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Abstract: In mobile edge computing (MEC), mobile devices limited to computation and memory
resources offload compute-intensive tasks to nearby edge servers. User movement causes frequent
handovers in 5G urban networks. The resultant delays in task execution due to unknown user
position and base station lead to increased energy consumption and resource wastage. The current
MEC offloading solutions separate computation offloading from user mobility. For task offloading,
techniques that predict the user’s future location do not consider user direction. We propose a
framework termed COME-UP Computation Offloading in mobile edge computing with Long-short
term memory (LSTM) based user direction prediction. The nature of the mobility data is nonlinear
and leads to a time series prediction problem. The LSTM considers the previous mobility features,
such as location, velocity, and direction, as input to a feed-forward mechanism to train the learning
model and predict the next location. The proposed architecture also uses a fitness function to calculate
priority weights for selecting an optimum edge server for task offloading based on latency, energy,
and server load. The simulation results show that the latency and energy consumption of COME-UP
are lower than the baseline techniques, while the edge server utilization is enhanced.

Keywords: task offloading; machine learning; location prediction; mobile edge computing

1. Introduction

In MEC, 5G cellular users, intelligent sensors, surveillance systems, and other smart
devices are connected to the network edge [1]. Handling mobile users at the network edge
effectively uses spectral resources, lowers response time, and saves energy costs. By 2022,
it is anticipated that global mobile data traffic would have increased by 77 exabytes per
month [2]. 3D modelling, augmented reality, online gaming, high-definition multimedia
processing, streaming, and machine learning-based applications are just a few examples of
the computationally demanding applications that consume enormous amounts of resources
and generate a large quantity of data [3]. In recent years, technological advances in multi-
core chip and memory architectures have made it possible for mobile devices to perform
admirably. However, these mobile devices are still constrained with limited computational
power, battery life, and memory. Edge computing overcomes these limitations by offering
computational offloading [4,5]. In mobile edge networks, the intermediate servers between
user and core network exist collocated at the small cell base stations that offer computation
and storage services for the mobile devices. This service provisioning mechanism reduces
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the load on data centers with optimized response time [6]. Nevertheless, the issue of higher
latency has been addressed to some extent, but some applications continue to have strict
latency and computational limits [7] and are offloaded to nearby MEC servers, as illustrated
in Figure 1.
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Optimal server selection enhances the success of computation offloading in MEC.
Latency, energy usage, and resource utilization are all indicators of optimal server per-
formance [8,9]. Some research efforts have looked at combining the optimization of two
or more of the factors mentioned above. User mobility has also been cited as a crucial
factor in offloading decisions in a number of studies [10]. Different machine learning-based
prediction methods have been created to anticipate a mobile user’s future position based
on their prior mobility pattern. The best MEC server at the anticipated location is used for
task assignment.

Reinforcement learning, which has a lower training complexity than supervised learn-
ing and unsupervised learning, is used in the majority of studies applying machine learning
for task offloading [11]. Nonetheless, the reinforcement learning techniques have a signifi-
cant temporal complexity caused by their repetitive hit and try processes [11]. In addition,
the accuracy of user position prediction is inconsistent, resulting in suboptimal task as-
signment when real-time mobility factors such as user velocity, location and direction
are ignored [12]. For example, dynamic mobility-aware partial offloading (DMPO) is a
model for reducing the length of the offloading path after the movement of user equipment.
Prediction is carried out considering the user tasks and mobility paths in the near future [8].
Task-assignment with optimal mobility (TAOM) assigns tasks based on the shortest possible
pre-calculated execution time. It is appropriate for workflows with a small number of
users, but not practicable for jobs with a big number of users [9]. The TAOM claims to be
simple and has low latency. On the other hand, the DMPO predicts energy-efficient servers.
However, both strategies deal with user mobility and task offloading individually, affecting
latency and energy. DMPO’s mobility model is one-dimensional and does not predict user
orientation. As a result, we propose COME-UP, a framework that utilizes the latitude,
longitude, and user velocity as input parameters. Further, an optimized edge server with
the lowest latency, energy consumption, and highest server utilization is selected. For
model training, we used the Luxembourg SUMO Traffic (LuST) data set of 1000 vehicular
users that is freely available online [10]. We selected TAOM as the baseline technique
and DMPO for comparison with the proposed model. Extensive simulations have been
performed to compare the proposed model against state-of-the-art methodologies using
the MobFogSim simulator [10]. The following are the highlights of the contributions made
in this work.
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• In MEC, we propose a novel task offloading framework called COME-UP, which is
composed of two sub-models. Time series analysis combined with LSTM is used by
the location and direction prediction model;

