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Abstract— Change Point Detection (CPD) is that the matter 

of discovering time points at which the behaviour of a 

statistic changes abruptly. we detect some actions 

nonparametric change point detection algorithm called SEP, 

which uses Separation distance as a divergence measure to 

detect change points in high-dimensional statistic. Through 

experiments on artificial and real-world datasets, we 

demonstrate the usefulness of the proposed method 

compared with existing method. Change points are abrupt 

variations in statistic data. Such abrupt changes may 
represent transitions that occur between states. Detection of 

change points is useful in modelling and prediction of your 

time series and is found in application areas like medical 

condition monitoring, global action detection, speech and 

image analysis, and act analysis. This survey article 

enumerates, categorizes, and compares many of the methods 

that are proposed to detect change points in statistic. The 

methods examined include both supervised and 

unsupervised algorithms that are introduced and evaluated. 

Keywords: SEP, medical conditioning monitoring, climate 
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I. INTRODUCTION 

Change Point Detection (CPD) is that the matter of 

discovering time points at which the behavior of a statistic 

changes abruptly. CPD could even be a well-established 

area and has been studied over the past several decades 

within the fields of knowledge mining, statistics, and 

cognitive content. CPD finds application during a broad 
range of real-world problems like medical condition 

monitoring, global natural process detection, speech 

recognition, image analysis, and act analysis. Many 

algorithms are designed, enhanced, and adapted for change 

point detection. These techniques include both supervised 

and unsupervised methods, chosen supported the desired 

outcome of the algorithm. While change point detection 

could even be a well investigated field, research on real-time 

CPD is more moderen and rare. In contrast with traditional 

CPD approaches, real-time CPD algorithms run 

concurrently with the processes they're monitoring, 
processing each information because it becomes available. 

The goal is to detect a change point as soon as possible after 

it occurs, ideally before the next information arrives. 

However, online algorithms place different requirements on 

the number of recent data that possesses to be viewed before 

a change is detected. Recently, direct density ratio change 

point detection algorithms are introduced which address 

these challenges. These algorithms detect change points 

between two consecutive windows of knowledge by 

estimating their probability density ratio supported the 

thought that the probability densities of two consecutive 

windows are the identical if they belong to the identical 

state. The goal of this paper is to further advance this line of 

research by improving the present start-of-the-art method 

and introducing a replacement unsupervised algorithm for 

change point detection in time-series data which we call 

SEParation change point detection, or SEP. The proposed 

approach is applied to data of arbitrary dimensionality and 

detects change points in near real time. Our novel SEP 

change point detection method employs new probability 

metrics and improves the performance of existing density 
ratio-based change point detection algorithms by providing a 

more sensitive change score. As we demonstrate, this 

method lands up in detection of more subtle and a greater 

reasonably changes. This paper offers several contributions 

to vary point detection. We first introduce a replacement 

CPD method built on the notion of SEParation distance and 

contrast the approach with existing CPD methodologies. 

Second, we further complete the set of relationships that are 

defined between existing probability metrics by relating the 

Separation distance and Pearson metrics. Finally, we 

evaluate and implement SEP using artificial datasets and 
benchmark datasets. We also evaluate SEP on a flowery 

multidimensional world application, namely detecting 

changes in sensor based human behavior data. CPD offers 

several valuable opportunities in such a setting, including 

health event detection, breakpoint detection, and activity 

segmentation [12][13]. Detecting change points in smart 

home sensor data is effective for detecting health events and 

identifying activity transition points. Our experimental 

results on real and artificial data indicate that SEP performs 

also or better than existing methods at classical CPD and 

offers new features that are valuable for complex real-time 
problems like smart home-based human behavior analysis. 

