
Academic Editors: Brahim El Bhiri

and Ayman S. Mosallam

Published: 16 December 2025

Citation: Ouidir, H.; Berqia, A.;

Aouad, S. Localization of Unknown

Nodes on UWSN Using the Linear

Constraint Optimization Technique

Based on Energy and Distance

(LUCOTED). Eng. Proc. 2025, 112, 79.

https://doi.org/10.3390/

engproc2025112079

Copyright: © 2025 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license

(https://creativecommons.org/

licenses/by/4.0/).

Proceeding Paper

Localization of Unknown Nodes on UWSN Using the Linear
Constraint Optimization Technique Based on Energy and
Distance (LUCOTED) †

Hamid Ouidir * , Amine Berqia and Siham Aouad

High National School for Computer Science and Systems Analysis—ENSIAS, Mohammed V University,
Rabat 10080, Morocco; amine.berqia@ensias.um5.ac.ma (A.B.); siham.aouad@ensias.um5.ac.ma (S.A.)
* Correspondence: hamid_ouidir@um5.ac.ma
† Presented at the 7th edition of the International Conference on Advanced Technologies for Humanity

(ICATH 2025), Kenitra, Morocco, 9–11 July 2025.

Abstract

Underwater Wireless Sensor Networks (UWSNs) are widely used technologies in aquatic
environments. However, these types of networks face several constraints caused by the
mobility of nodes, energy consumption, and constraints due to acoustic communication. In
light of this, the location of nodes appears as a promising axis for improving the services
expected from these networks. To address these, we suggest the LUCOTED approach—a
Linear Constraint Optimization Technique for estimating unknown node positions by
selecting anchor nodes with the highest energy and shortest distance, based on randomly
initialized conditions. It achieves 98% accuracy, exceeding Gradient Descent and Trilat-
eration methods. Moreover, our method LUCOTED outperforms the DEEC algorithm in
terms of error when the number of anchor nodes is below 80 and achieves higher accuracy
than the EPRP technique when the number exceeds 100.

Keywords: underwater wireless sensor network; localization of unknown node; linear
constraint optimization; aquasim-ns3

1. Introduction
The 2023 UNFCCC Ocean Dialogue demonstrated the significant impacts of aquatic

ecosystems on human health as well as the potential of aquatic foods as climate solutions.
Also, the State of World Fisheries and Aquaculture (SOFIA) 2024 edition [1] reports that
worldwide fisheries and aquaculture production increased by 4.4 percent from 2020 to
223.2 million tons in 2022. Since 57% of the world’s population relies on aquaculture
for food, the oceans also support international maritime transportation, preserve marine
biodiversity, and maintain climatic balance This rich area needs a promising technology
for collecting, processing, sharing, and transmitting data from aquatic locations to land-
based stations, like the wireless network of underwater sensors (UWSNs) that enables
effective and sustainable activities in hostile environments [2], as shown in Figure 1 [3].
Also, locating nodes, positions, and naming the information gathered are two common
uses for location information in UWSN data transfer protocols [4].

On unknown node localization, in three-dimensional space, we use three or more
anchor nodes defined by known coordinates, and their distances, respectively, to the un-
known node are measured by means of specific methods like Time of Arrival (TOA) [5],
Time Difference of Arrival (TDOA) [6], Angle of Arrival (AOA) [7], or Received Signal
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Strength Indication (RSSI) [8]. Those are four common measurement methods used. Gener-
ally, like various approaches in the same context, the trilateration positioning method in
UWSN scenes uses anchor node coordinates for unknown node position determination,
but positioning error increases due to environmental interference, uncertainty, and other
unfavorable circumstances [9]. Low transmission cost, high coverage, localization accuracy,
reduced computing costs, enhanced scalability, etc., are the fundamental objectives of
localization techniques [10,11], but in our study, the convergence of the algorithm, location
error, and energy consumption were the main topics.

Figure 1. UWSN Architecture [3].

