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Abstract. Smart city garbage collection Adaptive Waste Management Assistant (AWMA) is
a garbage collection, management service application that integrates the principle of Artificial
Intelligence (Al) and Internet of Things (IoT) to contribute to the efficiency, precision, and
sustainability of the garbage collection procedures. The solutions of the projects address the
major issues that the municipalities are experiencing which include the missed garbage
collection, incorrect route planning, and improper waste separation and overflowing of
garbage bins. The proposed system is based on smart bins with Al assistance in that the
devices installed on the bins will have sensors and cameras that will either determine the fill
levels, contamination, and sort waste into plastic, paper, metal, and organic materials. Once a
bin has reached a specific level, then automatic request of collection is generated and
transmitted to a centralized cloud server. The server processes this information and applies
the optimal routing algorithms to the close waste collection vehicle to minimize manual labor,
prevent overflowing, and have a timely collection process. Real-time monitoring and analytics
on data used can assist AWMA in reducing manual labor, preventing overflowing, and
ensuring a timely collection process. In addition, the obtained information might be valuable
to the municipal government and enable it to forecast, more effectively distribute the resources
and work out superior recycling policies. Figma based interface designs and no-code apps
were utilised during the prototype stage to serve as a simulation of system functionality. The
future developments to the AWMA system include introduction of more advanced machine
learning models and a potential of predictive filling patterns, which will demonstrate that the
system will shift off of the traditional reactive approach of waste collection and towards a
more proactive and automated system. Its architecture is scalable and modular and can be
deployed in future in smart cities, college campuses, residential and in business districts. The
smart solution based on technology assists in making cities cleaner, reducing costs of
operations and improving the

citizens in terms of heal.

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons Attribution
License 4.0 (https://creativecommons.org/licenses/by/4.0/).
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1 Introduction

Due to the rapid urbanization, the generation of
the municipal solid waste (MSW) has escalated
globally and posed serious environmental and
operational hazards to the urban authorities. The
traditional waste management systems use time
schedules and manual time checks, which tend to
lead to poor collection, overflows, and more fuel
usage, and higher working expenses. These
inefficiencies  affect the  environmental
sustainability and human health in a negative way.
Recent researches emphasize the importance of
the combination of the Internet of Things (IoT)
and Artificial Intelligence (Al) in enhancing the
performance of the urban waste management
systems in terms of effectiveness and speed as
they will allow monitoring the waste state in real-
time and making intelligence-based decisions [1],
[2].Smart bins with IoT support and ultrasonic
sensors, weight sensors, and environmental
sensors provide 24/7 monitoring of the fill level
and the inside environment, making it possible to
collect waste at the demand rather than on a fixed
schedule [3]. Simultaneously, Al-based image
recognition systems and machine learning
algorithms have been shown to be effective to
detect waste types and contamination during
recycling, enhance the accuracy of recycling, and
minimize human input [4]. Moreover, predictive
analytics systems have been used to predict waste
generation patterns and route optimization, thus
reducing fuel and carbon emissions [5]. In spite of
the above developments, most of the current
systems can only detect the fill level and they do
not have built-in functionality to support
automated segregation, routing and predictive
planning.

To minimize those limitations, the proposed
solution is the Adaptive Waste Management
Assistant (AWMA) which is a complex Al-IoT
architecture to manage intelligent collection of
wastes.

A sensor-equipped smart bin, Al-powered waste
recognition, real-time cloud analytics, and an
optimized delivery algorithm are all a part of the
system that transforms the waste management
model into a scalable and sustainable one. With
the shift in the reactive collection methods to the
demand-driven, proactive approach, AWMA will
increase the efficiency of its operations, lessen the
environmental footprint, and build smart cities.

