
IAES International Journal of Robotics and Automation (IJRA) 

Vol. 14, No. 4, December 2025, pp. 479~492 

ISSN: 2722-2586, DOI: 10.11591/ijra.v14i4.pp479-492      479  

 

Journal homepage: http://ijra.iaescore.com 

Analysis and implementation of computation offloading in fog 

architecture 
 

 

Prince Gupta1,2, Rajeev Sharma3, Sachi Gupta4, Adesh Kumar5 

1Computer Science and Information Technology, KIET Group of Institutions, Delhi-NCR, Ghaziabad, UP., India 
2Department of Computer Science and Engineering, SRM Institute of Science and Technology, Delhi NCR Campus, Delhi-Meerut 

Road, Modinagar, Ghaziabad, U.P., India 
3Department of Computer Applications, SRM Institute of Science and Technology, Delhi NCR Campus, Delhi-Meerut Road, 

Modinagar, Ghaziabad, U.P., India 
4Department of Artificial Intelligence and Machine Learning, Galgotias College of Engineering and Technology, Knowledge Park-II, 

Greater Noida, U.P., India 
5Department of Electrical and Electronics Engineering, School of Advanced Engineering, UPES, Dehradun, India 

 

 

Article Info  ABSTRACT 

Article history: 

Received Apr 17, 2025 

Revised Aug 25, 2025 

Accepted Nov 11, 2025 

 

 The fast expansion of connected devices has led to an unparalleled increase 

in data across sectors like industrial automation, social media, environmental 

monitoring, and life sciences. The processing of this data presents 

difficulties owing to its magnitude, temporal urgency, and security 

stipulations. Computation offloading has arisen as a viable alternative, 

allowing resource-constrained devices to assign demanding work to more 

robust platforms, thus improving responsiveness and efficiency. This paper 

examines decision-making strategies for computing offloading by assessing 

various algorithms, including a deep neural network with deep reinforcement 

learning (DNN-DRL), coordinate descent (baseline), AdaBoost, and K-

nearest neighbor (KNN). The performance evaluation centers on three 

primary metrics: system accuracy, training duration, and latency. The 

computation offloading mitigates these issues by transferring intricate 

workloads from resource-limited devices to more proficient platforms, thus 

enhancing efficiency and responsiveness. The evaluation examines accuracy, 

training duration, and latency as key parameters. The results indicate that 

KNN attains maximum accuracy and minimal latency, AdaBoost provides a 

robust balance despite increased training costs, and the baseline 

underperforms in both efficiency and responsiveness. These findings 

underscore the trade-offs between computational expense, precision, and 

real-time application, providing insights for forthcoming IoT and edge-

computing systems. 
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1. INTRODUCTION 

Computation offloading in fog architecture has become an effective method to address the growing 

requirements of latency-sensitive and resource-intensive applications. The swift proliferation of Internet of 

Things (IoT) devices frequently challenges traditional cloud computing in managing real-time processing 

because of significant transmission delays and capacity constraints. Fog computing addresses this issue by 

bringing processing and storage resources nearer to the network’s edge, hence diminishing dependence on 
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remote cloud servers. Delegating duties from resource-limited end devices to proximate fog nodes not only 

optimizes reaction time but also augments energy efficiency and service reliability. This paradigm enables 

applications like smart healthcare, autonomous vehicles, and industrial automation to operate with enhanced 

precision and efficiency. Effective offloading necessitates meticulous attention to job scheduling, network 

circumstances, and resource allocation to attain optimal performance while preserving system scalability and 

user experience quality. The cloud reduces the need to invest in physical storage, offers layered security 

mechanisms for authorized users, and has made service accessibility relatively affordable. Nevertheless, 

everything has benefits and drawbacks. Moreover, many new companies are creating online presences 

without a strong security agreement, which has attracted the attention of security attackers who are 

developing numerous ways to breach the secured system due to the fast adoption of cloud services. Through 

internet connectivity, mobile gadgets are growing smarter and are being used extensively over the globe [1]. 

