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Abstract: The growing demand for low-latency content delivery in indoor environments has
driven the need for efficient caching strategies in Mobile Edge Computing (MEC) systems.
Visible Light Communication (VLC), combined with MEC, offers a promising solution for
enhancing content delivery performance by utilizing high-speed, light-based communication.
However, traditional caching strategies that rely solely on content popularity often fail to
account for user mobility and preferences, which are critical in dynamic indoor settings. In this
paper, a hybrid location-aware caching strategy is proposed, integrating user location prediction
with content preference modeling to enhance cache efficiency in MEC-enabled VLC networks.
Received Signal Strength (RSS)-based multilateration and Bidirectional Gated Recurrent Unit
(BiGRU) models are implied to predict user movement patterns and Enhanced Collaborative
Filtering (ECF) to anticipate content requests based on historical interactions. By combining
these techniques, the system dynamically caches popular content at VLC-based Next Generation
Node B small cells (VLC-gNB) near predicted user locations, improving cache hit ratios and
reducing content retrieval latency. Additionally, a comprehensive system model is presented
incorporating VLC and mmWave technologies, coordinated by Software-Defined Networking
(SDN) technology, to manage content delivery and cache placement. Extensive simulation
results demonstrate that the proposed caching strategy significantly improves cache hit ratios
and reduces latency compared to traditional methods. This study highlights the importance of
incorporating both mobility and user preferences in designing efficient caching mechanisms for
next-generation MEC-enabled networks.

Keywords: Mobile Edge Computing, SDN, Edge Caching, Visible Light Communication,
BiGRU, Collaborative Filtering.

1. INTRODUCTION

Printed in Romania

Due to the rapidly increasing use of mobile data, there is
a growing need for efficient low latency and content deliv-
ery, especially inside buildings such as shopping centers,
hospitals and office buildings. Mobile Edge Computing
(MEC) is developed as an effective method to overcome
these issues by moving computational resources and data
closer to end users and reducing transport delay while

improving the overall Quality of Experience (Hu et al.
(2015)). Content caching is among the main enabling tech-
nologies in MEC, providing storage for storing frequently
accessed content in close proximity of users and reducing
the time needed to fetch data from the core network. On
the other hand, user mobility and preferences are highly
dynamic indoors, making the content caching process more
complicated (Yao et al. (2019)).
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In recent years, Visible Light Communication (VLC) net-
works have gained attention as a complementary tech-
nology for wireless communication (Chi et al. (2020)).
The VLC utilizes low-cost light-emitting diodes (LEDs),
providing high-speed, secure communication channels in
indoor environments. The integration of VLC with MEC
offers a unique opportunity for edge caching, where popu-
lar content can be cached at edge nodes near VLC Access
Points (APs) to further reduce content delivery delays (Ali
et al. (2021)). However, efficient content caching strategies
remain challenging, particularly in dynamic environments
where user preferences and mobility patterns change fre-
quently.

One of the unique challenges in indoor environments is
the difficulty in accurately predicting content popularity.
Unlike edge caching in open areas, content popularity in
indoor environments tends to be location-dependent, with
mobile users in different public buildings exhibiting highly
diverse preferences for downloadable content. For example,
visitors in a museum likely require content related to
exhibitions, while patients in a hospital are more interested
in healthcare information. Furthermore, user preferences
can vary significantly even within the same building.
For example, patients in different departments may have
distinct content needs in a hospital, just as customers
in different mall sections may prefer different product-
related content. This location-dependent nature of content
demand is complex to capture using traditional edge
caching schemes that rely on universal models across all
locations.

Traditional caching strategies rely on content popularity
predictions based on historical access patterns, often ne-
glecting critical factors such as user mobility and pref-
erences, particularly in indoor environments. To address
these limitations, this paper introduces a hybrid caching
strategy that integrates user location prediction and pref-
erence modelling within a software-defined VLC network
environment. The system enhances location prediction
accuracy by employing VLC Received Signal Strength
(RSS)-based multilateration for accurate user positioning
and Bidirectional Gated Recurrent Unit (BiGRU) mod-
els to capture temporal movement patterns. Addition-
ally, Enhanced Collaborative Filtering (ECF) is utilized
to forecast content requests, allowing for dynamic cache
placement at the most appropriate Next Generation Node
B small cells (VLC-gNB). This hybrid approach optimizes
cache hit ratios, reduces latency, and adapts to chang-
ing signal conditions and user mobility, offering a more
efficient solution for content delivery in edge computing
environments.

The primary contributions of this paper are summarized
as follows:

(1) A hybrid approach combining VLC RSS-based multi-
lateration with BIGRU techniques to improve the user
location prediction in the VLC network is introduced.

(2) A joint content caching strategy is proposed using
ECF, integrating user location prediction with user
preference modelling to optimize caching decisions in
MEC-enabled VLC networks.

(3) A caching technique with location awareness is pro-
posed, which is dynamically adapted to the mobility

of users in the MEC-enabled VLC scenarios and uti-
lizes predicted user positions in order to cache the
content in advance.

