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Abstract—The advanced systems based on the wireless sensor 

network, artificial intelligence and the eco-system of the 

communication protocols provide possibilities of building more 

efficient, robust and flexible system for the urban environment 

monitoring. The existing and obstinate constraints of the 

communication channel have various limitations of the real-time 

monitoring based on the network performance of the data delivery 

through the wireless sensor network deployments in the urban 

environment. These challenges can be handled by the use of smart 

and intelligent systems using predictive modeler by incorporating 

the machine learning aspects of the artificial intelligence by means 

of behavioral study of the historical data of the environment 

conditions in the urban context. Another critical challenge is that 

the deployment strategy for specific application demands a 

customized architecture of the wireless sensor network setup. To 

alleviate this challenge, this paper basically provides a generalized 

architecture design approach for the urban environment 

monitoring with the use-case study on the air quality dataset, 

water quality dataset, urban power usage dataset and storm risk 

prediction dataset so that the innovative solution approach 

becomes adaptive to the varied application context. 

 

Keywords—Wireless Sensor Network, Urban environment, 

Artificial Intelligence, Machine Learning, Predictive Model 

I. INTRODUCTION   

The sensor nodes of the wireless sensor network basically 

transform the real-time environmental changes into data. The 

customization of the sensor nodes largely depends upon the on-

situ conditions of the deployment whether it is under earth, 

over-earth or inside the water or chemicals and different 

exposures to it [1]. The eco-system of the urban region is 

different than the rural as the in urban region there exist 

factories, airport, transport system, educational institution, 

systematic water supply & sewerage, hospitals, government 

offices, road traffic, shopping mall etc. to cater different 

facilities and services to the large population in the defined area 

[2-3]. The placement of the sensor network, selection of the 

communication protocols, interferences due to obstacles, 

channel conditions and another deployment and network 

related issues poses a server challenge to meet the specific goals 

of monitoring in a cost effective and accurate way [4]. Figure -

1 illustrates the three different views as a evolution to the 

deployment architecture of the wireless sensor network, where 

the latest architecture provides a tremendous opportunity to 

deal with the data and make the urban environment monitoring 

system (UEMS).      

 

 
Figure 1: Evolution of wireless sensor networks deployment 

architecture 

 

The different architecture of deployment is used as per the need 

of the application and the deployment conditions, however 

synchronization of the wireless sensor network with the internet 

provides better possibilities of data analysis using predictive 

molders as it can connect to cloud and end user devices and 

distributed monitoring systems [5]. An efficient learning based 

predictive models are desirable in the urban environment as the 

hazard of interferences are higher due to the distortions caused 

in the communication in the context of the urban environment 

as compare to the rural environment [6]. The increasing 

population of the urban area brining more and more congestions 

as well as cause of noises and pollution, thus the solution 

schemes shall focus on the cost effective and efficient systems 

which is the core goal of the researchers focus. And as a result, 

many use cases and unconventional applications are emerging 

out that caters services and solutions to the different walks of 

the life for urban population. Few such popular applications 

include water-supply and sewage management, structural 

health monitoring systems, disaster and accident management, 

law enforcement and criminal activity tracking along with 

various environmental monitoring system [7-8]. These 

http://www.ijcrt.org/


www.ijcrt.org                                               ©  2021 IJCRT | Volume 9, Issue 12 December 2021 | ISSN: 2320-2882 

IJCRT2112025 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org a254 
 

solutions design considers the optimality with the constraints 

including the noise and the space. The figure-2 provides a snap 

view of the application scenarios in the urban context. There are 

various work being carried out on specific applications for the 

urban environment monitoring on the dataset obtained from the 

sensor network using machine learning as described in the 

section -2 of review of literature. Based on the review analysis 

it is realized that a generalized framework is require to deals 

with the different application aspect for different dataset.  

