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Abstract — Amid growing global efforts to mitigate
climate change, significant attention has been placed on
reducing greenhouse gas emissions, with many
organizations striving to achieve Carbon Net Zero in
accordance with the Sustainable Development Goals
(SDGs). Among the primary contributors to
institutional  carbon  footprints is  electricity
consumption. However, energy monitoring practices in
most institutions remain limited to aggregated monthly
readings from electricity meters, offering little insight
for short-term or room-level energy management and
policy planning. To bridge this gap, this study
introduces a web-based application that detects and
classifies the on/off status of lighting in individual
rooms. The system enables real-time monitoring and
verification of electricity usage and the resulting carbon
emissions. To address this limitation, this study
introduces a web-based application designed to detect
and classify the on/off status of lighting in individual
rooms, enabling real-time monitoring and verification
of electricity usage and the corresponding carbon
emissions. The application integrates image processing,
machine learning, and geographic information systems
(GIS) technologies.
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Experimental results confirm the high accuracy and
robustness of the proposed Convolutional Neural
Network (CNN)-based model for image-based
classification. Furthermore, the platform offers
interactive visualization of carbon footprints through a
dynamic dashboard integrated with spatial mapping,
supporting data-driven and real-time decision-making
for institutional sustainability management.

Keywords — Deep Learning, 10T, carbon footprint,
SDGs, GIS.

1. Introduction

Climate change represents one of the most pressing
global challenges, primarily driven by greenhouse gas
emissions [1], [2], [3]. A significant portion of these
emissions originates from electricity generation and
consumption activities [4], [5], [6]. Effective
monitoring and tracking of electricity usage across
various sectors are therefore essential for mitigating
carbon footprints [7], [8], [9], [10]. Currently,
electricity monitoring systems commonly rely on
conventional electricity meters; however, these
systems are constrained by limited data granularity,
spatial coverage, and delayed data acquisition. Such
limitations hinder real-time monitoring and often
provide only aggregate-level insights, which are
insufficient for detailed energy management. This
issue is particularly evident in large-scale institutions
such as universities, where numerous buildings and
rooms exist but electricity meters are typically not
installed in every room. As a result, it is not feasible
to monitor electricity consumption or estimate carbon
emissions on a room-by-room or spatiotemporal basis.
Recent advancements in technologies such as the
Internet of Things (loT), image processing, and
Geographic Information Systems (GIS) present new
opportunities to address these challenges. These
technologies can be integrated to enable more granular
and spatially resolved monitoring of electricity usage,
thereby supporting more accurate carbon footprint
assessments.
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The review of relevant literature reveals that
Internet of Things (IoT) technologies have been
widely adopted for measuring electricity consumption
through various sensors and microcontroller
platforms, including Arduino [11], [12], [13], [14] and
NodeMCU [15]. The Wemos D1 platform has also
been utilized for similar measurement applications
[16]. These approaches have been compared with
traditional electricity meters, and findings indicate
that electricity usage can be measured with an error
margin ranging from approximately 0.18% to 3%.
However, despite the accuracy of these methods, they
have not yet been extended to estimate or calculate
carbon footprints associated with electricity
consumption. Some studies have explored the
development of applications that utilize Augmented
Reality (AR) and machine learning techniques,
specifically the You Only Look Once (YOLO)
algorithm -to detect electrical appliances and apply
linear regression models to predict future electricity
usage. While this approach offers the advantage of
identifying specific electrical devices and forecasting
their power consumption, it remains limited by the
inability to monitor real-time electricity usage.
Consequently, it is not suitable for dynamic tracking
or verification of carbon footprint data.

To address these limitations, this study proposes
the development of a web-based application designed
to detect and classify the on/off status of lights in
individual rooms. The system integrates image
processing, machine learning, and GIS to enable real-
time monitoring of electricity consumption and
associated carbon emissions at the room level. This
application supports the formulation of policies and
strategies  for energy  management  within
organizations by visualizing data through an
interactive online dashboard. Unlike previous
approaches that require smart building infrastructures,
the proposed system can be deployed in conventional
buildings, as it leverages image-based detection of
light usage to estimate electricity consumption and
calculate corresponding carbon footprints.