• The task placement model makes use of a fitness function based on the weighted sum
method to determine which edge server is the most suited;

• We formulate a fitness function that determines the optimized server using different
priority weights for latency (α ), energy (β), and server load ();

• The performance comparisons utilizing MobFogSim show that the COME-UP outper-
forms the others (DMPO and TAOM) with a 32% reduction in latency, 16% energy
savings, and increasing resource (CPU) utilization by 9%. The root mean square error
of the LSTM model is noted as 0.5.

The rest of the paper is structured in the following manner. Section 2 discusses
the findings of a literature review on mobility models and mobility-aware offloading
approaches. Section 3 demonstrates the limitations of mobility prediction using a real-
world use case. Section 4 describes the system overview and the models that are used,
followed by the proposed framework. Section 5 discusses the experimental assessments
and comparisons that were conducted. Section 6 brings the work to a conclusion, and
Section 7 discusses some potential research directions for future work.

2. Related Work

The research community and various industries have attracted much interest in ap-
plication development by introducing mobile devices’ multicore CPUs and contemporary
memory architectures. However, there is enough room for improving today’s mobile de-
vices’ capacities and capabilities since some compute-intensive jobs cannot be performed on
those mobile devices [13,14]. Such resource-hungry applications divide the computational
processes into small tasks and place them at a proximate edge server. The remote task
execution reduces the latency with energy savings.

In MEC, the locality of servers plays a vital role in workflows offloading [15]. Fur-
thermore, user mobility is related to the mobile user’s connection to an edge server. User
mobility is critical when transferring from one base station to another after submitting a
workload to the prior server. Task offloading results in longer delays, more energy con-
sumption, and lower resource utilization [15]. The authors in [16] proposed a mechanism
based on software defined networks to manage user mobility. The technique assigns task
to the server with the smallest reported distance. The distance is calculated using signal
strength. Real-time factors such as user position, velocity, and direction, are not consid-
ered. In Ref. [16], the authors consider the geographical locations of users within the cell’s
boundaries to calculate the distance [15]. However, as with the previous SDN method, it
also ignores user trajectory data. The random waypoint model (RWP) is the simplest model
that estimates user mobility [17]. The RWP model is limited in that it only considers user
movement within the cell and only tracks users who are moving towards or away from the
base station, making the handoff analysis and prediction decision more difficult to complete.
Another RWP-based robust framework is proposed in [18] that endeavors user mobility
when making offloading decisions. The framework is incapable of reducing the complexity
of job execution or energy usage. The self-similar least action walk is a mobility model that
analyses a mobile user’s walking behaviors to predict his next likely destination [19]. It
accurately predicts a user’s location while walking within the same radio access network,
making it perfect for task transfer from one device to another. Traditional mobile net-
works, such as mobile adhoc networks, have extensively employed and tested the mobility
models outlined thus far. It is unclear how they will be deployed and how well they’ll
perform in small cell networks such as 5G or mobile edge networks. MEC servers typically
prioritize the tasks for offloading depending on their computing power, channel usage,
and extra processing requirements. However, the heterogeneous MEC system requires
ongoing real-time task scheduling monitoring due to user mobility. To optimize the process,
other performance factors such as energy consumption, latency, and system resource usage
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should also be considered. Another methodology for determining the availability of edge
servers is the “head-light model”, which has been used in various works on mobility. This
model is used to determine where the edge servers are positioned in relation to the data
center [20]. The model captures a zone that points in the direction of a traveling mobile user,
such as a moving vehicle’s headlight. The authors in [21] describe a compute offloading
approach known as MobMig, which is designed to improve the work migration process by
taking leverage of mobility. The MobMig balances the workload across the edge servers
by identifying the overloaded nodes with no remaining capacity. With the mobility-aware
and genetic algorithm (MAGA), which was recently detailed in [22], a novel offloading
technique has been developed that is focused on decreasing offloading errors by exploiting
genetic algorithms. MAGA optimizes offloading decisions with reduced mobile device
power consumption and meeting task completion time requirements in FOG environments.
MAGA can handle multisite offloading. The high computing cost of this technology limits it
to single-task applications. In [8], a dynamic mobility-aware offloading algorithm (DMPO)
is proposed. After the mobile user moves, the offloading path is minimized in DMPO, and
a short-term prediction of the user mobility pattern is obtained. Since DMPO considers
one-dimensional user mobility, it performs better when the base stations have even dis-
tribution. For bigger mobile edge networks, the authors came up with an energy-aware
mobility management model that could help them run better [23]. It performs the task
offloading by considering the user task size, location, and the number of base stations
in the network. The heuristic mobility aware offloading algorithm, a heuristics-based
technique that enables vehicular mobile devices to perform task offloading, is proposed
in [24]. The system predicts user position by anticipating edge server capacity and radio
resource health. While it reduces latency and energy consumption, it only has a short-term
influence on mobility. Due to this limitation, the best services cannot be guaranteed for
offloaded or cached jobs. Furthermore, a technique that considers all real-time mobility
characteristics such as location, velocity, and user orientation is difficult to come across. In
this direction, some efforts have been performed to examine the machine learning methods.
However, few notable works exist in mobility-aware task offloading using ML techniques
in the MEC domain. The user moving direction is critically important to be considered
while predicting the next location and finding an optimized edge server.

