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Adaptive Deep Energy-Aware Edge Caching for
Multimedia IoT in Edge—-Fog Networks

Shilpa Bagade, Anjani Devi Thanneru, R. Sahith, V. Bharathi Devarakonda, and Anna Geethanjali

Abstract—Edge caching has emerged as a key enabler for
latency-sensitive multimedia Internet of Things (IoT) applications
by bringing content closer to end users. However, existing caching
strategies often fail to adapt to dynamic network conditions
and do not jointly optimize multiple performance objectives,
particularly energy efficiencyi n e dge—fog e nvironments. This
paper proposes an adaptive deep reinforcement learning (DRL)-
based energy-aware edge caching framework for multimedia IoT
networks. The approach models caching as a sequential decision-
making problem and dynamically learns optimal content place-
ment policies using real-time network states and user demand
patterns. A double deep Q-network (DDQN)-based framework is
developed with a multi-objective optimization model that jointly
improves cache hit ratio, reduces server access, and minimizes
energy consumption. An energy-aware reward mechanism is
designed to guide efficient c aching d ecisions, w hile t he edge—fog
architecture enables scalable deployment. The model operates
without prior knowledge of traffic d istributions, m aking i t suit-
able for heterogeneous IoT scenarios. Simulation results demon-
strate that the proposed framework significantly outperforms
baseline methods in terms of cache efficiency, e nergy utilization,
and reduced server dependency, highlighting its effectiveness for
intelligent edge—fog IoT networks.

Index Terms—Edge caching, deep reinforcement learning,
energy efficiency, multimedia I 0T, e dge—fog networks.

I. INTRODUCTION

The rapid proliferation of the Internet of Things (IoT)
has led to an unprecedented growth in multimedia data traf-
fic, d riven b y a pplications s uch a s s mart c ities, autonomous
vehicles, healthcare monitoring, and industrial automation.
These applications impose stringent requirements on latency,
bandwidth utilization, and energy efficiency. Traditional cloud-
centric architectures are often inadequate to meet these de-
mands due to high communication delays, excessive backhaul
usage, and increased dependence on remote servers. As a
result, edge—fog computing paradigms have emerged as a
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promising solution by bringing computation and storage re-
sources closer to end users.

Edge caching has become a key enabling technology in
edge—fog environments, allowing frequently requested content
to be stored at edge nodes, thereby reducing latency and
alleviating network congestion. However, designing efficient
caching strategies for multimedia IoT environments remains
a significant challenge due to dynamic user demands, het-
erogeneous device capabilities, limited storage resources, and
energy constraints. Comprehensive surveys highlight that con-
ventional caching approaches fail to adapt to dynamic network
conditions, resulting in suboptimal performance [1], [2].

Recent research has addressed specific challenges in edge
caching from multiple perspectives. In terms of information
freshness, Age of Information (Aol)-aware caching strategies
have gained attention in vehicular IoT scenarios. For instance,
the use of autonomous aerial vehicles (AAVs) for Aol-aware
caching improves data freshness while maintaining energy ef-
ficiency [3]. Similarly, in industrial IoT environments, energy-
efficient cache update mechanisms have been proposed to
balance freshness and energy consumption [4].

Another important research direction focuses on intelligent
and collaborative caching strategies. Federated and deep re-
inforcement learning-based approaches have been explored
to dynamically optimize content placement in edge-cloud
environments under varying network conditions [5]. Addi-
tionally, multimedia caching systems powered by renewable
energy sources aim to balance energy consumption and service
quality [6]. Resource optimization techniques further enhance
system efficiency in distributed edge environments [7].

From a networking perspective, Information-Centric Net-
working (ICN) and Software-Defined Networking (SDN) have
enabled efficient in-network caching and content delivery. In
Internet of Medical Things (IoMT) environments, dynamic
cache scheduling frameworks have been developed to improve
both latency and reliability [8]. Similarly, clustering-based and
popularity-driven caching approaches improve cache utiliza-
tion and reduce redundancy in IoT networks [9]. Intelligent
cache management techniques have also been proposed for
delay-sensitive applications [10].

Despite these advancements, most existing approaches rely
on heuristic or semi-adaptive mechanisms that lack the ability
to jointly optimize multiple performance metrics in highly dy-
namic environments. In particular, the combined optimization
of cache hit ratio, latency, energy consumption, and server
access reduction remains a challenging problem.
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To address these limitations, machine learning techniques,
particularly deep reinforcement learning (DRL), have recently
been introduced for intelligent caching decisions. DRL-based
approaches enable dynamic adaptation by learning optimal
caching policies through interaction with the environment.
However, existing DRL-based solutions often overlook energy-
aware optimization or fail to fully integrate edge—fog architec-
tural dynamics.

Motivated by these challenges, this paper proposes an
adaptive deep reinforcement learning-based energy-aware edge
caching framework for multimedia IoT applications in intelli-
gent edge—fog network environments. The proposed approach
dynamically optimizes content placement by considering net-
work dynamics, content popularity, and energy constraints,
thereby improving caching efficiency and reducing reliance
on remote servers. An energy-aware optimization model is
formulated, and a DRL-based caching policy is developed to
enable adaptive decision-making under varying conditions.

The main contributions of this paper are summarized as
follows:

o An adaptive energy-aware edge caching framework is
proposed for multimedia IoT services in edge—fog en-
vironments.

o An optimization model is formulated to improve cache
hit ratio while achieving server access reduction and
minimizing energy consumption.

o A deep reinforcement learning-based caching policy is
designed to dynamically adapt content placement based
on network state variations.

