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Abstract- Real-time inventory prediction is a major challenge in modern supply chain and warehouse
management systems due to fluctuating customer demand, delayed stock updates, and inefficient forecasting
methods. This research proposes an intelligent loT-enabled inventory prediction framework using Time-Series
Machine Learning techniques to improve inventory visibility and forecasting accuracy. The proposed system
integrates loT devices such as RFID tags, smart shelves, barcode scanners, and environmental sensors to
continuously collect real-time stock movement and warehouse data. The collected streaming data is processed
through preprocessing and feature engineering techniques before applying forecasting models including ARIMA,
Long Short-Term Memory (LSTM), Gated Recurrent Unit (GRU), Prophet, and XGBoost. The system predicts future
inventory levels, reorder points, and demand fluctuations in real time, enabling proactive inventory management
and automated replenishment decisions. Experimental evaluation was conducted using retail inventory datasets
and simulated loT warehouse data. The performance of the models was evaluated using Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage Error (MAPE), and prediction accuracy
metrics. Results indicate that the proposed LSTM-based loT inventory prediction model achieved the best
forecasting performance with an accuracy of 96.2%, RMSE of 8.14, and MAPE of 4.8%, outperforming traditional
ARIMA and statistical forecasting approaches. The proposed framework reduced stockout situations by 28% and
excess inventory costs by 21% compared to conventional inventory management systems. The integration of loT
and Time-Series Machine Learning significantly improved real-time inventory monitoring, warehouse efficiency,
and supply chain responsiveness. The proposed research contributes toward intelligent Industry 4.0-based smart
warehouse and predictive supply chain management systems.

Keywords: Internet of Things (loT), Real-Time Inventory Prediction, Time-Series Forecasting, Machine Learning,
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I. INTRODUCTION powerful  solution for intelligent inventory
monitoring and automation. loT devices such as
Inventory management plays a vital role in modern RFID tags, smart shelves, barcode scanners, wireless
supply chain and warehouse operations. Efficient Se€nsors, and edge devices enable continuous real-
inventory control ensures product availability, time tracking of inventory movement and warehouse
reduces operational costs, minimizes stock wastage, conditions. These devices generate large volumes of
and improves customer satisfaction. However, streaming data that can be utilized for predictive
traditional inventory management systems mainly analytics and intelligent decision-making.
depend on manual stock tracking and historical sales
analysis, which often fail to respond effectively to At the same time, advancements in Machine
rapidly changing market demands and real-time Learning (ML) and Time-Series Forecasting
supply chain conditions. As a result, organizations techniques have significantly improved the ability to
frequently  experience  problems such as analyze sequential inventory data and predict future

overstocking, stockouts, delayed replenishment, and stock requirements. Time-series models such as
inaccurate demand forecast|ng AUtORegreSSive |ntegl’ated MOVing AVerage

(ARIMA), Long Short-Term Memory (LSTM), Gated

With the rapid growth of Industry 4.0 technologies, Recurrent Unit (GRU), Prophet, and XGBoost are
the Internet of Things (IoT) has emerged as a capable of identifying demand patterns, seasonal
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trends, and stock fluctuations from historical and
real-time data. These forecasting methods help
organizations optimize replenishment strategies,
reduce storage costs, and improve supply chain
efficiency.

This research proposes a Real-Time Inventory
Prediction framework that integrates loT-based data
acquisition with Time-Series Machine Learning
algorithms for intelligent inventory forecasting. The
proposed system continuously collects real-time
inventory data using loT sensors and processes the
data through preprocessing, feature engineering,
and predictive modeling stages. The framework aims
to accurately predict future inventory levels, reorder
points, and demand variations, thereby enabling
proactive inventory management and automated
decision-making.

The proposed approach offers several advantages,
including enhanced inventory visibility, reduced
stockout situations, lower excess inventory costs,
faster response to market demand changes, and
improved warehouse utilization. Furthermore, the
integration of IoT and Machine Learning supports
the development of smart warehouses and
intelligent supply chain systems aligned with
Industry 4.0 objectives.

Il. PROBLEM STATEMENT

Efficient inventory management is essential for
maintaining a stable supply chain and ensuring
product availability in warehouses, retail stores, and
manufacturing industries. Traditional inventory
management systems mainly rely on manual stock
monitoring, periodic updates, and historical sales
records for forecasting inventory demand. However,
these conventional approaches are often unable to
respond effectively to rapidly changing market
conditions, seasonal demand fluctuations, and real-
time stock movements.

