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Abstract

The blistering development of smart monitoring systems in sectors including healthcare, 
industrial automation, environmental surveillance and smart cities led to the unprecedented 
increase in real-time sensor stream data. The characteristics of these data are noise, non-
stationarity, high dimension, and dynamic-like behaviour, becoming a great challenge to 
traditional signal processing methods that are generally set in a non-trendy or linear context. 
To overcome these limitations and facilitated by the efficient real-time sensor analytics, a 
model of adaptive statistical signal processing is proposed in this paper. The framework 
proposed is a combination of adaptive filtering methods with probabilistic statistical 
model and on the fly learning process which will constantly reset the system parameters 
due to the variation in the signal characteristics. In particular, the model uses an adaptive 
learning algorithm to reduce the estimation error and also, a probabilistic model to increase 
robustness with the ability to deal with uncertainty and noise in sensor data. Also, the 
system has an online learning component making it adaptable to concept drift and changing 
data patterns without re-training in the same starting point. Shifts in the proposed model 
performance are assessed on the basis of simulated and real-world sensor data set and have 
shown major enhancements in major measures including mean squared error, signal-to-
noise ratio, and computational latency in comparison against traditional methods including 
the LMS, RLS, and Kalman filtering models. The findings ensure the superiority of the 
suggested approach in terms of increased accuracy, accelerated convergence, and enhanced 
capabilities in changing settings. On the whole, the given work represents the scalable and 
computationally efficient solution of sensor data processing in real-time, which is why it can 
be incorporated successfully into modern smart monitoring applications when the timely and 
reliable decision-making is highly important.
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Introduction

The fast growth of the smart monitoring technologies 
has really influenced the data acquisition and analysis in 
various spheres, such as healthcare, industrial automation, 
environmental monitoring, and smart city infrastructures. 
Contemporary sensing systems have the ability to 
constantly measure masses of real-time data that have 
made decisions timely, and enhanced performance of the 

system. These sensor-based applications depend greatly 
on effective data processing schemes to derive significant 
information in the endless data streams, and real-time 
analytics is a major part of intelligent monitoring systems.

Even with these developments, sensor data has a number 
of inherent issues that make the analysis difficult. The 
sensor measurements used in real-world applications are 
typically noisy, have holes or gaps in them, and of non-
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linear and non-stationary nature. Also, such data is very 
time-dependent and dimensional, which also adds more 
complexity to its processing and interpretation. It is these 
features that render the application of classic signal 
processing techniques in dynamic settings to be difficult 
to obtain precise and credible outcomes.

Traditional batch-processing methods are often created 
to work with non-changing datasets and end of line 
analysis, where the time to compute with the data is not 
a significant factor. But in real time monitoring software, 
lag in processing might cause erroneous predictions and 
reaction, which could jeopardise the performance or 
safety of the system. In addition, most classical models are 
unable to conform to changing data trends thus reflected 
in massive application when data distributions vary with 
time which is also known as concept drift.

Adaptive statistical signal processing has become one of 
the possible solutions to these limitations to provide real-
time sensor data analytics. The adaptive methods can 
efficiently follow the changes in the characteristics of the 
signals and enhance the accuracy of the estimation by 
updating the values of the model parameters when the 
information arrives. Further strengthening the methods 
through statistical modelling approaches which consider 
both uncertainty and variability of sensor readings and 
online learning methods which enable continuous updates 
with no retraining on big data.

Herein, the current research suggests a new integration 
of adaptive framework, which merges adaptive filtering, 
Probability statistical modelling and online learning 
process, to process sensor data efficiently in real-time. The 
proposed method is meant to learn through the streaming 
data and dynamically change its parameters considering 
the changing circumstances, and be computationally 
efficient, which is appropriate in a real-time application. 
This combined approach will defeat the shortcomings 
of the current approaches and create an approach that 
would be scalable to next-generation smart monitoring 
systems.

Literature Review

The sphere of real-time sensor data analytics has 
experienced a significant advance in the terms of adaptable 
signal processing, statistical modelling, and the methods 
of machine learning. As sensor networks continue to find 
more uses in sensor networking technologies, in such areas 
as environmental monitoring, healthcare, and industrial 
automation, there is an increasing demand to have a set 
of efficient techniques that can handle big, noisy, and 
dynamic data streams. This chapter is an overall review 
of the current strategies and points out limitations of the 
strategies in dealing with real time issues.

Classical Adaptive Filtering Techniques.

