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Abstract

Smart home system technology has developed rapidly and provides convenience for human life. Several smart
home technologies, especially monitoring systems, have been developed by integrating several aspects, including
security systems, fuzzy methods, and energy-saving methods. However, the issue is how to build a smart home
system that is accurate, convenient, and low-cost. In this research, the development of a smart home monitoring
system that integrates wireless sensor networks (WSNs) and deep reinforcement learning (DRL) is carried out
based on three parameters, i.e., temperature, humidity, and CO; level. The experimental method is carried out
by (1) validating the accuracy quality of WSNs; (2) determining the best model implemented in the system; and
(3) measuring the quality of the DRL system on the smart home monitoring system. Based on the test results,
several indicators were obtained: (1) Testing the WSNs resulted in an accuracy of 98.52%; (2) the accuracy of
the modeling results implemented in the system is 97.70%; and (3) DRL system test on the smart home
monitoring system through 21 test scenarios resulted in an accuracy of 95.52%. The indicators of testing this
smart monitoring system prove that the developed system provides the advantages of accuracy, ease of use, and
low cost.

Keywords: smart home monitoring system; wireless sensor networks; deep reinforcement learning; deep learning; internet of
things (1oT)

1. Introduction sensor blocks consisting of security locks and light
control. System devices use Wi-Fi, Bluetooth, and
ZigBee. While Romadhon [10] implements a smart
lamp monitor with the Arduino Uno R3

Smart home technology and its applications have
become very popular in the last decade because of the

convenience that allows the integration of devices
remotely, connected to loT which provides
accessibility and flexibility and makes it easy to
monitor current conditions to save energy [1]. Many
studies related to smart homes have been developed to
achieve a better quality of life, including smart homes
for older people [2],[3], caregivers [4],[5], autonomous
smart homes [6], and 10T security for smart devices
[7]. One of the main focuses in the development of a
smart home is how to monitor real-time, precise, and
low-cost home conditions.

Smart home monitoring technology has the goal of
increasing security, energy efficiency, convenience,
and fast response [8]. Gburi and Abdul-Rahaim [9]
developed a smart home monitoring system with 10T
security-based where the system can monitor loT

microcontroller. The simulation is represented via the
LCD screen using real-time conditions. The final
results show that the accuracy of the monitoring
system is 92%. Singh et al [11] integrate an embedded
micro-web server to monitor smart homes using a
smartphone. Implementation of monitoring is carried
out to control the gas sensors in the room with the
Rivest-Shamir-Adleman (RSA) cryptography
algorithm. The system works based on the public and
private keys assigned to the user.

In several previous studies related to smart homes, the
technique used was to focus on the implemented
device or component and see how the system reads
data and translates it through actuators to carry out
certain tasks [12]. However, its relevance to recent
technology, especially in this fourth industrial
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revolution, makes "data" an important aspect because
(1) can recommend decisions; (2) can perform
predictive analysis and maintenance; (3) can perform
process automation and optimization; and (4) can
promote continuous improvement and innovation [13].
One technology that can be implemented is deep
reinforcement learning (DRL), which combines
reinforcement learning with deep learning and can
process complex input data.

Elaziz et al. [14] implemented DRL for business
anomaly detection, where the dataset used is log
activity. The implemented DRL modeling is the
double deep Q-network (DDQN), with an accuracy of
98.90%. Xie et al [15] proposed a new DRL model in
the form of a multi-agent attention-based DRL
(MADRL) on automated demand response in a
building which results in performance efficiency.
Meanwhile, Castro et al. [16] employ DRL in
agriculture for dynamic environment UAVs using the
DON model. The experimental results, show
efficiency in choosing the route to check plants
through UAVs devices.

So in this study, the smart home monitoring system
technology implemented uses deep reinforcement
learning (DRL) as a model to provide the real-time
conditions of the environment. DRL is part of machine
learning, which has an agent as the decision maker
[17]. The agent works based on real-time parameters
consisting of temperature, humidity, and carbon
dioxide (CO2) levels to provide action in the form of
recommendations for whether the home environment
is "comfort™ or "not comfort".

To provide ease of implementation and produce
optimal accuracy, the monitoring system is combined
with wireless sensor networks (WSNs), which
integrate sensors contained in nodes that aim for cost-
effectiveness, faster wireless communication, real-time
monitoring, and the distribution of sensing and data
collection. The monitoring system integrates WSNSs,
which form a node topology network that consists of
sensors, microcontrollers, and Wi-Fi modules as
interconnections between each node. So through the
advantages of DRL and WSNs implementation in this
study, it can provide a smart monitoring system that is
precise, easy to implement, reliable, and low-cost.

