

EPILEPTIC SEIZURE DETECTION USING IOT
                                                    ABSTRACT

Epilepsy is a chronic neurological disorder with several different types of seizures, some of them characterized by involuntary recurrent convulsions, which have a great impact on the everyday life of the patients. Several solutions have been proposed in the literature to detect this type of seizures and to monitor the patient; however, these approaches lack in ergonomic issues and in the suitable integration with the health system. This research makes an in-depth analysis of the main factors that an epileptic detection and monitoring tool should accomplish. Furthermore, we introduce the architecture for a specific epilepsy detection and monitoring platform, fulfilling these factors. Special attention has been given to the part of the system the patient should wear, providing details of this part of the platform. Finally, a partial implementation has been deployed and several tests have been proposed and carried out in order to make some design decisions.
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CHAPTER 1
1.1  INTRODUCTION

                   Epilepsy is a chronic neurological disorder characterized by involuntary recurrent convulsions. There are about 65 million people affected all around the world, with a high and dramatic impact not only on the patient’s quality of life, but also on the professional development and social behaviour; the health system budget is highly affected as well. The illness anamnesis improves with the existing platforms for patient monitoring and weblogs. The main part of these platforms has been developed for two different and most frequent kinds of epilepsy crisis: the generalized tonic-clonic seizures and the typical absence seizures. In these two cases, the detection of a seizure can be efficiently faced using wearable sensors (WDs) including a triaxial accelerometer (ACM) and/or a heart rate (HR) sensor: the former type detection has been reported in, the latter one has been characterized in, and an HR-based detection system has been proposed in. Another main aspect of the anamnesis process is where the data is gathered. 
                   The main part of the literature deals with constrained spaces, that is, research laboratories or hospital rooms, or even the patient’s house, but without considering the normal everyday life. We claim that the data should be gathered in everyday life, allowing the patient to freely decide what to do and how to do it. This is important because, firstly, the data is gathered from normal activities performed before and after a seizure, and secondly, the analysis and procedures should adapt to this unconstrained world, making the whole detection process much more difficult. A careful in-depth analysis of the seminal papers concerning epilepsy monitoring platforms  and Mobile Cloud Computing (MCC) let us conclude that the current available platform, either in the scientific literature or in the market, lacks several main features that are not comprehensibly integrated. 
                   These include, among others, the instantaneous data source problem, the ergonomic aspects in the design, the deployment cost of the solution, and the energy efficiency of the approach. This study aims to solve some of these limitations; to do so, a solution is proposed and an experimentation stage has been performed in order to extract the suitable conclusions for the epilepsy monitoring platforms. 
1.2 Seizure detection 

Seizure detection systems are capable of detecting ongoing seizures and provide clinicians with detailed seizure data useful for the management of epilepsy. Closed-loop systems built around seizure detection might also be able to provide rapid therapy in response to seizures early in their clinical onset, thereby limiting the complications or potentially arresting the spread of seizures. A seizure detection system must be able to determine the presence or absence of ongoing seizures. A variety of algorithms of different biometric signals can do this even prior to clinical onset of a seizure. All seizure detection algorithms involve two main steps. First, appropriate quantitative values or features, such as EEG features, movements, or other biomarkers, must be computed from the data. Second, a threshold or model-based criteria must be applied to the features to determine the presence or absence of a seizure. This second step, called classification, might be as simple as thresholding a value or might require models derived from modern machine learning algorithms. Features are computed in a manner that is generally a compromise between the need for speed and the need for detection accuracy and might be preceded by a preprocessing or filtering step. Derivation of a model from machine learning algorithms is done during a training phase and involves three substeps: preprocessing or filtering, feature computation, and feature reduction or feature extraction. Each of these processes is a field of active, specialized research and will not be elaborated further here. Derivation of appropriate features for seizure detection depends on the physiological data that are measured. It is helpful to keep in mind that the training or supervised learning phase involves the following steps that are carried out separately on previously recorded data from a large population:
1. Feature computation 

· Preprocessing or filtering 

· Feature computation 

· Feature reduction or extraction 

2. Training or supervised learning: 

During this step, model parameters that determine criteria for the presence or absence of seizures are computed. The criteria might apply to a whole population of patients, to specific subpopulations, or to individual patients. This step involves considerable computation and is performed offline before implementation for real-time seizure detection. It can also be updated as more data are collected.

Real-time classification requires computation of signal features, followed by computation of the classification outcome from the previously learned model. This step must be optimized for speed to be useful. Some of the most common algorithms for each of these steps are discussed below in the setting of EEG recordings.

1.2.1 EEG and electrocorticography 

Measurements of brain electrical activity with EEG have long been one of the most valuable sources of information for epilepsy research and diagnosis, yet this rich resource may still be underutilized. Electroencephalography carries a large amount of complex information that is valuable in detecting ongoing seizures. Automated methods of EEG analysis are emerging from the concept that normal brain dynamics, which involve limited, transient synchronization of disorganized neural activity, evolve into a persistent, highly synchronized state that incorporates large regions of the brain during epileptic seizures. While EEG provides a great wealth of data that can be interpreted via automated methods, it can be difficult for patients to wear the EEG electrodes for prolonged periods of time, and prolonged surface electrode recordings may become difficult to read because of increasing impedance. Additionally, some patients may develop skin abrasions due to prolonged exposure to surface electrodes.

1.2.2. ECG 

Epileptic seizures can cause short-term and long-term heart rate disturbances. Changes in heart rate and conduction have been shown to be important autonomic biomarkers in epilepsy, as well as play a pivotal role in SUDEP pathophysiology. Tachycardia can occur prior to and during complex partial and tonic–clonic seizures, which might be related to discharges in the right insular cortex. An evaluation of ECG changes in a cohort of 58 patients found that tachycardia occurred during the seizures in more than 85% of patients. Ictal tachycardia is particularly noted in cases of generalized tonic–clonic epilepsy and temporal and frontal lobe epilepsies. Importantly, tachycardia has been noted to precede seizures in some patients with temporal lobe epilepsy and, thus, might be useful in seizure prediction. On the other hand, bradycardia seems to be involved with a nonclear brain network, sometimes with involvement of the left hemisphere (insular cortex and amygdala). Bradycardia and conduction disorders were also observed in temporal lobe seizures leading to secondary syncope. Postictal hypotension has been shown to be another important autonomic biomarker measure with strict correlation with postictal generalized EEG suppression after generalized tonic–clonic seizures. The utilization of cardiac cues in seizure detectors has been most commonly applied to newborns, in whom signs of seizures are subtle. Because EEG use in newborns is difficult and requires specialist interpretation, adjunct systems based on changes in heart rate might be particularly useful in neonatal intensive care units. Computing features from ECG signals can require several steps, just as in EEG analysis. A promising approach computes heart rate using an automatic QRS detection algorithm from which various spectral features are calculated. A two-phase wrapper-based feature selection technique is then applied to rapidly reduce the feature set. Three classification schemes were tested, including a linear discriminator and k-nearest neighbor method, for classifying the reduced feature set. The system achieved sensitivities and specificities of greater than 85%. The use of cardiac-based seizure warning systems in older individuals is complicated by complex changes in the ECG that occur in physiological and pathological conditions, such as exercise, emotional states, disease states, and in response to the 24 h circadian rhythm. Nonetheless, the system carries potential. In a limited study of six patients with temporal lobe epilepsy, power spectral analysis of heart rate variability demonstrated the ability of such a system to provide warnings. In some detected seizures, the algorithm was activated prior to clinical seizure onset, indicating that this method may be useful as a seizure predictor. A closed-loop system based on ECG detection systems using VNS as an output mechanism is currently under evaluation.