 

 
Figure 2: Application scenarios in the urban context 

 

Therefore, this paper presents a predictive framework for 

analysing adequate placement of the sensor nodes for capturing 

vital environmental events to benefit planning and decision 

making processes that contributes to more habitable and 

sustainable environemnts. The development of the predictive 

framework is based on four classification and regression 

analysis techniques. The regression analysis is implemented for 

predicting continuous dependent variables and classification is 

performed for discreate dependent data. To validate the 

proposed framework the study considers four different dataset 

that includes: i) water quality, ii) Storm Risk, iii) Air Quality 

and iv) urban power consumption that undergoes through 

different classification and regression analysis. The major 

contribution of the proposed work are multiple described as 

follows: 

• An effective framework is designed as a support 

system for the urban environment monitoring.  

• The sensory data quality is predicted with respect to 

the precise placement of senors to collect high quality 

data.  

• Data visualization and preliminary analysis is carried 

out to understand the data charaterstics towards 

effective data modeling as an input to the predictive 

model.  

• Implementaion of suitable classification and 

regression techniques for processing continous and 

discreate data related to the different environmental 

events.  

Based on the output statistics a suitable classication and 

regression technique is selected according to which most 

suitable type of deep learning mechnaims can be further 

designed and implemented towards a reliable and automated 

system which can efficiently capture and analyze data on the 

environment in order to avoid any potential risks.  

 The remaining sections of this paper are organized as 

follows: Section II presents related work on specific 

applications for the urban environment monitoring; Section III 

presents schematic architure of the proposed predictive 

framework; Section III presents visualization and preliminary 

analysis of the dataset; Section IV presents a brief details on the 

the classification and regression technique adopted in the 

proposed framework. Section V presents the outcome obtained 

and performance analysis of the proposed system; and finnaly 

Section VI concludes the entire work.    

II. RELATED WORK  

For the human health it is quite essential to monitor air quality 

as in the urban conditions the changes in environment takes 

place due to the air pollution caused by the industrialization and 

traffic pollution. The pollutant like PM , excessive of SO2, 

CO2,O3 and NO2 require actions on the real-time basis. In the 

work of  (Amuthadevi et al, 2021) machine learning methods 

like LSTM is used for the real-time corrections on time-series 

data[9]. Machine learning approach is being used for the 

drinking water treatment [10] the survey work by (Li L et al, 

2021) describes in detail about the various methods of AI used 

and reveals the fact that how exactly the AI based methods 

helps to categorizes the containment and another decision 

systems for the plants of drinking water. Additionally, towards 

the waste water management using machine learning and AI 

approach many works can be found in the work of (Heo S et al 
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, 2021) [11] , Biological waste water using AI in the work of 

(Sundui et al, 2021)[12-15].  

 One of the important urban pollutions is noise 

pollution that severely affect both physical and mental health of 

the people. It is being found that a noise map generated with the 

heap of the flow of the traffic and the techniques that evaluates 

the propagation of the noise can be correlated to predict or 

identify the affected population and in accordance remedial 

actions can be taken. However, there exist certain limitations to 

identify the exact and accurate impact zones as the 

categorization of different types of noises are very hard through 

these methods, thus in the work of (Alvareset al, 2021) the 

accuracy is improvised by considering the walking surveys and 

lower-level dataset from the sensor network and used Machine 

learning for the categorization [16]. Many another work is 

found in literature that focuses on the noise pollution in 

different context and different aspects which machine learning 

is broadly used on the sensor-based data. Few of such recent 

work includes by (Zhao et al, 2021) [17] , (Chandra et al, 2021) 

[18] and ( Van et al , 2021)[19].  

 In the urban context, setting up the intelligent transport 

system is the primary requirement for both safety and comfort. 