« Extensive simulation results demonstrate the effectiveness
of the proposed approach in terms of improved perfor-
mance compared to existing baseline methods.

The remainder of this paper is organized as follows. Section
IT presents the system model. Section III describes the pro-
posed methodology. Section IV discusses performance evalu-
ation and comparative analysis. Finally, Section V concludes
the paper and outlines future research directions.

II. RELATED WORK AND SYSTEM MODEL
A. Related Work

Energy-efficient caching and resource optimization in IoT-
enabled edge networks have attracted significant research
attention due to the rapid growth of multimedia applications
and latency-sensitive services. Early studies in information-
centric IoT (ICN-IoT) demonstrated that collaborative caching
strategies can significantly reduce redundant transmissions
and improve energy efficiency [11]. Similarly, performance
analyses of caching mechanisms in ICN-based IoT highlight
the importance of network-layer caching in reducing access
delay and improving data delivery efficiency [12].

Recent advancements focus on joint optimization of com-
munication and caching. For instance, the integration of mul-
ticast transmission with in-network caching improves energy
efficiency in green IoT systems [13]. In vehicular edge envi-
ronments, mobility-aware mechanisms such as energy-efficient
reservation systems enhance throughput and packet delivery
under dynamic conditions [14]. Furthermore, online caching
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approaches such as Online Multi-Agent Edge Caching OL-
MEDC adapt to time-varying content requests, optimizing
storage utilization and retrieval latency [15].

Energy-aware scheduling has also been widely explored
in IoT healthcare systems, where constrained devices re-
quire efficient workload management to prolong opera-
tional lifetime [16]. Comprehensive surveys emphasize that
prediction-based caching, collaborative strategies, and joint
caching—computation optimization remain key research direc-
tions in mobile edge computing [17]. In addition, multi-hop
multimedia routing and edge-assisted caching techniques have
demonstrated substantial reductions in energy consumption
and transmission overhead [18].

Recent research further highlights the role of Software-
Defined Networking (SDN) in enabling flexible cache orches-
tration, although challenges such as controller scalability and
cache coherency persist [19]. Foundational work on hetero-
geneous edge networks confirms that optimal cache place-
ment significantly reduces energy consumption per request
[20]. Smart caching mechanisms in ICN combined with edge
computing also reduce multimedia streaming delays through
cooperative and semantic-aware caching [21].

To improve cache efficiency, collaborative filtering tech-
niques have been applied to predict content popularity and
enhance cache hit ratios [22]. Efficient data sharing and
caching mechanisms further reduce retrieval latency in ICN-
IoT environments [23]. Centralized caching control strategies
have also been proposed to globally optimize energy effi-
ciency while respecting local constraints [24]. Additionally,
in-memory caching techniques across multi-tier architectures
significantly reduce processing delay and energy consumption
[27].

With the emergence of artificial intelligence, deep rein-
forcement learning (DRL) has become a promising approach
for adaptive caching. DRL-based frameworks dynamically
learn caching policies based on network conditions and user
demand patterns [25]. Advanced approaches incorporating
attention mechanisms, mobility prediction, and multi-agent
collaboration further enhance caching performance in dynamic
IoT environments [32], [33]. Meta-reinforcement learning and
distributed service caching techniques also improve scalabil-
ity and adaptability in large-scale systems [30], [31], [34].
Despite these advancements, challenges remain in achieving
a balanced trade-off between energy efficiency, latency, and
cache utilization.

B. System Model

We consider a hierarchical edge computing architecture
consisting of edge nodes, fog nodes, and a centralized cloud
server, designed to support multimedia IoT applications. Edge
nodes are located close to end-users and are responsible
for handling content requests with minimal latency. Fog
nodes provide intermediate processing and caching capabili-
ties, while the cloud server offers large-scale storage and com-
putational resources.The proposed architecture shown in Fig. 1
presents a hierarchical framework integrating IoT, edge, fog,
and cloud layers. The IoT layer generates data and initiates
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content requests, while the edge layer performs local caching
and processing. The fog layer coordinates resource allocation
and optimizes caching decisions using deep reinforcement
learning. Finally, the cloud layer handles global model training
and long-term storage. This multi-layer design enables effi-
cient data management, reduced latency, and improved overall
network performance.

Each edge node is equipped with limited cache storage
and serves user requests based on locally stored content or
by retrieving data from neighboring nodes or the cloud. The
system operates under dynamic conditions characterized by
varying content popularity, user mobility, and network traffic
patterns.

To address these challenges, we propose an Adaptive
Deep Energy-Aware Edge Caching (ADEE-EC) framework
that integrates deep reinforcement learning with energy-aware
decision-making. The objective is to jointly optimize energy
consumption, latency, and cache hit ratio.

When a content request arrives, the edge node first checks
its local cache. If the requested content is available, it is served
immediately, minimizing delay and energy usage. Otherwise,
the ADEE-EC decision module determines whether to fetch
the content from neighboring nodes or the cloud server. This
decision is based on learned policies that consider energy cost,
retrieval delay, and content popularity.

After content delivery, the caching system updates its stor-
age by either retaining or replacing content based on its
predicted future demand. The DRL agent continuously updates
its policy using observed system feedback, enabling adaptive
and intelligent caching decisions over time.

