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1. ABSTRACT 

There has been a whirlwind revolution in technology in the last one-decade, new devices 

have flooded functionalities, so technology has found its girth in almost all quarters of human 

existence. The miniature devices of smart grid, smart health, smart parking & smart farming 

have generated a huge amount of data to integrate, process, analyze and store, and those 

computational data cannot be handled natively, therefore a fog server of reasonable capacity 

is planted to cater time-critical applications.  Offloading the task from the user device to the 

fog server has multiple parameters for decision making. In this research, we have tried to 

deduce offloading using three techniques, In the first stage, fog offloading is realized using 

iFogSim, in the second stage mathematical design to decide to offload computational data, 

and in the third stage designing a model for task offloading optimization algorithm. The 

offloading decision is realized by considering the wireless channel gain parameter using K-

Nearest Neighbor Algorithm(KNN), Adaptive boosting Algorithm(Adaboost), Coordinate 

Descent, and Deep Neural Network-Deep Reinforcement Learning algorithms, upon 

comparison, it is found that the KNN optimization model takes minimum time to decide the 

offloading with an accuracy of more than 95% and minimum memory footprint. 

 

2. INTRODUCTION 

Cloud is a premier platform for IoT-enabled services, it facilitates large-scale computation, 

storage, and utility services with reliability and scalability. Essentially, cloud computing 

allows IT departments to focus on their businesses and projects instead of merely maintaining 

and managing their data centers [1][2]. Cloud technology has some downsides, especially 

when it comes to the Internet of Things services, such as high latency where cloud-based IoT 

apps require very low latency, but because of the distance between clients and data centers, 

the cloud cannot guarantee it and the technical problems and disruptions in networks can 

happen in any Internet-enabled system and cause customers to experience an outage[3]. As 

thousands of users transfer data over globally connected network medium, unauthorized 

access and data loss are a possibility [4], the problem can be partly addressed by fog 

networks. 

2.1 Motivation for Computation Offloading 

A fog infrastructure is distributed and decentralized[4], as shown in fig. 1 in contrast to a 

cloud infrastructure that is centralized. An implementation of fogging brings many benefits to 

the Internet of Things, Big Data, and real-time analytics[5]. A significant benefit of fog 
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computing is its low latency as it is geographically nearer to the user device, and it can reply 

promptly, the bandwidth cannot be an issue as instead of sending the pieces of information 

together via a single channel, they are aggregated at different locations. 

 

2.2 Brief description on the state of the art of the research topic 

The ability to collect and process data by the cloud and the edge devices of a network is very 

important and crucial, computation offloading becomes one of the most useful tools we have 

in our hands to deal with the information overload we face today. 

 

Fig. 1.  Computation Offloading Architecture in Fog Topology 

 

To offer services to the time-critical application like healthcare solutions, and autonomous 

vehicles would require computing machines to be proximal to the user device. Therefore, an 

intermediate fog topology was introduced, computing can be offloaded to an external server 

over a network to improve processing capacity and address hardware constraints[6], such as 



 

5 

169999913002 /Gujarat Technological University 

 

limited storage, processing, and energy. Which can execute the task timely and more 

efficiently.   

 

3. DEFINITION OF THE PROBLEM 

Fog computing has seen significant research devoted to computation offloading, with most 

proposals placing tasks in the clouds, but offloading to the cloud is often not feasible and 

reasonable, Orsini[7] proposes an adaptive Cloud Aware programming framework that 

offloads tasks to the fog servers. This allows researchers and developers to build scalable 

applications considering fog devices. The authors outline the types of components that a fog 

computing application can be broken into, so that offloading decisions can be simplified. 

Offloading tasks can benefit[8] (1) speeding up computation, (2) saving energy, (3) saving 

bandwidth, and (4) reducing latency. We have tried to optimize the overall time and energy 

consumed in computation by placing an intermediary node proximal and evaluating its 

performance by mathematically measuring its parameters, after successful and convincing 

results we worked and evaluated the model on a fog simulator and then we implemented the 

various design of the application using K-nearest neighbor algorithm and Adaptive boosting, 

further compared the model with other researchers design model.  

