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EDeformNet: Estimating Fishing Net Deformations
from Sparse Observations

Isira Wijegunawardana, Jaime Valls Miro, Iñaki Quincoces, Liang Zhao, and Shoudong Huang

Abstract— This paper introduces EDeformNet, a novel
method for real-time 3D reconstruction of fishing nets using
sparse positional measurements. Currently, net deployment
during large-scale fishing operations is challenging as the
submerged lattice deformations that occur in response to the
various environmental factors are not visible to the vessel
operator. EDeformNet extends Embedded Deformation Graphs
(EDGs), a commonly used technique in template-based non-
rigid 3D reconstruction that allows control of embedded spaces
through sparse control point correspondences. These can be
suitably derived from acoustic tracking beacons attached to
the net. EDeformNet enhances the standard EDG optimization
scheme by including constraints that preserve surface normals
at control points and guard distances between vertices in
the template mesh. These improvements are proven to enable
an accurate representation of the complex deformations and
movements typical in purse seine nets, the fishing technique
where the algorithm has been tested, which standard EDG
is unable to attain. Moreover, EDeformNet also proposes a
tailored strategy that dynamically adjusts the net template
according to the known length of the deployed portion of
the fishing net. This approach reconstructs exclusively the
submerged portion of the fishing net, avoiding extraneous data
from above-water sections and enhancing accuracy under real-
istic fishing conditions. The proposed method is validated using
realistic 3D physics simulations in Blender, where quantifiable
comparisons demonstrate that EDeformNet effectively captures
the spatial dynamics of purse-seining. Compared to standard
EDG, EDeformNet achieves superior performance, resulting in
at least a 25% improvement across the array of challenging
temporal scenarios studied.

I. INTRODUCTION

Purse seining is commonly used in commercial fishing to
catch large schools of pelagic fish swimming close to the
surface. These fishing nets are vertically deployed in the
water, in a cylindrical shape, surrounding a fishing school
(see Fig. 1(a)). The net is then drawn together at the bottom,
resembling a drawstring purse when closed [1], [2]. This
technique has become popular in the harvesting of midwater
schooling species like tuna and mackerel due to its efficiency
in the capture of large quantities of fish in a single operation.
It contributes significantly to global seafood production while
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playing an important role in satisfying global protein de-
mands and providing economic benefits [3]. Being a widely
used technique, the purse seine industry is constantly looking
at the adoption of new technologies that may overcome some
of the limitations latent in the use of traditional techniques,
such as limited control, risking net damage, entanglement or
fish escaping; inefficient decision-making, relying on manual
adjustments; and reduced selectivity, causing unwanted by-
catch [2]. Improving net deployment is one such area where
introducing more advanced techniques can have a significant
impact [4].

The adoption of robotics and AI techniques by the fishing
sector is apparent given their potential to improve its sus-
tainability credentials [5]. The literature provides frequent
evidence of object detection being used to locate schools of
fish and reduce bycatch [6]. Other works have focused on
modelling aspects, showing how reconstructing the shape of
the net during its setting was significant to analyze sinking
performance [7], in turn leading to improvements in net
design. These methods rely on spring-mass-damper systems
that are subjected to unstable physical forces to model the
behavior of the purse seine [8]. However, physics-based
methods are highly dependent on critical parameters such
as material properties, whilst also often requiring accurate
measurement of volatile ocean currents. These prevailing
uncertainties make modeling of purse seine and vessel dy-
namics using physics-based methods a challenge, deriving
results under the assumption of idealistic conditions of
limited accuracy and effectiveness.

With regards to 3D net reconstruction, the existing lit-
erature is rather limited. There are several reasons why
technology has not yet enabled efficient real-time recon-
structions of these open meshes. Predominantly, they are
deployed underwater, over a large area (often kilometers)
and in isolated locations, making traditional camera-based
visualization of a net infeasible. Additionally, deformations
in the fishing net caused by ocean currents yield non-rigid
transformations on the net which are highly complex to solve.
Existing non-rigid reconstruction methods often rely on
camera-based solutions [9], [10] which, as mentioned above,
are not suitable for the fishing net problem. Moreover, for it
to be of practical use, the reconstruction of the purse seine
is expected to be done while the net is being progressively
released from the boat into the sea. Therefore, any mapping
blueprint must be sensitive to the increments in the overall
mesh density of the deforming object over time.