The overall optimization objective can be expressed as a
joint minimization of energy consumption and latency while
maximizing cache efficiency:

min J =aF + L —~vH €Y

where J denotes the overall objective function. E represents
the total energy consumption (in Joules), L denotes the end-
to-end latency (in milliseconds), and H is the cache hit
ratio (dimensionless). The coefficients «, 3, and ~ are non-
negative weighting factors that control the relative importance
of energy, latency, and cache performance, respectively.

This formulation enables the proposed framework to achieve
a balanced trade-off among conflicting performance metrics,
making it suitable for large-scale, dynamic IoT environments.

III. PROPOSED ADEE-EC FRAMEWORK

This section presents the adaptive deep reinforcement
learning-based energy-aware edge caching framework. The
proposed caching policy is learned using the Double Deep Q-
Network (DDQN) algorithm , which mitigates overestimation
bias in Q-learning and improves training stability [35].The
proposed ADEE-EC framework operates across a hierarchical
IoT architecture consisting of IoT devices, an edge caching
layer, fog/coordination nodes, and a cloud layer. Each layer
contributes distinct intelligence, coordination, and process-
ing capabilities that collectively support energy-efficient and
adaptive caching for multimedia IoT data. The methodol-
ogy integrates deep reinforcement learning (DRL), mobility

JOURNAL OF COMMUNICATIONS SOFTWARE AND SYSTEMS, VOL. 22, NO. 3, SEPTEMBER 2026

adaptation, and popularity prediction to enable autonomous
and energy-aware caching decisions in ICN-based IoT net-
works.During deployment, the proposed model performs only
inference at the edge, which involves low-complexity forward
propagation, enabling near-real-time caching decisions. At the
IoT device layer, multimedia sensors, cameras, and mobile
users continuously generate data requests and content streams.
These devices act as the primary consumers of cached data
and provide real-time contextual information including request
frequency, mobility patterns, residual device energy, and link
quality. This information forms the state input for the ADEE-
EC learning engine. Since IoT devices are energy-constrained,
ADEE-EC prioritizes offloading computation and caching
decisions to the edge to minimize device-side processing
cost. At the edge caching layer, ADEE-EC performs its core
decision-making. This layer hosts the DRL-based caching
agent responsible for selecting optimal caching actions such
as storing, replacing, forwarding, or discarding content. The
DRL agent models caching as a Markov Decision Process
(MDP), where the system state includes predicted content
popularity, user mobility likelihood, and node energy profiles.
A reward function is designed to jointly optimize cache hit
ratio, energy efficiency, and reduced dependency on upstream
cloud servers. The edge also executes the content popularity
prediction model, which uses historical request patterns to
estimate future demand, generating a content utility score.
This utility score is combined with mobility-aware access
predictions to prioritize which multimedia objects should
be placed in edge caches to maximize future hit probabil-
ity. By performing deep learning-driven caching locally, the
edge layer becomes the central point for Energy-Efficient,
Communication-Efficient caching, as reflected in the diagram.
The fog/coordination layer aggregates information from mul-
tiple edge nodes and provides regional decision optimization.
This layer enables cooperative caching through coordination
between edges, minimizing redundancy and ensuring that
distributed caches collectively cover a broader set of high-
value multimedia content. Fog nodes also handle load bal-
ancing by dynamically reallocating caching responsibilities
based on traffic density, user movement, or energy depletion
at specific edge nodes. They further assist the DRL agent
by providing global state summaries—such as cluster-level
popularity and inter-edge movement patterns—that improve
training stability and convergence. The cloud layer serves as a
long-term repository for full multimedia content and analytics.
While ADEE-EC seeks to reduce cloud dependency, the cloud
remains responsible for storing content that cannot be cached
due to capacity limits. It also performs offline training for
the deep learning models, periodically updating the DRL
agent parameters at the edge and fog layers. Cloud-to-fog
updates ensure that the DRL model evolves with long-term
trends while still benefiting from real-time, local adaptations
performed at the edge. The objective function is defined as
Cache capacity constraint is given by

ZS(fxi,f(t) < CiViy) )
f



S. BAGADE et al.: ADAPTIVE DEEP ENERGY-AWARE EDGE CACHING FOR MULTIMEDIA 10T 335
r Cloud Functions
s ™ AR N
| Cloud Actions !
Cloud 3 | |
ﬁq M[]l" : + Global policy update |
Level |+ Model aggregation |
Global Model Long-term Network-wide | : + Content catalog |
Training Storage Optimization | | management :
W e e e P
b |
Aggregate Data : Global Model
Model Updates | Updated Policy
Statistics | Content Updates ——————————
\ 4
9 . S - System
Fog Functions (Coordination & Intelligence) Objectives
Fog! [P e e s e e
Coordination ori=— e 3 @ foyictions
013 — | | + Optimize caching
Layer o= E.g : % ! @0 decisions (DDQN) ‘ '4 ’
| ' Coordination « Allocate resources
Resource Task | DDQN-based !
P : I N || Among Edge + Offload tasks Low Latency i
Allocation Offloading | Optimization ] - R Soor i e
- ] e
|
Multimedia Data : Caching Policy /
Requests | Offloading Decisions O
Local Statistics | Control Signals
B \ High Cache 4
o Edge Functions (Local Intelligence & Caching) il
- —m—m_—_—m—MWVW e
S~ 0 e ————— . N —ee— e e
Edge H f/ Cache : Edge Actions
Caching % > @ o : HitMiss | _, {@} o A IS
Layer | ?;;'s';'; | R/ I Retrieve content g é
Cache Content : +Q : Local Cache + Make caching decision
Placement  Retrieval : Hit Miss : Processing Update + Local data processing Energy
< J _ o4 4
N Efficiency
|
Content Requests : CachedContent | ————————-
Sensor Data | Service Response
= H :
User Mobility * Control Signals (ﬂ)
o ' =
e - Bandwidth
loT & _‘_?IJ- D ﬂ @ «e | 1 1oT Actions : Usage ¢
‘ |
Devices —\ r N\ ¢ N N 7 N } + Generate data | )
Data Content : Status Feedback | -
Layer Generation Requests {Us:?g?vice Reports & Control | it aas e |
(Images, Video, (Video, Updates, Mobilty) (Location, Speed, (Status, ACK, | + Send status ffeedback |
Sensors) Applications) Diagnostics) Preferences) \ I
. A . ~ YN N I, S — M =
M
Legend — Data Flow (Upstream) pm=- Abbreviations

