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Abstract — Demand for quick lossless data compression sys-
tems has become more important recently due to the growing
deployment of Internet of Things (IoT) devices in terrestrial and
underwater environments, under restricted bandwidth, latency
and energy consumption conditions. Current dictionary-based
and entropy-driven compression methods depend on reactive
adaptation and fixed block processing, which makes them less
useful in situations where sensing is constantly changing. This
paper presents a self-optimizing entropy prediction-assisted loss-
less compression framework (EP-SLZW), where the compression
technique is based on the expected data redundancy and current
channel condition. To achieve optimal results, lightweight en-
tropy prediction is employed in combination with adaptive block
segmentation and dual dictionary learning between processing
and compression. The optimization component of the proposed
method enhances the compression strategy by taking care of all
important environmental factors to provide the best solutions
for radio frequency and acoustic communication channels. The
method is evaluated with the help of the MQTT and CoAP pro-
tocols through NetSim simulations and hardware experiments.
The results show that the proposed approach performs better
in comparison to conventional LZW as well as Huffman and
run-length encoding techniques, providing better throughput,
compression ratio, and less end-to-end delay when dealing with
resource-constrained IoT devices.

Keywords — adaptive dictionary, IoT networks, lossless data com-
pression, prediction of entropy

1. Introduction

The Internet of Things (IoT) has become a crucial technolo-
gy enabling various intelligent systems, including smart city
infrastructure, precision agriculture, industrial control, and
environmental monitoring. Systems of this type depend on ex-
tensive sensor networks which gather information to support
automatic management and intelligent decision processes. IoT
networks support multiple communication modes, including
terrestrial RF systems and underwater acoustic communi-
cation. Networks must process sensor data on a continuous
basis, facing restrictions regarding their bandwidth, ener-
gy usage, and response time. Low channel capacity, high
propagation delays, signal attenuation, and rapidly changing

3/2026

JOURNAL OF TELECOMMUNICATIONS
AND INFORMATION TECHNOLOGY

ambient noise levels create additional difficulties for under-
water networks. Efficient data processing becomes a critical
requirement that operators need to take into consideration in
order to maintain integrity of their networks [1], [2].

Lempel-Ziv-Welch (LZW), Huffman data coding, and run-
length encoding are traditional compression techniques users
widely implement due to their straightforward nature and good
performance [3]. These methods need fixed block structures,
or require real-time data statistics for their adaptive mecha-
nisms, which makes it difficult to handle the rapid changes
in data patterns occurring during sensing operations in IoT.
Sensor readings show two main patterns, as they experience
periods of strong repeated measurements and unexpected new
values that result from environmental changes and various
other events. The use of static strategies decreases compres-
sion efficiency and leads to higher cost of communication.

Researchers have studied adaptive compression systems that
adjust their block size and dictionary formats according to
the detected entropy and temporary redundancy patterns.
Most existing methods continue to use fixed settings because
they perform better than established methods, but they still
function as reactive systems changing their parameters af-
ter major data transformations [4]. Moreover, systems use
identical compression methods on all types of communica-
tion channels because they are not capable of categorizing
the operational characteristics of terrestrial and underwater
communication. A system’s inability to anticipate its work-
ing environment leads to excessive data retransmissions that
extend total response times and waste energy resources, par-
ticularly in underwater IoT networks, where retransmission
expenses are extremely high [5].

This work presents a novel lossless compression method
which uses a self-optimizing system with entropy prediction
to solve connection problems between different terrestrial
and underwater IoT networks. The proposed solution uses
lightweight entropy prediction to facilitate predictive adap-
tation, which enables the compression engine to adapt to
changes in the redundancy of the incoming data. The system
achieves an equilibrium between three competing demands,
i.e. compression efficiency, computational resources, and en-
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ergy usage, by implementing predictive adaptation together
with dynamic block segmentation and dual dictionary learn-
ing. It uses an environment-aware optimization strategy to
modify its compression operations based on the distinct radio
frequency and acoustic channel characteristics.

The proposed method was evaluated through performance
testing that relied on NetSim simulations and hardware tests
with multiple IoT sensor nodes using the MQTT and CoAP
communication protocols. The suggested approach is com-
pared with existing lossless compression techniques using
parameters such as compression ratio, throughput, end-to-end
delay, and computational complexity. The experimental re-
sults show that the proposed EP-SLZW method performs
better than the existing approaches while being suitable for
resource-constrained IoT devices.

The research work presents the following main contributions,
which are described below:

1) A self-adaptive design with lightweight entropy prediction
is implemented to forecast data redundancy changes during
different sensing conditions. This capability is used to
adjust the compression method before the data stream
experiences significant statistical changes.

2) A predictive block size control method is proposed that
regulates data compression by monitoring changes in
entropy patterns. This approach is used to make intelligent
decisions about block size selection, which leads to better
compression results while keeping extra processing costs
at a minimum.