In order to overcome some of these challenges, this article
proposes using sparsely attached position tracking systems to
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Fig. 1. (a1) Typical purse seiner setting the net whilst navigating on a circling path (yellow surface objects are the floats attached to the top layer of the
net). (a2) Blender submerged simulated fishing net suspended from the top layer floats (control points are marked in red on the net). (b) The proposed
EDeformNet strategy to handle the dynamic net sizes present during the net deployment scenario. (c) 3D reconstruction methodology: c1) generate a
template mesh, c2) down-sample the mesh into a node graph, c3) optimize the deformation subject to the subset of control point measurements, and c4)
apply the transformations to create the full scale 3D reconstruction.

the fishing net and vessel to predict the evolving deformation
behavior of the net (see Fig. 1(a2)). The proposed scheme
thus embarks on the challenge of deforming a meshed
object with the aid of sparse position measurements. This
paper adopts the Embedded Deformation Graphs (EDG)
method introduced in [11] to address this problem. EDG
offers computational efficiency by using a low-resolution
template of the net (see Fig. 1(c)) and flexibility through least
squares optimization, allowing customization with additional
constraints. This enables non-rigid registration [12], aligning
the undeformed and deformed net shapes using sparse control
point correspondences, making it ideal for real-time appli-
cations. However, standard EDG does not preserve geodesic
distance, a critical requirement for fishing net reconstruction,
resulting in undesirable outcomes when correspondences be-
come sparse. The proposed method addresses this limitation.

The EDeformNet method proposed in this article offers
the following contributions.

• It is the first known attempt to use non-rigid 3D
reconstruction techniques for real-time visualization of
fishing nets.

• By adding two constraint terms to the traditional EDG
objective function, EDeformNet achieves more accurate
and realistic deformations compared to EDG. The first
constraint – distance consistency – controls stretching or
compression between neighboring vertices. The second
– surface normals consistency – helps preserving the
shape of the reconstruction in under-constrained areas.

• Leveraging the iterative nature of EDeformNet and
using a dynamic template mesh, the purse seine can
be reconstructed during the unfolding release.

II. RELATED WORKS

Non-rigid 3D reconstruction involves graphically con-
structing objects such as human bodies, animals, or soft

materials like fabric which can deform in complex ways
over time. This technique has currently become popular
in various applications such as computer animation [13],
medical imaging [14], and augmented reality [15], where
precise modeling of deformable objects is essential. In recent
literature, many techniques can be found which are dedicated
to non-rigid 3D reconstruction. These can be clustered into
Non-Rigid Structure from Motion (NRSfM) based template-
free methods [16], and template-based methods [17].

NRSfM aims to reconstruct the 3D structure of deforming
objects from 2D image sequences but is unsuitable for
estimating the shape of fishing nets due to the impracticality
of capturing full underwater scenes in field conditions, com-
pounded by turbidity and occlusions. Additionally, NRSfM
is computationally expensive and sensitive to noise and
missing data. In contrast, template-based methods, which use
a known initial shape and maintain topological consistency,
have gained popularity [17]. These methods deform the
template to align with the target shape through optimization
techniques based on photogrammetry [18] or point-cloud
data [19]. This alignment is defined as non-rigid registration
in [12].

Deforming a template to match a target shape that evolves
over time is a complex challenge, typically addressed with
non-rigid registration techniques. These techniques include
different parameterization schemes and constraints that can
make the solution more definite [12]. The commonly used
parameterization schemes to represent the deformation field
include point-wise transformations [20], graph-based meth-
ods [11], skeleton priors [21], grid-based methods [22], and
spline functions [23]. Among them, graph-based methods
have competitive capabilities in dimensionality reduction
while accurately preserving local details. EDG [11] is one
such graph-based method specifically supporting reconstruc-
tion with sparse correspondence. In regard to the constraints



used in these registration techniques, the most common
constraints can be classified as alignment and regularization
terms [12]. In this domain, alignment terms reduce the
distance between known correspondences. These terms can
also perform the aligning of the normal vectors of the corre-
spondences. Regularization terms, on the other hand, attempt
to preserve the uniformity of the surface, safeguarding details
and reducing distortions.

