 

fluorescence instrument. Since the model based sampling matrix places less weight on noise, the 

noise has only a little impact on the result. The blue solid line is the data collected directly from 

the instrument and red dashed line represents the recovered data. 

The time resolved fluorescence measurement is ethidium bromide bound to DNA in D2O. For 

this application, the data is a single exponential measured by a time-resolved fluorometer and the 

input data consists of 143 points. In the first step, the DCT basis is applied to the input signal x, 

transforming x into the coefficient vector α which is sparser than x. A Gaussian random matrix is 

selected. Based on the sparsity of the coefficient vector α, we can choose the amount of 

compression for the signal. In this application, the data is compressed from 143 points to 15 points. 

After the compression step, the CoSaMP algorithm is applied to the compressed data to reconstruct 

the original data. Figure (4.1) shows the original input data and the reconstructed data and Figure 

(4.2) shows the difference. After this, both data, the curve fitting for original input data and 

reconstructed data, are fitted to an exponential function to determine the decay constant Ƭ. For this 

application, the decay constants are approximately equal to 6.9 ns for both original input data and 

reconstructed data. This value is in good agreement with that reported in the literature [88]. 
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For the ECG application, the data is a periodic waveform with QRST features measured by an 

ECG circuit. The input data consists of 512 samples, about three periods from a set of 249250 raw 

data samples with 256 samples per second. In the first step, the wavelet basis is applied to the input 

data, x, transforming x into coefficient vector α which has a sparsity greater than x. Note that this 

wavelet basis is created based on Daubechies wavelet function [89] due to its regularity which aids 

in the retention of the smoothness of the original data. A Gaussian random matrix is then applied 

as our selection matrix because it is incoherent with the Daubechies wavelet basis. In addition, this 

basis also preserves the sparsity before and after projection onto this basis. Based on the sparsity 

of the coefficient vector α, we can choose the amount of compression for the signal. In this 

application, the signal is compressed from 512 samples to 256 samples. After the compression step, 

the CoSaMP algorithm is applied to the compressed signal to reconstruct the original signal. The 

relative error is Rgr=norm(�̂�-x)/norm(x)=0.0013 (Figure (4.3)). 

 

Figure 4.1. Comparison of the raw data (blue solid line) and recovery data (red dash line) 

showing the de-noising performance. 
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Figure 4.2. Reconstructed data (red) from the compressive sensing exponential decay algorithm 

compared to the original data (blue) (a) and the difference between the original exponential 

decay data and the reconstructed data (b). 

 

 

Figure 4.3. Wavelet model based compressive sensing of ECG data. The blue line represents 

the original data. The red line represents the recovered data using CoSaMP. 
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4.4 Outlook 

The massive data explosion in both quantity and diversity of mobile, wireless and cloud based 

devices is the direct consequence of affordable, ubiquitous digital computing due to innovations 

in integrated circuit (IC) technologies. Previous generations generated only a small amount of 

analog data, but now we are facing an enormous volume of digital data produced from diverse 

sources through a variety of channels, preventing real-time analysis using traditional data 

acquisition architectures and designs. A major concern raised by many is whether we can actually 

get any useful information from such large pools of data. Data mining, a methodology that uses 

models to extract information from data, can be effective in presenting a summary of the data or 

the most extreme features of the data, depending on the appropriate selection of models [90, 92, 

94, 95].  Searching for certain patterns or occurrences in data also faces challenges. According to 

Bonferroni’s theory [90, 94, 95], the number of certain occurrences grows when the data volume 

increases. Among highly diversified data, the occurrences become statistical artifacts rather than 

evidence of the searching patterns. The only way to avoid data explosion is to perform streamline 

computing for cognitive data acquisition from the very beginning [90-96].  Through model based 

compressive sensing, this paper demonstrated how to cognitively reduce the data volume at the 

sensor and system level while maintaining the data structure and accuracy. Our preliminary results 

show that it is possible to provide structured data with much lower data volume. We believe that 

our investigations provide a starting point for real-time data acquisition in large data volume 

applications such as mobile health, telemedicine, and precision medicine. 
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Chapter 5. Sweet Dreams: Review of a Sleep Tracking Framework 

In the previous, we introduce our compressive sensing based real-time data acquisition system 

design. Together with noise attenuation, automatic sensor-signals fusion techniques, a wearable 

sensor based automatic monitoring system require a combination of all above technologies to work 

in a clinic based or home based monitoring scenario. In this chapter, we introduce a review of a 

sleep tracing framework using wearable sensors. The goal is to show that wearable sensor based 

monitoring is a very efficient solution for physiological signals based health study and monitoring.  

