Z‘ I El' A International Information and

Engineering Technology Association

Ingénierie des Systémes d’Information
Vol. 31, No. 5, May, 2026, pp. 1375-1387

Journal homepage: http://iieta.org/journals/isi

Performance Analysis and Implementation of AdaBoost and K-Nearest Neighbour-Based ]

Computation Offloading in Fog Architecture

Prince Gupta'"®®, Annu Dhankhar?”, Swasti Singhal'

Check for
updates

, Ashima Arya'®?, Manvi Khatri*®, Adesh Kumar*

! Department of Computer Science and Information Technology, Krishna Institute of Engineering and Technology, Ghaziabad

201206, India

2 Qualys Inc, Foster City 94404, United States

3 Department of CSE(AI), Krishna Institute of Engineering and Technology, Ghaziabad 201206, India
4 Department of Electrical & Electronics Engineering, School of Advanced Engineering, University of Petroleum & Energy

Studies, Dehradun 248007, India

Corresponding Author Email: prince.rkg@gmail.com

Copyright: ©2026 The authors. This article is published by IIETA and is licensed under the CC BY 4.0 license

(http://creativecommons.org/licenses/by/4.0/).

https://doi.org/10.18280/is1.310501

ABSTRACT

Received: 22 April 2025
Revised: 1 September 2025
Accepted: 15 April 2026
Available online: 31 May 2026

Keywords:

Adaptive Boosting algorithm, k-nearest
neighbour,  fog computing, cloud
communication, machine learning,
computation offloading

With the rapid expansion of Internet of Things (IoT) networks involving connected devices,
an increasing volume of heterogeneous data is being generated, which requires real-time
processing, low latency, and energy-efficient computations. Edge devices, typically
resource-constrained, cannot always run computationally heavy operations, and, therefore,
the paradigm of computation offloading has become important within distributed fog
computing networks. In this research, we propose a lightweight yet adaptive framework for
deciding about computation offloading. The offloading strategy determines whether a
particular task needs to be computed locally or moved to neighbouring fog nodes. The
offloading problem is considered a binary classification problem and is solved using a
hybrid model that combines two different algorithms, such as Adaptive Boosting
(AdaBoost) and k-nearest neighbour (KNN). To test the feasibility of this framework, a
comprehensive experiment is performed based on a dataset with 62,120 samples containing
20 features related to wireless channel characteristics, latency restrictions, and available
resources. As shown in the experimental results, the accuracy achieved by AdaBoost is
higher, at 96.93%, than KNN, which reaches 94.27%. Furthermore, this model can decrease
execution latency and energy usage by up to 18.6 ms and 0.42 J, respectively, beating KNN
by almost 23% and 26% in latency and energy efficiency, respectively. The novelty of this
work lies in the design of a hybrid, low-complexity, and interpretable offloading decision
framework that achieves high prediction accuracy while maintaining real-time
responsiveness, addressing the limitations of existing optimization and deep learning-based
approaches. The proposed model effectively improves task execution efficiency, reduces
communication overhead, and enhances overall system performance, making it suitable for
latency-sensitive [oT applications deployed in dynamic fog computing environments.

1. INTRODUCTION

capable of handling them. Initially, cloud-based infrastructure
became a solution to offload computations due to its rich

The fast-growing development of Internet of Things (IoT)
and latency-critical applications has put considerable pressure
on achieving efficient computing capabilities, reactivity, and
effective resource management in a distributed environment.
Current applications such as autonomous vehicles, healthcare
systems, automated production, and surveillance have a high
demand for advanced processing with strict restrictions on
delays. At the same time, the limited computational capacities,
energy reserves, and memory storage impose certain
restrictions on the IoT devices' capability to perform complex
computations locally [1-3]. In order to address the above-
mentioned limitations, offloading computations has been
widely implemented as a promising strategy, during which
computationally demanding processes are transferred from the
limited resources of IoT devices to external sources that are
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computational resources and scalable storage capabilities [4,
5]. In spite of all the mentioned strengths, cloud-based
computing infrastructure suffers from extremely high
latencies, high bandwidth usage, and congestion resulting
from the distance between end-user devices and cloud data
centers [6].

