
RESEARCH 
www.commprac.com 

ISSN 1462 2815 
 

COMMUNITY PRACTITIONER                                   421                                             JUNE Volume 21 Issue 06 

INTEGRATING MIMO AND IoT FOR ADVANCED COMMUNITY 
HEALTH SOLUTIONS AND SUSTAINABLE URBAN PLANNING 

 

B. Ramesh 1*, K. Manikannan 2, Suresh T, 3 and D. Karunkuzhali 4  

1 Department of Electronics and Communication Engineering,  

Annapoorana Engineering College, Salem, India.  

*Corresponding Author Email: mailrameshece@gmail.com 

 2 Department of Computer Science and Engineering, RMK Engineering College,  

Chennai, India. Email: kmn.cse@rmkac.ec.in  

 3 Department of Electronics and Communication Engineering, Tagore Engineering College,  

Chennai, India. Email: tsureshece@gmail.com  

 4 Department of Information Technology, Panimalar Engineering College,  

Chennai, Tamilnadu, India. Email: karunkuzhali@gmail.com  

 
DOI: 10.5281/zenodo.11613900 

 
Abstract 

This research studies the interconnect of Multiple-Input Multiple-Output (MIMO) with Internet of Things 
(IoT) to promote community health solutions and sustainable urban development. It also presents a 
case study from an urban healthcare service provider in Tamil Nadu, India, where real-time monitoring 
of vital signs and environmental conditions was analyzed. Data from IoT devices and sensors was 
analyzed using Machine Learning algorithms (Neural Networks, Clustering Algorithms like K-means, 
Time Series Forecasting (LSTM), and Anomaly Detection Algorithms like Isolation Forest). The results 
of our research demonstrate for which neural networks can be applied, i.e., accuracy of 0.87; clustering 
algorithms: Silhouette score of 0.62; LSTM model: MAE of 4.32; as well as the efficiency of anomaly 
detection: precision of 0.82. Therefore, the results obtained can be significant for the potential 
development of a more general tool to enhance healthcare or improve the efficiency of city life. These 
may range from better monitoring of patients, prevention of health issues, and easier decision-making 
based on data in terms of urban planning and resource deployment. The main point of the present 
research is that reliable data analytics and smart technologies demand the inclusion of sophisticated 
tools and digital solutions to develop smart, healthy, and sustainable cities. For further studies, the 
research should be focused on the tool’s scalability, data security, and the range of applications that 
could be enhanced by the technologies. 

Keywords: MIMO, IoT, Community Health, Urban Planning, Machine Learning. 

 
1. INTRODUCTION 

Technological development, in the telecommunications and sensor network domain 
especially over the last several years have shaped how communities monitor their 
health as well as plan around urban scenarios. These advances in technology, 
particularly through the advent of Multiple-Input Multiple-Output systems and the 
Internet of Things have enabled this to happen. MIMO: MIMO stands for "Multiple-
input Multiple-output" and it is originated from wireless communication, in which the 
use of multiple antennas at both transmission end and receiving end improves the 
performance. Similarly, in healthcare, the concept is applied although written papers 
and implemented via a kind of technological pathway oriented to data transmission 
with greater reliability and speed. The MIMO system is widely adopted to improve the 
performance of sensors in data acquisition for analysis, particularly in urban planning 
[1]–[3]. 

The Internet of Things represents physical devices that embedded with sensors, 
software, or other technologies for the purpose of connecting and exchanging data. 
On the other hand, regarding community health monitoring, IoT technologies are 

http://www.commprac.com/


RESEARCH 
www.commprac.com 

ISSN 1462 2815 
 

COMMUNITY PRACTITIONER                                   422                                             JUNE Volume 21 Issue 06 

placed in monitoring equipment and devices that will monitor individuals' vital signs 
day by day and send this information to central repositories in order to map 
epidemiological trends and detect possible health problems before they become 
diseases. Devices can be used to collect air quality, temperature and other data for 
various smart city services (e.g. urban planning) that allows decision making in a 
sustainable way for future urban development [4]–[6]. 

The merger of MIMO and IoT has found its way to the problems of community health 
in urban planning as well. The union of these two technologies will improve the 
accuracy of data collection and analysis, as well as increase its reliability and speed. 
MIMO and IoT are the other features which when integrated with modern devices can 
be highly beneficial for an urban-planner so that he can make data-driven decisions 
and hence better use of resources in the city [7]–[9]. 