Citation: Roveda JM, Chen K, Powers LS. Sweet dreams: review of a sleep tracking framework. 

Int J Biosen Bioelectron. 2017;2(2):55‒57. DOI: 10.15406/ijbsbe.2017.02.00016 

Keywords: wearable sensors, internet of things, mobile platform, real-time feedback. 

Abstract 

Sleep disorders and deficiency are epidemic among young children and older adults. A 2016 U.S. 

Centers for Disease Control and Prevention study revealed that more than a third of American 

adults and one out of four young American children lack sleep on a regular basis. To aid medical 

professionals investigating the etiology of sleep disorders, a number of environmental and 

physiological measurements are needed to understand this complex state. With wearable sensors, 

it is possible to monitor and track the effect of the environment outside the sleep clinics on an 

individual basis. This paper discusses a new sleep monitoring and tracking framework that can 

assist such a goal. We discuss the use mobile platforms, computation resources, and sensors to 

create a home/school/workplace-based monitoring and tracking environment. We also point out 
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the challenges associated with current wearable sensor designs, data/measurement quality, data 

management, and security. 

5.1 Introduction 

Sleep disorders result in sleep deficiency and are becoming epidemic issues among both young 

children and adults. A 2016 CDC study by the U.S. Centers for Disease Control and Prevention 

[97] revealed that more than a third of American adults and one out of four young American 

children lack sufficient sleep on a regular basis. Another study conducted by the National Institute 

of Neurological Disorders and Stroke [98] pointed out that every year, the US alone has over 40 

million people suffering from chronic sleep disorders. Lack of sleep [99] can cause detrimental 

health effects, such as increased probability for diabetes, neurological disorders, and heart disease 

as well as a weakened immune system. There is little doubt that sleep is essential for health, growth, 

normal physiological functions, and learning abilities in children. 

The causes of sleep disorders are not well understood and are currently an active area of 

research. However, a myriad of environmental and physiological measurements are needed to 

understand this complicated physiological function. Unfortunately, sleep clinics can only provide 

snapshots of sleep tracking and monitoring, and fail to provide a continuous picture of sleep 

disorder related physiological measurements. Thus, it is imperative to find an effective way to 

monitor numerous physiological functions and sleep outside the clinical environment.   

The proliferation of wearable sensors, Internet-of-Things (IoT), and the new technologies in 

system integration and designs have enabled us to make connections with physicians, caregivers, 

educators, parents, friends and a wide variety of real-time services without going to the hospital or 
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clinic. It is possible to conduct tracking, monitoring and data streaming at the locations or in places 

we desire. This is especially important for sleep studies as we need to acquire sleep related 

measurements in places where users are in their normal living situations [100-102].  

We point out that the ‘in-place’ concept emphasizes using:  

1) Reconfigurable designs and system integration ideas to establish an environment or mobile 

hub for persons-in-need at his/her own location, and  

2) Stream the data to professionals at remote locations in real time through IoT. 

This chapter reviews sleep monitoring and tracking frameworks that can achieve ‘in-place’ 

data acquisition. We use mobile platforms, computational resources, and sensors to create a 

home/school/workplace based tracking and monitoring environment. We also point out the 

potential challenges associated with the wearable sensor designs, data/measurement quality, and 

data management and security. 

5.2 Discussion 

We envision that sleep monitoring and tracking will follow two step transitions to aid accessible 

restful sleep for regular users at home/natural environment. 

Step 1: from Polysomnography (PSG) to wearables (e.g. wristband) 

 PSG, performed at sleep centers or clinics, provides the most accurate medical diagnosis. 