3) Local and global dictionaries are implemented to manage
memory consumption and speed of convergence while
achieving the appropriate compression ratio for unevenly
distributed data.

4) The framework uses its control system to switch between
different data compression methods, depending on the ter-
restrial radio frequency and underwater acoustic channels.

5) The proposed framework is evaluated through NetSim sim-
ulations and testing on actual multi-sensor IoT hardware
which uses both MQTT and CoAP protocols. The system
demonstrates improved compression ratios, throughput
and end-to-end delay performance compared to tradition-
al LZW and Huffman coding and run-length encoding
methods.

2. Related Works

Data compression is a key method to make communication
in IoT networks more efficient, especially when bandwidth
and energy are limited. The early data processing relied on
classical lossless algorithms, including Huffman coding, run-
length encoding and Lempel-Ziv-Welch (LZW), as these
algorithms offer straightforward implementation and produce
consistent decoding results [6]. Such methods are used in
low-power sensing platforms, but their effectiveness depends
on the data characteristics and the specific configuration
of the sensor blocks. Sensors in multiple IoT applications
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demonstrate statistical patterns that change over time. The
typical applications of fixed block sizes and static dictionary
structures face reduced effectiveness in this concept [7].

Researchers have proposed several adaptive compression
techniques that adjust block size and encoding settings based
on actual entropy measurements and symbol distribution
patterns. The compression ratio for image and sensor data
streams has improved through entropy-based block segmen-
tation, which works best in regions that exhibit repetitive pat-
terning [8]. Compressive sensing was also explored together
with block-based adaptive coding methods for transmitting
underwater images and enhancing the performance of acous-
tic sensor networks under restricted bandwidth conditions.
Other methods adjust compression parameters when substan-
tial alterations occur in data patterns, leading to enhanced
efficiency in data reduction [9]. This leads to temporary per-
formance issues because it takes time to react, which affects
applications that depend on instant detection of quick changes
in data.

Researchers have shown great interest in finding better ways to
improve dictionary-based compression methods. The devel-
opment of LZW and LZ77 compression algorithms which use
dynamic dictionary pruning, context modelling and memory-
aware management, helps achieve faster convergence and
improved compression [10]. Sliding-window dictionaries are
researched as a solution to control memory usage, while other
work examined hierarchical or clustered dictionaries for IoT
systems that operate in distributed environments. Most dictio-
nary optimization methods still need to use local data, since
they cannot handle long-term data patterns that occur between
data blocks or forecast upcoming data trends. The system be-
comes less adaptable, because it cannot handle multiple data
types that exist together in different environments [11].

An underwater IoT (U-IoT) network has emerged recently as
a research domain due to the fact that these networks face
particular communication challenges, including extended
propagation delays, high signal loss, and restricted transmis-
sion capacity. Underwater environments rely on compression
methods that prioritize energy efficiency and latency reduc-
tion over maximum compression ratio [12]. In the literature,
three different approaches are presented, including acoustic
channel-aware encoding schemes, predictive data aggregation,
and hybrid compression-routing methods to decrease retrans-
missions and packet loss. Most of these methods depend on
specific physical layer assumptions and routing protocols that
restrict their application to mixed terrestrial and underwater
operations [13].

Current research investigates data compression methods that
employ basic forecasting models and neural predictors to de-
termine future data behavior [14]. Most existing predictive
systems currently work to estimate traffic patterns or develop
optimal routing solutions that do not integrate with the data
compression process. This research fails to investigate dictio-
nary adaptation techniques and compression policies tailored
to specific environments, creating opportunities for better op-
timization across all system layers and different operational
environments [15], [16].
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Tab. 1. Comparison of existing IoT compression approaches.

Adaptive Entro Environment Energy and
Method i ropy Dictionary learning aware (terrestrial, delay Key limitations
block size | prediction Lot
underwater) optimization
Run-length encoding Poor performance for
(RLE) No No No No No non-repetitive data
Huffman coding No No No No Partial Fixed codlng' tre.e § sepsmve to
data distribution
Classical LZW No No Static No Partial The dlcuonar?/ grows blindly,
no anticipation
Entropy-based a daptive Yes No Limited No Partial Reactive adaptation only
compression
Compressive sensing Yes No No Partial Yes High reconstfuctlon
(IoUT) complexity
Predlctlve.data No Yes No Partial Yes Not 1ntegr.ated with
aggregation compression stage
Dynamic d¥ct10nary Lz Partial No Yes No Partial No environment awareness
variants
Adaptive LZW Partial No Adaptive No Partial lelFed .adaptat} onto
communication environments
. "ljne—based shared. No No Sl.lar.ed trie No Partial Higher memory .requlrement
dictionary compression dictionary and synchronization overhead
Proposed Yes Yes Dual (local + global) Yes Yes —

While recent studies propose enhanced compression tech-
niques such as dynamic dictionary learning, dictionary
compression, predictive aggregation of data, and advanced
lightweight entropy-based encoding developed specifically
for the edge and IoT architectures, there is still an inher-
ent necessity for additional memory or computing power,
or for pre-learning which is problematic in the case when
the microcontroller capabilities are limited. Table 1 shows
a comparison of existing IoT compression approaches.