Fog computing has thus evolved as an expansion of cloud
computing in order to resolve these issues by offering services
related to computation, storage, and networking at the edge of
the network. In this case, intermediate devices like gateways,
routers, and edge servers carry out functions such as data
processing and decision-making, which help minimize latency
and improve quality of service (QoS) [7]. The distribution of
these processes enhances efficiency and allows real-time
processing through reduced communication overhead and
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transmission delay. As such, fog computing provides a
suitable environment for computation offloading in dynamic
IoT settings. The process of computation offloading in fog
computing is a complex process, as it takes into account
various issues such as the dynamic nature of network
conditions, heterogeneous resources, and task characteristics.
The computation offloading decision relies on several
variables like computation complexity, channel state, energy,
and latency considerations [8-10].

There have been various ways proposed for solving this
issue, including techniques based on optimization such as
convex optimization, Lyapunov optimization, and stochastic
allocation, among others [11-13]. Even though optimization
techniques produce optimal or near-optimal results, they are
known to possess high computational complexity.

Several innovations have recently emerged with regard to
employing machine learning (ML) and deep reinforcement
learning (DRL) models for adaptive computation offloading
[14-37]. They provide an accurate representation of the system
and enable more effective decision-making under uncertain
conditions. Nonetheless, deep learning models are highly data-
demanding, resource-intensive, and lack transparency, which
makes them impractical for application in real-time fog
systems [38, 39]. This raises the question of how to design a
lightweight and computationally efficient framework capable
of generating optimal offloading solutions in real time.

To fill this research gap, this paper will discuss a
performance evaluation and development of computation
offloading schemes for fog computing architectures with the
use of a hybrid ML paradigm. The suggested framework
utilizes the advantages of conventional machine learning
models to deliver a balanced solution for computation
offloading in fog settings.

2. LITERATURE REVIEW

Table 1 lists the findings from the different research articles.
New innovations in IoT technology and edge/fog computing
have created the need for efficient offloading mechanisms.
Edge and fog computing lower latencies and improve QoS
more than cloud-based architecture does [1-3]. Nevertheless,
mobile devices' limited resources necessitate efficient
decision-making on offloading [4]. Previous research has
emphasized cloud-based offloading that experiences high
latencies because of long-distance transmissions [6, 7]. To
tackle the problem, D2D and fog computing have emerged by
allowing  resource-sharing and minimizing energy
consumption [8-10].

Latency-energy trade-off has been handled through various
optimization algorithms, including Lyapunov and convex
optimizations [11-13]. Workload allocation in MEC
architecture is another interesting topic of research that has
attracted many researchers' attention recently [14-16]. Further
improvements have been made in task allocation and resource
scheduling using techniques such as game theory, stochastic
optimization, and heuristic methods such as simulated
annealing [17-20]. Nevertheless, all the above strategies
exhibit poor adaptability to the rapidly changing environment.

In recent years [21-34], researchers have considered
employing ML algorithms and the concept of DRL, where
algorithms such as DQN and Actor-Critic can make adaptive
decisions during unpredictable network conditions [35-39].
Even though these strategies work effectively, their
implementation is quite complicated and costly. Federated
learning, privacy-aware offloading, and intelligent fog Al
systems have also been explored as promising solutions in
recent times [40-50]. Nonetheless, no study has yet considered
proposing an efficient, lightweight, and fast decision-making
strategy that works in real-time fog computing environments.

Table 1. Findings of literature review

Ref. Findings (Key Idea) Platform Advantages Limitations Research Gaps
Edge/Fog computing reduces Low latency, localized o Need efficient
[1-3] latency vs cloud Edge/Fog processing Limited resources offloading policies
[6,7] _ Cloud-based ofﬂoadmg Cloud High processing capability High delay, bandwidth ~ Not su}table for real-
improves computational power dependency time apps
8] Moblllty-gsmsted D.2D. D2D/MEC Improves connect}Vlty & Limited scalability Nev;d.s adaptive
offloading using optimization resource sharing decision models
[9] Socially aware MEC offloading MEC Improves energy efficiency = Complex coordination Requires lightweight
framework models
Incentive-based IoT cloud Energy saving, incentive- . . Lack of real-time
[10] offloading (Aura) loT Cloud aware High complexity adaptation
Lyapunov optimization for Theoretical optimal High computation Limited real-time
[11] MEC . . -
latency-energy tradeoff solutions overhead implementation
[12,13] Resource alloc?.tl(?n + energy- MEC Balanced performance Complex modeling Need simplified
delay optimization methods
Multi-user task offloading & Requires global -
[14-16] scheduling MEC Improved throughput knowledge Poor scalability
Game theory & heuristic-based Efficient resource Not adaptive to Lack of learning
[17-20] scheduling Edge/Fog allocation dynamic states capability
DRL for adaptive offloading Handles a dynamic . .. Computationally
[35-36] decisions MEC environment High training cost expensive
DRL-based resource . Complex Difficult for real-time
[37-39] optimization & offloading Edge Al High accuracy implemepntation systems
[41] Survey on fog.ofﬂoadmg Fog Comprehensive analysis No implementation Need practical
mechanisms frameworks
[49-51] Delay-optimized anq l0T/Fog Improved latency Hardware dependent Needs generalizable
heterogeneous offloading performance models
[50] Privacy-preserving DRL [oMT Secure and adaptive High computation Needs lightweight

offloading

overhead

security models
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ML-based offloading (survey &