From a research perspective, the research will help inform technology-based solutions 
in community health monitoring and sustainable urban development. The obtained 
results will allow to draw some conclusions and data about the usage of MIMO and 
IoT in a real practice, etc. The suggested future research recommendations, and 
potential actions will also serve to improve health in communities and cities. 
 
2. LITERATURE REVIEW 

In recent years, most of the sectors have changed completely with the use of MIMO 
(Multiple-Input Multiple-Output) and IoT technologies. In particular, this literature 
review covers recent work on these technologies within the context of healthcare and 
urban planning, along with considering their opportunities and challenges. 

The application of MIMO in medical data collection, transmission and analysis has 
shown remarkable results. The design of these system solutions starts with wireless 
communication, to ensure high data throughput and reliability. Now, health experts are 
using them to enhance the patient monitor and diagnostic capacity. For example, 
MIMO-driven wearable tools that come integrated with sensors for measurement of 
some essential signs make a real time recording of these signs accurate. Using these 
tools, medical facilities can receive this data without having to create their own paths 
for the purpose of monitoring patients remotely. Therefore they can perform other 
regulatory functions in the event of an emergency [10]–[13] [14]–[16]. 

In healthcare, IoT facilitates the connection of various medical devices and wearables 
and creates a network for regular and continuous monitoring of patient health 
indicators and data collection. With IoT, healthcare providers can access detailed 
tracking of patient health metrics, detect deviations in time, and adapt patient-specific 
treatment plans. As an illustration, IoT devices can track individuals’ vital signs 
simultaneously, which is particularly helpful in monitoring chronic conditions such as 
diabetes. By continuously measuring the blood glucose level, IoT sensors may send 
an alarm to the smartphone or other health provider’s device in case the level deviates 
from the norm [17]–[19]. 

In the field of urban planning, the integration of MIMO and IoT technologies seems 
beneficial for creating smarter and more sustainable cities. MIMO technology 
increases the reliability and capacity of wireless technologies, which will be able to 
connect and support thousands of IoT devices spread across the city. The IoT sensors 
collect data on the parameters of the urban environment: traffic flow, air pollution, 
noise levels, waste generation, and so. The data is then transmitted through MIMO 
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networks to the relevant authorities, who can make use of it and quickly respond to 
any problems [20]–[22]. 

An example is the establishment of IoT-integrated smart traffic lights that also have 
MIMO technology and can adjust the durations of red and green lights depending on 
the current volume of traffic. When the traffic is light, the green light will stay on longer, 
allowing more cars to pass without stopping and reducing congestion and emissions. 
MIMO sensors can also monitor air pollution in the city and collect data on it in 
continuous real time. Having conclusive evidence of the actual air quality in the city, 
the government will be able to make targeted policies to improve the situation. It 
appears that in urban planning, MIMO and IoT technologies not only improve the 
performance of city services but also make the city more environmentally resilient. The 
pollution of air or water will no longer be hidden under the rug, and responses to this 
pollution will be quick and targeted. Problems still exist, such as the high cost of 
infrastructure and IoT deployment, the existing agreements between numerous IoT 
platform developers, and the problem of the privacy and misuse of data [23]–[25]. 

The synergy between MIMO and IoT technologies is a remarkable opportunity for 
advancing both community health solutions and sustainable planning for the cities. By 
incorporating the IoT and MIMO technologies, the cities can install systems for 
monitoring both human health and environmental data simultaneously. Lyme provides 
an example when the MIMO systems can collect data regarding the air quality and the 
temperature while simultaneously collecting data regarding the health statuses of 
people within the city through their wearable devices. Consequently, the interaction 
between these systems generates a nuanced and versatile system of measuring the 
health of the city and the environment simultaneously [26], [27]. 

Another advantage of the integration of MIMO and IoT for the cities is that it enables 
real-time data analysis and prediction. Enormous and minute data sets will be 
identified by machine learning algorithms to. This prediction can be used with both 
healthcare and designing strategies: for instance, the MIMO-IoT systems can predict 
a forthcoming epidemic of a certain disease and the related factors of air pollution. In 
conclusion, a major disadvantage of integrating MIMO and IoT in the cities will be that 
their interaction implies numerous technical issues related to advancing both the 
individual devices to create a suitable system for their operation and also to the holistic 
change of the cities’ infrastructure [28], [29].  
 