The IoT has gained increasing relevance over the past several years because of numerous technological 

advancements. Large-scale wireless sensor networks, computers, and connected cars are among examples 

[2], [3]. IoT devices will be able to carry out computationally demanding activities like surveillance, 

interactive online games, and face recognition as they become more advanced. Due to resource constraints, 

the devices, however, can struggle to run these applications, which might give end users an undesirable level 

of experience [4]. For more than ten years [5], IoT applications have relied on cloud computing services to 

free mobile devices from computationally demanding activities. Cloud computing also benefits from 

virtualization, which provides an isolated environment for IoT facilities to operate on the cloud [6]. The 

reason compute offloading has gained so much attention is largely because of this support. As a result, as 

compute duties are offloaded from resource-limited IoT devices to resource-rich cloud structures, the quality 

of the experience can be improved [7]. As a result, each program is divided into many granular levels, 

including tasks, classes, methods, and threads. 

Computation-intensive partitions appropriate for remote execution are offloaded to cloud servers 

based on criteria such as mobile devices, their application modules, and network architecture [8]. Numerous 

offloading frameworks have been proposed, notably Mobile Assistance Using Infrastructure (MAUI) and 

Clone Cloud [9], [10]. The user experience is markedly enhanced, and the device’s energy consumption is 

reduced when computations are delegated. The Cisco Annual Internet Report [11] evaluates and assesses 

digital transformation across several corporate sectors. Approximately two-thirds of the global population 

will gain Internet connectivity during the next decade. This amounts to 5.3 billion users worldwide. By 2023, 

IP networks will connect to over three times the global population [11]. Everyone will possess 3.6 devices 

connected to IP networks. By 2023, the average speed of 5G mobile connections is projected to grow 

thirteenfold. By 2023, 5G connectivity is expected to achieve speeds of 575 Mbps. 

 

 

2. RELATED WORK 

 Innovative applications, including surveillance systems, traffic awareness, automatic driving, and 

industrial automation, are developing with the potential to increase the effectiveness and safety of the 

systems as IoT and wireless technology advance. These new and high-tech applications’ requirements to 

analyze massive volumes of data to make defensible and informed decisions are one of their most fascinating 

features [12]. The host devices’ limited processing resources are put under a lot of strain because of the high 

demand for computational power they must meet. Cloud is still the major method for offloading a device’s 

significant computing load [13], but the long communication distance between the device and the cloud 

center might result in increased latency and inconsistent performance, which negatively impacts service 

quality. Offloading can even slow down entire networks.  The offloading device-to-device (D2D) is covered 

in certain research [14], [15]. The analysis of communication patterns between mobile devices helped them 

investigate the mobility-assisted opportunistic computation offloading problem. It was determined how many 

computational tasks could be distributed across devices using convex optimization. The suggested device-to-

device (D2D) fogging paradigm enables users to exchange computer and communication resources in a 

meaningful and dynamic manner. Users across the network can conserve energy while completing their 

activities by employing D2D fogging. The multicast-based task implementation architecture was suggested, 

known as multi-access edge computing (MEC). Multiple devices can collaborate at the network’s edge [16] 

for wireless distributed computing and outcome sharing. The goal of such a system is to establish an energy-

efficient task allocation policy for mobile users as well as strong D2D connections. They agreed to use a tree-

based Monte-Carlo search technique to achieve their goal [17].  Fog-to-cloud offloading and cloud-to-cloud 

offloading were discussed in [18], [19], respectively. It has been evaluated the viability of mobile computing 

offloading has been evaluated using real-world scenarios. The architects thought about synchronizing each 

actual device with a cloud-based software replica. A technique for dynamic offloading was proposed that is 

energy-efficient and preserves the latency necessary for face recognition applications [20]. This technique 
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uses Lyapunov optimization. The MEC system that uses energy harvesting technologies [21]. They 

developed a weighted average energy consumption and computed lag minimization for mobile devices while 

taking battery life and queue stability into account. This was done using the Lyapunov algorithm. The recent 

