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Abstract. Non-line-of-sight (NLOS) imaging aims to reconstruct hid-
den scenes from time-resolved light transport, enabling vision around cor-
ners. While classical physics-based methods provide principled inversion,
learning-based approaches often rely on dense 3D backbones with cubic
computational complexity. We propose a hybrid deep learning frame-
work that combines a physics-guided initialization with a triplane-based
backbone for high-fidelity volumetric reconstruction. The initialization is
provided by a learnable Enhanced Light-Cone Transform (ELCT), which
produces a stable physics-consistent coarse volume, while the learned
backbone replaces expensive O(N3) 3D processing with scalable O(N2)
triplane feature extraction. ConvNeXt-style residual convolutions, Restormer
attention, and axis-aware cross-attention jointly refine structure and re-
cover missing geometry. Experiments on synthetic and real NLOS data
demonstrate improved reconstruction fidelity compared to representative
physics-based and learning-based baselines.

1 Introduction

Non-line-of-sight (NLOS) imaging seeks to recover the 3D structure of objects
that are not directly visible by analyzing multiply scattered light measured on
a visible relay surface. By illuminating the wall with a pulsed laser and cap-
turing time-resolved reflections with a SPAD detector, it becomes possible to
computationally “see around corners,” enabling applications in autonomous nav-
igation, search-and-rescue, surveillance, and medical diagnostics [9,12]. A NLOS
configuration is shown in Fig. 1.

NLOS imaging systems are commonly categorized into confocal and non-
confocal configurations. In confocal setups the illumination and detection points
on the relay surface coincide, producing a symmetric light-cone geometry that ad-
mits efficient inversion via operators such as the light-cone transform (LCT) [35].
Non-confocal configurations allow spatially separated illumination and detec-
tion, supporting more general sampling patterns and wider fields-of-view [29,
46, 50]. In this work we focus on the confocal configuration. We present a hy-
brid physics–ML framework that combines a physics-guided volumetric initial-
ization with a triplane architecture [4] adopted for NLOS reconstruction. Con-
cretely, the pipeline first extracts low-level spatio-temporal features from raw
⋆ Corresponding author.
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Fig. 1: Confocal NLOS setup and TRINLOS overview: A pulsed laser illuminates a
relay wall, light scatters toward the hidden scene, and time-resolved returns are cap-
tured by a SPAD detector. The measured transient data are then processed through
appropriate reconstruction procedures to form a 3D volumetric feature map, which is
subsequently represented and refined using a triplane-based architecture.

transient measurements using a lightweight shallow CNN. These learned features
are provided as inputs to an Enhanced Light-Cone Transform (ELCT) module
which computes a coarse 3D estimate; ELCT extends the classical LCT [35]
via depth re-parameterization, cone-aligned resampling, multi-scale frequency-
domain enhancement, and depth-aware fusion. The resulting physically informed
volume is projected onto three orthogonal planes and processed by lightweight
2D ConvNeXt-style backbones [31] augmented with multi-scale Restormer at-
tention [52]. A dedicated axis cross-attention mechanism exchanges missing 3D
cues between planes, and a gradient-blocked rendering head enables stable joint
supervision of intensity and depth. An overview of the proposed framework is
provided in Fig. 1, while Fig. 2 shows the detailed pipeline.

Experiments on synthetic and real NLOS datasets indicate that combining
a physics-consistent initialization with a triplane refinement stage can produce
high-quality reconstructions while reducing the effective volumetric complexity
from cubic to quadratic in the backbone processing.

Our contributions are:

– Enhanced Light-Cone Transform (ELCT): a physics-guided initializa-
tion that combines depth remapping, cone-aligned resampling, and frequency-
domain sharpening to produce a stable coarse volume for learned refinement.

– Triplane backbone with cross-axis fusion: a scalable triplane archi-
tecture that reduces volumetric complexity from O(N3) to O(N2) via 2D
feature processing using ConvNeXt-style residual blocks [31] and Restormer
attention [52], while restoring 3D spatial information lost in plane-wise pro-
jection through axis cross-attention and voxel-wise fusion, tailored to the
geometric structure of NLOS transient measurements.

– High reconstruction quality with memory efficiency: The proposed
model achieves quantitatively superior reconstruction performance over ex-
isting physics-based and learning-based methods, while offering favorable
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memory–performance trade-offs among learning-based approaches, and main-
tains strong reconstruction quality on real-world measurements.

Code and dataset. Our implementation, dataset, and pretrained model are
publicly available at https://github.com/CIL-Research/TriNLOS.

2 Related Work

Physics-based NLOS inversion. Classical NLOS reconstruction relies on
analytic operators—such as delay-and-sum back-projection, and the light-cone
transform (LCT)—to provide robust, training-free solutions [1,2,14,18,23,35,44,
49]. These frameworks have been extended through wave-based optics, diffrac-
tion modeling, surface-normal estimation, and spherical-slice transforms to han-
dle complex interference, surface geometry, and non-confocal layouts [25–27,
42, 50]. Recent refinements further incorporate advanced signal analysis and
optimization-based regularization strategies to mitigate heavy noise, photon
sparsity, and irregular sampling in transient measurements [24, 28]. However,
such purely physical models often assume idealized conditions, making them
susceptible to the diverse variables and noise present in real-world environ-
ments [9, 12].