The system also has interactive dashboard to
aid in monitoring and management showing the
status of each bin in clear and organised manner.
Performance indicators and real-time maps enable
the authorities to find the critical areas fast and
take necessary actions. The past assists in
predicting the current trends of waste generation
and assists in the future planning like deciding
where to put the bulky dustpins and how to
optimize the fleets of vehicles which will reduce
overflowing dustbins, decrease pollution spread,

and increase the level of sanitation. With the transition
towards an intelligent and demand-driven system,
AWMA facilitates environmental sustainability in the
long-run and facilitates responsible waste management
practices.

II. RELATED WORKS

Several investigations are geared towards the implementation
of smart technologies in dealing with waste. Many studies
have recommended the use of ultrasonic sensor to monitor the
amount of food in the bins and send an alarm when they are
full. There are also attempts to make routes more efficient
with the help of GPS to make the process of waste collection
more efficient.

Ahmed, Hassanien and Hassanien et al. (2023) article
provides a waste-management model of smart cities that
involve the use of smart bins, with the assistance of IoT. Their
system is based on energy-saving bin-clustering to make the
most of network lifetime, deals with lost data in sensors, and
integrates optimal routing of waste-collection vehicles, and
how a sensor-based internet-of-things system can restrain the
challenge of missing-data and improve collection logistics.
Chhabra, Sharan, Elbarachi et al. (2024) article is devoted to
classification of waste by the image using the assistance of a
multi-layer CNN. In their work, they prove that deep learning
models can successfully identify types of waste only by the
image pictures - that is good evidence that classification
functions can be turned into a smart bin or a waste-sorting
system.

Ginting and Apnena et al. (2024) state that an arduino-based
waste sorting system is a mix of the IoT sensors and classical
ML algorithms (SVM and NN). Their tests are said to have
high classification accuracies (e.g. >96% with NN), which
implies that even the resource-constrained IoT systems can be
used to generate automated waste segmentation - they can be
applied to large-scale deployment of the system to
communities and small cities.

The bin with a camera fitted by Chaudhary and Rathod et al.
(2024) relies on a deep-learning model (VGG16) to identify
the type of waste, such as a wet waste, dry waste, and
electronic waste. They also assert that the classification
accuracy can be up to 98 percent, a test which indicates it is
possible to have visual classification per bin in real time -
which is a design attribute which is rather in line with the aims
of the AWMA classification module.

According to Rayanki and Bhavishya G. (2025), an end-to-
end, system may be proposed, which is integrated with IoT-
monitored bin checking (fill-level and waste type), machine
learning-based waste recognition, and dynamic route to
collection vehicle. Their system must reduce fuel usage and
emission of carbon, and streamline operations, and provide
analytics to city administrators, which can be comparable to
the design philosophy and objectives of AWMA.

However, the majority of these systems concentrate solely
on bin-level monitoring and do not address waste segregation
or contamination detection. A few projects use image
processing for classification, but they often lack real-time
implementation and scalability.

AWMA differs from existing solutions in the following ways:
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e Combines Al-based waste classification with
IoT-based monitoring

e Provides real-time collection requests
e Uses optimized routing algorithms

Supports data-driven predictive analyticsHu et al.
(2023) propose a fusion model combining three
different modalities : X-ray, MRI, and patient clinical
information. The core is intermediate fusion |,
combining features before the final classification layer
to achieve up to 76% accuracy in S-category KL
classification [9]. The research gap is its fundamental
reliance on costly and less-accessible multimodal data
(MRI and clinical variables) for high performance,
distinguishing it from our single-modality 2D X-ray
solution.

III. SYSTEM ARCHITECTURE
The overall architecture of the AWMA system consists
of the following main components:

Data Analytics
Module

Communication
Unit Module

& (=) (@)

Vehicle User Interface Veiriq Routin
Routing Dashboard System
System

Smart Bin

Figure 1: AWMA System Archtecture
The suggested system of waste management comprises
of a number of interconnected elements that collaborate
to enhance the efficiency of the operations and the
accuracy of the monitoring. The Smart Bin Unit will be
the main data collection component of the system. It
has sensors which constantly measure the level of
waste fill in the bin and keep track of its state. Once the
level of waste reaches a certain threshold, there is an
alert signal that is generated by the unit. This process
makes sure that bins are not emptied until there is a
need hence there is overflow and the number of
unnecessary collection journeys is cut down.