One of the major challenges faced by organizations
is the lack of real-time visibility into inventory levels.
Delayed stock updates and inaccurate forecasting
frequently lead to stockouts, overstocking, increased
holding costs, product wastage, and reduced

customer satisfaction. In large-scale warehouses and

retail environments, manual inventory tracking
becomes time-consuming, error-prone, and
inefficient.

Although loT technologies enable continuous

monitoring of inventory through smart sensors, RFID
tags, barcode scanners, and connected devices,
many existing systems are limited to real-time
monitoring only and do not provide intelligent
predictive capabilities. Similarly, traditional statistical
forecasting methods often fail to capture complex
temporal patterns, nonlinear demand behavior, and
sudden variations in customer purchasing trends.

Therefore, there is a need for an intelligent and
automated inventory prediction system that
combines loT-based real-time data acquisition with
advanced Time-Series Machine Learning techniques.
Such a system should be capable of continuously
collecting inventory data, analyzing historical and
live stock patterns, and accurately predicting future
inventory requirements and reorder points.

The main problem addressed in this research is the
development of a Real-Time Inventory Prediction
framework using loT and Time-Series Machine

Learning that can:

e Continuously monitor inventory levels in real
time,

e  Predict future stock demand accurately,

e Reduce stockout and overstock situations,

e  Optimize replenishment decisions,

e Improve warehouse operational efficiency, and

e Support intelligent supply chain management
under Industry 4.0 environments.

The proposed solution aims to enhance inventory

forecasting accuracy and provide proactive decision-

making capabilities for smart warehouse and supply

chain systems.

I1l. OBJECTIVES

The primary objective of this research is to develop
an intelligent Real-Time Inventory Prediction system
by integrating Internet of Things (loT) technology
with Time-Series Machine Learning techniques for
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efficient inventory forecasting and supply chain
optimization.

The specific objectives of the proposed research

are as follows:

1. To design an loT-enabled smart inventory
monitoring framework capable of collecting
real-time stock movement and warehouse data
using sensors such as RFID tags, smart shelves,
barcode scanners, and environmental sensors.

2. To develop a real-time data acquisition and
processing system for continuously monitoring
inventory inflow, outflow, and storage
conditions  within warehouses and retail
environments.

3. To preprocess and analyze inventory time-series
data by applying data cleaning, normalization,
feature engineering, and temporal sequence
generation techniques.

4. To implement and compare multiple Time-
Series Machine Learning models such as ARIMA,
LSTM, GRU, Prophet, and XGBoost for accurate
inventory demand forecasting.

5. To predict future inventory levels and reorder
points in order to support proactive inventory
replenishment and minimize stock shortages.

6. To reduce overstocking and stockout situations
by improving forecasting accuracy and enabling
intelligent inventory decision-making.

7. To optimize warehouse operations and supply
chain efficiency through automated predictive
analytics and real-time monitoring.

8. To evaluate the performance of the proposed
system using performance metrics such as
RMSE, MAE, MAPE, and forecasting accuracy.

9. To support Industry 4.0-based smart warehouse
systems through the integration of loT, Machine
Learning, and intelligent predictive technologies.

10. To provide a scalable and cost-effective
inventory management solution suitable for
retail stores, warehouses, manufacturing
industries, and logistics systems.

IV. LITERATURE REVIEW

Several researchers have explored the integration of
Internet of Things (IoT), Machine Learning (ML), and
Time-Series Forecasting techniques for intelligent

inventory management and demand prediction
systems. Existing studies demonstrate that
combining real-time sensor data with predictive
analytics significantly improves inventory forecasting
accuracy and operational efficiency.

Fred et al. [1] proposed a predictive inventory
management framework using loT-generated
warehouse data and Machine Learning algorithms
such as Random Forest, XGBoost, and LSTM. Their
study demonstrated that real-time sensor data
improves inventory visibility and forecasting
performance compared to traditional statistical
approaches. The authors reported a significant
reduction in stock shortages and inventory holding
costs through intelligent prediction models.

Tang and Zha [2] presented an intelligent logistics
and supply chain system integrating loT devices with
Deep Learning models. Their research focused on
real-time logistics monitoring and dynamic
inventory optimization using neural network-based
forecasting techniques. The study highlighted the
importance  of loT-enabled real-time data
acquisition for improving warehouse automation
and decision-making efficiency.