research in mobile edge computing highlights energy efficiency, delay reduction, and collaborative task 

execution as essential factors for optimizing offloading strategies. A method that concurrently allocates radio 

and computational resources has been proposed to reduce energy consumption while maintaining reliable 

service delivery in mobile edge systems [22]. Partial computation offloading through dynamic voltage 

scaling has shown potential in balancing processing efficiency and power savings, especially for resource-

constrained mobile devices [23]. Another area of investigation has concentrated on scheduling techniques 

aimed at reducing delays. Models for delay-optimal task scheduling have been developed to minimize 

average response time and enhance service quality in dynamic mobile edge environments [24]. Subsequently, 

frameworks for multi-user and multi-task offloading have been established to enhance energy efficiency and 

resource distribution in green mobile edge cloud computing contexts [25]. The collaborative computation 

offloading across fibre-wireless networks has been investigated beyond individual devices. This method 

utilizes collaboration among various edge nodes to improve overall system efficiency and mitigate network 

congestion [26]. These studies emphasize that energy-aware allocation, delay-optimal scheduling, and 

cooperative offloading are essential components for the advancement of efficient and scalable mobile edge 

computing frameworks.  

The latency-aware workload offloading (LEAD) problem was used [27] to create a task offloading 

problem and shorten the average response time for wireless users. By offloading assignments to the 

appropriate cloudlets, their LEAD technique reduced response times. It was recommended to use an ordered 

edge cloud architecture to improve the deployment of mobile computing, suggesting using cloud computing 

[28] and offloading mobile workloads for distant execution in the cloud. They utilized simulated annealing 

(SA) [29] to determine which applications should be executed on which edge cloud servers to optimize the 

placement of workloads and the deployment of resources. With a more complex topology, a simulation study 

was conducted, and a small-scale evaluation of a proposed workload placement algorithm was conducted. 

The experimentation with computer vision algorithms in the context of wearable computing is one of its 

objectives. Unfortunately, many of the needed algorithms cannot be executed by the wearable computers of 

the current generation due to their lack of central processing unit (CPU) power. Rather, these algorithms are 

created and evaluated using strong workstations, such as Silicon Graphics models [30]. Computation 

offloading in fog and edge environments demonstrates potential; however, current methods face challenges in 

achieving low latency, energy efficiency, and scalability within dynamic IoT ecosystems. The absence of a 

cohesive framework that accommodates resource diversity and variable workloads presents a significant 

obstacle to the advancement of next-generation applications, including autonomous driving, smart healthcare, 

and industrial automation. 

 

 

3. METHOD 

3.1.   Offloading frameworks in Fog computing 

3.1.1. MAUI 

Through offloading, MAUI’s primary goal is to maximize energy efficiency on smartphones. MAUI 

enables very dynamic offloading through a continual profiling process. With the help of this framework, it is 

possible to provide the impression to a mobile user that the complete application is operating on their device 

while hiding the complexity of a remote execution. According to developer observations showing which 

tasks may be completed remotely and which cannot, MAUI partitions are based, as illustrated in Figure 1. 

During the planning stage, two requirements must be met: i) the application binaries must be present on both 

the server and the mobile device, and ii) proxies, profilers, and solvers must be mounted on both platforms. 

The MAUI profiler first establishes the device’s features before continuously monitoring the program and 

network attributes during the execution phase. Because these attributes are dynamic, any outdated or wrong 

measurement could cause MAUI to produce errors. Decisions regarding offloading are made at runtime. The 

framework decides which parts must be remotely executed based on the MAUI solver’s conclusion. The 

MAUI profiler’s opinions constitute the foundation for these choices. The framework for smartphones 

includes a solver, a profiler, and a proxy. Every time it is called, the MAUI profiler evaluates each method 

for its capacity to conserve energy and gathers data regarding the device and the network’s status. The proxy, 

which relies on the calculations provided by the profiler, is responsible for transferring control and data 

between the server and the smartphone, in addition to the MAUI solver. The profiler and the server proxy 

carry out similar tasks on the server, just as their counterparts on the client-side. The MAUI controller 

verifies incoming calls and allocates resources. 
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3.1.2. Phone2Cloud 