The collaborative research of VANET and machine learning 

paves the foundation to meet this goal as described in the work 

of (Khatri et al)[20], (Khan et al, 2021)[21],  (Li C et al, 

2021)[22]. Power system is the core backbone of the urban 

infrastructure management and it is going through a paradigm 

shift. Many health related system such as mosquito control is 

designed using machine learning by (Joshi et al, 2021 )[23] , 

however another works towards the power system management 

using machine learning includes works by (Yang et al, 2021) 

for protection and control [24] , (Alimi et al ) for security and 

stability [25] , (Malbasa et al, 2017) for voltage stability [26], 

(Karimipour et al, 2019) for cyber-attack detection in smart 

grid[27] and (Tian et al , 2021) for energy categorization of 

buildings in urban context[28]. 

 Fuel economy and gap monitoring is another 

requirement to be monitored and optimized for the benefit of 

the urban population. The driving behaviour impact the fuel 

economy, in the work of the (Kim et al , 2021) , machine 

learning is used on the data from the drivers driving behaviour 

[29]. The gas monitoring using machine learning is being 

extensively studied in the work of [30] and [31]. The internet is 

the life-line after electricity for the urban development, 

however there always exist a threat to it by the extremist and 

un-social elements. In the work of (Mashechkin et al, 2019), 

machine learning is used to classify the user type on the internet 

in the urban context based on the pattern identification [32]. 

One another important aspect in the urban context is to 

continuous monitoring of the structures such as multi-storeyed 

building, bridges and another important establishment. The 

extensive survey by (Yuan et al, 2020), clearly describes that 

machine learning plays a vital role to build an application for 

structural health monitoring from the sensor data [33]. Land use 

monitoring is quite helpful application for the urban 

administration and in direction the work by (Kafy et al, 2021) 

proposes a prediction model using machine leaning using geo 

sensing data that helps to comply the requirement of the 

sustainable urban development [34]. 

 Wireless Sensor network plays an important role for 

the health care monitoring in urban environment towards both 

proactive and reactive approach towards healthcare 

management. In the work of (Ogunyemi et al, 2021) deep 

learning is used for identifying the diabetic retinopathy [35]. 

For the benefit of the urban population those suffering from 

cardiac disorder, the authors (Alghamdi et al, 2020) proposes a 

model based on artificial intelligence for the smart city health 

care management especially using deep learning approach [36]. 

Similarly, machine learning is broadly used for intrusion 

detection [37-39] , temperature monitoring[40-42] and 

emergency system[43-45].   

III. PROBLEM DESCRIPTION  

An environmental monitoring system refers to a computational 

model which captures the vital events of the different 

environmental factors such as air quality, presense of carbon 

content in the air, smoke, humidity, quality of water  

temperature, humidity, city power consumption, storm 

prediction, dust particle and many more. It also provides a 

essential statistical analysis towards effective planning decision 

making process about critical situations.  

 Based on the review of the existing research work, it 

has been analysed that literature is rich containing variety of the 

schemes and solution concerning environmental monitoring. 

But no research study concentartes on assessing sensor 

placement concerning capturing of reliable data in case of water 

monitoring and storm risk prediction. As it is obivious that 

unprecise placement of sensor nodes can mislead 

environmental planning and critical deciosn making processes. 

For example, if an water sensor nodes placed incorrectly then it 

captures false data and the results may be misleading, the 

insight produced are errorsome and whole environmental 

system will be affected. Therefore, to avoid such scenario, a 

precise placement strategy need to be adopted which prevent 

capturing of ambiguous information and ensures data integrity. 

It has also been studied that no existing works have suggested 

a unified framework that can support processing of varied 

dataset having massive amount of environmental events 

produced by the sensor nodes. Also, the implementation of 

existing model for environment monitoring is carried out with 

complex mechanism that involes recursive operation prone to 

the huge computational complexity. Thus hinders their scope of 

applicability in real-time scenario. Another important factors 

analysed from the literatures is that, the existing works have not 

shown any evidence or fact that on what basis they have 

implemented or developed their predictive model. Since, there 

are variety of learning models avaibale such as machine 

learning (ML) and deep learning (DL) technique and each have 

their own advantages and limitations. Therefore, selection of 

suitable machine learining or deep learning technique becomes 

challenging taks. In order to build an efficient and reliable 

predictive model selection of ML or DL should be done on the 

empirical and evidential analysis. These are the few facts that 

motivates us to suggest a preditive framework as a support 

system for designing a reliable and adaptive environment 

monitoring system.  