However, due to its complexity in wiring and connections, clinic-based PSG test can only give 

snapshots of sleep data. Without the same level of accuracy, it is possible to use existing consumer 
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based wearables to provide meaningful sleep monitoring and tracking. With the advance of VLSI 

designs, we can find consumer sensors for every type of measurements in PSG. Low cost sensors 

are available for electroencephalogram (EEG), electrooculogram (EOG), electrocardiogram 

(ECG), electromyogram (EMG), oxygen level, and breathing patterns. It is also very easy to use 

sound recording functions on smart phones and tablets. With additional data mining and learning 

software support, it is possible to provide reasonable screening using a set of low end sensors to 

perform sleep monitoring and tracking. We will further illustrate this step in the following sections.  

Step 2: from wearables to internal body changes 

Step 2 is the transition to bridge the gap between sleep monitoring/tracking and changes in 

body biochemistry, and thus leads to new advances in sleep medicine. Sleep is a complicated 

process and there have been no definitive biomarkers for sleep quality until recently when oxalic 

acid [generated by processing food] and diacylglycerol 36:3 [fat storage molecule] were shown to 

be quantitative sleep biomarkers in blood [103]. These studies suggest that one function of sleep 

is to clear metabolites in the brain and reinstate an antioxidant balance in peripheral tissues.  Loss 

of sleep causes a harmful oxidative metabolic state. This discovery makes it possible to track the 

biochemical changes inside the body and correlate these with sleep measurements to discern ways 

to improve sleep quality for each individual. 

Figure (5.1) displays performance comparisons of PSG, Actiwatch, Basis, and Jawbone. 

Figure (5.2) describes the data measurements we have with Actiwatch, Basis, and Jawbone. 

According to [104], [105], the three popular devices which collect accurate signals for sleep 

monitoring/tracking include Actiwatch, Basis watch, and Jawbone Up. Actiwatch uses a highly 
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accurate MEMS based accelerometer to measure body movements [106], [107] which are then 

used to determine sleep cycles. Basis Watch measures activity, heart rate (HR), body temperature, 

and blood flow. It also utilizes software to integrate sensor data and perform analysis to evaluate 

sleep quality. Jawbone uses a 3D accelerometer to measure acceleration. It also collects heart rate. 

Both acceleration and heart rate are used to interpret sleep quality via data analysis tools. 

Acceleration measurements have limited accuracy. The linear range of acceleration is usually 

within ±3g. They are also nonlinear which means that there is a deviation between output voltage 

and actual acceleration. Other sources of errors are discussed in [108]. 

ActiWatch

Basis Watch

Jawbone UP

Actigraphy

Activity, Heart 
Rate, Body 

temperature, 
blood flow

Activity
Heart Rate

MEMS based, 

highly sensitive

Data Analysis 
Software

Data Analysis 
Software

 

Figure 5.1. Three sleep tracking/monitoring wristbands. 
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Figure 5.2. Sleep tracking result comparison among Polysonogram, Actiwatch, Basis, and 

Jawbone [102]. 
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Figure 5.3. Data streamed to remote locations through IoT using a sleep tracking platform. 

 

Sensors alone do not provide the infrastructure to store data and perform real time analysis. 

IoT is required to be in place to connect sensors with data mining and storage capability. Figure 

(5.3) discusses how data can be streamed to remote locations using mobile platforms. Figure (5.4) 

and Figure (5.5) demonstrate screenshots from a sleep framework called “MySleep” [109].  

Designed with MySQL database, this sleep framework uploads user data through the website, and 

facilitates basic data mining capabilities to allow users to manage their sleep time. 
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Figure 5.4. The actigraph for one week from Actiwatch uploaded on “MySleep” framework.  

This result is from research supported in part by NSF award #1433185 (collaborators: Michelle 

Perfect, Janet M. Roveda, and Stuart Quan). 

 



95 

 

 

Figure 5.5. Statistic summary screenshot for the sleep actigraphy from “MySleep” framework.  

This result is from research supported in part by NSF award #1433185 (collaborators: Michelle 

Perfect, Janet M. Roveda, and Stuart Quan). 

