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Chapter 1
Full-Field 3D Structural Dynamics via Neural Radiance Fields

Thiago F. Ribeiro, Victor H. R. Cardoso, Jodo C. W. A. Costa, and Moisés F. Silva

Abstract The ability to acquire high-resolution, full-field 3D representations of structures has long enabled experimental
modal identification, whether via contact sensors that track material points in a Lagrangian frame or optical imagers that sam-
ple motion in an approximate Eulerian frame. Conventional algorithms assume fixed measurement identities through time,
but large-motion dynamics, occlusions, viewpoint changes, and noise violate both frames and undermine standard tech-
niques. We introduce the first Neural Radiance Field (NeRF)-based pipeline for full-field 3D experimental modal analysis
driven solely by standard RGB cameras. A semi-spherical array of synchronized cameras records the structure’s oscillation
at discrete time steps. At each step, we train a NeRF to reconstruct the instantaneous 3D light field and extract a dense
point cloud with a Lagrangian interpretation. The resulting sequence of dynamically varying point clouds is then processed
via principal component analysis for dimensionality reduction, followed by a blind source separation scheme to decompose
modal frequencies and recover 3D mode shapes. Validation on simulated data yields modal parameters within experimental
error margins of reference values, demonstrating accuracy on par with specialized hardware while relying solely on ubiqui-
tous RGB imaging and neural reconstruction. By integrating NeRF reconstructions with classical modal-analysis workflows,
this work establishes a cost-effective, vision-based alternative for structural diagnostics. Motivated by the very first attempt
to assess the health condition of plants through their vibrational modes, treating them within the framework of structural
health monitoring, this work also represents the first application of dynamic Neural Radiance Fields for full-field modal
analysis of plants, enabling non-invasive extraction of quantitative physiological traits.
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Introduction

Modal analysis of dynamic structures represents a fundamental methodology in structural engineering and mechanical sys-
tems characterization, enabling the identification of natural frequencies, damping ratios, and mode shapes essential for
design validation and health monitoring. Traditional contact-based sensor networks impose significant limitations in terms
of spatial resolution, installation complexity, and applicability to inaccessible environments. The emergence of vision-based
measurement techniques has revolutionized structural dynamics assessment by offering non-contact, high-resolution spatial
measurements capable of capturing full-field deformation patterns [1, 2].

Recent advances in computer vision and neural implicit representations have introduced NeRFs as a powerful tool for 3D
scene reconstruction and novel view synthesis. NeRFs achieve state-of-the-art results by representing scenes through fully-
connected neural networks that map 5D coordinates (spatial location and viewing direction) to volume density and view-
dependent radiance [3]. This implicit representation enables high-fidelity 3D reconstruction from sparse 2D observations,
making it particularly suitable for capturing dynamic structural behavior with unprecedented spatial detail.
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The application of 3D point cloud data to structural dynamics has gained significant momentum with the development of
time-of-flight (ToF) imaging technologies. The work present in [4] demonstrated the feasibility of extracting vibration modes
from dynamic point clouds using commercial depth sensors, employing virtual Lagrangian sensors to track structural motion
and blind source separation techniques for modal parameter extraction. This pioneering work established that point cloud-
based approaches could achieve high-resolution modal identification comparable to traditional laser displacement sensors,
with the advantage of capturing thousands of measurement points simultaneously.

While traditional point cloud acquisition relies on sequential scanning or ToF sensors with limited temporal resolution,
NeRF-based reconstruction offers distinct advantages for dynamic structural analysis. Unlike conventional photogrammetry
or stereo vision approaches, NeRF technology provides superior handling of complex lighting conditions, view-dependent
effects, and scene completeness. The continuous volumetric representation inherent in NeRFs enables the generation of
dense, temporally consistent point clouds from multi-view imagery, addressing the fundamental challenge of maintaining
spatial correspondence across time-varying datasets.

Principal Component Analysis (PCA) serves as the mathematical foundation for extracting dominant spatial patterns
from high-dimensional point cloud datasets. In structural dynamics applications, PCA enables the decomposition of com-
plex vibration patterns into orthogonal principal components corresponding to fundamental vibration modes [5, 6]. For an
undamped or lightly damped structure with uniform mass distribution, the principal directions converge to mode shape di-
rections, with singular values indicating modal participation energy [4]. This transformation effectively converts geometric
information into a friendly format to classical modal analysis techniques while preserving spatial richness.

