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Abstract. Surface reconstruction from planar cross-sections is a long-
standing and challenging problem with applications in medical imaging,
manufacturing, and scientific visualization. In this setting, the lack of
data between slicing planes results in erroneous geometric laddering ar-
tifacts with standard point-cloud reconstruction methods. While current
bespoke methods provide powerful implicit neural representations (INR)
for recovering static geometry from sparse slices, extending these ap-
proaches to dynamic and multi-class settings remains unexplored. In
this setting, time-wise observations are also sparse, making the 4D re-
construction problem severely under-constrained and prone to spurious
surfaces and temporal inconsistencies. We propose DynaSlice, an INR
framework for reconstructing dynamic SDFs directly from temporal 2D
slices. DynaSlice models evolving geometry as a single multichannel 4D
neural SDF parameterized by a sinusoidal network (STREN) and jointly
optimized across space and time, avoiding per-frame fitting and explicit
surface correspondences. We show that SIRENs naturally act as a smooth
interpolator across time and space, enabling coherent surface evolution
between observed slices. To further stabilize reconstruction in unobserved
intervals, we introduce explicit temporal frequency control, which attenu-
ates high-frequency temporal oscillations while preserving spatial detail.
The multichannel formulation enables the simultaneous reconstruction
of multiple structures within a unified INR, where shared network pa-
rameters capture common space—time features. Experiments on synthetic
sequences and real medical data show that DynaSlice demonstrates im-
proved geometric accuracy, and orders of magnitude faster training times
than existing approaches.
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1 Introduction

Reconstructing surfaces from planar cross-sections is a long-standing problem
in computer vision and graphics, with important applications in medical imag-
ing [12,|15,19] and manufacturing [7]. Typically, CT /MRI/Ultrasound scans are
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segmented by a doctor or an automated algorithm to produce a set of shape
boundaries on arbitrarily oriented 2D planes. Recovering a coherent 3D surface
is challenging due to the sparse and non-uniform sampling of the target surface.
Classical approaches which rely on interpolation [113]/5] result in noticeable stair-
casing artifacts and slicing discontinuities. Similarly, out-of-the-box point-cloud
reconstruction methods often fail due to the data sparsity between planes [38l/43].

Recent bespoke approaches employ implicit neural representations (INRs),
especially neural signed distance functions (SDFs), and demonstrated strong per-
formance for surface reconstruction from cross-sections [38,/43|. However, these
approaches focus on reconstructing static geometry |2}8.38l/43]. Extending cross-
sectional reconstruction to dynamic settings, where the surface evolves over time,
remains an open problem. In this setting, data-sparsity along both the time and
slicing axes presents a significant challenge. Cross-sectional scanning of dynamic
surfaces is common in medical imaging, for example capturing breathing and
cardiac cycles |48|. In these contexts, potentially arbitrary cross-section orienta-
tions occur according to the acquisition procedure, e.g. in 3D ultrasound [11] or
cineMRI [4], or due to re-slicing as a post-process, where non-parallel slices lead
to improved visualization and easier segmentation of the target [27.35].

In practice, medical segmentations are often multi-class, including several si-
multaneous 4D organ sequences that must be reconstructed consistently over
time. A naive approach might be to apply existing static methods, such as
CrossSDF [43] or OReX |38], independently to each organ and timestep, and
interpolating the resulting fields across the temporal dimension. However, this
strategy quickly becomes impractical: for clinical sequences with tens of time
steps, reconstructing each organ individually requires hours of computation per
frame [43], or days per-organ. Consequently, naively extending static SDF ap-
proaches to multi-organ, multi-frame reconstruction does not scale efficiently
and motivates the need for methods that jointly model spatial and temporal
correlations across all structures.

We introduce DynaSlice, a framework for reconstructing 4D surfaces directly
from dynamic 2D cross-sections (see . Our method represents surface
evolution as a multi-class 4D neural SDF defined over space and time, with in-
dividual structures encoded channel-wise in the network output. To address the
challenge of sparsity, we leverage the expressive power of SIREN networks [40]
while introducing an explicit temporal frequency band-limiting mechanism. Un-
like standard SIRENs, which treat space and time identically, our approach
separates the temporal dimension and constrains its spectral content according
to the temporal sampling rate. By doing so, the network captures the appro-
priate level of temporal detail without destabilizing optimization or introducing
oscillations, resulting in smooth and stable surface evolution.