Arvind et al. [3] developed an intelligent
warehousing framework combining loT sensors and
Machine Learning algorithms for precision inventory
optimization. Their proposed system utilized RFID
technology and smart warehouse devices to monitor
stock movement continuously. Experimental results
showed improved forecasting accuracy and efficient
warehouse resource utilization.

Chaitanya [4] proposed a real-time demand
forecasting and inventory optimization system for
manufacturing industries. The study employed Time-
Series forecasting techniques to analyze demand
fluctuations and optimize replenishment decisions.
The results demonstrated that predictive analytics
could minimize overstocking and stockout situations
in dynamic supply chain environments.

Devi et al. [5] introduced a smart warehouse
management framework integrating Digital Twin
technology, Artificial Intelligence, and loT systems.
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Their research emphasized real-time monitoring and
intelligent warehouse control for improving
inventory management and logistics efficiency. The
study highlighted the role of Al-based predictive
systems in achieving Industry 4.0 objectives.

Another important contribution was presented by
researchers working on Al-driven inventory
forecasting systems using hybrid Machine Learning
approaches such as Multi-Layer Perceptron (MLP),
LightGBM, and deep learning architectures [6]. Their
work demonstrated that hybrid models outperform
traditional forecasting methods in handling
nonlinear inventory demand patterns and seasonal
variations.

Although previous studies have made significant
contributions toward smart inventory management,
several limitations still exist. Many systems focus only
on real-time monitoring without accurate predictive
capabilities, while others rely on static datasets
rather than continuous streaming IloT data.
Additionally, limited research has compared multiple
Time-Series Machine Learning models within a
unified loT-based framework for real-time inventory
prediction.

Therefore, the proposed research aims to develop a
comprehensive loT-enabled Real-Time Inventory
Prediction system integrating advanced Time-Series
Machine Learning algorithms such as ARIMA, LSTM,
GRU, Prophet, and XGBoost. The proposed
framework seeks to improve forecasting accuracy,
automate replenishment decisions, reduce inventory
costs, and enhance overall supply chain efficiency.

V. PROPOSED SYSTEM ARCHITECTURE

The proposed Real-Time Inventory Prediction
system integrates Internet of Things (loT) devices,
cloud computing, and Time-Series Machine Learning
algorithms to enable intelligent inventory
forecasting and automated inventory management.
The architecture is designed to continuously collect
inventory-related data from loT sensors, preprocess
the collected data, apply forecasting algorithms, and
generate real-time inventory predictions and
replenishment recommendations.

The proposed architecture consists of five major
layers:

loT Data Acquisition Layer

Communication Layer

Data Processing Layer

Machine Learning Prediction Layer

Visualization and Decision Support Layer

vk wn =

Overall System Architecture

Visualization Dashboard
Alerts « Reports « Analytics

I

Prediction & ML Layer
ARIMA + LSTM » GRU + XGBoost

Data Processing Layer

Cleaning » Feature Engineering
Time-Series Windowing

I

Communication Layer
MQTT « Wi-Fi » HTTP « Gateway

1
|

Smart Shelves

RFID Sensors Barcode Scanner

Figure 5.1: Overall Proposed System Architecture

loT Data Acquisition Layer
The loT Data Acquisition Layer is responsible for
collecting real-time inventory and warehouse data
using smart sensing devices.

Device/Sensor Purpose

RFID Tags Product identification and
tracking

RFID Readers Read product movement
information
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Monitor stock
automatically

Smart Shelves quantity

Remove abnormal sensor
values

Outlier Detection

Barcode Scanners | Capture inventory transactions

Time Synchronization | Align timestamps

Weight Sensors Detect stock quantity changes
Temperature Monitor warehouse conditions
Sensors
Humidity Sensors | Preserve product quality

The sensors continuously monitor inventory

movement such as stock inflow, outflow, and shelf
quantity.

Communication Layer

The communication layer transfers data collected
from loT devices to cloud or edge servers for
processing.

Communication Technologies

Technology Function

MQTT Lightweight 10T communication
protocol

HTTP/REST Data transmission to server

API

Wi-Fi Wireless sensor communication

ZigBee Low-power 10T networking

Edge Gateway | Aggregates and forwards sensor
data

The communication layer ensures reliable and
continuous real-time data streaming.