(4) Simulations have been performed on a wide scale,
and performance of the proposed caching strategy has
been compared to classic caching approach, showing
better results.

The rest of the paper is organized as follows: Section 2
reviews related work. Section 3 presents the system model,
followed by Section 4, which details the proposed caching
strategy based on user location and preference prediction.
Section 5 provides the experimental setup and results, and
Section 6 concludes the paper with directions for future
research.

2. RELATED WORKS

Mobile edge caching has emerged as a vital solution to
address the growing demand for high-quality, low-latency
content delivery, particularly with the surge in data con-
sumption from mobile applications and services. As mobile
devices become more data-intensive, traditional network
architectures struggle to deliver content efficiently. This
limitation has led to the development of Mobile Edge Com-
puting to enhance mobile networks, enabling local caching
of content at edge nodes to increase network capacity,
reduce latency, and enhance the Quality of Experience
for users. MEC offers advantages over conventional tech-
niques, including energy savings, improved throughput,
enhanced privacy, and security (Zaman et al. (2021)).

The literature on content caching strategies has been ex-
tensively explored. For instance, (Sang et al. (2021)) pro-
posed a cooperative caching mechanism for heterogeneous
networks that focuses on minimizing delay using greedy
cache placement and replacement techniques. (Yuan et al.
(2021)) presented a cooperative service placement and re-
quest routing scheme in MEC, using a greedy strategy and
heuristic routing to optimize service placement. Addition-
ally, fuzzy caching mechanisms based on content distribu-
tion prediction were proposed by (Somesula et al. (2021)),
incorporating echo state networks to manage deadlines and
improve cache decisions. Furthermore, a Q-learning-based
cooperative caching mechanism developed by (Chien et al.
(2020)) aimed to minimize latency and reduce backhaul
stress. However, these strategies often neglect user mobil-
ity and focus on static popularity models, limiting their
effectiveness in dynamic environments.

Mobility-aware caching schemes have also been proposed
to address these limitations. In (Li et al. (2020)), a
mobility-aware online caching algorithm was introduced,
combined with a lazy re-association algorithm to track
user locations and update cached content dynamically.
Similarly, (Yu et al. (2020)) proposed a proactive edge
caching scheme using federated learning (MPCF), which
collaboratively predicts content popularity and caches the
most relevant content using a context-aware adversarial
autoencoder. Another approach presented in (Wei et al.
(2020)) addressed service caching by predicting user des-
tinations using an idealized geometric model, facilitating
content delivery to the base station to which the user is
most likely to connect upon completing their movement.
While these mobility-aware approaches improve caching
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performance, they often neglect the personalized prefer-
ences of users, which play a significant role in determining
content demand.

Many prior works have focused on caching strategies that
account for user mobility, with some also considering user
preferences. Some studies have explored the connection
between user mobility and association with specific base
stations. For instance, (Zaman et al. (2023)) addressed
mobility issues through caching strategies designed to
handle users on the move, particularly in video streaming
scenarios. However, most existing methods store large
amounts of content on edge nodes without considering
the impact of user preferences and mobility jointly. As a
result, these approaches can be less effective in real-world
environments where user behaviour is more dynamic.

Moreover, current research often overlooks the complex
relationship between user mobility, content popularity, and
personal preferences, especially in indoor environments.
While content popularity in outdoor networks tends to
be universal across various regions, indoor environments
such as hospitals, shopping malls, and other public build-
ings present distinct challenges. User preferences in these
spaces are highly location-dependent and can vary signifi-
cantly. For instance, patients in different hospital depart-
ments may have varying content needs, just as customers
in different mall sections might be interested in different
types of products. These variations are further complicated
by the fact that users spend more than 90% of their time in
such indoor environments (Cetin and Abo Aisha (2023)),
with their entrance and departure influencing the local
content demand.

Despite these challenges, research on indoor edge caching
has been limited. While some works, such as (Li et al.
(2016)) and (Ma et al. (2020)), have introduced novel
indoor-outdoor caching relay systems to improve network
throughput and enhance wireless resource utilization, they
lack a comprehensive integration of user preferences and
location-based caching decisions. Solutions such as the
collaborative indoor edge caching framework proposed
in (Shen et al. (2022), Kombo et al. (2025)), which en-
able personalized content popularity modelling, also need
to adequately address the joint effect of user mobility
and preferences on caching performance. This creates a
research gap in existing content caching schemes that
reduces their ability to meet user demands and optimize
cache performance.

To address these challenges, this paper proposes a hybrid
content caching strategy that integrates user location
prediction with user preference modelling to optimize
caching decisions in MEC-enabled VLC networks. This
strategy improves the cache hit ratio and reduces response
time, thereby enhancing the Quality of Experience for
users in indoor environments.