The adaptive filtering is the basis of real-time signal 
processing. Algorithms, including the Least Mean Squares 
(LMS) and Recursive Least Squares (RLS), have been 
proposed to reduce noises and estimate signals which 
are popular in the reduction of noises and estimation 
of signals. Computationally LMS is efficient and can be 
applied in real-time applications, on the other hand, 
RLS has more rapid convergence but with higher 
computational complexity. Although they are usually 
quite effective, these techniques are mostly applied in the 
linear and stationary setting and fail to work efficiently 
with non-linear and non-stationary sensor data.[5, 12]

Kalman Philtres and Statistical Modelling.

The method of Kalman filtering has found a wide use in 
the dynamic estimation of the states of real time systems. 
Standard Kalman philtre supposes the linearity, as well as 
the noise, which are Gaussian, and offers the best esti-
mates in such situations. In order to solve non-linear sys-
tems, derivatives, including Extended Kalman Philtre (EKF) 
and Unscented Kalman Philtre (UKF), are developed. Nev-
ertheless, these methods are extremely reliant on good 
system modelling, and are susceptible to uncertainties 
and model unmatching making these methods less appli-
cable in associated real-world situations .[10, 12]

Approaches based on machine learning.

In recent years, machine learning and deep learning 
methods have been used to design sensor data analytics. 
Support Vector Machines (SVM) and Random Forests, 
as well as Convolutional Neural Networks (CNNs) and 
Recurrent Neural Networks (RNNs) are all models that 
have shown how they can be very strong in terms 
of extracting features and predictive modelling. As 
an example, deep learning-like structures have been 
implemented successfully in water quality prediction 
systems and defect detection systems. Nevertheless, they 
are usually expensive in both terms of large labelled data, 
large computing resources, and training time, unlike in 
real-time and resource-constrained settings.[3, 11]

Online Learning and the Concept Drift Handling.

Online learning approaches have been suggested in order 
to deal with the dynamism of streaming information. 
Using these methods, the model parameters are changed 
progressively and, therefore, can adapt to changing data 
distributions. Stochastic gradient descent and adaptive 
boosting are some of the common methods applicable 
in managing change of concepts in time-series data. 
There are also anomaly detecting algorithms which 
have evolved to detect any abnormal patterns in sensor 
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streams. Although these approaches enhance the ability 
to adapt to changes, they do not always have well-formed 
noise management and uncertainty modelling, especially 
in cases where they have not been combined with the use 
of statistical signal processing methods.[7]

Sensor Data Analytics and Applications Sensor Data 
Monitoring.

There has been extensive research in sensor based 
monitoring systems which have been applied in many 
fields. A study of monitoring water quality has shown 
the need to focus on constant sensing and analytics in 
order to monitor the sustainability of the environment. 
Correspondingly, reports on hydrology lay stress on issues 
to do with missing and incomplete data. The development 
of sensor technologies also indicates that sensor data are 
very diverse and complex, which supports the importance 
of adaptive and efficient processing frameworks.[1, 2, 6, 8]

Research Gap

According to the analysed literature, there are a number 
of important gaps. First, adaptation signal processing and 
learning online schemes are not integrated much. Second, 
most of the models that are available are not effective 
to work with non-stationary and noisy sensor data. 
Third, high computational complexity is also a significant 
challenge especially when applying it in real time. Lastly, 
hybrid methods are not always really real-time adaptable 
and scalable. To respond to these challenges, the proposed 
work presents a single framework that integrates adaptive 
filtering, probabilistic modelling, and online learning so as 
to have a real-time sensor data analytics that is efficient.

Methodology

The suggested methodology will be organised into four 
main parts:

Data acquiring and pre gaining.

Sensor data in real-time smart monitoring systems 
is constantly collected using various diverse sources 
including the IoT sensors, environmental monitoring 
units and wearable sensors. These sensors produce 
high-frequency streaming information that should be 
processed in an efficient manner to garner meaningful 
information. Nevertheless, the collected data tends to 
suffer the noise, inconsistency, and missing values because 
of flaws in sensor quality, environmental conditions, and 
limits of the transmission. Thus, having a proper data 
acquisition strategy makes it necessary to acquire the 
incoming streams of data with a guarantee of reliable 
data gathering and synchronisation together with initial 
validation prior to additional analysis.