Experiments show that DynaSlice outperforms state-of-the-art methods for
dynamic surface reconstruction, producing high-fidelity 4D surfaces that are free
of staircase artifacts and temporal inconsistencies.

In summary, our contributions are:
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4D neural SDF from dynamic cross-sections
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Fig. 1: We present DynaSlice, a robust INR framework for reconstructing 4D neural
SDFs from sparse, unorganized dynamic cross-sections (top). By parameterizing the
scene as a unified multi-channel neural SDF with explicit temporal frequency con-
trol, our method enables coherent surface evolution over time and produces continu-
ous multi-structure segmentations without requiring explicit frame-to-frame correspon-
dences (bottom).

— We propose a novel 4D neural SDF framework for reconstructing dynamic
surfaces directly from temporal 2D cross-sections.

— A frequency-controlled sinusoidal representation that separately limits spa-
tial and temporal frequencies, ensuring stable and accurate surface evolution.

— A multi-channel SDF enables the simultaneous reconstruction of multiple
structures within a single implicit field, allowing efficient and accurate 3D
reconstruction from multi-class medical segmentations.

— We demonstrate that DynaSlice achieves higher reconstruction fidelity com-
pared to state-of-the-art methods, producing temporally smooth surfaces,
without staircase artifacts.

2 Related Works

Neural Implicit Surface Reconstruction. Implicit neural representations
(INRs) have emerged as a powerful method for encoding geometry as a
continuous function of spatial coordinates. Early work parameterized surfaces as

occupancy functions or SDFs , enabling high-quality recon-

struction from 3D supervision. Sinusoidal representation networks replaced
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standard activations with periodic functions that act as a smooth interpola-
tor across all input coordinates, recovering fine geometric detail that standard
coordinate networks. Multi-resolution hash encodings [21] and random Fourier
feature embeddings [41] provide complementary mechanisms for overcoming this
bias. Neuralangelo |18] and NeuS2 |45] combine multi-resolution hash grids with
neural surface rendering, achieving state-of-the-art dense reconstruction from
multi-view imagery. Data-driven methods such as POCO [6] improve scalability
by computing per-point latent codes via point convolutions, enabling reconstruc-
tion across both object and scene scales. Without explicit awareness of the planar
acquisition geometry, coordinate networks interpret the inter-slice space between
contours as freely reconstructible space, forcing the surface normals to align with
the slicing planes and producing the well-known laddering artifact: reconstructed
geometry collapses toward a stack of independent discs rather than a coherent
volumetric surface |38,/43].

Surface Reconstruction from Cross-Sections. Surface reconstruction from
planar observations is a long-standing problem, particularly in medical and
geospatial imaging, where anatomy or terrain is represented through a sequence
of annotated slices |1,|2,/5]. Early approaches establish correspondences between
contours on neighboring planes and explicitly interpolate between them, lead-
ing to clear laddering artifacts. More recently, optimization-based formulations
have recast cross-sectional reconstruction as an implicit surface-fitting problem.
OReX [38] demonstrated that neural representations can infer smooth, continu-
ous geometry directly from contour supervision, avoiding interpolation artifacts.
CrossSDF [43] extended this by using hash-grid encodings and specialized loss
functions to capture finer anatomical structures such as blood vessels. However,
these recent approaches do not account for two prevalent modalities of medical
imaging data: temporal sequences and multi-class anatomical segmentation. We
propose a method that jointly models both from cross-sectional inputs.

