International Journal of

DATA SCIENCE AND IOT MANAGEMENT SYSTEM

Peer Reviewed, Referred & Indexed Journal
ISSN: 3068-272X www.ijdim.com Original Research Paper

LIVE DELIVERY DELAY PREDICTOR

! Farooghussain Mohammed, 2 B Varsha, ? P Sravan Kumar, 4B Viswa Teja Goud
! AssistantProfessor, 2**Students
Department of 10T
Siddhartha Institute of Technology & Sciences, Narapally
farooghussain.cse@siddhartha.co.in, 23tq1a6913@siddhartha.co.in, 23tq1a6910@siddhartha.co.in,
23tqla6946@siddhartha.co.in

Abstract

The rapid growth of e-commerce, online food services, logistics, and on-demand
delivery has increased the importance of accurate delivery-time prediction. Customers
expect deliveries to arrive within the promised time, while delays can negatively
affect customer satisfaction, operational efficiency, and business performance.
Delivery time can be influenced by several factors, including traffic conditions,
weather, distance, order volume, driver availability, route conditions, and time of day.
Therefore, predicting potential delays before they occur can help organizations take
corrective actions.

The proposed Live Delivery Delay Predictor is a real-time prediction system designed
to estimate whether an active delivery is likely to be delayed. The system collects
relevant delivery information such as current location, destination, distance, estimated
travel time, historical delivery patterns, traffic conditions, weather information, and
order status. These inputs are processed to generate an estimated arrival time and a
delay-risk prediction.

The system can use machine-learning techniques to analyze historical delivery data
and identify patterns associated with delayed deliveries. Features such as delivery
distance, average speed, traffic level, route characteristics, delivery time, order
preparation time, and historical performance can be used by the prediction model. The
model produces an estimated delay probability or predicted delay duration that can be
updated as new delivery information becomes available.

A centralized dashboard provides real-time visibility into active deliveries, predicted
arrival times, delay probabilities, high-risk deliveries, and delivery-performance
trends. When a delivery crosses a defined delay-risk threshold, the system can
generate an alert for authorized logistics operators. Historical prediction results can
also be stored and compared with actual delivery outcomes to evaluate and improve
model performance.

The primary objective of the system is to provide early warning of potential delivery
delays and support better logistics decision-making. By combining real-time data
collection, machine-learning prediction, route information, monitoring, alerts,
visualization, and historical analysis, the system can help delivery organizations
improve operational efficiency and customer communication.

I. Introduction
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Delivery services have become an important part of modern commerce and daily life.
E-commerce companies, food-delivery platforms, courier services, and logistics
organizations manage large numbers of deliveries every day. Customers increasingly
expect accurate delivery estimates and timely service. However, unexpected traffic,
weather conditions, route changes, high order volumes, and operational problems can
cause deliveries to arrive later than expected.

Traditional delivery systems often calculate estimated arrival times using fixed travel-
time assumptions or basic route information. Although these approaches can provide
an initial estimate, they may not adequately account for rapidly changing conditions.
A delivery that is expected to arrive on time at the beginning of a journey may later
encounter traffic congestion or other conditions that significantly increase the travel
time.

Real-time prediction and machine learning provide opportunities to improve delivery-
delay forecasting. A prediction system can combine historical delivery information
with current operational conditions to estimate the likelihood of a delay. As new
location and traffic information becomes available, the prediction can be updated
continuously, allowing logistics teams to respond to changing circumstances.

The proposed Live Delivery Delay Predictor provides a centralized platform for
monitoring active deliveries and predicting potential delays. The system collects
information from delivery operations and processes it through a prediction model. The
resulting delay probability, estimated arrival time, and predicted delay duration can be
presented through an interactive dashboard.

The main objective of the system is to provide early visibility into delivery risks and
support proactive decision-making. Logistics operators can use predictions to identify
high-risk deliveries, communicate with customers, adjust delivery priorities, and
improve route or resource planning. The system can also use historical outcomes to
evaluate prediction accuracy and improve future delivery forecasting.