3. System Model and Problem
Formulation

The study investigates IoT networks containing various types
of sensor nodes that operate in both terrestrial and water en-
vironments. The terrestrial segment uses radio frequency
(RF) communication, while the underwater segment uses an
acoustic or short-range optical link for sending data. Sen-
sor nodes which form group N' = {ny,ns, ..., ny} operate
continuously to monitor environmental conditions by mea-
suring temperature, humidity, pressure, light intensity, and
distance. The nodes transmit their detected data to a sink or
gateway node by using multi-hop or single-hop communica-
tion through MQTT and CoAP.

The network function during time intervals ¢ = 1,2,.. .,
which each node uses to generate its data stream is:

Di(t):{ﬂ,’l,xz,...,th}, (1)

where L, is the number of samples taken at time ¢.

3.1. Data and Channel Model

The data stream being detected operates like a separate sys-
tem that depends on memory functions, while its statistical
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characteristics develop over time due to the fact that environ-
mental factors and event-based behavioral patterns evolve.
The instantaneous entropy of a data block B; at time ¢ is
defined as:

K
H(B:)=—> pilog,pr ()
k=1

where p;, represents the probability of symbol k appearing in
B, and K defines the total number of symbols in the alphabet.

The communication channel exhibits major variations which
depend on different environmental conditions. The terrestrial
IoT system operates with a data transmission capacity as
follows:

R; = Bilog,(1+ SNR7) , 3)

where Br is the channel bandwidth and SNR is the signal-
to-noise ratio. Underwater data transmission capabilities
operating at lower speeds are defined as:

Ry = By log2(1 + SNRU) R “)
with conditions By < Br and SNRy < SNRp.

3.2. Compression Model

Every node applies a lossless compression function C(-)
before sending data. The original data size is represented
by S, bits while the compressed data size is represented by
S.. The compression ratio is calculated as:

S
Cr = S—Z .
The duration of compression processing is represented by 1.
and the transmission time is calculated as:
S
Tt(x = fc .
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Fig. 1. EP-SLZW framework architecture.

The setting of R determines which value from R &€
{Rr, Ry} to use. The complete end-to-end delay calculation
establishes T,0, = Tt + T}, + Tpprop, Where T, represents
the duration required for data to traverse through intermediate
nodes.

3.3. Energy Consumption Model
The total energy consumption for each data block is as follows:
Etotal = Ecomp + Etac 5 (5)

where compression energy is Ecomp = Pepy - Tt, and trans-
mission energy is E;, = Py, - T},.

The system uses P, as the CPU power consumption and
Py, as the transmission power consumption. Underwater net-
works use higher P, to operate due to specific environment
conditions.

3.4. Problem Formulation

The compression framework manages three components
which determine its performance. The optimization problem
is stated as max C, min Teo., Eyp1q; and

D(C(Di(t))) = Di(t), Vi,t, (6)
where:
® Bin < By < Braas
o Tt < Tmaa,
e D(-) is the function that decompresses,
e B, is the adaptive block size,

e B, and B,,,. are the limits on the size of blocks that
can be used,

e T’,.qz is the longest time that a real-time application can
wait for compression.

4. Proposed Framework

The proposed entropy prediction-assisted self-optimizing
LZW (EP-SLZW) framework is a data processing layer for
sequential block raw sensor streams. It combines entropy pre-
diction, adaptive block segmentation, dual-dictionary com-
pression, and environment-aware optimization into a single
system, as shown in Fig. 1.

Initially, sensor readings are buffered and put into preliminary
data blocks. The system determines present entropy H; value
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for every block at time ¢ to predict future data redundancy
changes. EP-SLZW uses more than just reactive entropy
assessments, as it implements a basic forecasting system
relying on an exponential weighted moving average (EWMA)
model to predict subsequent block entropy in the following
manner:

Hprl :OéHt+(1—Ot) Ht ) (7)

where H; is determined entropy and H, is previous predicted
entropy.

The range of 0 < o < 1 determines the degree to which the
predictor reacts to new information. The predicted entropy
helps the framework prepare for changes in data randomness
by varying the compression settings to keep things running
smoothly until performance drops excessively. The block
segmentation strategy uses the predicted entropy value H 41
to determine the size of the upcoming data block. The current
block size is represented by B;. The update rule is as follows:

min(B; + A, Bimag), if f;[t+1 <T

. o ®
min(Bt - A, Bmin)y if Ht+1 2 T

By =

The operational constraints of the proposed framework are
determined by the relationship between entropy threshold
7 and block adjustment factor A, which define the range
of the block size bounded by B,,;, and B,,... The data
stream becomes extremely redundant when entropy values
drop below the threshold, which leads to selecting larger
block sizes that maximize dictionary reuse. The framework
selects smaller block sizes, because rising predicted entropy
values require dictionary size control, which accelerates
compression to prevent performance drops during times of
high data randomness.