4D Surface Reconstruction. Classical level set methods [28,/29] represent
moving interfaces as the zero level set of a time-varying scalar field, but rely on
hand-crafted velocity fields and dense volumetric grids that preclude learning
from data. DynamicFusion [22] and Fusion4D [10] replaced these with learned
warp fields over single and multi-view RGBD streams, respectively, while Oc-
cupancyFlow |23] lifted occupancy networks |20] to 4D via a continuous ve-
locity field integrated with a neural ODE [9], recovering deforming surfaces
from point cloud sequences with implicit correspondences. NeRF-based methods
brought deformable reconstruction to monocular video: D-NeRF [34], Non-Rigid
NeRF [42], and Nerfies [31] parametrise per-scene deformation as a learned warp
into a canonical frame, with HyperNeRF [32| adding an ambient slicing surface
for topological changes; CaDeX |17] further decouples shape from motion via bi-
jective homeomorphic maps for cross-instance generalisation, and CanFields [44]
handles arbitrary-length sequences of uncorrelated point clouds via a diffeomor-
phic motion flow in a fully unsupervised setting. NISE [26] trains on R*xR under
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the level set equation with a data term at t=0 and an unsupervised PDE term:;
Sang et al. couple a modified level-set equation with Eikonal constraints to
a volume-preserving velocity field, and 4Deform extends this to sequences
with physical and geometric regularization for free-topology interpolation. Every
method above requires 3D geometry to be directly observable as point clouds,
depth maps, or images; none addresses recovering a 4D surface from sparse pla-
nar cross-sections, where 2D contours on discrete planes are the only input.
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Fig. 2: Overview of DynaSlice. From sparse annotated temporal cross-sections, Dy-
naSlice learns a single space-time (4D) multi-class neural SDF fF(x,t) with shared
hidden layers and explicit temporal frequency control (clamped w¢). The unified model
is optimized jointly over all timesteps, producing temporally coherent surface evolution

and non-overlapping multi-structure reconstructions at inference time.

3 DynaSlice

DynaSlice (see Fig.[2)) models evolving geometry as a continuous 4D implicit neu-
ral representation (INR) parameterized by a SIREN network [40]. We introduce
several key components. First, a temporal frequency control module addresses the
asymmetric sparsity of spatial and temporal supervision by limiting the tempo-
ral frequency spectrum during training. Second, an orientation consistency loss
encourages correct inside—outside classification of the implicit surface. Third,
a multi-class output layer enables the simultaneous reconstruction of multiple
structures by predicting multiple SDFs within a single network.

3.1 Problem Statement

Our objective is to reconstruct K unknown evolving surfaces {SF} over time
from temporal 2D cross-sections of K anatomical structures. For each timestep
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t;, we are given a collection of cross-sections C; = {C}, ..., CE}, where each CF
is set of cross-sections of the corresponding surface Sfi .

DynaSlice represents the dynamic multi-class geometry implicitly on the zero-
level set of a single multi-channel time-dependent neural SDF,

f:R®x [0,T] — RE.

That is, the k-th coordinate function f*(-,¢;) represents the SDF evolution of
Sk. For clarity of exposition, we first present the network and loss details for a
single SDF class (K =1, with f : R®x[0,1] —R) in the following two subsections
before extending the formulation to the full multi-class model in Sec.

3.2 Temporal Frequency Control

We propose learning a time-dependent INR, for modeling f with explicit temporal
band-limiting according to the time sampling rate (Sec. . We modify the first
layer of a SIREN network [40] to control the bandlimit of each input coordinate
independently, which is crucial for stabilizing space-time reconstruction from
sparse temporal slices. Specifically, we parameterize fy as a composition of d+1
layers:

fo(x,t) =LoS%0..-08%x,t),  Si(y)=sin(W'y +b’), (1)

where W' and b? are the weights and biases of the i-th layer, and L is an affine
output layer.

Space—time frequency disentanglement. A key ingredient of DynaSlice is control-
ling the temporal bandlimit independently from the spatial one. We achieve this
by separating the spatial and temporal frequency components in the first layer.
Let w := WY and ¢ := b be the input frequencies and phase shifts. We decom-
pose the frequencies as w = [wy, w¢], such that the input embedding becomes:

S%(x,t) = sin(wxx + wit + ). (2)

Standard SIREN initialization samples all entries of w from the same range (e.g.,
wo = S(ED, which is often adequate for static fitting but problematic in our set-
ting. Because temporal supervision is sparse, large |w;| magnitudes can induce
oscillations between observed timesteps. In contrast, Eq. exposes wy explic-
itly, allowing us to enforce a temporal bandlimit consistent with the temporal
sampling rate while keeping wy large enough to capture spatial detail.