II. EXISTING SYSTEM 

Change point detection algorithms are studied for many 

years and there are multiple techniques described within the 

literature. Both supervised and unsupervised methods are 

accustomed solve CPD problems. When a supervised 

approach is used for change point detection, machine 

learning algorithms are often trained as either binary or 
multi-class classifiers. If the amount of possible process 

states is specified, the change point detection algorithm 

could also be trained to seek out each mete, making it a 

multi-class problem. A window moves through the 

information, considering each possible division between two 

data points as a possible mete or change point. While this 

approach features a simpler training phase, a sufficient 

amount and variety of coaching data has to be provided to 

represent not only each individual state class but also all 

possible transitions from one state to a different. an alternate 

is to treat change point detection as a binary classification 
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problem, where all of the possible state transition (change 

point) sequences represent one class and every one of the 

within-state sequences represent a second class. 
Unsupervised learning algorithms are typically accustomed 

discover patterns (and pattern changes) in unlabeled data. 

within the context of change point detection, such 

algorithms are often accustomed segment statistic data by 

finding change points supported statistical features of the 

information. 

III. PROPOSED SYSTEM 

The proposed approach are often applied to data of arbitrary 
dimensionality and detects change points in near real time. 

Our novel SEP change point detection method employs new 

probability metrics and improves the performance of 

existing density ratio-based change point detection 

algorithms by providing a more sensitive change score. As 

we demonstrate, this method leads to detection of more 

subtitle and a greater sort of changes. This paper offers 

several contributions to alter point detection. We first 

introduce a unique CPD method built on the notion of 

SEParation distance and contrast the approach with existing 

CPD methodologies. Second, we further complete the set of 
relationships that are defined between existing probability 

metrics by relating the Separation distance and Pearson 

metrics. Finally, we evaluate and implement SEP using 

artificial datasets and benchmark datasets. We also evaluate 

SEP on a flowery multidimensional globe application, 

namely detecting changes in sensor based human behaviour 

data. CPD offers several valuable opportunities in such a 

setting, including health event detection, breakpoint 

detection, and activity segmentation. Detecting change 

points in smart home sensor data is effective for detecting 

health events and identifying activity transition points. Our 

experimental results on real and artificial data indicate that 
SEP performs further or better than existing methods at 

classical CPD and offers new features that are valuable for 

complex real-time problems like smart home-based human 

behaviour analysis. 

A. Advantages 

Unsupervised segmentation is attractive because it should 

handle a variety of varied situations without requiring prior 

training for each state and action  

Detecting each state separately may provide 

sufficient information to hunt out both the character and so 

the number of detected change. 

IV. ARCHITECTURE DIAGRAM 

 

V. SMART HOME ACTIVITY TRANSITION DETECTION 

CASAS smart home dataset. This experiment allows us to 

validate our SEP algorithm on unscripted activity-labelled 

smart home data to work out if it can detect changes 

between activity states. Detecting transitions between 

activities in real time is beneficial for several applications. 

First, transition detection is visiting be accustomed segment 

smart home sensor data into non-overlapping activity 

sequences and supply insights on the beginning time, stop 

time, and duration of activities performed within the house. 

This segmentation can even boost the performance of 
activity recognition because the feature vector doesn't 

contain information from over one activity and might 

include features like activity start time and duration up to 

now. Second, detection of activity transitions facilitates 

activity-aware delivery of notifications, automation and 

behavioural intervention technologies. There are two sorts 

of motion sensors configurations utilized within the CASAS 

smart home system. the foremost common motion sensors 

used are the narrow-field motion sensors. within the case of 

narrow-field motion sensors, the sensor’s field of view is 

proscribed to a radius of some feet. These sensors are placed 
on the ceiling of the house and detect movement within the 

sensor’s field of view. the choice motion sensor 

configuration that's used throughout the smart home system 

is that the wide-field motion sensor; the widefield motion 

sensor encompasses a far larger field of view. These area 

sensors are usually placed on the walls to work out whether 

there has been movement anywhere in an exceedingly 

complete room. The wide-field motion sensor can only 

detect motion within the space, not localize where the 

resident is found inside the world. In contrast, the narrow-

field motion sensors provides a finer-resolution localization 

of the resident. Data sets that don't have privacy issues. for 
several domains, mining the information while respecting 

privacy is a vital issue. The statistic are already z-

normalized to get rid of offset and scaling (transformed data 

have zero mean and in unit of normal deviation). The 

rationale for this step was previously discussed within the 

literature. 
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VI. PATIENT TRANSITION ACTIVITY 

A. Methodology 

1) Change Point Detection: 

Change point detection tries to spot times when the 

probability distribution of a model or statistic changes. 

normally the matter concerns both detecting whether or not 

a change has occurred, or whether several changes may need 

occurred, and identifying the days of any such changes. 