 

4. OBJECTIVE AND SCOPE OF WORK 

There are three objectives of the research. 

1. To mathematically determine computation offloading to be a viable solution for a 

constrained device in fog computing architecture. The parameters to compare for 

offloading are latency incurred and energy consumed it makes an inferential argument 

that reveals energy consumption and latency assumption logically entails a 

conclusion.  

2. To simulate and design Hybrid Decision Model Architecture in iFogSim using fog 

computing. 

3. To design computation offloading applications using DNN-DRL, coordinate descent, 

AdaBoost, and KNN and compare them to determine the proposed optimum 

algorithm for real-world implementation.  
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5. ORIGINAL CONTRIBUTION BY THE THESIS 

The problem is taken for the research work coined in recent research studies. We present a 

novel approach of formulating “Performance optimization and evaluation of computation 

offloading in fog architecture” We referred to the literature available in the context of 

computation offloading. We mathematically analyzed the role of computation offloading in 

fog computing based on network latency and energy consumption, and then applied the 

scenario on the iFogSim simulator. The simulation provided fog computing an edge over 

cloud computing in favorable circumstances such as proximity and availability of fog servers. 

Then we implemented an application for decision making for computation offloading and 

studied related solutions like offloading using deep neural network[9], supervised and 

unsupervised learning[8], game theory approach[10], MAUI[11], ThinkAir[12], and 

Phone2Cloud[13]. Our research has a major influence on DROO[14], where the wireless 

channel gain parameter decides the state of computation offloading. We have made a 

valuable contribution by optimizing the latency and memory consumption and keeping 

optimum accuracy using the K-nearest neighbor algorithm.  

 

6. METHODOLOGY OF RESEARCH, RESULTS / COMPARISONS  

 

We have conducted various experiments to ascertain the benefit of fog computing, and 

offloading design model to optimize the task further to experience a near real-time 

response[15]. We mathematically proved that time and energy are the two basic parameters 

that must be calculated before deciding computation offloading on fog or cloud servers[16]. 

Our second proof of experiment is on widely used iFogSim[17], which models our design to 

decide to offload or not for each application module. In our third fixture, we designed and 

compared application models in python using AdaBoost algorithm and K-nearest neighbor 

algorithm to pick user device for offloading at fog server based on wireless channel gain.  

 

 

6.1 Mathematical Experiment 

In a local computing scenario, the execution time required by the host will be the total 

computation task upon the CPU rate [16], which is given by equation 1. 

 

                         (1) 

The task when executed on the fog node as given in equation 2. will consume time to upload, 

compute and respond, it is given in[15] 
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                                                              (2) 

    (3) 

 

Time consumed in offloading data on the fog server is represented by the difference of time 

taken to execute computational data at the host to the same task getting executed at the fog 

node. Time saved in computation is the difference of execution from the host to the fog 

server. The mathematical equation 3 suggests that if equation 3 gives a positive value, then 

offloading action should take place, and if the number is negative then offloading should not 

take place.  

 

6.2 Hybrid Decision Model Simulation 

A simulation is the imitation of the operation of a real-world process over time, it requires the 

use of models which represent the key characteristics of the system[18].  It is used in many 

contexts, such as simulation of technology for performance tuning or optimizing, testing & 

training. In our proposed solution, simulation can be designed on various parameters such as 

Latency, Network Congestion, Energy Consumption, and Cost. iFogSim is based on the 

definition of fog computing that presents it as an infrastructure having similar characteristics 

as cloud computing but placed close to the edge of the network.  

 

We have proposed an algorithm named Computation Offloading Hybrid Decision Model 

based on offloading model presented in the paper [20], our model attempts to put almost all 

modules collectively on the same server to minimize the burden on the network structure due 

to the intercommunication between the applications tasks as given in algorithm 1. The 

objective of the Computation Offloading Hybrid Decision Model is to minimize network 

bandwidth utilization.  