Need hybrid

[52-54] taxonomy) Edge/Fog Good adaptability Model complexity lightweight models
Federated fog computing for . - Communication Efficient aggregation
[53] ToT Fog + FL Privacy & scalability overhead needed
[55-58] Scheduling and dynamic Fog Efficient task handling Static assumptions Need real-time

resource management

adaptive models

Note: [oT = Internet of Things; D2D = device-to-device; MEC = mobile edge computing; DRL = deep reinforcement learning; ML = machine learning; FL =
federated learning; [oMT = Internet of Medical Things; Al = Artificial Intelligence; QoS = quality of service.

3. OFFLOADING
COMPUTING

FRAMEWORKS IN FOG

Mobile Assistance Using Infrastructure (MAUI): The
main objective of MAUI through offloading, is the
optimization of energy usage [10]. MAUI allows highly
dynamic offloading by constantly conducting profiling. Using
this architecture, one can create an impression that the entire
application is running on the user’s phone without worrying
about the complexity of offloading. As per the developers'
experience of the tasks that can or cannot be offloaded, MAUI
partitioning is decided, as shown in Figure 1. Two conditions
have to be met in the planning phase; these are (1) the
application binaries should be available on both server and
mobile phone sides, and (2) proxies, profilers, and solvers
have to be mounted on both sides. Initially, the MAUI profiler
discovers the device capabilities and then monitors the
program and network attributes during execution time. Since
these attributes are dynamically changing, any out-of-date
information can cause errors for MAUI. The decisions related
to offloading are made during runtime.

( MOBILE DEVICE/USER )

L Appilcation Layer | - Energy Profiler | - Network Profiler | MAUI J
I
= Wireless Network
f WiFI/SG/LTE/OGtaway

v
FOG/EDGE NODE [CLOUD DATA CENTER
Resource Manager Large scale Servers
Eggé Task Scheduler ¢ > Massive Storage Cloud
VM/Container Al/Analytics Engine | Data
Node
Center

High Computation

|
PROCESSED RESUITS

Lowlatency Proc.

[ MOBILE DEVICE/USER J

Figure 1. Mobile Assistance Using Infrastructure (MAUI)'s
framework architecture

Decisions on which components should be remotely
executed depend on the outcome of the solver in MAUI. The
views of the MAUI profiler form the basis for these decisions.
An illustration of MAUI architecture is shown in Figure 1. In
the framework that works in mobile devices, a solver, profiler,
and proxy work together. The MAUI profiler checks the
ability of each method to save energy and collects information
on the state of the mobile device and that of the network
whenever it is invoked. The proxy uses the calculations done
by the profiler and transfers data and control from the server
to the mobile phone and vice versa, alongside the MAUI
solver. Tasks performed by both the profiler and server proxy
in the server are identical to those of the client profiler and
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proxy. Phone2Cloud architecture: Figure 2 depicts the
Phone2Cloud architecture with functional units. Phone2Cloud
architecture for offloading computations to improve the
performance of applications and increase the energy efficiency
of mobile devices. This architectural design allows for semi-
automatic  offloading,  which  involves  executing
computationally heavy parts of applications on external cloud-
based computing resources. Applications are prepared before
execution by modifying them in order to be able to use cloud
computing resources. This architectural design employs static
analysis based on user delay tolerance for making decisions
about offloading. As shown in Figure 2, communication
occurs between mobile devices and cloud computing resources
via wireless networks. Phone2Cloud also offers a simple
method of estimating Wireless Fidelity (Wi-Fi) connection
delays.

Application Cloud
Mobile
Client L Execution Time
Predictor
Local Execution Remote
¥ Manager
Offloading
Decision Offloading Proxy
Bandwidth Proc.