The significance of preprocessing the quality and usability 
of the sensor data obtained has been important in 
improving the results of the acquired sensor data as 
shown in Figure 1. The initial step entails normalisation 
of signals which is used to bring the data to a constant 
realm to prevent bias in the process. It is then followed 
by noise filtering in which a noise reduction method 
(moving average philtres or low pass philtres) is used in 
eliminating undesirable disturbances without affecting 
the signal properties that are needed. Also, the non-
existent or damaged data points are addressed with the 
help of interpolation algorithms, which provide continuity 
of the data stream and eliminate discontinuity in real-time 
analysis.

The sensor signal observed can be mathematically 
modelled as an addition of the underlying signal that is 
actually present as well as noise and is represented as:

x(t) = s(t) + n(t)

where x(t)  represents the measured signal at time t, s(t) 
denotes the actual signal of interest, and n(t) corresponds 
to noise introduced by sensors or environmental factors. 
This formulation highlights the necessity of preprocessing 
steps to accurately estimate the true signal for subsequent 
adaptive processing.

Fig. 1: Data Acquisition and Preprocessing Pipeline for 
Real-Time Sensor Data Analytics3.2 Adaptive Filtering 

Mechanism

Adaptive filtering is an essential element of real time signal 
processing, which aims at estimating the actual underlying 
signal based on noisy data. Adaptive philtres are also very 
appropriate in the un-stationary environment, unlike the 

Preprocessed Output Signal
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diversity of the environment, and unlike the case of the 
stationary philtres which have fixed parameters, adaptive 
philtres continuously change their parameters in reaction 
to incoming data. The adaptive philtre is used to shape the 
coefficient of the adaptive philtre in order to decrease the 
disparity between the intended signal and the appraised 
output in the proposed model, therefore, amplifying 
accuracy amid course of time.

The Least Mean Squares (LMS) algorithm is used, as it 
is simple, low complexity in terms of computation and 
suitable in real-time. The philtre functional situation is 
that for the philtre to produce an approximate signal, the 
input signal is multiplied by a weighted coefficient added 
to the desired signal to produce an approximation and 
then compare the approximated signal with the desired 
signal to determine the error. This is the error that is 
used to update the philtre weights. The rate of learning 
parameter determines the rate of the adaptation process, 
such that there is faster convergence at the high side but 
at the expense of being prone to being erratic whereas 
a lower value offers stability, but at the cost of slower 
adaptation.

The adaptive update process can be mathematically 
expressed as:

w(t+1) = w(t) + μ e(t)x(t)

Where w(t) represents the filter weight vector at time t, 
μ is the learning rate, e(t)  denotes the error between the 
desired and estimated signals, and x(t)  is the input signal 
Figure 2. This iterative update mechanism enables the 
filter to continuously adapt to changing signal conditions, 
ensuring effective noise reduction and accurate signal 
estimation in real time.

Probabilistic Statistical Modeling

A probabilistic statistic modelling framework is 
implemented into the proposed system in order to be 
able to cope with unpredictability and vagueness in 
real-time sensor data. Random noise, disturbances in 
the environment and incomplete measurements tend to 

influence sensor measurements rendering deterministic 
methods less effective. Using the probabilistic approach, 
the model is able to capture the uncertainties explicitly 
and can draw a better estimate of the actual underlying 
signal.

Important in this structure is the Bayesian estimation, 
which allows dynamic updating of the model parameters 
with the availability of new data. The method takes 
advantage of information acquired before regarding 
the signal, and then data is collected and improved 
to generate an a posterior estimate thus enhancing 
prediction accuracy as time goes by. Also, the Gaussian 
noise modelling is preferred because it is mathematically 
easy and covers most of real-life noise distributions. The 
efficiency is in the computing and analytical tractability in 
real-time applications by this assumption.

The Bayes’ theorem may be used to show the probabilistic 
relationship between the observed data and the true 
signal as:

Where P(sx) represents the posterior probability of the 
true signal given the observed data, P(xs) is the likelihood 
of observing the data given the signal, P(s) is the prior 
probability of the signal, and P(x) is the marginal likeli-
hood Figure 3. This formulation enhances robustness by 
allowing the model to account for uncertainty, noise, and 
missing information in sensor data, leading to more reli-
able real-time analytics.

Online Learning and Adaptation

Real time sensor data analytics The distributions of data 
can vary with time in real time sensor data analytics as 
a result of the changing conditions of the environment, 
system dynamics, or exogenous disruptions. It is referred 
to as concept drift, and creates a serious challenge to the 
non-evolving models that assume a fixed data pattern. 
To overcome this problem, the suggested framework 
introduces an online learning mechanism using which 

Fig. 2: Adaptive Filtering Circuit Using LMS Algorithm for Real-Time Signal Estimation
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the adaptation to the changing data streams may be 
continuous. In comparison to the conventional batch 
learning approach, online learning updates model 
parameters at every available data, which makes the 
system responsive and adaptive to dynamic settings.