 

5.3 Conclusion 

This chapter discussed two transitions in sleep quality and reviewed existing wearable sensors that 

can provide sleep cycle measurements to indicate sleep deficiency. We also presented a new sleep 

framework that facilitates an IoT structure for sleep monitoring and tracking. This approach is 
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useful for both adults and children. However, further work is needed to enhance the performance 

and data quality as well as the design of current wearable sensors. It is also important to address 

data management and security [110]. 
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Chapter 6. Cell Nuclei Detection and Segmentation for Computational 

Pathology Using Deep Learning 

In this chapter, we addressed the challenge of automatic cell nuclei automatic detection and 

segmentation from microscopy images using a deep learning plus image processing based model. 

The model adopts an image patch based strategy which makes it invariant to input image size and 

generated the segmentation mask and computed each nuclei center using morphological image 

operations. In particular, the model employs a customized loss function in the training the enhance 

boundary detection and separate near-by nuclei.  

Citation: Kemeng Chen, Ning Zhang, Janet M. Roveda, and Linda S. Powers, Cell Nuclei 

Detection and Segmentation for Computational Pathology Using Deep Learning, SpringSim-MSM, 

2019, April 29-May 2, Tucson, AZ, USA. 

Accepted for publication by SpringSim-MSM 2019. © 2019 Society for Modeling & Simulation 

International (SCS).   

Keywords: nuclei detection, segmentation, deep learning, image processing. 

Abstract 

This work presents a deep learning model and image processing based processing flow to detect 

and segment nuclei from microscopy images. This work aims at isolating each nuclei by 

segmenting the boundary and detecting the geometric center of the nuclei. The deep learning model 

employs a multi-layer convolutional neural network based architecture to extract features from 
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both spatial and color information and to generate a gray scaled image mask. Subsequent image 

processing steps smooth nuclei boundaries, isolate each individual nuclei and calculate the 

geometric center of the nuclei. The proposed work has been implemented and tested using H&E 

stained microscopy images containing seven different tissue samples. Experimental results 

demonstrated an average precision of 0.799, recall of 0.955, F-score of 0.86, and IoU of 0.835. 

6.1 Introduction 

The detection and segmentation of nuclei constitutes an important step in pathology based 

diagnoses, such as cancer diagnosis, grading and quantitatively analysis, which influence decision 

reliability [111]. However, manual segmentation is intensive and time consuming work for 

pathologists. Thus, computer based methods have been introduced to automate this process. 

However, automated nuclei detection and segmentation is faced with multiple challenges. For 

example, nuclei exhibit different morphologies that may depend on the cell type, disease state, cell 

life cycle, etc., and exist in backgrounds of various tissue morphologies which make it difficult to 

detect and segment them [111]. In addition, nuclei often exist close to each other which pose a 

challenge for their separation [111, 112]. 

Thus, this work implements a deep learning based processing flow incorporating image 

processing to detect and segment nuclei from microscopic images. The model separates closely 

spaced nuclei by using a customized loss function which puts more emphasis on adjacent edges 

during the training process. The processing flow in this work also adopts morphological operations 

to assist locating the geometric center of each nuclei and isolate each individual nuclei.  
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The rest of the chapter is organized as the following: section 6.2 is a brief review of related works 

in the literature. Section 6.3 introduces the deep learning model and image processing in detail. 

Section 6.4 shows our results using H&E stained images. Finally, the paper concludes in section 

6.5. 

6.2 Literature Review 

Methods used in automated nuclei segmentation and detection works in the literature ranged from 

threshold, and morphological segmentation to machine learning. For example, Otsu algorithm [113] 

calculated an optimal threshold value such that background and foreground’s variance are 

minimalized. After segmentation, nearby objects can be separated by morphological operations 

such as watershed algorithm. In recent years, machine/deep learning based methods are widely 

adopted in computational pathology. Deep learning models such as image to pixel architecture 

[112] usually uses 2D convolutional neural network followed by a fully connected neural network. 

This kind of model takes an image patch and output one pixel in the mask. In contrast, image to 

mask models [4] maps an image or patch directly to mask of the same size. The model proposed 

in this work contains both an image patch-to-patch model and image processing based flow. By 

adopting overlapping patch strategy, each pixel in the output mask is determined by multiple 

patches and thus enhance robustness. 