"1 Intelligent Decision

! | DDQN: Double Deep Q-Network
“777  (DDQN-based)

= ==p Data Flow (Downstream) Hit: Content found in cache

Miss: Content not found in cache

Fig. 1. Architecture



336

The cache hit probability at node i for content f, given that a
request for f arrives at node ¢ at time ¢, is defined as follows:

Pr[hiti,f(t)] = xi,f(t) 1 x; f T, f (3)

) D wis()

JEN;

where N; is neighborhood (nearby edge/fog nodes) and
w; ;(t)is probability of fetching from j (network routing/ICN
forwarding weights). Algorithm 1 explains the step-by-step
procedure used to compute the energy consumption within
the Adaptive Deep Energy-Aware Edge Caching (ADEE-
EC) framework. It outlines how different energy compo-
nents—such as sensing, data transmission, reception, process-
ing, and collaborative operations—are quantified for each IoT
node in the edge—fog environment. The algorithm systemat-
ically integrates predefined energy coefficients « (energy), 3
(latency), v and operational parameters to estimate the total en-
ergy cost associated with caching decisions. This computation
enables ADEE-EC to intelligently evaluate the energy impact
of storing or retrieving content, ensuring that caching actions
are optimized for both efficiency and sustainability across the
network. Expected latency per request for content f at node %

Algorithm 1 Energy Model Computation for ADEE-EC
1: Input: Current cache state, request arrival rate, transmis-
sion mode, device parameters, and system weights o
(energy), B (latency), v (cache-hit).
2: Initialize: Energy counters for caching, transmission, and
processing.
3: Determine the type of operation:

o Cache hit (local serve)
« Fetch from neighboring edge node
o Fetch from cloud/server

4: if operation is a local cache hit then

5: Set energy consumption to a low value (only process-
ing and minimal device activation).
6: Mark latency as minimal.

7: else if operation is fetch from neighbor then
Set energy consumption to medium level (wireless
communication + processing).

9: Set latency to moderate.

10: else

11 Operation is cloud/server fetch.

12: Set energy consumption to high level (long-range

communication + processing).

13: Mark latency as high.

14: end if

15: Adjust final energy score using system weight o to em-
phasize energy sensitivity.

16: Adjust latency score using weight § to reflect delay
tolerance.

17: Adjust cache-hit impact using weight ~.

18: Update node-level total energy consumption for this re-
quest.

19: Return updated energy values to the DRL agent.
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Lig(t) = Ui p(6) + D L () wiy(8) (1= @i 4 (1)

JEN;
I (=g (1) TT (=2 1) )
JEN;
Combines local fetch, neighbor fetch, and cloud fetch latencies
£. Total energy consumed at node 4 during interval ¢ (approx):

Bi(t) = BR(t) + BR (1) + BR (1) + B (1) (5)
EyO(t) = K ) sy () (6)
f
EXNt) =) KPNip(8)(1 = Prhhit s (8)])sp. (D)
f
EX(t) =) KPNis(O)(1 - Prihit s (O)])sg,  (8)
Ef“{c(t) = K"proc_load, (). )

Mobility-aware availability for consumer « obtaining file f
from node ¢:

Prlavailable,, ; (t)] = m, ;(t)x; ¢ (t), (10)
Objective function:
min J(t) = « Ei(t) + N ()L
{zi, s (D)} Z /BZ 40
(11)

_'YZA'Lf

Overall, the mathematical formulations and energy compu-
tation models provide the foundation for enabling intelligent
cache placement and eviction decisions within the ADEE-EC
framework. By integrating DRL-driven optimization, mobility-
aware updates, and popularity-based predictions, the frame-
work supports a fully autonomous caching mechanism that
minimizes energy consumption while maximizing cache hit ef-
ficiency. These equations collectively ensure that every caching
action—whether performed at the IoT, edge, fog, or cloud
layer—remains adaptive, resource-aware, and aligned with
real-time network dynamics. This comprehensive modeling
establishes the groundwork for the performance evaluation
presented in the subsequent sections.

£) Pr] h1tz £

IV. DEEP REINFORCEMENT LEARNING—-BASED EDGE
CACHING FRAMEWORK

A. System Model and Problem Formulation

Content popularity is modeled using the Zipf distribution
[37], which reflects realistic multimedia access patterns where
a small number of popular contents dominate user requests.

The objective of the proposed framework is to jointly opti-
mize cache efficiency, server access, and energy consumption
in an edge—fog-enabled IoT environment. Specifically, the
problem is formulated as a multi-objective optimization task.