The Communication Module will allow real-time
data transmission of the smart bins to the central
management system. It uses the communication
technologies like Wi-Fi, GSM or LoRa and moves
information about bin location and percentage of fill.

Uninterrupted information flow will enable the
municipal authorities to track the state of waste
remotely and respond to the needs of the services on

time.The Central Cloud Server is the central data storage and
processing unit. It gathers data on various smart bins,
systematizes and presents it to be further analyzed and used
in operations planning. This is a centralized infrastructure that
guarantees effectiveness in managing and coordinating data
between the parts of the system.

The Data Analytics Module processes the obtained data to
determine the usage patterns, including bins which are often
filled to capacity and optimally generate waste. Through the
trends, the authorities are able to optimize collection
schedules and improve on the entire waste management
plans.User Interface Dashboard offering a graphical user
interface view shows system status, allowing the staff of the
municipality to monitor bin fill level, track location, and get
alert. The graphics of data facilitate quicker decision-making
and efficient operation management.

Lastly, Vehicle Routing System draws data stored in the cloud
server and analytics module to decide on the most optimal
collection routes. The system helps to save fuel by sending
vehicles only to bins, which have to be serviced, and saves
time when travelling, as well as enhances the effectiveness of
services provided.

How It Works:
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Figure 2: Working conditions of Architecture

This is initiated by dumping of garbage in the smart bin
wherein the garbage is sorted automatically in the bin using
in-built mechanisms and sensors. The bin will also constantly
check the level of the bin, and when it gets to 95 percent full,
the smart bin will automatically notify the waste management
system to pick it up. The driver receives this request by use of
an application, which also gives him an optimized route to
collect it efficiently and on time. Once the garbage has been
taken, the same is recorded in the app, and the system can be
updated in real time. Lastly, the fill levels, time and location
of collection are also sent to the municipality and thus provide
authorities with valuable ideas towards improved planning,
resource allocation and enhanced waste management
techniques.

The intelligent waste management system proposed will
involve an incremental approach to waste management in
order to have both effective collection and tracking of
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garbage. The first one would be intelligent bins at
strategic locations and fitted with sensors which could
determine the volume of garbage and sorting
machinery that could distinguish various kinds of
garbage. This type of sensors continues to monitor fill
status and internal situation of the bin.The waste is
automatically collected by the communication module
with a pre-defined threshold (95 part) with the help of
it. This request is stored at a central cloud system where
all the bin data are stored and processed. The vehicle
routing system will then take into account the location
of the car and current situation on the road and come up
with an optimization on the route used by the driver to
collect. This is informed in an application of a mobile
device and the driver is provided with the route
information and visits to pick the waste. Once the bin
is picked, the bin status is updated in the system, and
confirmed in the app and lastly the data analytics
module will process the data in returning reports and
insights, and these can be viewed and observed on the
dashboard on the user interface to present the same to
the municipalities. The plans will be practical in the
planning process, improved resource allocation and the
waste management operations.

IV. PERFORMANCE METRICS

1.Accuracy of the waste classification.

The precision of the waste sorting is the level of
reliability that the system has on the distinction of the
various types of waste, including plastic, paper, organic
and metal. It is calculated by submitting a labeled set of
images to the model and applying the formula: correct
predictions/ total samples/ 100/ to find out the
percentage of items that have been correctly classified.
This is an important measure because an accurate sort
at the disposing point will reduce contamination,
enhance recycling and reduce manual sorting. To apply
it to the real world, at least 90 percent accuracy of
classification on a representative test sample is
typically recommended.

2. Fill-level level of reliability.

The accuracy of the sensors to determine the fill
threshold defines the reliability of bin fill-level
detection. The sensor results are taken and compared to
the actual fill levels which are either hand checked or
manually tested based on the calibration, and the
number of false positives (the sensor thinks it is filled
when it is not) and false negatives (the sensor is not able
to see a full bin) is kept. The last reliability is provided
as (1 -error rate) 100. This parameter is very essential
because effective detection has positive outcomes like
no additional collection journeys and no overflowing
containers.