Specific applications like step detection and edge detection, 
could also be concerned with changes within the mean, 

variance, correlation, or spectral density of the method. 

2) Existing CPD Method: 

Change point detection algorithms are studied for many 

years and there are multiple techniques described within the 

literature. Both supervised and unsupervised method are 

accustomed solve CPD problems. When a supervised 

approach is used for change point detection, machine 

learning algorithm will be trained as either binary or multi-

class classifiers. If the amount of possible process state is 

specified, the change point detection algorithm is also 
trained to search out each boundary line or changing point. 

While this approach incorporates a simpler training phase, a 

sufficient amount and variety of coaching data has to be 

provided to represent not only each individual state class but 

also all possible transitions from one state to a different. On 

the opposite hand, detecting each state separately may 

provide sufficient information to search out both the 

character and therefore the amount of detected change. 

3) Cumulative SUM:  

These CPD techniques utilize density ratios supported the 

observation that the probability density of two consecutive 

windows is that the identical if they belong to the identical 
state. A typical statistical analysis of change-point detection 

analyzes the probability distribution of information before 

and after a candidate change point, and identifies the 

candidates as a change point if the 2 distributions are 

significantly different. one amongst the first reported density 

ratio methods is cumulative sum (CUSUM) which 

accumulates deviations relative to a specified target of 

incoming measurement and indicates that a change point 

exists when the cumulative sum exceeds a specified 

threshold. 

4) Gaussian Process: 
a Gaussian process could be a model (a collection of random 

variables indexed by time or space), specified every finite 

collection of these random variables contains a multivariate 

statistical distribution, i.e. every finite linear combination of 

them is generally distributed. Probabilistic method estimate 

probability distribution for every new window supported the 

information that has been observed since the previous 

candidate change point. As an example, the Bayesian 

algorithm designed by Adams and McKay uses Bayes’ 

theorem to estimate a current state’s run-length (rt) which 

represents the time that has elapsed within the statistic since 

the last change point. Given the run length at a time point t, 
the run length at the subsequent time point t+1 can either 

reset back to 0 (if a change point occurs at time t) or 

increase by 1 (if this state continues for another time unit) 

VII. CONCLUSION 

In this paper, we formulate the matter of change point 

detection. supported a review of existing change point 

detection methods and difference measures employed in 

density ratio-based approaches, we hypothesized that 

metrics with larger range of difference value perform better 

for consistently detecting change points in complex data. In 

response, we introduce a change point algorithm supported 

Separation distance for real-time detection of change points. 

From the experimental validation of artificial and real-world 

datasets, we observe that the proposed algorithm 
outperforms existing methods like smart home activity 

transition detection. However, the strategy doesn't always 

outperform other approaches, as observed within the case of 

the ECG dataset. Our proposed SEP algorithm hands high 

dimensional data and detects change points in near-real time 

using most typically a 2-data point look ahead. Although 

other density ratio based methods also address these 

situations, our experimental results show in many cases SEP 

demonstrates superior performance. 

VIII. FUTURE WORK 

Although the proposed method was shown to work well in 

most cases, its performance may improve further by adding 

the effect of previous windows to the CP score calculation. 

We will experiment with these enhancements in future 

work. Additionally, the selection of a threshold value has a 

great impact on the performance of density ratio-based 

change point detection algorithms. In this work we used 

constant increments when we were testing threshold values. 

Using other methods like gradient descent or a Gaussian 
approach may result in a more optimal threshold value. 

Another limitation of SEP and all of density ratio change 

point detection methods is their computational cost. One 

important direction for future work is to improve the 

computational efficiency of this algorithm. Decreasing 

computational cost will aid our integration of the SEP 

algorithm into real-world applications such as activity 

segmentation and delivery of behavioral interventions. We 

can then elicit user feedback on the appropriate 

determination of change points and their use in 

interventions. 
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