- ﬂSaccess

where H.q.p. denotes the cache hit ratio, Syccess represents
the number of server (cloud) accesses, and F;.; is the total
energy consumption of the system. The coefficients «, /3, and

max J = OZHcache (12)

K

- 'VEtotal
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~ are weighting parameters that control the trade-off among
performance metrics.

The objective is to maximize cache hit ratio while mini-
mizing server access and overall energy consumption. This
formulation enables efficient content placement and retrieval
decisions under dynamic network conditions.

The total energy consumption is modeled as the sum of
transmission, caching, and computation energy, i.e., Eyo1q1 =
Eio+Ecache + Ecomyp. Energy efficiency is defined as the ratio
of successfully delivered data to total energy consumption.
This formulation is used to evaluate the performance of the
proposed framework.

1) Network Architecture: We consider a hierarchical edge—
fog—cloud network architecture designed to support delay-
sensitive multimedia IoT applications. The architecture con-
sists of a set of edge nodes deployed in close proximity to end
users, an intermediate fog layer with moderate computation
and storage capabilities, and a centralized cloud server that
maintains the complete multimedia content library. Each edge
node serves user requests within its coverage area and is
equipped with limited caching and computational resources.
When a requested content item is not available locally, the
request is forwarded to the fog or cloud layer, resulting in
increased service latency and energy consumption.

2) Caching Model: Let F = {f1, fa,..., fiF} denote the
multimedia content library. User requests arrive at edge nodes
according to a stochastic process and exhibit time-varying
popularity characteristics. Each edge node maintains a cache
with finite capacity C;. Upon receiving a content request, the
edge node must decide whether to cache the requested content,
retain the existing cached contents, or evict low-utility contents
when the cache is full. The caching decision directly impacts
cache hit ratio, service latency, and energy consumption.

3) State, Action, and Reward Definition: The dynamic edge
caching problem is formulated as a Markov Decision Process
(MDP). To ensure scalability and practical deployment at
resource-constrained edge nodes, a compact state represen-
tation is adopted. At each decision epoch ¢, the DRL agent
observes the state:

St = [Pu Dty G, EtL (13)

where p; denotes the cache utilization ratio, p; represents the
estimated popularity of the currently requested content, g; is
the request queue length at the edge node, and E, denotes the
normalized energy consumption state. All state variables are
normalized to the range [0, 1].

The action space is defined as:

A:{aoaala"'vaCi}a (14)

where ay denotes forwarding the request to the fog or cloud
without caching, and a; (kK = 1,...,C;) corresponds to
evicting the k-th cached content to store the newly requested
content.

The reward function jointly optimizes cache efficiency,
service latency, and energy consumption, and is defined as:

T = hy — Bdy — vey, (15)
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TABLE I

NEURAL NETWORK ARCHITECTURE OF THE DRL AGENT
Layer Type Neurons  Activation
Input Layer Fully Connected N -

Hidden Layer 1  Fully Connected 256 ReLU
Hidden Layer 2  Fully Connected 128 ReLU
Hidden Layer 3  Fully Connected 64 ReLU
Output Layer Fully Connected N, Linear

where h; is the cache hit indicator, d; denotes the normalized
end-to-end service delay, e, represents the normalized energy
consumption, and S and ~ are weighting coefficients.

B. DRL Model Architecture

To learn an efficient caching policy, the proposed framework
employs a Double Deep Q-Network (DDQN) to mitigate the
overestimation bias and instability of conventional Q-learning.
The DRL agent consists of an online network for action
selection and a target network for stable Q-value estimation.
Both networks share an identical architecture, as summarized
in Table 1.

The neural network takes the compact state vector as input
and consists of three fully connected hidden layers with
256, 128, and 64 neurons, respectively. Rectified Linear Unit
(ReLU) activation functions are employed in the hidden layers
to improve convergence and computational efficiency. The
output layer produces Q-values corresponding to all feasible
caching actions. The lightweight network design ensures low
inference latency and minimal memory overhead, making it
suitable for deployment on edge devices.

C. Training Strategy and Hyperparameter Settings

The DRL agent is trained using an experience replay
mechanism to reduce correlation among training samples and
improve learning stability. An e-greedy exploration strategy is
adopted, where the exploration rate is initially set to a high
value and gradually decayed to encourage exploitation of the
learned policy. The Adam optimizer is used to update network
parameters, and gradient clipping is applied to prevent unstable
parameter updates.

Training is conducted over 4,000 episodes, each consisting
of 200 decision steps. The complete hyperparameter config-
uration used in the experiments is summarized in Table II,
ensuring full reproducibility of the learning process.

D. Simulation Environment and Implementation Details

The proposed framework is evaluated using a custom sim-
ulation environment implemented in Python with the PyTorch
deep learning library. Training is performed offline using
historical request traces, while the trained DRL model is
deployed online at edge nodes for real-time inference. The
simulation parameters, including network size, cache capacity,
content library size, and request distribution, are summarized
in Table III. The lightweight architecture ensures that online
inference incurs negligible computational overhead, making
the proposed approach suitable for practical edge deployment.
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TABLE II

HYPERPARAMETER CONFIGURATION
Hyperparameter Value
Learning Rate (o) 0.0005
Discount Factor (v) 0.95
Batch Size 64
Replay Buffer Size 1x 10%
Target Network Update Interval 1,000 steps
Exploration Strategy e-greedy
Initial Exploration Rate (eg) 1.0
Final Exploration Rate (émin) 0.05
Optimizer Adam
Gradient Clipping 1.0
Training Episodes 4,000
Steps per Episode 200

TABLE III

SIMULATION PARAMETERS AND EXPERIMENTAL SETUP

diverse traffic conditions. Consistent with prior DRL-based
caching studies, the focus is on algorithmic validation rather
than packet-level network simulation, which is left for future
work.