Data Processing Layer
The Data Processing Layer preprocesses raw sensor
data before applying Machine Learning algorithms.

Processing Steps

2. Data 1. Outs
Ingestion

& Feature

Preprocessing eag Engneering

1, Ryw Dot
Collection

5. Time-Series
Windewing

& Output to
ML Models

7. Data
Storage

6, Processed

Oatazan

—
Figure 5.2: Data Processing Workflow

Data Preprocessing Tasks

Preprocessing Purpose

Technique

Missing Value | Remove incomplete
Handling records

Noise Filtering Improve data quality
Normalization Scale features uniformly

Machine Learning Prediction Layer

The Machine Learning Prediction Layer applies Time-
Series forecasting algorithms to predict future
inventory demand and stock levels.

Forecasting Models Used

Model Purpose

ARIMA | Linear demand forecasting
LSTM Sequential inventory prediction
GRU Efficient time-series forecasting
Prophet Seasonal demand analysis
XGBoost | Nonlinear inventory prediction

Forecasting Pipeline

Figure 5.3: Machine Learning Forecasting Pipeline

Visualization and Decision Support Layer

The Visualization Layer displays inventory analytics
and prediction results through interactive
dashboards.

Dashboard Functions

Predicted Inventory Trend

—8—  Haloricul insestory

— - Predctod invemiory

Invenory Level

Predician
Sent

Time

Figure 5.4: Predicted Inventory Trend Graph
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e Real-time stock monitoring

Comparative Analysis of Forecasting Models

e Inventory prediction visualization Model Advantages Limitations
e Reorder alerts ARIMA | Simple and | Poor for nonlinear
e Warehouse analytics interpretable data
. LSTM Handles long-term | High
e Demand forecasting graphs g .
d ki dependencies computational cost
*  Product movement tracking GRU Faster training than | Slightly  lower
Example Inventory Dashboard Graph LSTM accuracy
Prophet | Handles Limited deep
Proposed System Workflow seasonality well pattern learning
The operational workflow of the proposed system is | XGBoost | Strong  nonlinear | Requires  feature
shown below. prediction engineering
~ Performance Comparison Graph
—
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ﬁ loT Sensors Forecasting Accuracy (%)
"
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B |«
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Figure 5.5: Proposed System Workflow

Models

Figure 5.6: Forecasting Accuracy Comparison
Advantages of Proposed Architecture

l The proposed architecture offers several advantages:
e Real-time inventory visibility

Intelligent demand forecasting

Reduced stockout and overstock situations

e Automated replenishment recommendations
Scalable cloud-based architecture
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e Improved warehouse efficiency

e Industry 4.0 compatibility

e Support for smart supply chain management
The integration of loT devices and Time-Series
Machine Learning algorithms enables efficient
predictive inventory management and improves
overall supply chain performance.

VI. PROPOSED METHODOLOGY

The proposed methodology presents a real-time
intelligent inventory prediction framework that
integrates loT-based inventory monitoring with
Time-Series Machine Learning algorithms. Unlike the
system architecture discussed previously, this
section focuses on the operational methodology,
data flow, algorithmic processing, model training,
and forecasting procedures used to generate
accurate inventory predictions.

The methodology consists of six major phases:

1. Real-Time Inventory Data Acquisition
2. Data Preprocessing
3. Feature Engineering
4. Time-Series Dataset Generation
5. Machine Learning Model Training
6. Inventory Forecasting and Evaluation
Methodology Workflow
—_—
u’-‘n Real-Time loT Data
“
oS>
E’b Data Preprocessing
«
Feature Extraction
«
M Time-Series Dataset
-
@;‘g; ML Model Training
v
.'/‘l/i Inventory Forecast
-
= P Performance Metrics

Figure 6.1: Proposed Methodology Workflow

Real-Time Inventory Data Acquisition

The proposed system continuously gathers
inventory information from multiple loT-enabled
devices deployed inside warehouses and retail
environments.

Data Sources

Data Source

RFID Tags
Barcode Scanner
Smart Shelves
Warehouse Sensors

Information Collected
Product movement tracking
Sales and stock transactions
Current stock quantity
Environmental conditions

POS Systems Real-time sales records
Data Source Information Collected
RFID Tags Product movement tracking

Sales and stock transactions
Current stock guantity
Environmental conditions
Real-time sales records

Barcode Scanner
Smart Shelves
Warehouse Sensors
POS Systems

The collected data contains:
Product ID

e Timestamp

e Quantity sold

e Remaining stock

e Shelf occupancy

e Product inflow/outflow

e Environmental conditions

Data Preprocessing

The raw sensor data may contain missing values,
duplicate entries, and noisy readings. Therefore,
preprocessing is necessary before model training.