The rest of the paper will be structured as follows: Section 2 presents the key factors
and restrictions of localizing an unknown node on the UWSN, while Section 3 discusses
related works that were established in the same context. We outline the study methodology
in Section 4, which consists of setting up algorithms for the localization of unknown
nodes. In Section 5, we describe simulation implementation and results. Finally, Section 6
illustrates the conclusion of the research.

2. Localization of Unknown Node’s Factors and Constraints
2.1. Localization Process

The process of locating nodes can be seen as a system formed by three components:

2.1.1. Distance/Angle Estimation

This part is in charge of estimating information concerning the angles and/or distances
between two nodes. The received signal strength indicator (RSSI), time [difference] of
arrival (ToA/TDoA), number of hops, or angle of arrival (AoA) are known to be methods
employed for this component.

2.1.2. Position Computation

This component has the role of determining a node’s location using the information
that is currently available regarding the locations and distances/angles of reference nodes.

2.1.3. Localization Algorithm

It establishes how to adapt the information that is currently accessible in order to
ensure that the majority of the WSN’s nodes can estimate their positions. It is a distributed
algorithm that typically uses multiple hops. Among the most popular algorithms are
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Directed Position Estimation (DPE) [4] and the Ad Hoc Positioning System (APS) [12]. Add
to the localization problem: security will be more critical in the case of the UWSN due to
the deployment environment [13].

UWSNs have several applications, like mine detection, disaster prevention, and marine
research. However, node localization is limited by underwater environment characteristics
like signal attenuation and acoustic properties, making GPS acquisition challenging [14].

2.2. Main Challenges and Constraints

■ Node mobility [15].
■ Time synchronization between nodes [16].
■ Low bandwidth in acoustic communication [17,18].
■ Sound speed variation [19].
■ Energy limitation [20].
■ Security attacks on underwater localization [14,21].

3. Related Works
Several studies on node localization in Underwater Wireless Sensor Networks

(UWSNs) confirm that addressing localization challenges improves understanding and
management of critical situations. In fact, the research [22] reviews Range-Based and Range-
Free localization algorithms, evaluating trade-offs and suggesting enhancements based
on a comparative analysis considering coverage area, node density, energy consumption,
localization inaccuracy, and computational complexity. The findings guide researchers
in selecting or refining optimal localization methods for UWSNs. Authors in [23] sum-
marize existing underwater wireless sensor network (UWSN) localization algorithms as
distributed, scalable, and iterative, but these rely heavily on acknowledgment messages
for location identification. This research proposes a new Location Finding and Correcting
Algorithm (LCLI) aiming to minimize message volume and enhance transmission efficiency.
The LCLI efficiently locates nodes while addressing localization errors, and a correction
algorithm for additional errors is also introduced. Comparisons show that UWSN-LCLI
significantly outperforms existing algorithms. Moreover in [24], the authors classify lo-
calization algorithms in UWSNs into stationary, mobile, and hybrid categories, dividing
them into centralized and distributed subcategories. They evaluate these algorithms based
on anchor type, synchronization time, coverage, accuracy, and computational complexity.
Also, in [25] the contributors, analyze UWSN localization approaches using centralized and
distributed categories, focusing on error, time, and communication metrics, and describe
the techniques used for localizing unknown nodes. In addition, the study [9] introduces a
new trilateration algorithm using K-means combination and clustering, proving to min-
imize mean distance error and improve positioning accuracy compared to the greatest
likelihood, least-squares approach, and standard trilateration. Furthermore, in paper [26]
authors confirm the effectiveness of their proposed methods, innovative semi-definite
programming (SDP), and underwater solvers in enhancing RSS-based localization accuracy.
They transform the optimization issue into a convex SDP problem using semi-definite
relaxation, offering an advantage over iterative solvers. Equally, work [27] proposes a novel
trilateration algorithm for indoor localization using received signal strength indication
(RSSI). It uses a Gaussian filter, LSCF technique for transmit power estimation, and a non-
linear error function based on distances and anchor node positions. Similarly, the authors
present in [28] “ITL-MEPOS,” an algorithm-based sliding window optimization for the
trilateration localization technique. They use SDS-TWR for distance estimation, achieving
high accuracy compared to other methods in the same context. In another study [29],
Zhou et al. developed a new localization algorithm using AdaDelta Gradient Descent to
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prevent collaborative attacks on underwater networks. The algorithm improves localization
accuracy by iteratively removing falsified data from interfering nodes, ensuring consistent
service. Finaly, research [30] shows that a localization model with a hop loss function and
anchor nodes improves location accuracy by 86.11% in a randomly distributed network,
surpassing the DEM-DV-Hop approach by 6.05%. The contributions of the DEMN and the
hop loss are 2.46% and 3.41%, respectively.