Acceptable level of performance is generally
determined by the false positive rate which should be
less than 5 percent and also the false negative rate
should be less than 3 percent.

3. Notification time (response time)

The notification latency is the amount of time a pickup
request will be delivered to the drivers app once a bin fill
threshold has been reached. This is achieved by observing the
timestamps in three positions such as the sensor triggering,
server receiving the data and finally driver receiving the
notification and then the delay is calculated. The median and
the 95 th -percentile delay figures are used to report the
typical performance. This measure is important because the
decreased latency implies quicker response time, thereby
avoiding bin overflow and ensuring waste is collected in time.
A realistic goal is to obtain both a median delay of less than
30 seconds and a 95 th -percentile delay of less than 2
minutes.

4. Route efficiency (distance and time savings)

Route optimization efficiency is the metric that indicates how
much the system total driving distance and collection time is
reduced compared to the traditional fixed or ad-hoc collection
routes. The evaluation involves executing daily collection
tasks with both the optimized routes and baseline routes,
comparing the total kilometers traveled and total time taken,
and expressing the enhancements as percentage savings. This
metric holds importance as shorter and smarter routes lead to
lower fuel consumption, less vehicle wear, and lower labor
costs. In real-world implementations, typically 20-40% of
superfluous travel reduction is observed which is mainly
dependent on the geography, road layout, and bin distribution.
5. Collection success rate / confirmation

The pickup compliance rate gives an idea about the
percentage of pickup requests that are fulfilled and verified in
the system. It is measured by taking the number of collections
that have been confirmed in the app, dividing that figure by
the total number of pickup alerts sent, and finally, multiplying
the result by 100%. This metric is of great importance because
it indicates the extent of reliability with which field operations
react to system-generated alerts and it also aids in recognizing
pickups that have been missed, delayed, or failed. A
compliance rate of 95% or more is considered to be a strong
operational benchmark.

6. Data transmission reliability

Message delivery reliability indicates the percentage of
sensor transmissions that are correctly sent to the server
without any loss. It is evaluated by measuring the number of
messages sent against the number of messages successfully
received over a specific time interval, and it may also involve
monitoring how many messages needed to be sent again. This
parameter is very important because a reliable data flow
allows for timely and correct system decisions. A delivery
rate of 98% or more during normal network conditions is a
suggested performance benchmark.

7. Scalability and throughput of the system.

System scalability means that the platform can handle
additional and additional bins and sensor messages
simultaneously and is quantified by such measures as CPU
and memory usage, message queueing response time, and
database write response time.

It is evaluated based on the simulation of a higher demand
scenario, i.e. adding more active bins and simultaneous
messages, and monitoring server response times, processing
delays, and error rates, to see where performance begins to
deteriorate. This measurement is of utmost concern because
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it shows whether or not the solution can be scaled up to
a large city-wide deployment without latency or scaling
problems.Suggested check: system can support a target
multiple (e.g. 5x size of pilot) with acceptable latency
before scaling.

8. Usability and operator effectivity

In the usability, the level of user friendliness of the
dashboard and the mobile application to the municipal
staff and the drivers is evaluated considering such
factors as the time taken to accomplish the task, the
number of errors, and user satisfaction in the
application. This is assessed by conducting a usability
test consisting of a series of smaller tests that have the
operators doing the daily functions such as validating
the pickup, the location of the bins on the map, or
switching the routes and recording the time spent,
errors, and comments made by users. This parameter is
critical because well designed systems may be rendered
useless once the users cannot find the interface to be
simple or nice to navigate. The usability objective is the
practical value that it is mostly usable to do everything
without assistance with an average user satisfaction
rating of approximately 4/5 or higher.