Learning-based NLOS methods. To address physical model mismatches,
data-driven approaches learn complex priors from transient measurements. Early
attempts reconstructed the scene using U-Nets [13], and subsequent work has ex-
plored neural implicit representations, which achieve higher geometric fidelity [11,
37]. Modern hybrid pipelines now integrate differentiable physics with deep ar-
chitectures, leveraging advanced deep learning techniques to tackle challenging
regimes such as under-scanning, high-speed acquisition, and dynamic scene re-
construction [6, 20–22, 33, 40, 41, 51]. Furthermore, these learned representations
demonstrate superior robustness, maintaining stable reconstruction performance
even under extreme noise and low photon-count conditions.

Efficient NLOS imaging. Efforts to improve system efficiency span from
hardware-level SPAD array optimizations [3,34,36] to algorithmic enhancements
that reduce memory and computational overhead [38, 53]. Operating directly
in the transient sinogram domain and utilizing FFT-based implementations of
physical operators allow for rapid processing compared to dense 3D volumetric
methods [18,23,26,35]. Sparse acquisition strategies further reduce the required
number of scanning points without compromising reconstruction quality [7, 48].
These approaches collectively facilitate high-resolution imaging while keeping
the computational footprint manageable for practical applications.

Structured Triplane Representations. Triplane representations factor-
ize a 3D volume into three orthogonal axis-aligned 2D feature planes, reducing
complexity from O(N3) to O(N2) [4], and have since been extended to vector–
matrix tensor decompositions [5] and generalized d-dimensional planar factor-
izations [10]. This factorization has enabled a wide range of applications includ-
ing diffusion-based 3D generative synthesis [39], digital avatar generation [45],
fast text-to-3D generation [47], wavelet-refined neural fields [19], and hybrid
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triplane–Gaussian single-view reconstruction [55]. Beyond computer vision, the
same structured multi-plane factorization has demonstrated strong performance
across diverse medical volumetric tasks—including cross-attention diffusion for
3D medical image synthesis [54], and zero-shot CT/MRI inverse problem solv-
ing [15]—demonstrating their generality across heterogeneous sensing domains.

Positioning of this work. We combine a lightweight learned preprocess-
ing stage with a physics-guided ELCT initialization and a triplane refinement
network augmented by cross-plane attention. The design is tailored to charac-
teristics specific to NLOS imaging.

Although NLOS imaging that accounts for full 3D geometry with partial oc-
clusions has been demonstrated [17], in practice it remains extremely challenging
and limited in realistic settings. As a result, most practical NLOS scenarios focus
on dominant-view or front-facing geometry, and the reconstruction problem is
often closer to a 2.5D representation than a fully view-consistent 3D field.

Under this regime, the projection-induced information loss of triplane rep-
resentations is less restrictive than in general 3D vision tasks. Building on this
property, our framework exploits the triplane factorization to maintain high-
quality reconstruction while reducing learned volumetric computation in the
backbone from O(N3) to approximately O(N2). By combining physics-guided
initialization, structured 2D factorization, and cross-plane interaction, the method
balances reconstruction fidelity and computational efficiency in high-resolution
NLOS scenarios.

3 Method

3.1 Problem Formulation

Given a transient tensor T ∈ Rτ×H×W , our goal is to reconstruct the hidden 3D
volume V ∈ RD×H×W .

A core difficulty is the weak geometric correspondence between the transient
domain and the volumetric target. Learning a direct map T → V forces the
network to infer complex 3D structure from spatio-temporal measurements that
are not arranged volumetrically; this mismatch is amplified for geometrically
complex scenes with depth discontinuities and fine details.

An alternative is to insert a physics-based module that produces a coarse
volume, which a 3D network refines. In practice, such volumes are dominated by
diffuse background and noise while meaningful geometry occupies a small spatial
fraction. Feeding this dense volume into a 3D backbone therefore wastes model
capacity on irrelevant structure and incurs cubic cost O(N3).

We mitigate these issues with a triplane factorization that reduces learned
volumetric complexity to O(N2). Crucially, axis-wise max-projection from 3D to
2D naturally suppresses low-magnitude background responses in favor of stronger
foreground activations, reducing the influence of noise and focusing learning on
geometrically salient regions. Notation. [ · ∥ · ] denotes channel concatenation
and "+" a residual addition.
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3.2 Physics-Guided Initialization via ELCT

We begin with a shallow 3D convolutional extractor for mild denoising while
preserving spatial resolution. A learnable stride-2 downsampling is applied along
the temporal axis, followed by shallow residual refinement blocks [16].

To provide a physically grounded initialization, we introduce the Enhanced
Light-Cone Transform (ELCT), a differentiable refinement of LCT. ELCT con-
sists of two components.