4. Methodology of Research
4.1. Mathematical Approach
4.1.1. Objective Function and Constraints

We consider the localization of the unknown node process as a linear optimization
problem with constraints, aiming to minimize the objective function by minimizing the error
between nodes’ estimated and calculated positions while obeying the following requirements:

1. Distance between nodes must be shorter than the range of communication;
2. Each node (x, y, z) must be in an area defined by (xmax, ymax, zmax) as 3D dimensions;
3. Anchor nodes chosen for localization should both present the highest residual energy

and the nearest distance to the unknown node.

Assume that, we have N anchor nodes A[i]: (A[i].x, A[i].y, A[i].z) for i = 1 to N and an
unknown node Un: (Un.x, Un.y, Un.z), defined as coordinates of 3D vectors.
We define the objective function as follows:

f (x, y, z) = estimatedistance − measuredistance (1)

estimated_distance =
N

∑
n=1

d(A[i], Un) (2a)

where d(A[i], Un) =

√
(A[i].x − Un.x)2 + (A[i].y − Un.y)2+

(A[i].z − Un.z)2

measured_distance = ∑N
n=1 d[i] (2b)

where d[i]: distance between the unknown node and anchor node i, for i = 1 to N, defined
by employing (RSSI), (ToA/TDoA), or (AoA) techniques as previously described in the
localization process [5–8].

4.1.2. Resolution Methods

To accomplish this, we implement both iterative optimizations, as shown in
Algorithms 1 and 3 for our LUCOTED approach and gradient descent method, and the
direct method, as presented in Algorithm 2 for the trilateration technique, as follows:

• Generate anchor nodes randomly according to the number of nodes, area dimension
(x.y.z), communication range, and node energy;

• Select top anchors based on energy and distance;
• Select a random initial position of the unknown node.
• Results: final estimated position, best iteration, average accuracy, energy used.
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Algorithm 1: LUCOTED Method

Function 1: Generate Random Anchors
Input (constraints):

• numAnchors: Number of anchor nodes to generate
• x_min, x_max: Range of x-coordinate
• y_min, y_max: Range of y-coordinate
• z_min, z_max: Range of z-coordinate
• minEnergy, maxEnergy: Range of residual energy values

Output:

• anchors: A list of anchor nodes with random positions and energy

Function 2: Select Top Anchors
//Choose the list of anchors with the highest residual energy and the closest distance to
the unknown node.
Input:

• anchors: List of all anchor nodes (Position, Energy)
• unknownNode: 3D coordinates of the unknown node
• desiredNumAnchors: Number of top anchors to select

Output:

• TopAnchors: list of the best anchor nodes (highest residual, closest distance to the
unknown node)

Main LUCOTED Algorithm:
Inputs:

• Anchors: List of anchor nodes, each with the following:

Position:(x.y. w) coordinate; Residual energy;

• ranges: List of estimated distances from each anchor to the unknown node
• lambda: Learning rate or step-size of algorithm
• txPower: Transmission power per unit distance
• rxPower: Receiving power per transmission
• dataSize: Data packet size (bits or bytes)

1. Initialize:

# Set estimated_position = initial_guest thought GenerateRandomPosition (area)
# Set totalEnergyConsumption = 0
# Set maximum iteration max_iterations = 1000
# Set convergence tolerance = 10−20

2. Iterate Until Convergence or Max Iteration: i from 0 to max_iterations:

Set gradient = (0, 0, 0)
For each anchor i in anchors:
Compute Euclidean distance from estimated_position to

anchor[i]. position = distance[i] (3)
Compute range error:

error = (estimated_distance − measured_range[i])
Update gradient using:

gradient.x += λ × (x − xi/distance[i]) × error
gradient.y += λ × (y − yi/distance[i]) × error (4)
gradient.z += λ × (z − zi/distance[i]) × error
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Algorithm 1: Cont.