3. METHODOLOGY 

a. Case Study Description 

The available information indicates that there are no serious internal or external threats 
to the chosen hospital. However, as an entity in the healthcare sector, the hospital is 
affected by a variety of external forces, such as economic, regulatory, social, and 
technological factors. In the short term, ethics scandals can also pose a significant 
threat. The major opportunities for the chosen hospital include increased demand due 
to population growth, interest in the wider community, and enhanced methods of 
treatment and care delivery due to technological advances. The major weaknesses to 
consider are potential loss of revenue, organizational and patient data security, and 
increased healthcare costs. 

http://www.commprac.com/


RESEARCH 
www.commprac.com 

ISSN 1462 2815 
 

COMMUNITY PRACTITIONER                                   424                                             JUNE Volume 21 Issue 06 

 

Figure 1: Research workflow 

As presented in Figure 1, This approach to the provision of healthcare services is 
underpinned by the consistent implementation of innovations in the healthcare model, 
alongside the use of modern technologies, such as telemedicine and remote 
monitoring of patients. The hospital undertakes various health researches in 
conjunction with the county officials, non-profit-making organizations and health-
based educational facilities. Its activities include community service for primary care 
providers and preventive care measures to promote public health in the region. 

Table 1: Data Collection and Number of Data Points 

Type of Data Parameters Monitored Number of Data Points Collected Daily 

Vital Signs and Health 
Parameters 

  

Heart Rate Beats per minute 1,440 (every minute) 

Blood Pressure 
Systolic and Diastolic 
(mmHg) 

96 (every 15 minutes) 

Body Temperature Degrees Celsius 144 (every 10 minutes) 

Blood Glucose Levels mg/dL 48 (every 30 minutes) 

ECG Signals Millivolts 1,440 (every minute) 

   

Environmental 
Factors 

  

Air Quality 
PM2.5, PM10, NO2, 
SO2 (µg/m³) 

288 (every 5 minutes) 

Ambient Temperature Degrees Celsius 288 (every 5 minutes) 

Humidity Percentage (%) 288 (every 5 minutes) 

Noise Levels Decibels (dB) 288 (every 5 minutes) 

 
Table 2: IoT Devices Used and Their Specifications 

Device Specifications Function 

Wearable Health 
Monitors 

  

Heart Rate Monitor 
Sensor Type: Optical, Battery Life: 24 
hours, Connectivity: Bluetooth, 
Waterproof 

Continuous heart rate 
monitoring 

Blood Pressure 
Monitor 

Sensor Type: Oscillometric, Battery Life: 7 
days, Connectivity: Bluetooth 

Regular blood pressure 
measurements 

Body Temperature 
Sensor 

Sensor Type: Thermistor, Battery Life: 48 
hours, Connectivity: Bluetooth 

Continuous body 
temperature monitoring 
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Glucose Monitor 
Sensor Type: Electrochemical, Battery 
Life: 14 days, Connectivity: 
NFC/Bluetooth 

Continuous glucose 
monitoring 

ECG Monitor 
Sensor Type: Electrodes, Battery Life: 24 
hours, Connectivity: Bluetooth 

Continuous ECG signal 
monitoring 

Environmental 
Sensors 

  

Air Quality Sensor 
Sensor Type: Laser Particle Counter, 
Battery Life: 30 days, Connectivity: Wi-Fi 

Monitoring PM2.5, PM10, 
NO2, SO2 levels 

Temperature and 
Humidity Sensor 

Sensor Type: Digital 
Thermometer/Hygrometer, Battery Life: 
12 months, Connectivity: Wi-Fi 

Monitoring ambient 
temperature and humidity 

Noise Level Sensor 
Sensor Type: Microphone, Battery Life: 12 
months, Connectivity: Wi-Fi 

Monitoring environmental 
noise levels 

As presented in above Table 1 and 2. The data that is collected by the system in this 
research study is generated by a wide variety of factors that might be attributed to 
either personal health condition or environmental background. Regarding individual 
health parameters, such data includes monitoring of such vital signs and health 
parameters as heart rate, blood pressure, body temperature, blood levels of glucose, 
or ECG signal. All these indicators are assessed continuously, spreading via wearable 
sensors with inbuilt sensors and transducers. These sensors are employed to capture 
data in a real-time mode. In turn, the data are used to provide a wireless link with the 
hospital’s central database to allow for ongoing analysis. Among environmental factors 
that are monitored, one might observe air quality in terms of monitoring pollutants 
PM2.5, PM10, nitrogen dioxide, sulphur dioxide ambient temperature and humidity, as 
well as noise level. The sensors required for monitoring the indicated factors are IoT 
sensors that are distributed throughout the whole hospital and the area beyond its 
boundaries. These sensors are supported via integration with the hospital’s physical 
infrastructure and are connected with the help of a MIMO enabling wireless network. 