Blind Source Separation (BSS) complements PCA by addressing the fundamental challenge of extracting independent
modal responses from mixed observations without prior knowledge of source characteristics. BSS-based methods for modal
identification treat modal coordinates as independent sources, enabling separation of closely-spaced modes and identifica-
tion of operational deflection shapes under ambient excitation [7, 8]. The complexity pursuit algorithm has demonstrated
particular effectiveness for estimating closely spaced and highly damped modes with minimal user supervision [9], making
it suitable for processing high-dimensional point cloud data.

Current research gaps exist at the intersection of neural implicit representations and structural dynamics characteriza-
tion. While NeRF technology has demonstrated success in static scene reconstruction, its application to dynamic structural
systems remains largely unexplored. The temporal consistency requirements for modal analysis demand robust tracking
of geometric features across multiple time instances, which challenges traditional NeRF formulations optimized for static
scenes. Additionally, the applications of NeRF-based point cloud sequences for real-time structural monitoring requires
systematic investigation.

The integration of NeRF-based 3D reconstruction with advanced signal processing techniques represents a significant ad-
vancement beyond existing point cloud-based modal analysis methods. Traditional approaches using ToF sensors are limited
by frame rate constraints and depth resolution, restricting applications to structures with relatively low natural frequencies
[4]. NeRF-based approaches, leveraging multi-view imagery with higher temporal resolution of high-speed cameras, could
potentially overcome these limitations while providing enhanced spatial coverage and measurement density.

This paper presents a novel methodology that leverages NeRF-based 3D reconstruction for generating high-resolution
point cloud representations of vibrating structures, followed by PCA-BSS processing for modal parameter extraction. The
approach addresses fundamental limitations in current experimental modal analysis practices by combining the spatial rich-
ness of neural implicit representations with established blind identification techniques. The methodology extends recent
advances in dynamic point cloud processing [4] by introducing NeRF-based reconstruction as a means to achieve superior
temporal consistency and spatial resolution.

The proposed approach represents a paradigm shift from sparse sensor networks to dense, spatially distributed mea-
surement systems capable of capturing intricate mode shape details that conventional accelerometer arrays cannot resolve.
By integrating cutting-edge computer vision techniques with established structural dynamics theory, this work opens new
frontiers in non-contact structural health monitoring with implications extending to robotics, aerospace, and biomedical
applications.

While Neural Radiance Fields (NeRF) [3] have been successfully applied to the static 3D reconstruction of plants [10]
and civil structures [11], their extension to dynamic scenes for quantitative modal analysis remains unexplored. This work
presents, to the best of our knowledge, the first methodology to leverage the dense, view-consistent spatiotemporal recon-
structions from dynamic NeRF for full-field operational modal analysis.

The application of Neural Radiance Fields (NeRF) to represent the spatiotemporal dynamics of plant vibration modes
presents a novel methodology for the non-invasive extraction of quantitative physiological traits. This technique yields high-
resolution, full-field quantitative data in planta, establishing a foundation for scalable phenotyping at the canopy level. In
contrast to established but often cost-prohibitive and range-limited LiDAR systems, the proposed method leverages standard
high-definition camera systems, enabling unprecedented data fidelity at a substantially reduced operational cost.
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Our primary contributions include: (1) demonstration of NeRF applicability to dynamic structural systems for modal
analysis applications, (2) development of processing workflows that balance computational efficiency with measurement
fidelity, and (3) validation of the methodology against simulation based ground truth data. The results provide a foundation
for advancing vision-based structural dynamics assessment and highlight the transformative potential of neural implicit
representations in experimental mechanics.

Neural Radiance Fields

Neural radiance fields represent scenes as continuous volumetric functions, learned through differentiable rendering of multi-
view images [12]. Unlike traditional photogrammetric approaches based on Structure-from-Motion (SfM) and Multi-View
Stereo (MVS), NeRF-based methods demonstrate superior performance in handling complex geometries, reflective surfaces,
and sparse viewpoints [13]. The extraction of dense point clouds from trained NeRF models provides geometrically consis-
tent three-dimensional representations suitable for downstream structural analysis tasks [14].