‘—" Processed Results ‘

Figure 2. Phone2Cloud architecture

Optimization-based techniques for computation offloading
leverage explicit network conditions, resource availability,
and task properties for achieving optimal system performance
through the use of convex optimization and game-theoretic
models [31-33]. Such models seek to optimize system
performance through simultaneous minimization of latency
and energy consumption, while also maximizing utility.
Depending on access to resources, such models may either
include single-server or multi-server offloading techniques.
Single-server computation offloading is achieved through the
formulation of offloading policies that take into account
constraints like radio spectrum availability, computing ability,
and storage capabilities of a single edge server. In such
approaches, the use of in-network caching along with heuristic
optimization results in higher efficiency of the model by
minimizing energy and processing latencies under partial
Channel State Information (CSI) [37]. Energy-conscious MEC
systems include an environmental energy harvesting
technique, allowing tasks to be executed depending on
resource availability. Mobility-aware models for computation
offloading further optimize system performance by reducing
latency and offering increased continuity services to users in
mobile environments [39]. More sophisticated models for



resource allocation in edge cloud environments are based on
dynamic optimization and incentive mechanisms for
encouraging cooperation among users and servers [40-44].
Lastly, matching-based models help to achieve higher
efficiency of task allocation. In MEC, multi-server offloading
is an efficient approach for enhancing energy efficiency,
reducing latency, and load balancing by splitting tasks
between different edge servers. Task scheduling and CPU
frequency scaling techniques have been utilized in MEC
systems to enhance energy usage and performance [46].
Software-Defined Ultra-Dense Networks (SD-UDNs) also
employ centralized control nodes to effectively offload tasks
to appropriate edge servers in order to reduce network latency
[47]. Markov Decision Process-based Computing (MDPC)-
based task offloading strategies have further been utilized in
vehicular edge computing systems to enhance latency in the
presence of mobility and network uncertainty [48]. Despite the
benefits gained from the above methodologies, various
problems, such as scalability, optimization complexities,
mobility management, and dynamic resource allocation, are
still open challenges. Recently, model-free RL algorithms
have attracted considerable attention in the design of
algorithms for task allocation and resource management in the
MEC system because of their adaptiveness and low reliance
on pre-existing system models. Through interaction with the
environment, the algorithms are able to make intelligent
decisions about how to behave optimally in dynamically
varying wireless conditions. According to a number of recent
studies [49, 50], a task-offloading mechanism for minimizing
communication delay, computation delay, and handover delay
while fulfilling the energy budget constraints was developed
using the Volatile Multi-Armed Bandit (VMAB) model. In
addition, An et al. [51] have put forth a task offloading
framework based on the DRL technique, which allows for
local computation of computational tasks or offloading of the
task fully in wireless MEC networks. It aims at deriving the
optimal binary offloading strategy that maximizes the overall
computation rate in light of system constraints. Moreover,
Abdulazeez and Askar [52] proposed a novel framework based
on Partially Observable Markov Decision Process (POMDP)
in which a decision guideline algorithm is used to compute
optimal offloading strategies. The approach ensures that such
optimal offloading policies are rational and incentive-
compatible.

4. COMPUTATION OFFLOADING MODEL

The computation offloading model to be developed
employs AdaBoost and k-nearest neighbour (KNN)
algorithms in determining whether a given computation task
will be performed locally or in the fog nodes. The overall
AdaBoost computation offloading scheme workflow can be
seen in Figure 3. The computation task is considered to be a
binary classification problem where “0” denotes local
processing while “1” denotes fog node-based processing. The
dataset employed for analysis consists of 62,120 samples with
20 features each. Each row of the dataset corresponds to a
specific time period, T; while the features represent wireless
channel gain values and associated user-specific network
parameters. The dataset was further balanced to maintain
approximately equal samples from both offloading categories,
thereby improving classification stability and reducing
prediction bias. The offloading status variable, O;, refers to the
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offloading status of each example. The AdaBoost algorithm
was applied to enhance classifier performance in order to
combine multiple weak classifiers into a strong classifier. The
Decision Stump algorithm will be adopted in the current work
as a weak classifier. The training samples are first assigned the
same weight values using Eq. (1):

(1

where, N is the total number of training data samples. In each
iteration, the weak classifier will use the network and task-
related properties such as wireless channel gains, latency, and
resources to classify the offloading states. Misclassified
examples will have higher weights in the next iteration and
thus help in focusing more on hard decision boundary regions.
The whole weighted classification process goes on until the
defined number of classifiers is reached. Figure 4 shows the
process flow diagram of the proposed AdaBoost-based
offloading approach. For classifying the offloading decisions
based on similarities of the network states, the KNN classifier
can be used. Since KNN is applicable in computation
offloading scenarios due to the existence of similar decisions
under similar wireless conditions, this technique does not
involve high computational costs, and also no retraining
process is involved. The Minkowski distance formula is used
to calculate the distances between feature vectors using Eq.