 

There are user nodes U, fog server F, and cloud server C. Each user node will have various 

application modules termed as Task T. All the fog and cloud routes are termed as R. If a user 

decides to offload its task to a fog server, then all the tasks of the user application should 

offload its task only to that single device if available, else it should offload finally to cloud 
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server. A task allocated list is created to keep a count of the total allocated task, another 

variable load is initialized to calculate the load exerted on the computing system.  

 

Algorithm 1. Computation Offloading Hybrid Decision Model 

Input: List of the User Application task, Fog servers, and Cloud server 

Output: Assigning user task to fog or cloud server 

1. For R  ROUTES do across all network routes 

a. Task_Allocated= {} 

b. load=0 

c. for task T   User_Application do 

i. if T is placed on F   R then 

1. if  then 

A. Place T on device F 

B. Add T to Allocated 

C. Break 

2. end if 

ii. end if 

iii. load=load+  

d. end for 

e. for Fog Server s  R do leaf node to root traversal 

i. if  then  

1. for ) do 

a. assign  on Fog Server s 

2. end for 

ii. end if 

f. end for 

g. for task T   User_Application do 

A. if T is not placed on F ∈ R and  then 

1. Place T on Device C as   

2. Add T to allocated 

3. Break 

B. End if 

C. Load=load+  

h. End for 

2.  end for 

 

 The network topology we projected comprises of Fog devices, that are placed into layers 

depending on their networks with other nodes and an opinion is made that the computational 

capacity of the devices rises as we scale up in the network topology. As shown in Fig.2 the 

topology of a hybrid offloading system look like a tree, where the user device looks like a 

leaf, fog appears as edge, and cloud is the root node.  
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Fig 2. Hybrid Network Topology 

 

 In a simulation, factors like response time, energy consumed, execution cost, and bandwidth 

utilization are observed. We compared our proposed algorithms with the cloud-only 

configuration in iFogSim. The proposed algorithms exploit the advantage of Fog computing, 

we have observed a substantial decline in latency and network bandwidth utilization. These 

significant enhancements in latency and network bandwidth utilization are achieved at the 

cost of greater energy consumption. Computation offloading hybrid decision algorithm 

appends the application module task to the designated fog server, and in case the fog server 

fails to satisfy the requirements, the application task is offloaded to the cloud server for 

computation. By applying Computation Offloading Hybrid Decision Model, it is evident that 

latency is considerably minimized, network bandwidth and energy consumption have 

significantly reduced compared to the cloud-only approach.  

 

6.3 K-Nearest Neighbor Time Critical Optimization 

We have considered a network topology comprising of fog server, and constrained wireless 

devices denoted by N={1,2,3,..,n} that forms a general offloading architecture, each wireless 

device, and fog server contains a transmitter and a receiver, A time-division multiplexing 

circuit is implemented, which divides the system time into continuous time frames of equal 

length[14], the time frame is allocated to the device, based on various parameters such as, 

server state, bandwidth, computation capability, and the proximity of the device to the server. 



 

10 

169999913002 /Gujarat Technological University 

 

Once the time frame is allocated to the server the resources are availed to execute the 

computational task. 

 

Out of several parameters we consider wireless channel gain  to be an important parameter 

for offloading decision-making[14]. The uplink and downlink channels are assumed to be 

reciprocal and unchanging. At every time frame,  the access point server broadcasts the 

radio frequency signal, and the wireless channel gain  of each device is calculated. An 

offloading indicator , where 1 indicates the ith device task is offloaded, and 0 

indicates, the task is executed locally. The K nearest neighbor[19] is applied to classify the 

wireless channel record h based upon the K hyper-parameters, and the distances between the 

labels. It computes the distance of the new record to all other training records. The Euclidean 

and Manhattan[21] method measure the distance metrics. Minkowski distance is a general 

formula to manipulate different distance metrics[22]. The distance between two variables X 

and Y is defined as 

  

The p-value in the method can be used to give distances. 

 p = 1, Manhattan distance gets selected 

 p = 2, Euclidean distance gets selected 

The steps involved in the working of the proposed KNN (lazy) training optimization 

algorithm is as follows. 