IV. PROPSOED FRAMEWORK  

The proposed study aims to provide an effective unified 

framework that acts a support system towards designing and 

developing the adaptive and relible urban environment 

monitoring system contributing more livable, healthy and 

sustainable surroundings. The schematic architecture of the 

proposed framework is shown in Figure 3.  
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Figure 3: Schematic architecture of the proposed framework 

 

The proposed framework considers a multiple datasets related 

to different environmental factors such as air quality, water 

quality, power consumption and storm prediction. The initial 

operation carried out in the proposed system is the visualization 

and preliminary analysis of the dataset, which gives insignt and 

provides a better understanding about the dynamics and nature 

of the dataset (continuous and discreate ). Also, this operation 

helps to determine the predictors (input) and response variable 

(output) towards modelling the predictive model. The study 

utilizes different types of machine learning techniques to carry 

put predictive analysis based on the requirement. The different 

machine learning based classification technique are applied for 

discreate dataset and in the similar way different regression 

analysis is applied for the continuous dataset. Based on the 

outcome statistics and performance measure s suitable 

technique can be selected towards opting or deciding the 

designing of advance learning modle based aspative and 

reliable environment monitoring system.  

 

4.1 Water Quality Dataset  

This section presents dataset visualization and perform 

exploratory analysis towards building an understanding about 

the water quality dataset [46].  

 

A) Dataset Visualization 

 In this dataset samples are collected for water quality from 

three sources that includes i) Streams, ii) Lakes and iii) Puget 

Sound. Table 1 illustrates the name of the identifier of the data, 

and the datatype. 

 

Table 1: Name of the identifier of the data, and the datatype 

Sl. No Data identifier Datatype 

1 sample_id Integer 

2 grab_id Integer 

3 profile_id Integer 

4 sample_number String 

5 collect_datetime datetime 

6 depth_m Decimal 

7 site_type string 

8 area string 

9 locator string 

10 site string 

11 parameter string 

12 value decimal 

13 units string 

14 Quality_id (output) integer 

15 lab_qualifier string 

16 mdl decimal 

17 rdl decimal 

18 text_value string 

19 sample_info string 

20 steward_note string 

21 replicates integer 

22 replicate_of integer 

23 method string 

24 date_analyzed date 

25 data_source string 

 

B) Preliminary Analysis 

 
Figure 4: Histogram plot for water depth analysis 

 

The above Figure 4 demonstartes the probability distribution of 

water depth which shows most of the water is in shallow depth. 

There are some places where water is 50 (164 feet) meters deep. 

The next Figure 5 presents an analysis of water samples taken 

from the different regions of the city.   

 

 
Figure 5: Count of water samples taken from different rivers  

 

0
50000

100000
150000
200000
250000
300000
350000
400000
450000

0

C
ed

ar

C
o

al

C
ri

sp

Ev
an

s

G
o

rs
u

ch

Id
yl

w
o

o
d

Ju
d

d

La
ke

 W
as

h
in

gt
o

n

Li
tt

le
 S

o
o

s

M
cA

le
er

N
o

rt
h

R
ag

in
g 

R
iv

er

Sh
in

gl
em

ill

Sn
o

q
u

al
m

ie
 -

…

Sw
am

p

To
lt

 R
iv

e
r

Number of samples taken in 
areas

http://www.ijcrt.org/


www.ijcrt.org                                               ©  2021 IJCRT | Volume 9, Issue 12 December 2021 | ISSN: 2320-2882 

IJCRT2112025 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org a257 
 

The above graph shows number of samples taken in various 

areas of the city. More samples are taken from lakes and hence 

we may expect good data from those sensors however there are 

also more number of shallow waters and hence due to that the  

data collected in these regions might be of lower quality and 

this might cause some imbalance in the data. 