Compute energy:
energy_i = (txPower × distance + rxPower) × dataSize
TotalEnergyConsumption += energy_i (5)

Normalize gradient:

norm =
√

grad_x2 + grad_y2 + grad_z2 (6)

Update estimated position:
estimated_position −= gradient/norm (7)

If norm < tolerance: Break

3. Evaluate Accuracy:

• Initialize global_error = 0, accuracy = 0
• For each anchor:

# Compute estimated distance to anchor
# Compute normalized error and accumulate

• Average error over anchors
• Convert to percentage:

accuracy = (1 − normalized_error) × 100

4. Return: final estimated position, best iteration, average percentage accuracy,

energy consumed.

Algorithm 2: Trilateration Method

Trilateration is a fundamental technique in Wireless Sensor Network, that calculates the
position of an unknown node by measuring its distance from known anchor nodes.
Linearization: By deleting the square terms from distance equations, we receive a linear system.
Direct Solution: We keep away of iterative techniques by solving the resulting linear equations.
Let us considering the following three anchors’ nodes:
A1 ((x1, y1, z1), E1), A2 ((x2, y2, z2), E2), A3 ((x3, y3, z3), E3);
where (xi, yi, zi) are coordinate and Ei energy of anchor node Ai for i = 1 to i =3.

(x1 − x)2 + (y1 − y)2 + (z1 − z)2 = d1
2 (8)

(x2 − x)2 + (y2 − y)2 + (z2 − z)2 = d2
2 (9)

(x3 − x)2 + (y3 − y)2 + (z3 − z)2 = d3
2 (10)

where di define Euclidean distance between anchor node Ai and unknown node, from
0 = i to N measured by one of methods RSSI, AOA, and AOT. . .. etc.
We follow those steps to solve our system:

(1) Subtract Equation Pairs to Linearize: To get away of the quadratic terms and
obtain a linear system, subtract the equations for every pair of anchor nodes.

(2) Solve the Linear System: To determine the values for x, y, and z, solve the three
linear equations directly using a technique like Gaussian elimination.

For example, subtract the equations one from another two by two:

(8) − (9) = d1
2 −d2

2

(9) − (10) = d2
2 − d3

2 (11)
(10) − (8) = d3

2 − d1
2

As a result, we obtain a system of three linear equations for x, y, z that is easy to resolve.
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Algorithm 2: Cont.

Finally, the algorithm returns:
Final position (x, y, z) of the localized unknown node, energy consumption,
and accuracy.

Algorithm 3: Gradient Descent Method

• Anchor Selection:
• Filter anchors based on the highest energy and smallest distances
• Use a weighted criterion w = energy/distance to prioritize anchors
• Initialization:

Set estimated_position=initial_guess.

• Initialize energy_consumed = 0
• Set iteration counter to zero
• Initialize stepeSize

1. Iterative Refinement: Repeat until convergence or the maximum number of
iterations is reached:

a. Reset Gradient:

gradient_x = 0, gradient_y = 0, gradient_z = 0;

b. Compute Gradient and Energy Consumption:

• For each selected anchor i:
• Compute the distance

dx = estimated_position.x − anchors[i].position.x;
dy = estimated_position.y − anchors[i].position.y;
dz = estimated_position.z − anchors[i].position.z;

distance =
√

dx2 + dy2 + dz2 (12)

error = distance − range;

• Update gradients

gradient_x += (error×dx)/distance
gradient_y += (error×dy)/distance (13)
gradient_z += (error×dz)/distance

• Calculate energy consumed for this anchor

energy = (txPower × distance + rxPower) × dataSize

• Accumulate total energy:

energy_consumed += energy

c. Update Position:

estimated_position.x − = stepSize × gradient_x;
estimated_position.y − = stepSize × gradient_y; (14)
estimated_position.z − = stepSize × gradient_z;
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Algorithm 3: Cont.

d. Check Convergence:

• If the gradient norm is below the tolerance:

√
gradient_x2 + gradient_y2 + gradient_z2 < tolerance (15)

• Stop the iteration and record best_iteration.