2. Research Methods
2.1 System Proposed

The proposed system consists of 3 layers, that is the
network layer, the data processing layer, and the
mobile application layer. The network layer is a
configuration of wireless sensor networks (WSNSs)
where several nodes interact with each other. In this
study, there are 3 nodes, and each node consists of
sensors, Wi-Fi modules, and microcontrollers. From

the network layer, it sends signals of real-time
conditions of indoor air in the form of conditions of
humidity, temperature, and CO2 level. Real-time data
read by WSNs is then sent to the data processing layer,
which consists of the Firebase cloud data and DRL
system. Firebase has a function as a real-time data
storage media that users can access.

The DRL system then receives data from Firebase as
the initial state, which is the basis for the agent to take
action. Agents in the DRL system interact with the
deep neural network (DNN) to produce actions in the
form of recommendations for real-time conditions
from the environment in the form of output binary
classifications consisting of two class labels, namely
"comfort" and "not comfort" conditions. The
parameters that become references in “comfort"
conditions are represented in Table 2, where there are
ranges of humidity, temperature, and CO2 levels that
are references to "comfort" conditions. If one of the
parameters is outside the conditions of Table 2, then
the system will represent a "not comfortable™
condition. The results of data processing in the DRL
system are then represented in the mobile application
layer so that the user can find out the current
conditions based on three parameters and also find out
the recommendations made by the system, such as
whether the room is in a "comfort" or "not comfort"
state. Figure 1 shows the proposed system built in this
study.

Network Layer 1

Nodel Node2

Humidity Wi-Fi Temperature Wi-Fi
Sensor Module Sensor Module
Microcontroller Microcontroller

Wireless Sensor
Networks (WSNs)

Noden

-nth Wi-Fi
Sensor Module

Node 3

CQ; Level Wi-Fi
Sensor Module

Microcontroller Microcontroller

Data Processing Layer
Firebase Real-
Time Cloud Data

Mobile Application Layer

Deep Reinforcement

Learning System

Figure 1. System Proposed
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2.2 Wireless Sensor Networks Configuration

This study consists of several sensors that are
combined with a microcontroller and a Wi-Fi module.
The combination of these components forms a node,
where several connected nodes will form a network
called wireless sensor networks (WSNs). WSNs form
a mesh topology where nodes are connected directly
and can back up each other if there are nodes that
experience problems or are disconnected [18]. Some
characteristics are the advantages of mesh topology,
including (1) Interconnecting between nodes; (2)
Scalability where if there are new nodes it can be
directly applied to the system; (3) Adaptive to changes
such as being able to do self-healing if disconnecting
nodes occur, then the network will re-route the
available path [19].

WSNs in this study are interconnections between
temperature, humidity, and carbon dioxide (CO>) level
sensors which are integrated with a microcontroller
and Wi-Fi module, thus forming interconnected nodes
and a mesh topology. WSNs communicate with
Firebase using message queuing telemetry transport
(MQTT) which is a machine-to-machine protocol [20],
which then Firebase forwards the real-time data back
to the mobile application via the HTTP protocol. The
configuration of the implemented WSNs is shown in
Figure 2.
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Micro-
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Figure 2. Wireless Sensor Network Configuration
2.3 The Construction of Deep Reinforcement Learning

Deep Reinforcement Learning (DRL) becomes the
basis for decision-making or the final output generated
from the system. DRL works based on the
performance of the agent which takes action from
input parameters in the form of conditions of
temperature, humidity, and carbon dioxide (CO,)
levels. DRL is a development of reinforcement

learning, wherein the DRL agent works with a deep
neural network to determine an action [21]. There are
several terminologies in DRL as listed in Figure 3,
including state (St) which is the initial parameter or
initial condition given by the environment to the
system. The initial conditions referred to here are real-
time conditions of temperature, humidity, and carbon
dioxide (CO2) levels. Furthermore, St becomes the
basis for the agent to process data with a deep neural
network to produce an action (At), which is a response
to St's condition from the environment. Furthermore,
there is a Reward (Rt) which serves as an input value
for the policy (#) to process data together with the
agent.