EDG-based methods have been widely applied in a va-
riety of domains including animation rigging in computer
graphics [24], human performance capture [25], 3D bone
reconstruction from X-ray images [26], 3D aortic recon-
struction during fluoroscopy-guided interventions [27], and
deformation recovery during the skirting process in wool
handling [28]. Furthermore, recent studies have extended the
core concept of EDG to learning-based 3D reconstruction
methods, moving beyond traditional optimization techniques
[29], [30]. In addition to this, alternative methods such as
As-Rigid-As-Possible (ARAP) [31] method maintain local
rigidity during deformation using energy minimization, while
Thin Plate Splines (TPS) [32] method offer strong inter-
polation in non-rigid transformations using a combination
of affine transformations and a radial basis function. These
methods, however, lack the customizability and modularity
supported by the traditional optimization-based EDG.

III. STANDARD EDG METHOD

EDG typically represents deformations using a deforma-
tion graph. The EDG method suggests three steps for the
non-rigid registration problem: downsampling, optimization,
and transformation (see Fig. 1(c)). In downsampling, the
N number of points in the template mesh (M0), each
named a vertex and denoted by vi, i ∈ {1, ..., N}, will
be reduced to the n number of points in the deformation
graph. These points are named nodes, each denoted by gj ,
j ∈ {1, ..., n}. The nodes and vertices of the deformation
graph have been depicted in Fig. 1(c). EDG at a particular
time (G) is parameterized as a set of initial node location
vectors (gj ∈ R3, j ∈ {1, ..., n}), translation vectors
(tj ∈ R3, j ∈ {1, ..., n}), and affine transformation matrices
(Aj ∈ R3×3, j ∈ {1, ..., n}). This graph can be used to
retrieve the deformed full scale mesh (M) at any time using
the parameters that define G (i.e. G = f(gj , Aj , tj)). These
parameters are used to define the deformation of each node
itself and the surrounding space of the node, hence the name
“embedded deformation”. The transformation of retrieving
vertices in the mesh (vi) using nodes in the graphs (gj) can
be defined as:

v̂i =
∑

j∈Ng(vi)

ωj(vi)[Aj(vi − gj) + gj + tj ]. (1)

Here, vertex vi is assumed to be influenced by a m number
of nodes in the neighbourhood Ng(vi). These neighbors
contribute to the deformation of vi, shifting it to a target
position denoted by v̂i. In the context of mesh-based geom-
etry, shaping deformation is essentially the transformation
of vertices within the deformation graph. The term ωj(vi)

represents a weight that reflects the influence of a given node
gj to the vertex vi. This term can be defined as:

ωj(vi) =
(1− (vi − gj)/dmax)

2∑
k∈Ng(vi)

(1− (vi − gk)/dmax)2
(2)

where dmax is the distance from vi to the (m+1)th nearest
neighboring node in the deformation graph.

During a deformation of the object, the defined trans-
formation parameters (Aj , tj) are solved as an optimization
problem to obtain the deformed G. In the EDG method, this
optimization problem has an objective function with three
components, denoted Erot, Ereg , and Econ. Each represents
a particular geometrical constraint that can be imposed when
the nodes in the deformation graph are moving. Therefore,
each term is expected to be minimized. The three constraints
terms are defined in (3-5), respectively.

Erot =

m∑
j=1

||AT
j Aj − I||22 (3)

Here, Erot in (3) preserves detailing by specifying that
affine transformations Aj strictly be rotations satisfying the
conditions of an orthogonal rotation matrix SO(3). Thus, the
local features will deform as rigidly as possible.

Ereg =

m∑
j=1

∑
k∈Ng(gj)

αjk||Aj(gk−gj)+gj+tj−(gk+tk)||22 (4)

Ereg in (4) is considered a regularization of deformations
that force the affine transformations between adjacent nodes
to agree with one another. This maintains the smoothness
of the surface after deformation by avoiding the deformed
shape from being fragmented and distorted. Here, αjk is the
weight reflecting the motion effect of the neighbouring nodes
to each other. Ng(gj) is the set of neighbors connected to
node j.

Econ =

nc∑
i=1

||v̂i − vCi ||22 (5)

Econ in (5) is suggested to minimize the distance between
vCi and v̂i, where vCi is the measured/actual deformed loca-
tion of the sparse control point vi, and v̂i is its transformed
position computed via (1). The number of control points is
given by nc.