Table 1. 

Step 1: Identify the best count of K: 

Step 2: Guess a class label for the new record 

Step 3: Compute distance (X, Xi) where i=1,2, 3... n. 

Step 4: where X= new data point, Xi= it is the training record, distance metric can be 

calculated based on Minkowski distance method. 

Step 5: Distances can be sorted in increasing order with a corresponding training 

record. 

Step 6: Pick the best K rows, from the sorted list.  

Step 7: Identify the most common class from these selected K rows.  It will become the 

predicted class of the record. 

 

The distance can be calculated through any of the Euclidean or Manhattan algorithms, in our 

case we have considered the Euclidean distance.  The model then selects the K-nearest data 

points, where K can be any integer. Since we cannot predict the value of K which yields the 
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best results, so we assign a random value of K=40 initially and later plot the graph of K value 

corresponding to the error rate and identify K=29 from the graph. Based on the two values K 

and P, the model assigns the data point to the class to which most of the K data points belong. 

The proposed computation offloading process optimization algorithm, using Adaptive 

boosting and KNN is devised to generate offloading policy with optimal accuracy, reduced 

latency, and minimum memory consumption The steps involved in the working of the 

proposed computation offloading optimization using KNN is as follows.  

Table 2. 

 Input:  A wireless signal gain  at every time frame , the count of label 

classifier K (I.e.) based on the error rate or accuracy score. 

 Output: Offloading action  and the corresponding ideal resource 

provision for every time frame . 

Step 1: Load input and output CSV dataset 

Step 2: Determine the shape of the dataset. 

Step 3: Plot histogram to determine skewness and outliers. 

Step 4: A flattened array has the same type as the Input array and preserves order. 

Step 5: Structure the dataset 

 Convert the dataset into panda’s data frame. 

Classify the dataset based on binary values 0 & 1. 

Determine the shape of the data frame. 

In case of an imbalanced data frame, balance it using the pandas slicing 

operator. 

Convert the data frame back into a CSV file. 

Step 6: Apply transform feature min-max scaler on the input dataset to bring it in 

scalable range. 

Step 7: Classify test and train dataset, keep randomness value as required. 

Step 8: Apply algorithm to receive the result (Ada Boost and KNN Algorithm) 

Step 9: Use the time function library to determine elapsed time. 

Step 10: Use fit transform to train the model. 

Step 11: Use predict method to test the model. 

Step 12: Apply confusion matrix to know the F1 score and accuracy score to predict 

the accuracy of the system.  

F-1 score = 2 * (Precision * Recall) / (Precision + Recall) 

Accuracy=(TP+TN)/(TP+TN+FP+FN) 
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The data samples are generated by using the coordinate descent method presented in [29], 

which has an input and output shape of 31060*20. The plot of a histogram shows the 

distribution of data on a two-dimensional plane. The histogram shows skewness and overlap 

into the distribution and the presence of several outliers.  

 

The synopsis discusses a step-by-step training model for computation offloading using 

adaptive boosting and K-Nearest neighbour. In general, machine learning models are 

sensitive to outliers. The wireless channel gain  is the input and Oi ∈ (0,1) is the computing 

mode selection. Raw input and output data are flattened using the ravel function and 

converted into a data frame. The dataset is further classified based on binary values = class 

(0,1). The dataset shape is identified based on the assigned labels class_1 shape (36666, 2) 

and class_0 shape (118634, 2), which displays a significant difference in the shape of both 

labels. Therefore 30000 samples of each class labelled 0 and 1 are randomly selected to 

create a new dataset. The input data frame is plotted using the distribution plot and a 

transformed feature is then applied by scaling each feature to a given range using the min-

max scaler function.  