1.2.3. Accelerometry 

Accelerometers are devices that detect changes in velocity and direction. The so-called “3-D accelerometers” are capable of detecting changes in the x, y, and z planes. The use of motion sensors in seizure detection is relatively new. These systems may serve in the detection of motor seizures, such as tonic–clonic or myoclonic seizures. Accelerometers are only useful in the detection of ongoing seizures. Specificity may also be a problem, as many sudden motions, such as stumbling, may be similar to seizure movements. The first actigraphs were applied in a pilot trial of 18 patients, reported in 2005, and these relied primarily on expert interpretation of the recording system. In this study, Cluitmans and colleagues used motion sensors on the wrists, ankles, and chest and were able to detect 48% of seizures. The SmartWatch, manufactured by Smart Monitor, Inc. (www. smart-monitor.com), is a similar device that can be worn on the wrist or ankle and utilizes pattern recognition and feature analysis in its built-in seizure detection algorithm. The Smart Watch can also synchronize with a smartphone application (app) via Bluetooth to transmit seizure data to the user's mobile phone. The app can then contact caretakers to alert them of ongoing seizures. In a pilot study, 7 out of 8 tonic–clonic seizures were detected. Using our previous language for seizure detection and classification, the velocity, acceleration, and other data provided by motion sensors are either used as feature data directly or are computed into secondary features. Classification algorithms, as discussed above, are then trained to distinguish normal movements from seizure movements. An active cancel button can be used to decrease false-positive results over time. A recent prospective trial evaluated the use of another threedimensional accelerometer, the Epi-Care Free device (Danish Care Technology ApS, Sorø, Denmark). The device is worn as a wristwatch and contains a three-dimensional accelerometer and a transmitter that can send real-time accelerometric information to a control unit. In a prospective trial in 20 patients who had 39 generalized tonic–clonic seizures during the trial period, the system was able to detect 35 (89.7%) seizures. The device had a false-positive rate of 0.2 seizures/day. Accelerometers have also been evaluated in other types of motor seizures. Further refinements by Cluitmans and colleagues in detection algorithms improved the sensitivity and decreased the false-positive rate in the detection of nocturnal and myoclonic seizures. These systems used linear threshold, time-scale, and time–frequency functions. When compared with video-EEG results and different accelerometers for the detection of nocturnal hypermotor seizures, the wristwatch was found to have a sensitivity of over 90%.

Ep Detect (www.epdetect.com) is a smartphone app designed to capture tonic–clonic seizures using the device's built-in accelerometer. The app is currently in beta testing. Use of accelerometry carries a number of drawbacks. Most obviously, it can only be used in a select portion of seizures that have welldefined motor activity. Distinct patterns have been determined by Cluitmans for myoclonic, tonic, tonic–clonic, clonic, and complex motor seizures. Additionally, trials of accelerometry often have high false-positive rates, presumably, because of various nonseizure movements, such as stumbles, sports or video games, which create motion data that cannot yet easily be distinguished from seizures. As with EEG and ECG data, this could be due to inherent limitations in the data themselves, or, perhaps, better learning algorithms will be able to find subtle distinctions between seizure and nonseizure motions. Accelerometry might be useful in predicting motor seizures and has the advantage that sensors can be worn relatively unobtrusively, i.e., on the wrist or ankle, instead of wearing electrodes on the head as required for EEG recordings.

1.2.4. Video detection systems 

A variety of models have been developed to detect seizures using video monitoring. Video systems analyze a variety of elements in order to detect seizures. Motion trajectory methods are based on the path of moving objects through space over time. Other elements used in analysis include velocity, area, angular speed, and duration. Some of the video analysis techniques are based on the use of markers, which use detectable objects worn on joints and extremities of patients. Marker-free methods have also been developed and have been tried in newborn, pediatric, and adult groups. Current video detection systems are limited by the area that is covered by the video camera and by the inability of detectors to capture events which occur when patients are obscured from view, such as under covers. 

1.2.5. Mattress sensor 

The MP5 mattress monitor (Medpage Ltd., UK) is designed to detect seizures occurring during sleep. Placed between the mattress and box spring, the microphone in the monitor detects tapping and spring noise and has an adjustable sensitivity. In a study of 64 subjects having 8 tonic–clonic seizures, the system was capable of detecting 5 (62.5%) events. The device suffered from a poor positive predictive value of 3.3%. Its high negative predictive value of 99.8%, however, may give patients with these seizures a greater sense of security. The Emfit movement monitor (Emfit Ltd., Finland) is a quasipiezo electric seizure detector placed under the mattress system that can alert caregivers to unexpected motor activity. The system also utilizes a bedside monitor. In a trial with 22 patients, the system was able to detect 80% of seizures. 
1.2.6. Baby monitors 
Baby monitors typically use a night-vision camera, a microphone, and, often, a Wi-Fi connection. Baby monitors have been used by parents to increase the awareness of potential seizures, such as in the Baby Ping system (www.babyping.com). They have not been employed to date in an automated seizure warning system. 
1.2.7. Other seizure detection systems 
The potential for seizure-alert dogs to detect seizures is supported by anecdotal evidence, and such dogs might even decrease the frequency of seizures in some patients. Based on available studies, dogs can detect seizures after seizure onset and alert others, but dogs are not reliable in seizure prediction. However, evidence is conflicting, and more research is needed to understand these findings and the means by which dogs might be able to detect oncoming seizures . In-vivo experiments in rats using optical coherence tomography showed that near-infrared light could register the progression of seizures. This technique has been able to produce high resolution depth resolved cross-sectional images facilitating identification of changes in cortical tissue before and after seizures. Another technique is near-infrared spectroscopy, a noninvasive method that has proven better than SPECT in detecting an epileptogenic focus. Other methods by which seizure detection can be done include measurement of hormone levels, nonformed vocalizations, and extraocular movements.

1.3 SEIZURE DETECTION AND PREDICTION 

This review provides a guide platform those who are for point-of-care (PoC) applications. The following things are discussed in this paper: Schematics of biomarkers for the prediction of the epilepsy, Listed 25 categories of available products and sensors in the United State market, Different types of seizures and related changes in biomarkers, Sensitivity of individual and multimodal systems for the specific types of seizures aiming to develop a smart bio-sensing system to detect and monitor epilepsy. In the future, the advancements in wearable device, by the use of nanotechnology to detect and diagnose epilepsy for real-time analysis enhance proper management of epilepsy. Most of the machines learning algorithms were implemented to detect the seizure onset and before few minutes back. This review also highlighted the importance and need of research in the field to be improved for early detection of self-alert closed loop system with low cost management service. This study, decomposition of EEG signal into wavelet coefficients is carried out at initial stage and important features are extracted. Later on, classifiers i.e. SVM, ANN, RNN etc. have been used for the classification of extracted features. In future, the early seizure detection techniques can be used to provide an alert to the epileptic patient so that an effective diagnosis can be done before the occurrence of seizure onset. A review of signal processing techniques and classification methods assessed in seizure prediction studies New databases, higher sampling frequencies, adequate preprocessing, electrode selection, and machine-learning considerations may increase seizure forecasting capabilities. This paper presents a review of recent efforts and journal articles on seizure prediction. And also emphasized some new prototype based ideas using machine learning and deep neural network.Evaluated performance of devices and algorithms to detect generalized tonic-clonic seizures in a clinical setting. This paper concluded the essential of research for all types of epilepsy seizures. Because the existing invention stated low detection rate and increase the false alarms. 
1.4 A Platform for Monitoring and Supervising Epileptic Patients
This study proposes a platform for monitoring and supervising epileptic patients, focused on the two main epilepsy types: the focal myoclonic and the epileptic absence seizures. This platform aims to solve each of the most relevant factors seen in the previous section, providing some extensibility to future developments. This section is devoted to describing this platform as well as the developed prototype. 

1.4.1. Design Decisions and Requirements
This study proposes the use of noninvasive WD such as a sensory bracelet plus a Smartphone to allow the patients to carry on with their own life, performing their everyday activities without the need for specific clothes or garments. In this study, a pair of a WD linked by means of bluetooth 4.0 Low Energy to a Smartphone is called a patient’s kit (PK). This solution enhances the ergonomic issues of the solution while favouring the patients to continue using the system. The WD should include ACM and HR sensors in order to detect the two focused types of epileptic seizures. As mentioned in the related work section, there are several studies for detecting the focal myoclonic type of seizure, while further study is needed to detect the second focused type. In order to detect the focal myoclonic seizures, the research published is proposed. Further study is needed to solve the second type of seizures. 
The selection of those techniques has been taken due to two main reasons: 
(i) the obtained results and 
(ii) the simplicity of the used models. 
This simplicity would eventually allow them to be implement so they can run on any available platform, the Smartphones among them. Taking advantage of the computational capacities of midrange Smartphones, this study proposes that, besides data gathering and processing and perhaps simple thresholding, the MCC services can be extended to incorporate local model evaluation. To do so, incremental deployment/delivery of trained/tuned models into the MCC kernel would allow continuing the monitoring, providing real time response even when the CC is totally unavailable through Wi-Fi networks. Nevertheless, with the aim of extending the battery life as much as possible, a mixture of MCC and CC together with a suitable balancing algorithm to decide where the decisions or calculations are shall be accomplished. The study of balancing MCC computation, decreasing the communication acts, and the CC computation, decreasing the computation amount in the Smartphone, is one of the contributions of this work, as will be shown later. Besides, ontology driven tasks and dynamic data gathering personalization are required in order to extend the system. With ontology driven tasks we refer to designing and developing ontologies that describe every single task: from sampling to alarming and notifying. The concept of ontology driven tasks facilitates extending the system, so new procedures can be easily conceptually developed and distributed and deployed in any of the available computation layers. On the other hand, dynamic data gathering personalization refers to marks for which patients data should be gathered. For instance, developing new services, say, detecting a new type of seizure, needs specific data to be gathered for further processing and analysis. However, it is impossible to gather data from every patient as long as the amount of data to store grows unbounded. In addition, it is better to gather data only for patients that might perform the desired event to detect or identify. Actually, the development of ontology driven tasks allows the dynamic data gathering to be implemented as the latter can be viewed as a new task devoted for a specific group of patients. In addition, the CC services should be performed on lowcost servers that can even be deployed in different public sites, in outpatient clinics, for instance, shifting the computation resources to the endpoints. These servers on the far edge must be federated to avoid data losses and to enhance the performance of the whole system. Furthermore, local nodes with available unused computing resources, personal computers or even personal servers, can be designated to become part of the solution, enhancing the overall computational capacities of each installation while keeping the low-cost profile. Clearly, for this latter case, it might be advisable to sign a special commitment between the user and the health system for accomplishing data and privacy regulations. Finally, some decisions should be taken regarding with the data analysis and data monitoring and with the system extension capabilities. On the one hand, the Exploiting and Data Analytics module is needed. This module tackles the monitoring and tracking of the patients, showing the main facts to the medical staff. This module also includes human machine interfaces; the main part of these interfaces should be light clients, HTML5/REST clients or similar, based on Bootstrap technology, so they keep the responsiveness. On the other hand, an extension mechanism must be provided. For instance, the data analysis should allow the medical unit staff to perform a high level of machine learning experimentation that might lead to models for detecting or enhancing different types of epileptic seizures. Intelligent interfaces, similar to KEEL or WEKA, should define the offline tasks, their outcomes, and reports. In addition, these interfaces should also allow defining new sequences in the ontology driven system outlined before. For sure, unless the medical unit staffs incorporate multidisciplinary teams, these extension mechanisms must be kept simple and elementary. 