/ Agent \
> Policy
Policy
Update
DRL
Algorithm
Reward R;
State S; Action A,
Environment

Figure 3. Deep Reinforcement Learning
2.4 Modeling Configuration

Agents in DRL work based on input parameters that
are processed by a deep neural network (DNN) [22]
through several layers and neurons. In this study, the
DNN model architecture consists of 4 layers which are
divided into one input layer, two hidden layers, and
one output layer. To produce the best DNN model,
hyperparameter tuning is performed by adjusting the
parameter values, i.e. the neuron number in hidden
layer 1 and layer 2, the number of epochs, and the
learning rate. The DNN architecture contained in this
study is represented in Figure 4.

N
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“comfort™ or
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Figure 4. DNN Architecture Implemented in the Study

In Figure 4, it can be seen that in the input layer, there
are three parameters consisting of temperature,
humidity, and carbon dioxide level. The data is then
processed in the next layer, which is called the hidden
layer. The results of the processing are translated at the
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output layer in the form of a binary classification,
which in this case consists of 0 and 1. Condition 0 is
defined as a "not comfort" home environment
condition while 1 is defined as a "comfort" condition.
Table 1 represents 10 DNN models with different
epoch parameters, number of learning rates, and
hidden layers. This is based on seeing how the level of
accuracy is generated by performing hyper-parameter
tuning on these parameters.

Table 1. 10 Model Compared

Name Learning Number Hidden  Hidden
Rate of Epoch  Layer1l Layer2
Model 1 0.005 200 64 128
Model 2 0.005 250 64 128
Model 3 0.005 200 128 64
Model 4 0.005 300 256 512
Model 5 0.005 300 64 64
Model 6 0.0005 250 32 64
Model 7 0.0005 400 80 80
Model 8 0.0005 350 70 70
Model 9 0.01 100 32 16
Model 10 0.01 400 32 16

The dataset developed comes from reading sensor data
and the results of data processing by the authors which
consists of 1000 data records divided into "comfort"
conditions of 500 records and "not comfortable"
conditions of 500 records. In the dataset structure, the
class label is a parameter consisting of 0 for the "not
comfort” label and 1 for the "comfort" label. The
determination of the "comfort" and "not comfort"
labels refers to the standards set by the World Health
Organization (WHO) for recommended conditions in
the room [20]. If the parameter value is within the
normal condition threshold, then the class label is
"comfort”, other than normal conditions, the class
label is "not comfortable”. Table 2 shows the standard
parameters for normal conditions or "comfort" and
Table 3 shows the dataset used in the study where
there are columns for temperature in units of °C,
humidity in units of percentage, and CO; level in units
of parts per million (ppm) which refers to the World
Health Organization (WHO) [20].

The dataset developed comes from reading sensor data
and the results of data processing by the authors which
consists of 1000 data records divided into "comfort"”
conditions of 500 records and "not comfortable”
conditions of 500 records. In the dataset structure, the
class label is a parameter consisting of O for the "not
comfort” label and 1 for the "comfort" label. The
determination of the "comfort" and "not comfort"
labels refers to the standards set by the World Health
Organization (WHO) for recommended conditions in
the room [23]. If the parameter value is within the
normal condition threshold, then the class label is
"comfort", other than normal conditions, the class
label is "not comfort". Table 2 shows the standard
parameters for normal conditions or "comfort" and
Table 3 shows the dataset used in the study where

there are columns for temperature in units of °C,
humidity in units of percentage, and CO; level in units
of parts per million (ppm) which refers to the World
Health Organization (WHO) [23].

Table 2. Recommendation Parameter in Home Living

Parameter Value
Temperature 18 ~24°C
Humidity 30% ~ 60%
CO; Level 400 ~ 1000 ppm

Table 3. Dataset Smart Monitoring System

Temperature  Humidity = CO- Level

® o %) (ppm)  CPss

1 24 50 669 comfort

2 24 47 495 comfort

3 15 4 914 not comfort
4 11 14 861 not comfort
5 23 38 574 comfort

6 40 46 1309 not comfort
7 19 41 601 comfort

8 45 52 1998 not comfort
9 24 48 924 comfort

10 19 38 794 comfort
1000 50 73 477 not comfort

2.5 Mean Absolute Percentage Error

Mean absolute percentage error (MAPE) is generally
used to determine the percentage error gap between the
actual value and the predicted value [24]. In this
research, the actual value is the result of measurement
based on the sensor and the predicted value is based on
the measurement result of the measurement tool. The
MAPE formulation is represented by Formula 1.
MAPE = absolute% x 100% (1)
MAPE in Equation (1) is generated by the absolute
difference between the actual result (ar) generated by
the sensor and the predicted result (pr), which is a
measurement from the measurement tool.