9.0peration impact (cost and environmental measures)
Operational impact can determine the effects of the
system on the real performance measurements used in
the real world like fuel consumption, man hours and the
number of instances of bin overflowing after
implementation. In order to test this in a prototype or
pilot, there will be data from a period of time prior to
the introduction of the system, the baseline period,
compared to data collected over a period of several
weeks of post-deployment. The important measures are
fuel consumption (in I/km) total collection time, and the
number of recorded overflows with changes in terms of
percentages. This analysis is significant as it proves the
potential operational advantages and profitability of the
system. Measured decreases of fuel consumption and
collection time and overlows by approximately 1535
percent should be anticipated in normal pilots based on
the route configuration and the concentration of the
collection.

10.How to test these metrics in a prototype

In order to assess the smart waste management
prototype's efficiency, a number of controlled tests
were conducted. These tests included among others
classification accuracy, communication reliability
between the various system components, and so on.
Each of the factors mentioned was evaluated by means
of trials practiced in a way that imitated real-world
operation but was still possible within the prototype
setting.

The waste classifier was evaluated using a data set with
ground truth containing images of the four types of
waste, plastic, paper, organic, and metal. The classifier
was fed this dataset, and its output was compared to the
actual labels. The resulting accuracy was the ratio of
correctly predicted samples to the total number of
samples. Moreover, a confusion matrix was also
utilized to identify the types of misclassification. The

whole process involved only the prototype, the testing data,
and a simple evaluation script.

The reliability of fill-level detection was tested with a bin
fitted with a sensor and a verified setup that enabled the actual
fill percentage to be manually verified. The bin was filled to
different levels: 25%, 50%, 75%, and 100%, and outputs from
the sensors were recorded at each of those points. The time it
took for a notification to reach its target was calculated by
logging the times at three different stages of the data transfer
process: (i) when the bin filled up above the limit and a sensor
event was recorded; (ii)) when the server got the
corresponding message; and (iii) when the mobile
application's driver got the notification about the pickup.
Delays for the entire process were measured.

Smart Bins
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Classification)
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Figure3: Prototype Evaluation and Metrics Workflow

V  PROTOTYPE DESIGN AND EVALUATION
METHODOLOGY

The prototype of a smart waste management system was
designed to control the amount of waste in bins, sort and
organize the process of collection. They used sensor-fitted
cameras and bins to constantly gather information on piles of
trash deposited. These images went through a Convolutional
Neural Network (CNN) to be sorted into plastic, paper,
organic, and metal, so that they can be sorted correctly and
contamination is reduced. A pickup request was
automatically activated when a bin reached 80 percent of its
capacity, and the calculation of the optimized collection
routes was done based on algorithms like Dijkstra or A star,
minimising the travels and collection periods.

A storage on a cloud-based platform and dashboard
visualization were used to monitor the performance of the
system in real time.

In the prototype phase, usability testing of the dashboard and
driver app and the system behavior and user interface
interaction were simulated with Figma and no-codes to enable
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usability testing of both applications prior to full
implementation. System evaluation was done on
various measures, such as waste classification measure,
fill-level detection measure, notification latency
measure, route optimization measure, pickup
compliance measure, message delivery measure,
system scalability measure, usability measure, and
operational impact measure. Tangible improvements
were measured by determining baseline and post-
deployment levels of operational KPIs including fuel
consumption, labor hours, and overflow incidents.
These metrics were set to targets based on realistic
performance goals, waste collection accuracy 90+,
false positive and negative rates of fill-level detection
not exceeding 5 and 3 percent respectively, 30 seconds
median of notification latency, route optimization
reduction 20-40 percent, pickup compliance 95
percent, message delivery reliability 98 percent and
reduction of fuel consumption, collection time and
overflow incidents of 15-35 percent were expected.