II. Literature Survey

Delivery-time prediction has been widely studied in transportation, logistics, e-
commerce, and intelligent transportation systems. Traditional approaches often
estimate travel time based on distance, average speed, route information, and
historical travel patterns. Although these methods can provide useful baseline
estimates, they may have limited ability to respond to rapidly changing traffic and
operational conditions.

Machine-learning approaches have been increasingly applied to travel-time and
delivery-time prediction. Algorithms such as linear regression, decision trees, random
forests, gradient-boosting methods, and neural networks can learn relationships
between delivery characteristics and observed delivery times. These approaches can
capture nonlinear relationships between factors such as distance, traffic, time of day,
and delivery duration.
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Real-time data has become an important component of modern logistics prediction.
GPS locations, traffic information, weather conditions, route changes, and delivery-
status updates can provide current information about an ongoing delivery. Combining
historical information with real-time data can allow prediction systems to update
estimated arrival times as the delivery progresses.

Research in intelligent transportation systems has also explored time-series and deep-
learning techniques for travel-time prediction. Models based on recurrent neural
networks and other sequential approaches can learn patterns from time-dependent
traffic and movement data. However, model complexity, data requirements,
computational resources, and interpretability must be considered when selecting an
appropriate prediction approach.

Logistics optimization research has demonstrated that accurate delivery predictions
can support better resource allocation and operational planning. Predicting potential
delays can help organizations prioritize high-risk deliveries, adjust routes, allocate
drivers, and communicate updated expectations. Integrating prediction with
monitoring and alerting can therefore transform delivery management from a reactive
process into a more proactive workflow.

Existing delivery platforms provide estimated arrival times and tracking features, but
prediction accuracy may vary depending on the available data and modeling approach.
Some systems may focus primarily on tracking the current location without explicitly
estimating delay risk. The proposed system builds on these concepts by combining
real-time delivery tracking, historical data, machine-learning prediction, delay-risk
classification, alerts, visualization, and performance analysis.

III. System Analysis

System analysis for the proposed Live Delivery Delay Predictor focuses on the
requirements for real-time delivery monitoring and prediction. The system should
provide authenticated access for authorized logistics administrators and operators. It
should collect delivery information such as current location, destination, distance,
route, order status, and estimated arrival time. The system should also support
relevant external data such as traffic and weather information where available.
Historical delivery records should be stored to train and evaluate prediction models. A
preprocessing module should clean missing, inconsistent, and duplicate delivery data
before analysis. The prediction engine should estimate arrival time and potential delay
based on available features. The system should calculate a delay-risk score and
classify deliveries according to defined risk levels. A monitoring module should
continuously update delivery information and refresh predictions. The dashboard
should display active deliveries, predicted delays, arrival estimates, and high-risk
orders. An alerting module should notify authorized operators when significant delay
risks are detected. Finally, actual delivery outcomes should be recorded to evaluate
prediction accuracy and improve future model performance.

Existing System
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Existing delivery-management systems generally provide order tracking, route
information, and estimated delivery times. These systems may calculate arrival
estimates using distance, route data, average travel speed, and basic traffic
information. However, simple estimation methods may not fully capture complex
factors affecting delivery duration. Many systems primarily show the current delivery
location without providing a dedicated delay-risk prediction. Operators may need to
manually monitor deliveries and identify orders that appear likely to be delayed. Real-
time changes in traffic, weather, driver availability, and order volume can make static
estimates inaccurate. Historical delivery information may not always be effectively
used for predictive analysis. Some systems provide limited visualization of delivery-
risk trends. Alerts may be generated only after a delivery has already exceeded its
expected time. Manual customer communication can therefore become necessary
when delays occur. These limitations can make delivery management reactive rather
than proactive. A predictive monitoring platform can help identify potential delays
before they become actual service failures.

Disadvantages of Existing System

e Primarily focuses on tracking rather than prediction.

o Static estimates may become inaccurate as conditions change.
o Limited use of historical delivery patterns.

e Manual identification of high-risk deliveries.

e Limited real-time delay-risk analysis.

e Delays may be detected only after they occur.

o Limited integration of traffic and weather factors.

e Manual intervention may be required for many delayed orders.
o Limited predictive visualization and analytics.

o Difficult to compare predicted and actual delivery performance.
e Limited automated alerts for potential future delays.

e Reactive rather than proactive delivery management.