 

 
Figure 6: Depth of water in different rivers or lakes 

 

From Figure 6 it can be seen that, shallow waters are more in 

case of creeks and other areas where as deep waters can be seen 

in lake Washington and lake Sammamish. However as it can be 

observed from the orange line the number of samples are in less 

percentage from these places where as the most number of data 

is collected from other places where there are shallow waters. 

The  quality id for the collected data is mentioned below: 

0 – Quality Unknown  

1 – Good Data, Passes Data Manager QC  

2 – Provisional Data, Limited QC  

3 – Questionable/Suspect  

4 – Poor/Bad Data  

5 – Value Changed (see Steward Note) 

6 – Estimated Value  

9 – Missing Value  

 

 
Figure 7: Analysis of count of water samples  

 

From Figure 7 it can be observed in above graph, even though, 

there is a huge number of provisional data. However it is 

acceptable by QC according to the documentation. Provisional 

data only means that final count may differ. As it can be 

observed that high quality data is also available and poor quality 

data is very limited in number. 

 

 
Figure 8: Analysis of water data quality type  

 

The graph trend shows percentage of acceptable data for each 

category as mentioned in Figure 6. The quality of third data 

sample exhibits higher percentage of being poor quality or 

misleading data. This shows a clear imbalance in the data. 

However, in this framework we are using any type of regulizer 

and we want to see the performance of the algorithms on raw 

data to decide on the further development strategy for ML 

development. 

 

 
Figure 9: Analysis of average depth of the sensor 

 

The above Figure 9 shows average depth of sensors with respect 

to quality of captured data. 

 

4.2 Storm Risk Dataset:  

This section presents dataset visualization and perform 

exploratory analysis towards getting insight about the storm 

risk prediction [47].  

 

A) Dataset Visualization   

In this dataset, the data is collected that represents regions 

where the risk of storm tides exists due to hurricanes. Table 2 

illustrates the descriptions of the identifier of the data, its 

description and the datatype. 

Table 2 :Name of the identifier of the data and the datatype 

Sl. No Data identifier Datatype 

1 OBJECTID Integer 

2 JOIN_COUNT Integer 

3 TARGET_FID Integer 

4 HES_ZONE (output) Integer 

5 CONTOURLEN Integer 

6 SHAPEAREA Integer 

7 SHAPELEN Integer 

8 geometry String 

9 coordinates Integer 
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B) Preliminary Analysis 

 
Figure 10: Geoplot for highly storm prone area   

 

The analysis from the above graph exhibits that Washington 

area is being higly considered for storm risk analysis.  

 

 
Figure 11: First high risk area in Washington near Capital Cove 

harbor 

 

 

 
Figure 12: Second high risk region in Washington city near 

joining of Anacostia river and Lower Potomac river 

 

This particular region has been hit by the storm several times. 

This is the place where most of loss of life and property has 

happened. This is due to the fact that this region is closer to 

ocean and this is the pace river The next figure demonstrates 

high risk area and low risk area in the Washington. 

 
Figure 13: Low storm risk regions in Washington near Fredrick 

Douglas Memorial bridge 

 

4.3 Air Quality Dataset 

This section presents dataset visualization and perform 

exploratory analysis towards getting insight about the air 

quality analysis [48]. 

 

A) Dataset Visualization  

 In this dataset, it provides the ambient air quality as per the 

standard from different air monitoring points for SO2 , NO2, 

CO and PM2.5 & PM10. Table 3 illustrates the descriptions of 

the identifier of the data, its description and the datatype. 
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Table 3 : Name of the identifier of the data, and the datatype 

Sl. No Data identifier Datatype 

1 date string 

2 time decimal 

3 co_mg_m3 (ouput) float 

4 8_hr_roling_avg Float 

5 flag String 

6 comment String 

7 co_mg_m3_2 Float 

8 8_hr_roling_avg_2 Float 

9 flag_2 string 

10 comment_2 string 

 

B) Preliminary Analysis 

 
Figure 14: Presence of carbon monoxide in every  8 hours  

From the above Figure 14, 8 hour moving average of pollution 

level in Dublin city can be seen. 