3. SYSTEM MODEL

In this study, an indoor wireless network architecture
designed to support proactive edge caching via hybrid
VLC and mmWave communication is considered, as il-
lustrated in Figure 1. The network comprises a Macro
Base Station (MBS), a set of Remote Radio Light Heads

I/ UE Moves

(RRLH 2 e

Fig. 1. System model

(RRLHs) mounted on the ceiling, and a set of cache-
enabled VLC Next Generation Node Bs (VLC-gNBs) that
serve as edge nodes. Each RRLH is equipped with both
VLC and mmWave beam modules and functions as a high-
capacity access point (AP) for confined areas. These APs
are interconnected via an OpenFlow Switch (OFS), and
managed by a centralized Software-Defined Networking
(SDN) controller that coordinates data flow, cache con-
tent, and link selection policies. Users (UEs) communicate
with the VLC-gNB using either VLC or mmWave links,
depending on their location and the network load.

The environment is divided into L discrete indoor lo-
cations £ = {l1,ls,...,I}, with a set of mobile users
U = {ui,us,...,uy} moving across them. Each user
device communicates with a nearby VLC-gNB b € B =
{b1,b2,...,bp}, depending on location and network condi-
tions. The SDN controller assigns either VLC or mmWave
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access to the user based on real-time link state and spatial
proximity. The controller also oversees cache decisions and
predicts user mobility and content demands to support
edge-level prefetching.

The MBS maintains the global content repository J =
{v1,v2,...,un5}, where each item v; has a size ¢;. The
edge caches at VLC-gNBs have finite capacity Cj, and
thus only a subset of content can be stored locally. When
a user u; € U requests item v;, the request is first
forwarded to the associated gNB’s cache. If the content
is found locally, it is delivered immediately; otherwise, the
request is forwarded to neighboring caches or routes the
request to the MBS. Upon retrieval, the content is cached
temporarily at the edge to reduce future delays.

To improve caching efficiency, the SDN controller continu-
ously collects users’ historical location traces and content
request patterns. These data are used to predict each user’s
future location Zu7t+1 € L using a BIGRU-based trajectory
model, and their content interest #;; using a hybrid collab-
orative filtering mechanism that accounts for both rating
history and spatial proximity. The objective is to cache,
at each VLC-gNB, the subset of content most likely to be
requested by users predicted to enter its coverage zone.
Table 1 explains the notations used in the equations and
formulas.

Table 1. Notations and definitions

Symbol Meaning
L Set of discrete locations
u Set of mobile users wu;
B Set of VLC-enabled gNBsb
J Set of video items v;
lug Historical 2D location of user u; at time ¢
lAu,L.,t+1 Predicted location of user u; at time ¢t + 1
m; Order of Lambertian emission of an AP
01/2 Half-power angle of the lamp

' Video content size
I; Transmitted light intensity from the AP
A Effective area of the receiver
Zi Vertical distance between AP and UE
d; Distance from AP to the user
g, Pij Actual Predicted content score for user u; on item v;
Dy(j) Predicted demand of content v; at node b

4. CACHING STRATEGY BASED ON USER
LOCATION AND PREFERENCE PREDICTIONS

Efficient content caching in MEC networks relies on ac-
curately predicting user location and content preferences.
In indoor VLC networks, where user mobility and con-
tent requests are highly dynamic, predicting user location
can improve the accuracy of content popularity forecasts,
thereby enhancing cache efficiency. By predicting a user’s
future location and combining this with user preference
models, content popularity predictions become more tar-
geted and caching strategies more effective.

The proposed caching strategy involves two key steps:
predicting the user’s location and forecasting content re-
quests. BiGRU is used for user location prediction, and
Enhanced Collaborative Filtering (ECF) predicts content
requests based on past behavior, location, and preferences.
These predictions guide the caching process, where high-
demand content is stored at VLC-gNBs near predicted

Fig. 2. VLC link configuration

user locations to maximize cache hit ratios and reduce
latency.

The caching process involves:

e User Location Prediction: BiIGRU forecasts the user’s
future location based on their movement history,
helping decide which AP (VLC or mmWave) serves
the user and which VLC-gNB should cache the rele-
vant content.

e Content Request Prediction: ECF predicts the con-
tent a user is likely to request, guiding cache place-
ment at VLC-gNBs to meet user demands.

4.1 User location prediction using BiGRU

In indoor VLC-enabled networks, user mobility signifi-
cantly influences the caching performance, as users fre-
quently change their point of attachment to access points.
Proactive caching in such settings requires not only ac-
curate knowledge of current user locations but also robust
prediction of future positions to ensure content availability
ahead of demand. This section presents a mathematical
framework that combines real-time location estimation
using VL.C RSS signals with future location forecasting via
a Bidirectional Gated Recurrent Unit (BiGRU) network.

The system first estimates the user’s current location
based on RSS from multiple VLC Access Points using
multilateration technique. Each AP ¢ € B emits light with
radiant intensity I; and Lambertian order m,;, and the RSS
received by user u from AP i at time ¢ is modeled as:
(mi + 1)AZI’L cos™ ((b) COSW) (1)
2md?

where A; is the detector area, ¢ and v are the irradiance
and incidence angles (equal in a perpendicular layout), and
d; is the distance between the user and AP i as shown in
Figure 2. The Lambertian order m; is computed from the
half-power angle ¢, /5 as:

RSS; =

—log(2)

" Tog(cos(61/2)) .

where ¢/, is the semi-angle at half power of the light.