The System Abstract Architecture

Let us call a scenario a concrete specification of the computing devices that are available for solving all the calculations needed to detect and monitor a certain patient. Let us assume that a complete ontology of services, tasks, computing devices, and scenarios is obtained; this ontology could be based on that presented. Let us assume as well that this ontology is fulfilled for the algorithms, tasks, and services involved in this project. Let us also assume that the algorithms and tasks have been properly implemented to run either on an app, on a server, or on both and that all these varieties are reflected in the ontology data. According to, any sequence of tasks can be completely represented in the ontology, and a mediator can locate each of them on a concrete machine. In this approach, we assume a mediator that assigns the tasks to be executed and where they are to be carried out for each case. Therefore, for each patient and scenario, a sequence of tasks can be planned and allocated. In other words, we are able to define a specific planification and task allocation for each patient and scenario; both of them are made explicit in ontology basis; and every single computing device, including the Smart phones, has access to this information. The proposed abstract architecture is depicted in a solution for this very specific epilepsy monitoring and supervising platform. A PK is conformed with a WD plus a Smartphone; the Smartphone includes a complete app that, together with the ontology and the current scheduling, performs the sensor sampling, and so on. Whenever available, Wi-Fi networks are used to send data bunches to be stored in the health service. Nevertheless, notifications and alarms, when generated, should be delivered using the available connectivity. In addition, some spaces can host specific hardware performing as a federated CC server. In any case in which Wi-Fi connectivity is available, the Smartphone must delegate on these systems in order to alleviate the computational requirements for the sake of extending the battery life. Besides, the health system services, both the CC services and the data storage, perform all the data storage and the computation that remain unsolved in the system, including detection of seizures, alarm generation, and notifications, as well as the reporting for the medical staff. The central CC services, those reflected in the DMZ zone, cope with those services that are required for a suitable performance of the epilepsy seizure detection and patient monitoring, while those services and tasks devoted to extract new knowledge should be carried out on specific servers belonging to the corresponding medical unit.
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This abstract definition of the architecture needs completion: the ontology development and fulfillment, the infrastructure, the mediator implementation, and so on; however, it cannot be successfully detailed in a single study due to its own complexity. The remainder of this study focuses on a prototype developed that includes a MCC solution and the PK because it is the minimum part required that allows us to evaluate some parameters of the system. For this prototype, neither the ontology nor the extending capabilities have been introduced. However, this data gathering prototype is needed in order to obtain real data from epileptic patients, allowing us to develop the remaining modules. 

1.4.2 The MCC and Monitoring Unit
As mentioned before, the PK includes a WD and a Smartphone. The sampling frequency of the sensory system should depend on the physical measurements: accelerometers need sampling frequencies higher than 10 Hz; HR needs smaller sampling frequencies. However, the majority of the commercial Smart watches or Smart bands do not allow apps to sample data from the sensory system: they only allow access to calculated transformations or induced variables. The WD manufacturers offer their own SDK, which may or may not allow reading the raw data from the sensor; in the majority of the cases, the sampling frequency might not be fixed. The majority of the products give access to a website where the aggregate variables are available, for instance, the burnt calories, but they do not store the instantaneous data. Besides, the main part of the HR sensors allows downloading the data but not by streaming, disabling the online process of the signal. Further requisites for the WD include the use of low energy consumption networking, such as blue tooth 4.0 Low Energy, and a valid battery duty cycle of about one day long. To our knowledge, the single marketed solution that was valid for this type of applications was Pebble; unfortunately, the company was acquired and closed by a competitor. Recently, Samsung’s Gear 2 devices got their market price decreased, allowing them to be considered as valid candidates; nevertheless, this fact has happened while writing this study, so they have not been tested yet. Therefore, currently available solutions are not suitable for the PK; thus, in this study we proposed an ad hoc solution including 3DACM and HR; interested readers can get more information concerning this WD in The structure of this current proposal for MCC is mainly based on the challenges described in for the definition of MCCs. The costs subsection is inspired by that of cost analysis detailed. The architecture design decision needs further detail; the next subsection gives details concerning this MCC layer. 
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1.4.2.1 The MCC Architecture