2. Literature Review

The review of related literature highlights two
primary research directions: (1) The application of 0T
technologies for measuring electrical energy
consumption and (2) The use of machine learning,
remote sensing, and image processing techniques for
classifying images to determine the operational status
of lighting systems. In studies related to loT-based
energy monitoring, one notable development involved
a sub-metering system utilizing the PZEM-004T
sensor integrated with the Wemos D1 microcontroller
and the Blynk platform - an loT developmental
environment that allows for application construction
through a graphical interface without the need for
extensive coding.
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This system enabled real-time monitoring of
voltage and current, with a reported deviation of
approximately 1.35% when compared to standard
electricity meters [16]. Additionally, a web-based
application incorporating the NodeMCU ESP32 and
PZEM-004T sensor was introduced, enabling users to
remotely manage electricity consumption. This
implementation contributed to a 4.1% reduction in
household energy usage and costs, with an energy
measurement accuracy of 98% [15]. Similarly,
research utilizing Arduino Uno and the Blynk
platform in conjunction with the PZEM-004T sensor
demonstrated effective remote monitoring of voltage
and current, achieving an accuracy rate of 97.56%.
This system allowed users to monitor consumption,
plan energy use, and reduce electricity expenses
efficiently [11]. Another study focused on the
development of a real-time electricity monitoring
system from multiple sources using Arduino Uno,
showing that the system could efficiently collect and
display energy data with a sensor error rate of just
0.18% [12]. Furthermore, loT-based systems have
also been employed to monitor carbon footprints
associated  with  energy  usage, providing
environmental monitoring capabilities aimed at
reducing overall energy consumption. However, such
systems still face limitations, particularly in their
inability to calculate carbon emissions from electricity
consumption on a spatial or real-time basis [17].

The review of literature and related studies on the
application of loT for monitoring electricity
consumption and carbon footprint reveals that one of
the key advantages of loT-based systems is their
ability to provide real-time monitoring of electrical
energy usage. This capability offers significant
potential for supporting data acquisition in energy
planning and management at the unit or area level.
However, a critical limitation identified in previous
research is the lack of methodologies for deriving or
calculating carbon footprint data specifically from
electricity consumption. As a result, spatially
disaggregated carbon footprint data, such as that at the
level of individual rooms, units, or zones, remains
largely unavailable. Although some studies have
explored the use of 10T for environmental monitoring
and carbon footprint estimation, these systems have
not been designed to measure or track carbon
emissions at fine spatial scales, such as per room or
per unit within buildings.

A review of the literature and related research on
the application of machine learning, remote sensing,
and digital image processing for inspecting natural
and artificial lighting reveals that most studies utilize
satellite imagery or other remote sensing data sources,
such as unmanned aerial vehicle (UAV) imagery and
aerial photographs to detect nighttime lighting as a
proxy for estimating electricity consumption across
various geographic areas [18], [19], [20], [21].

1057



TEM Journal. Volume 15, Issue 2, pages 1056-1068, ISSN 2217-8309, DOI: 10.18421/TEM152-10, May 2026.