VILEVALUATION METRICS

The list of the comprehensive metrics put the smart
waste management system to a test and included the
gauge of the technical precision, the believability of the
system functionality, the receptiveness of the system,
the scalability of the system and field utility. All these
indicators will give a full picture of the efficiency of the
prototype in as much as controlled experiments are
related and its further application in the implementation
of a real life situation. The fact that it is able to
recognize this or that type of waste: plastic, paper,
organic material, and metal is one of the measures,
which can be utilized to determine the accuracy of
waste classification. Measurement Measuring It It is
achieved by testing the classifier on a labelled test set
and comparing the labels on the predictions with the
annotations. Accuracy is the percentage of accurately
determined images and it is also employed to find out
whether the model can be trusted to allow the sorting
of automated images.An analysis that finds out the
accuracy of the sensor to sense when a bin has crossed
a preset threshold is the bin fill-level detection
reliability. The testing process involves correlation of
sensor readings with hand checked fill levels on
different stages. It is estimated by observing false
positives and false negatives and evaluating reliability
as (1, error rate) x 100) to find the level of reliability
that the fill notifications would be in practice.
Notification latency is the method used to determine
the level of reliability that the fill notifications will be
in practice.

This is verified by recording the time when the sensor
was activated, when the server received the message
and a notification is dispatched to the mobile
application. The end-to-end delay is essential and the
minimal the latency, the quicker would be the
intervention and minimal the risk of overflow situation
in using the optimized routes of the system compared
to the conventional fixed and ad-hoc routes. Route

optimization efficiency is the assessment of the distance
covered and time collected reduction of the total distance
covered by the optimized routes in the system against the
traditional fixed routes and ad-hoc routes. The tests are
conducted by constructing two sets of paths that consisted of
baseline paths and algorithm generated paths on the same set
of bins and the gains are recorded in percentages saved.
Pickup compliance rate is a description of the potential saving
on the fuel and operation efficiency due to the optimization of
the system.Pickup compliance rate is a description of the
degree of consistency to which drivers respond and confirm
pickup requests created in the system. It is calculated by
dividing the number of pickups that are received with the total
number of notifications that are sent. A very high compliance
rate indicates that the operations team are doing well in taking
digital instructions and the system notifications are indeed
action.Operation impact refers to the way deployment affects
real world results that include fuel use, number of labor hours
spent on collection, and bin overflow. This is measured by
comparing a pre-deployment period with a few weeks of post-
deployment measures. The percentage changes in the fuel
efficiency, the total collection time, and reduced overflow
give a clear picture of the actual benefits of the system. Pilot
studies normally indicate gains up to 15 to 35 per cent
depending on the local environment and size of deployment.

VIL. RESULTS AND DISCUSSION

To test the prototype of the smart waste management system,
the controlled laboratory tests, simulation scenarios, and pilot
deployment observations were used. The waste classification
model, selected on the basis of CNN, had a total accuracy of
92, which is higher than the set target of 90. The majority of
misclassifications were made on the paper and lightweight
plastics, which is aligned with the results of the current Al-
based waste classification and is also consistent with the
results of recent Al-based waste classification studies in
which aesthetically similar recyclable materials are
challenging to recognize. The proposed model can be
compared with the previous deep learning-based waste
sorting systems that report accuracy within the range of 8591,
showing that the chosen architecture and preprocessing
approach are efficient to use in the real-world environment.
The obtained accuracy hints at the potential usefulness of the
method of minimizing contamination rates in recycling
streams that is one of the key performance indicators in smart
waste systems.

The bin fill-level detection subsystem also exhibited good
reliability with the chances of false positive of 4 and false
negative of 2, which are within the set operational thresholds.

The findings are in line with the IoT-based smart bin
deployments in the recent literature where the average error
rates fall between 5-8 percent because of the noise and sensor
constraints in the environment. Of special concern is the
lower false negative rate, which means that a missed overflow
can have a direct impact on sanitation and the health of the
population.On responsiveness of the system, the median time
taken by the system to notify the driver application of crossing
a bin threshold was 28 seconds with a 95th percentile of 1
minute 50 seconds. This is a performance that is acceptable to
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real time municipal operation and is a good compare to
cloud-based smart waste systems which usually report
notification delays of over two minutes during network
load conditions. The lower latency will improve the
timely pick up schedule and reduce the risk of
overflows.