MLP architecture

The NeRF architecture employs a multilayer perceptron (MLP) consisting of nine fully connected layers, each with 256
neurons and ReLU activation functions. A skip connection is incorporated into the fifth layer, where positional encoding
[15] is introduced to enhance the network’s ability to capture fine spatial details, as depicted in Figure 1. The ninth layer
outputs the density parameter, o. An additional tenth layer, with 128 neurons and ReLLU activation, processes the remaining
256-dimensional feature vector. A final sigmoid-activated output layer predicts the emitted RGB radiance at position x, as
observed along a ray with direction d [3].
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Fig. 1 Visualization of the NeRF’s fully-connected network architecture.

Volume rendering

The author in [3] models the 5D neural radiance field to represent a scene as the volume density and directional emitted
radiance at any point in space. The color of any ray passing through the scene is rendered using principles from classical
volume rendering [16]. The volume density o(x) is interpreted as the differential probability of a ray terminating at an
infinitesimal particle at location x. Equation 1 depicts the expected color C(r) of camera ray r(t) = o + ¢td with near and
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far bounds ¢,, and ¢ is:

ty t
C(r) :/ T(t)o(r(t))c(r(t),d)dt, T(t)=-exp </ J(r(s))ds> . (1
tn tn

The function T'(¢) denotes the accumulated transmittance along the ray from ¢, to ¢, i.e., the probability that the ray
travels from ¢,, to ¢ without hitting any other particle. Rendering a view from a continuous neural radiance field requires
estimating this integral C(r) for a camera ray traced through each pixel of the desired virtual camera.

This continuous integral can be numerically estimated using quadrature. Deterministic quadrature, which is typically
used for rendering discretized voxel grids, would effectively limit the representation’s resolution because the MLP would
only be queried at a fixed discrete set of locations. Instead, a stratified sampling approach is used where its partitioned [¢,,, t ¢]
into N evenly-spaced bins and then draw one sample uniformly at random from within each bin, as depicted in Equation 2:

- .
tiwu[thrZN (tftn),thrl(tftn)]‘ )

N

Although a discrete set of samples is used to estimate the integral, stratified sampling enables representing a continuous
scene representation because it results in the MLP being evaluated at continuous positions over the course of optimization.
These samples are used to estimate C(r) with the quadrature rule discussed in the volume rendering review by Max [17]:

N i—1
C(r)= ZTi(l —exp(—00;))c;, T;=exp | — Zajéj ) 3
j=1

i=1

where é; = t;;1 — t; is the distance between adjacent samples. This function for calculating C (r) from the set of (¢;, 0;)
values is trivially differentiable and reduces to traditional alpha compositing with alpha values a;; = 1 — exp(—0;6;).

Positional encoding

Positional encoding! is a method used to inject spatial information into neural networks, enabling them to effectively
model high-frequency variations and complex spatial structures. It maps low-dimensional inputs, such as spatial coordi-
nates (z,y, z) or viewing directions (f, ¢), into a higher-dimensional feature space using a series of sinusoidal functions.
This technique was introduced in the context of Transformers [15] and has found applications in Large Language Mod-
els [18], audio processing [19] and graph-structured data [20]. It was also adapted for use in NeRFs [3], where capturing
fine-grained spatial details is essential.

The positional encoding function is defined in Equation 4:

PE(p) = [Sin(2k7rp)7COS(2k7TP)],€:_; 4)

where p represents the input coordinate (e.g., z,¥y, 2), and L determines the number of frequency bands used in the
encoding [15]. The canonical NeRF uses L = 10 frequencies for spatial coordinates (z,y,z) and L = 4 for viewing
directions (6, ¢).

For a single input p, the positional encoding expands it into a 2 L-dimensional feature vector:

PE(p) € R*". )
For 3D spatial coordinates (z, y, z), the encoded representation is computed as:
PE(z,y, z) = [PE(z), PE(y), PE(2)], (©)

resulting in a 6L-dimensional feature vector for each 3D point. Similarly, for viewing directions (6, ¢) the encoded repre-
sentation is:
PE(0, ¢) = [PE(0), PE(9)], O

Positional encoding is crucial in overcoming the limitations of standard neural networks, which struggle to model high-
frequency signals due to the inherent smoothness of activation functions like ReLU. By incorporating Fourier features,
the network gains the capacity to represent fine details and sharp edges in data, significantly improving the quality of
reconstructions and representations in tasks like 3D rendering and image synthesis.