In the domain of digital image processing, prior
research has predominantly focused on object
detection techniques for identifying specific types of
lighting systems [22], [23], [24], [25], [26]. Additional
studies have further expanded this work by exploring
various lighting-related detection tasks, including
traffic light recognition for distinguishing signal
colors, automotive light detection, and brake light
identification [27], [28]. One study proposed a method
for monitoring nighttime light using remote sensing
data integrated with machine learning techniques to
estimate electricity consumption in different regions.
The approach achieved an R-squared value of 0.76,
indicating a strong correlation between detected
lighting and electricity usage [18]. Another study
employed deep learning models to process satellite
images for nighttime light detection, achieving an
accuracy between 83% and 93%, thereby
demonstrating the feasibility of using this method to
estimate nighttime electricity usage [19]. Similarly,
other studies have implemented machine learning
algorithms, including Support Vector Machine
(SVM), Random Forest, and Convolutional Neural
Networks (CNN), to analyze nighttime light data
derived from remote sensing. Among these, SVM
demonstrated the highest classification accuracy,
followed by Random Forest [20]. Furthermore,
nighttime light data have been used to assess urban
expansion by combining remote sensing techniques
with machine learning algorithms on the Google Earth
Engine platform. The findings confirmed that
nighttime light intensity is a reliable indicator for
tracking both urban growth and electricity usage
during nighttime periods [21].

The application of digital image processing for
detecting the operational status of various types of
lights has been widely studied. One study proposed a
method for detecting the on/off status of vehicle brake
lights using the YOLOv8 algorithm applied to digital
images. The findings indicated a detection accuracy of
approximately 70%, with environmental conditions
significantly affecting the system’s performance and
contributing to frequent misclassifications [22]. To
improve detection reliability, another study integrated
the YOLOvV7 algorithm with infrared (IR) sensors to
identify brake light activation. This combined
approach achieved a higher detection accuracy of
93%, demonstrating that sensor fusion enhances the
performance overusing YOLOv7 alone [23].
Additionally, the use of YOLOv7 for distinguishing
between on and off vehicle lights was investigated,
resulting in an overall classification accuracy of
91.1% [24]. The detection of multiple-vehicle lighting
signals, including brake lights and turn signals, has
also been examined using the YOLOv4 algorithm,
which yielded an accuracy of 81.3% [25].
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In the context of traffic light detection, several
machine learning and image processing techniques
have been explored, including YOLOvV5, SVM, fuzzy
logic, and CNN. These methods have proven effective
in accurately distinguishing traffic signal states. For
instance, a study employing the YOLOV5 algorithm
reported an accuracy of 87.75% in classifying traffic
light colors [26]. This is consistent with broader
literature that reports traffic light detection accuracies
ranging from 89.6% to 99.7% across various machine
learning models, suggesting their suitability for use in
intelligent transportation systems and autonomous
vehicles [27]. Similarly, another study applying both
SVM and CNN algorithms for traffic light detection
in autonomous vehicles achieved high classification
accuracy, ranging from 94% to 99% [28].

Although prior studies have demonstrated the
effectiveness of digital image processing and machine
learning algorithms such as the YOLO family, SVM,
and CNN,in detecting various lighting conditions in
vehicles and traffic signals with high accuracy, most
of these applications are focused on transportation and
autonomous systems. There remains a lack of research
that applies these technologies to indoor
environments, particularly for detecting the
operational status of lighting in buildings for the
purpose of monitoring electricity usage and
calculating carbon footprint. To address this gap, the
present study proposes a novel approach that
integrates image processing, machine learning, and
GIS technologies to detect and classify the on/off
status of lighting in individual rooms. Unlike previous
works that concentrate on vehicle-based or outdoor
lighting, this research aims to provide room-level
electricity consumption data in real-time, enabling the
estimation of associated carbon emissions. The
proposed system supports energy management and
carbon footprint monitoring at a more granular spatial
scale and is suitable for deployment in organizational
or institutional settings that lack smart building
infrastructure.

3. Methodology

This study presents the development of a web-
based application designed to monitor and verify
electricity consumption in individual rooms within a
building, with the objective of calculating carbon
footprint based on electricity usage. The system
integrates image processing and machine learning
techniques with Geographic Information Systems
(GIS) to visualize carbon emissions spatially across
different areas. The research framework, illustrated in
Figure 1, incorporates both hardware and software
components, including a Raspberry Pi, Wi-Fi module,
sensor, and camera.
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These components work in conjunction with
machine learning algorithms to detect the on/off status
of lighting in each room. Detected data are recorded
in a centralized database via a web server and database
server infrastructure.