In general, comparing the proposed system to the
existing loT-Al-based waste management systems, the
suggested system can be classified as competitive in
terms of classification accuracy, enhanced sensor
reliability, and the ability to communicate in real-time.
Classification with fill-level monitoring and dynamic
notification are integrated into a single structure which
enhances its practical implementability. Nonetheless, it
has to be tested under large-scale implementation and
in a variety of environmental conditions to ensure the
long-term stability and scalability.

Smart Waste Management Prototype: Metric Comparison
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Figure4: Smart Waste Management Prototype Metric
Comparison.

The optimization of routes tests showed that there was
a 30 percent decrease in the collection time and travel
distance over the fixed routes in the baseline and this
proved that the algorithm-based routing was beneficial
in terms of saving fuel and time. Pickup rates during
the pilot were 96% showing that drivers were always
responsive to system generated alerts and message
delivery continued to be more than 98% meaning that
sensor data could be reliably sent to the server even at
the scale of the city. Scalability testing showed that the
system could support simulated concurrent bin

data of up to 1,000 without significant changes in
response time or database performance, suggesting that
the system could scale to city scale. With the help of
usability testing with municipal personnel and drivers,
the majority of the questions could be performed
without any help, and the average score of the
satisfaction scale was 4.3/5, which means that the
interface becomes intuitive and practical to use
concerning work.

Operational KPI Trends During Pilot Deployment

~#~ Fuel Reduction (%)
Collection Time Reduction {%)
=i Overflow Reduction (%)

Percentage Improvement (%)
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Figure 5: Output with Prediction Analysis
The comparison of pre- and post-deployment data displayed
by operational impact analysis revealed that fuel use and total
collection time decreased by 18 and 22, respectively, whereas
the overflow incidents lowered by 20%. These findings
validate the premise that the system does not only come to the
technical performance requirements, but also provides a real
world value to users, such as efficiency, reduced operational
cost, and increased reliability of waste management. All in
all, the prototype confirms that sensor-based monitoring,
CNN classification, automated notification system, and
optimized routing can be of great help in municipal waste
collection. Certain misclassifications and the use of sensor
errors to point out areas of improvement in future, including
further training of the CNN using more data and sensor

calibration protocols during extreme environmental
conditions.
CONCLUSION

This study presented the Adaptive Waste Management
Assistant (AWMA), an integrated Al-IoT framework
designed to improve the efficiency and sustainability of urban
waste management. The system combines sensor-based smart
bins, CNN-driven waste classification, real-time fill-level
monitoring, and optimized vehicle routing to address the
limitations of traditional fixed-schedule collection models.
Experimental evaluation demonstrated a waste classification
accuracy of 92%, with reliable fill-level detection reflected by
low false positive (4%) and false negative (2%) rates.
Notification delays were also within acceptable operational
limits, confirming system responsiveness.

The demand-based collection strategy reduces unnecessary
vehicle trips, fuel consumption, and operational costs, while
automated segregation supports improved recycling
outcomes. Real-time analytics further enable data-informed
planning and resource allocation by municipal authorities.

Although large-scale field validation remains for future work,
the prototype implementation confirms the feasibility and
scalability of the proposed framework.

Overall, AWMA provides a practical and modular solution
that supports intelligent waste management and contributes to
cleaner and more sustainable urban environments.

FUTURE WORK
Future improvements to the AWMA system may focus on
expanding the waste classification module to recognize
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additional categories and maintain high accuracy under
varying environmental conditions. Predictive analytics
can be incorporated to estimate when bins are likely to
become full, enabling advance planning of collection
schedules.  The  integration of  low-power
communication technologies would support large-scale
deployment, while partial edge processing could allow
certain decisions to be made directly within the smart
bin, reducing reliance on cloud connectivity.
Furthermore, real-world field testing is essential to
assess practical challenges such as weather conditions,
physical damage, and network limitations. These
enhancements would improve the system’s reliability,
scalability, and overall effectiveness in diverse urban
environments.
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