The ADEE-EC framework employs a Double Dueling Deep
Q-Network (D3QN) to balance learning stability and runtime
efficiency. The neural network consists of two fully connected
hidden layers with ReLU activation functions, followed by
separate value and advantage streams, resulting in approximate
1.8 x 10° trainable parameters. This lightweight architecture
facilitates deployment at edge nodes.

Training is performed offline using historical request traces
to avoid computational overhead during online operation. A
mini-batch training strategy is adopted with a batch size of 64
and a replay buffer of 100,000 transitions. The Adam optimizer
is used with a learning rate of 1x 10™4, and a target network is

periodically updated to ensure stable convergence. Retraining

Parameter Value
Number of edge nodes 5-20
Number of fog nodes 1-3

Cloud server

Cache capacity per edge node
Content library size

Content size

Request arrival process

1 (centralized)
10-50 contents
1,000 items
Uniform (1-10 MB)
Poisson

Content popularity distribution Zipf (o« = 0.8)
Wireless data rate 6 Mbps
Backhaul link delay 20-50 ms
Edge processing delay 2-5 ms
Simulation time per episode 200 time steps
Number of training episodes 4,000

DRL framework PyTorch

Training mode Offline
Inference mode Online at edge nodes

is triggered only when significant changes in content demand
patterns are observed.

All training experiments are conducted on a workstation
equipped with an NVIDIA GPU, while inference is exe-
cuted on CPU-based edge hardware. During online opera-
tion, ADEE-EC requires only a single forward pass to make
caching decisions, resulting in sub-millisecond inference la-
tency, which is negligible compared to network transmission
and content delivery delays in multimedia IoT environments.

B. Performance Metrics

Cache Hit Ratio (CHR): Cache Hit Ratio (CHR) is defined
as the proportion of user content requests that are success-

V. PERFORMANCE EVALUATION AND COMPARISON
A. Simulation Setup

Simulation parameters are selected to reflect realistic mul-
timedia IoT scenarios. The simulation environment is im-
plemented using the NS-3 network simulator [36], which
provides realistic modeling of network protocols and commu-
nication scenarios.The performance of the proposed Adaptive
Deep Energy-Aware Edge Caching (ADEE-EC) framework is
evaluated in a simulated IoT—edge computing environment
consisting of IoT devices, edge nodes, and a cloud server
deployed over a 1000 x 1000 m area. IoT devices generate
multimedia content requests following a Poisson distribution,
while content popularity follows a Zipf model. Edge nodes are
equipped with limited cache storage and are connected to the
cloud via high-bandwidth links.

Wireless communication channels incorporate path loss and
log-normal shadowing, and node mobility is modeled using
the random waypoint model. The energy consumption model
accounts for local processing, transmission, and idle states,
capturing the dominant energy costs in edge caching systems.
Performance is evaluated using cache hit ratio, energy effi-
ciency, latency, and server hit rate.

The simulation environment is implemented in Python using
PyTorch, enabling flexible evaluation of caching policies under

fully served directly from the edge cache without accessing
the remote server. It is an important metric for evaluating
the efficiency of caching mechanisms. Mathematically, it is

expressed as:
N, cache

N, total

where Nc,che denotes the number of requests served from
the cache, and Ny, represents the total number of user
requests. A higher CHR indicates better caching performance
and reduced latency.

CHR =

(16)

Server Hits: Server Hits represent the number of requests
that are not satisfied by the edge cache and must be served
by the central server. This metric reflects the load on the core
network and is given by:

N@erver = Ntolal - Ncache (17)

Minimizing server hits helps in reducing backhaul traffic and
improving overall system efficiency.

For all figures, the term “Strategy Index” represents dif-
ferent simulation instances corresponding to varying network
conditions, request patterns, and caching decisions evaluated
during the experiments. Consistent color coding is used across
all figures, where each color corresponds to a specific caching
method for clear comparison. All percentage-based results
are computed relative to the baseline method (LCE), which
represents a conventional caching strategy. The improvements



S. BAGADE et al.: ADAPTIVE DEEP ENERGY-AWARE EDGE CACHING FOR MULTIMEDIA 10T

indicate the relative gain of the proposed and comparative
methods over this baseline.

C. Cache Hit Ratio Analysis

As shown in Figure 2, when edge nodes are equipped with
a 10 GB cache, only a limited portion of popular content
can be stored. The ADEE-EC model improves cache hits by
prioritizing high-demand content, significantly reducing server
dependence and access latency.

CacheHit (10GB Cache)

. LCE

. TD-MEAC
BN EELC (PPO)
BN ADEE-EC

Fig. 2. Cache hit ratio (%) of different caching strategies at 10 GB cache
capacity, averaged over five runs (higher is better).

With a larger 32 GB cache capacity (Figure 3), edge nodes
can store a wider set of content. This leads to substantially
higher cache hit ratios, improved content availability, and
reduced cloud interactions. ADEE-EC further boosts perfor-
mance by learning optimal caching patterns from predicted
request behavior.