Finally, the EDG objective function that combines the
constraint terms defined above is presented in (6) as an
optimization problem.

min
A1,t1,...,An,tn

wrotErot + wregEreg + wconEcon (6)

Here, wrot, wreg and wcon represent the weights of each
component, where in EDG they were select as 1, 10, and 102,
respectively. This function has to be minimized to obtain
the optimal affine transformations and translations of the
deformed mesh nodes. This can be solved as a least squares
optimization problem. Once the optimization converges, G
can be used to compute the high-resolution vertices in M.



IV. PROPOSED EDEFORMNET MODELING STRATEGY

EDeformNet uses a specialized approach that dynamically
adapts the net template based on the known length of the
submerged portion of the purse seine net. This ensures
that the 3D reconstruction reflects the underwater section
of the net, eliminating unnecessary and unreliable data.
This enhances reconstruction accuracy in realistic fishing
scenarios. The size of the submerged portion is measured in
real-time, based on the length of the released float line (see
Fig. 1(b)). Once the template is configured, a suitable EDG
can be adopted to perform the non-rigid registration from
the template to the deformed state. However, for the specific
case of purse seine modeling, the proposed scheme suggests
a modified EDG objective function whereby two additional
constraint terms can be added to improve the results. These
include a distance consistency constraint – to maintain vertex
distances, and a surface normal constraint – to preserve
deformations by preserving control point normals. In field
studies, the orientation of the sensor in the fishing net
provides the normal direction.

A. Distance consistency constraint
Inherently, the EDG method allows compression and ten-

sion to fit the model to the ground truth via control points.
However, with the sparse control point correspondence, this
behavior loses its true details. The distance constraint intro-
duced in this paper considers the vertex distances between
the initial template and the deformed model. This will force
the optimization algorithm to converge to a solution where
the template has minimum stretch or compression during
registration. Equation (7) introduces this constraint as:

Edist =

N∑
j=1

∑
k∈Nv(vj)

(djk)
2 (7)

where
djk =

||(v̂j)− (v̂k)||2 − ||vj − vk||2
||vj − vk||2

. (8)

Here, Edist will consider the change in distance between
each two vertices adjacently connected in the triangulated
mesh. The neighborhood of these adjacent vertices for a
particular vertex j is defined as Nv(vj). This can vary
between 2-6 depending on the location of the vertex. The
change in distance between vertex j and k is defined as djk
in (8).

B. Surface normal constraint
While adjusting the model to match the control points and

maintaining distance consistency, some areas of the model
may become under-constrained, especially where control
points have less influence. To handle this, we introduce a sur-
face normal constraint based on the direction of the surface
normals at the control points. This makes the problem better
defined (well-posed) and ensures that the model deforms
correctly. This constraint is represented by Esurfn, and is
defined as:.

Esurfn =

nc∑
i=1

||n̂i − nC
i ||22 (9)

where nC
i is the surface normal of the ith control point.

The corresponding normal n̂i of the transformed vertex v̂i
is computed as:

n̂i =

∑
n̂ik∈Nv(v̂i)

n̂ik

||
∑

n̂ik∈Nv(v̂i)
n̂ik||2

. (10)

Here, n̂ik represents the normal vector for a particular
facet k around the ith control point. In the mesh, the number
of facets surrounding the control point can be changed based
on the location of the control point. n̂ik was computed
using the cross product of the respective edge vectors of the
facet formed by the three vertices representing that facet.
These three vertices are defined as j, k, l ∈ Nv(v̂i). This
computation is defined as:

n̂ik =
(v̂j − v̂k)× (v̂l − v̂k)

||(v̂j − v̂k).(v̂l − v̂k)||2
for j, k, l ∈ Nv(v̂i)). (11)

Note that the unit vector of the normal was drawn in (10)
and (11) via normalization.

C. Modified EDG optimization

After integrating the two additional constraints defined
in Section IV-A and Section IV-B into EDG, the objective
function for the proposed EDeformNet optimization can be
defined as:

min
A1,t1,...,An,tn

wrotErot + wregEreg + wconEcon

+ wdistEdist + wsurfnEsurfn. (12)

Here, wdist and wsurfn represent the respective weights
for these two constraints. In our experiments, they were set
as 102 and 104, respectively, by testing a range of values.
The least-squares optimization problem (12) is solved using
the Levenberg–Marquardt (LM) algorithm.