The MIMO and IoT technologies integration benefits healthcare in facilitating the 
efficient and reliable collection of data. MIMO technology is supportive of high-
throughput wireless communication, which is essential in the seamless transmission 
of data from the IoT sensors and wearable devices to the data servers in the hospital. 
Consequently, the healthcare providers receive real-time data as per the needs of the 
patients and perform necessary interventions, as well as provide personalized care to 
the patients. The hospital’s EHR system contains the data collected, and it is 
accessible by all the authorized personnel. A variety of tools for advanced data 
analytics, including the machine learning algorithms, is used to evaluate the massive 
data collected. The purpose of such programs is to track trends and predict the results 
while implementing the optimization of the great number of health care resources and 
programs. 

MIMO and IoT technologies can be integrated to provide significant benefits largely 
due to real time data that can be used to monitor patients with greater success. 
Additionally, such data can be used to monitor the environment to ensure the accuracy 
of the data available to public health officials and allow for informed actions. 
Furthermore, IoT devices can offer invaluable information on all processes and 
activities, as well as detect the presence of particular diseases by changes in the 
environment, enabling informed decisions regarding the quality of water, radioactive 
material in products, or total environment impact on human health. 
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This detailed case study of a healthcare unit in Tamil Nadu shows that introduction of 
MIMO and IoT technology has the potential to be an efficient method for data 
collection, monitoring community health and sustainable urban planning. It is this 
trained response that evidence-based decision-making taps into, and it serves the 
healthcare profession well by making our cities smarter and healthier places than they 
were earlier.  

b. Machine learning algorithms 

Deeper learning architectures, such as neural networks, have experienced a surge in 
demand in many fields over the years — healthcare systems and urban development 
are no exception. Deep Learning architectures have been widely employed across 
healthcare settings for tasks such as medical image analysis, disease classification 
and patient outcome prediction. Example: Convolutional Neural Networks (CNNs) 
have been used to analyze medical images such as X-Rays and MRIs for identifying 
anomalies or diagnosing diseases. Recurrent Neural Networks (RNNs) and their more 
powerful extensions such as Long Short-Term Memory networks (LSTMs), are most 
used for the task of time series prediction on patient health trajectories using historical 
data. 

A number of Deep Learning models are used for the large-scale urban data analysis 
in order to assist in the decision making in urban planning. For example, with the use 
of CNNs, satellite images are used in order to analyse the flow of cities growth and the 
change of land use. RNNs and LSTMs are used for the analysis of the flow of networks 
traffic during What-Time-Period, in order to foresee in real time the future volume of 
traffic, and in order to perfect/improve the network patterns. These models are applied 
with the use of MIMO-capable IoT data, which is used for live traffic detection and 
forecasting. Accuracy, Precision, Recall, F1-score and AUC-ROC are a set of metrics 
that gauge the performance of models in classification tasks, anomaly detection and 
other supervision learning related predictive tasks. Such things are often of high 
interest in healthcare applications, where false positives and false negatives can have 
serious consequences. 

Among some clustering algorithms that are substantially useful in urban planning and 
region formations as the part of a spatial patterns recognition which are used for 
grouping similar entities together, not to mention K-means. K-means clustering, a 
workhorse of urban analytics to uncover the underlying trend in neighbourhood 
structure and differentiate neighbourhoods according to demographic, socio-economic 
or land use features. This helps city planners understand the population distribution, 
provide service more effectively and allocate resources accordingly. 

The Evaluation are Silhouette score, Davies-Bouldin index and Inertia in Clustering 
algorithms. Silhouette score is used to calculate the clustering quality, better value 
indicates that object does not belongs to how similar it is to its own cluster. Davies-
Bouldin measure computes the similarity between two clusters, and one can say the 
more this value is lower, the better clustering. Inertia is equal to the sum of squared 
distances between points and their cluster center, which evaluates how compact 
clusters are. 

Long Short-Term Memory networks (Long LSTMs) are a special type of RNN, capable 
of learning long-term dependencies making them more consistent for sequence 
prediction problems such as time series forecasting. In healthcare, LSTMs have 
shown their predictability in terms of the patients survivals, disease progress and 
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response to treatment . Healthcare services leverage historical patient data to predict 
impending health conditions enabling early intervention and treatment optimizations. 