Mobility-aware deep reinforcement learning [25] is a model in MEC to provide optimal
service provisioning. It uses a glimpse mobility model to figure out what the next place a
person is likely to visit ahead. The mobility-aware edge service placement methodology
is similar to that used in [24]. This model achieves numerous goals and is supported by
machine learning techniques that use user mobility trajectory data as input to estimate the
likely future position of users. For predicting the amount of power needed for offloading
jobs, an energy-cum-mobility aware offloading framework is presented in which Dijkstra’s
algorithm and machine learning are combined to anticipate the user’s next location and
power consumption requirements to offload or migrate a task.

Huang et al. introduced a distributed technique based on deep learning that leverages
the power of numerous concurrent neural networks to find optimal solutions without the
need for manual data labelling [26]. Tang et al. defined a task offloading issue with the goal
of minimizing long-term resource consumption and suggested a distributed reinforcement
learning algorithm in which each device can make task decisions independently [27].
Jang et al. suggested a method for performing knowledge transfer and policy model
compression in a single training session on edge devices while taking into account their
resource constraints [28]. The time required to train an edge policy using this method is
much less than the time required to train an edge policy from scratch. Chen et al. considered
terminal device communication in an ultra-dense LAN, where users can select multiple
base stations for task offloading [29]. The performance is enhanced by reducing the energy
consumption of tasks in the computational queue and the channel queue between end users
and base stations. Similarly, Song et al. aim to improve resource use, energy consumption,
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and network delay by forecasting user behavior and solving the problem with a variation
of the DQN algorithm [30].

We emphasized the significance of user mobility in MEC and reviewed recent studies
on user mobility. Some models consider the geographic location or previously observed
mobility patterns of mobile users when using SDN-based solutions to solve mobility
problems. Then, some models take into consideration the real-time network throughput and
the utilization of edge server. Users’ current location can also be predicted using the random
waypoint and leavy walk models, both of which treat mobility as a random function.
Although these models attempt to incorporate real-time data from users’ movements, none
of them succeed in doing so. Furthermore, the prediction models’ time complexity is quite
high. Due to the strict latency constraints, it cannot be used in real-world systems. These
findings encourage us to investigate novel approaches that consider user mobility factors
such as location, velocity, and direction when determining the best MEC server to offload
an incoming task. From different studies we explored that LSTM based models perform
better in the aforesaid environments [31–33], hence proposed an LSTM based user location
and direction prediction model for task offloading in MEC.