A framework for offloading computing is introduced. The project’s objectives were to increase the 

application’s performance and increase the energy efficiency of smartphones. The reduction in the system’s 

energy consumption may be precisely measured by the authors by conducting application trials as well as 

scenario experiments. As depicted in Figure 2, a framework for semi-automatic cloud offloading is 

Phone2Cloud [30]. Before running apps in the cloud and obtaining the results, it is required to modify them 

during the preparation stage to make them compatible for execution on cloud servers. A static analysis is 

performed while taking user delay tolerance into account to determine whether to offload. This framework 

offers a straightforward model for forecasting possible Wi-Fi connectivity delays. 

 

 

 
 

Figure 1. MAUI’s architecture [10] 

 

 

 
 

Figure 2.  Architecture of Phone2Cloud [30] 

 

 

3.2.  Categories of offloading computation 

In a fog environment, there are two types of computation offloading algorithms: model-based and 

model-free. The former uses a model to foretell how environmental situations will change. Additionally, 
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model-free algorithms employ learning-by-trial methods to direct users to act by studying the surrounding 

settings. 

3.2.1. Algorithms of model-based 

In recent years, a variety of offloading strategies have been put forth to maximize task duration, 

energy consumption, and system utility alone or in combination [31]–[33], stochastic geometry, game theory 

[34]–[36], and matching theory. The existing algorithms can also be divided into two groups based on how 

many edge servers a single mobile user can offload tasks to. Offloading from a single server: The MEC 

systems with in-network caching functions were explored with a job offloading mechanism to maximize 

system usefulness under constraints such as radio spectrum, processing resources, and storage capacity. The 

analysis clarified a scenario for an MEC that uses environmental energy to carry out activities. The authors 

developed a heuristic approach by applying an algorithm for lowering energy usage without full knowledge 

of the Channel state information (CSI). It has been examined the task offloading conundrum by looking at the 

effect of user mobility [37], [38].  It has been proven that spatial modelling in wireless networks significantly 

decreases latency in MEC situations [39]. The concept was introduced with dynamic and game-theoretic 

offloading mechanisms that markedly enhance resource allocation and reliability [40], [41].  It has been 

demonstrated that contract-based and joint optimization methodologies improve task offloading efficiency, 

scalability, and performance in dense IoT and cloud-RAN networks [42], [43]. They improved the social 

welfare of mobile users and edge servers by encouraging them to collaborate with one another through the 

implementation of an incentive mechanism [44]. In [45], the matching theory that was applied was 

investigated to assess the probability of task offloading in MEC topologies to lower energy consumption 

while satisfying incentive-friendly circumstances. 

 

3.2.2. Multi-server offloading 

To balance energy consumption and resource consumption, the author of [46] proposed a method for 

allocating tasks and scaling CPU resources in MEC. In this method, work assignments and task durations for 

a single mobile user might be assigned to different edge servers. In a software-defined ultra-dense network 

(UDN) environment, task offloading has been used to solve the overall delay minimization challenge [47]. 

Mobile devices are intelligently directed to offload processing duties to edge servers based on global data 

gathered by a centralized software defined ultra-dense network (SD-UDN) controller. An MDP-based work 

offloading strategy has been implemented to mitigate delays in vehicle edge computing [48]. This algorithm 

targets both imperfect and complete information of state transition probabilities. 

 

3.2.3. Algorithms of model-free 

For the past few years, model-free reinforcement learning techniques have also been used to 

examine task allocation and resource management for MEC systems [49], [50]. The authors developed a 

method for mobile task-offloading based on a volatile multi-armed bandit (VMAB), which, in accordance 

with, decreases communication delay, calculation delay, and handover delay while adhering to an energy 

budget restriction. A wireless MEC network can be set up so that each task is carried out locally or as a fully 

offloaded network, according to Huang et al. [51]. The development of an ideal binary offloading policy that 

would increase the overall computation rate within the constraints of its settings was then described using a 

task offloading framework based on deep reinforcement learning (DRL). A partially observable MDP 

(POMDP) is proposed by [52] and is solved by a decision-guideline-based algorithm that creates individual 

rationality and incentives and determines the best solution. It successfully optimizes computational 

offloading and energy consumption while accounting for the potential that a task may not be completed 

within the maximum allowable delay [53]. 