Proposed System

The proposed Live Delivery Delay Predictor provides a centralized platform for
monitoring active deliveries and predicting potential delays in real time. The system
collects delivery information including location, destination, route, distance, order
status, estimated arrival time, and other permitted operational data. Relevant traffic
and weather information can be incorporated when available. Historical delivery
records are processed to identify patterns associated with successful and delayed
deliveries. A preprocessing module cleans and transforms the collected information
before sending it to the prediction engine. The machine-learning model analyzes
delivery characteristics and generates an estimated arrival time and delay probability.
The system continuously updates predictions as new delivery information becomes
available. A risk-classification module categorizes deliveries into low, medium, and
high delay-risk levels. The dashboard provides real-time visibility into active
deliveries, predicted arrival times, delay probabilities, and high-risk orders. Alerts can
be generated when the predicted delay exceeds configured thresholds. Actual delivery
outcomes are recorded for model evaluation and performance analysis. Historical
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predictions can be compared with actual results to identify opportunities for
improving the model. Overall, the proposed system supports proactive delivery
management through real-time prediction, monitoring, alerting, and analytics.

Advantages of Proposed System

e Provides real-time delivery-delay prediction.

o Identifies potential delays before they occur.

o Uses historical delivery data for predictive analysis.

e Can incorporate traffic and weather information.

e Continuously updates predictions during delivery.

e Provides delay-risk classification.

e Supports automated alerts for high-risk deliveries.

o Provides centralized real-time dashboards.

e Helps improve delivery planning and resource allocation.
e Supports comparison of predicted and actual delivery times.
e Improves customer communication and service reliability.
e Supports continuous improvement of prediction models.

IV. Methodology

The methodology begins with authentication of the logistics administrator or
authorized operator. Active delivery information is collected from approved delivery-
management or tracking systems. Relevant features such as location, destination,
distance, route, delivery status, and estimated arrival time are extracted. Where
available, traffic, weather, and operational information are incorporated into the
prediction process. Historical delivery records are collected and prepared for model
training and evaluation. The preprocessing module handles missing values,
inconsistent records, duplicate data, and feature transformation. A machine-learning
prediction model is trained using historical delivery outcomes and relevant delivery
features. When a delivery is active, its current information is passed to the prediction
model. The model estimates the expected arrival time and probability or duration of a
potential delay. A risk-classification module assigns an appropriate delay-risk level.
The monitoring dashboard continuously displays updated delivery predictions and
high-risk deliveries. Alerts are generated when configured delay-risk thresholds are
reached. Actual delivery outcomes are recorded and compared with predictions to
measure model performance. The model can then be periodically evaluated and
improved using new historical delivery data.

System Architecture

The system architecture consists of several interconnected layers designed to provide
real-time delivery monitoring and predictive analysis. The User Layer contains
logistics administrators, delivery operators, managers, and authorized customer-
support personnel. The Web/Mobile Interface Layer provides authentication, delivery
monitoring, dashboards, prediction results, alerts, and reporting functions. The
Application Layer manages users, delivery records, business logic, prediction
workflows, configuration, and system logging. The Data Collection Layer receives
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permitted information from delivery-management systems, GPS tracking services,
order systems, and other approved data sources. The External Data Layer can provide
relevant traffic, weather, route, and location information where available. The Data
Preprocessing Layer validates, cleans, transforms, and combines delivery and external
data before prediction. The Feature Engineering Layer derives useful attributes such
as distance, travel speed, elapsed delivery time, traffic conditions, time of day, and
historical delivery characteristics. The Prediction Engine uses a trained machine-
learning model to estimate expected arrival time and potential delay probability or
duration. The Risk Assessment Layer converts prediction results into delay-risk
categories such as low, medium, and high. The Alerting Layer generates notifications
when high-risk delay conditions or configured thresholds are reached. The Database
Layer stores delivery records, historical outcomes, prediction results, risk scores,
alerts, and model-performance information. The Analytics and Visualization Layer
displays active deliveries, delay trends, prediction accuracy, risk distributions, and
operational statistics. The Reporting Layer generates delivery-performance reports
and prediction-analysis summaries. The overall architecture follows the workflow
Collect — Process — Predict — Classify — Monitor — Alert — Evaluate, enabling
proactive delivery-delay management.