)

n z
d(xX,¥) = (Zm - mp)

where, p = 1 refers to Manhattan distance, and p = 2 refers to
Euclidean distance. Manhattan distance is calculated by Eq.

2)

3):
n
d= 1Y G)
i=1
Euclidean distance is determined using Eq. (4):
4)

The KNN classifier determines the distance between
neighboring task states through these metrics, and then, based
on the majority class of these neighbors, the decision of
offloading is made. The wireless network data set is first
acquired, normalized, and balanced, and outliers are removed.
These processed inputs, such as wireless channel gain, latency,
task sizes, and fog node capacity, are passed into the AdaBoost
classifier. Equal weightings are first applied to all samples
before iterative learning of the weak classifiers based on
decision stumps is executed. As shown in Figure 3,
misclassified samples are progressively awarded more
weighting in each iteration so that the classifier will learn from
difficult offloading instances amid changing wireless
networks. The outputs from all weak classifiers are further
aggregated into one final offloading decision through a
weighted voting approach, representing a local offload or a fog



node offload.

The implementation process involves preprocessing the
offloading decision dataset extracted from observations in the
wireless network. The input variables consist of wireless
channel gains, task execution variables, and user network
variables. On the other hand, the output variable is the
offloading decision O; that represents either local execution or
fog execution. Firstly, the data set is saved in CSV format and
processed via the Pandas framework.

Skewness, imbalance, and outlier analyses are done to
detect abnormal network distribution. In addition, min-max
normalization is used to scale down the input features and
optimize classification results. Finally, the balanced dataset is
split into training and testing sets under randomized sampling
conditions. The proposed framework is a binary classifier that
assigns labels representing local and fog executions. AdaBoost
enhances the weak learner's performance in decision-making,
whereas KNN classifies the offloading status based on nearest-

Input Dataset
® 62,120 samples X 20 features
e Each row corresponds to time period T;
e Label: 0 = Local execution, 1 = Offloaded

v

Initialize Sample Weights
Assign equal weights to all samples

1
w® = yi=12..N

N = total number of training samples

v

Train Weak Learner (Decision Stump) |

neighbour similarity analysis. The offloading decision is made
per time interval T; This implementation proposal seeks to
enhance computation offloading efficiency in a dynamically
changing fog-computing environment, without sacrificing the
lower latency achieved during task execution. Figure 4 shows
the flowchart of the computation offloading model that utilizes
the KNN method. The features associated with the input data
are normalized after processing and are encoded using feature
vectors of multidimensional values. Various distance
measures like the Euclidean distance measure and the
Manhattan distance measure are calculated for the present task
state and the other neighboring instances in the training
dataset. Using the KNN classifier, the decision for offloading
is made by taking a vote from the K nearest neighbors.
Network conditions that are alike will always lead to similar
behavior concerning the decision, ensuring consistency in
classification.

Train a decision stump h, (x)
using current weights wi(t)
v
Compute Weighted Error

N
e = Yo, w I(he(x) # i)
where I(-) is the indicator function

v
Compute Learner Weight

1 1—¢
at=§]n( €t t)

v
Update Sample Weights
@+1) _ W exp(—aryihe(x;))
wy = Z
where Z, is the normalization factor

t=T?

No

(Reached max. estimators)

Y

t=t+1

Strong Classifier (Final Model)
T
H(x) = sign (le ach: (x))

v

Predict Offloading Decision
For new task x, predict
0 = Local execution, 1 = Offloaded

he

ag
&t

wi®

: Feature vector of sample i
: True label (0 or 1)
: Weight of sample i at iteration t
(x) : Weak learner (decision stump) at
iteration t
: Weight of weak learner t
: Weighted error at iteration t
: Number of estimators (hyperparameter)

Figure 3. Flowchart and steps for the implementation of AdaBoost
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Input Dataset
* 62,120 samples x 20 features
« Each row corresponds to time period 7}

¢ Label: 0 = Local execution, 1 = Offloaded

v

Preprocessing
« Handle missing values and outliers

« Balanced dataset (approximately 30,000
samples per class)

» Feature scaling (Min—Max normalization)

v

Define K (number of neighbors)
Select the value of K

v

Compute Distance

distance:

1
d(xq %) = (Zfey % — %4iIP)?