Several different approaches for MCC architectures have been described in the literature, from the most centralized approaches, focused on very light clients and a powerful cloud part, like in the Centralized Cloud, to the hyperdistributed and high network synchronization requirements, like cloudlet . For the purpose of this study, we claim that an ad hoc decentralized solution (Mobile Ad Hoc NETworks, MANET) is the most suitable architecture. The MANET architecture provides a high level of autonomy, with the local storage capacity and data processing. Moreover, requests to heavy and computational expensive cloud services are allowed as well. Besides, the cloudlet solution is not suitable because there is a single wearable which might be connected to the MCC layer and, mainly, the data from each patient are totally independent of one another; this latter fact suggests that there is no need for MCC synchronization among MCC layers, relaxing the computational requirements of this layer. Conversely, our proposal manages the Smartphone as a service node, being responsible for storing the instantaneous data and its transformations, performing low-medium computation tasks, and so on. Therefore, this solution is highly based on that of MANET Mobicloud, allowing distributed and collaborative CC services to offer their solutions when the network is available. The proposed architecture in detail. Two main tasks, the Data Receiver and the Partitioning tasks, are continuously dispatched by means of a timer. These tasks are in charge of the communications with the outer layers of the architecture and with the computer decision models (Decision Modules). The Data Receiver task gathers the data received from the bracelet, using the SQLite database for storing the data. This task receives the block of the measurements sampled in the bracelet during one second as input; these blocks are securely stored in the SQLite database or data repository. The Partitioning task is in charge of the offloading as well; its aim is to partition the data and request CC or MCC services with either raw data or processed data. Whenever there is unprocessed data, this task performs sliding windows on the data, requesting services for computing data transformations and for performing decision models based on data. According to the energy efficiency information, the task will request services to the MCC or to the CC, storing the intermediate data in the SQLite if needed. Besides, the Partitioning task should be divided into two parts: one is the windowing service and the other is just a job scheduling task, responsible for the CC/MCC services request as well. In parallel, an ontology of services should be developed and deployed into the SQLite database. Furthermore, the software update task is responsible for deploying any update in both the models and their parameters and of the scheduling of new MCC services, new decision models or data processing; it is performed on demand of the CC layers. Coordination between this task and the standard app updating would eventually be needed.
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1.4.2.2 Reliability Issues in the Partitioning
This subsection focuses on three particular issues that IoT platforms must consider at least: the data delivery reliability, the data gathering service recovery, and the data delivery latency. When talking about the two first issues, “reliability” refers to partitioning the data and requesting some services with the different partitions where the delivery of the data to the CC service must be guaranteed, while “recovery” deals with the healing of the crushed CC services and retrying the pending requests. Some of the solutions offered to cope with the reliability and the recovery of the services in the literature solve the problem at the expenses of the user experience, while other proposals like the Avatar system suggest using a daemon that stays alive during network crashes keeping track of those partitions for which no service has been performed, retrying all the request just after the network connection is recovered. In this study, we propose an “Avatar”-like strategy, requesting the crashed services with the network recovery. “Latency” is measured as the time elapsed since the request of a CC service on a partition until the answer or acknowledgment is received by the MCC. The performance of the system varies according to the data bunch size, ranging from 5 seconds to a few hours. Several factors have a great impact on the latency, for instance, the database’s data storage mechanisms and the level of granularity of the services. Each of these factors needs further study in order to choose those that best fit the system performance in terms of real time and online monitoring. The experimentation in the latency issue related to the MCC part. MCC induces problems concerning the Quality of Service; the offloading techniques for partitioning are used to solve those problems related to the partitioning. Offloading varies from static partitioning of the data, aiming to reduce the battery consumption, to the dynamic partitioning, where the partitioning is adjusted according to the network availability and the computing capacity of the mobile device. A hybrid partitioning is proposed using two defined data bunch sizes (NS Regular and NS Delayed). Each of them is used according to the network availability and its cost: if the WIFI networks are available then the NS Regular is used; otherwise the data is processed in the Smartphone and delivered in big bunches, of NS Delayed size, when the Wi-Fi network is present again. If the amount of undelivered data keeps growing up to Max Pending Data, then the data bunch size increases when Wi-Fi networks are available in order to deliver the data in the shortest period of time. The state diagram for the proposed partitioning. The MCC computation and the data partitioning have a great impact on the energy expenditure and on the battery life: the smaller the computational effort in the Smartphone, the higher the network consumption. The reason for this compromise is that no computation in the MCC means delivering the instantaneous data to CC services; when using sampling frequencies higher than 1 Hz, the amount of data increases and so does the required communication bandwidth and complexity. Conversely, higher MCC computation induces a high reduction in the data that need CC delivery. Therefore, this research includes an energy efficiency experimentation to determine the best compromise in terms of how much computation can be offered by the MCC layer and how much are due to CC services. The partitioning algorithm is described in Algorithm 1 where six global variables are set (lines (1)–(6)): Delayed State represents the state of working (initially it will be false), NSamples denotes the number of samples to send in each data bunch given the Delayed State, 𝑇 is the delay time between two sent bunches, Pending Data represents the number of samples to send, Temp Repository is the local database, and finally WD represents the wearable device (Table 2 includes the description of the variables and values used in this algorithm). Two main tasks are scheduled (lines (7)- (8)): Data Receiver and Partitioining with a frequency of 1 and 𝑇 seconds, respectively. The former deals with the communications with the bracelet, while the latter is devoted to the offloading and the data partitioning, including the partition type, Regular State or Delayed State. The Data Receiver running frequency is 1 second since it is the maximum frequency the WD can afford, while parameter 𝑇 will be analyzed in . The task Data Receiver (lines (10)–(19)) has to connect to WD through Bluetooth 4.0 with a discovering delay of TDiscovery seconds (line (16)). Once the connection is set, the data will be streamed from the WD with a frequency of one bunch per second. In parallel, the WD is sampling the HR and ACM sensors with a frequency of 16 Hz. In case the connection crashes, the lost samples will be skipped until the connection is recovered.
The task Partitioining (lines (21)–(43)) updates the bunch size (NSamples) depending on the Pending Data. When this variable surpasses the Max Pending Data threshold, the Delayed State is set to true and the related variables are updated. When Pending Data is below Min Pending Data, the Delayed State is set to false. Next, if Current Battery Level exceeds Battery Threshold then the transformations of the first pending bunch in the Temp Respository are calculated; otherwise, it is the raw data that is sent instead of its transformations (lines (33)–(37)). The bunch is sent to the CC services using the Send Data function (line (38)) and in this case only the process succeeds, the Pending Data is updated, and the bunch is removed from the Temp Repository (lines (39)–(42)). The auxiliary function Send Data (lines (45)–(55)) will try to send the bunch to the CC services NTry times with a timeout of T Retry seconds (line (51)) between runs.
1.4.2.3. Security Issues within the Platform

Several ad hoc frameworks have been reported in the literature concerning interfaces between mobile devices and cloud services. To our knowledge, these solutions are not suitable for the specific problem focused on this research. Some of these frameworks, through BNS and IoT ad hoc solutions, are not secure; furthermore, its focus is a general platform, making it difficult to be extended for specific solutions. Other solutions, like those, though being secure ad hoc frameworks, make use of weblets; therefore, the increased computational cost makes them fruitless. Concerning the epilepsy specific frameworks, those reported in the literature are either very specific or closed solutions, being isolated and storing all the patients’ data in the Smartphone. Thus, it was decided to develop our own framework to fit the specific needs of the problem, considering the extensibility and enhancement issues to improve the development. The proposed architecture involves two kinds of vulnerable wireless connections: a bluetooth connection between the WD and the mobile phone and a wireless connection (Wi-Fi or data) between the mobile phone and the CC based on the REST protocol. The security and privacy issues on wearable communications are a challenging field of study. since the computing capability and battery life of these devices are quite limited. In this sense, one of the most popular techniques for key generation/key agreement for wearable devices is based on physiological print such as the interpulse interval (IPI); however, our first version of WD does not include any kind of extra security issues since it will used in a secure and controlled environment for the first clinical tests. Besides, the wireless connection between the mobile phone and the CC is carried out using a REST Ful service together with the HTTP communication protocol, since we know the optimal solution would be an HTTPs connection. 

1.4.2.4  Detection of Epileptic Seizures

Two different types of models are proposed for the detection of focal myoclonic epileptic seizures: on the one hand, Genetic Fuzzy Finite State Machines (GFFSM) applied to the epilepsy recognition and, on the other hand, a feature extraction using a Distancebased Principal Component Analysis (DPCA) step followed by a 𝐾-Nearest Neighbor (KNN) classifier. GFFSM defines two main fuzzy sets to describe the current state (seizure or normal) and a set of four fuzzy rules (IFTHEN fuzzy rules) whose output is the new fuzzy state. The ACM values are transformed to three new variables, Signal Magnitude Ratio (SMA), Amount of Movement (AoM), and Time between Peaks (TbP), which are the input variables, together with the current fuzzy State, to the fuzzy rule system. Provided that a good variable fuzzy partitioning algorithm is used, the GFFSM method produces highly generalized models to cope with a wide population. Besides, the method published in makes use of the ACM values, computing up to 23 different transformations, SMA, AoM, and TbP, among others, but transforms the domain to another one using DPCA. DPCA hybridizes Locally Linear Embedding (LLE) with Principal Component Analysis: the distance matrix is used to perform the PCA transformation instead of the covariance. In addition, the number of desired features in the transformed domain is given a priori, like in LLE; therefore high reduction in the dimensionality can be obtained. Applying DPCA to the dataset of all the known transformations for the ACM values, 23 features, and afterwards a 𝐾-NN classifier, with 𝐾 set to 3, led to results similar to those obtained for GFFSM explained above. These two options represent two totally different approaches: the former, with a reduced set of rules and states, stands for general models, valid for a wide population, that introduces simple computations; thus they can be easily performed in the MCC size. The main drawback of this method is the learning stage, which cannot be performed in MCC; however, some tuning and active learning issues can be considered in this context. On the other hand, DPCA + KNN introduces much more computation requirements in the detection service, but the learning and updating are absolutely affordable in terms of computational cost.
1.5 EPILEPTIC SEIZURE FORECAST: STATE-OF-THE-ART 

Most of the seizure prediction and detection approaches aims on onset seizure. Intervention before the onset of seizure symptoms could be envisaged with accurate seizure forecasting. The existing system mostly focused on seizure prediction using available dataset and smart seizure detection devices using IoT during ictal state. The diagnosis procedures of seizure are also in need of patient monitoring system for proper and better treatment. The problem of present epilepsy control products involves inappropriate follow-up on the number of seizures, the effectiveness of anti-epileptic drugs, and real-time analysis of changes in the patient body. The advancements in nano-biotechnology have made the real-time analysis of epileptic patients possible, using wearable devices with advanced nano-enabled sensors. In this review paper, the main focus is predestined on the existing IoT related work, appropriate biosensor and nanotechnology inference in the field of seizure prediction and detection. The studies are combined and make a novel prototype model of signal acquisition and alert using Internet of Nano Things and Artificial Intelligence based preictal state data analytics both are leads to develop a smart early seizure detection product for epileptic patients.
1.5.1 Sensor-Based IoT Device 

One of the challenges in using sensor-based IoT devices to achieve a personalised approach is the barriers found in the use of them in hospital settings. EEG monitoring is the chief gold standard method used within hospitals to detect and monitor seizures. EEG is an electroencephalogram is a recording of brain activity. There is limited evidence found how sensor-based IoT devices and experiments are used in hospital settings. Recently an epilepsy patient described what a more connected system might have been able to do, in an article; ‘Where is the internet of healthcare things?’ and stated; “I could have a different result if I (my device) was connected to the correct APP/Web Portal”. Generic smart devices are being recommended to patients without any precision. Even though there is much hype about new healthcare sensor based IoT devices in today’s digital world; many clinicians presume they should be up to date with latest wearable technology or should be recommending them to their patients, but they don’t have this knowledge in fact it is quite uncommon to find a doctor so well versed and confident in technology. Yet the impact of technology on ‘future’ healthcare is mammoth and if these changes hit healthcare professionals unprepared; “they will wash away the medical system we know and leave it a purely technology-based service without personal interaction. Here the ‘personal’ element of technology is identified; it is with this aspect in mind that the next logical step in digitalising healthcare must be embraced. This next step coming around is a more ‘personalised’ approach to healthcare and current research is identifying this as a new trend in medicine focusing on patient-centered care. There is evidence that sensor-based IoT devices prescribed for individual patients are not yet fully fit for purpose.