6.3 Method 

Our method first utilized the feature learning capability of deep learning [56] to estimate the 

probability of each pixel to be a cell nuclei and then used image processing to smooth the boundary 

and detect each individual nuclei. Figure 1 shows the block diagram of the processing flow. Our 
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model first partitions tissue images into overlapping patches as the model input. Our model is 

based on the U-net model. The U-Net model [114]) is a multi-layer convolutional neural network 

which integrates down sampling and up sampling on the input image in the spatial direction (height 

and width) between successive convolutional layers. Thus, down sampling and up sampling makes 

the architecture symmetric as shown in Figure (6.1) (U-Net Model). 

 

Figure 6.1. Block diagram of the proposed deep learning based nuclei segmentation and 

detection processing flow. 

 

In addition, the U-net model contains the contracting path to propagate the image to layers of 

the same size [114]. This architecture explores the sparsity of natural images and is proven to 

achieve good performance in biomedical image segmentation tasks. To enhance separation ability 

of nearby nuclei, our model used both a ground truth mask and edge map (calculated from ground 
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truth mask) in the loss function during the training. Output of our model are gray scaled mask 

patches. 

Mask of the entire image is then recovered by averaging overlapping patches. As we adopted 

the overlapping patch strategy, the value of each pixel in the mask is determined by multiple 

patches which enhance performance robustness. To smooth the segmented boundary, we applied 

erosion operations on mask and isolate each enclosing ellipse as each individual nuclei. Finally, 

we calculate and label the geometric center of each nuclei to count the number of nuclei.  

To enhance the edge separation, we designed the loss function in the training as a combination 

of both mask difference and edge difference. We defined the ground truth mask �̂�i (i∈K) and our 

model’s output as yi (i∈K). We also defined �̂�j (j∈S) as the edge map of �̂�i and ej (j∈S) as the edge 

map for yi. Our loss function is the weighted sum of both edge loss and mask loss as shown in 

equation (6.1). 
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6.4 Experimental Results 

To validate the proposed method, we implemented the proposed work using Python 3.4 with 

TensorFlow 1.3 and OpenCV and tested our model with H&E stained images containing multiple 

types of tissues [112]. Specific implementation of our model is listed in Table (6-1). Our model 

input is a three channel RGB image patch of size 128x128x3. Within our model, the patch size is 

first changed to 16x16x32 and then back to 128x128x1 (one channel mask). The first column is 
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the contract we selected to forward image to the corresponding layer of the same size. For example, 

layer 2 not only passes its information to layer 3 but also to layer 6, which receives information 

from both layer 5 and layer 2. Layer 6 first concatenates that information and then process it. We 

use the ReLu function across each layer and a filter of size 3x3 is selected to achieve the best 

performance (discussed later in this section). 

Table 6-1. Deep learning model configurations and parameters. 

Contract path Image size Filter size # of filters Sampling Activation 

(1) to (2, 7) 128x128x3 3x3x3 8 Down sample ReLu 

(2) to (3, 6) 64x64x8 3x3x8 16 Down sample ReLu 

(3) to (4, 5) 32x32x16 3x3x16 32 Down sample ReLu 

(4) to (5) 16x16x32 3x3x32 16 N/A ReLu 

(5) from (3, 4) 32x32x(16+16) 3x3x32 8 Up sample ReLu 

(6) from (2, 5) 64x64x(8+8) 3x3x16 3 Up sample ReLu 

(7) from (1, 6) 128x128x(3+3) 3x3x6 1 N/A ReLu 

Output 128x128x1 N/A N/A N/A N/A 

 

To quantitatively measure the performance of our model, we introduced four metrics: 

precision, recall, and F-score as defined in equations (6.2) (6.3) and (6.4) where TP is true positive, 

FP is false positive, and FN is false negative. In our evaluation metrics, we defined TP as when 

our model successfully detects nuclei. FP is defined when our model detects a nuclei which is 

actually background. FN is defined when a true nuclei is not detected by our model. Precision, 

recall, and F-score measures the performance of nuclei detection. 
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FPTP

TP
precision


  (6.2) 

FNTP

TP
recall


  (6.3) 

recallprecision

recallprecision
Fscore




 2  (6.4) 

To measure the performance of segmentation, we adopt intersection over union (IoU). IoU 

measures the intersection over union of nuclei areas on a ground truth mask and our model result 

as the A and B in (6.5). 