!Positional encoding was inspired by Fourier feature mapping [3], a technique used to enable neural networks, especially MLPs, to better
capture high-frequency signals in data, particularly in low-dimensional domains such as image and graphics processing.
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Hierarchical volume sampling

NeRF’s rendering strategy of densely evaluating the neural radiance field network at N query points along each camera
ray is inefficient: free space and occluded regions that do not contribute to the rendered image are still sampled repeatedly.
An hierarchical representation is proposed by [3] that increases rendering efficiency by allocating samples proportionally to
their expected effect on the final rendering.

Instead of just using a single network to represent the scene, two networks are simultaneously optimized: one “coarse”
(N. = 64) and one “fine” (N = 192). First a set of N, locations are sampled using stratified sampling, and evaluate the
“coarse” network at these locations as described in equations (2) and (3). Given the output of this “coarse” network, it is
then produced a more informed sampling of points along each ray where samples are biased towards the relevant parts of
the volume, as depicted in Figure 2. To do this, first the alpha composited color is rewritten from the coarse network C’C(r)
in equation (3) as a weighted sum of all sampled colors c¢; along the ray, depicted in Equation 8:

N,
Celr) = Zwici7 w; = T;(1 — exp(—040;)). (8)
i1

Normalizing these weights as w; = w;/ E;V:LI w; produces a piecewise-constant Probability Density Function (PDF)
along the ray. A second set of N locations is sampled from this distribution using inverse transform sampling, evaluate the
“fine” network at the union of the first and second set of samples, and compute the final rendered color of the ray C +(r)
using the equation (3) but using all V. + Ny samples. This procedure allocates more samples to regions expected to contain
visible content. This addresses a similar goal as importance sampling, but the sampled values are used as a non-uniform
discretization of the whole integration domain rather than treating each sample as an independent probabilistic estimate of
the entire integral.
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Fig. 2 Visual representation of NeRF’s hierarchical sampling. First a set of coarse points (in green) are uniformly sampled
along a particular ray using a coarse network to estimate general scene density. This initial density prediction is then used to
form a probability distribution that guides the fine network to finely sample additional points (in pink) in regions that likely
contain important details.
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Loss function

During training of deep learning models, a loss function is used to optimize the model’s parameters [21]. It measures the
difference between the predicted and expected outputs of the model. The objective of training is to minimize this difference
as the training iterations occur. Given the vast array of deep learning applications, different loss functions can be applied to
different kind of problems. For instance, using 0-1 loss, perceptron loss, logarithmic loss, sigmoid cross entropy loss, and
others for classification problems and Absolute loss, Huber Loss, Log-cosh loss and others in regression problems [22]. In
image models, the loss function is computed by comparing the colors of a synthesized image with the ground-truth image
[23]. Traditional image models rely on the L2 norm, also known as the Euclidean Norm, for image reconstruction [24].

In the context of NeRF training, the Loss function defined at Equation 9 was used to measure the difference between a
predicted image é’p(r) and a ground truth image C(r) . The loss function of the NeRF is the total squared error between the
rendered and true pixel colors for both the coarse (N, = 64) and fine (N; = 192) renderings:

L=3" [I\C‘c(r)*C(T)I@JrHCA’f(T)*C(T)Ilﬁ : ©

reR

NeRFs are trained on batches of rays rather than entire images. R represents the set of rays in each training batch. For
each ray 7 in a batch, C(r) denotes the ground truth RGB color, while C,(r) and C' () represent the predicted RGB colors
from the coarse and fine models, respectively. The training aims minimizing the difference between these predicted colors
and the ground truth, ensuring that both coarse and fine models learn to accurately reconstruct the scene.

Point cloud extraction and export

Extracting explicit geometry information in the shape of a point cloud from an implicit volumetric representation of a scene
from a trained NeRF model is done by sampling a batch of rays from different viewing angles. Using these rays, the NeRF
model infers their RGB color and opacity for every sampled 3D coordinate point. Since the camera origins and directions
of every ray are known, the distance/depth of every sampled point to the camera origin are also known from the camera
extrinsics. The distance/depth from the camera’s origin to the sample point is encoded into 3D coordinates in space.

P ={z; | o(x;) > Othreshoid for z; € R*}, (10)

where o(x;) is the predicted density at point (z;) and oypreshold 18 @ predefined opacity threshold used to extract surface
points. Points below certain o5 ,esho14 (0ften 0.9) or outside a bounding box are discarded. The remaining valid points are
gradually collected, with the process repeating until an arbitrary number of high quality points have been gathered. Finally,
the accumulated 3D points and their color data can be exported into a standardized point cloud format for further processing.
An advantage of implicit representations is the continuous nature of the reconstructed model. Therefore, given sufficient
memory resources, point clouds containing an arbitrary number of points can be generated from any region of the model.