Live Delivery Delay Predictor
System Architecture

‘ User Layer ([l - -~ @ |
| Customer Delivery Driver Logistics Manager Support Team
(Track order, View ETA) (Update status, View route) (Monitor deliveries, Manage alerts) (Handle delayed orders) ‘
| Web / Mobile — Web Dashboard Mobile App API Gateway ‘
Interface Layer o Live tracking « Driver app (update status) * Secure access (Auth)
- « Delay predictions * Customer tracking * REST APIs
‘  Analytics & reports  Notifications  Integration with external systems |
Application Layer
(Core Services) User Management Order & Delivery /@ Prediction Service ‘ Alert & Notification Reporting Service
Service Service .II « Call ML model Service « Performance reports
* Authentication « Manage delivery data o Estimate ETA - o Trigger alerts o Delivery analytics
 Role-based access o Real-time updates o Calculate delay probability o Email / SMS/ Push o Exportdata
* User profiles. * Order status  Manage thresholds
| Data Sources Layer Data Processing & ML Pipeline External Data Layer
&  Order Management Data Ingestion Data Preprocessing Machine Learning Model Risk Classification Real-time Traffic Data ‘
=  System - (Google Maps, etc.)
(Orders, Customer info) = m
) —1 —> — =" 4 “— oy Weather Information
_9 GPS Tracking System ok e R e T Pk %t (Temperature, Rain, etc.)
(Live location, Route) « Collect data from * Clean & validate data « Train on historical data * Low Risk (On time)
multiple sources « Handle missing values « Predict delivery time o Medium Risk e
-  Real-time streaming  Data o E delay pi y o High Risk (Likely delay) A (Distance, Road conditions)
Maps & Traffic APL « Batch historical data  Feature . C update model :
(Traffic, Distance, ETA)
‘ ‘ Special Events
slde (Holidays, City events) ‘
-0~ Weather API ¢ ‘
.‘ (Weather conditions) Storage Layer ‘ Monitoring & Analytics Layer | | Output Layer ‘
| Database Data Lake / File Storage « Real-time monitoring Dashboards & Reports
Historical Delivery Data  Delivery records  Historical data —»! ® Delivery status dashboard e o Live deliveries on map
(Past deliveries, Delays) . Frediction results « Model training data . * Delay trend analysis o Predicted vs actual time
| - . e o Systemlogs « Model performance metrics « Delay alerts
| ‘ « Alertlogs * Reports | « Visualizations (charts, maps) « Performance insights |
o FasterDeliveries | gl Happler Customers | ||| SmarterDecisions | ° Reliable Predictions On Time, Every Time.

V. Result and Output
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V1. Conclusion

The Live Delivery Delay Predictor provides a real-time and intelligent approach to
identifying potential delivery delays before they occur. By analyzing delivery
information such as location, distance, route conditions, traffic, weather, order status,
and historical delivery patterns, the system can estimate expected arrival times and
identify deliveries that may require attention.

The proposed system improves traditional delivery tracking by combining machine-
learning-based prediction, real-time monitoring, delay-risk classification, alerts, and
visualization. Instead of simply showing the current location of a delivery, the
platform provides predictive insights that help logistics teams take proactive action
when a delay is likely.

The centralized dashboard makes it easier to monitor active deliveries, compare
predicted and actual delivery times, identify major causes of delays, and prioritize
high-risk orders. Historical delivery data can also be used to evaluate prediction
accuracy and continuously improve the prediction model.

Overall, the system can serve as an effective solution for logistics management, e-
commerce delivery operations, courier services, and real-time delivery monitoring.
Future enhancements can include advanced deep-learning models, live traffic
integration, dynamic route optimization, customer notifications, driver performance
analytics, and automated resource allocation. By enabling proactive decision-making,
the system can contribute to faster deliveries, improved operational efficiency, and
better customer satisfaction.
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