Given a perpendicular layout, and vertical height z;, this

work assumes ¢ =1 =6 and cos(d) = 2—1 Substituting
cos(f) into (1):
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Given the received RSS values, the horizontal distance is  Fig. 4. Structure diagram of the BiGRU network
estimated as:
(m' + 1)AIZWL1+1 ""1'1+3 E ]. i l" l 2 (9)
d; = v Gt 4 MSE = 7 wi b+l — ui,t—l-lH

With known AP coordinates (x;,y;) and computed dis-
tances d;, the user’s current 2D location (z¢, y;) is obtained
by solving the nonlinear system:
(zr —21)* + (ye —31)?
(zr — 22)* + (y¢ — y2)?

— 2
=dj,
— 2
=d3,

()

(e —xn)? + (Y —yn)* = dj,

This system is solved using least-squares estimation, pro-
viding an accurate baseline location [, = (z¢,y:). To
forecast the user’s future position, a temporal sequence
of previous locations X, ; = [lut—n,- ..,y 1S utilized,
and model the next-step location lAu,tH using a BiGRU
architecture (Chung et al. (2014)). The GRU unit updates
its hidden state at each time step using:

re = oWyl +Uphi—1 +by),

2 = oWl +Uhi—1 + b)),

ht = tal’lh(Whlt + Uh(?"t ® h}—l) + bh),

he =2z ©hi1+ (1 —2) © hy,
where [; is the input at time ¢, h;_; represents the pre-
vious hidden state, r; and z; are reset and update gates,
W, W,, Wy, U,,U,, U are weight matrices. b,.,b,, by rep-
resent biases. ¢ is the sigmoid activation function, and ®
denotes element-wise multiplication. hy is the candidate
state, and h; represents the final hidden state as depicted

in Figure 3. In the BiGRU, both forward and backward
GRU states are computed over the sequence and concate-

nated as:
%
hy = [h t t] (7>
The concatenated hidden state is then projected to the
predicted coordinates using a fully connected layer:

lu,t+1 = Woht + bo. (8)
with trainable parameters W, and b,. The model is trained
to minimize the mean squared error between predicted and
true locations:

(6)

—
h

This predictive module enables the system to anticipate
future user positions and pre-position content accordingly
at the nearest VLC-gNBs. The predicted location lAu7t+1
serves as a key input to the content demand prediction and
caching optimization processes described in the subsequent
sections. Figure 4 shows a brief outline of the proposed
BiGRU model architecture the pseudocode for the model
is shown in Algorithm 1.

Algorithm 1 User location prediction algorithm using
BiGRU
Require: Historical user locations X,
Ensure: Predicted next user location (Z¢41,yt+1)
1: for each user u; do
2: load and process the input data as input elements
for the BiIGRU model
3: split the dataset into training, validation and test
sets
feed the data to the BIGRU model
using the model to forecast the next user location
end for
Return: Predicted next location (441, yt41)-

4.2 ECF for Content Request Prediction

In addition to mobility prediction, accurate content re-
quest prediction is essential for optimizing content caching.
The proposed Enhanced Collaborative Filtering (ECF)
model integrates user location and user preferences to
improve video content prediction accuracy in indoor VLC
networks. By combining predicted user locations with user
preferences, the model generates more relevant content
recommendations, considering both past user behavior and
spatial proximity. To enhance prediction accuracy, the
model uses a hybrid similarity measure that combines two
key factors, user behavior based on historical ratings and
spatial proximity based on user location.
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The ECF model predicts the likelihood of a user requesting
specific content by incorporating location data into the
user-item matrix, resulting in a User-Item-Location (A)
matrix, as shown below:

| v o v; |Location
Up |1 T2 ... T1j (fl»yl)
A= U2|T21 T22 ... T2j (z2,92) (10)

rmj (xmaym)
where r;; represents the rating given by user u; to video

v;, the last column contains the user location (i, 9:),
representing the user’s geographical coordinates.

Um | Tm1l Tm2 ---

The global average rating p is first computed to establish
a baseline for content predictions. This is essential in
estimating overall user satisfaction with videos:

= i Z] 174

|{ri; : rij # null}|
where r;; is the rating from user u; for video v;, m is
the number of users, and n is the number of videos. This
baseline can then be refined using individual user biases
and location-based factors. The model employs cosine
similarity to compute user similarity based on ratings. The
cosine similarity between users u; and uy is calculated as:

del o Tig " Thj

2
\/dezlk ij \/Zjelik Tkj
where I;;, is the set of common videos rated by both users
u; and uy, and r;;, 7x; are the ratings given by users u;
and uyg, respectively.