CacheHit (32GB Cache)

e LCE
e TD-MEAC
W EELC (PPO)
W ADEE-EC

Fig. 3. Cache hit ratio (%) of different caching strategies at 32 GB cache
capacity, averaged over five runs (higher is better).
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D. Energy Efficiency Comparison

Figure 4 illustrates the energy efficiency of the caching
schemes at a 10 GB cache size. ADEE-EC achieves 34.8%
higher energy efficiency than ELC and significantly outper-
forms EELC due to its adaptive DRL-driven decision-making.
EELC provides moderate improvement but is constrained by
static strategies.

Energy (10GB Cache)

. LCE

B TD-MEAC
N EELC (PPO)
I ADEE-EC

Fig. 4. Energy efficiency (%) of different caching strategies at 10 GB cache
capacity, averaged over five runs (higher is better).

At 32 GB (Figure 5), ADEE-EC maintains superior per-
formance by fully utilizing the larger cache. The DRL model
benefits from expanded storage, enabling more energy-optimal
placement strategies.

Energy (32GB Cache)

. LCE

s TD-MEAC
BN EELC (PPO)
B ADEE-EC

w o ow
vog 3

-
2
Metric Value

—~——

Fig. 5. Energy efficiency (%) of different caching strategies at 32 GB cache
capacity, averaged over five runs (higher is better).

E. Server Hit Analysis

Figure 6 shows the server hits at a 10 GB cache size. ADEE-
EC reduces server hits by 26.5% compared to ELC, attributed
to its predictive caching and adaptive learning capabilities.
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ServerHits (10GB Cache)

. LCE
N TO-MEAC

N EELC (PPO)}
BN ADEE-EC

Metric Valye

Fig. 6. Server hit reduction (%) of different caching strategies at 10 GB cache
capacity, averaged over five runs (higher is better).

At 32 GB (Figure 7), all methods show fewer server hits due
to increased local availability, but ADEE-EC remains the best
performer by leveraging intelligent, demand-aware caching.

ServerHits (32GB Cache)

B LCE

[ TD-MEAC

[ EELC (PPO)
ADEE-EC

Metric Value

Fig. 7. Server hit reduction (%) of different caching strategies at 32 GB cache
capacity, averaged over five runs (higher is better).

FE. Comparison With Existing Methods

The proposed ADEE-EC approach is compared with several
representative caching strategies from the literature, including
both traditional and learning-based approaches.

LCE (Leave Copy Everywhere) is a classical caching strat-
egy widely used in content-centric networking due to its
simplicity, where content is replicated along the delivery path.

TD-MEAC is a reinforcement learning-based caching
method that dynamically updates caching decisions using
temporal-difference learning. Recent works on deep reinforce-
ment learning-based caching demonstrate improved adaptabil-
ity in dynamic environments [29], [30], [33].

JOURNAL OF COMMUNICATIONS SOFTWARE AND SYSTEMS, VOL. 22, NO. 3, SEPTEMBER 2026

TABLE IV
PERFORMANCE COMPARISON OF CACHING STRATEGIES. ENERGY
EFFICIENCY, CACHE HIT RATIO, SERVER HIT REDUCTION, AND LATENCY
REDUCTION ARE REPORTED AS PERCENTAGES (%). HIGHER VALUES
INDICATE BETTER PERFORMANCE. GAIN DENOTES THE ABSOLUTE
IMPROVEMENT OF ADEE-EC OVER THE BEST-PERFORMING BASELINE.

Metric Cache LCE TD-MEAC EELC ADEE-EC  Gain (%)
Energy Efficiency (%) 10 GB 6.8 12.6 23.1 34.8 11.7
32GB 83 14.7 239 36.4 12.5
Cache Hit Ratio (%) 10GB 74 89 12.5 19.6 7.1
32GB 78 9.8 103 18.9 8.6
Server Hit Reduction (%) 10 GB 9.3 11.2 17.9 26.5 8.6
32GB  10.1 13.5 21.3 30.4 9.1
Latency Reduction (%) 10GB 116 14.2 253 37.1 11.8

EELC (Energy-Efficient Learning-based Caching) focuses
on optimizing energy consumption while maintaining accept-
able caching performance. Recent advancements in energy-
aware and attention-based caching mechanisms further en-
hance efficiency [32], [34].

In contrast, the proposed ADEE-EC framework integrates
deep reinforcement learning with adaptive energy-aware
decision-making. This enables efficient caching in dynamic
multimedia IoT environments.

Table IV presents a comprehensive comparison of these
methods under different cache capacities. The results show
that ADEE-EC consistently outperforms baseline approaches
across all performance metrics, including energy efficiency,
cache hit ratio, server hit reduction, and latency reduction.

G. Energy and Performance Modeling

The ADEE-EC algorithm utilizes deep reinforcement learn-
ing to adaptively manage edge caching decisions by balancing
energy efficiency and content delivery performance. The step-
by-step procedure of the proposed approach is presented in
Algorithm 2.