Sensor

The recorded status information is then used to
compute room-level carbon emissions based on real-
time electricity usage, enabling precise and time-
specific carbon footprint analysis.

DATABASE
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Figure 1. Research framework

3.1. Study Area

The study was conducted at Prince of Songkla
University, Surat Thani Campus, a higher education
institution comprising three faculties.

The study area is illustrated in Figure 2. All
faculties and administrative units within the university
have adopted green office policies and are committed
to advancing the Sustainable Development Goals
(SDGs), with particular emphasis on tracking carbon
footprint data arising from various operational
activities, including electricity consumption and paper
usage from printing and photocopying processes [29].

Recent initiatives have included the development
of applications aimed at monitoring carbon emissions
resulting from paper usage. Building upon these
efforts, the present research introduces a method for
classifying the on/off status of lighting systems as a
foundation for developing a real-time monitoring
system for electricity consumption and associated
carbon emissions at the room and departmental levels.
The system is intended to support data-driven
planning and policy implementation aimed at
reducing electricity usage, thereby contributing to the
overall reduction of the institution’s carbon footprint
at both unit and organizational levels.

Figure 2. Study area
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3.2. Research Flow for Lighting Status Detection and
Carbon Footprint Calculation

The research methodology and procedural
workflow are illustrated in Figure 3. As depicted in the
diagram, the process begins with the operation of a
Light Dependent Resistor (LDR) sensor, which is
responsible for detecting the ambient lighting
conditions within individual rooms. When low
lighting is detected, the system triggers a camera to
capture images for subsequent classification. These
images are then processed using a machine learning
model to determine whether the room’s lighting is in
the “Turn On” or “Turn Off” state. The classification
result, along with a timestamp and corresponding
room identifier, is recorded in a centralized database.
Additionally, the system includes a scheduling
mechanism that automates image capture at
predefined intervals. This ensures consistent
monitoring and classification of lighting conditions in
accordance with the specified time schedule. All
classified lighting status data are stored in the database
for further analysis. Once the data collection is
complete, the recorded lighting status for each room is
used to estimate electricity consumption and compute
the corresponding carbon footprint. The results are
visualized in real time via a web-based application.
Further technical details regarding the image
classification process and carbon footprint calculation
methodology are provided in Sections 3.3 and 3.4,
respectively.

LDR Sensor

-

Lower
Light?

Capture Image

Database

Figure 3. Research methodology

3.3. Image Detection and Classification for Light Status
Monitoring

The research employs a comparative analysis of
several machine learning algorithms, namely: RF,
SVM, KNN, Gradient Boosting, and CNN -for the
detection and classification of lighting status (on/off).
These algorithms were selected based on a review of
existing literature and related studies, which
demonstrated their high performance in image
recognition and classification tasks, particularly for
detecting various types of lights in both daytime and
nighttime conditions.
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Prior to model training, image data were
preprocessed using image embedding techniques
based on the InceptionV3 architecture to convert raw
images into feature vectors suitable for input into the
selected algorithms. For the CNN-based model, the
MobileNet architecture was adopted due to its
efficiency and accuracy in image classification tasks.
The models were trained to classify images captured
from an online camera into two categories: TurnOn
and TurnOff. A total of 2,018 images were used in the
training process, consisting of 1,059 images labeled as
TurnOn and 959 images labeled as TurnOff. All image
data were collected from rooms at Prince of Songkla
University, Surat Thani Campus. To ensure
robustness and mitigate the risk of overfitting, the
models were validated using 10-fold cross-validation.
Model performance was evaluated using standard
metrics: Accuracy, Precision, Recall, and F1-Score.
These metrics were used to compare the classification
performance across all algorithms and to identify the
most accurate model for integration into the web
application. Furthermore, an additional comparison
was conducted between classification performance
using only camera input versus using both a camera
and an LDR (Light Dependent Resistor) sensor,
focusing on the algorithm that achieved the highest
accuracy. This evaluation aimed to assess the
effectiveness of incorporating sensor data alongside
image data. To further validate the model’s
performance in real-world conditions, the system was
tested using a separate validation dataset comprising
50 images per class.