 

3.3.  Research methodology of computation offloading 

Task offloading in mobile edge computing entails six steps: awareness of the MEC environment 

[54], [55], task allocation, choice to offload, transmission of offloading tasks, and task return. Offloading 

activities is crucial during the entire process [56]. In other words, based on the characteristics of the task, the 

user selects the appropriate decision-making mode, which is a crucial aspect of the user service experience. 

Figure 3 depicts what takes place during the off-loading procedure. The system framework for MEC is an 

infrastructure architecture that runs as a virtual computer. When a user offloads a task to the MEC within the 

range of communication when it is offloaded, the MEC receives the task. Users are subsequently provided 

with the relevant service by edge servers, which first generate VM environments in accordance with the tasks 

they have submitted [57]. The MEC server delivers the task’s outcome through the backhaul link as soon as 

the computing task is finished. The infrastructure of the MEC system framework is characterized as a virtual 

computer [58]. When a task is offloaded, it may be done anywhere within the MEC’s communication range. 

In response to tasks that users submit, edge servers build virtual machine environments and 

subsequently offer related services to consumers. When the task has been completed, the MEC server 
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transfers the output of processing the task that the user offloaded across its backhaul link. The MEC server 

reclaims certain resources after the virtual machine is destroyed. The MEC paradigm divides offloading into 

two main categories: partial offloading and binary offloading [59]. When binary offloading is employed, the 

computing jobs at the user cannot be partitioned. They must be carried out at the user or at the edge cloud 

instead. Offloading procedures can be carried out locally by partially offloading chores at the user’s workplace. 
 

 

 
 

Figure 3. Computation offloading methodology 
 

 

3.4.  Computation offloading using adaptive boosting and K-nearest neighbour (KNN) algorithm 

Some trees are taller than others, and each tree has a unique number of leaves and branches. But the 

AdaBoost platform only permits a stump, which is a single node with two leaves. A dataset was reported on a 

dataset of 31.060 rows and 20 columns. Periods are represented by rows, while the number of users for each 

era is displayed in columns. Each record is a wireless channel gain representation. With N being the number 

of records and W being the sample weight, we discharge all these channels with W=1/N. We create a base 

learner from the dataset and give each user the same weight. The number of different features in each stump 

is used to group this data set. The suggested adaptive boosting and training optimization technique entails the 

stages below, according to the flowchart in Figure 4. The sampled weights are assigned to each record, create 

a decision tree for each label, classify the record, and then evaluate the results to analyze each tree’s 

relevance. Considering the errors in earlier decision trees, the records are updated with the new weights. 

Once the number of outcomes matches the number of hyperparameters (estimators), the dataset is revised, the 

process and then used to create a forest of decision trees to forecast the test data. 
 

3.4.1. KNN algorithm 

The data is categorized using the K nearest neighbors based on the K hyperparameters and the 

distances between the labels. The gap between each record and the newly established training record is then 

determined. Euclidean and Manhattan [60] methods are used to compute distance metrics. [61] Asserts that 

several distance measures can be manipulated using the Minkowski distance. Equation 1 can be solved to 

determine how far a variable X is from a variable Y. Figure 3 depicts the flowchart of KNN implementation. 
 

(∑ |𝑿𝒊 − 𝒀𝒊|
𝒑𝒏

𝒊=𝟏 )𝟏/𝒑     (1) 

 

The p-value can be used to determine the separation between two places. 

p = 1, Manhattan distance selected 

p = 2, Euclidean distance selected 

In equation (2), the Manhattan distance between two places is estimated by adding up the variations in their 

Cartesian coordinates. 

