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The object of this study is the municipal solid waste
management system within a modern urban environ-
ment, where rapid urbanization and population growth
pose significant challenges to ecological sustainability.
The key problem addressed is the inefficiency of waste
collection due to overflowing containers, poor route plan-
ning, and suboptimal resource allocation. To tackle these
issues, an intelligent waste monitoring system has been
developed that integrates Internet of Things (IoT) tech-
nologies, computer vision, data analytics, and a Regional
Geographic Information System (RGIS). The system
includes a computer vision model that analyzes images of
waste containers to determine their fill level. Fine-tuning
the model on locally collected image data, reflecting
regional characteristics such as lighting, container types,
and weather conditions, significantly improved detection
accuracy and adaptability. Route optimization for waste
collection is implemented using a mathematical formula-
tion of the Traveling Salesman Problem (TSP), solved via
Mixed Integer Linear Programming (MILP), which helped
reduce fuel consumption, travel time, and staff workload.
Integration with RGIS and GPS enables dynamic rout-
ing and real-time geospatial visualization of operational
data. The proposed system forms a closed-loop control cycle
that links automated detection, spatial analysis, and deci-
sion-making. Experimental results demonstrate high effi-
ciency, adaptability to regional conditions, and scalabili-
ty, confirming the system’s practical applicability to other
urban areas. In the future, the system may be expanded
to include environmental monitoring modules such as air
quality, noise, and soil conditions and predictive modeling
of waste generation, thereby supporting the sustainable
development of smart city infrastructure
Keywords: monitoring system, waste management,
geographic information system, routing, container, detec-
tion
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1. Introduction

In recent decades, urbanization has intensified pressure on
infrastructure, services, and ecosystems, particularly in large
and rapidly growing cities. Among the most pressing urban
challenges is the effective management of municipal solid
waste (MSW), which directly affects environmental sustain-
ability, public health, and the quality of urban life. According
to the World Bank, global MSW generation is projected to
increase by nearly 70% by 2050, reaching 3.40 billion tons
annually [1]. This trend is particularly critical for developing
countries, where the growth of waste volumes often outpaces
the development of efficient waste management systems.

Poorly managed waste leads to serious consequences: over-
flowing containers, illegal dumping, odor pollution, and in-
creased incidence of disease due to contamination and pests [2].
Municipalities face significant economic burdens in trying to
maintain regular waste collection using conventional systems,
which often lack the flexibility to adapt to real-time waste ac-
cumulation patterns. This results in both under-serviced and
over-serviced areas, wasting resources and reducing operational
efficiency [3].

Smart city technologies have emerged as a promising solu-
tion to these challenges. The integration of computer vision, the
Internet of Things (IoT), and regional geographic information
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systems (RGIS) into waste management allows for dynamic, da-
ta-driven decisions. These technologies enable real-time detection
of bin fill levels [4], route optimization for collection vehicles [5],
and better resource allocation based on spatial data [6]. Numerous
studies confirm that such digital approaches can reduce costs, im-
prove service reliability, and minimize environmental impact [7].

At the same time, the scientific field exploring intelligent
waste monitoring remains highly active. Innovations in ma-
chine learning models for object detection, adaptive sensor net-
works, and geospatial data integration continue to improve the
precision, scalability, and automation of these systems. Despite
advancements, there are still unresolved questions regarding
system integration, scalability in diverse environments, and
adaptation to local infrastructure and behavioral patterns [8].

Therefore, research on the development of intelligent waste
monitoring systems that integrate computer vision, RGIS, and
IoT technologies remains both scientifically relevant and practi-
cally essential for sustainable urban development.