2. Output Results: estimated_position, best_iteration, accuracy, energy cosumed

5. Simulation Implementation Approach and Results
5.1. Simulation Approach
5.1.1. Simulation Design Overview

Aqua-Sim NS-3 Next Generation and Python 3.12.7: Next Generation is a third edition
of the open-source simulation environment Aqua-Sim, designed for the UWSN [31]. It offers
flexible and accurate implementation for modeling acoustic signal attenuation and packet-
level generating network components as C++ classes that align with NS-2′s object-oriented
design approach [32]. Improved memory management and one common programming
language are the main motivations for this core simulator extension. Channel models with
improved accuracy and trace-driven simulation ensure consistent conditions during testing
iterations. Localization and synchronization features, including range-based or range-free
schemes, improve clock skew and offset integration [31].

5.1.2. Parameters of Simulation

To obtain consistent findings, the experimentation takes into account many variables,
listed in the tableau below, particularly the number of nodes, the boundary of coordinates x,
y, and z, the communication range, and the energy, all of which have a direct impact on the
optimal objective function solution. In addition, the Table 1 bellow contains all simulation
parameters. Also, the initial conditions are chosen randomly for each simulation.

Table 1. List of the parameters of the simulation.

Parameter Label Value Unit

simStop Time of simulations 60 second

numAnchors anchor nodes ’s Number 10

Nodes unknown node’s Number 1

Range Communication range 100 meter

dataSize Size of data packet 1000 Bytes

[x_min, x_max] dimension x axis [0.0, 500] meter

[y_min, y_max] dimension y axis [0.0, 500] meter
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Table 1. Cont.

Parameter Label Value Unit

[z_min, z_max] dimension z axis [−500, 0.0] meter

Energy [min, max] Initial residual energy [10, 100] joule

stepSize Step for gradient descent 0.1

Protocol aquasimVBF VBF

5.1.3. Performance Metric Indicators

(a) Accuracy and error of localization:

The difference between a measured or calculated value and a true or reference value is
the fundamental link between accuracy and error. Error is the difference between these
two values, while accuracy indicates the proximity of the measured value to the true value.

✓ Mathematical Relationship

Accuracy: Accuracy can be defined as follows:

Accuracy = 100 − (True Value/Error) × 100% (16)

This expresses accuracy as a percentage by comparing the error to the true value.
Lower error leads to higher accuracy.
Error: Error is the absolute or relative deviation from the true value:

Error = Measured Value − True Value (17)

Or, in magnitude form as follows:

Absolute Error = |Measured Value − True Value| (18)

✓ The Localization Formula

Accuracy can be defined as the opposite of error or as the difference between the
estimated and true positions in localization problems, such as those concerning a
node’s location in a network [33]:

Position Error (Euclidean distance) =

2

√√√√(xcalculated − xtrue)2 + (ycalculated − ytrue)2

+(zcalculated − ztrue)2 (19)

Accuracy = 100% −
(

Error
1

Maximum Allowable Error

)
× 100% (20)

(b) Energy consumed

The formula: Energy = (txPower × distance + rxPower) × dataSize

It is a simplified mathematical model that is frequently used to estimate energy
consumption in underwater wireless sensor networks (UWSNs) in simulations and
real-world applications.

✓ Transmission Energy Contribution:

The term “txPower × distance» determines the energy used for underwater commu-
nication signal propagation. Generally, txPower (transmission power) is proportional
to the signal strength required to go a specific distance. Distance is included because
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path loss and attenuation, which are factors of distance, determine how much energy
is used in underwater acoustic settings.