3. System Overview

This section details the system models used in the COME-UP framework. We present
a use case scenario that considers a heterogenous 5G cellular network, enabled with MEC
capabilities and urban user mobilities, as shown in Figure 2. The network comprises mobile
users having different smart devices with variable mobility patterns.
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3.1. Computation Model

To create an application model in MEC, it is necessary first to describe the task needs
and inter-task connections [34]. The application may be represented as a directed acyclic
graph (DAG) D, with nodes representing the collection of tasks t = {t1,t2, . . . tn} and edges
e or connections indicating the relationships between the tasks [34]. In DAG D, each task ti
is made up of two elements: (a) the computation requirement (Ci) of task ti expressed as
millions of instructions per second (MIPS); and (b) memory requirement Mi of task ti. The
interdependencies between tasks are represented by the edges. The latency for each edge is
determined by the amount of bandwidth available.

In MEC the tasks are executed locally on the user equipment or offloaded to a proxi-
mate server. Below is a detailed description of both execution states. Reduced latency and
power consumption are achieved through offloading tasks. If the computational capabilities
of the user device fulfil the task conditions, task offloading does not occur. The computing
capacity of the mobile user is expressed as Cu. Major symbols and notation used in the
system models and equations are defined in Table 1.

Table 1. Symbols and definitions.

Symbol Definition

ti Incoming task for offloading
Ei Computation time of task ti at the user device
Ci Cycles required to complete the task ti
Ri Mobile device transmission time
Cs Computing capacity of the edge server
TEk

i Amount of time required to execute task ti at edge server Sk
Sk Aggregate execution time of tasks mapped at edge server S
Us Resource utilization of server
Pk Power consumed by server
δ Selected server with optimized features after prediction

As expressed in [35], the desired computation cycles for a job ti are represented as Ci.
The computation time of a task ti to be performed at user end is represented by Ei (seen
Equation (1)), whereas energy consumption of the mobile device is represented by Pi (see
Equation (2)).

Ei = Ci/Cu (1)

Pi = Ci(Cu)
2 (2)

Whenever a mobile device does not match the requirements of a given task, it is
offloaded to an edge server. According to many research, the amount of execution results
after offloading is so little that the transmission time necessary to download is minimal
when compared to the time required to post the data to the server [35]. The distance
between the mobile user and the edge server in the x and y directions is represented as
xi and yi, respectively. Here, pi represents the transmitting power of the mobile device, θ
represents the standard path loss propagation, and σ2 represents additive Gaussian noise
in the transmission path. As a result, the signal to noise ratio (SNR) is calculated using
Equation (3) [36].

SNRi = (pi × xi × yi)
−θ/σ2 (3)

If the bandwidth B is known, the mobile device’s transmission rate Ri, is expressed
using Equation (4).

Ri = Blog2(1 + SNRi) (4)
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The aggregate of the execution times of jobs that have been previously offloaded to an
edge server is expressed by Sk (see Equation (5)).

Sk = ∑
∀ti∈Mk

(
TEk

i

)
(5)

Further, the server utilization [37] is represented by Us, and the edge server’s capacity
to which a task is going to offload is expressed by Cs (see Equation (6)).

Us =
Sk
Cs
∗ 100 (6)

Finally, the edge computation time Cg for a task ti is determined by Equation (7). If
Ri < Cg the required task is offloaded at the edge server.

Cg = Ci/Cs (7)

3.2. Energy Model for MEC Servers

The central processing units (CPUs) endeavors 80% of the electrical energy in edge
servers compared to other resources [38]. Furthermore, when operating at full speed, idle
CPUs account for 70% of the overall energy utilized by the server. As a result, an increase
in CPU use is proportional to energy consumption [35]. We employ the energy model
proposed in [39] as seen in Equations (8) and (9).

P(u) = k× Pm + (1− k)× Pm × u (8)

Es =

t1∫
t0

P(u(t))dt (9)

where P(m) is the amount of energy that a server consumes when it is fully loaded, and P(u)
is the estimated energy consumed by a server. The “k” represents the percentage of power
drawn by an idle server, while the “u” represents the server’s utilization at any given time.
Being a benchmark value for modern servers, the value of P(m) is set to 250 joules per
second in this scenario [40]. Due to the varying workload, CPU usage fluctuates with time,
becoming a function of time denoted by u(t). Finally, we can compute a server’s energy
consumption Es using Equation (9).