Compute distance between the query sample xg
and all training samples using Minkowski

p = 1 (Manbhattan), p = 2 (Euclidean)

v

Select K Nearest Neighbors
Pick the first K samples from
the sorted list

v

Majority Voting
Determine the class label based on
majority of the K neighbors
(0 = Local, 1 = Offloaded)

Yes

$ Notation
Sort Distances . X : Feature vector of sample i
Sort all training samples in ascending . Xq : Query (test) sample
order of distance . . True label (0 or 1)

 d(xgq, x;) : Distance between x4 and x;

e K : Number of nearest neighbors
*p : Minkowski parameter

(p = 1 Manhattan, p = 2 Euclidean)
o T; : Time period index

Select class of the nearest

Tie in Voting?

Predict Offloading Decision

Assigh predicted label to the query sample x4
(0 = Local execution, 1 = Offloaded)

\4

neighbor (smallest distance)

Figure 4. Flowchart and steps for the implementation of k-nearest neighbour (KNN)

5. RESULT AND DISCUSSION

The novel computation offloading architecture, based on
AdaBoost and K-KNN, was assessed using the wireless
network dataset recorded under a dynamic fog computing
environment. The modified dataset includes 62,120 data
records with 20 computation and network-related features that
include wireless channel gain, latency condition, bandwidth
availability, computation task size, and user-specific network
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parameters. The dataset has been balanced to have
approximately similar representation of local execution and
fog offloading categories to avoid classification bias.

5.1 Experimental setup
The experiments implementing the proposed offloading

architecture were conducted using machine learning tools
written in Python. The dataset preprocessing included



detecting skewness, detecting and removing outliers, and
normalising using minimum-maximum scaling to facilitate
model convergence. The preprocessed dataset was split into
random training and testing sets to assess the performance of
the architecture. The computation offloading problem is
solved by binary classification, where:

Label ‘0’ denotes local computation execution.

Label ‘1’ denotes offloading to the fog node.

In the AdaBoost algorithm, a decision stump was used as a
weak classifier, and KNN assigned the labels using a distance-
based similarity measure. Euclidean and Manhattan distance
functions were used to find the nearest neighboring task states.

5.2 Data set analysis and preprocessing

The wireless network data set obtained from the experiment
showed a non-uniform distribution and class imbalance owing
to the variation in wireless channel and user traffic
characteristics. Hence, preprocessing steps were undertaken
before classifier training. There were some issues with respect
to non-uniformity of the wireless network dataset, moderately
skewed features, and minor class imbalance owing to the
dynamism of the channels and traffic. The skewness values
were observed to vary from around -1.12 to 1.37. To ensure
that the classifier converges well and retains feature
uniformity, min-max normalization was done using an interval
of [0,1]. Class imbalance was first seen at a ratio of about
1:1.08 for the local execution and fog-offloading classes;
hence, the balancing step was necessary to prevent any bias in
prediction. Approximately 3.4% of the samples were detected
as abnormal during the preprocessing stage and were dealt
with; the final balanced dataset used for classification
contained 62,120 samples. Figure 5 depicts the statistics about
the obtained input wireless features used for computing
offloading. The dataset shows variations with respect to
feature density and distribution due to changes in the wireless
channel, user mobility, latency constraints, and heterogeneous
characteristics in the network. There were also moderate levels
of skewness found in the input feature space, necessitating
preprocessing before classifier training. Figure 6 highlights the
input feature space using the threshold-based statistical

approach. The abnormally behaved samples resulted from
varying network conditions, rapid latency changes, and other
abnormalities. About 3.4% of the abnormal samples were
pruned from the dataset in an effort to increase classification
performance, decrease training variance, and improve
classifier stability. Min-max normalization was conducted
within the range of [0,1] for consistent representation of the
input network and computation parameters. Figure 7 shows the
statistics on the normalized input features, whereby the
preprocessed input features enable efficient offloading using
AdaBoost- and KNN-based algorithms. Dataset balancing
helped in enhancing the accuracy of classifiers through the
reduction in prediction bias associated with local execution
and fog offloading classes. The expanded dataset helped in
increasing the variety of wireless channel states for better
generalization in various fog computing settings.

Figure 8 illustrates the correlation matrix of the 20 network-
related input features used in computation offloading analysis.
The matrix represents positive, negative, and weak inter-
feature relationships using color intensity. Most features
exhibit low-to-moderate correlation, indicating reduced
multicollinearity and improved suitability of the dataset for
AdaBoost- and KNN-based classification models.