We now show that the space-time frequency structure of the input embedding
is preserved through layer composition, meaning the frequency content of any
hidden neuron remains determined by the first-layer frequencies w. We formalize
this using the amplitude-phase expansion of SIRENs [24}/49].

® In SIREN, the first-layer W is initialized in [~1,1] and scaled by a frequency
hyperparameter wo; here we absorb this scaling into W for notational simplicity.
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Theorem 1. FEvery hidden neuron of a SIREN admits an expansion as a sum
of sinusoidal terms of the form

a Siﬁ((k, wy )X + (k,wi)t + /\), (3)

where k is an integer vector, the phase shift A depends only on the biases, and
the amplitudes o depend only on the hidden weights of the network.

The proof is provided in the supplementary material. Consequently, Theorem
implies that the spatial and temporal frequencies appearing in any layer are
integer combinations of the first-layer frequencies wy and wy, and no new fre-
quencies outside their span are introduced by network depth. Thus, controlling
w; in the input layer effectively controls the temporal frequency content of the
entire network, even after multiple compositions. This motivates our temporal
band-limiting strategy.

Temporal frequency control. Let At denote the typical spacing between anno-
tated timesteps (with time normalized to [0, 1]). To stabilize interpolation in
unobserved intervals, we bound the temporal frequencies in w; using a Nyquist
threshold, i.e., w®* o 7/At. In practice, we initialize w; within [—w™®* wa]
and clamp it throughout training, while initializing wx with a standard high-
capacity spatial range. Concretely, we use the modified input embedding:

sin (wx x + clamp (wt7 [_winaX7wtrrlax]) t+ CP)7 WX o % (4)

By Theorem [T} this explicit temporal band-limiting propagates through the net-
work, attenuating high-frequency temporal oscillations and yielding smooth sur-
face evolution without sacrificing spatial detail.

3.3 Loss Functional

To fit the zero-level sets of fy to the input collection of temporal 2D slices C;,
we optimize € by minimizing a sum of terms that (i) enforce data consistency on
the observed cross-sections while resolving the SDF sign ambiguity via in-plane
normals, and (ii) regularize the field in space-time to promote SDF validity and
suppress spurious zero-crossings in weakly constrained regions.

Regularization term. Precisely, we minimize:

£8) =Y {Exec,|

%

folx,t)| + Ak (0)] + a2 (O)} + A R(0),  (5)

where the first term enforces that the zero-level set matches the input contours.
The second term enforces orientation consistency: at each contour point, the
predicted spatial gradient Vyfp should align with the corresponding in-plane
2D normal vector n;(x) 4 without forcing the field to exactly match the 2D SDF
elsewhere.

W (0) = ReLU ((—Vx fo(x, t;), n;(x))) (6)
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This penalizes normal inversions that would otherwise flip

the SDF sign locally. The third term & encourages fy to A = ReLU(cos(—9))

have values close to the corresponding in-plane 2D SDF Ve
f;(x) at off-surface samples: 3
D(0) = Exenqe,) (fo(x, t) — £i(x))?, (7) n

where II(C;) is the plane that contains C;. Importantly. Ay

is set to be small to encourage the correct sign but allow Fig.3: Orientation
deviations from 2D SDF labels. The regularizer £ is eval- consistency con-
uated on a set of space-time samples and combines two gtraint.
complementary constraints: (i) an Eikonal penalty that

encourages fy(-,t) to behave as a valid SDF, and (ii) a minimum-surface penalty
that discourages small SDF magnitudes away from observed slices, reducing ac-
cidental zero-crossings. We define:

R0) = Epeoy | (IVxfolx b2 = 1)° +exp(—alfolx )|, ()

where o > 0 controls the strength of the spurious-surface suppression. This
combined regularizer stabilizes training and improves temporal interpolation by
enforcing proper SDF structure while pushing the field away from zero in weakly
constrained regions.