 

𝒅 = ∑ |𝑿𝒊 − 𝒀𝒊|
𝒏
𝒊=𝟏       (2) 

 

A Euclidean distance, as defined by (3), is the separation between two points in Euclidean space. 

 

𝒅(𝒙, 𝒚) = √∑ (𝒙𝒊 − 𝒚𝒊)
𝟐𝒏

𝒊=𝟏       (3) 

 

A dataset of 31,060 rows × 20 columns is used, and later 30,000 samples per class (0 and 1). 

Sample size: 31,060 instances used for initial training; later balanced to 30,000 per class. 

Selection criteria: Rows represent time periods; columns represent user channel gain values. 
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Task categorization: Binary classification (0 = local execution, 1 = offloaded). 

Offloading indicator: Oᵢ represents the offloading decision per time frame Tᵢ. 

 

 

 
 

Figure 4. Flowchart implementing Adaboost 

 

 

3.5.  Implementation using adaptive boosting and KNN optimization 

The following steps are involved in offloading computations using adaptive boosting and KNN 

optimization. Before determining the wireless signal gain hr for each time frame Ti and the label classifier K 

(i.e., based on the error rate or accuracy score, input and output must first be defined. The result is a 

description of each offloading operation Oi and the optimum resource allocation that goes along with it for 

each time frame Ti. The model receives data input and generates comma-delimited values (CSV) to show the 

dataset’s form. Figure 6 displays the identification of skewness and outliers, whereas Figure 7 displays a 

histogram. The flattened array is of the same type as the input array and retains the dataset structure’s chosen 

order. Panda then converts the dataset into a binary data frame and gives each variable a binary value of 0 or 

1. The data frame’s form is then determined. The slicing operator in Panda can balance unbalanced data 

frames. Later, data frames are transformed into CSV. When used, the transformation feature minmax scaling 

condenses the input dataset to a scalable range.  The datasets used for testing and training are divided into 

categories, while, where needed, maintaining randomization values. 
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Figure 5. Flowchart of KNN implementation 

 

 

 
 

Figure 6. Non-uniform data distribution 
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Figure 7. Outliers of input data 

 

 

4. RESULTS AND DISCUSSION  

The coordinate descent method, which is described in [62], is used to create data samples with an 

input shape and an output shape. Diagrams called histograms are used to display data distribution in two 

dimensions. Figure 8 illustrates the histogram’s skewness, overlapping distributions, and several outliers. 

This flowchart shows how adaptability boosting and KNNs are utilized for the training model’s best 

computation offloading. Machine learning models are vulnerable to outliers. The wireless channel level 

affects the computing mode. Data frames are produced by flattening input and output data with the ravel 

function. The binary-value = class (0,1) is used to further categorize it. We evaluate the labels for class_1 

shape (36666, 2) and class_0 shape (118634, 2), which display significant form differences, to distinguish the 

dataset shape. 30000 samples from each class, with labels 0 and 1, are randomly chosen to construct a sample 

dataset. The input data are displayed using a distribution plot. Each feature is scaled to a range using the min-

max scaler function, and the modified feature is then used, as illustrated in Figure 9. Data offloading options 

are available in fog situations, where n is the number of users. Several methods, including coordinate Descent 

and deep reinforcement learning, are used to train the model. We contrast the two most effective algorithms, 

AdaBoost and KNN, based on accuracy, training time, and network latency. The model is initially trained 

using KNN optimization and adaptive boosting strategies. The model of random forests enhances accuracy, 

serves as a base estimator, manages variation, and guards against overfitting.  

Furthermore, because there was previously such a high degree of overlap in the data distribution, the 

number of false positives and false negatives has been significantly decreased. The wireless channel gain, h r, 

is the only factor dependent on the system configuration, assuming other components remain static when 

working with a dataset of 20 users. The offloading indicator is Oi. Figure 9 illustrates how to identify the K 

value after plotting the graph of error rate following model training with KNN optimization. 