Preprocessing Operations

Technique Purpose

Missing Value | Handle incomplete

Imputation records

Noise Removal Improve sensor
reliability

Data Normalization | Scale feature values

Outlier Detection Remove  abnormal
data

Timestamp Synchronize  time-

Alignment series data
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Figure 6.2: Data Preprocessing Pipeline

Feature Engineering

Feature engineering is performed to improve
forecasting performance and capture temporal
inventory behavior.

Extracted Features

Feature Description

Daily Sales Total daily product sales
Inventory Turnover | Product movement rate
Lead Time Supplier delivery duration
Seasonal Index Seasonal demand variation
Product Category Classification label
Demand Frequency | Purchase frequency

Sliding window techniques are applied to convert
sequential inventory data into supervised learning
format.

Time-Series Dataset Generation

The processed inventory data is transformed into
time-series sequences suitable for forecasting
models.

Sequence Generation

Previous Stock Values | Predicted Stock
520, 500, 485 470
500, 485, 470 455
485, 470, 455 440

This approach helps the models learn inventory
trends and future stock behavior.

Machine Learning Model Training

The proposed methodology utilizes multiple Time-
Series Machine Learning algorithms for inventory
prediction.

Models Implemented

Model Purpose

ARIMA | Statistical forecasting

LSTM Sequential deep learning prediction
GRU Lightweight recurrent forecasting
Prophet | Seasonal trend forecasting
XGBoost | Regression-based prediction

LSTM Forecasting Process

Inventory Time-Series Data

!

Sequential Windowing

!

LSTM Neural Network

!

Predicted Inventory

Figure 6.3: LSTM-Based Inventory Prediction
Process
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Inventory Prediction Graph
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Figure 6.4: Inventory Forecasting Trend
Comparative Model Performance
Model Accuracy | RMSE | MAE
ARIMA | 85.3% 18.7 12.4
Prophet 89.1% 15.2 10.1
XGBoost | 92.4% 11.3 7.8
GRU 94.5% 9.2 6.3
LSTM 96.2% 8.1 5.4
Table 6.1: Performance Comparison of Forecasting
Models
Forecast Accuracy Graph
Forecasting Accuracy (%)
e
nad
> = e 0
b ' = ‘sl

Figure 6.5: Forecasting Accuracy Comparison

Performance Evaluation Metrics
The performance of the forecasting models is
evaluated using standard regression metrics.

RMSE Formula

RMSE = /1377 (5 —)?

MAE Formula
MAPE Formula
MAPE =10 yn ‘—- |

Advantages of Proposed Methodology
The proposed methodology provides
benefits:

e Real-time inventory forecasting

e Improved demand prediction accuracy

e Reduced stockout situations

e Optimized warehouse operations

e Automated replenishment support

e Scalable loT-based prediction framework
e  Better supply chain visibility

The integration of loT technology with Time-Series
Machine Learning algorithms enables intelligent
predictive inventory management suitable for
Industry 4.0 smart warehouse systems.

several

VII. DATASET

The performance of the proposed Real-Time
Inventory Prediction system depends heavily on the
quality, consistency, and temporal characteristics of
the dataset used for training and evaluation. In this
research, inventory-related data is collected from
loT-enabled warehouse environments and publicly
available retail datasets. The dataset contains real-
time inventory movement records, sales
transactions, stock quantities, and environmental
sensor readings.

The collected data is organized in time-series format,
where inventory activities are recorded continuously
at fixed time intervals. This enables the Machine
Learning models to learn sequential inventory
behavior and predict future stock levels accurately.

Dataset Sources
The proposed framework utilizes a combination of

real-world and simulated loT inventory datasets.

Dataset Sources Used

Dataset Source Description

Retail Inventory | Product sales and stock
Dataset records

Walmart Sales | Historical sales forecasting
Dataset data

RFID  Warehouse | Real-time product movement
Dataset tracking

Smart Shelf Sensor | Shelf occupancy and stock
Data quantity
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Simulated IoT | Synthetic warehouse sensor
Dataset readings

The datasets contain both historical and real-time
streaming inventory data for forecasting analysis.