Motion Tracking by Virtual Lagrangian Sensors

Given a sequence of time-varying point cloud data, we define a densely populated grid of three-dimensional points (Figure
3). Each point in this grid is used as a measurement point for the motion tracking procedure. The goal is to generate virtual
Lagrangian sensors by, allowing the efficient measurement of displacements at thousands of points across the structure’s
surface. In the case of Figure 3, we are able to densely monitor the structure using 99.990 virtual Lagrangian sensors for
dynamic point cloud data with approximately 100.000 points. Note that the number of points in the point cloud data is not
constant across time. As a result this modelling step is imperative to enable the measurement of motion in the same structure
locations over time. Also, the number of virtual sensors can be arbitrarily chosen, and randomly sampled from the model.
The concern is to sample the same points across time to simulate real sensors placed on the structure’s surface as the points
in the dynamic cloud are not suitable to directly use since the number of points change dynamically.

The dense number of sensing points is achieved by fitting a three-dimensional polynomial model over the point cloud
data. A fixed set of points are sampled from the X- and Y-directions to measure displacements in the Z direction over time.
Thus, motion is tracked on the same locations of the structure once the values for the Z-axis are interpolated by fitting the
model. This process is repeated across time by fitting the three-dimensional model for each of the acquired point cloud data.
Note that the model does not use any information regarding structure’s properties or dimensions, instead, this unsupervised
model is purely data-driven.
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Fig. 3 Dynamic point cloud of a vibrating Euterpe oleracea Mart. (agai palm) tree leaf (left) and a very dense grid of
Lagrangian sensors on top of the point cloud data (right). In this case, we created 99.990 sensing points, which allows for
full-field 3D monitoring for the entire leaf.

The displacement time series are the difference between the square root of the current position, z¢,,, of the ith virtual
sensor to its previous one, z.,;, as in Equation (11), corresponding to a Lagrangian-type measurement once the values of the
structure coordinates do not vary along time. Therefore, the end result of the motion tracking is a matrix A, € R™*™ with
displacement measurements, where n is the number of dynamic point clouds (temporal dimension) and m the number of
virtual Lagrangian sensors (spatial dimension).

Alz = Z’IZ;LG’LU - Z(i)ld‘ (1 1)

Blind Identification of 3D Vibration Modes

Dimensionality Reduction

Once the vibration motion A, is encoded into the motion time series from the dynamic point cloud data, we can directly
apply conventional modal identification techniques over the collected time series. Here, we employ a recent developed class
of algorithms for blind identification and visualization of vibration modes from video measurements [25, 26, 27].

Since our ultimate goal is to perform high resolution modal identification, it is desirable to use hundreds of virtual
Lagrangian sensors. Thus, the first step for modal identification is to perform dimensionality reduction on the basis of
Principal Component Analysis (PCA) over the motion time series. The goal is to factorize A, in terms of two unknown
matrices U € R™*™ and V € R™*" such that U and V are the left- and right-singular vectors obtained by the eigenvalue
decomposition (EVD) of the covariance matrix from A, through Singular Value Decomposition (SVD) [28].

From a structural dynamics point of view [25, 26], it has been shown that for an undamped or very lightly damped
structure, if its mass matrix is proportional to the identity matrix (i.e., uniform mass distribution), then the principal directions
will converge to the mode shape direction [29, 27] with the corresponding singular values indicating their participating energy
in the structural vibration responses, which means that the active structural modes are projected onto a very small number of
7 principal components

n~AUT (12)

where U, is the first (< n) columns of U, and T denotes the transpose operation.