 

There are 2^n possible options for offloading data in a fog environment, where n is the 

number of users. Several algorithms are applied to train the model, and the two most efficient 

models' result is discussed here based on accuracy, training time, and network latency. First, 

the model is trained using adaptive boosting and optimization algorithm mentioned in the 

system model, it improves the model accuracy, and acts as a base estimator; the random 

forest takes care of variance in model prediction and avoids the model to get overfitted. 

 

7. PROPOSED SOLUTION 

A model’s performance is measured by the cost function. It can be formed in many ways 

depending upon the problem. The purpose of the cost function is either minimized or 

maximized value, the minimized usually return values in the form of cost, error, or loss while 

maximized return a reward which can be as high as possible.  There are several offloading 

metrics such as Energy, Latency, Response Time, Cost, Memory, QoS[23]. In our problem 

the metrics of cost are composed of accuracy, memory consumed, and minimal latency 

incurred by the application. 
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7.1. Accuracy 

Based on the input data, Figure 3 compares the accuracy of various machine learning models. 

It is a measure of how well the model can determine relationships between variables in a 

dataset given the input data, and almost all the models achieve an accuracy of over 94% 

which is ideal.   

 

Fig. 3 Accuracy Achieved using algorithms 

7.2 Memory Consumed  

The memory problem is one of the biggest challenges for deep neural networks today. 

Researchers struggle with the limited memory bandwidth available in today's DRAM devices 

to store the massive amounts of weights and activations needed for DNNs[24]. Also, the 

memory capacity of the DRAM devices has proved problematic. Therefore, a generic model 

comparison shown in Fig. 4 gives us an insight that K-nearest neighbor utilizes optimum 

memory 164.11 MB for application design. 

 

Fig. 4 Memory consumed using Algorithms 
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7.3 Latency Incurred 

The latency of a process relates to its time to process one unit of data and various machine 

learning models' performance is measured by latencies. As compared in Fig. 5, it is evident 

that the K-nearest neighbor algorithm trains the model in the thinnest time.  

 

 

Fig. 5 Latency incurred using algorithms 

 

8. ACHIEVEMENTS WITH RESPECT TO OBJECTIVES 

While working on a dataset of 20 users [29] and wireless channel gain  being the lone 

parameter based on the system configuration and considering other parameters to be static. Oi 

is the offloading indicator. Now the model is trained using K-NN optimization algorithm 

Table 1, the Euclidean algorithm is selected to compute the distance, K value is identified 

after plotting the graph of error rate. The confusion matrix, exhibit the time taken to train the 

model is 4.742498751039858e-07s using KNN whereas DNN DRL takes 0.03172255s, 

Coordinate Descent takes 0.15s, Adaboost takes 0.017s. The memory consumed after 

profiling the application using DNN-DRL takes 279.5742 MB, Coordinate Descent Consume 

128.43 MB, Adaboost consumes 625.00 MB and KNN algorithm consumes 164.11 MB 

memory. The metrics accuracy score and F1 score come out to be 0.95 for KNN, coordinate 

descent achieves an accuracy of 0.95, Adaboost 0.94, and DNN-DRL 0.99. Comparing all the 

three graphs Fig. 1, Fig. 2, Fig.3, we conclude that the best model to achieve high accuracy, 

least latency, and low memory utilization is through K nearest neighbor algorithm. 
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9. CONCLUSION 

In this synopsis, we propose a computation offloading optimization algorithm using K nearest 

neighbor, which maximizes the computation rate of the network topology. The algorithm 

learns the offloading value in record time compared to conventional optimization algorithms 

such as support vector classification, coordinate descent, adaptive boosting, and linear 

regression. It achieves near-optimal decision-making and realizes system optimization. On 

the other hand, deep learning is very costly to train, due to its intricate data patterns, 

additionally, fog computing and computation offloading are yet not standardized, which 

opens a lot of space for researchers to experiment without any pre-defined thumb rule. As a 

concluding remark, we expect to address the use of multiple parameters in wireless 

communication for resource allocation and offloading decision-making that will further 

improve its efficiency. 
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