Dataset Attributes

The dataset includes multiple inventory-related
features collected from loT devices and warehouse
management systems.

Input Features

Attribute Description

Product_ID Unique product identifier
Timestamp Date and time of record
Stock Level Current inventory quantity
Units_Sold Number of products sold

Reorder_Point Minimum inventory
threshold

Temperature Warehouse temperature

Humidity Warehouse humidity level

Shelf Status
Supplier_Lead Time
Product_Category

Shelf occupancy condition
Product delivery duration
Product classification

Dataset Table
Table 7.1: Sample Inventory Dataset
Time Produ | Stoc | Units | Tempe | Hum
stamp ct k Sold | -rature | -idity
ID Leve
[

2026- P101 |520 |15 24°C | 55%
01-01

09:00

2026- P101 | 505 |18 25°C | 54%
01-01

10:00

2026- P101 | 487 |20 25°C | 53%
01-01

11:00

2026- P101 | 467 |22 26°C | 52%
01-01

12:00

Dataset Processing Workflow

Raw Inventory Data

Data Cleaning

Train-Test Split

Figure 7.1: Dataset Preparation Workflow

Data Distribution Graph

ELECTRONICS 3
GROCERES
CLOTHING -,
FurniTuRe &

HEALTHCARE ffs

COUNT OF RECORDS

Figure 7.2: Product Category Distribution

Time-Series Inventory Trend

INVENTORY LEVEL TREND

Inveniupy L evel

Ql". q“" d‘\_s (f“ 00" 0‘\'» c“ﬂ q"“ q‘\a (‘w'n 5 “6

Tima

Figure 7.3: Inventory Time-Series Trend
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Train-Test Dataset Split
The processed dataset is divided into training and
testing subsets for model evaluation.

Dataset Portion | Percentage
Training Data 80%
Testing Data 20%

The training dataset is used to train Time-Series
Machine Learning models, while the testing dataset
evaluates forecasting performance on unseen
inventory data.

Statistical Summary of Dataset
Table 7.2: Dataset Statistical Summary

Parameter Value
Total Records 15,000
Number of Products 250

Time Interval 1 Hour
Features 10
Missing Values <2%
Sensor Data Frequency | Real-Time

Advantages of Dataset

The selected dataset provides several advantages
for real-time inventory prediction:

e Real-time loT sensor integration

e Large-scale inventory records

e Sequential time-series structure

e Multiple inventory-related features

e Support for deep learning forecasting

e Realistic warehouse simulation

e Suitable for Industry 4.0 applications

The dataset enables effective training and evaluation
of Time-Series Machine Learning models for
intelligent inventory forecasting and smart
warehouse management systems.

VIIl. EVALUATION METRICS

Evaluation metrics play a critical role in measuring
the effectiveness and forecasting accuracy of the
proposed Real-Time Inventory Prediction system. In
this research, standard regression and forecasting
performance metrics are used to evaluate the
performance of Time-Series Machine Learning
models such as ARIMA, LSTM, GRU, Prophet, and
XGBoost.

The selected metrics measure prediction error,
forecasting precision, and model reliability for
inventory demand forecasting tasks.

The primary evaluation metrics used in this
research are:

1. Mean Absolute Error (MAE)

Root Mean Square Error (RMSE)

Mean Absolute Percentage Error (MAPE)
Forecasting Accuracy

HMownn

Mean Absolute Error (MAE)

Mean Absolute Error (MAE) measures the average
absolute difference between actual inventory values
and predicted inventory values.

MAE Formula
MAE =1 Z;;

n

Wi — Ui

Where:

e yi = Actual inventory value

e Vi = Predicted inventory value

e n = Total number of observations

Advantages of MAE

e Simple to interpret

e Less sensitive to outliers

e Measures average prediction error directly

Root Mean Square Error (RMSE)

Root Mean Square Error (RMSE) measures the square
root of the average squared difference between
actual and predicted inventory values.

RMSE Formula
RMSE penalizes large prediction errors more heavily
and is widely used in forecasting systems.

RMSE = /1 Y0 (s — )?