 
Figure 15: Presence of carbon monoxide daily moving hours  

In above Figure 15, daily moving average can be seen. Both the 

moving averages show that the day time pollution is getting 

higher during the end of 2012.  

 

4.4 Power consumption 

This section presents dataset visualization and perform 

exploratory analysis towards getting insight about the amount 

of electricity consumption in the city [49].  

 

A) Dataset Visualization  

In this dataset, it provides power consumption of the city of 

Seattle. It has totally got 45 column headers few of the column 

headers are as in Table 4. 

 

Table 4 : Name of the identifier of the data, and the datatype 

Sl. No Data identifier Datatype 

1 PrimaryPropertyType String 

2 PropertyName String 

3 TaxParcelIdentificationNumber Integer 

4 Location String 

5 CouncilDistrictCode Integer 

6 YearBuilt Integer 

7 Neighborhood String 

8 …. …. 

9 … … 

10 ENERGYSTARScore Integer 

 

B) Preliminary Analysis 

 
Figure 16: Histogram plot of building age  

  

 
Figure 17: Histogram plot for closer analysis of building age   

 

It can be seen that the average power consumption of modern 

buildings are higher. The spike in the center can be ignored as 

that was the time of world war and some major factories were 

built during that time.  

 

 
Figure 18: Histogram plot for closer analysis of building age   

 

Above Figure 18 shows average power consumption of various 

areas. The above graph shows that the average power 

consumption in downton area is higer compared to rest of the 

areas. Hence it can be cunclded that the area in which the 
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building is located is an important factor in deciding the power 

consumption of the building. This is due to the fact that the 

building located in the downtown area run for more time and 

they are mainly shops and malls. 

 

4.5 Predictive Techniques 

Linear regression: Linear regression is the simplest of all 

regression algorithms. This simply multiplies all the predictors 

with the weights and a single bias is considered. The Linear 

regression assumes that the relationship between the predictors 

and response are linear in relationship. However, the 

relationship between predictors and response is never linear in 

case of real-world data. However, for any data which is close to 

being linear, this model performs really well. Better 

performance of this algorithm shows that complex statistical 

models are not needed in order to perform predictive analysis 

on the data. 

SVR: Support vector regression or SVR is a type of ML 

algorithm which uses probabilistic models in order to find the 

value of the response variable. The support vectors are the 

vectors in the n dimension space of the predictor variables. 

These vectors prevent the errors from happening. The value of 

the response variable has a higher probability of being present 

between the two support vectors. These support vectors 

represent the probability of the value. This is a probabilistic 

model which always predicts the value with the help of a 

probability model. Unless specified, the SVR uses normal 

distribution to find the suitable value for the predictor. 

Random forest regression: Random forest is nothing but a 

group of decision trees and the value of the response variable is 

always predicted by the leaf node of the several decision trees 

present in the random forest model.  The final output is the 

average of all the values predicted by each of the decision trees 

present in the random forest model. This model performs the 

best when the input is mostly consisting of discrete values. 

K neighbor regression: This is a special kind of k neighbor 

model where each node in the N dimensional space consists of 

a value instead of a category. The value of the present node is 

interpreted as the average value of the K nearest neighbor nodes 

to the present node. This model is best suited for prediction of 

special data such as geological sensor placement data. 

Logistic Regression: This is the basic classification algorithm 

which is close match to the linear regression since it uses the 

generalized linear model and uses sigmoid as the connection 

function. This is the basic classification ML which use 1 weight 

for each variable and a bias. This model works best when the 

relationship between predictor and response data is linear.  