4. COME-UP: Computation Offloading in Mobile Edge Computing with User
Direction Prediction

This section presents the proposed location and direction-aware task offloading frame-
work based on LSTM. The proposed framework (COME-UP) consists of the Location and
direction prediction model (LDPM) and task placement model (TPM). In order to forecast
future location and direction of mobile users, the LDPM learns the mobile trajectories of
mobile users from mobility traces and applies these learnings to predict their future location
and direction, as explained in Section 4.1. Using features such as energy consumption,
latency, and server utilization, the TPM chooses an optimum edge server residing in the
expected cell locations, and then offloads the user tasks to the selected server, as described
in Section 4.2. A mobile user MU1 positioned in cell1 delegates a task with higher compu-
tation requirements to the serving MEC server EdgS1. Nevertheless, due to frequent and
quick mobility, the MU1 initiates a handoff to cell2 after submitting a job to the previously
associated edge server, as shown in Figure 3.

When the mobile user moves out of the range of EdgS1, the delivery of results gets
delayed. Consequently, the response time of mobile applications is increased, leading to
additional energy consumption and underutilization of computing resources. Further, the
fitness function uses the weighted sum method to determine the priority weights of the
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evaluation parameters that helps to discover an optimal edge server with minimal latency
and energy consumption, and higher utilization, as detailed in Section 4.3.
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4.1. Location and Direction Prediction Model (LDMP)

We propose LDPM as a method for predicting the location and direction of a mobile
user. The user mobility characteristics in MEC networks are constrained, such as location,
velocity, and direction, and the data set is nonlinear [10,41,42]. Therefore, considering the
nature of input data and the length of required parameters, time series analysis is applied
to the mobile user trajectories. Recurrent neural networks (RNNs) offer higher prediction
accuracy for time series problems [43]. Therefore, we employ a variant of RNN known
as LSTM [44] to predict the user location and direction using mobility traces, as shown in
Figure 4.
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The base station density in 5G cellular networks is significantly higher than in previous
generations [45]. However, the individual user’s movement information contains a few
parameters, as mentioned earlier. The LDPM model considers the mobile user’s location
(x, y), velocity (v), direction (o), and the task execution time TEk

i as base features. We derive
the training characteristics by calculating the derivative of (x) and (y) for location change, (v)
for acceleration, and (o) for change in user orientation, as illustrated in Equations (10)–(13),
respectively. The LSTM layer of the LDPM model is fed with the input data based on the
window size (no of previous values). The input data for the LSTM layer of the LDPM is
fed based on the window size (no of previous values). LDPM then forecasts where the
associated user will be residing in the near future based on the information provided. As
detailed in the next section, the TPM model uses the predicted location, velocity, direction
(xn-yn, vn, on) to determine an appropriate edge server offering minimum latency, energy
efficiency, and higher CPU utilization.

d
d(x)

= x2 − x1 (10)

d
d(y)

= y2 − y1 (11)

d
d(v)

= v2 − v1 (12)

d
d(o)

= O2 −O1 (13)

4.2. Task Placement Model

To elaborate the working of the TPM, we consider a scenario where the edge servers
are collocated with small cell base stations (SBS) that are controlled by Mobile Edge Or-
chestrator and Main Base Station, respectively, as shown earlier in Figure 3. Once a mobile
user leaves an SBS after submitting a compute-intensive task to the corresponding edge
server, the MEO uses LDPM to predict its next location and direction based on previous
mobile trajectories. Further, the MEO finds the list Ls of available servers in the mobile user
moving orientation. The angle of the mobile device during movement shows its moving
direction in four cardinal points, as shown in Figure A1.

The TPM model finds the best server from list Ls using a fitness function, as shown in
Figure A2. The fitness function determines the optimized server δi based on the objective
function. The offloaded task ti is then offloaded to the optimized server δi.