Once such study looked at some significant unintended consequences relating to new security vulnerabilities and modifications of behaviour together with use of big data sets and unanticipated challenges faced by regulatory authorities thus making it difficult to keep pace with recent innovations. Currently there are epilepsy sensors and apps that track medication, send reminders to take medication, some are for emergency with buttons to press before losing consciousness with a seizure and some detect a seizure based on the pattern of jerks. However, there is a danger that epilepsy patients and their Doctors who are confronted with a bewildering range of devices may have difficulty in coming to a sound understanding of the device. Therefore, it is vital to choose the most appropriate sensor, to find evidence on device reliability for a particular seizure type, and specifically to avoid any false alarms which can be troublesome for carers or family. It is beneficial for epilepsy patients where possible to discuss with their doctors the advantages and disadvantages of each device. Tailoring the approach to patient sensors is noteworthy. The main factor of a devices value may ultimately be its ability to provide meaningful, accurate, and timely information and as observed: address the vital purpose of improving patient outcomes by providing guidance to the user. Therefore, preparations need to be in place to realise these goals. There is still time and measures that can be taken to ‘guide’ clinicians to choose the most precise device. Sensor-based IoT devices are in popular demand for healthcare providers since there is a constant need for patient monitoring, this drives the sensor usage, therefore patients need to be monitored pre-hospital, in-hospital (before, during, and after procedures), at home, in longterm care, and in other locations yet it is argued that there is limited information about the actual patient care-related tasks that physicians perform on these devices. Furthermore, time is vital for hospital-based physicians to have the ability to obtain the right information at the right place. Hence medical devices and apps are already proving invaluable tools for healthcare professionals, but as their features and uses expand, there is a danger that because they are becoming even more widely incorporated into nearly every aspect of clinical practice there may not be the knowledge or tools to match the correct device with the correct patient. There are very few experiments with sensor-based IoT devices that have been endorsed by the NHS and a large problem is poor information when caring for people with epilepsy or doing epilepsy clinical trials  yet there is great potential to vastly increase the efficacy of epilepsy management using biomedical devices that can improve the quality of information. As available devices and sensors grow, if clinicians could be provided with more guidance in understanding and choosing which sensor suits which situation then a personalised approach can be achieved and hence the management and monitoring of epilepsy can be improved. Even now seizure detection devices are at a relatively early stage of development and so far it is difficult to find large-scale studies that compare the effectiveness of one device against another. This highlights that more experimental evidence is needed.

1.5.2 Complexity of Epilepsy and Sensor-Based Devices 

With so many existing sensor-based IoT devices for epilepsy devices, together with associated factors and with so many eventualities in capturing a seizure at home, it is difficult to know the best device to implement. For example, the patient could be in the bath, in bed, or watching the TV when the seizure occurs and it could be that a Smart Watch used for monitoring shaking may not be comfortable to wear in bed, so a Smart Mattress would take its place. Likewise, a Companion Monitor which monitors bed movement and sound but would not be fitting in the shower. Another variant is that different types of seizures will present themselves and there aren’t always the solutions at the clinician’s fingertips; devices are just not suitable for all the different environments we live in. It is so difficult to ultimately ‘monitor’ epilepsy because of these complexities. A demand for a more personalised approach to monitor the ‘individual’ patients’ characteristics is needed. This personalised approach is addressed in this thesis with the creation of the PPDL. Here the ‘terminology’ of epilepsy is investigated so that an ‘individual’ seizure type patient profile can be formed. To enable the health carers to define a ‘type’ of epilepsy patient, this thesis also recommends distinct groups of epilepsy patients that share similar characteristics using Clustering Analysis.

1.5.3 Epilepsy Detection & Monitoring Systems

The ontology on Epilepsy and web-based prototype to create the KMS (Knowledge Management System) is interesting as the issue of adding new concepts to the ontology was identified during the development, whereby the significance of continual communication with medical doctors was highlighted signifying the importance of understanding therespective meaning of ontology concepts and to try to find new applications for the ontology, serving the patients, doctors and researchers . This highlights a gap and calls for new applications for the epilepsy ontology, could new evidence found in more recent studies, hence ‘personalised healthcare’ contribute? As depicted, the ontology should reflect this evolution since the field of epilepsy and epileptic seizures is continually evolving . More recently one study focus on Epilepsy symptoms particularly those that ‘lead’ to the seizures, are identified as being quite uncertain and there is the possibility they can unfortunately go undetected . A Transition Model between the different phases of epilepsy to be adopted by decision-making systems used by people who are diagnosed with the specific disorder is proposed. Based on the whole model’s transitions information, epilepsy is represented by a health caring ontology which contains all the useful aspects of it. University of Freiburg’s Cluster of Excellence BrainLinks-BrainTools studied smart devices to interface with the brain, were a “Closed Loop Stimulation System for Epilepsy Therapy” was proposed and a promise of new chances for patients suffering from pharmacoresistant epilepsy. The study used animal experiments and obtained an insight into optimal parameter settings since identifying that electrical brain stimulations are complex and poorly understood, this is a good example of how prediction methods were tested. EEG, an electroencephalogram is a recording of brain activity. This is the chief gold standard method used within hospitals to detect and monitor seizures. Several approaches have been reported with the aim to embed this method in other settings and platforms. Developments in some topics have been published, such as modelling the recorded signals or the design of portable EEG devices to deploy such models. As an alternative and sometimes supplement to EEG there exist many sensors embedded in clothing or worn on the body to obtain bio-signals such as gyroscopes, accelerometers, pulse rate, temperature sensors, magnetometers, galvanic skin response sensors (GSR), implanted advisory system, electromyography, video detection systems, mattress sensor, and audio systems . The epilepsy specific platform such as Sareen also makes use of data from EEG and uses Mobile Cloud Computing (MCC) for storage and for sending notifications to the family and clinicians . MCC is being embraced in other epilepsy platforms such as EpiCare, where it is used in home settings specifically to assist epilepsy diagnosis, whilst body sensor networks placed on the body together with MCC has been proposed for epilepsy detection whereby body sensors such as pulse rate which can be worn as a wrist band in a recent platform: ‘An IoT Platform for Epilepsy Monitoring and Supervising’. At the time of writing this chapter an initial review was done to discover existing sample devices for epilepsy. Variation in the available devices and their purpose was observed, i.e. in diagnosis, prevention, detection or monitoring. These initial findings highlighted the diversity in management of epilepsy and indicate how different devices suit specific needs in different epilepsy scenarios. A large amount of apps have been published more recently especially in the commercial sector for the detection and management of seizures using either the Smartphone sensors or external sensors, for example Epdetec and Myepipal and web logging which facilitates the way a patient records daily information concerning her/his epileptic events, medication, and news, My Epilepsy Diary and Epidiary. Another app attracting attention and recently reviewed in the press is the Alert App by Empatica. This app sends caregivers an automated SMS and phone call when it detects unusual patterns that may be associated to a convulsive seizure. yet it is only designed to work with the Embrace Smartband by Empatica and can prove expensive for the user.
1.6 IOT BASED EPILEPSY MONITORING
The purpose of the IoT based Epilepsy monitoring model [38] is to support a ‘Personalised Monitoring Plan’ framework in collecting data from a variety of potential epilepsy device sensors and also provide optimal analysis tools to utilise the sensor data thus supporting clinicians to monitor epilepsy patients. 

A. PMP Framework 

This proposes a Personalised Monitoring Plan (PMP) framework. In the previous section experiments were performed to capture seizure data, obtained from sensors, which are positioned on different parts of the patient’s body. The results from this experiment are used to inform a PMP (Personalised Monitoring Plan), seen below in Fig. 8 which recommends which sensor-based device to use based on those very individual, personal characteristics of a given patient. The proposed ‘Personalised Monitoring Plan’ (PMP) framework is a model for which doctors and healthcare professionals (HCPs) can use to assist in identifying which device they should recommend to the individual patient for remote monitoring. 