✓ Reception Energy Contribution:

The energy needed to receive the given data packet is taken into consideration by the
term “rxPower”.

✓ Data Size Scaling:

The total energy needed to send and receive a packet’s bits is calculated by multiplying
the sum of the transmission and reception power components by dataSize [34]. Noted
that in [35] the U-New Reno transmission control protocol, designed for marine
environments, significantly improves packet retransmission rates, and the delivery
number evolution can be used in our study.

(c) Convergence’s degree

The LUCOTED technique achieves faster and more stable convergence than classical
gradient descent because of its normalized updates of gradients and constraints based on
applied ranges, also its adaptive balance of gradient direction and distance errors, which
reduces oscillations and overestimation. Trilateration, on the other hand, can occasionally
produce false findings in noisy or geometrically adverse settings because it is based on an
idealized distance intersection rather than random parameter selection.

5.2. Results and Interpretation

In Figure 2, our technique LUCOTED, realizes appreciable accuracy in comparison to
other methods. In fact, its accuracy can achieve 98%, while the (EPRP) energy-proficient
relay node selection-based routing protocol technique can achieve less than 95%, which
is referenced with other techniques in the research previously cited in [33] when nodes
number more than 100.
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Figure 2. Comparison of various localization techniques accuracy based on the number of nodes
over 100.

The graph below, Figure 3 shows that in the same randomly generated environment
of simulation, our method LUCOTED, gives a better accuracy as average values, reaching
97.7%, while the gradient descent method realizes 78.19%. Far from this value, the trilatera-
tion approach does not surpass 70% because of its dependency on the initial position of
the unknown node and anchor nodes. In fact, this technique, from time to time, produces
results that violate the simulation’s constraints.
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The tableau below Table 2 displays the average values of unknown node coordinates,
precision of location, energy required and iteration for each of the three approaches as
provided by experimental simulation.

Table 2. Data, generated by the experimentation, expressed in mean values for each method.

Average Value X Y Z Accuracy Energy (104j) Iterations

LUCOTD 64.07 49.34 38.45 97.70 796.15 600
Gradient Descent 45.81 43.52 43.10 78.19 2361.94 600

Trilateration 54.98 49.78 52.33 69.44 1.39

In Figure 4, our localization technique, LUCOTED, provides a higher level of accuracy
than the trilateration-based localization method, which is used as a reference in research [36],
because of its respected accuracy by considering the same simulation variables (45 s,
100 nodes, x, y, −z = 1000).
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Figure 4. Accuracy and error between LUCOTED and other techniques.

In the next graph (Figure 5), in which we adopt Trilateration method as baseline for
normalization of energy, we observe that the LUCOTED approach consumes less energy
than Gradient Descent but more than Trilateration method. This result is appreciable and
highly significant because the first two methods are iterative, the Trilateration is direct and
uses a lower energy consumption. In fact, in this case, there will be a trade-off to be made
between the necessary energy and location accuracy.
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In Figure 6 below, the proposed LUCOTED in blue, has the lowest error as compared to
other localization methods. Its value actually drops from 9.8 to 3.2 as the number of nodes
increases from 20 to 80. Our method is more successful than the localization approach
DGGDEA that employs the DEEC Gaussian Gradient Distance algorithm, as well as other
techniques of localization related to the same study referenced in [36].
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Figure 6. Comparing the error of localization techniques according the number of nodes between 20
and 80.

6. Conclusions
In addition to its impact on human activities in aquatic areas, the relevance of our

localization technique compared to other approaches can be specified as follows:

1. Primarily through simulation:

• It offers better location accuracy compared to trilateration and gradient descent
methods and to other recent approaches.

• It consumes less energy than gradient descent as an iterative method.
• It provides solutions that respect constraints related to the communication range

and boundary of the simulation’s area.
• It guarantees always convergence.

2. Secondly, through the algorithmic aspect:

• LUCOTED outperforms other methods because it allows the solving of a lo-
calization problem with constraints independently of the simulation’s initial
condition.

3. The UWSN makes it possible to prevent the risk of human losses by monitoring
watery environments.
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