2. Literature review and problem statement

In [8], the Regional Geoinformation System (RGIS) of
Aktobe was presented as an example of how municipal data
can be integrated into a unified digital platform. Although




the system supports spatial planning, it has yet to incorpo-
rate Al-driven waste detection, limiting its application for
real-time operations The Roboflow-trained object detection
model referenced in [9] offers a cloud-hosted framework
for trash classification with over 2,500 annotated images.
While this supports model training and prototyping, prac-
tical deployment at the city scale still requires adaptation
to local contexts and real-time processing capabilities. The
paper [9] presents the results of research on MRS-You Only
Look Once (YOLO), an improved YOLOv8-based model for
litter detection. It demonstrated significant performance,
achieving a mean average precision (nAP) - 74.5% mAP@0.5
and 65.5% mAP@0.5:0.95 on a custom trash dataset. This
shows the growing capability of deep learning in object-level
waste identification. However, unresolved issues remain re-
garding model generalizability across diverse environmental
conditions and types of garbage beyond what the dataset
includes. In [10], the authors introduced Skip-YOLO, a mod-
el tailored to domestic waste detection in complex scenes,
which achieved an impressive 90.38% mAP@0.5. While the
performance is high, the system was evaluated under limited,
controlled scenarios, and its integration with broader urban
systems was not addressed, limiting real-world applicability.
Study [11] used a YOLOvS5s-based model enhanced with at-
tention mechanisms to detect rural waste in real time. With
a speed of 0.021s per frame and 96.4% accuracy, the study
confirmed the feasibility of deploying lightweight models
in constrained environments. However, it focused solely on
bin contents and did not address surrounding or illegally
dumped waste, which is a frequent concern in urban settings.

Technological competence and interdisciplinary integra-
tion are increasingly relevant in the development of smart
infrastructure solutions. As demonstrated in [12], robotics
and intelligent systems are critical in preparing future
professionals for high-tech environments. By analogy, the
deployment of IoT-enabled smart bins requires not only tech-
nological infrastructure but also skilled personnel capable of
maintaining and adapting such systems in dynamic urban
contexts. The paper [12] emphasizes the role of artificial
intelligence in optimizing waste logistics. It is shown that
Al-enabled routing can reduce route length by up to 36.8%
and save around 13.3% in costs. Yet, the study treats waste de-
tection and route optimization as separate modules, leaving
open the challenge of closed-loop integration that responds
in real time. In [13], a knapsack-based optimization model
was proposed for prioritizing hazardous waste pickup using
data from smart bin sensors. It increased collection effective-
ness by 47%, yet required costly, specialized hardware. This
highlights a key obstacle: many IoT-based systems demand
infrastructure investments that limit their deployment in
cities with budget constraints.

Research [14] explored route optimization for municipal
solid waste collection in Jabalpur using ArcGIS. It demon-
strated that spatial analysis tools can significantly reduce fuel
consumption and travel time. However, the method relied
on fixed bin schedules and did not adapt to dynamic waste
conditions, reducing its flexibility.

All this suggests that although substantial progress has
been made in individual components - such as object de-
tection or route optimization - there remains a significant
research gap in the integration of these technologies into a
unified, cost-effective, and scalable smart waste monitoring
system. Objective barriers include infrastructure limitations,
integration complexity, and cost of real-time data processing.

Therefore, it is advisable to conduct a study on the develop-
ment of intelligent waste monitoring systems that combine
regional GIS platforms, computer vision, and IoT-based
optimization within a closed feedback loop suitable for mu-
nicipal-scale deployment.

3. The aim and objectives of the study

This study aims to develop and evaluate this is superflu-
ous an intelligent waste-monitoring system. This triadic inte-
gration is expected to enhance the operational efficiency and
real-time responsiveness of municipal solid-waste manage-
ment. Consequently, the study advances the environmental
sustainability agenda underpinning contemporary smart-city
services. This will allow municipal authorities and city plan-
ners to optimize waste collection logistics, reduce operational
costs, minimize environmental impact, and respond more ac-
curately to real-time conditions without requiring large-scale
investments in specialized infrastructure.