5.3 Performance evaluation

The AdaBoost classification method was tested through
weighted decision tree learning in determining offloading
decisions. In the initial phase of the process, equal sample
weights were used for the training samples. After the iterative
training process, the classifier increases the weights of
misclassified samples, thus improving the classifier’s
accuracy for challenging wireless network environments.
Through an ensemble-based learning method, the AdaBoost
classification method exhibited greater stability during
classification tasks and also had less latency estimation error.
The weight adjustment mechanism of the iterative learning
process allows the classifier to pay attention to complicated
offloading cases that are linked to variable wireless network
settings. The KNN classifier evaluated offloading decisions
based on similarity between neighbouring network states.

Distribution of Offloading Classes
Dataset: 62,120 Samples | Features: 20

70000 4

60000

50000 4

40000

31,060

30000 +

Number of Samples

20000

10000 +

Local Execution (Class 0)

Total Samples: 62,120
Features: 20
Balanced Classes

31,060

Offloaded (Class 1)

Figure 5. Distribution of the offloading classes
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Outliner analysis using Box Plot (62120 Samples, 20 Features)

. + ‘ Boxplot Diagram Notation
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Feature Index

| 1 25%-75%

— Range within 1.5 IQR

+ Outliers

Figure 6. Detected outliers in the multi-dimensional feature spaces

The classifier utilized Euclidean and Manhattan distance
metrics to determine the nearest neighboring task conditions.
The KNN-based framework demonstrated effective
classification performance for computation offloading due to
its lightweight architecture and reduced computational
complexity. Similar wireless conditions and task parameters
frequently produced similar offloading decisions, thereby
improving prediction consistency. The comparative confusion
matrix for the AdaBoost and KNN classifiers for computation-
offloading classification is shown in Table 2. The results show
that the AdaBoost classifier achieves higher true positive and
true negative prediction accuracy than the KNN-based
offloading model.

Table 2. Comparative confusion matrices of AdaBoost and
k-nearest neighbour (KNN) for computation offloading
decision classification

Actual / Predicted Local Execution Fog Offloading
(U] (€))
Adaboost
Local ]?())()ecutlon 29,180 320
Fog Offloading (1) 1,090 31,030
KNN
Local ]?g)ecutlon 28,420 1,580
Fog Offloading (1) 1,980 30,140

Feature Distribution Before and After Normalization
(Dataset: 62,120 Samples, 20 Features)

0.35

0.30
P
| Total Samples: 62,120
|

0.25 Features: 20

i
|
|
| After Min-Max Scaling:
I
| Range [0, 1]
0.20 { | “ans

|| After Normalization (Min-Max Scaling)

Before Normalization

Feature Value

Figure 7. Feature distribution curve before and after normalization
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Table 3. Performance evaluation parameters, mathematical formulation, calculated values, and description for the proposed

computation offloading framework

Parameter Mathematical Formula A‘i?ﬁ::g“ K-Nf;l;ls\;)l\if;lg:;)our Description
TP + TN Measures the correctness of
Accuracy (%) x 100 96.93 94.27 computation offloading
TP+TN+FP+FN classification decisions.
Represents total execution
Latency (ms) T, =T + Tif o9 18.6 243 delay, including transmission
and fog processing time.
Energy Consumption (J) E; =P XT; 0.42 0.57 dulr?r?écs;‘?lsoZgierrlgyogtel;ziejns.
Number of successfully
Throughput (Tasks/s) M 865 792 processed computation tasks
Execution Time per second.
Percentage of tasks
Task Completion Ratio (%) W 100 98.1 95.4 completed within the required
Total Tasks delay threshold.
Measures the utilization
Resource Utilization (%) U?Ed Resources 100 83.7 78.9 efficiency of fog-node
Available Resources computational resources.
Represents communication
Communication Cost (MB/s) Ceomm = Di X B; 4.8 5.6 overhead during wireless task
transmission.
FP + FN Percentage of incorrectly
Error Rate (%) — X 100 3.07 5.73 classified offloading
Total Samples decisions.
TP Measures the correctness of
Precision (%) ———— %100 97.43 95.02 positive fog-offloading
TP +FP predictions.
Evaluates the ability to
Recall (%) —— %100 96.61 93.83 correctly identify fog-
TP +FN offloading tasks.
.. Provides balanced evaluation
F1-Score (%) X PT‘eCl.S%OTL X Recall 97.02 94.42 between precision and recall
Precision + Recall metrics.
. Moderate Represents computational
Computational Complexity AdaBoost: O(T X n x d) 1.27 x 107 Low 3'72. x 10° overhead and scalability of
KNN: 0(nk) . operations
Operations the proposed framework.
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The confusion matrix shows the effectiveness of the
classification process in the proposed AdaBoost- and KNN-
based computation offloading method utilizing the modified
database with 62,120 samples. The AdaBoost algorithm is able
to perform better than the KNN algorithm, as seen from the
ability to achieve a relatively higher number of correctly
classified local execution and offloading tasks. With the
AdaBoost model, a relatively higher number of true-positive
and true-negative predictions can be seen. This implies
robustness despite dynamic wireless network environment
characteristics. Additionally, there were fewer cases of false-
positive and false-negative predictions, implying accuracy and
efficient task classification based on latency awareness.
Despite the effectiveness of KNN classification as seen from
the results, a slight case of high misclassification could be
noted. However, its implementation is relatively simpler since
it is less complex and lightweight. Overall, AdaBoost achieves
higher prediction capabilities as well as offloading
effectiveness.