The proposed framework achieves its primary extension
through the implementation of dual-dictionary LZW com-
pression, which provides exceptional flexibility to handle
diverse data patterns. Two dictionaries are used — as a local
dictionary and a global dictionary. The local dictionary reset
function at block start enables quick adaptation to unexpected
changes that occur in sensor data patterns. On the other hand,
the global dictionary is retained over several blocks, which
enables the detection of slowly varying or periodic sensor
data patterns over long time periods. The dictionary selec-
tion process uses a normalized entropy factor that defines the

process as:

H
"= ©

where H,,,, denotes the maximum possible entropy of the
symbol alphabet.

Based on this metric, the dictionary selection rule is given by:

o global, 7y <~
Dictionary =
local, 7 =7y

The two operational modes for EP-SLZW are activated
through v which acts as the boundary between these two
modes. The algorithm uses two types of redundancy pat-
terns to store data. The dictionary size increases only during
periods in which system activity becomes less predictable,
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Fig. 2. Data flow of the proposed compression-decompression
process.

because this method enables to store both temporary and per-
manent data. The method uses an environment indicator that
helps it understand the different IoT communication environ-
ments. The numerical values of all hyperparameters (¢, 7,
A, and ) and the methodology used for their selection are
presented in Sec. 6.

Terrestrial communication systems use RF signals which as-
sign an indicator value of A = 0. Underwater communication
systems which use acoustic or optical links assign an indicator
value of A = 1. The approach achieves its target goal through
high processing throughput combined with moderate com-
pression latency. Aggressive data compression techniques
are used for underwater communication to save energy and
bandwidth. The system uses environmental conditions to
dynamically adjust its values 7, A, and ~.

The receiver uses standard LZW decompression to extract data
from compressed blocks, which includes synchronous updates
of their dictionaries. The proposed compression framework
maintains lossless data recovery, which ensures accurate
retrieval of original data. The compressed metadata inform the
decoder which dictionaries to use, which lets it do the same
thing with two dictionaries. Block decompression enables the
restoration of original data streams D’ = D(C(D)) = D.
The data processing scheme of the proposed compression-
decompression process is presented in Fig. 2.

5. Computational Complexity and Energy
Analysis

This section evaluates the proposed EP-SLZW framework
by assessing its memory requirements, processing demands
and energy consumption in order to determine its suitability
for IoT devices with restricted resources operating in both
terrestrial and underwater environments. The size of the data
block is defined by its symbol count n and its dictionary
size M. The first block needs to be scanned to determine the
symbol frequency because this information is necessary to
calculate the entropy for each block. The process requires
O(n) time to complete. The prediction of entropy is based
on the exponential weighted moving average model.

The dual-dictionary LZW compression process is the most
important part of the framework. The dictionary operations
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Algorithm 1 Proposed compression framework
Input: Sensor data stream D), initial block size By, block size
bounds B,,,in, Bmagz, entropy threshold 7, dictionary switch-
ing threshold ~, prediction factor «, environment indicator
A ed{0,1}
Output: Compressed data stream C
Initialize:

1: Sett «— 0

2: Set B; — By

3: Global dictionary D,
4: Set predicted entropy Hy — H,
5: Compressed stream C' «— ()
6
7
8

: while D # () do
: Extract block B; from D of size B;
Compute the block entropy as
K

9 H(t) == 3 prlogypi
=1

10: Predict theknext entropy using EWMA by Eq. (7)

11: Compute the normalized entropy by Eq. (10)
Dictionary selection

12: if 17, < y then

13: select global dictionary D,
14: else

15: initialize local dictionary D,
16: end if

17: Block size adaptation by Eq. (8)
Tunning of environment-aware parameter
18: if v = 1 (underwater) then

19: increase T, decrease A

20: else

21: maintain default values

22: end if

23: Compress block B; using selected dictionary

with LZW procedure to obtain C}
24: Append C to C
25: Update predicted entropy H, — fItH
26: Increment ¢ «— ¢ + 1
27: end while
28: Return compressed stream C

use hash-based indexing enable dictionaries to process ev-
ery symbol in their contents during dictionary lookup and
insertion functions at a fixed time interval. The compres-
sion process requires O(n) time, as it handles all blocks of
data. The LZW decoding process requires standard decom-
pression to complete in O(n) time, which operates at linear
speed based on the block size. The framework processes each
block with a total computational load of O(n) which match-
es the standard LZW and Huffman methods, because they
both show the same asymptotic performance. The additional
prediction and control systems add minimal workload to the
system while maintaining its ability to scale efficiently.