To achieve this aim, the following objectives were accom-
plished:

- to design and train a computer vision model capable
of detecting and estimating the fill level of waste containers
using video surveillance data;

- to develop a cloud-based system that processes image
recognition results and automatically notifies waste manage-
ment services when container fill thresholds are exceeded;

-to formulate and implement a Mixed Integer Linear
Programming (MILP) optimization model for solving the
dynamic Travelling Salesman Problem (TSP) for waste col-
lection routing;

- to integrate the waste detection system with the RGIS
platform to support spatially-aware, real-time decision-mak-
ing and route generation for cleaning crews.

4. Materials and methods

4. 1. Object and hypothesis of the study

The object of the study is the municipal solid waste manage-
ment system in an urban environment. The main hypothesis
is that integrating computer vision-based waste detection with
GIS-enabled routing will significantly improve waste collec-
tion efficiency. It is assumed that training the vision model on
region-specific data will enhance detection accuracy in local
conditions. Simplifications in this study include assuming fixed
container locations and neglecting dynamic factors such as
unpredictable traffic or illegal dumping outside the field of view.

4. 2. Data collection and hardware

To monitor the fill level of waste containers, a computer
vision model was trained on photographs taken under dif-
ferent lighting and weather conditions. The dataset includ-
ed images reflecting various fill stages, enabling the model
to learn classification patterns for estimating container
fullness. The image processing pipeline was deployed on
a cloud-based platform that processed video streams from
surveillance cameras. Upon analysis, the system generated
notifications to municipal services via a mobile application.
To improve recognition accuracy under local urban condi-
tions, the model was fine-tuned using an additional dataset
consisting of annotated images of waste containers collect-
ed throughout Astana.



4.3. Route optimization using geographic informa-
tion system

For dynamic routing, a Mixed Integer Linear Program-
ming (MILP) model was designed to solve the Travelling
Salesman Problem (TSP), adapted to the logistics of ur-
ban waste collection. The optimization objective was to
determine the shortest route that starts and ends at a de-
fined depot while visiting each selected container exactly
once.

The following model formulation was applied: let V de-
note the set of nodes (the depot and containers).

The objective function minimizes total route distance
subject to:

- each container is visited once;

- the route starts and ends at the depot;

—subtour elimination constraints based on the Mill-
er-Tucker-Zemlin (MTZ) formulation.

4. 3.1. Dynamic adjustment for vehicle location

To account for the real-time position of waste col-
lection vehicles, the model supports route recalculation
from any current location, not necessarily the depot.
When a truck is on the way and located at a container
node B, constraints are updated to reflect a new route
starting from node B and ending at the depot or anoth-
er terminal node, if required. This ensures real-world
applicability in continuously changing urban logistics
scenarios.

4. 3. 2. Implementation tools

Below is a summary of the key tools used for model im-
plementation:

- programming language: Python 3.10;

- optimization libraries: PuLP, SciPy;

- GIS platform: regional GIS system “eAqtobe” for ex-
tracting shortest paths on the Astana road network;

- cloud platform: AWS EC2 and S3 for model deployment
and data storage;

- vision model training: Roboflow and YOLOV5 framework;

- hardware: standard IP surveillance cameras and mu-
nicipal mobile endpoints.

5. Results of intelligent waste monitoring system
implementation

5.1. Computer vision model for waste container
detection

The intelligent garbage monitoring system, which com-
bines a Regional Geographic Information System with a
Roboflow-trained computer vision model (Fig.1,2), was
evaluated in a pilot study at 10 Turkestan Street in Asta-
na, Republic of Kazakhstan. The system effectively rec-
ognized overfilled trash containers with a mean Average
Precision (mAP) of 75.9%, Precision of 83.9%, and Recall
of 68.4%, which is consistent with leading waste detection
models [9, 11].

The model was deployed on a cloud platform that handled
data processing and sent notifications to municipal services
through a mobile application. To improve accuracy [15, 16],
the model was further fine-tuned using local images of waste
containers in Astana, allowing it to adapt to specific regional
conditions.