4.3. Fitness Function

We develop a fitness function to select the optimized server from the list Ls. As
mentioned earlier, the fitness function considers latency, energy consumption, and the load
of the servers in the list obtained from the predicted quadrant, as shown in Figure 5. We
use the Weighted Sum Method [46] to find the ranks for each server in the list. The values
of each server are stated as a M× P matrix, where M denotes the number of edge servers
in the list Ls and P represents the three parameters described previously, as illustrated in
Equation (14).

M1
...

Mn

Lat E Ld S11 S12 S13
...

...
...

Sn1 Sn2 Sn3

 × [ α β Υ
]
=

M1
...

Mn

Lat E Ld αS11 βS12 ΥS13
...

...
...

αSn1 βSn2 Sn3

 (14)

The matrix comprises the computed values for each server’s latency (Lat), energy (E),
and server load (Ld). Additionally, for fitness value calculation we add priority weights
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to the parameters, as defined in Equation (15). We conducted experiments with different
weight priorities for latency (α), energy (β), and server load (Υ) to find appropriate values.

δ =
P

∑
j=1

(
αSij

)
+
(
βSij

)
+
(
ΥSij

)
(15)

δ = min(δ1, δ2,δ3 . . . . . . . . . δn) (16)

Finally, the server having the highest rank (i.e., lowest δ value) is considered the
optimized server calculated using Equation (16). Consequently, the task ti is allocated to
δ server.
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5. Experimental Evaluations

In this section, we will look at the overall effectiveness of COME-UP. After examining
the influence of mobility prediction on latency, energy consumption, and server utilization,
the LDPM is rated for its effectiveness. Furthermore, we compare COME-UP to two baseline
approaches, DMPO [8] and TAOM [9], to see which one performs better. In addition, we
examine the system’s performance with and without the user direction prediction in the
suggested framework to see which is better. When the framework takes into account the
user direction, it is referred to be COME-UP, and when it does not, it is referred to as
COME-WP.

5.1. Experimental Setup

We carried out comprehensive computer simulations in accordance with the 3GPP
specifications and open-source data that had been approved by telecom operators [47], as
implemented in related works [48]. We used the MobFogSim simulator, which is dynamic
and supports a wide range of IoT/mobile device platforms. Table 2 contains a description
of the input parameters as well as the simulation settings.

5.2. Results

Using a different group of users (100~1000), we show the average latency, energy
consumption, and resource utilization results. We considered the vehicular user movements
from the LuST data set [10]. The performance comparisons show that the COME-UP
outperforms the others (DMPO and TAOM) with a 32% reduction in latency, 16% energy
savings, and increasing the resource (CPU) utilization by 21%.
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Table 2. Simulation settings and values.

Parameter Value

Macrocell radius 200 m
No of cell sites 144
Moving velocity of the user 20–80 km/h
Server CPU frequency and instruction set 3 GHz & CISC
Mobile device CPU frequency and instruction set 3 GHz & RISC
Input Data size 1∼30 MB
No of users 100~1000

The latency values illustrated in Figure 5 are consistent with the acceptable delay
requirements for the 5G network, which have been established in other studies [49]. The
average latency of the proposed framework is noticeably lower than the other techniques
in all cases of user distributions.

The higher number of mobile users has resulted in a significant increase in the energy
consumed by edge servers. The illustration of the proposed model’s energy usage in
comparison to that of the other models is shown in Figure 6. The CPUs draw the critical
portion of the energy in edge servers [38]. We use the CPU utilization model for both
energy estimation and server utilization. Figure 7 shows the server utilization with different
server distributions.
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We used 50 sequences of LSTM as test data of user mobility patterns. The highest
count of the error term is near to zero in this case, indicating the model’s acceptable error
range. The observed error range is less than 0.5 during complete training, as shown in
Figure A3.