At this point, it is important to highlight the role being played by both U,. and 7. As PCA is applied over the motion
time series, 7 € R™*" accounts for a temporal decomposition with each column 7; indicating the time pattern of a specific
vibration mode. On the other hand, U,. incorporates a spatial decomposition with each row U;, when properly reshaped,
resembling the corresponding vibration mode shape. Thus, when considering both 7 and U,. we have a 2D spatio-temporal
decomposition.
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Blind Identification of 3D Modal Parameters

Although 7 accounts for the vibration patterns extracted from the dynamic point cloud data, as mentioned in [29] and also
highlighted by [27], the uniform mass distribution assumption is usually not satisfied, which makes each component 7 still
a mixture of modes and can be approximated as a linear combination of the modal coordinates

n=a¥ => g, (13)
=1

where q € R"*" is the modal response matrix with ¢; being the i-th modal coordinate, and U"*" is the mixing matrix.
Using the relationship between the extracted components and the modal coordinates observed in [27] leads to

A~ qlU, =U, Y gy = Y (i Uy). (14)
1=1

i=1

Comparing Equation (14) to Equation (13), high resolution mode shapes with resolution equal to the number of virtual
sensors are given by
®=U 0", (15)

where & € R"*"™ is the mode shape matrix with each ¢; as the i-th mode shape. Similarly, modal coordinates can be
estimated by
q=U,"U. (16)

The mixing matrix ¥ can be estimated by simply applying a BSS technique to solve the linear mixture problem stated
in Equation (13). As previously demonstrated [25, 26], the complexity pursuit (CP) algorithm [30] can very efficiently
estimate closely spaced and highly damped modes with small user supervision, and is therefore adopted here. Other modal
parameters, such as resonant frequencies and damping ratios, can be further estimated using conventional Fourier transform
and logarithmic decrement techniques.

Note that in this case the mode shapes in ® are related to the motion in the Z-axis. Thus, in order to visualize a three-
dimensional mode shape, the fixed X- and Y-coordinates for the virtual sensors can be used along with the mode shapes in
the Z-axis for visualization of 3D modes.
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Fig. 4 Three-dimentional model of an Euterpe oleracea Mart. (agai palm), modeled in Blender.
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Modal Dynamics Visualization

To reconstruct each independent mode for visualization only, we can use Equation (13) and Equation (12) for a given mode
1. First, multiplying the individual modal coordinate g; in Equation (13) by a magnification factor « and the other ones by a
decaying factor 5 we have

T
i = (ag:) i + B ¢ty (17
j=1
J#i
where 7); is the reconstructed temporal component after reconstruct the i-th mode. After that we can utilize the mode shape
matrix ® as our new set of spatial components, substitute into Equation (12) and then reconstruct a scaled version of the
original measurement with the ¢-th mode enhanced by applying

A, = p;®. (18)

The end result is a scaled version of the original video by a factor o while removing the other modes using a decaying
term (3. Other modes can be arbitrarily recovered for visualization purposes following the same procedure.

Estimating 3D Modal Parameters from NeRF-Based Dynamic Point Cloud Data

Data simulation with Blender

A simulation test was conducted to estimate modal parameters from a 3D Euterpe oleracea Mart. (agai palm) tree measuring
2.59 meters long and 1.61 meters wide. The 2.59 meters long trunk geometry was generated using a cylindrical mesh with
applied curvature modifiers, while the 0.98 meters long pinnate leaves were constructed through instanced meshes with
simple extrusion and array operations to reproduce leaflet distribution. The scene is rendered with a basic PBR shading setup
under HDRI illumination on a checkered reference plane, allowing evaluation of form, scale, and topology from multiple
perspectives.

An acai tree with 5 leaves and a branch was modeled. The leaves were modeled simulating z-axis vibration modes of 2hz
(first bending mode), Shz (second bending mode) and 10 hz (first torsional mode) while the branch had a single x-axis 1hz
bending mode. 50 pictures from specific points were captured at each moment between 0 and 3 seconds (30 FPS). At each
timestep, those 50 Full HD (1920p) pictures were used to train a nerf model which was then used to export an point cloud
of that particular moment, totalizing 90 point clouds. Those point clouds were finally used as input for the PCA and BBS
process in order to extract its vibration modes.

Similarly to [4] work, 3 principal components were extracted to estimate the first three structural modes. Figure 5 shows
that there are 5 active eigenvalues. The presence of additional eigenvalues can be attributed to several inherent properties of
the NeRF reconstruction process, such as:

1. Volumetric sampling artifacts arising from the discrete ray-casting procedure;
2. Temporal inconsistencies in point cloud density across timesteps, and/or;

3. Geometric reconstruction noise particularly pronounced at leaf boundaries and complex surface features.

Rather than representing spurious modes, these additional components capture the stochastic nature of the reconstruction
process and provide a quantitative measure of method uncertainty.

Instead of fully training nerf models for each 90 timesteps 20k iterations, a transfer learning approach was done. The
nerf model at timestep t=0 was initially trained for 17k iterations then for 3k more. The neural network weights for the initial
17k were used as starting weights for subsequent timestep models, each training an additional 3k iterations.