3.4. Carbon Footprint Calculation

The calculation of carbon footprint resulting from
the use of light bulbs in this study is based on data
stored in the system’s database. This includes
information such as the number of light bulbs, their
wattage ratings, and the duration of daily usage in each
room. The carbon footprint resulting from electricity
consumption was calculated using the following
equation:

Carbon Emission =
Electricity Consumption (kWh) X
Emission Factor (kgCO,e/kWh) @

Where:

» Electricity Consumption (kWh) refers to the
amount of electrical energy used by the lighting
system, which is calculated based on the power
rating (in kilowatts) and duration of usage (in
hours).

* Emission Factor (kgCO2e/kWh) represents the
amount of carbon dioxide equivalent emitted per
unit of electricity consumed. According to the
Thailand  Greenhouse  Gas  Management
Organization (TGO), the emission factor for grid
electricity in Thailand is 0.514 kgCO.e/kWh.
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For example, operating ten 36-watt fluorescent
lamps for five hours results in an energy consumption
of 1.8 kWh (i.e,, 10 x 36 W + 1000 x 5 h). The
corresponding carbon emission is calculated as:

1.8 kWh x 0.514 kgCO,e/kWh = 0.9252 kgCO,e (2)

This value represents the greenhouse gas emissions
associated with electricity usage and can be used to
assess and compare the environmental impact of
lighting usage across different rooms or time periods.

3.5. System Design and Implementation

The system developed in this study is implemented
as a web-based application to enable real-time access
to electricity consumption and carbon footprint data
by users and administrators, regardless of their
operating system or device. This platform-
independent design ensures accessibility via personal
computers, tablets, and smartphones. The system
integrates a range of hardware and software
components.

Lecturers/Staffs

The hardware includes a web server, database
server, Raspberry Pi  microcontroller, Light
Dependent Resistor (LDR) sensor, camera, and Wi-Fi
module. The software stack comprises Python, PHP,
MySQL, TensorFlow, Leaflet, Google Maps API, and
the Apache web server. The web application was
developed specifically for personnel at Prince of
Songkla University, Surat Thani Campus, and consists
of several modules or functional components. The use
case diagram presented in Figure 4 illustrates the roles
of two main user groups: Staff and Lecturers, and
Executives. Each group has distinct levels of system
access and functionality. Staff and lecturers are
permitted to view data related to electricity
consumption from lighting and the corresponding
carbon footprint. In addition to these capabilities,
executives have access to enhanced functions,
including the ability to identify buildings or
departments with the highest carbon emissions.
Furthermore, executive users can configure the system
to schedule automated image capture from the online
camera at predefined intervals. This data is then stored
in the database and used for real-time calculation of
carbon footprint.

.
Data )
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Figure 4. Use case diagram
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4, Results and Discussion

This section presents and discusses the
experimental results of the proposed system. The
findings include both the quantitative evaluation of the
model’s performance and the qualitative interpretation
of its implications for practical applications. The
analysis highlights the effectiveness of the CNN
approach and its integration with GIS-based
visualization for monitoring electricity consumption
and carbon emissions  within institutional
environments.

4.1. Results

This research is divided into two main components:
(1) The evaluation of light status classification
(on/off) using machine learning techniques with
images captured from an online camera, both with and
without the assistance of an LDR (Light Dependent
Resistor) sensor, and (2) The development of a web
application for calculating and visualizing the carbon
footprint associated with lighting usage in each room
and building.