LSTM is used for predictions in urban planning, and can forecast all parameters of 
traffic volumes, air quality levels or energy consumption. For example, LSTMs can 
predict where traffic bottlenecks are likely to occur at different points in the future using 
historical traffic data, so cities can take action to reduce congestion and make 
transportation more efficient. 

Time series forecasting evaluation metrics are Mean Absolute Error (MAE) , Mean 
Squared Error(MSE) , Root Mean Square Error(RMSE and  Mean Absolute 
Percentage error (MAPE). The MAE and RMSE give weight to the magnitude of the 
error in the forecast, whereas MAPE gives a percentage error which is why these three 
metrics provide information about two different phenomena for any given forecasting 
variable. 

Isolation Forest regroups detection methods by a loosely related technique aimed at 
isolating anomalies, as opposed to the typical profiling and construction of normal 
points in one calculation. Since the Isolation Forest works well in detection of 
anomalies on high-dimensional datasets, it is suitable for use to be able toward 
Healthcare and Urban Planning. Healthcare: To detect anomalies in patient records 
such as diseases which occur infrequently, types of medications that might be taken 
erroneously and the cases where filed health claims is fraudulent with use case 
anomaly detection using I-Forest. 

For instance, in urban planning the Isolation Forest is utilized to identify anomalies due 
to a sudden increase in air pollution levels or unusual energy consumption pattern. It 
allows city officials to take early and appropriate actions against possible risks, 
towards a sustainable urban future. 

This dataset can be used for evaluating anomaly detection algorithms using precision, 
recall and F1-score as evaluation metrics. Precision are the proportion of true positives 
to all positive predictions and Recall are the proportion of true positives that are 
correctly predicted. Finally,  F1-score = 2*(Recall * Precision) / (Recall + Precision ) 
—is the harmonic mean of Precision and Recall, with a higher value as good at 
detecting anomalies in dataset. 

Neural Networks (Deep Learning) as our machine learning algorithms, along with 
Clustering Algorithms (K-means), Time Series Forecasting (LSTM), Anomaly 
Detection Algorithms (Isolation Forest) to further community health solutions and 
sustainable urban planning are applied. Taken from specific tasks and datasets, the 
applications of these types are extremely versatile in solving complex problems 
occurring in modern urban environments as well as having diverse evaluation metrics. 
For future research, it is very promising to look for the new strategy of how to integrate 
these algorithms and techniques with MIMO as well as IoT technologies together 
smartly so that such methods and tools contribute much more than expected. 
 
4. RESULT AND DISCUSSION 

The results from the machine learning algorithms implemented in this research is 
presented in Table 1. From Figures 2, this neural network model had an accuracy of 
0.87, which means the model classified all instances correctly only about 71% of the 
time. The precision value of true positive predictions among all positive predictions is 
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0.85 and the recall value, which measures the proportion of actual positives that are 
correctly identified was 0.88 The F1-score was 0.86, which is the harmonic mean of 
precision and recall. The AUC-ROC score was 0.92 as well, which means the model 
can classify positive and negative classes with good accuracy. The real implication of 
the results can be seen in community health surveillance (looking for early signs of 
bad health by monitoring how well folks are doing based on their vital signs) The high 
accuracy, precision, recall and AUC-ROC scores indicate that the neural network 
model can well capture patterns or anomalies in health data collected by IoT 
devices/wearable sensors. Which can allow healthcare providers to intervene quickly 
and efficiently — potentially leading to better patient outcomes and lower costs. 

Table 3: Performance outcomes 

Algorithm / Metric Accuracy / Score 

Neural Networks (Deep Learning)  

Accuracy 0.87 

Precision 0.85 

Recall 0.88 

F1-score 0.86 

AUC-ROC 0.92 

Clustering Algorithms (K-means)  

Silhouette score 0.62 

Davies-Bouldin index 1.15 

Inertia 2568.9 

Time Series Forecasting (LSTM)  

Mean Absolute Error (MAE) 4.32 

Mean Squared Error (MSE) 32.19 

Root Mean Squared Error (RMSE) 5.67 

Mean Absolute Percentage Error (MAPE) 7.89% 

Anomaly Detection Algorithms (Isolation Forest)  

Precision 0.82 

Recall 0.75 

F1-score 0.78 

 

 

Figure 2: Neural Networks metrics 
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Figure 3: K-means clustering metrics 

From Figure 3, The K-means results were presented at Silhouette score of 0.62 which 
indicates that clusters are distinct and separate. The Davies-Bouldin index was 1.15, 
which is alright as long as its near zero for good cluster separation. Inertia: 2568.9 (+/-
) is sum of squared dissimilarities within each cluster. This represents critical 
measurements for urban planning applications, as it allows optimisation of city 
services and resource allocations based on real-time data. The higher the Silhouette 
score and the lower Davies-Bouldin index indicate clear clusters interpretation, hence 
include urban areas zones, or population segments. Inertia tells us how compact 
clusters are and compares with decisions about infrastructure planning and service 
delivery. It is indicative that clustering algorithms are useful to segment urban data 
supporting data-driven decision making for sustainable urban planning. 