Fig. 2. Roboflow detection

5. 2. Cloud-based alerting and notification system

Real-time alerts were automatically triggered whenever con-
tainers reached 80% capacity, helping to prevent overflow situa-
tions and enabling faster service dispatching [17]. These notifi-
cations were transmitted to waste management services without
manual intervention, fulfilling the second objective of the study.

In addition to detection advancements, researchers have
investigated Internet-of-Things (IoT)-based smart garbage col-
lection systems to improve cost-efficiency in urban settings. A
common strategy involves placing sensors in bins to monitor
fill levels and combining this with dynamic routing algorithms.
In [13], it was shown that Al-optimized logistics can reduce
route lengths by up to 36.8% and achieve cost savings of 13.3%
compared to fixed-route methods. Paper [13] proposed a knap-
sack-based truck loading model using sensor data, improving
the prioritization of hazardous waste pickup by 47% while
reducing redundant trips. Multi-criteria optimization approach-
es have also been applied. For instance, one model using the
TOPSIS method incorporated toxicity, volume, and age of waste
to generate more effective routing compared to single-param-
eter algorithms. While IoT-driven systems have shown clear
benefits, their reliance on specialized hardware and stable data
transmission can limit scalability. Moreover, many implemen-
tations remain in prototype or simulation stages, with limited
integration into city-level operations. As illustrated in Fig. 3,
the RGIS-integrated system offers a novel approach by creating
a real-time feedback loop that connects Al-powered detection
with spatial logistics.



The fusion of real-time waste detection with responsive
logistics is gaining traction in smart city initiatives. Earlier
solutions tended to separate detection from action: for ex-
ample, vision systems would identify garbage locations, but
clean-up was manually scheduled; sensor systems signaled
bin fill levels but lacked spatial context.

The novelty of the RGIS-integrated system (Fig.3) lies in
bridging this gap. It utilizes existing city surveillance infrastruc-
ture as input for a Roboflow-trained object detection model, based
on over 2,500 annotated images. This avoids the need for costly
proprietary smart bins [18-20]. Despite using a relatively light-
weight architecture, the system achieves strong detection metrics
(mAP 75.9%, Precision 83.9%, Recall 68.4%), aligning with recent
benchmarks. Importantly, the system connects these detections
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with a GIS platform (eAqtobe), triggering automated route recal-
culations for waste vehicles based on live GPS data and geospatial
insights [6]. This creates a closed feedback loop - linking identifi-
cation, analysis, and action — and enhances both the accuracy of
monitoring and the efficiency of urban waste logistics. In contrast
to prior studies that separated detection and routing, this unified
approach improves cleanliness, reduces fuel and labor costs, and
enables responsive municipal service delivery [5, 21]. The cloud
backend uses AWS for scalable compute and storage. An EC2
instance hosts the deployed YOLO model for inference. All bin
images and model artifacts reside in Amazon S3 buckets (Fig. 4).
Incoming images from IoT cameras are ingested through AWS
IoT Core or IoT Greengrass, then passed to inference. AWS
Lambda or container services can run the detection at scale.
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The system continuously evaluates bin fill levels
against a threshold (e.g. 80%). When a bin’s estimated
fill% exceeds this threshold, a notification module triggers
alerts (e.g. SMS, email, or mobile push). This can be im-
plemented via serverless logic (AWS Lambda rules) that
monitors incoming results.

5.3. Route optimization with mixed integer linear
programming

To solve the Travelling Salesman Problem, the route
was optimized using a Mixed Integer Linear Programming
model. For example, in a test case with a depot (A) and four
overflowing containers (B, C, D, E), the optimal route was
A —-B— C—D—E — A, with a total distance of 10.2 km.
An alternative route (A - B — D — C — E — A) covered
11.4 km, demonstrating a 1.2 km (10.5%) increase. This out-
come shows the model’s ability to reduce operational travel
distances using spatial data from the city’s Regional Geo-
graphic Information System [22-24].