In the first component, digital images captured
solely from online cameras were used to classify the
lighting status using various machine learning
algorithms, including CNN, SVM, RF, KNN, and
Gradient Boosting. Based on the performance
evaluation using training data, CNN vyielded the
highest classification accuracy at 89.00%, followed by
Gradient Boosting (85.38%), RF (80.33%), KNN
(79.04%), and SVM (72.84%). Additional
performance metrics: Precision, Recall, and F1-Score
are presented in Table 1. To further illustrate
classification performance, confusion matrices were
constructed for each algorithm, as shown in Figure 5.
CNN achieved balanced accuracy in both classes,
correctly classifying the TurnOn and TurnOff statuses
at 88.39% and 89.68%, respectively.
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Gradient Boosting, RF, and KNN also
demonstrated comparable performance across the two
classes, though with lower overall accuracy than
CNN. In contrast, SVM exhibited significant disparity
between classes, with over a 10% difference in
classification accuracy, indicating a lower level of
generalization.

Given the superior performance of CNN,
particularly using the MobileNet architecture, it was
selected for integration into the web application for
real-time classification of TurnOn and TurnOff
statuses from online camera feeds.

Additionally, the use of an LDR sensor was
investigated to enhance classification accuracy. The
LDR sensor was employed to detect low-light
conditions, triggering image capture alongside time-
based scheduling. The incorporation of the LDR
sensor led to a substantial improvement in model
performance. When combining camera input with
LDR-based image triggering, the model achieved an
accuracy of 99.95%, with Precision, Recall, and F1-
Score values of 99.91%, 100%, and 99.95%,
respectively. The model was further validated using a
separate dataset comprising 50 images per class,
yielding performance scores of 97.00% (Accuracy),
96.08% (Precision), 98.00% (Recall), and 97.03%
(F1-Score). These results demonstrate the model’s
robustness and its ability to generalize effectively to
unseen data, indicating minimal risk of overfitting.

Table 1. Accuracy assessment of image classification using
online camera

Method Accuracy Precision Recall F-Score
CNN 89.00% 90.43%  88.39% 89.40%
SVM 72.84% 72.12%  78.66%  75.25%
RF 80.33% 82.71%  79.04% 80.83%
KNN 79.04% 80.34% 79.51% 79.92%
Gradient  85.38% 86.66%  85.27% 85.96%

Boosting
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CNN (%)

Actual

TurnOff TurnOn
Predicted

RF (%)

TurnOff

Actual

TurnOn 20.96

TurnOff TurnOn
Predicted

Gradient Boosting (%)

Actual

TurnOn

TurnOff TurnOn
Predicted

Figure 5. Confusion matrix of image

Figure 6 presents the confusion matrices for both
training and validation datasets. For training data, the
model correctly classified the TurnOff and TurnOn
classes at rates of 99.90% and 100%, respectively. For
the validation dataset, classification accuracy for the

TurnOff and TurnOn classes was 96.00% and 98.00%,
respectively.

TEM Journal —Volume 15 / Number 2 / 2026.

SVM (%)

TurnOff TurnOn
Predicted

KNN (%)

TurnOnt 20.49

TurﬁOff TurnOn
Predicted

classification using online camera

The slight decrease in accuracy (approximately
2%) observed during validation is attributed to the
relatively small size of the validation dataset
compared to the training dataset. Nevertheless, the
classification performance remained at a high level,
confirming the model’s suitability for deployment in
real-world applications.
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Training Confusion Matrix (%)

True label

- 40

-20

Tumoft TurnOn
Predicted label

100

Validation Confusion Matrix (%)

96.00

TurnOff

True label

- 40

TurnQn

98.00

=20

Turnoff Turmon
Predicted label

Figure 6. Confusion matrix of image classification using online camera and LDR sensor

The second component of this research involves
the implementation of digital image classification
within the web application to distinguish between the
TurnOn and TurnOff statuses of lighting, as illustrated
in Figure 7 and Figure 8. Figure 7 presents images of
classrooms and office spaces where the lights are
turned on; in these cases, the classification output is
displayed with a green status bar labeled “TurnOn.”