3.4 Multi-Class Model

To represent K anatomical structures simultaneously, we extend the output of
the network to produce K signed distance values. The final affine layer becomes
W1 € REXNa and by, € RE, yielding a vector-valued function:

f0(X7t) = (f@l(x?t)""7f9K(x?t)) € RK’ (9>

where each component fé“ approximates the SDF of the k-th structure. The hid-
den layers are shared across all classes, allowing the network to learn a common
spatiotemporal feature representation from which per-class SDFs are decoded.

Multi-Class Loss Function. Each class k is supervised independently based on
its corresponding slice annotations. Given class-specific contours, the total loss
is formulated as the sum of the individual class losses:

K
Liotar(0) = > L¥(0), (10)
k=1

where each term LF is defined as in Eq. , applied exclusively to the k-th
output component féf. The regularization term () acts on all components
to jointly enforce SDF validity and suppress spurious zero-crossings across the
entire multi-class field.
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Non-OQverlapping Segmentation Layer. The per-class SDFs are not explicitly con-
strained to produce disjoint regions during training. This allows our method to
fit to potentially overlapping GT segmentations present in real medical imag-
ing data. Nonetheless, one may wish to obtain a more physically realistic non-
overlapping segmentation at inference time. To do this, we assign each spatial
point to the class with the smallest signed distance value. Introducing a back-
ground class with a constant f§ = 0, the label map is defined as:

((x,t) = argmin f¥(x,t). (11)
ke{0.1,....K}

A point is assigned to structure k when féf is the most negative among all
classes. The background class ensures that regions where all SDFs are positive
(i.e., exterior to all target structures) are left unlabeled, seamlessly bounding the
segmentation to the interior of the union of the zero-level sets. The boundaries
between adjacent regions in the argmin partition naturally form surfaces where
two classes tie for the minimum. Around these boundaries, the function u(x,t) =
ming fé“ (x,t) behaves as an unsigned distance field. We provide examples of non-
overlapping surfaces extracted with this method in the supplementary.

4 Experiments

We evaluate DynaSlice on single and multi-class dynamic SDF reconstruction
from sparse cross-sections. We compare against adapted static INR baselines and
recent cross-sectional reconstruction methods (Orex [38] and CrossSDF [43]) on
both synthetic sequences and real medical data, as well as recent 4D point-cloud
reconstruction method CanFields |44].

Datasets. We evaluate on (i) a synthetic benchmark of 5 dynamic single-object
sequences with ground-truth 4D geometry, and (ii) 6 real multi-organ med-
ical scans with annotated dynamic cross-sections from The Cancer Imaging
Archive [14]. In total, we test on 40 separate dynamic sequences.

For synthetic sequences, each sequence consists of a ground-truth mesh evolv-
ing over 37 uniformly spaced timesteps. We subsample temporally by selecting
every fourth frame to collect 10 training timesteps. We reflect the most common
non-parallel segmentation setting in medical imaging [4,(11}27,[35] and at each
timestep, we extract cross-sections using (i) rotated planes via uniform rotation
around the z-axis and (ii) parallel planes with uniform spacing along the z-axis
(see Fig. [2 input). We use 15 rotated and 15 parallel slices per timestep for
Lungs, Heart, and Diaphragm, and increase this to 35/35 for thinner structures
(Vein 1 and Vein 2).

For the real medical data, each patient contains a variable number of anno-
tated organs (5-8; see supplementary). We resample volumetric segmentations
onto 20 rotated planes around the z-axis and extract parallel slices by taking
every second slice along the z-axis (total count varies per organ).
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Fig. 4: Qualitative comparison on synthetic sequences. DynaSlice achieves su-
perior reconstructions of both thick (Heart, top) and thin (Veinl, bottom) structures.
Please see the supplementary material for more examples and video which better illus-
trate motions
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Fig. 5: Qualitative multi-structure reconstruction on real medical data. Com-
pared to CanFields , DynaSlice reconstructs laddering-free, evolving surfaces with
no spurious floaters, here demonstrated on both Patients 101 (top) and 110 (bottom).