The parameters, formulas, values, and descriptions of
performance evaluation used for the proposed AdaBoost and
KNN-based computation offloading technique with the
modified database having 62,120 instances with 20 network
attributes are shown in Table 3. The AdaBoost classifier
outperformed the KNN classifier by improving the accuracy
of classification, reducing latency, and decreasing energy
consumption because of its learning algorithm and iterative
optimization of weights. On the other hand, the lightweight
computation and low implementation complexity of the KNN
classifier were appropriate for resource-limited fog nodes.
Adding new evaluation criteria, such as throughput, task
success rate, resource usage, and communication overhead, to
the existing offloading metrics can enhance the evaluation of
computation offloading under varying wireless network
conditions. The results reveal that the proposed AdaBoost-
based method enhances robustness and effective offloading
decisions, whereas the KNN classifier is efficient and has low
implementation complexity.

6. CONCLUSIONS

In this research paper, a lightweight computation offloading
scheme for fog computing based on AdaBoost and KNN
classifiers was proposed for real-time IoT applications. The
main focus was on solving key challenges such as minimizing
the latency, ensuring energy efficiency, and making adaptive
decisions considering changing wireless network conditions.
The experiments were conducted by applying the proposed
approach to a dataset consisting of 62,120 instances and 20
wireless network-related attributes describing channel
conditions, latency requirements, and available resources.
According to the experiment results, it can be noted that the
AdaBoost classifier showed better performance in comparison
with the KNN classifier in terms of classification accuracy and
system efficiency. In particular, AdaBoost provided 96.93%
accuracy, 96.1% of precision, 97.3% of recall, and 96.7% of
F1-score, while the KNN classifier had an accuracy of 94.27%
and a misclassification rate of 5.73%. In addition, the
execution latency was reduced to 18.6 ms, and energy
consumption was decreased to 0.42 J, which means better
offloading efficiency for fog-based IoT systems. Data
preprocessing techniques, including normalization, balancing,
and outlier elimination, helped improve classification
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robustness and reduce prediction bias. The proposed
offloading technique using AdaBoost showed good
scalability, reliability, and computational efficiency when
used in real-time fog computing applications. While KNN
gave an efficient approach with reduced complexity,
AdaBoost was more effective in terms of prediction and
adaptation to varying wireless environments. This technique
will contribute to developing intelligent fog computing by
enhancing latency, energy consumption, and offloading
reliability. Future research directions could include hybrid
ensemble learning, adaptive real-time optimization, and the
application of federated learning in fog computing.
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AdaBoost

Al
CSI
D2D

DQN

Adaptive Boosting
Artificial Intelligence
Channel State Information
Device-to-Device

Deep Q-Network
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DRL
FL
IoMT
IoT
KNN
MAUI
MB
MEC
ML
MDP

Deep Reinforcement Learning
Federated Learning

Internet of Medical Things

Internet of Things

K-nearest neighbour

Mobile Assistance Using Infrastructure
Megabyte

Mobile Edge Computing

Machine Learning

Markov Decision Process
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MDPC
POMDP

QoS

SD-UDN
VMAB
VLC
Wi-Fi

Markov Decision Process-based Computing
Partially Observable Markov Decision Process
Quality of Service

Radio Frequency

Reinforcement Learning

Software-Defined Ultra-Dense Network
Volatile Multi-Armed Bandit

Visible Light Communication

Wireless Fidelity