(11)

(12)

sim(u;, ug)

In addition to rating similarity, the location-based simi-
larity is computed using Euclidean distance between the
locations of two users:

1

L4 /(@5 — 1) + (yi — yr)?
where (z;,y;) and (x, yr) represent the locations of users
u; and wuyg, respectively. This similarity measure ensures
that users closer in proximity have a higher similarity
score. The overall similarity between users u; and wuy is
a weighted combination of rating and location similarity:

(1—a)-loc_sim(l;, ) (14)

where o € [0,1] is a weighting factor that balances the
importance of rating similarity and location similarity.

loc_sim(l;, ly) = (13)

sim (g, ug, l;) = a-sim(ug, ug, )+

Once the combined similarity is computed, the model
employs two classical techniques to estimate the predicted
score 7;;. The first is the matrix factorization-based Sin-
gular Value Decomposition (SVD) (Koren et al. (2021)),
which decomposes the rating matrix into latent user and
item embeddings. The prediction is expressed as:

fSVD—/H-b +b; +q; p; (15)

where p is the global average rating (see (11)), b; and b;
are user and item biases, and ¢;, p; € R¥ are k-dimensional
latent feature vectors for user u; and item v;, respectively.

The second method uses a user-based k-nearest-neighbor
(KNN) approach (Nguyen et al. (2023)). The rating pre-
diction is computed as a weighted average over ratings
from users similar to u;:

Zukel/{j Sim(uiv Uk, lz) *Tkj
Zuk €U; |Sim(uia Uk, l7)|

where U; C U is the set of users who have rated item v;
and 7; is the rating given by user uy to video v;.

~KNN __
j

(16)

The hybrid prediction combines both techniques, improv-
ing prediction accuracy:

Pij =B P+ (1= B) PN (17)
where #;; is the final hybrid prediction, and 3 is a weight-
ing factor. The hybrid approach takes advantage of both
latent factor-based and user similarity-based predictions
to provide more accurate and context-aware recommenda-
tions. To adapt dynamically to varying prediction reliabil-
ity, B is adjusted based on the variance between the SVD
and KNN predictions:

[ = min (1 Var(7 SVD,?ENN)) (18)

This adaptive weighting ensures the model provides more
reliable predictions when one model’s output is more
consistent with the data. The final prediction 7;; guides the
caching decision, prioritizing content that is more likely to
be requested by the user.

4.8 Content Caching Strategy

Given the user location forecasts and personalized content
preference scores, the objective of the caching module is
to determine which content items should be stored at each
VLC-enabled gNB to maximize the cache hit rate under
constrained storage capacity.

Let gp; € {0,1} be a binary decision variable indicating
whether content v; is cached at node b. The predicted
demand for item v; at node b, denoted Dy (j), is computed
by aggregating the predicted ratings 7;; over users likely
to be associated with b based on mobility prediction:

)= Z Tij * Dij
u, EUy
where Uy, is the set of users within the coverage zone of
node b, and p;; is the likelihood of requesting item v;
which accounts for the user similarity based on ratings
and location proximity, computed as:
Zker sim(u;, ug, ;)
U]
where Uj is the set of users who have previously interacted
with content j.

(19)

(20)

Pij =

To complement the proactive caching strategy, a mathe-
matical definition of cache hit rate that reflects predicted
user behavior is introduced. Unlike conventional defini-
tions, the proposed model incorporates both predicted
user location (via BiGRU) and predicted preference score
(via hybrid ECF), enabling more accurate evaluation of
proactive caching decisions. The enhanced cache hit rate
Hiti’ is computed using weighted contributions from fore-
casted user-content interactions and location predictions.
The cache hit rate at each VLC-gNB is defined as:

> i)

neN?

Hltb

Qb,jnv (21)

IN”

where N is the set of content requests routed to node
b during window ¢, and j, is the index of the requested
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Fig. 5. Content Caching Process

content in the n-th request. The average cache hit rate is

then given by:
1B
H=— ;—:1 Hit?

The objective function for cache placement is driven by the
need to maximize cache hits. This can be mathematically
expressed as:

(22)

B .
1 o= 2nent Do(9)-av.5

max H=— L 23

{av.5} B ; NP =
N

subject to C1 :Z Q-9 <Cy, VbEDB, (23a)
j=1

C2:Y g, =1, VbeB, (23b)
jeJ

C3:qp; €1{0,1}, VYbeB,jeJ. (23¢c)

where the constraint C7 ensures that no VLC-gNB can
cache more data than its allocated storage. Constraints C2
and C2show a binary variable that indicates whether con-
tent j is cached in the VLC-gNB, which ensures the con-
tent that has already been cached in a VLC-gNB should
not be cached multiple times. This avoids redundant con-
tent placement and inefficient use of cache resources.

The SDN controller periodically updates the cache at each
VLC-gNB based on the predicted demand and user mobil-
ity patterns. This dynamic caching approach ensures that
content with higher demand remains available, while less
relevant content is replaced. The location-based content
caching algorithm is shown in Algorithm 2, and the overall
caching process is illustrated in Figure 5.