The memory needed for EP-SLZW includes space for the in-
put block, entropy statistics, and two dictionaries. Let M, and
M be the sizes of the global and local dictionaries, respec-
tively. The total amount of used memory is O(n+ M, + M;).
The local dictionary is cleared after each block operation.
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Algorithm 2 Proposed decompression framework
Input: Compressed data stream C/, initial block size By, block
size bounds B,,,in, Bimaz, dictionary switching threshold -,
entropy prediction factor «, environment indicator A € {0, 1}
Output: Sensor data stream D’ is reconstructed
Initialize:
1: Sett«— 0
2: Set B; «— By
3: Initialize global dictionary D,
4: Set predicted entropy Hy — H,
5: Initialize reconstructed stream D’ « ()
6
7
8

: while compressed stream C' is not empty do
Extract compressed block C; from C'
Retrieve the dictionary selection flag
from metadata of C;

Dictionary initialization
9: if flag indicates global dictionary then

10: use D,

11: else

12: initialize local dictionary D;
13: end if

14: Apply the standard LZW decoding on C}
using selected dictionary to obtain block By
15: Append B, to reconstructed stream D’
16: Compute the block entropy using:
K

17: H(t) == pilogs vk

18: Predict thekne;t entropy using EWMA by Eq. (7)
19: Block size adaptation by Eq. (8)

20: Update predicted entropy H, — ﬁt+1

21: Increment ¢ «— ¢ + 1

22: end while

23: Return compressed stream D’

The system maintains memory balance by periodically re-
moving elements from the global dictionary. The memory
consumption remains controlled since the system limits its
usage to microcontroller platforms which operate with mini-
mal power in common IoT devices. The total energy used per
block is modeled in the following way:

Eiotar = Ecomp + Bty 5 (10)

where E.,n), represents the energy required for compres-
sion work and F;, denotes the transmission energy used for
wireless data transmission.

The energy required for compression work is:

Ecomp - Pcpu . Tc . (11)

The energy used for transmission is determined using F,,,
being the average amount of power that a processor uses and
T, — the time it takes to compress each block. The energy
used for transmission is derived as follows:

Se

The formula describes transmission power Py, as the product
of S, (representing compressed data size) and R (denoting
the maximum achievable channel data rate).
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The processing power requirements of EP-SLZW increase,
because the scheme needs additional resources for entropy
prediction and dictionary management, yet its superior com-
pression capabilities result in S, being reduced. The under-
water IoT environments demonstrate this effect with increased
strength

Pi(f) > Pt(mT) , Ru < Rt .
The system uses U and T as superscripts to identify under-
water and terrestrial environments. Higher energy savings
through are achieved data volume reduction, as EP-SLZW
transmits less data than it needs to send at Iy, while E,,),
experiences only a minimal rise:

BELTOY < Blsiii

The adaptive block size enables precise management of dic-
tionary size changes that occur during times of high data
stream entropy, since it prevents dictionary expansion during
random sensing intervals. The system maintains minimal pro-
cessor usage, while it solves energy stability problems which
emerge when data patterns occur abruptly.

6. Experimental Setup

To evaluate the performance of the EP-SLZW framework, we
used two testing methods, i.e. simulation testing and hardware
testing, across both terrestrial and underwater IoT environ-
ments. The NetSim simulator executes network simulations to
create large-scale IoT network models that assess system per-
formance under various operational conditions. Simulation
tests use a 1000 x 1000 m sensing area while testing multi-
ple sensor node configurations (ranging from 50 to 500) to
determine how network density affects its performance.

Sensor nodes are deployed randomly inside the sensing area
and send data using a fixed rate of five packets (carrying 1024
bytes) per second (Figs. 3, 4). The study evaluates how appli-
cation layer communication protocols impact compression
performance through the use of MQTT and CoAP proto-
cols. The terrestrial network maintains a constant wireless
bandwidth of 2 Mbps throughout the entire simulation period
which extends from 250 s to 750 s, as shown in Tab. 2. Under-
water simulations test different physical layer settings to create
an acoustic channel simulating reduced bandwidth, extended
propagation delay, and increased packet loss rates. Identical
routing and medium access conditions throughout their ex-
periments are maintained to enable unbiased assessment of
compression algorithm performance.

The proposed framework functions at the sensor node layer,
and its effectiveness gets tested through a comparison with
standard lossless compression techniques, i.e. LZW and Huff-
man coding and run-length encoding (RLE). The NetSim
protocol stack includes all algorithms that operate with identi-
cal configuration settings for packet creation, network routing
and data storage.

An additional evaluation was performed using a physical
IoT testbed comprising a low-power microcontroller plat-
form, an Arduino Uno board with multiple sensors (including
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ThingSpeak
platform

NetSim

Tab. 2. Simulation parameters for terrestrial and underwater IoT
networks.