2.6 Experimental Process

Several stages in the experimental process aim to (1)
validate the accuracy quality of WSNs; (2) determine
the best model implemented in the system; and (3)
measure the quality of the DRL system on the smart
home monitoring system. In the first stage, integration
of all components consisting of a temperature sensor,
humidity sensor, and oxygen level sensor along with
the microcontroller and Wi-Fi module is carried out.
The next step is to configure all of these devices to
become nodes that are mutually integrated into a mesh
topology in the form of wireless sensor networks
(WSNSs). Testing WSNs by measuring accuracy, where
if it is more than 95% then proceed to the performing
comparative analysis of 10 models deep neural
network (DNN) stage, if it is less or equal to 95% then
return to the testing stage. From the comparative
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analysis process of the 10 DNN models, it was
determined that if the model accuracy is greater than
95% then it will proceed to the stage of implementing
the model into the DRL system, which will then
develop an Android-based mobile application that
facilitates interaction between the user and the system,
which is carried out through (1) the functional
requirements analysis stage where there is a function
to view real-time conditions based on humidity,
temperature, and CO2 and the recommendation
function generated from the DRL against real-time
conditions; (2) stages of coding using the Java
programming language and the Android Studio
software development application; (3) the stages of
testing by determining the test scenarios where in this
case the test scenarios refer to the environmental
conditions represented by Table 12. Figure 5
represents the stages in the experimental process:

Integrating all of com ponent (sensors,
microcontroller, Wi-Fi Module)

!

Confizuring Wireless Sensor Networks
(W5Ns)

!

Testing WSNs system

Perform ing Comparative Analysis 10
Model Deep Neural Network

Integrating Deep R einforcem ent
L eaming System

i

Constructing Android-ba sed Mohbile
Application

End

Figure 5. Experimental Process

3. Results and Discussions

This section discusses validating the accuracy of
WSNs, analyzing implemented models, and testing
deep reinforcement learning integrated with mobile-
based applications.

3.1 WSNs Accuracy Validation

Validating the accuracy of WSNs is done by
comparing the results of sensor measurements with
measuring instruments so that a gap error is produced
through the mean absolute percentage error (MAPE).
The measurement tools used in this study consist of a
digital thermometer, digital humidity level meter, and
digital CO, PPM meter which are shown in detail in
Table 4.

Table 4. Measurement Tools

Name Specification Image Display
Digital Name: RS PRO RS-

Temperature 325A Digital Hygro-

Meter meter

Digital Temperature range:

Humidity 0~60°C

Level Meter Humidity range:

(Hygrometer) 0~99%

A digital CO; Name: Wall mount i

PPM meter 77231 AZ l

Range: 0~9999 ppm
Air temperature
range: -10~60°C

13 ; ‘ I
{ I
u\" /
- = ‘
153
3

The measurement process by the sensor is carried out
in the time range of 9 a.m. up to 3 p.m. with data
collection every 1 hour so that during that duration
there are 7 different data collection time frames,
detailed in Table 5.

Table 5. Detail of seven Timeframes

Description Time

Timeframe one 09.00 a.m
Timeframe two 10.00 a.m
Timeframe three 11.00 a.m
Timeframe four 12.00 p.m
Timeframe five 01.00 p.m
Timeframe six 02.00 p.m
Timeframe seven 03.00 p.m

The next stage is the measurement results generated by
the sensors and measuring instruments. Table 6 shows
the measurement data and temperature where a gap is
produced which shows the absolute value of the
difference between the measurement results of the
sensor and measuring instrument. Then the error
percentage is obtained which is the divided value
between the gap and the measurement results of the
measuring instrument or what is called the predicted
value. There is an AR column which is the actual
result that shows the measurement results based on the
sensor, and the PR column is the predicted result, i.e.
the measurement results based on the measuring
instrument. Based on the measurement results, the
highest EP or error percentage was obtained at 09.00
a.m., which is 1.99%. While the lowest EP was
obtained at 10 a.m. with EP 0.74%, this indicates that
the error rate generated by the sensor device compared
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to the measurement tool is low. Overall, the average
EP at the temperature measurement was 1.47%.