Algorithm 2 Location-Based Content Caching Algorithm
Using ECF

Require: U: Set of users, J: Set of content, B: Set of
VLC-gNB, Zu7t+1: Predicted location of user u at time
t + 1, 7;;: Rating of content j by user i, Cy: Cache
capacity of VLC-gNB b

Ensure: Optimal caching decisions for VLC-gNBs to
maximize the overall cache hit rate.

1: for each user u; € U do R

2 Retrieve predicted location [, ;1 from algorithm 1

3: for each content j € J do

4 Calculate the predicted rating 7;; using Equa-
tion (17)

5: end for

6: end for

7: for each VLC-gNB b € B do

8: Identify users located within the coverage area of
VLC-gNB b

9: for each user u; in Step 8 do

10: Select contents with the highest Dy(j) us-
ing (19)

11: end for

12: if the cache is not full then

13: Place the selected popular contents at the VLC-
gNB

14: else

15: Remove outdated content and replace it with
the new high-demand content

16: end if

17: end for

18: for each user request for content j do
19: if content j is cached at VLC-gNB b then

20: Count the request as a cache hit

21: else

22: Fetch the content from a neighboring VLC-gNB
or MBS

23: end if

24: Calculate the cache hit rate for VLC-gNB b using
(21)

25: Maximize the total cache hit rate across all VLC-
gNBs using (23)

26: end for

27: Return: Optimal cache placement decisions for all
VLC-gNBs.

5. EXPERIMENT AND ANALYSIS
5.1 Experimental environment

FExperimental setup  The experimental setup simulates
an indoor Mobile Edge Computing environment with VLC
and SDN technologies. The simulation is conducted using
a hybrid approach that incorporates both MATLAB and
Python for different aspects of the experiment. MATLAB
is used to simulate the MEC environment, user mobility
using RSS-based multilateration, and cache management,
while external Python models handle user location predic-
tion and content preference modeling.

To simulate user mobility, MATLAB uses RSS-based mul-
tilateration techniques to estimate the current location of
users in terms of x and y coordinates. A BiGRU model is
implemented in Python using PyTorch to predict future
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user locations. The BiGRU model receives historical user
movement data and predicts users’ future coordinates.
This predicted location data is fed into the MATLAB
simulation to optimize cache placement decisions based
on anticipated user movement. At the same time, an ECF
model is also implemented in Python to predict user con-
tent preferences.

Ezxperimental dataset  This work uses two distinct
datasets to simulate the prediction of user locations and
content requests in MEC-enabled VLC networks. The first
dataset used in this work contains RSS values measured
from four different VLC APs, labeled as VLC Light A,
B, C, and D (Ali et al. (2021)). The RSS values were
recorded at various spatial locations and time intervals.
RSS-based multilateration technique was used to estimate
the users’ locations and further refined using a BiGRU
model, which captures temporal movement patterns to
forecast the user’s future location. The second dataset is
the widely-used MovieLens dataset (Harper and Konstan
(2015)), which contains user-item interactions and ratings
for various movies. This dataset is used to model and
predict user content preferences based on the predicted
users’ location. By applying ECF techniques, the model
forecasts which content a user is likely to request based on
their locations and previous behaviour and that of similar
users. The predicted content requests are then used to
make intelligent cache placement decisions at edge nodes,
optimizing the cache hit ratio and enhancing content de-
livery efficiency.

Experimental parameters A simulation experiment plat-
form was established to assess the performance of the
edge caching algorithm proposed. The parameters for the
simulation are detailed in Table 2.

Table 2. System Simulation Parameters

Parameters Value
Half-power angle of the lamp, ¢1 o 30°
Transmitted light intensity, I; 35dBm
Effective area of the receiver, A, lcm?

Vertical distance between AP and user, z;  17.50cm
Capacity of edge cache node [32,256]GB
Number of UEs [5,25]
Relative cache size [10%,100%)]
Content Size [50,160]MB

Evaluation metrics The metrics shown below, which
have been used in this work, provide a comprehensive
evaluation of the system’s performance in predicting user
mobility and content preferences and optimizing cache
placement in the indoor edge computing environment.

e The hit ratio: This metric measures the percentage of
user content requests successfully served by the edge
cache without fetching data from the core network.
A higher cache hit ratio indicates better caching
efficiency. It is calculated as:

Z;v:l Cache Hits;
Z;\le Total Requests;

where Cache Hits; represents the number of requests
for content v; that were served directly by the cache,
Total Requests; is the total number of requests for

Cache Hit Ratio =

(24)

content v; whether served by the cache or fetched
from the core network, N is the total number of
distinct content requests made by all users during
the considered time period. This formula calculates
the Cache Hit Ratio by summing up the successful
cache hits for each content item and dividing this by
the total number of requests for the content.

e MAE for BiGRU: Mean Absolute Error (MAE) eval-

uates the accuracy of the predicted user location by
calculating the average absolute difference between
the predicted and actual coordinates. It is computed
as:
1 n
MAEZEE(\@*DMJFM*%D (25)
i
where £; and ¢; are the predicted location, z; and y;
represent the actual coordinates, and n is the number
of user locations.