Gaussian NB:This is the probabilistic classification model 

which uses bayes theorem to predict the outcome. The name 

Gaussian suggests that it uses Gaussian distribution which is 

best suited for probability based classification problems.  

Random forest classification: This is very similar to random 

forest regression however the leaf node contains a class instead 

of a value. The results of the several decision trees are 

aggregated by considering the count of classes instead of 

averaging. 

KNN classifier: This is the well known classifier which 

considers the class of the N nearest nodes and the most repeated 

count of the neighbor nodes is considered. 

V. RESULTS AND PERFORMANCE ANALYSIS 

The predictive framework proposed acts as effective support 

system for building an efficient and automated model of the 

urban environmental monitoring system. The design and 

development of the proposed environemtal support system is 

carried out on the Anaconda tool using Python programming 

language. This section presents the outcome obtained and a 

comparative analysis in to show the effectiveness of the each 

implemented machine learning classification and regression 

techniques.  

 

5.1 Performance analysis on Water quality dataset 

In this section the outcome is shown for the classification 

techniques for the prediction of discreate dependent values for 

evaluating the reliability of the sensory data for monitoring and 

assessing the water quality. Table 1 shows quantified outcome 

obtained for the classification techniques in this context.  

 

Table 5: Quantified Outcome  

Algorithms Accuracy Precision Recall 
F1 

score 

KNN 0.83134 0.81252 0.8561 0.83374 

Logistic 

Regression 
0.83562 0.8524 0.82436 0.83814 

Gaussian NB 

Classifier 
0.91532 0.9142 0.91235 0.91327 

Random 

Forest 

Classifier 

0.9351 0.93143 0.9434 0.93737 

 

 
 

Figure 19: Comparative analysis 

 

Above graph shows performance metrics of various algorithms 

for this dataset. Here random forest performs better than any 

other algorithm since the dataset contains more discrete values. 

As discussed earlier, when there are more discrete values are 

present in the input, better the performance of the decision tree 

based algorithms. 

 

 5.2 Performance analysis on Strom risk Dataset  

In this section the quantified outcome and performance analysis 

is shown for the classification techniques for the prediction of 

discreate dependent values for evaluating the reliability of the 

sensory data for monitoring and prediction of strom risk. Table 

6 shows quantified outcome obtained for the classification 

techniques.  
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Table 6: Quantified Outcome  

Algorithms Accuracy Precision Recall F1 score 

KNN 0.95243 0.98342 0.92412 0.95284 

Logistic 

Regression 
0.8185 0.815434 0.82353 0.81946 

Gaussian NB 

Classifier 
0.91012 0.91434 0.91456 0.91445 

Random 

Forest 

Classifier 

0.85232 0.82423 0.88234 0.85229 

 
Figure 20: Comparative analysis 

 

The analysis shown in Figure 20 are because of the fact that the 

data is geological and KNN is most suited algorithm for such 

purposes. The main data input here is the coordinates of the 

places. There are more risky places near harbors and airports. 

The more expensive properties are located closer to such risky 

places. This type of data is best interpreted in an N dimensional 

space. Hence KNN is the best suited algorithm here. 

 5.3 Performance Analysis on Urban Power Consumption 

In this section the quantified outcome and performance analysis 

is shown for the classification techniques for the prediction of 

discreate dependent values for evaluating the reliability of the 

sensory data for monitoring and prediction of urban power 

consumption. Table 7 shows quantified outcome obtained for 

the classification techniques. 

  

Table 7: Quantified Outcome  

Algorithms MSE RMSE MAE MAPE 

Linear 

Regression 

404983 2012.42 1996.42 1.961332 

K-neighbor 

Regression 

208377 1443.53 1425.53 1.400475 

Support vector 

Regression 

104738 1023.42 1008.42 0.990696 

Random 

Forest 

Regression 

130537 1142.53 1131.53 1.111643 

 

 
Figure 21: Comparative analysis in terms of MSE  

 

In Figure 21, the analysis of mean square error is shown for data 

concerning power consumption. The MSE is a very sensitive 

error and less forgiving towards outliers. The power 

consumption of the buildings works best with the probabilistic 

models. The error is expected the least when the model is 

performing best. 