BA

BA
BAIoU




),(  (6.5) 

Preliminary results tested on 30 H&E stained images of size 1000x1000 show that the 

proposed model achieves a recall of 0.955, precision of 0.799, F-Score of 0.87, and mask 

Intersection over Union (IoU) of 0.835. 

Figure (6.2) shows the visual results of nuclei boundary segmentation and geometric center 

detection. Light blue dots represent the center of each nucleus identified by our model and the 

boundary contour is marked in green. Yellow lines are the original ground truth masks of each 

nucleus. We show our result on seven different tissues which have different colors, background 

texture, nuclei shape, and size. 
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Stomach Tissue [40x] 

Figure 6.2. Nuclei segmentation and detection on seven different kinds of tissues. 

 

The convolutional neural network mimics the process of filtering and learns filter coefficients 

from the data. Thus filter shape and size have a strong influence on the feature learning capability 

and thus segmentation result. To study the effect of filter size and shape in our convolutional neural 

network model, we tested different filter shapes using heights and widths from 2 to 7. The IoU 

results are shown in Table (6-2). The first column is the size of filter height and first row is the 

filter width. Based on result in Table (6-2), we selected a filter size of 3x3 for our model as shown 

in Table 1 as it achieves the highest IoU among our experiments. Table (6-3) is a comparison of 

the proposed work with relevant works in the literature. We compared works target on nuclei 

detection and segmentation tasks in terms of F-score. 
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Table 6-2. IoU from using filters of different shape, size in the convolutional neural network. 

Filter size 2 3 4 5 6 7 

2 0.796 0.819 0.812 0.808 0.787 0.770 

3 0.820 0.835 0.819 0.808 0.783 0.762 

4 0.814 0.821 0.802 0.787 0.762 0.740 

5 0.809 0.808 0.786 0.767 0.742 0.719 

6 0.788 0.783 0.760 0.741 0.716 0.695 

7 0.769 0.761 0.735 0.735 0.693 0.672 

 

Table 6-3. Comparison with other related works in the literature. 

 Method Task precision recall F-score 

Proposed work U-Net, image processing Pathology 0.799 0.955 0.860 

Kuma et al. [112] Deep learning Pathology NA NA 0.826 

Khan et al. [115] Sparse Representation Histology 0.849 0.872 0.861 

 

6.5 Conclusion and Outlook 

This work proposed and implemented a deep learning and image processing based strategy for cell 

nuclei detection and segmentation. Experimental results tested on seven tissues show an averaged 

precision of 0.799, recall of 0.955, F score of 0.87 and IoU of 0.835. In the future, the model could 

be further improved to overcome overlapping nuclei by a second detection based on nuclei centers. 
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Chapter 7. Conclusions 

In this dissertation, we addressed signal quality (noise), multiple sensor signal fusion, and data 

acquisition challenges in wearable sensors and mobile platform based health monitoring systems. 

We presented a wearable sensor based sleeping track framework. The proposed solution to sensor 

signal quality uses a Noise-Invariant Component Analysis method to attenuate the negative effect 

of noise and was tested using a simulated four steps ECG processing flow to quantitatively verify 

the performance on SNR, R peak detection rate and heartbeat classification accuracy. Our 

experimental results show that SNR, R peak detection rate and heartbeat rate are all improved with 

the proposed method having five kinds of noise. To integrate multiple signals from different 

sensors, we presented a multi-sensor signal fusion model using deep learning to simultaneously 

extract features from multiple signals to interpret human physiological responses. We verify the 

model performance using data collected from 20 human subjects. Results show high accuracy, 

precision, and recall of differentiating 6 different types of neurological activity. This model has 

strong potential to be extended to other multi-sensor monitoring and analysis applications which 

involve integrating and understanding signals from different sensor measurements. In addition, we 

presented a sleep tracking framework using wearable sensors to demonstrate the practical usage 

of wearable sensors in remote, long term health monitoring. Finally, we presented our cell nuclei 

segmentation and detection model. By customizing the loss function in training and combining 

morphological image operations, the model achieved 0.799 in precision, 0.955 in recall and 0.835 

in IoU tested on real H&E stained images.  
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