The PMP framework integrates two types of ‘personalisation:  

· The patient as the individual (derived from an ontology language).  

· Use Patients in a category (using the K-means Clustering method). 

Both these personalisation elements are described below in in the next sections. The third tool of the PMP framework supports the decisions surrounding recommending the correct IoT sensor-based devices. The main purpose is to help HCPs decide which IoT Sensors to recommend for monitoring and which position on the patient’s body. The PMP framework ultimately allows users to provide a description of the ‘seizure condition’ of a single patient or a patient type, and to automatically obtain a PMP adjusted to the patient requirements. The proposed framework consists of two features: the first being ‘Personalisation’ (based on this study) and the second is the anticipated ‘Remote Monitoring’, shown in pink and blue respectively.
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B. Personalisation Elements 

The personalisation contributions are part of the preceding findings in this study. The ontology language was created to support the need of the healthcare process to transmit, re-use and share individual patient profile data related to their seizures. The ontology was achieved by the initial examination of 100 anonymous epilepsy patient medical records. The data was analysed to discover if values for each of the attributes are different for each patient, together with the investigation of epilepsy ‘terminology’ and existing seizure type classifications/categories were analysed so that an ‘individual’ seizure type patient profile could be formed. A close collaboration with clinicians helped to build a data model fit for real-world adoption inside hospital settings and thus an ontology was developed to model the concept of the epilepsy patient profile, namely ESO ‘Epilepsy Seizure Ontology’. This was a driving force for the PMP Framework and a critical aspect for this concept. In order to make ESO useable for HCPs (Health Care Professionals) the ontology was transformed into a language that is understandable by humans and machines, this was accomplished by XML and the outcome was PPDL (Patient Profile Description Language).
The second personalisation element was achieved by using K-means Clustering analysis. Different clustering techniques were initially analysed to find the most appropriate approach for the acquired epilepsy data and an in-depth focus upon ‘clustering considerations’ was undertaken to confirm validity. These 6 cluster groups revealed six completely different categories of patients each with their distinct seizure related information. The results revealed the distinct groups of epilepsy patients that share similar characteristics using Clustering Analysis. This will enable the health carers to define a ‘type’ of epilepsy patient. 

C. PMP Framework Loop and Maintenance 

With this PMP framework, the PPDL (Patient Profile Description Language) can be directly maintained (and extended) by HCP’s. The framework has the flexibility, (as the ontology grows with new seizure related concepts), to deal with the mounting diversity of seizure type patients. Therefore, the PMP framework is somewhat reliant on the integration of new knowledge in the PPDL. As the HCP of the PMP Framework approves the recommendations, the information about the patient and the advice may change and this new information can cause the PMP Framework to continue providing new suggestions to the HCP. This loop will stop either when the framework is not able to provide new recommendations or when the HCP considers that the current condition of the patient is correctly represented by the recommendation. At any time, the PMP for the patient is fundamentally controlled by the HCP who is using the framework. Consequently both the personalised ‘seizure related data’ and the ‘cluster classifier data’ of a patient may evolve as the patient disorder changes, for example when the information about the patient changes in the patient record of that patient or as a result of the application of the PMP Framework to find out new ‘seizure type’ knowledge about the current patient. The datasets are expected to evolve and are continuously stored as part of the record of that patient. 

D. IoT based Epilepsy Monitoring Model 

To achieve the type of monitoring described in the PMP framework, several IoT components can be deployed to retrieve sensor data from the epilepsy patient to be accessed remotely. These components include the integration of the personalisation components described in the PMP framework, those of an internet connection and protocols which form the ‘network layer’, a cloud platform to manage the data analysis and fundamentally the sensor-based devices forming the sensor layer. These components make the ingredients of an IoT solution, proposed in the IoT based Epilepsy monitoring model. The sensor layer, (discussed in section F) has the task of acquiring and sending the data from the different epilepsy devices involved in capturing seizure data, to the proposed cloud platform. The ‘IoT based Epilepsy monitoring model’ proposal in Fig.9 shows areas on the body where parameters are measured, each area is indicated with a colour matching the parameter. 

E. Cloud Platform 

The proposed cloud platform provides all the necessary services for the clinician to manage, process and visualise the seizure data. All the processes that involve the interaction between the personalisation layer and the sensor layer are carried out through the following modules: PMP data management, machine learning module and data analysis & visualisation. All these services are hosted in the cloud and clinicians are able to access them remotely from any location. The data analysis and visualisation module utilises the sensor data while the ‘PMP data management’ module pulls all the patient records from the personalisation modules and here the sensor data results are updated. Visualisation is a requirement for any such system as it is important for clinicians to be provided with user friendly GUIs so they can study the seizure data from the epilepsy sensor devices. The machine learning module is also proposed, this is a key aspect for future development and the idea is that by using algorithms the module will ‘learn’ when a patient is about to have seizure and warn them in advance.
A pre-processing hardware and a platform are needed to communicate and transmit the sensor data which is collected using wearable sensors positioned on a patient’s body. The Microsoft Azure IoT platform  is proposed, since this cloud computing server is trusted and safe.

F. Sensor Layer 

The sensor layer has the task of acquiring and sending the data from the different epilepsy devices involved in capturing seizure data, to the proposed cloud platform. The sensors previously used in the experiment, the heartrate and accelerometer sensors were demonstrated within the PMP framework discussed in this paper. Yet there are other sensors too that can work within the context of this research. These potential sensors found in other devices are explored and proposed below. Despite the expense, multi-modal sensor based devices are the ultimate desire to monitor an epilepsy patients seizures since multiple sensors are embedded in one device and make comfortability for the patient and all-in-one solutions for the manager of the device, furthermore epilepsy patients have revealed their preference for devices capable of monitoring several parameters. those that go beyond heart and movement sensing, and beyond fitness devices, are amongst a vast amount. Consequently, many studies have analysed the performance and limitations of each sensor based device, one critical evaluation by Peake found many devices where not yet fully validated or tested for reliability, therefore this examination will aim only to propose validated devices for use in the IoT based Epilepsy monitoring model. Recently in 2020, Abreu, Fred et al  did a significant exploration on, wearables and related devices, that can be utilised for epilepsy prediction, the findings presents devices, some with multiple sensors, characterised with respect to their applicability to research, validation status, form factor or body positioning, battery duration, method to access the data, measured signals and, their applicability to epilepsy prediction (EP). This is a vital study since the devices have already been validated, and connectivity options identified, and since they are beneficial for epilepsy they can be proposed in the IoT based Epilepsy monitoring model. These devices and their sensors, identified as applicable for epilepsy prediction contain some of the sensors that were highlighted during the experiments i.e. accelerometer, heartrate and GSR, but the audio and bladder sensors were not previously included.
G. Network Layer 

There are several ways the sensors can connect and send data to the cloud platform and since most of the sensor devices connect to a mobile phone they are served by Bluetooth or Bluetooth Low Energy (BLE) and use very little power. Nevertheless, each sensor-based device is provided with its own protocol and connectivity options, hence the type of IoT connectivity is determined generally by the distance that the data must travel, either short-range or long-range. IoT platforms such as Azure use gateways to connect IoT devices to the cloud. The data collected from the devices moves through this gateway, gets pre-processed using in build modules (Edge) and then gets sent to the cloud. Data is protected by an additional layer of security provided by the Azure Application gateway and in addition connection security is enabled as each connected IoT device is given a unique identity key.
1.7 Overview of System 

The system comprises the following components: 

· Patient monitoring kit 

· A smart-phone, here we are developing an Android APP for doctors / Parents for monitoring and analysis of epilepsy patients. 

· Emergency Center 

· Report for neurologist 

A Patient monitoring kit 

The monitoring kit is currently composed of accelerometer cap, wrist band along with temperature sensor and accelerometer, moisture sensor and Mic. The patient wear cap, wrist band with embedded sensor disposed in classic system. 