Parameter Value
Simulation platform NetSim
Simulation area 1000 x 1000
Number of sensor nodes 50 - 500
Node deployment Random
\ Application protocols MQTT, CoAP
“\\ Packet size 1024 bytes
\\“ Packet generation rate 5 packets/s
— compression — decompression 3y < @ sensors Simulation time 250-750s
Terrestrial bandwidth 2 Mbps

Fig. 3. Topology of terrestrial IoT simulation (NetSim).

Underwater bandwidth Low (acoustic channel model)

Routing configuration Fixed for all experiments

ThingSpeak
platform

—— compression — decompression

3 < @ sensors

Fig. 4. Underwater IoT simulation topology (NetSim).

a temperature-humidity, an ultrasonic distance, and a light
intensity sensor) (Tab. 3). The framework operates through
periodic sensor reading that is processed at the current lo-
cation before forwarding the data. The research simulates
restricted communication environments through an infrared
transceiver module which enables data to be transferred wire-
lessly at short distances, since RF signals face challenges in
underwater transmission. The receiver system transmits un-
compressed data to an ESP8266 Wi-Fi module that forwards
the information to a cloud server, where it may be accessed by
the ThingSpeak platform. Such an approach enables real-time
data logging and visualization.

The same hardware setup is used for terrestrial and under-
water tests. Underwater conditions sensor modules and IR
transceivers are positioned inside waterproof cases that par-
tially submerge to simulate underwater noise and attenuation
effects.

Although the infrared (IR) transceiver employed in the hard-
ware prototype in the underwater communication experiment
can be attributed to the use of the channel model, it is not
aimed at simulating all the properties of the underwater acous-
tic channel. Instead, it is supposed to serve as an illustration
of the application of the compression framework in the un-
derwater communication problem with limited transmission
distance, attenuation, and bandwidth. Therefore, features such
as delay, attenuation, and multipath propagation are mod-
eled separately in NetSim. Consequently, the outcomes of
the experiment can be interpreted as the demonstration of
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Compression algorithms EP-SLZW, LZW, Huffman, RLE

Compression ratio, throughput,
end-to-end delay, compression time

Performance metrics

RF (terrestrial), acoustic (simulation),

Channel type IR-based proof-of-concept (hardware)

Tab. 3. Hardware testbed configuration.

Component Model / Purpose
P Specification P
Microcontroller Arduino Uno Sensor interfacing and
(ATmega328P) compression processing
Temperature— Environmental data
L DHtl11 -
humidity sensor acquisition
Ultrasonic sensor HC-SR04 Distance measurement
Light sensor LDR module Light intensity detection
. 940 nm IR LED Short-range wireless data
IR transmitter o
module transmission
. TSOP38238 / Short-range wireless data
IR receiver . .
equivalent reception
Display module LCD 16 x 2 Local monltor.lng of sensor
readings
- Cloud connectivity
Wi-Fi module ESP8266 (ThingSpeak)
5 V regulated + .
Power supply battery backup Stable system operation
Cloud platform ThingSpeak Dat.a sto.r age and
visualization
Communication MQTT, CoAP Apphcatlon.-la‘yer data
protocols transmission

the application of the compression framework, and not the
complete underwater acoustic communication system.

Four metrics are used to evaluate performance: compression
ratio, throughput, end-to-end delay, and compression time.
The experiments were carried out 30 times, in an indepen-
dent manner, with each iteration relying on different seeds.
Nevertheless, the same network configurations and traffic
conditions were applied. The data shows the average stan-
dard deviation (SD) values of the results of 30 independent
experiments. A confidence interval (CI) of 95% was also es-
timated for all metrics. Finally, the paired Student t-test was
performed on the results of repeated experiments to assess
the significance of the results obtained with respect to the
baseline methods.
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Tab. 4. Hyperparameter configuration of EP-SLZW.

Tab. 5. Performance comparison in terrestrial simulation (average
values).

Parameter ‘ Value ‘ Description Selection method
EWMA smoothing Grid search on Algorithm Compfesswn Throughput | End-to-end Cf)mpressmn
a 0.35 R o ratio [kbps] delay [ms] time [ms]
coeflicient validation dataset
055 Entropy threshold for Validation RLE 2.41 0.98 1820 940
* ’ adaptive block sizing experiments Huffman 4.87 1.52 1340 1710
A 64 Block size adjustment Sensitivity LZW 3.92 1.36 1495 1540
bytes step analysis EP-SLZW | 7.68+0.12 | 2.94x0.08 | 118528 1825 +42
Threshold for local/
Y 0.60 global dictionary Empirical tuning Tab. 6. Performance comparison in underwater simulation (average
switching values)
. Memory
Biin 256 Minimum al} owable constraint of . Compression| Throughput | End-to-end | Compression
bytes block size Algorithm . .
sensor nodes ratio [kbps] delay [ms] time [ms]
B 4096 Maximum allowable fﬁ?gilgzss;?lz RLE 2.05 0.62 8120 960
ma® bytes block size Y Huffman 4.12 1.05 5280 1830
latency trade-off
LZW 3.46 0.89 6125 1615
EP-SLZW | 9.41+0.14 1.91+0.07 2715425 3085 +45