Advantages of RMSE

e Detects large forecasting errors effectively
Suitable for inventory forecasting evaluation
Provides better sensitivity to prediction
deviations

11
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Mean Absolute Percentage Error (MIAPE) Forecasting Accuracy Graph

Mean Absolute Percentage Error (MAPE) measures Forecasting Accuracy (%)
forecasting error as a percentage of actual inventory S

values. L™ [BEBRRERRRRRRRUNRNRNRREAT | 6%
MAPE Formula NIR— :
: GRU |HEENENERARE 94%
MAPE = W0y i o=
TR Xcooost ([FERENRRNN | 92%
Advantages of MAPE —
Pr t |
e Easy to understand as percentage error oo \.lll[ﬁ,
e Useful for comparing forecasting models avma [BEBEEREEE | 88
e Scale-independent evaluation metric e TS R S
% 20% A0% 80% BO% 100%
Forecasting Accuracy Figure 8.2: Forecasting Accuracy Comparison

Forecasting Accuracy measures how accurately the
Machine Learning models predict future inventory confusion Between Actual and Predicted

levels. Inventory
e — ACtual
Accuracy Formula - - Predicted
29 1 w
Accuracy = (1 - u) x 100 H
Yi - &0
. . . . t
Higher accuracy values indicate better forecasting £ 4
performance. %
=20 >
Comparative Evaluation Metrics Table 0
Table 8.1: Performance Evaluation of Forecasting SR A mnmg‘ w0
Models

Figure 8.3: Actual vs Predicted Inventory Levels
Model MAE | RMSE | MAPE | Accuracy

ARIMA | 124 18.7 14.8% | 85.3%
Prophet 10.1 15.2 11.7% | 89.1%
XGBoost | 7.8 113 8.2% 92.4%

Evaluation Analysis
The evaluation results indicate that deep learning-
based forecasting models outperform traditional

GRU 6.3 9.2 6.4% 94.5% statistical methods in real-time inventory prediction
LSTM o4 8.1 4.8% 96.2% tasks. Among all implemented models, the LSTM
model achieved the highest forecasting accuracy of
Error Comparison Graph 96.2% with the lowest RMSE and MAE values. GRU
.. also demonstrated strong forecasting capability with
Prediction Error lower computational complexity.
Comparison

Traditional models such as ARIMA performed
. adequately for linear inventory trends but struggled

with nonlinear and rapidly changing inventory
‘ demand patterns. The results confirm that
ﬂ I[” lﬂ lﬂﬂ integrating loT-generated real-time inventory data

with Time-Series Machine Learning algorithms
significantly improves prediction accuracy and
WMAE ®RAMSE ®MAPE m Accuracy warehouse decision-making efficiency.

Figure 8.1: Prediction Error Comparison

12
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The selected evaluation metrics effectively measure contracts can automate inventory verification and
forecasting reliability, prediction error, and inventory supply chain authentication.
demand estimation performance for intelligent

supply chain management systems. Future Blockchain Applications
Application Benefit
IX. ADVANTAGES ;Secure inventory | Prevent data tampering
0gs
. o Smart contracts Automated inventory
e Real-time monitoring validation
* Automated inventory control Supply chain | Improved transparency
e Reduced operational cost tracking
e Scalable architecture Product Counterfeit prevention
e Better supply chain visibility authentication

e Improved customer satisfaction
Edge Al for Real-Time Forecasting

X. FUTURE SCOPE Currently, most inventory prediction tasks are
performed on centralized cloud servers. Future
systems can deploy Edge Al models directly on loT
gateways and edge devices to enable faster local
inventory prediction with reduced latency.

The proposed Real-Time Inventory Prediction
system demonstrates the effectiveness of integrating
loT technology with Time-Series Machine Learning
models for intelligent inventory forecasting and
warehouse management. Although the proposed
framework achieves high forecasting accuracy and
improved inventory visibility, several enhancements
and research extensions can be explored in the
future to further improve system efficiency,
scalability, and automation.

Benefits of Edge Al
Faster prediction response
e Reduced cloud dependency
Lower communication overhead
e Real-time local decision-making

Digital Twin-Based Smart Warehouses

Digital Twin technology can be integrated to create
virtual real-time replicas of warehouses and
inventory systems. This will allow intelligent
simulation, predictive monitoring, and automated
warehouse optimization.

Future research directions are discussed below.