e RMSE for BiGRU: Root Mean Squared Error (RMSE)

measures the prediction error for user locations, con-
sidering the square root of the average squared dif-
ferences between predicted and actual locations. It is
calculated as:

RMSE = % Z (T —2i)2 + (0 — )% (26)

i=1

where Z; and g; represent the predicted location, x;
and y; are the actual coordinates, and n is the number
of user locations.

e The R? for BiGRU: The coefficient of determination

measures the proportion of variance in the actual
values that is predictable from the predicted values.
The R? can be calculated as follows:

Yoy (& — i) + (9 — vi)?)
Doicy (@ =)+ (5 — vi)?)
where Z; and g; represent the predicted location, x;
and y; are the actual coordinates, T and gy are the

mean of the actual locations, and n is the number of
user locations.

R*=1- (27)

e MAE for ECF: The MAE measures the average

magnitude of the errors between the predicted and
actual ratings without considering their direction,
which can be computed as:

1 .
MAE = & 37 fiy =y (28)
(i.4)eN
where r;; is the actual rating, 7;; is the predicted

rating, and N is the total number of predictions in
the test set.

e RMSE for ECF: RMSE evaluates the error between

the actual content ratings and the predicted ratings in
collaborative filtering. Lower RMSE values indicate
that the predicted content preferences are closer to
the actual preferences.

1 .
RMSE = N Z (’I“ij — Tij)Q (29)

(i,5)eN
where 7;; is the actual rating, 7;; is the predicted

rating, and N is the total number of predictions in
the test set.
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Benchmark algorithms  To evaluate the performance of
the algorithm proposed, the following existing baseline
approaches were selected.

e Gated Recurrent Unit (GRU): A simpler Gated Re-
current Unit that captures temporal dependencies
but processes data in only one direction, limiting its
ability to predict future events based on past data.

e Bidirectional Long Short-Term Memory (Bi-LSTM):
A variant of LSTM designed to capture long-term
dependencies using memory cells, and it processes
data in both directions, forward and backward.

e Long Short-Term Memory (LSTM): A type of RNN
(Recurrent Neural Network) with memory cells that is
designed to handle long-term dependencies in sequen-
tial data but processes data in only one direction.

e Mobility-aware Proactive Caching with Federated
Learning (MPCF) (Yu et al. (2020)): MPCF is a
proactive edge caching scheme designed to address
the mobility challenges in vehicular networks. It uti-
lizes federated learning to predict content popularity
collaboratively across multiple vehicles while preserv-
ing user privacy. The algorithm adjusts the cache
replacement policy based on vehicle mobility patterns
and preferences.

e Regression-based Proactive User Caching (RPUC)
(Yang et al. (2018)): RPUC is a caching strategy
focusing on location-customized caching by estimat-
ing future content hit rates using regression models.
It incorporates user mobility and content popularity
variations to make caching decisions.

e Least Frequently Used (LFU): LFU ranks content
based on its access frequency, with less frequently
accessed content being evicted first. This approach
can maintain popular content in the cache for a longer
time.

e Least Recently Used (LRU): LRU is a widely used
caching algorithm that prioritizes content based on
its recent access history. The least recently accessed
content is replaced when the cache reaches its capac-

ity.
5.2 Results and analysis

Prediction models performance evaluation

(1) Performance evaluation for user’s location prediction
Loss is a crucial aspect of neural networks, as it
represents the error in the predictions made by the
model. Figure 6 shows the validation loss of the pro-
posed location prediction model after 50 iterations,
with the cumulative loss approaching 0.015.

The performance of several models for user location
prediction, including BiGRU, GRU, Bi-LSTM, and
LSTM, was evaluated using RMSE, MAE, and RZ.
The BiGRU model, which processes data in both
forward and backward directions, outperformed all
other models, achieving the best RMSE of 0.8349,
MAE of 0.6655, and R? of 0.9709. This highlights
its superior accuracy in user location prediction,
capturing both past and future dependencies.

The GRU, a unidirectional model, showed lower
performance with an RMSE of 2.0307, MAE of
1.2517, and R? of 0.9484, indicating that the lack
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of bidirectionality limits its effectiveness. The Bi-
LSTM, despite being bidirectional, performed less
effectively than BiGRU, with an RMSE of 3.2854,
MAE of 2.7457, and R? of 0.8950. The Bi-LSTM
model struggles with long-term dependencies due to
the complexity of its memory structure. Lastly, the
LSTM model, also unidirectional, showed the highest
RMSE of 3.9946, MAE of 3.1784, and the lowest R?
of 0.8467, performing the worst among the models.
The results confirm that BiGRU is the most effective
model for user location prediction, with its bidirec-
tional nature providing better predictions compared
to the other models, including Bi-LSTM and LSTM.
The simpler architecture of BiGRU contributes to
its superior performance, particularly in this specific
task.