6.1. Hyperparameter Configuration

To ensure repeatability of the results obtained during the sim-
ulations and to achieve an optimal balance between compres-
sion ratio, processing time, and delivery delay, the parameter
tuning has been performed. Several parameter values have
been tested on the validation set, and the final combination
has been chosen according to the maximum compression
rate along with minimum processing time and delay. Ta-
ble 4 shows the hyperparameter values utilized during all
simulations and hardware tests.

7. Results and Discussion

The proposed system achieves higher compression ratios
and better throughput efficiency while reducing end-to-end
latency compared to all baseline algorithms tested. Both ter-
restrial RF networks and underwater communication systems
with restricted bandwidth prove effective with the developed
improvements which work in simulation environments and
physical testing facilities. The EP-SLZW system achieved an
average compression ratio of 7.68 during terrestrial simulation
experiments, as shown in Tab. 5. The average compression ra-
tios for Huffman coding, LZW and RLE equaled 4.87, 3.92,
and 2.41, respectively. Throughput exceeds standard LZW
performance by 93% and RLE performance by nearly 200%.
The end-to-end delay time is 21% shorter when using Huff-
man coding and 26% shorter when using LZW, in comparison
to other methods. The compression process requires addition-
al time because of the need to execute operations that predict
entropy while handling dictionary management tasks.

The underwater simulation results, shown in Tab. 6, illustrate
how performance differences between systems become more
evident. EP-SLZW achieves a compression ratio of 9.41,
which exceeds (two-fold) the compression ratio of Huffman
coding, yet reaches almost three times the compression ratio of
RLE. The system provides throughput performance improved
by more than 115%, exceeding the throughput of LZW, and it
delivers end-to-end delay which exceeds that of RLE and LZW
by 55 and 44%, respectively. The results demonstrate that
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Tab. 7. Performance comparison using a terrestrial hardware testbed.

RLE 2.36 0.83 2150 1015
Huffman 4.54 1.27 1610 1935

LZW 3.71 1.12 1785 1680
EP-SLZW | 6.92+0.11 1.88 £0.09 1325+24 2150 +41

Tab. 8. Performance comparison using an underwater hardware
testbed.

RLE 1.98 0.59 4980 1120
Huffman 3.87 0.94 3510 2040

LZW 3.25 0.86 3820 1815
EP-SLZW 6.47+0.16 1.54 £0.06 2630 +23 2890 +43

underwater environments experiencing low channel capacity
and high retransmission costs benefit the most from aggressive
data size reductions.

The proposed framework shows increased stability under
actual conditions, and hardware tests demonstrate its perfor-
mance during sensor noise processing limits and unstable
wireless links. The method maintains a compression ratio
of 6.92 in land tests (Tab. 7), while achieving a latency that
is 26% lower than that of LZW. 79% higher throughput is
achieved than in the case of LZW in underwater hardware
tests (Tab. 8), with delay reduced by 31%.

7.1. Interpretation of performance gains

The designed system improves performance, as it enables bet-
ter handling of smaller data payloads. Smaller data packets
use less bandwidth, which means that there are fewer net-
work collisions and a lower chance of having to resend data.
The experimental results demonstrate that underwater IoT
networks maintain consistent performance across different
packet sizes, which shows their ability to handle various traf-
fic patterns. The experimental results demonstrate that the
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Tab. 9. Ablation study results.

Tab. 10. Statistical significance analysis.

proposed framework achieves energy savings that exceed the
energy expenses that EP-SLZW introduces. Underwater IoT
networks benefit from this because wireless data transmission
requires more energy than local computation.

7.2. Ablation Study

To assess the impact of each of the key components in the
proposed framework, an ablation study was conducted using
the terrestrial simulation setup (Tab. 9).

The system demonstrates decreased processing efficiency
along with increased execution latency when the compres-
sion algorithm lacks entropy prediction, which shows that
dynamic data environments need predictive adaptation. To
continue with the analysis of the environment-adaptive opti-
mization system, the environment-adaptive setting was turned
off while the remaining elements, such as entropy value esti-
mation, the blocks of adaptive splitting, and dual dictionary
compression, remain working. In this case, it should be noted
that the compression parameters of both terrestrial and under-
water communication channels remained the same, regardless
of their specifications. One may notice from Tab. 9 that the
algorithm with the disabled environment-adaptive module
managed to compress the data achieving a compression ra-
tio of 7.68, instead of 7.12, which also allowed achieving
the throughput of 2.94 kbps compared with 2.72 kbps when
the environment-adaptive module was in use. The average
end-to-end delay has increased from 1185 ms in the case
of the disabled environment-adaptive module to 1274 ms
when the algorithm with enabled environment-adaptive opti-
mization technique was used. Therefore, using the adaptive
optimization system improved overall system performance.
The contribution of the adaptive optimization system to the
increase in overall throughput equaled 8%, while the change
of the average end-to-end delay amounted to 7%. The proac-
tive adaptation methods of the EP-SLZW framework combat
the performance decline that typically occurs during high-rate
data transmissions.