The cap and band wire attached to the board containing following component 

· controller 

· a no-break and power supply; and 

· Bluetooth modem
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The power supply provides energy to equipment. The device connects to the Bluetooth modem and provides filtered live digital data from the sensors, which can be read by the smartphone application. 
B. Smartphone application 

The smartphone application is currently executed on an Android based device. The application access the data provided by the monitoring kit through the Bluetooth modem. Application running on the smartphone looks for signals coming from sensor that might lead to an emergency event. In such cases, the smartphone sends a message via SMS to a preconfigured telephone number at an Emergency Center, so that help can be provided on time. If connection to the PC is not possible, the smartphone stores data until the connection is restored. According to collected data seizure gets classified. Neurologists will have access on this data, so that Neurologists can focus on the most important time periods of all recordings, thereby decreasing the time to diagnose the disease. In this review process, physicians can accept or reject each automatic marking, allowing them to base their diagnosis.
C. Emergency center 

The emergency center is responsible for dealing with critical situations. It receives notifications from the smartphone, which happens when an emergency event is identified. Fast response is mandatory since in this situation the patient can actually die if care is not provided shortly. 
D. Report for neurologist 

When patient admitted in hospital doctor have to select type of epilepsy for patient. According to selected type parameter sensed and report get generated on PC. On report we are maintaining time and date. So doctors can keep track the progress of patient with in a given period of time.
CHAPTER 2
LITERATURE SURVEY

1. “GENERIC SINGLE-CHANNEL DETECTION OF ABSENCE SEIZURES” E. B. PETERSEN, J.DUUN-HENRIKSEN, A. MAZZARETTO, T.W. KJAR, C.E. THOMSEN, AND H.B.D.SORENSEN 
                    A generic method utilizing the low interand intra-patient variabilities in EEG-characteristics during absence seizures is proposed. This paper investigates if the spike-and-wave behaviour during absence seizures is so distinct that a single-channel implementation is possible. 18 channels of scalp electroencephalography (EEG), from 19 patients suffering from childhood absence epilepsy, are analysed individually. The characteristics of the seizures are captured using the energy content of wavelet transform subbands and classified using a support vector machine. To ease the evaluation of the method, we present a new graphical visualization of the performance based on the topographical distribution on the scalp. CAE has its onset in children age 4-10 years and causes the patient to experience frequent seizures up to hundreds a day. 
                    The clinical manifestation of an absence seizure is loss of conciousness and for some this is accompanied by eye blinking or lip smacking, but often no physical signs are observed. Seizures without clinical manifestations are termed paroxysms, but for convenience we use the term seizures for all epileptic activity. Long-term monitoring of CAE patients is highly relevant since the large number of seizures and sparse physical manifestation make it difficult to otherwise recognize absences for diagnostic and treatment purposes. Absence seizures are very characteristic in the discharge of 3 Hz spike-and-wave complexes . The duration of a seizure is reported to vary from a few seconds to half a minute. Furthermore, the patients also experience bursts of spike-and-wave complexes of shorter duration which do not affect the consciousness. In the field of seizure detection, patient-specific methods are generally reported to have a higher performance compared to generic methods . However, generic methods are easier and faster to apply and therefore more relevant for clinical use. The characteristics of epileptic seizures of the same type are generally described to have large inter-patient variability, but small intra-patient variability, which is why patient-specific methods often outperform generic. However, patients suffering from CAE have relatively little inter-patient variability in the seizure characteristics. A generic method of automatic detection of typical absence seizures is prosed for EEG monitoring of CAE patients. 
DRAWBACKS
· The SVM is a supervised learning approach that conveys the classification problem into a convex optimization problem such that a global optimum exists.
· This issue was dealt with by allowing the algorithm to detect seizures, but not including them as true positive events if they are detected or as false positives if they are not.
2. “QUANTITATIVE ANALYSIS OF HEART RATE VARIABILITY IN PATIENTS WITH ABSENCE EPILEPSY” C. PRADHAN, S. SINHA, K. THENNARASU, AND T.JAGADISHA, 
                There are no studies quantifying the nature of autonomic changes in absence epilepsy.  We characterized the heart rate variability (HRV) during pre-interictal epileptiform discharges (IED), IED and post-IED states in absence epilepsy. The time domain HRV measures were applied to pre-IED, IED and post-IED simultaneous ECG tracing. Activation of the autonomic nervous system is well known in patients with epilepsy during either electroconvulsive therapy (ECT) or spontaneous seizure.
                Most studies have shown changes in cardiac autonomic parameters, to occur in more than 90% of patients with complex partial and generalized tonic-clonic seizures. Moreover the autonomic changes of the semiology and foci of seizure vary considerably. Autonomic dysfunction has also been noted in the interictal period and could be the only sign during this phase of clinical calm. Autonomic dysfunction is more prominent in patients with refractory epilepsy well as long-standing, well-controlled epilepsy and it might play an important role in the cause of sudden unexplained death in epilepsy (SUDEP). 
                    The heart rate variability (HRV) during a seizure can be calculated from ECG recorded simultaneously with electroencephalogram (EEG). HRV before, during and after the seizure can be an indicator of the sum of sympathetic and parasympathetic input to the heart. Changes in HRV vary between seizure types and in temporal lobe seizures, increased sympathetic and decreased vagal heart rate modulation often precedes ictal EEG changes. Rapid parasympathetic withdrawal might occur prior to seizure onset and a peak in sympathetic activation may occur at seizure onset. Pre-ictal elevation of cardiac parasympathetic activity may be a marker for secondary generalization of seizures. 
                   In this paper, we attempt to characterize the HRV during pre-IED, IED and post IED states using qualitative, time domain and geometric methods in patients with absence epilepsy.
DRAWBACKS

· The pre-IED, IED and post-IED groups were compared using repeat measure analysis of variance. 

· Pearson's correlation was used to compare duration of seizure and HRV parameters.
3.“EPILEPSY MONITORING AND ANALYSIS SYSTEM USING ANDROID PLATFORM” P.LOKHANDE AND T.MOTE, 
                 These fits can be occurs any times a day and the main problem is that the patient has no memory that he has had a Fit Attack. There is growing need for continuous monitoring and immediate respond to their seizures and to inform the concerned doctor for analysis which is not possible in now a day’s hectic Work schedule where 24 Hours Nurse is very expensive. This implies high costs to the health system. The objectives of this paper were to continuously keep a track of all patients’ activity using a mobile phone outside the hospital environment. Also we are differentiating between the types of Epilepsy. 
                The user has to choose the epilepsy type and then the software will monitor various activities such as fall detection, Haphazard body movement, Urination, Loud noises and also develop an android app. Depending upon the type of activity the Android App will keep a track of Fits. We are sending an SMS to doctor and parents as soon as the fits start as well as an SMS when the FIT ends. Neurologists can refer generated report so that they can focus on the most important time periods of all recordings. 
                 Epilepsy is a group of neurological complaints considered by Epileptic Seizures; it is experienced by one to two percent of the global population. 30% of the cases do not respond to medications or surgeries. Therefore, the potential for epilepsy patient requires continuous monitoring with seizure detection methods. [6] The first step in improving epilepsy treatment is to do a precise diagnosis, since epilepsy is not only one disease with one cause and one treatment, but instead a variety of diseases with different treatments that express themselves as epileptic crises .The evaluation from epileptologist physicians is sometimes the only intervention used to elucidate the case. 
                 Moreover, electroencephalogram exams (EEG) help in diagnosing epilepsy but they have some practical limitations, especially due to the large amount of data that should be manually analyzed. One of its complicated phases is the using of thin wires placed deep in the patient’s brains to detect the expected occurrence of seizures which make it very uncomfortable for patients for its insertion and removing procedures from their brains. A seizure is an involuntary alteration in behavior, movement, sensation, or consciousness resulting from abnormal neuronal activity in the brain. Patients suffering from epilepsy usually experience behavioral symptoms, such as involuntary movement and rage reaction.
DRAWBACKS
· Seizures are more frequent in children having hundred Seizures per day and children respond differently, having different side Children with epilepsy have a bigger impact, since they are learning and understanding the word.
· These fits can be occurs any times a day and the main problem is that the patient has no memory that he has had a Fit Attack.
4. “SEIZURE DETECTION, SEIZURE PREDICTION, AND CLOSED-LOOP WARNING SYSTEMS IN EPILEPSY” S.RAMGOPLA, S.THOME-SOUZE, M.JACKSON ET AL, 
                     Automated seizure detection and prediction require algorithms which employ feature computation and subsequent classification. Over the last few decades, methods have been developed to detect seizures utilizing scalp and intracranial EEG, electrocardiography, accelerometry and motion sensors, electrodermal activity, and audio/video captures. To date, it is unclear which combination of detection technologies yields the best results, and approaches may ultimately need to be individualized. 
                     Some of the difficulties in managing treatment-refractory epilepsy can be ameliorated by the ability to detect clinical seizures. This information might be useful both in developing accurate seizure diaries and in providing therapies during times of greatest seizure susceptibility. The ability to rapidly and accurately detect seizures could promote therapies aimed at rapidly treating seizures. The capability to detect seizures early and anticipate their onset prior to presentation would provide even greater advantages.  