The Euclidean algorithm is employed to calculate distance. Based on a cumulative decision-making 

algorithmic study of the various algorithms, as shown in Table 1, the KNN algorithm is thought to be the 

most effective one. This is how the KNN algorithm is described in terms of metrics [63]. 

 

 

 
 

Figure 8. Feature of scaling data 
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The performance metrics [64], [65] used to evaluate computation offloading strategies include 

a. System Accuracy – measures how effectively the model performs tasks after offloading. 

b. Training Time – the time required to train the model, indicating computational efficiency. 

c. Latency – the delay incurred during task execution or response after offloading. 

The accuracy, latency, and training time are the three most essential measures used to compare the 

performance of AdaBoost, KNN, and the baseline coordinate descent technique.  Figure 10. presents the 

comparative performance graph to support the analysis. The findings reveal that KNN had the highest 

accuracy (0.99) and the lowest latency (4.7 × 10−7 seconds). It also needed less training time (164.11 seconds) 

than AdaBoost. AdaBoost had the biggest training overhead (625s), but it did well in terms of accuracy 

(0.94) and latency (0.017s). The baseline coordinate descent approach, on the other hand, had the lowest 

accuracy (0.85) and the worst response time (0.150 s). These results show a clear trade-off: KNN is more 

accurate and responds in real time, while AdaBoost balances accuracy with moderate latency, although it is 

harder to train. The baseline is less suitable for applications that need great reliability and speed, even though 

it is easier to compute in some ways. 

 

 

 
 

Figure 9. Error rate vs. K. value 

 
Table 1. Cumulative decision-making algorithmic analysis 

Metric Accuracy Training Time (s) Latency (s) 

DNN-DRL 0.99 279.57 0.032 

Baseline (Coordinate Descent) 0.85 328.43 0.150 
AdaBoost 0.94 625.00 0.017 

KNN 0.99 164.11 4.7E-07 

 

 

 
 

Figure 10. Comparative performance graph 
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This work is limited by the utilization of simulated environments instead of extensive real-world 

implementations, potentially impacting generalizability. The assessment concentrated on certain metrics, 

possibly neglecting additional contributing elements like security vulnerabilities or diverse device habits. The 

dataset size and model assumptions may limit applicability across various network and application scenarios. 

 

 

5. CONCLUSION  

To increase network computation rates, the research provides an optimized computation offloading 

approach that makes use of K nearest neighbors. We investigate the requirement for computation offloading 

in Internet of Things applications as we introduce the optimization for computation offloading. The KNN 

algorithm learns the offloading value faster than more traditional optimization techniques like coordinate 

descent, DNN-DRL, and adaptive boosting. This enables the creation of judgements that are close to ideal, 

resulting in system optimization. Deep learning models are particularly expensive to train because of the 

complex data patterns involved. Furthermore, fog computing and offloading are not yet standardized, 

providing researchers with lots of room to experiment and explore without being constrained by established 

guidelines. In the end, we aim to optimize wireless communication by using numerous criteria for resource 

allocation and offloading choices, which will increase its effectiveness. As wearable computing starts to 

realize the promise of a fully personal digital assistant, it offers an interesting avenue to experiment with 

augmented realities. The analysis shows DNN-DRL and KNN achieving 99% accuracy, with KNN offering 

the lowest latency at 4.7×10⁻⁷ s. AdaBoost attains 94% accuracy and 0.017 s latency, while the baseline lags 

at 85% accuracy and 0.150 s latency. Overall, advanced models outperform the baseline across accuracy, 

training time, and latency metrics. The field’s potential is only now starting to be appreciated, even though 

numerous applications and issue domains were covered here. In the upcoming years, as technology becomes 

more widely used and embraced, the apps will upend preconceived notions about computers.  Future research 

may concentrate on adaptive offloading strategies that address network dynamics, device mobility, and 

variations in workload. Energy efficiency must be prioritized in conjunction with accuracy and latency to 

enhance sustainable mobile and edge systems. Furthermore, investigating federated learning, edge 

intelligence, and real-world implementation in sectors such as healthcare and IoT may improve scalability, 

security, and practical applicability. 
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