Baselines We compare against recent SOTA 4D point-cloud reconstruction ap-
proach to illustrate failures and artifacts resulting from point-cloud ap-
proaches.

While previous SOTA cross-sectional reconstruction works such as CrossSDF
and OReX focus on static single-class structures, we target the more gen-
eral case of time-dependent multi-class reconstruction. In this dynamic setting,
a baseline of linearly interpolating the static reconstructions across time is im-
practical, as it requires training separate models for each class and timestep.
Consequently, even a modest dataset (e.g., 10 classes over 10 timesteps) would
require roughly 20 days of training on a single V100 GPU, making such an
approaches computationally infeasible.

To address this, we test against a naive temporal extension of OReX and
CrossSDF. Both networks are trivially extended to receive time-coordinates
as input, which are positionally encoded with the different methods respective
strategies. Please see the supplementary for implementation details.

In addition to this, we compare to “4D SIREN”, a naive version of our ap-
proach without our temporal frequency control and orientation consistency loss.

FEvaluation protocol. For synthetic sequences, we evaluate reconstruction quality
against the ground-truth 4D meshes. Specifically, we compute Chamfer Distance
(CD ) and Intersection over Union (IoU 1) at all 37 ground-truth timesteps,
and report results averaged over time.
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For real sequences, ground-truth 3D meshes are not available. Instead, we
adopt a slice-based evaluation by withholding a subset of test cross-sections
across both temporal and spatial dimensions. We report 2D IoU on held-out
ground truth slices under three settings:

1. Spatial: seen timesteps with novel 2D slice positions,
2. Temporal: novel timesteps with slice positions (z-values) seen during train-
ing,
3. Spatio-temporal: both novel timesteps and novel slice positions.
This protocol enables disentangling spatial and temporal interpolation perfor-
mance.

Implementation details. DynaSlice is implemented in PyTorch [33] and trained
with Adam [16]. Our networks uses ~ 200K parameters and take ~ 30 minutes to
train on a single class. For training hyper-parameters and more implementation
details, please see the supplementary material.

Table 1: Quantitative results for single-class reconstruction (synthetic).
Comparison of reconstruction accuracy using Chamfer Distance (CD x10* |) and
Intersection over Union (IoU 1) across six anatomical structures. Our method, Dy-
naSlice, significantly outperforms traditional 4D INR baselines in geometric fidelity
while maintaining a training efficiency comparable to vanilla SIREN and orders of
magnitude faster than optimization-based methods.

Method Lungs Diaphragm Heart Vein 1 Vein 2 Mean Time
CD| IoUT CDJ] IoUtT CDJ] IoUtT CD| IoUT CD ] IoU?t CD /| IoU7?T ‘Min.i

4D OReX 2.34 0.722 0.732 0.930 3.56 0.936 7.69 0.605 19.3 0.379 6.73 0.714 | 243
4D CrossSDF 109 0.279 0.978 0.928 1.82 0.971 5.84 0.596 7.58 0.401 5.43 0.635 | 319
CanFields 14.6 0.157 1.96 0.853 4.78 0.943 6.01 0.459 3.21 0.522 6.11 0.587 93
4D SIREN 6.1 0.417 257 0.784 12.0 0.830 248 0.691 2.29 0.6955 5.09 0.6836| 31

DynaSlice 1.58 0.809 0.633 0.941 1.34 0.966 1.06 0.749 1.28 0.750 1.19 0.843| 32

Table 2: Real multi-class (MC) dynamic reconstruction. Mean performance
over all patients. We report 2D Intersection over Union (IoU 1) for spatial, temporal,
and joint spatio-temporal consistency. We report average training time per-class in
minutes (m). DynaSlice achieves the best performance across all metrics.