1
o
at

Detection Result
TumOn TurmOn
TurnOff TurnOff

Figure 7. Results of digital image classification in the case
of light turned on
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In contrast, Figure 8 depicts rooms where the lights
are turned off, and the corresponding classification
result is indicated by a red status bar labeled
“TurnOff.” The classified status derived from the
image detection and classification process is
automatically recorded in the database along with
relevant room information. These recorded data are
subsequently utilized in the carbon footprint
calculation module to estimate the greenhouse gas
emissions resulting from lighting usage in each room.

Detection Result Detection Result

Detection Result

Figure 8. Results of digital image classification in the case
of light turned off

TEM Journal — Volume 15 / Number 2 / 2026.
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The results of the web application developed for
calculating carbon footprint from lighting usage in
each room and building are presented in Figure 9.

This section illustrates the output of the system’s
carbon footprint computation module, which displays
data including Room Name, Building Name,
Electricity Consumption (kWh/day), Carbon Footprint
(kgCO2e/day), Latitude, Longitude, and Date. Room-
specific metadata such as Room Name, Building
Name, Latitude, and Longitude are retrieved from the
building’s room database. Electricity consumption is
calculated using the number of light bulbs, their
wattage ratings, and the duration of daily usage. These
parameters are obtained directly from the database,
which records lighting status and usage time based on
the detection system.

Electricity Usage and Carbon Footprint

Filter by Time Period: | Last7 Days B

Room Name Building Name Electricity Use (kWh/day)
LC207 LC Building 1.80
ub2s6 U Building 1.80
LC214 LC Building 1.44
uD266 U Building 1.08
LC210 LC Building 2.52
up2s7 U Building 2.52
Lc212 LC Building 2.16

Carbon footprint is computed by multiplying the
calculated electricity consumption by the emission
factor. For instance, operating ten 36-watt fluorescent
lamps for five hours results in an energy consumption
of 1.8 kWh (i.e., 10 x 36 W + 1,000 x 5 h). Using the
emission factor of 0.514 kgCO2¢/kWh (as defined by
the Thailand Greenhouse Gas Management
Organization), the resulting carbon emission is:

1.8 kWh X 0.514 kgCO,e/kWh = 0.9252 kgCO,e (3)

An example output is shown in Figure 9 under
Record 1. The web application is designed to support
data filtering by time range, enabling users to view
carbon footprint data on a daily, weekly, monthly, or
cumulative basis.

Carbon Footprint (kgCO,e/day) Latitude Longitude Date
093 9.0930 99.3559 2025-05-10
0.93 9.0946 99.3573 2025-05-08
0.74 9.0930 99.3556 2025-05-10
0.56 9.0944 99.3575 2025-05-05
1.30 9.0933 99,3554 2025-05-10
1.30 9.0946 99,3574 2025-05-09
111 9.0931 99,3554 2025-05-10

Figure 9. User interface of the web application displaying electricity consumption and carbon footprint per room
in each building

In addition to tabular data presentation, the
developed web application includes a dashboard
feature that visualizes spatial information using an
interactive map, as illustrated in Figure 10. The
dashboard displays Total Carbon Footprint,
representing the aggregate carbon emissions from
lighting usage across all rooms and buildings. It also
includes a Tree Required metric, which estimates the
number of trees needed to offset the total carbon
emissions generated by the use of light bulbs. The map
visualizes the carbon footprint of each room through
color-coded markers: green, orange, and red.

TEM Journal —Volume 15 / Number 2 / 2026.

These markers represent increasing levels of carbon
emissions, with red indicating the highest electricity
usage and, consequently, the highest carbon footprint.
This visual format allows users to quickly assess the
relative environmental impact of each room, providing
intuitive insight and supporting decision-making
related to energy management and sustainable lighting
practices. The spatially explicit visualization also
facilitates the formulation of targeted policies for
managing electricity usage at specific times and
locations and can be integrated with other
sustainability-related data to support green office
initiatives.
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% Carbon Footprint Monitoring Dashboard
@

Total Carbon Footprint

10.58

Figure 10. Interactive dashboard visualizing room-level footprint from electricity consumption across buildings

Furthermore, the web application includes an
executive-level dashboard that highlights the building
or facility with the highest electricity consumption and
associated carbon emissions, as shown in Figure 11.