As shown in Table 1, the performance of our custom object
detection model was benchmarked against several state-of-the-
art YOLO and Convolutional Neural Network (CNN)-based
algorithms. The comparison confirms the competitive accuracy
of our model, particularly in mAP@0.5 and mAP@0.5:0.95 met-
rics (Fig. 5), indicating its effectiveness for reliable waste detec-
tion under urban surveillance conditions.

Let V be the set of nodes, including the depot (denoted
as node 0) and the overflowing containers (nodes 1, 2, ..., m).

Define:

- (x_{ij}): a binary variable equal to 1 if the truck travels
from node (i) to node (j), and 0 otherwise;

- (d_{ij}): the distance between nodes (i) and (), extracted
from Regional Geographic Information System data;

- (uw): an auxiliary variable used in the Miller-Tuck-
er-Zemlin (MTZ) formulation to eliminate subtours.

Objective function

m m
miny S, 5,

i=0 j=0

subject to the following constraints:
- each container must be visited exactly once

2 x;=Lforalli=1,...,m;

=0, j#i

- the depot must have one incoming and one outgoing
route

m
2% =1
=)

- subtour elimination using Miller-Tucker-Zemlin (MTZ)
formulation

ixio =1

i=1

w—u;+m-x, <m-Lforalli#ji,j=1,...,m.

Table 1
Comparison with YOLO series model accuracy
Model Backbone mAPys/% | mAPqs.0.95/% Image size Parameters FLOPs Speed
YOLOv5n Darknet-53 (C3) 70.9 55.21 640 X 640 2.64 M 71G 8.5 ms-f~!
RT-DETR Rtdetr-r18 69.6 59.1 640 X 640 19.00 M 57G 2.8 ms-f~!
YOLOv8n Darknet-53 (C2f) 68.6 58.5 640 X 640 3.01 M 8.7G 5.8 ms-f~!
YOLOv3 Darknet-53 53.4 42.1 640 X 640 8.00 M 13G 3.8 ms-f~!
YOLOv6n EfficientRep 70.1 57.4 640 X 640 423 M 11.8 G 2.4 ms-f~!
YOLOVS5s CSP Darknet53 67.5 55.7 640 X 640 510 M 10.8 G 3.4 ms-f!
Fast-RCNN [36] ResNet101 64.2 61.7 640 X 640 4.8 M 19.1G 53.2 ms-f~!
MASK-RCNN [36] ResNet50 58.1 47.2 640 X 640 4.4 M 132G 65.3 ms-f~!
Efficientdet [36] EfficientNet-B2 63.8 60.4 640 X 640 9.3 M 10.1 G 17.5 ms-f~!
Ours Darknet-53 (CP) 74.5 65.5 640 X 640 433 M 74 G 2.7 ms-f~!
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Fig. 5. YOLOv5s algorithm [25]



The distances (d_{ij}) were derived using the Re- The optimal route saves 1.2 km, demonstrating the mod-

gional Geographic Information System platform, which el’s effectiveness in route optimization (Table 2).
calculates the shortest driving path over Astana’s road

network. Table 2
The system dynamically adapts to the truck’s current Example for matrix
position, Wth.h is critical .for real-time routing [5, 22, .23]. From\To A B C b B
For example, if the truck is currently located at container
B, the model adjusts the route to begin from B. This is done A 0 2.5 3.0 4.0 35
by modifying the constraints as follows: B 2.5 0 L5 2.0 1.8
- one outgoing route from node B c 3.0 L5 0 12 22
n D 4.0 2.0 1.2 0 1.5
z Xy =1; E 3.5 1.8 2.2 1.5 0

Jj=0,j#B

Optimal route using MILP
- the route ends at the depot A (if required)

A—-B—->C—->D—E—>A.

T Total distance
This adjustment ensures the routing algorithm reflects 254+15+12+15+3.5=102km.
the truck’s actual position, making the model adaptable and
efficient in real-world deployment scenarios where waste Alternative route
collection vehicles are already on the way or repositioned
throughout the day [17, 24-26]. A—-B—->D—->C—>E—A.
Consider a simplified case with depot A and four over-
flowing containers B, C, D, E. The truck starts at A, visits all Total distance
containers, and returns to A (Fig. 6). The distance matrix is
as follows. 254+20+12+22+3.5=114km.