V. PERFORMANCE ANALYSIS

The proposed scheme was tested against static and dy-
namic fishing net deployment sequences with comprehensive
ablation studies and compared with alternative deformation
mapping schemes. The impact of the number of control
points is also presented in this section.

A. Ground truth generation

Collecting real geometries to use in the underlying appli-
cation was quite challenging, as it is currently not feasible to
derive the exact shape of a large submerged fishing net in a
field experiment. Therefore, we have resorted to employing
dynamic simulations created with the 3D computer graphics
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Fig. 2. Illustration of the Blender simulation setup (net size 100m×25m)
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Fig. 3. Comparative 3D reconstruction results for the five methods. (1) EDG. (2) EDG+Esurfn. (3) EDG+Edist. (4) EDeformNet. (5) Using the result
attained from standard EDG as initial Ai, ti for EDeformNet. RMSE is shown in brackets under each figure. (F - flat template, C - cylindrical template,
GT - ground truth).

and animation software Blender [33] to use as the ground
truth. The fishing net model was created using the cloth
physics simulator, with deformation behaviors, ocean physics
and force currents incorporated into realistic simulations in
which the net unfolds while being released in a circular path,
whilst controlled via an armature. Fig. 2 depicts the core
simulation features at a random time step.

B. Ablation study for a single time-step

In the initial comparative analysis, a fully deployed cylin-
drical vertical net was allowed to deform under the influence
of the simulated ocean currents. For the reconstruction anal-
ysis, 9 control points were placed uniformly on the surface
of the net, with the number of vertices (N), nodes (n) and
node neighbours (m) set at 1134, 52 and 6, respectively.
Fishing net shape at a random time frame was then chosen
as ground truth, and five experiments were conducted with
two templates: a flat (F) and a cylindrical (C) mesh. The five
experiments use: (1) standard EDG objective function, EDG
objective functions modified by (2) only adding distance
constraint and (3) only adding surface normal constraint
respectively, (4) EDeformNet (Ours), which includes both
constraints, and (5) using the result attained from standard
EDG as the initial Ai, ti for EDeformNet. The results ob-
tained from these experiments are illustrated in Fig. 3.

The reconstruction error was defined as the mean of the
Euclidean distances between the vertices of the ground truth
mesh (vgti , i ∈ {1, ..., N}) and the vertices of the recon-
structed mesh generated by the EDG (v̂i, i ∈ {1, ..., N}).
This is defined for each frame as the Root Mean Squared
Error (RMSE) and computed as:

RMSE =
1

N

N∑
i=1

||vgti − v̂i||2. (13)

The performance of each test case was evaluated on the
basis of the RMSE and is shown in Fig. 3. These results
show that regardless of the template type, integrating both
constraint terms has led to a lower RMSE when compared
to EDG. When employing the F template, EDG with Esurfn

was able to better preserve the shape of the net in relation to
the EDG. Adding Edist instead further improves the result.
Only adding one constraint (Esurfn/Edist) has shown com-
paratively larger errors for C template. In terms of templates,
the C template is closer to the ground truth and therefore

𝐸𝑑𝑖𝑠𝑡𝐸𝑠𝑢𝑟𝑓𝑛 EDeformNet (EDG initial)

RM
SE

 (m
)

Fig. 4. 3D reconstruction performance comparison of five methods (EDG,
EDG+Esurfn, EDG+Edist, EDeformNet, and EDeformNet with EDG
result as initial) for F - flat template, C - cylindrical template with 30
ground truth samples

exhibits better performance for both EDG and EDeformNet.
However, the reduction in RMSE for EDeformNet when
using the C template was rather limited (1.35%), whereas
EDG´s reduction is very notable (46.89%). It seems evident
that EDeformNet is better able to deform a more universal
template such as the rectangular flat F shape into arbitrary
target geometries. For the C template, incorporating the EDG
solution as an initial of EDeformNet improved the results
marginally (0.05%) while for the F template, the performance
degraded from 0.01%.