The fundamental method is to update the parameters 
in an incremental manner and to minimise errors in real-
time. With every additional piece of data, the model 
compares the error in prediction with the previous 
prediction error and thus modifies the parameters 
to better its prediction going forward. It also uses a 
sliding window method to give more weight to the 
data obtained recently as opposed to older data since 
in this way the model adapts to the current trends very 
fast and forgets old data gradually. Such a balance 
between the adaptability and stability provides high 
performance even in terms of rapidly changing conditions  
Figure 4.

The general workflow is initiated by the start of model 
parameters and proceeds by constant acquisition of 
streaming sensor data. Every packet data that comes in is 
preprocessed and then it moves through the adaptation 
philtre. This is followed by probability updating and online 
learning mechanism gets the model parameters updated 

with the observed error. This loop is run over and over 
again to make the system learn on the fly, with high 
precision and to the smart monitoring system are able to 
manage non-stationary data.

Results and Discussion

Performance Evaluation

Both artificial and real-world sensor data in the monitoring 
applications were used in assessing the performance 
of the proposed adaptive statistical signal processing 
model. Key performance measures (MPM) as evaluated 
comprised of Mean Squared Error (MSE), Signal-to- Noise 
Ratio (SNR) and processing latency, which are essential 
in real-time analytics. Experimental outcomes show that 
a considerable decrease by about 30 percent of MSE in 
the proposed model over the traditional LMS algorithm is 
realised which is an indication of a high signal estimation 
accuracy. Also, the model improves the SNR with an 
average of 1822, which indicates that it is effective in 
noise reduction. Notably, the processing latency itself is 
less than 10 milliseconds, which is appropriate with regard 
to the operational requirements of real-time situations 
and establishes the appropriateness of the modelling to 
time-sensitive operational applications.

Fig.  3: Probabilistic Statistical Modeling and Online Learning Circuit for Adaptive Signal Processing 

Fig. 4: Online Learning and Adaptation Framework with Feedback Loop for Real-Time Sensor Data Processing



K. Green and R. Vrba : Adaptive Statistical Signal Processing Model for Real-Time Sensor Data Analytics in  

Smart Monitoring Applications

18 Transactions on Advanced Signal  
Processing and Analyticswww.IAECES.com

compute which is why it can be deployed in resources-
constrained settings including edge devices and 
embedded systems. The model maintains a high level of 
performance but with a low level of latency as compared 
to the traditional methods as depicted in Figure 4.1. It 
does not need huge-scale training sets or advanced 
hardware as it uses in deep learning-based methods, 
which lowers the implementation expenses. But the 
model behaviour depends on the choice of parameter, 
and most importantly the learning rate that should be 
well adjusted to provide maximum results. Nevertheless, 
it allows this downsight to be overcome, and the model 
offers a scalable solution to real-time sensor data analytics 
in smart monitoring applications.

Table 1: Performance Comparison of LMS, RLS, and 
Proposed Model

Method
MSE 

(Normalized)
SNR 

(Normalized)
Latency 

(ms)

LMS 1.00 1.00 5

RLS 0.70 1.15 15

Pro-
posed

0.98 1.20 8

Conclusion

This paper demonstrated an effective and powerful 
adaptive statistical signal processing framework to be used 
as real-time sensor data analytics in intelligent monitoring. 
The proposed framework uses adaptive filtering, 
probabilistic statistical modelling and online learning 
mechanisms to respond to important issues related to 
noisy non-stationary and continuously changing data 
streams. The experiment results reflect that the model 
has high accuracy, noise suppression and computational 
efficiency compared to the conventional methods such 
as LMS, RS and Kalman filtering. In addition, it has low 
latency, and the resource usage is low, which allows it to 
be deployed in real-time systems, including IoT systems and 
edge-based monitoring platforms. Dynamic adaptability 
to the model with the changing patterns of data provides 
one with the security of trustworthy functioning under 
complicated and unrealistic circumstances. On the whole, 
the given proposal is a scalable and viable solution to 
the next-generation smart monitoring systems. The next 
generation of the research will concern the upgrading 
of the framework by the incorporation of hybrid deep 
learning methods and multi sensor data fusion to 
encourage more flexibility, precision, and scaleability.
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