Method Spatial Temporal Spatio-Temporal | Time (m)
CanFields 0.853 0.849 0.851 90
Naive MC (indep. SDFs) 0.874 0.867 0.861 34
Shared MC (no TC) 0.878 0.896 0.869 17

DynaSlice (Ours) 0.936 0.923 0.921 17
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4.1 Quantitative and Qualitative Comparisons

In both real and synthetic settings, DynaSlice produces substantially higher qual-
ity reconstructions than competing approaches. As shown in Fig. [4 and Fig.
the reconstructed surfaces exhibit smooth and coherent temporal motion across
the sequence. This holds for both thick anatomical structures, such as the Heart,
and thin structures such as Vein 1. The 4D adaptations of both OReX and
CrossSDF generate reasonable reconstructions, but their characteristic visual
artifacts remain. For OReX exploding gradients the of neural indicator func-
tion on surface boundaries creates artifacts in mesh-extraction. For CrossSDF,
hash-grid interpolation artifacts are present. Point-cloud-based reconstruction
method CanFields produce visible laddering artifacts caused by the sparsity be-
tween cross-sectional observations. These artifacts can interfere with medical
diagnosis. Our naive baseline 4D SIREN frequently exhibit unstable optimiza-
tion and struggle to capture thin or detailed geometry. These results highlight
the importance of explicitly controlling input frequencies in the implicit repre-
sentation, which enables DynaSlice to achieve stable optimization and improved
reconstruction fidelity across diverse dynamic surface reconstruction tasks, gen-
erating smooth surfaces and stable temporal evolution without slicing artifacts
on both real and synthetic datasets.

Fig. 6: Qualitative Ablation We visualize the Diaphragm reconstruction with naive
baseline (4D SIREN), and then add our orientation consistency loss (Ori.), then full
DynaSlice methodology with temporal frequency control.

Ablation In Fig. [fland Tab. [3] we present an ablation of our temporal frequency
control and orientation consistency loss components. Even on the simplest exam-
ple Diaphragm, a vanilla 4D SIREN network will produce holes between cross-
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sectional planes and suffer from unstable optimization. Adding orientation con-
sistency loss and temporal frequency control allows the model to learn both thick
structures, demonstrated both qualitatively and quantitatively.

Table 3: Ablation study on synthetic data. Impact of temporal frequency control
(TC) and orientation consistency (Ori). Chamfer Distance (CD x10* |) and ToU (1)
per structure and mean. Higher IoU is better, lower CD is better.

Comp. ‘ Structures
Setting TC Ori‘ Lungs Diaphragm Heart Vein 1 Vein 2 Mean
‘ CD IoU CD 1IoU CD IoU CD IoU CD IoU CD IoU
4D SIREN 6.1 0.417 2,57 0.784 12.0 0.830 2.48 0.691 2.29 0.696 5.09 0.684
+ Ori v 327 0.529 1.04 0.909 2.07 0.964 1.44 0.715 1.56 0.716 1.88 0.767

DynaSlice v v |1.58 0.809 0.633 0.941 1.34 0.966 1.06 0.749 1.28 0.750 1.19 0.843

5 Conclusion and Limitations

We introduced DynaSlice, a unified multichannel 4D neural SDF framework for
dynamic surface reconstruction from sparse temporal cross-sections. By jointly
modeling space and time with dedicated temporal frequency control, our ap-
proach significantly improves the stability and fidelity of reconstructed surfaces,
while the shared multichannel formulation enables efficient reconstruction of
multiple anatomical structures within a single model. More broadly, our work
addresses a largely unexplored gap in cross-sectional reconstruction: recover-
ing multiple temporally evolving geometries directly from sparse slices, a setting
that is often computationally intractable for existing methods that rely on dense
volumetric representations or per-frame reconstruction pipelines. Experiments
on synthetic and real medical datasets demonstrate that DynaSlice outperforms
adapted static baselines and produces stable, accurate surface evolution under
sparse supervision.

Despite these advances, several limitations remain. Our approach is best
suited to smooth, organically deforming structures, which align well with the con-
tinuous function representation of STIREN-based implicit networks. In contrast,
industrial CT data often contains sharp edges and piecewise rigid structures
that may require alternative representations or specialized modeling strategies.
We also observe occasional topological flickering in very thin structures, high-
lighting the ongoing challenge of maintaining consistent topology under large
temporal changes. Addressing these issues remains an important direction for
future work. Nevertheless, we hope that this formulation opens new avenues for
implicit modeling of dynamic anatomy and temporally evolving geometry from
limited cross-sectional observations.
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