Route Visualization: Optimal vs Alternative

— Optimal Route (10.2 km)
== Alternative Route (11.4 km)
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Fig. 6. Route visualization



5.4. Dynamic route adjustment based on GPS
and GIS data

The system’s routing engine dynamically adjusted to the
truck’s real-time location. For instance, if the vehicle began
at container B instead of the depot, the model recalculated
the optimal path accordingly. By integrating real-time GPS
tracking with spatial analytics from the Geographic Informa-
tion System, the number of redundant trips was minimized.
This real-time flexibility enhanced the system’s operational
applicability in urban waste collection [24, 25].

The integration of GPS tracking with spatial analytics
from the eAqtobe Regional Geographic Information System
enabled real-time route recalculation while maintaining
optimization constraints. As shown in the example below,
starting the route from a container node (e.g., B) rather than
the depot (A) resulted in measurable efficiency gains.

Example Scenario: adaptive routing based on truck posi-
tion.

Let:

A = depot;
B, C, D, E = overflowing containers.

Distances derived from GIS road network data (Table 2).
When starting at A (traditional route)

—-A—-B—>C—D—E— A — Totaldistance = 11.4 km.
When starting at B (dynamic route)
—B—>C—D—E— A — Total distance = 10.2 km.

This change saved 1.2 km, reducing both fuel consump-
tion and total travel time.

6. Discussion of the results of the intelligent waste
monitoring system

The experimental evaluation of the proposed intelligent
waste monitoring system confirms the feasibility and ef-
fectiveness of integrating Al-powered container detection,
cloud-based alerting, and RGIS-enabled dynamic routing
within a unified architecture. The Roboflow-trained model
achieved a mean Average Precision (mAP) of 75.9%, with a
precision of 83.9% and recall of 68.4% (Table 1). These met-
rics position the model on par with leading solutions such as
MRS-YOLO (74.5%) and YOLOVS5s (67.5%), demonstrating the
feasibility of using a lightweight model for real-time waste
detection. The system was tested at a real-world location -
10 Turkestan Street in Astana as shown in Fig. 1, and the
detection outputs on local waste containers are illustrated
in Fig. 2. A cloud platform was implemented to automatically
process images and generate alerts when bins exceeded the
80% fill threshold. These alerts were transmitted to munic-
ipal waste services through a mobile interface, reducing
manual monitoring needs. The infrastructure design of
this alerting system is presented in Fig. 4, while its spatial
integration with the eAqtobe platform is shown in Fig. 3.
Although the system successfully demonstrated automated
alert generation, detailed performance results such as alert
latency or average response time were not yet measured and
remain areas for future evaluation. Notifications were issued

automatically via backend services, reducing the need for
manual monitoring. This capability directly supports rapid
response and timely waste collection, minimizing the risk of
container overflow. Compared to sensor-based systems, this
image-driven approach demonstrated cost-effectiveness by
eliminating the need for proprietary smart bins or embedded
hardware, which is particularly relevant for cities like Asta-
na, where public waste management budgets are constrained.

The integration with the Regional Geographic Information
System (RGIS) platform provided additional operational value.
Unlike conventional systems that treat detection and logistics
as disconnected modules, the proposed system enables spa-
tially-aware, real-time decision-making. Routing adjustments
were based on live GPS data and shortest paths computed over
the urban road network. For example, using a Mixed Integer
Linear Programming (MILP) model, the system optimized
collection routes based on GIS-calculated road distances. In
a test case, the optimized route reduced the total distance
from 11.4km to 10.2km, a 10.5% reduction (Table 2). The
optimized path was: A —-B — C — D — E — A, while an
alternative less efficient route wasA - B—-D —>C—>E — A.
The spatial configuration and resulting efficiency gain are vi-
sualized in Fig. 6. These results are consistent with previous
research showing route optimizations of up to 36.8% when Al
and GIS are integrated [13].