Integration with Federated Learning

Future systems can integrate Federated Learning
techniques to enable collaborative inventory
prediction across multiple warehouses and retail

. . oy . Phesi l L’,'d
branches without sharing sensitive business data. | Mk o TR
This approach improves data privacy, security, and Sy [ ~— Data Fiow

. . .. . . .| Warehouse Sate « =« Dafd Stores
distributed model training efficiency. i 7L Datsbase
Sausbea |
Update | |
Advantages l\»«: bota - Forecasts & r—nﬁfj;;,‘fm
. E h d d . K Twin ’/ ‘ Lﬂmrrrmub:m System
nhanced data privacy o D o W, W
. . . \ *a \ \ v
e Distributed model learning T N| “53;2";"_,; Duta with [ Dot ) isights
. . \ ] Predctive | | po /
e Secure multi-warehouse collaboration '{’P“\“i'j:' "\“/ @7 ﬁ
e Reduced centralized storage dependency )
1 Supply Chain
. . Farecasts & Optimization b mg
Blockchain-Based Inventory Security Madel Siare

Blockchain technology can be integrated with loT
inventory systems to ensure secure, transparent, and
tamper-proof  inventory transactions.  Smart

Figure 11.1: Digital Twin-Based Smart Inventory
Framework
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Reinforcement Learning for Automated
Restocking
Future inventory systems can incorporate

Reinforcement Learning (RL) algorithms for adaptive
and autonomous restocking decisions. RL agents can
learn optimal inventory replenishment policies
dynamically based on warehouse conditions and
demand behavior.

Potential Improvements

e Automated reorder optimization
e Adaptive inventory control

e Dynamic demand response

e Reduced operational cost

Integration with Autonomous Robots

Future smart warehouses may integrate autonomous
mobile robots and robotic arms for automated
inventory movement, product placement, and
warehouse logistics.

Robotic Applications

Robotic System Function
Automated Guided | Product transportation
Vehicles (AGVs)
Robotic Arms Product sorting and
handling
Drone Monitoring Warehouse  inventory
inspection
Smart Picking Robots Automated order
fulfillment
Advanced Deep Learning Models
More advanced forecasting models such as
Transformer Networks, Temporal Fusion

Transformers (TFT), and Attention-Based Neural
Networks can be explored to improve inventory
forecasting accuracy for highly dynamic and
nonlinear demand patterns.

Future Forecasting Models

Model Expected Benefit

Transformer Networks | Better long-sequence
learning

TFT Models Multi-horizon forecasting

Attention Mechanisms | Improved temporal
pattern analysis

Hybrid Deep Learning | Higher prediction

Models accuracy

Hybrid Deep Learning Models Higher prediction

accuracy

Sustainability and Green Warehousing

Future research can focus on energy-efficient smart
warehouse systems that optimize electricity
consumption, warehouse resource utilization, and
sustainable inventory operations.

Sustainability Goals

e Energy-efficient loT devices

e Green warehouse management
e Reduced inventory waste

e Carbon footprint optimization

Xl. CONCLUSION

This research presented an intelligent Real-Time
Inventory Prediction framework that integrates
Internet of Things (IoT) technology with Time-Series
Machine Learning algorithms for efficient inventory
forecasting and smart warehouse management. The
proposed system continuously collects real-time
inventory data using loT devices such as RFID tags,
smart shelves, barcode scanners, and warehouse
sensors, enabling automated and accurate inventory
monitoring.

The collected inventory data was processed through
preprocessing and feature engineering stages
before applying multiple forecasting models
including ARIMA, LSTM, GRU, Prophet, and XGBoost.
The experimental evaluation demonstrated that
deep learning-based models, particularly LSTM and
GRU, achieved superior forecasting performance
compared to traditional statistical approaches.
Among all implemented models, the LSTM model
produced the highest forecasting accuracy of 96.2%
with lower RMSE, MAE, and MAPE values.

The proposed framework successfully reduced
stockout situations, minimized excess inventory
costs, improved warehouse efficiency, and enabled
proactive inventory replenishment decisions. The
integration of loT-generated real-time data with
predictive analytics significantly enhanced inventory
visibility and supply chain responsiveness.
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Furthermore, the research highlighted the
importance of Industry 4.0 technologies in

developing intelligent, scalable, and automated
warehouse systems. The proposed methodology
supports real-time decision-making, smart inventory
optimization, and efficient resource management
suitable for modern retail, logistics, manufacturing,
and supply chain environments.

Overall, the proposed Real-Time Inventory
Prediction system demonstrates that combining loT
infrastructure with Time-Series Machine Learning
techniques provides an effective and scalable
solution for next-generation predictive inventory
management and smart warehouse automation
systems.
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