Table 6. Result of Temperature Measurement

Time AR (°C) PR(°C) Gap EP

09.00am  24.6 25.1 0.5 1.99%
10.00am  26.8 27.0 0.2 0.74%
11.00am 285 28.8 0.3 1.04%
12.00 p.m  29.7 30.2 0.5 1.66%
01.00p.m  30.8 313 0.5 1.60%
02.00p.m  30.3 30.8 0.5 1.62%
03.00 p.m  29.7 30.2 0.5 1.66%
Average 1.47%

Meanwhile, Table 7 shows the results of humidity
measurement with AR ranging from 60% ~ 78%
where there is the lowest gap at 09.00 a.m., 01.00
p.m., and 02.00 p.m. with EP 0.00%. The highest
while gap is at 03.00 p.m. with an EP of 3.23%. If it is
averaged, then all EP in humidity measurement is
1.07%.

Table 7. Result of Humidity Measurement

Time AR (%) PR (%) Gap EP

09.00am 78 78 0 0.00%
10.00am 73 74 1 1.35%
11.00am 69 70 1 1.43%
12.00p.m 66 67 1 1.49%
01.00p.m 64 64 0 0.00%
02.00p.m 62 62 0 0.00%
03.00p.m 60 62 2 3.23%
Average 1.07%

Table 8 shows the result of CO2 measurement based
on parts per million (ppm) units which shows how
much CO2 molecules are present in the air. Overall,
the EP average generated at the CO2 level
measurement is 1.89% there is the highest EP at noon
of 3.04% and the lowest at 09.00 a.m. by 0.59%.

Table 8. Result of CO, Level Measurement

Time AR (ppm) PR (ppm)  Gap EP

09.00a.m 847 852 5 0.59%
10.00a.m 920 947 27 2.85%
11.00a.m 1092 1102 10 0.91%
12.00p.m 1210 1248 38 3.04%
01.00 p.m 1105 1132 27 2.39%
02.00 pm 1097 1120 23 2.05%
03.00p.m 988 1002 14 1.40%
Average 1.89%

As discussed before, validating the accuracy of WSNs
is done by calculating the MAPE value which is the
basis for measuring accuracy where 100% minus the
MAPE value. Calculation of accuracy in this study
refers to the flowchart represented by Figure 5 where
the minimum value for accuracy in this study is greater
than 95%. Table 9 shows the MAPE values of all
devices where the resulting value is 1.48%, this
indicates that the resulting accuracy of the WSNs is
100% minus 1.48% is 98.52%, which means that it

shows how much the accuracy level is generated from
the WSNSs.

Table 9. All Sensor Device Error Percentage

No Parameter EP

1 Temperature Measurement 1.47%
2 Humidity Measurement 1.07%
3 CO; Level Measurement 1.89%
MAPE 1.48%

3.2 Comparative Analysis of Model Implemented

Comparative analysis is carried out by looking at how
the quality of the model is implemented where there
are three indicators, namely accuracy, loss, and F1
Score. Accuracy is the calculation between the model
output that has the correct value divided by the total
predictions. The F1 score is generated from precision
and recall calculations where precision is the divided
value between the true positive (TP) by the sum of the
TP and the false positive (FP). While the recall is TP
divided by the sum of TP and false negatives (FN).
Loss shows the number of errors contained in the
performance of the model [25], which means that the
greater the loss value, the higher the error level.
Formula 2 and 3 show the accuracy and F1 score,
respectively:

Y, correct output
Accuracy = —— x 1009 2
y Y total prediction % ( )

2 X (precision xrecall)

F1 Score = X 100% 3)

(precision+recall)

Furthermore, in Table 10 it can be seen the modeling
results between model 1 to model 10. In terms of the
level of accuracy, there is the highest percentage in
model 5 of 97.7%, while the lowest percentage of
accuracy is in model 9 which is 69.3%. From the loss
aspect, there is the lowest loss value, namely model 5
with a value of 0.10, and the highest loss of 1.72 in
model 2. In F1, the highest score is found in model 5
with a value of 0.95 and the lowest value is in model
9, which is 0.65.

Table 10. Modeling Result

Model Accuracy Loss F1 Score
Model 1 89.0% 0.70 0.81
Model 2 88.4% 1.72 0.86
Model 3 88.4% 0.38 0.88
Model 4 92.7% 0.11 0.95
Model 5 97.7% 0.10 0.96
Model 6 75.4% 0.75 0.74
Model 7 82.2% 0.34 0.84
Model 8 82.8% 1.04 0.80
Model 9 69.3% 0.62 0.65
Model 10 97.5% 0.36 0.94

Figure 6 shows the sequence of models with the
highest accuracy value to the lowest value where the
highest accuracy sequence is shown by model 5 and
the lowest is model 9.
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Figure 6. Modeling Result

The visualization of the data distribution in model 9
can be seen in Figure 7 where yellow data indicates the
correct value for value 0 or "not comfort”. While the
green color indicates data with a value of 1 or
"comfort" with data that tends to be centered. Red and
orange colors indicate incorrect prediction data for
“not comfort” and “comfort” conditions.