                    These early detection and prediction systems might be able to abort seizures through targeted therapies. Such systems would also be able to prevent accidents and limit injury. This article describes currently available detection and prediction systems for epileptic seizures. We explore the potential application of such systems in ambulatory monitoring and closed-loop models for individual patient care. We also describe how population-based prediction algorithms may be used to formulate prediction models to anticipate seizures. Using our previous language for seizure detection and classification, the velocity, acceleration, and other data provided by motion sensors are either used as feature data directly or are computed into secondary features. Classification algorithms, as discussed above, are then trained to distinguish normal movements from seizure movements. An active cancel button can be used to decrease false-positive results over time. A recent prospective trial evaluated the use of another threedimensional accelerometer, the Epi-Care Free device (Danish Care Technology ApS, Sorø, Denmark). The device is worn as a wristwatch and contains a three-dimensional accelerometer and a transmitter that can send real-time accelerometric information to a control unit.
DRAWBACKS
· Most obviously, it can only be used in a select portion of seizures that have welldefined motor activity.
5. “MOBILE CLOUD COMPUTING: A SURVEY” N.FERNANDO, S.W. LOKE, AND W.RAHAYU, 
Despite increasing usage of mobile computing, exploiting its full potential is difficult due to its inherent problems such as resource scarcity, frequent disconnections, and mobility. Mobile cloud computing can address these problems by executing mobile applications on resource providers external to the mobile device. In this paper, we provide an extensive survey of mobile cloud computing research, while highlighting the specific concerns in mobile cloud computing. We present a taxonomy based on the key issues in this area, and discuss the different approaches taken to tackle these issues. We conclude the paper with a critical analysis of challenges that have not yet been fully met, and highlight directions for future work.
DRAWBACKS
· Problems in mobile computing can be solved when combined with cloud computing.
2.1 EXISTING SYSTEM

· Different biometric signals have been Exisitng for detecting the epileptic seizures. 
· The main data source to do so is the EEG, measuring the electrical activity of the brain to detect the epileptic seizures. 
· But in Existing System There is no data maintain in server and monitor. 
· As an alternative and sometimes supplement to EEG there exist many sensors embedded in clothing or worn on the body to obtain bio-signals such as gyroscopes, accelerometers, pulse rate, temperature sensors, magnetometers, galvanic skin response sensors (GSR), implanted advisory system, electromyography, video detection systems, mattress sensor, and audio systems.
· The data was analysed to discover if values for each of the attributes are different for each patient, together with the investigation of epilepsy ‘terminology’ and existing seizure type classifications/categories were analysed so that an ‘individual’ seizure type patient profile could be formed.
2.1.1 Disadvantages of existing system

· There are very few experiments with sensor-based IoT devices that have been endorsed by the hospitals and a large problem is poor information when caring for people with epilepsy or doing epilepsy clinical trials.

· There is great potential to vastly increase the efficacy of epilepsy management using biomedical devices that can improve the quality of information.
· The greatest challenge of all to help solve these problems is the enabling collaboration between people with differences in expertise

· The negative impact of uncontrolled seizures spreads beyond the individual to affect their family, friends, and society.

· Insufficient knowledge about epilepsy, which is a very common disorder, has a great and negative impact on people with epilepsy, their families and communities, and the healthcare systems.

2.2 PROPOSED SYSTEM
· In Proposed system we use Accelerometer, GSR sensor  to detect brain  waves  activity .

· We will monitor accelerometer and GSR value of patient and store it to Database for feature prediction purpose.

· Using Cloud Data we can use machine learning algorithm to predict epileptic seizures of patient .This system aims to protect life and also aids to live a healthy and normal life.
· The task of acquiring and sending the data from the different epilepsy devices involved in capturing seizure data, to the proposed cloud platform.
· The proposed cloud platform provides all the necessary services for the clinician to manage, process and visualise the seizure data.
· The devices have already been validated, and connectivity options identified, and since they are beneficial for epilepsy they can be proposed in the IoT based Epilepsy monitoring model.
· The IoT based Epilepsy monitoring model has been proposed and can be adopted by the PMP framework in future developments.
2.2.1 Advantages of proposed system
· It is important to understand the performance of iSeiz if the bracelet is placed on different locations on the body to capture various movements.

· Our proposed approach in utilization of a secure cloud-based database to record seizure data from various epilepsy patients appears to be practical and efficient, particularly for collaborative diagnosis.

· In, a three-layer cognitive ring is proposed to achieve a good performance and high intelligence and merges human cognition with the system design.

· The majority of the deep learning methods discussed previously exhibit a good performance but are incomparable to the deep learning models in other fields, such as computer vision.

· An automatic and advanced method for EEG-based seizure detection and monitoring to be used as a component of the proposed cognitive healthcare IoT (CHIoT) framework.
2.3 FEASIBILITY STUDY
The feasibility of the project is analyzed in this phase and business proposal is put forth with a very general plan for the project and some cost estimates. During system analysis the feasibility study of the proposed system is to be carried out. This is to ensure that the proposed system is not a burden to the company.  For feasibility analysis, some understanding of the major requirements for the system is essential.

Three key considerations involved in the feasibility analysis are:

· Economical feasibility

· Technical feasibility

· Operational feasibility

2.3.1 Economical Feasibility
This study is carried out to check the economic impact that the system will have on the organization.  The  amount  of  fund  that  the  company  can  pour  into  the  research  and development of the system is limited. The expenditures must be justified. Thus the developed system as well within the budget and this was achieved because most of the technologies used are freely available. Only the customized products had to be purchased.

The economic feasibility based on the terms of:

· Time

· Cost

· Man power

2.3.2 Technical Feasibility
This study is carried out to check the technical feasibility, that is, the technical requirements of the system. Any system developed must not have a high demand on the available technical resources. This will lead to high demands on the available technical resources. This will lead to high demands being placed on the client. The developed system must have a modest requirement, as only minimal or null changes are required for implementing this system.

2.3.3 Operational Feasibility
The aspect of study is to check the level of acceptance of the system by the user. This includes the process of training the user to use the system efficiently. The user must not feel threatened by the system, instead must accept it as a necessity. The level of acceptance by the users solely depends on the methods that are employed to educate the user about the system and to make him familiar with it. His level of confidence must be raised so that he is also able to make some constructive criticism, which is welcomed, as he is the final user of the system.

CHAPTER 3
SYSTEM SPCIFICATION
3.1 HARDWARE REQUIREMENTS:
· NODE MCU.
· Accelerometer sensor.
· GSR Sensor.
· LCD Display. 
3.2 SOFTWARE REQUIREMENTS:
· Operating System: Windows 10
·  Code: NODE MCU 

CHAPTER 4
SYSTEM DESIGN AND DEVELOPEMENT

DATA FLOW DIAGRAM
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CHAPTER 5
TESTING AND IMPLEMENTATION

5.1 TESTING

 Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one.

 5.1.1Unit Testing


Unit testing comprises the set of tests performed by an individual programmer prior to integration of the unit into a larger system. The module interface is tested to ensure that information properly flows into and out of the program unit. The local data structure is examined to ensure that data stored temporarily maintains its integrity during all steps in an algorithm’s execution. Boundary conditions are tested to ensure that the module operates properly at boundaries established to limit or restrict processing. All independent paths through the control structure are tested. All error-handling paths are tested.

5.1.2 Block Box Testing

Black-box testing is a method of software testing that examines the functionality of an application without peering into its internal structures or workings. This method of test can be applied virtually to every level of software testing: unit, integration, system and acceptance. It is sometimes referred to as specification-based testing.

5.2 SYSTEM IMPLEMENTATION
Implementation is the stage of the project when the theoretical design is turned into a working system. This is the final and important phase in the system life cycle It is actually the process of converting the new system into a operational one. 

CHAPTER 6
CONCLUSION
CONCLUSIONS

This study analyzes the solutions in the literature describing solutions for epilepsy tonic-clonic seizure detection and monitoring. The majority of the approaches lack several remarkable factors: developing ergonomic approaches, supporting everyday life, providing economical affordable solutions, introducing storage of the sampled data and providing intelligent CC services, introducing real time response, or considering multiple services on the MCC size. This study addresses the design of an IoT platform for the epilepsy seizure detection and monitoring considering each of these factors. The solution is based on a WD to be located on a wrist connected to a Smartphone, which in turns implements MCC services and has access to CC services as well. The global goal is detecting the seizures, storing information from the sensory system, generating alarms and notifications, performing machine learning techniques on the data to learn the best models to detect or to visualize the data, sharing data, and providing processed information to the medical staff, among others. Special attention has been paid to the MCC module, where some design decisions are discussed, leading to the experimentation stage. The experimentation stage implemented part of the MCC and CC modules, developing an ad hoc solution for the WD. The experimentation has been focused on determining the best data bunch size and on drawing conclusions concerning the criteria to choose when performing computation on the MCC versus requesting services on raw data to the CC layer. The experimentation results show two possible data bunch sizes (20.39 and 40.78 KB) as the most suitable ones. Furthermore, the second stage of the experimentation suggests that plenty of computation can be delivered on the Smartphones, reducing the amount of networking. Furthermore, special care should be taken to reduce the power consumption due to some mobile components, such as touchscreens. This research is only in its early stages, and in the near future we expect to complete the design, considering the integration of this framework into publicly available open software health platforms, such as GNU Health.
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