To assess if the improvements in performance obtained did
not occur due to the randomness of the experiments, all
simulations and experiments were carried out 30 times under
the same conditions, but with different random seeds. The
mean standard deviation, and 95% confidence interval for
all the metrics were computed. The paired t-test was then
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Configuration CompFesswn Throughput | End-to-end Performance metric . Mean 95% CI p-value
ratio [kbps] delay [ms] improvement
leeddplgck + single 385 134 1510 Compression ratio 95.9% 93.8-98.0 <0.001
ictionary Throughput 116.2% 112.4-119.7 | <0.001
Adaptive block only 521 1.87 1375 End-to-end delay 20.7% 18.9-22.5 <0.001
Adaptive block + dual 6.43 242 1260 Compression time +18.5% 16.8-20.1 0.003
dictionary
Witho‘;t, et‘,“rOPy 6.71 263 1235 carried out for the proposed EP-SLZW method and the old
rediction . .
F— e LZW algorithm, which served as a benchmark. The p-values
it Z‘ii;‘gser::mem 7.12 272 1274 for all metrics remained below the level of 0.05, indicating
EPSLZW e Sou 1185 that the improvement obtained with EP-SLZW is statistically

significant, as seen in Tab. 10.

The low values of standard deviation and the narrow confi-
dence intervals prove that the proposed method is functionally
stable. Furthermore, the results of the statistical tests indicate
that the advantages in the compression rates, speed of opera-
tion, and end-to-end lag are statistically significant at a 95%
level of confidence.

7.3. Comparison with Recent Adaptive Compression
Methods

Besides the traditional lossless encoding methodologies that
have been investigated through experimental examination,
new compression approaches with adaptive dictionaries have
emerged lately. These include adaptive LZW encoding meth-
ods and common dictionaries with tries for edge computing.
However, while these methods utilize adaptive memory allo-
cation or common dictionaries, they do not adopt a predictive
technique for evaluating entropy and communication envi-
ronment awareness. Additionally, their high memory require-
ments and elevated synchronization overhead render them
unsuitable for use in IoT sensor nodes due to resource con-
straints. The proposed method employs optimization methods
for entropy, adaptive segmentation, and environmental aware-
ness while ensuring computational complexity of O(n).

8. Conclusion and Future Work

The proposed method uses multiple techniques that include
entropy prediction and adaptive block segmentation together
with dual-dictionary learning and environment-aware opti-
mization to create a system that automatically adapts to differ-
ent data and communication scenarios. The system operates
by relying on mechanisms differing from those of standard re-
active compression approaches. Three essential components
are established, including a system model and an algorithmic
design, together with a method for measuring analytical com-
plexity and energy consumption, to construct the foundational
framework.

The EP-SLZW method demonstrates better results than tradi-
tional LZW and Huffman coding and run-length encoding, as
it achieves better compression ratios, higher throughput and
shorter end-to-end delays according to multiple simulation
studies and actual hardware tests. The results demonstrated
that the framework performs best in underwater IoT environ-
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ments, since these situations require urgent data transmission
to manage their limited bandwidth and expensive energy
consumption. Ablation analysis demonstrated that all archi-
tectural components contribute to a significant performance
improvement of the entire system. The dynamic sensing envi-
ronment requires active dictionary management, for it directly
impacts the performance of the system.

The algorithm requires additional computational resources,
due to the need to perform entropy estimation tasks and imple-
ment predictive control functions. The processing demands
of this system remain acceptable for most IoT' microcon-
troller platforms. However, upcoming research will focus on
achieving greater cost reductions through the implementation
of lightweight machine learning predictors and hardware-
assisted dictionary management systems.

The current work suffered from specific constraints, as it has
used the infrared communication module to conduct the hard-
ware testing of the system in underwater conditions. Although
this approach validates the applicability of this compression
method, the nature of communication in the underwater envi-
ronment cannot be fully simulated. Future considerations will
focus on testing the performance of the EP-SLZW method, i.e.
on conducting the tests under real underwater circumstances,
using acoustic modems. Furthermore, the comparison made
in the current project was limited to traditional lightweight
lossless compression algorithms, because the aim was for the
approach to be adopted in low-power microcontroller systems
in the first place.
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