This feature is restricted to Executive users and is
intended to provide strategic insight for policy
development aimed at reducing organizational carbon
footprints and advancing progress toward the
Sustainable Development Goals (SDGS).

™ Building with Highest Carbon Footprint (Buffer Visualization)

Trees Required

1
at 21 kgCO frealyear

Figure 11. Dashboard highlighting the building with the maximum carbon footprint

4.2. Discussion

The findings of this study demonstrate that the
proposed web application is capable of accurately
classifying the on/off status of light bulbs using
images captured from an online camera in conjunction
with an LDR (Light Dependent Resistor) sensor. By
applying a Convolutional Neural Network (CNN)
model to process the images, the system achieved a
classification accuracy exceeding 95%. These results
validate the system’s suitability for generating input
data for calculating carbon footprint values associated
with lighting usage in each room and building.
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When compared with prior research, the findings
reveal both consistencies and novel contributions. In
alignment with previous studies, the research confirms
that machine learning techniques can effectively
classify the status of different types of lights from
digital images with high accuracy [22], [23], [24],
[25], [26]. Additional studies have also reported high
performance in image-based lighting classification,
further supporting the present findings [27].
Additionally, the application of modern sensing and
computing technologies enables the monitoring of
electricity usage without requiring the installation of
traditional power meters in every room - an approach
particularly beneficial for older buildings or those
with budgetary or technological constraints [11], [12],
[13], [14], [15].
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Further related work has emphasized similar
advantages when integrating loT-based sensing
systems in electricity monitoring applications [16].
However, the present study also addresses certain gaps
not fully explored in earlier research. While many
loT-based studies have focused solely on measuring
electricity consumption, they have generally not
incorporated methods for calculating associated
carbon footprints [17]. Likewise, most research
involving image processing has concentrated on
lighting detection in vehicles and traffic control
systems [22], [23], [24], [25], rather than in indoor
environments for sustainability monitoring [26], [27].
The distinctive contribution of this research lies in the
development of a functional web application that not
only performs real-time image-based lighting
classification but also integrates carbon footprint
calculation and visualization. This extends beyond
previous works, which have typically focused on
electricity consumption without translating that data
into environmental impact metrics. Nonetheless, one
limitation of the current study is that it focuses
exclusively on lighting systems and does not account
for electricity usage from other types of electrical
devices. Future work should aim to expand the
system’s capabilities to include broader categories of
energy consumption for a more comprehensive
assessment of organizational carbon footprints.

5. Conclusion

This study presents the development of a web-based
application for classifying the on/off status of light
bulbs using machine learning techniques. Several
algorithms were evaluated, including CNN, SVM, RF,
KNN, and Gradient Boosting, applied to digital images
captured from an online camera in combination with
an LDR sensor. The classified lighting status was
subsequently used to calculate the carbon footprint
resulting from electricity usage in each room.

The results demonstrate that the proposed
application can accurately distinguish between light-
on and light-off states, reflecting the actual electricity
consumption of lighting systems in real time. The
system achieved high classification accuracy and
effectively visualizes the carbon emissions associated
with lighting usage for each room and building. These
capabilities provide actionable data that support
energy-saving initiatives, green office operations, and
progress toward sustainable development goals
(SDGs).

Future research should focus on extending the
system by integrating additional loT technologies,
such as the PZEM-004T sensor, to measure voltage
and power consumption from other types of electrical
devices.

TEM Journal —Volume 15 / Number 2 / 2026.

This would enable comprehensive monitoring and
calculation of total organizational electricity usage and
corresponding carbon emissions. The integration of
such data with the current application would further
enhance the system’s utility, providing a completer and
more robust platform to support environmental
sustainability and organizational energy management.
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