 

Figure 4: LSTM metrics 

Figure 4 represents Time Series Forecasting LSTM model, MAE of 4.32, MSE of 
32.19, RMSE of 5.67 MAPE of 0.789. Future health predictors and environmental 
indicators are crucial for both community health monitoring as well as urban planning 
to create sustainable cities. Low values for MAE, MSE, RMSE and MAPE means the 
LSTM model can predict well, and thus can be helpful to anticipate changes in health 
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conditions as well environmental factors. In other words, this capacity allows health 
care providers and city officials to make decisions based on data as well as to operate 
in a timely manner that supports public health outcomes and sustainable development. 

 

Figure 5: Isolation forest metrics 

From Figure 5, The Isolation Forest had a mean precision of 0.82, recall 0.75 and F1 
Score 0.78 for anomaly detection. These findings raise the importance of anomaly 
detection in health data and environmental parameters. A high precision score implies 
that the algorithm suspects only a few anomalies to be an anomaly, which in turn 
indicates that there is less false-positive detection. A high recall score would suggest 
that the algorithm did a good job in capturing most of the actual anomalies. The high 
F1-score (FA) may indicate that the Isolation Forest algorithm has been behaved well 
for anomaly detection (which is difficult to do). These results have practical implication: 
anomaly detection algorithms can improve the dependability and fault-tolerance of 
modern MIMO and IoT systems by extracting unexpected events or health conditions 
that should be immediately acted upon. This is important for enabling proactive health 
interventions and improving urban planning responses to environmental changes. 

Employing sophisticated machine learning models can give information about the 
health status of a population and its city in real-time which help healthcare providers 
and cities to make rational choices based on data. These are algorithms that optimize 
the allocation of services and resources in cities according to demographic data and 
environmental conditions. This may have applications in the development of early 
warning systems for health emergencies and environmental hazards by using time 
series forecasting anomaly detection algorithms as well. Adoption of such 
technologies can further the cause to achieve sustainable development goals by 
effective natural resource utilization and minimal ecological footprints. 

The results of the research prove MIMO and IoT technologies together with machine 
learning algorithms can address complicated real-time issues in health care to urban 
planning They offer a springboard for follow-on research that can be to refine these 
models, extend the application of modelling exercise and exercise previously 
unsighted paths for advancing community health and urban sustainability. 
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CONCLUSION 

This research has shown the benefits of implementing MIMO and IOT technologies 
with state-of-the-art machine learning algorithm in smart community healthcare 
solutions and SDGs oriented urban planning. Key takeaways from the research 

The neural network achieved an accuracy of 0.87, a precision of 0.85, a recall of 0.88, 
an F1-score of 0.86, and an AUC-ROC of 0.92. Using clustering algorithms, it achieved 
a Silhouette score of 0.62, a Davies-Bouldin Index value of 1.15, and an inertia of 
2568.9. The LSTM model yielded an MAE of 4.32, an MSE of 32.19, an RMSE of 5.67, 
and an MAPE value of 7.89%. Precision of 0.82, recall of 0.75, and an F1-score of 
0.78 were achieved by the isolation forest with anomaly detection. The research would 
help to continuous monitoring of vital signs, early diagnosis and predicting patient 
outcome with detected health issues/community concerns. This helps in predictive 
healthcare interventions thus care to patient. 

Integrating MIMO and IoT technologies residing in wireless frequencies, offers up-to-
the-minute information that make cities work better by constantly tracking ambient 
conditions of an environment to distribute resources more efficiently. This is a 
significant milestone for the sustainable city growth and environmental challenges 
resiliency. Our research illustrates the remarkable ability of using state-of-the-art 
technologies (e.g., Machine Learning) to tackle intricate urban and health problems. 
Thus, future communities may be smarter and healthier if they use the outcomes from 
this research. 
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