Table 3. Location prediction results

Model RMSE MAE R?

BiGRU 0.8349 0.6655  0.9709
GRU 2.0307 1.2517  0.9484
Bi-LSTM  3.2854 2.7457  0.8950
LSTM 3.9946 3.1784  0.8467

Performance evaluation for content request prediction

The content request prediction using the ECF
model shows strong performance, with an RMSE of
0.9293 and an MAE of 0.7414. These metrics indicate
the model’s capability to predict user preferences ac-
curately. The ECF model captures nuanced patterns
by integrating user preferences with location-based
proximity, ensuring context-aware recommendations.
The results validate that incorporating location data
into collaborative filtering improves prediction accu-
racy, making the ECF model suitable for environ-
ments where their physical context influences user
behavior. This approach enhances the content’s rel-
evance and provides a personalized user experience,
as predictions are adjusted based on rating patterns
and spatial factors.

Caching Performance of the Proposed Strategy

(1)

The effect of the relative cache size on cache hit ratio

As the cache capacity increases, the cache hit ratio
generally improves for all algorithms, as seen in the
Figure 7. With more storage space at the edge nodes,
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they can accommodate a larger variety of content, in-
creasing the chances of fulfilling user requests locally
without retrieving data from the central servers. Basic
algorithms like LRU and LFU experience an initial
boost in hit ratio as capacity grows; however, they
plateau as their simple caching mechanisms struggle
to prioritize content optimally in diverse user envi-
ronments. More advanced algorithms like RPUC and
MPCF show a steadier increase in cache hit ratio as
they incorporate predictive models based on user lo-
cation and mobility patterns. The proposed algorithm
outperforms all others across varying cache capacities.
The effect of the number of users on cache hit ratio

The Figure 8 shows that as the number of users
grows beyond the initial phase, the cache hit ratio of
most algorithms begins to decrease as cache storage
capacity becomes insufficient to handle the increasing
variety of content requests. Traditional algorithms
like LRU and LFU show a sharper decline in cache hit
ratio because they rely on basic recency and frequency
heuristics, which are less effective at handling diverse
content requests. On the other hand, advanced algo-
rithms such as RPUC and MPCF maintain a rela-
tively higher cache hit ratio for a more extended pe-
riod by incorporating sophisticated prediction mech-
anisms. RPUC leverages location-customized caching
and ridge regression to estimate content hit rates,
adapting more effectively to changing user demands
at different locations. MPCF, with its federated learn-
ing approach, predicts content popularity based on
collective user preferences across different vehicles
and edge nodes, making it more resilient to increas-
ing user diversity. However, the proposed algorithm
consistently outperforms the other methods across all
user densities.
The effect of the number of edge cache nodes on cache
hit ratio

Figure 9 illustrates that as the number of edge
cache nodes increases, all caching algorithms dis-
play improvements in cache hit ratio, reflecting their
ability to take advantage of additional storage and
more localized content placement. Traditional algo-
rithms such as LRU and LFU, prioritizing recently or
frequently requested content, show initial gains but
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plateau more quickly as additional nodes are added.
This suggests that these methods fail to fully utilize
the additional resources provided by more edge cache
nodes. More advanced techniques, such as RPUC and
MPCF, leverage user mobility and location-awareness
to distribute cached content across the network more
effectively. As a result, these models see more con-
sistent improvements with increased cache nodes.
RPUC’s location-based caching strategy and MPCF’s
federated learning approach make them better suited
to dynamically changing content demands and mobile
users, enabling them to sustain higher cache hit ratios
as more nodes are introduced.

6. CONCLUSION AND FUTURE WORKS

This study proposes an efficient edge caching strategy
for mobile edge computing, combining BiGRU-based user
location prediction with location-aware collaborative fil-
tering to accurately anticipate content demands. By lever-
aging user mobility and preference patterns, popular con-
tent is proactively cached at VLC-gNBs, reducing retrieval
latency.
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The hybrid framework demonstrates strong applicability
and adaptability to real-time, high-mobility indoor scenar-
ios, especially within hybrid VLC-mmWave networks man-
aged via SDN orchestration, enhancing caching efficiency
by aligning placement with user mobility and preferences.

However, for large-scale deployments involving hundreds of
users and extensive content libraries, real-time responsive-
ness poses challenges. Frequent cache updates introduce
management overhead that can affect system performance.
To address these concerns, future work will explore the
integration of lightweight and adaptive cache replacement
policies such as LRU and LFU algorithms hybridized with
predicted demand metrics. These heuristics aim to balance
caching effectiveness with operational cost, minimizing
overhead while sustaining cache hit rates.

Moreover, large-scale environments are expected to benefit
from parallel processing and distributed edge computing
capabilities to maintain low latency and scalability. Fu-
ture investigation will focus on optimizing these aspects
alongside considerations of network load balancing, energy
efficiency, and fairness in content delivery. These advance-
ments will enhance the practicality, scalability, and real-
time adaptability of the proposed caching framework.
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