Figure 7. Data Distributed of Modeling

3.3 The Testing of Deep Reinforcement Learning

DRL implementation is carried out on an Android-
based mobile application that makes it easy for users
to access it anywhere and anytime. A minimum
requirement specification can be seen in Table 11.

Table 11. Minimum Requirement Specification

Description Specification
Operating System Android
Connectivity 4G

Random Access Memory 2 Giga-byte

Storage Space
Version

Minimum Free Space 8 Mega-byte
4.0 (Ice Cream Sandwich)

To provide convenience in communicating with the
user, a user interface is needed that can provide
information from the system directly. Figure 8 shows
the user-interface design used in this study.

The implementation of developing the user interface
into an application is carried out using the Android
Studio IDE where the results can be seen in Figure 9.

Next is the test of the DRL smart home system
application where there are 21 test scenarios, which
the author has determined with 11 “comfort"
conditions and 10 "not comfort" conditions. The test
was carried out by placing the WSNs in several
different conditions of temperature, humidity, and CO,
levels. Table 12 shows the test scenarios along with

the test results, where there is a column T (°C) which
shows temperature in degrees Celsius, H (%) is
humidity in units of percent, while CO2 (ppm) shows
the concentration or level of carbon dioxide gas in
ppm units. The expected value is the value that should
be generated based on these three parameters while the
system result is the result of the DRL smart home
monitoring system test.

Smart Home Monitoring
System
[Label | | Temperatwe |
[Label | | Humidity |
[Label | | CO:Level |
| “Comfort™ or “Not Comfort™ |

Figure 8. User Interface Design

0,
Temperature 207

Humidity 8%

Lovelor G2l s B

COMFORT

Figure 9. Implementation of the DRL System

From the test results in Table 12, it can be seen that
there were 20 tests with correct values and 1 test with
incorrect values, namely on test ID 14 where the
expected value is listed as "not comfort" but the
system results are listed as "comfort". Based on the
analysis of the parameter values, it is very likely that
the values read at humidity are close to the upper
threshold of 60%, where it is listed as 61%. So that the
reading results from the system assume that the
condition is "comfort", while the value should be "not
comfort”. So to find the accuracy of the DRL system,
the calculation of the accuracy of dividing the correct
value of 20 correct data is divided by the entire value,
both correct and incorrect in 21 scenarios, resulting in
an accuracy value of 95.2%.
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Table 12. Testing Scenario Result

D T H CO; Expected System
(°C) (W) (ppm)  Value Result
1 22 42 661 comfort comfort
2 17 32 785 not comfort not comfort
3 12 32 495 not comfort not comfort
4 18 35 854 comfort comfort
5 18 49 437 comfort comfort
6 23 49 905 comfort comfort
7 12 37 229 not comfort not comfort
8 12 58 263 not comfort not comfort
9 23 33 593 comfort comfort
10 19 31 424 comfort comfort
11 21 23 207 not comfort not comfort
12 20 58 508 comfort comfort
13 23 76 1862 not comfort not comfort
14 21 61 1002 not comfort comfort
15 32 39 899 not comfort not comfort
16 46 36 452 not comfort not comfort
17 24 58 896 comfort comfort
18 22 44 923 comfort comfort
19 18 52 537 comfort comfort
20 7 24 392 not comfort not comfort
21 23 31 705 comfort comfort

4. Conclusion

The studies conducted have resulted in a smart home
monitoring system that combines WSNs and artificial
intelligence technology through deep reinforcement
learning. The system built provides convenience for
users with a high degree of accuracy, convenience, and
low cost through structured stages that begin with the
testing of system WSNs, implemented modeling
analysis to testing of smart home monitoring systems
that are integrated with DRLs and WSNs where all
these stages produce accuracy above 95%.

As a continuation of the next development, the smart
monitoring system can be integrated with the electrical
system which determines the ON or OFF condition of
the device based on the parameters of temperature,
humidity, and CO,, as well as parameters and the
number of data scenarios in the modeling can be added
to increase the complexity and spectrum of readings
from the environment observed by the smart system.
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