For the leaves, a 5x5 poly function was used to fit the points into an polinomial surface. For the branch, a cylinder fit was
used.

Experimental results and discussion

Figure 6 and 7 shows the vibration modes extracted from the nerf-based point cloud models with PCA and BSS respectively.
In this case, the resonant frequency estimated for the first bending mode was correctly identified at 2 Hz, while the second
bending mode and the first torsional mode frequencies were identified as 5 Hz and 10 Hz.
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Fig. 5 The eigenvalue distribution of the covariance matrix of the structural responses from the proposed vision approach.
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Fig. 6 The principal components and their power spectral density (PSD) of the structural responses from the proposed
NeRF-based approach.
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Fig. 7 Modal coordinates and their power spectral densities (PSD) estimated using the blind identification approach from
the NeRF-based approach.

The mode static mode shapes are shown in Figure 8. For illustration purposes, several frames from the independent 3D
mode shapes can be observed in Figure 9. For comparison purposes, the amplitude of the mode shapes were normalized to
the same range. Note that those mode shapes are in perfect agreement with the expected simulated geometry and behavior
for their respective modes.

Based on the experimental results, the proposed NeRF-based approach (as depicted in Figure 10) successfully extracted
modal parameters from the simulated Euterpe oleracea Mart. palm structure. The method correctly identified all three target
frequencies: the first bending mode at 2 Hz, second bending mode at 5 Hz, and first torsional mode at 10 Hz, demonstrating
accurate frequency domain performance. Both PCA and BSS techniques yielded consistent results in extracting the three
principal vibration modes from the 90 reconstructed point clouds. The recovered 3D mode shapes exhibited excellent agree-
ment with the expected simulated geometry, validating the geometric accuracy of the approach. The presence of five active
eigenvalues, rather than the expected three, was appropriately attributed to inherent reconstruction artifacts including volu-
metric sampling noise, temporal density variations, and geometric reconstruction uncertainties at complex features such as
leaf boundaries.

The transfer learning strategy employed for NeRF training represents a computationally efficient approach, initializ-
ing subsequent timestep models with 17k pre-trained iterations and requiring only 3k additional iterations per frame. This
methodology significantly reduces computational burden while maintaining reconstruction quality across the temporal se-
quence. The integration of polynomial surface fitting (5x5) for leaf structures demonstrates appropriate geometric param-
eterization for the distinct morphological components. The successful extraction of modal parameters from synthetically
generated data establishes a proof-of-concept for vision-based structural health monitoring of vegetation, though real-world
validation will require addressing additional challenges including environmental noise, varying illumination conditions, and
the stochastic nature of natural wind excitation.
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Fig. 8 3D mode shapes estimated from the point cloud data using the blind identification approach based on PCA and blind
source separation.
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Fig. 9 A few temporal frames from the motion magnified 3D videos for each one of the vibration modes.
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Fig. 10 We introduce the first attempt to process and extract 3D modal parameters from dynamic, NeRF-based, point
cloud data. Initially, a set of pictures are obtained from a timestep of the structure. Then, these pictures are input into the
NeRF pipeline where, after the training is finished, a point cloud of that timestep is obtained. This process is repeated until all
models from the timeframe are trained and their point clouds extracted. Afterwards, blind identification of vibration modes is
performed using PCA and BSS algorithms over motion time series estimated for each one of the coordinates of the structure.
Finally, the mode shapes and modal coordinates are used to reconstruct the motion of the independent vibration modes.
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Conclusion

The integration of machine learning-based 3D reconstruction with established modal analysis techniques represents a paradigm
shift in structural dynamics characterization. This convergence enables unprecedented spatial and temporal resolution while
maintaining the theoretical foundations of modal decomposition. The proposed NeRF-PCA-BSS pipeline establishes a foun-
dation for next-generation structural health monitoring systems, combining the geometric fidelity of neural scene represen-
tations with the physical interpretability of modal analysis. Moreover, the proposed approach offers several technical advan-
tages. The continuous representation inherent to NeRF enables high-resolution displacement tracking, critical for accurate
modal parameter estimation. The combination of PCA and BSS provides robust performance in the presence of measure-
ment noise and operational excitation. Furthermore, the framework naturally handles incomplete observations and occlusions
through the learned scene priors embedded in the neural radiance field.
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