Algorithm 2 Adaptive Deep Energy-Aware Edge Caching
1: Input: Requests R, devices F, cache size C, learning rate
«, discount factor -y, parameters 6
2: Initialize cache state, energy budget, and replay buffer
3: for each request » € R do

4: Observe state s;

5 Choose action a; using policy derived from 6
6: if content is cached then

7: Serve locally

8 else

9: Fetch from cloud/neighbor

10: end if

11: Compute reward and store transition

12: Update 6 using sampled mini-batch

13: Adapt «, 7, and exploration parameters
14: end for

15: return Updated cache policy
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VI. DISCUSSION

A. Practical Feasibility of the Proposed Framework

Although the evaluation of the proposed ADEE-EC frame-
work is conducted in a simulation environment, the design of
the system is aligned with practical deployment architectures
used in modern edge—cloud collaborative computing systems.
In the proposed framework, the computationally intensive
training phase of the reinforcement learning model is per-
formed offline using centralized computing resources, while
only the lightweight inference stage is executed at the edge
nodes. This separation significantly reduces the computational
burden on resource-constrained IoT devices and allows the
framework to operate efficiently in real-time environments.
Furthermore, the inference process mainly involves forward
propagation through the trained neural network, which requires
relatively low computational overhead and can be executed
within milliseconds on modern embedded edge processors.
The simulation environment also incorporates dynamic varia-
tions in node density, traffic patterns, and communication be-
havior to emulate realistic multimedia [oT deployment scenar-
i0s. Therefore, the proposed ADEE-EC framework is designed
to be compatible with practical edge computing infrastructures
and can be deployed in real-world multimedia IoT systems
with minimal modification. Although the evaluation of the
proposed ADEE-EC framework is conducted in a simulation
environment, the design of the system is aligned with practical
deployment architectures used in modern edge—cloud collab-
orative computing systems. In the proposed framework, the
computationally intensive training phase of the reinforcement
learning model is performed offline using centralized com-
puting resources, while only the lightweight inference stage
is executed at the edge nodes. This separation significantly
reduces the computational burden on resource-constrained IoT
devices and allows the framework to operate efficiently in real-
time environments.

Furthermore, the inference process mainly involves forward
propagation through the trained neural network, which requires
relatively low computational overhead and can be executed
within milliseconds on modern embedded edge processors.
The simulation environment also incorporates dynamic vari-
ations in node density, traffic patterns, and communication
behavior to emulate realistic multimedia IoT deployment
scenarios. Therefore, the proposed ADEE-EC framework is
designed to be compatible with practical edge computing
infrastructures and can be deployed in real-world multimedia
IoT systems with minimal modification.

The inference latency of the proposed ADEE-EC framework
is minimal, as caching decisions are performed using a trained
deep reinforcement learning model. The inference process
involves only forward propagation through a lightweight neu-
ral network, consisting primarily of matrix multiplications
and activation functions, which can be efficiently executed
on edge devices. In practical edge computing environments,
this results in millisecond-level decision latency, making the
proposed approach suitable for near-real-time multimedia IoT
applications. Furthermore, since training is performed offline,
only low-complexity inference is required during deployment.
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B. Deployment Considerations

Although the proposed ADEE-EC framework is evaluated
using a Python/PyTorch-based simulator, this setup is con-
sistent with standard practice in deep reinforcement learning
research and allows controlled evaluation of algorithmic per-
formance. In practical deployments, the trained DRL model
can be maintained at the cloud or fog layer and periodically
updated at edge nodes.

The model update frequency from cloud to edge can be
configured based on traffic dynamics and environmental vari-
ability. Since inference at the edge relies on a lightweight
neural network, model updates are expected to occur infre-
quently, thereby limiting coordination overhead. Furthermore,
edge nodes can continue operating with previously deployed
models during update intervals, ensuring uninterrupted service.

C. Coordination Overhead and Model Staleness

Coordination overhead primarily arises during model dis-
semination rather than during online inference. As the pro-
posed framework performs inference locally at edge nodes,
per-request communication with the cloud is not required,
significantly reducing signaling overhead. Potential model
staleness may occur if content popularity changes rapidly;
however, this effect can be mitigated through periodic retrain-
ing using recent request traces and adaptive update intervals.

D. Limitations and Future Work

The current study focuses on algorithmic validation and
performance analysis under controlled simulation settings.
Network-level simulation using tools such as ns-3, which
would enable fine-grained modeling of protocol behavior and
link dynamics, is not included in this work. We identify this
as a limitation of the present study and plan to incorporate
ns-3-based network-level evaluation and real-world testbed
deployment as part of future work.

VII. CONCLUSION

This paper presented an adaptive deep energy-aware edge
caching (ADEE-EC) framework for multimedia IoT appli-
cations in edge—fog environments. The proposed approach
integrates deep reinforcement learning with energy-aware opti-
mization, mobility modeling, and content popularity prediction
to enable intelligent caching decisions under dynamic network
conditions. Simulation results demonstrate that the ADEE-EC
framework provides substantial performance improvements
over existing methods. With a 10 GB cache, the proposed ap-
proach improves energy efficiency by 34.8%, increases cache
hit ratio by 19.6%, and reduces server hits by 26.5% compared
to ELC, while achieving an additional 11% gain over EELC.
Under a 32 GB cache configuration, energy efficiency further
increases to 36.4%, cache hit ratio reaches 18.9%, and server
hits decrease by 30.4%. These improvements are primarily
due to reduced redundant transmissions, adaptive content
placement, and efficient utilization of edge and fog resources.

From an energy efficiency perspective, the proposed frame-
work minimizes transmission and computation overhead by
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dynamically optimizing caching decisions based on network
state variations. This results in improved energy utilization,
making the approach suitable for large-scale and energy-
constrained IoT environments.

The findings highlight the practical relevance of the
proposed framework for latency-sensitive and resource-
constrained applications in ICN-enabled IoT systems. Future
work will focus on extending the model to real-world deploy-
ments, incorporating heterogeneous network scenarios, and
exploring advanced learning techniques to further enhance
scalability and robustness.
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