In order to further confirm these findings, the five recon-
struction methods were conducted on 30 randomly selected
ground truth frames (in which the net was also fully de-
ployed). Here, RMSE for each sample in each method was
taken as the mean of 5 runs with random Gaussian noise
added to the values of the control point correspondences.
Then, each set was repeated with the two templates. The
result, illustrated in Fig. 4, depicts a similar trend where the
C template reveals a marginal improvement of less than 4.1%
over the F template. This modest difference demonstrates
that even though the F template may be less similar to the
physical shape of the net, once the additional constraints are
integrated, it can adapt effectively and achieve accuracies
nearly on par with the C template. Moreover, using a poor
standard EDG result (F template) as the starting point of
EDeformNet was ineffective. Overall, the results confirm that
the F template can be a viable and, in some cases, a superior
starting point — particularly when the target shape diverges
from an ideal cylinder, or when a more flexible, general-
purpose initial guess is desirable.
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C. Ablation study for a temporal sequence

In order to evaluate the performance of EDeformNet
during temporal sequences, a blender simulation of a net
dropping scenario was reconstructed using EDeformNet and
other modes of the objective function. 15 uniformly dis-
tributed control points that provide both location and surface
normal data (deep-sea acoustic sensors/net correspondences)
and 9 control points uniformly distributed in the top layer
of the net (GPS sensors/float correspondences) that provide
only location data were considered. The flat mesh (F) in Fig.
3 was used as the template. At each time step, the template
was cropped based on the released length of the net. This is
defined as preprocessing template in Fig. 1(b). Fig. 5 shows
six time steps (T1-T6) extracted from the temporal sequence
with their respective 3D reconstructions using EDeformNet.
Fig. 5 also denotes the RMSE value for each reconstruction.

To evaluate the performance of EDeformNet in the net
drop scenario, RMSE was calculated for each frame. In this
study, a scenario with 120 Blender frames was considered.
Distributing these frames across the entire deployment pro-
cess is considered to provide a comprehensive insight about
the entire purse seining timeline operation. The full variation
of RMSE is illustrated in Fig. 6. In addition, the RMSE
calculated for EDG and EDG with each separate constraint
is also plotted in the same graph. Here, each method was
evaluated five times, introducing random Gaussian noise to

the control point correspondences in each trial. The mean
of these trials was then computed and plotted to ensure a
more robust and reliable comparison of the RMSE values.
For the most part, it can be seen that the RMSE is the
lowest for the proposed EDeformNet. Especially in the initial
frames where only a few sensors are active, EDeformNet
performs significantly better. In general, RMSEs in all modes
fluctuate periodically. The reason is that between two sensor
layers, the 3D reconstruction can deviate slightly from the
ground truth (see T5 in Fig. 5 for instance). However, this is
corrected when the next control point is released into the sea
(see T6 in Fig. 5). EDeformNet shows a 25.8% improvement
in cumulative RMSE compared to EDG, with other similar
circling purse seine simulations showing a similar trend
and values in the comparison (see more examples in the
accompanying video).

D. Control point architecture analysis

This simulation experiment consists of a fully extended de-
forming net over 500 frames (see Fig. 7(a)). The simulation
replicates the deformation behaviour captured by Fig. 1(a1).
The performance of the 3D reconstruction was evaluated
under control points uniformly spaced over the net with 9,
15 and 27 sensors, respectively. In all cases, the F-template
in Fig. 3 was used. Fig. 7(b) illustrates a random instance
pulled out from the sequence, while Fig. 7(c-e) shows the
reconstruction comparison between EDG and EDeformNet
for each control point arrangement. It is evident from the
results that the proposed EDeformNet method outperforms
EDG in every sensor arrangement with 29%, 46%, and 85%
cumulative RMSE improvements, respectively. Especially for
the sparse arrangement with 9 control points, a rather realistic
scenario, EDeformNet showed a remarkable improvement.