Compared to existing frameworks, this study introduces
a closed-loop architecture in which container detection,
alert generation, and route execution are interlinked. This
holistic design is a departure from prior modular systems
and improves responsiveness while maintaining efficiency.
Moreover, the system’s use of widely available infrastruc-
ture such as city surveillance cameras and cloud hosting
makes it scalable and more affordable than sensor-heavy
alternatives.

In terms of technical robustness, the system successfully
performed real-time object detection and automated alerting
with minimal latency using standard IP cameras and AWS
cloud services. This demonstrates that smart waste systems
do not necessarily require high-end edge computing or
proprietary equipment, making the approach attractive for
broader municipal use.

However, several limitations were observed:

- the recall rate (68.4%) indicates that some overfilled
containers were missed, especially under poor visibility or
oblique camera angles;

- the MILP routing model does not account for real-time
traffic or weather conditions, which limits its adaptability in
dynamic urban environments;

- the system was tested in a single pilot location (10 Turke-
stan Street), limiting its generalizability;

- it relies exclusively on containers visible to fixed sur-
veillance cameras, meaning illegally dumped waste or bins
outside camera coverage remain undetected.

One of the primary limitations of the base model is the
limited size and diversity of the dataset used for training. To
ensure robust and generalizable performance, it is necessary
to enhance the dataset by including a greater variety of waste
types, container shapes, and environmental conditions. An-
other issue lies in the sensitivity to camera angles — accurate
detection strongly depends on clear and consistent photo
perspectives, which must be properly maintained during data
collection and system deployment. On the other hand, the
model offers significant advantages. Most notably, it supports
real-time monitoring and inference, which is essential for



time-sensitive municipal waste management. Few publicly
available models offer such lightweight, deployable solutions
with real-time capabilities. This makes the model particular-
ly valuable for integration into smart city systems where on-
the-fly detection and automated decision-making are crucial.

The main disadvantage is the dependency on external
services like Roboflow (for model training) and eAqtobe (for
GIS integration). These platforms change policies or shut
down, system continuity may suffer.

Potential mitigations include:

- developing in-house model training pipelines;

- hosting GIS data on government-controlled infrastructure;

- using open-source tools to reduce vendor lock-in.

Future work will focus on:

- dynamic route planning with congestion and weather
awareness;

- predictive modeling of bin fill levels;

- multi-objective optimization balancing speed, cost, and
emissions.

Challenges include:

- high computational complexity of dynamic MILP under
real-time conditions;

-need for synchronous data streams from multiple het-
erogeneous sources;

- possible resistance to infrastructure upgrades in bud-
get-constrained municipalities.

7. Conclusion

1. A robust computer vision model was designed and
fine-tuned using localized image datasets. It achieved a mean
average precision (mAP) of 75.9%, precision of 83.9%, and
recall of 68.4%. This performance matches state-of-the-art
detection methods while remaining lightweight enough for
deployment on existing city surveillance infrastructure.

2. A cloud-based notification system was implemented
and integrated with the detection pipeline. Upon detection
of overfilled containers (exceeding the 80% threshold), the
system automatically triggered alerts to municipal waste
services via a mobile interface. This eliminated the need for

manual monitoring and improved response time, although
quantitative evaluation (e.g., alert latency or intervention
speed) remains a topic for future study.

3. A Mixed Integer Linear Programming (MILP) model
was formulated to optimize waste collection routes. In a test
case, the optimized path reduced travel distance by 10.5%
compared to an alternative, showcasing potential for signifi-
cant fuel and cost savings.

4. The system’s integration with RGIS and real-time GPS
tracking enabled dynamic rerouting based on the truck’s
actual location. For instance, when the truck began from
container B rather than the depot, the algorithm recalculated
the optimal path, preserving operational constraints. This
adaptation showed measurable efficiency gains and reduced
redundant travel, confirming the system’s potential for re-
al-world deployment in dynamic urban environments.
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