 
Figure 22: Comparative analysis in terms of RMSE  

 

In Figure 22 RMSE of the algorithms confirm what MSE has 

shown since they are just the square root of the MSE, they are 

also sensitive to outliers.  

 

 
Figure 23: Comparative analysis in terms of MAE  

 

In Figure 23 the performance in terms of MAE shows that there 

is not much outliers in the data. Since there is not much 

difference between RMSE and MAE, the count of outliers must 

be low in the data. However here also it is confirmed that the 

SVR is the best performing algorithm and hence the data is 

suitable to be processed with a probabilistic model. 
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Figure 24: Comparative analysis in terms of  MAPE  

 

The analysis from Figure 24  shows Mean absolute percentage 

error of the algorithm confirms what is seen in case of MAE. 

The MAPE is mean absolute percentage error. Hence it shows 

the error in percentage. The error of SVR is around 1% which 

means that the user can expect a 1% deviation on the end result 

of this algorithm. 

5.4 Performance Analysis on Dublin Air Quality Dataset 

In this section the quantified outcome and performance analysis 

is shown for the classification techniques for the prediction of 

discreate dependent values for evaluating the reliability of the 

sensory data for monitoring and prediction of air quality (grams 

of carbon monoxide in cubic meter of air). Table 2 shows 

quantified outcome obtained for the classification techniques.  

 

Table 8 Quantified Outcome  

Algorithms MSE RMSE MAE MAPE 

Linear 

Regression 
7.37E-05 0.008587 0.00843 0.42154 

K-neighbor 

Regression 
3.79E-05 0.00616 0.00559 0.27960 

Support 

vector 

Regression 

1.91E-05 0.004367 0.00383 0.19173 

Random 

Forest 

Regression 

2.38E-05 0.004875 0.00253 0.12665 

 

 
Figure 25: Comparative analysis in terms of  MAPE  

 

The air quality dataset is a time series dataset and also it 

depends on the probabilities of the previous data. In a time 

series, the data is considered as the probabilistic data. Same 

trend can be seen in results as well. 

 

 
Figure 26: Comparative analysis in terms of  RMSE  

 

Since RMSE is square root of MSE, the same trend can be seen 

in the RMSE as well. With RMSE of 0.0045 in SVR, it shows 

that the probabilistic models are suitable here. 

 

 
Figure 27: Comparative analysis in terms of  MAE  

 

As it can be observed, MAE in Random forest is less than 

RMSE and is changing. This is a clear indication of presence of 

outliers. Outliers can be seen in the basic analysis as at the end 

of 2012, there is high variation in air quality trend.  

 

 

 
 

Figure 28: Comparative analysis in terms of  MAPE  

 

MAPE follows the same trend as the MAE and confirms the 

presence of outliers in the data. 
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VI.     CONCLUSION  

The proposed work suggested a predictive framework that 

contributes vital role in urban environment monitoring. The 

proposed framework integrates different machine learning 

models for executing classification and regressing analysis over 

the data obtained from sensor nodes deployed for monitoring 

different environmental factors such presence of carbon 

monoxide in the air, water quality, risk of storm in city, and 

usage of power in the city. A machine learning based regression 

analysis is carried out for the analyse quality of air and 

prediction of the power usage. On the other hand classification 

is carried out for prediction sensory data quality concerning 

water quality monitoring and storm risk prediction.  The design 

of the framework is flexible to process multiple dataset of 

different environment data it is not limited to single or specific 

dataset. In the future work, based on the performance analysis 

and output statistic a suitable deep learning technique will be 

designed for reliable and efficient environment monitoring 

system.   
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