E. Performance comparison with alternative deformation
methods

In this experiment, the RMSE of EDeformNet was com-
pared against two widely adopted non-rigid mesh deforma-
tion methods—TPS and ARAP (MATLAB implementations
sourced from [34] and [35]) —across 120 frames of a purse
seine net deployment. To assess robustness and accuracy,
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Fig. 7. Control points number performance comparison for EDG and
EDeformNet: (a) RMSE for temporal sequence of a deforming fully
deployed net over 500 frames. (b) Blender deformation pattern pulled out at
the 175th frame. (c,d,e) 3D reconstruction for 9, 15, 27 equally distributed
control point arrangements respectively (RMSEs in brackets and control
points are shown in red on GTs).

three different temporal simulation scenarios were exam-
ined, each corresponding to distinct current patterns. Fig.
8 illustrates the 120th frame of each scenario, depicting the
fully deployed net in each case. The comparative results are
presented in Fig. 9 (Refer to the accompanying video for
further visualizations). The solid, dashed, and dotted lines
in the figure represent the mean error for each method,
while the shaded regions indicate the standard deviation for 5
experimental runs while introducing random Gaussian noise
into the sensor readings within a ±3.0 m error bound. This
bound was selected based on the accuracy specifications of
commercially available underwater acoustic sensor units.

In the first scenario, EDeformNet consistently achieved
the lowest error across all frames, exhibiting minimal fluctu-
ations and a notably narrow uncertainty range. This outcome
implies that EDeformNet is more resilient to noise in the con-
trol point measurements. By contrast, TPS and ARAP started
with higher initial errors, with ARAP showing the greatest
variability, particularly during the early frames characterized
by rapid deformations. As the sequence progressed, all meth-
ods converged to lower error levels, although EDeformNet
continued to deliver superior accuracy and stability. These
findings suggest that EDeformNet is the most reliable option
for modeling purse seine net deformations, adeptly handling
varying degrees of sensor noise while preserving accuracy.
In the second and third scenarios, TPS and ARAP per-
formed more comparably to EDeformNet, yet EDeformNet
still maintained consistently higher accuracy. On average,
EDeformNet shows 27.5% and 29.2% improvements when

(a) (b) (c)

Fig. 8. Net deployment recorded at the 120th frame for the three temporal
sequence scenarios (a)-(c) used for the performance comparison.
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Fig. 9. Performance comparison between EDeformNet, ARAP [34] and
TPS [35] for the net dropping scenario. (a)-(c) represent the three temporal
sequence scenarios (µ - Mean of the RMSE, σ - Standard deviation of the
RMSE for 5 runs per each test).

compared to TPS and ARAP errors, respectively. Overall,
these results highlight EDeformNet’s robustness and reliabil-
ity for simulating purse seine net deformations under diverse
environmental conditions.

With regards to computational requirements, it was ob-
served that on a high performance laptop computer (Intel
Core i7-12650H CPU @ 2.70 GHz, 24 GB RAM, NVIDIA
RTX 3060 GPU), the average processing time per frame was
approximately 0.2s for TPS, 0.4s for ARAP, and 2.5s for
EDeformNet. While EDeformNet demonstrates superior ac-
curacy from incorporating additional constraints, this comes
with a moderate increase in computational time. However,
this processing time remains well within acceptable limits in
purse seining, where a full fishing net deployment operation
would typically take around 10 minutes. Given that one
frame at every 5.0 seconds is sufficient to extract 120
meaningful insights from the 3D reconstruction process, the
computational overhead of EDeformNet appears well within
operational constraints, and therefore a viable solution for
real-world deployments.



VI. CONCLUSIONS AND FUTURE DIRECTION

This paper has introduced EDeformNet, a pioneering ap-
proach for real-time 3D reconstruction of purse seine fishing
nets, extending EDG for this purpose, coupled with sparse
positional measurements from trackers attached to the net.
EDeformNet is proven to be a notable improvement over the
performance of standard EDG by adding suitable constraints
to the objective function tailored to a fishing net scenario.
Blender-based simulations were developed to mimic net de-
ployment, and extensive analyses were conducted to evaluate
the performance of EDeformNet with different templates
and control point arrangements. Results demonstrate that the
novel scheme can better preserve the typical deformations
and movements of a net present during a fishing operation,
leading to a minimum of 25% improvement over standard
EDG in temporal reconstruction accuracy. It also shows
27.5% and 29.2% improvements compared to TPS and
ARAP methods. EDeformNet presents a promising avenue
for advancing the capabilities of fisheries monitoring and
management, providing a novel tool to help fishing boat
captains in their daily jobs. The work is currently being
implemented on a fishing vessel for field validation.
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