5.3. Discussion

The COME-WP reduces latency by only predicting the user’s location. COME-UP
anticipates user direction and selects the fastest server. The COME-UP fitness function
prioritises server latency over other performance metrics such as energy and server
utilization (see Figure 5a). With 100 users, TAOM automatically assigns tasks to the
fastest server. When used with a large number of users, it does not scale well. DMPO has
a lower task offloading latency than TAOM due to its simple server searching mechanism.
Figure 5 shows how we measure latency by giving equal priority to the performance
parameters. All of the techniques’ latency increased compared to the previous case. Since
TOAM and DMPO lack the fitness function we proposed, their latency increases with
user count. The energy consumption of COME-UP is lower than TAOM and DMPO but
higher than its COME-WP variant in some cases. The server information contained by
COME-UP is limited as it focuses on a particular area predicted by its LDPM model. As
a result, there is a possibility that makes it hard to find an energy-efficient server there,
especially when the numbers of users and servers are low. The energy consumption of
the proposed techniques is lesser when the weight of energy is given higher priority
during the server selection stage. However, no effect is observed in the case of TOAM and
DMPO since they lack the proposed fitness function, as shown in Figure 6. The proposed
framework outperforms existing methodologies and makes efficient use of available
computational resources, as shown by the server usage results. TAOM has lower CPU
utilization than DMPO, COME-UP, and COME-WP. Inefficient server selection causes
high energy consumption and low CPU utilisation in the TAOM. Since the system’s
workload grows with the number of users, the system’s total energy consumption grows
as well. As a result, idle CPU energy is consumed positively, resulting in efficient
resource usage (Figure 7). Also, when the server load was given more weight during
optimal server selection, the resource utilisation of servers increased. The loss of the
model is used to measure the performance of the model. The RMSE of the LSTM model-
based proposed framework is calculated as 0.5321 that lies in an acceptable range for the
training process, as shown in Figure A3.

6. Conclusions

To select a suitable edge server for a task, computation offloading in MEC is char-
acterized by low latency, energy consumption, and server usage. The results of task
offloading to mobile users are delayed by frequent user mobility. COME-UP is enabled
by novel method that predicts the mobile user’s next location and direction, from where
all edge servers are shortlisted. COME-UP determines the best server among the short-
listed ones by using weighted sum method and place the incoming task accordingly.
COME-UP becomes a lightweight technique as it uses LSTM for training and prediction
instead of sophisticated deep learning models. The performance tests reveal that COME-
UP outperforms the others. The average values show the improvement as 32 percent
reduction in latency, a 16 percent energy savings, and a 19 percent increase in resource
(CPU) utilization. It is also noted that COME-UP holds good accuracy levels during
training and testing.
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7. Future Research Directions

We extend our efforts to explore the impact of mobile devices with high velocity in a
fully dynamic environment to improve offloading decisions as a future research direction.
Aside from that, in the case of a server overload or breakdown, we make no provision for
task or virtual machine relocation. Task and mobility-aware virtual machine migration
will be the focus of future research efforts. Also, when numerous users have similar
destinations, the mobility issue gets more intriguing. For example, mobile crowd sensing
(MCS) works better when users’ whereabouts are predicted. Similarly, in vehicular
edge networks, many cars may share a destination. As a future study topic, users with
comparable mobility circumstances can be aggregated into homogenous groups and their
activities integrated. Moreover, very few studies on device-to-device task offloading.
The moving users while executing the applications such as MCS might need to offload
some resource hungry task to a neighbor edge user’s device in a collaborative fashion.
A lightweight machine learning model to find the best local resource is an interesting
area to work in future. The existing works do not explore the relationship between the
offloaded task and its content. Since each subtask has its own application and content, it
has its own delay requirement, which is defined by the subtask’s content characteristics.
Due to the limited CPU capabilities of mobile devices, each subtask has a variable
delay. The creation of a content-aware framework can improve offloading decisions in
the future. Securing MEC deployments is a critical challenge. The adoption of edge
cloud servers presents substantial security risks due to mobile device exploitation. The
existing security solutions cannot keep up with the rate of rising security threats. Many
present security protocols need complete connectivity, which is impossible in mobile
edge networks as many links are by default intermittent. MEC, on the other hand, sends
user data to an edge server that controls access for other mobile users. This causes issues
with data integrity and authorization. Further, the data owners and data servers have
different identities. As a result, a complete research investigation is required to uncover
MEC security vulnerabilities.
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Appendix A

This section contains the supporting figures related to COME-UP framework. The illus-
tration of user’s location and direction prediction in cardinal points is shown in Figure A1.
The Figure A2 portrays the flow of COME-UP architecture. Finally, Figure A3 shows the
root means square error determined for the LSTM model.
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