Learnable depth re-mapping. The transient axis is re-parameterized with a learn-
able exponent α:

t′ =

(
t

τ

)α

τ, Tα(t, h, w) = T (t′, h, w). (1)

Frequency-domain structural sharpening. A Laplacian-of-Gaussian filter enhances
structural components, while a soft cone-shaped mask suppresses off-cone diffuse
responses. A learnable depth gate balances them:

V0(z) = γ(z)Vmask(z) +
(
1− γ(z)

)
Vunmask(z), γ(z) =

(
1 +

(
z
s

)p)−1
. (2)

ELCT concludes with a lightweight inverse filter in the frequency domain:

V̂ (k) =
T̂ (k) ĥ∗(k)

|ĥ(k)|2 + ϵ
, (3)

where ĥ denotes the NLOS point-spread function.
With only three learnable parameters (α, s, p), ELCT provides a compact

yet adaptive physics prior. The resulting coarse volume V0 = ELCT (T ) serves
as a depth-corrected and structurally consistent initialization for the triplane
backbone.

Depth equalization. Because transient sampling is significantly denser
along the depth axis, we apply depth-only downsampling. A max-pooling path
and a lightweight learnable downsampler are fused through a normalization con-
volution to produce the balanced volume Ṽ used for triplane projection.

3.3 Triplane Projection and 2D Feature Encoding

After obtaining the physics-guided coarse volume Ṽ , we extract features effi-
ciently while matching the sparse structure of NLOS scenes. Instead of heavy
3D convolutions, Ṽ is converted into three orthogonal 2D triplane views via
axis-wise max-projection:

Mab(u, v) = max
w∈c

[ Ṽ (u, v, w) + E(u, v, w) ], (4)

where (ab, c)∈ {(xy, z), (xz, y), (yz, x)} and E is a learnable 3D positional em-
bedding that provides cues for the 2D projection. This projection suppresses
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Fig. 2: Overview of the proposed TRINLOS framework. The transient input is first
converted into a coarse 3D volume via ELCT, then projected into three orthogonal
triplanes. These are processed by 2D FeatureNets with multi-scale attention, and a
slice-wise axis cross-attention exchanges missing geometric cues. The fused volume is
refined by a lightweight 3D head, and final intensity and depth maps are rendered using
a stable depth branch. DS denotes a learnable downsampling layer, while Max DS is a
max-pooling block with kernel size 2 and stride 2.

diffuse background and produces three image-like maps Mxy, Mxz, Myz pro-
viding complementary views of the hidden geometry. Each triplane captures a
partial scene view, and together they encode the full 3D structure. We process
them independently with lightweight 2D feature encoders (see Fig. 3).

Local feature extraction. Each triplane passes through a ResConvNeXt
block with ConvNeXt-style residual connections. This block is applied before the
Restormer encoder, after its output, and again after axis cross-attention. Com-
pared to Swin Transformer [30], it is more memory-efficient and reduces VRAM
usage, since it avoids computing spatial attention maps, while still enhancing
local detail and preserving mid-range context at a low computational cost.

Hierarchical Channel-Attentive Context Integration. Each triplane
encoder includes a U-Net-style two-stage attention module built on Restormer
blocks, computing channel-wise attention to refine input features X into X ′.Unlike
standard spatial self-attention [8,43], which has O(N2) complexity with respect
to the number of tokens N , Restormer attention scales as O(HWC2), making it
computationally more efficient. It has also proven effective in image restoration
tasks like denoising and deblurring.
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Fig. 3: Architecture of the encoder–decoder. ResConvNeXt and Restormer refine fea-
tures, axis cross-attention compensates for missing axis cues. DS and US denote learn-
able down- and up-sampling, respectively.

3.4 Cross-Axis Aggregation and Volumetric Reconstruction

Triplane projection reduces computational cost, but each plane loses one spatial
dimension and cannot fully capture 3D geometry alone. To recover information
lost during max-projection, we employ an axis cross-attention mechanism that
exchanges features along shared spatial axes.

Cross-axis reasoning. For any pair of triplanes that share an axis s, we
extract slice features {Fi} and {Gi} indexed along s and update each slice using
slice-wise cross-attention:

Fi ← Fi + softmax
(

(FiWQ)(GiWK)⊤√
d

)
(GiWV ), (5)

where WQ, WK , and WV are learned projections. This focuses attention exactly
where geometric cues are aligned—along the shared axis— instead of performing
more expensive full 2D or 3D attention. The three triplanes update one another
cyclically so that each receives complementary viewpoints from its two partners.

3D Volume Fusion and Refinement. After cross-axis refinement, each
triplane feature is lifted to 3D by broadcasting along the collapsed dimension.
Since the three resulting volumes vary in coverage and reliability, we predict per-
voxel confidence maps Wxy,Wxz,Wyz via a lightweight axis-attention module
and directly produce the triplane-derived volume as

Vtri = Linear(WxyFbxy +WxzFbxz +WyzFbyz), Vout = fusion([Vtri ∥ Ṽ ]). (6)

This consolidates the three complementary planar views into a unified volumetric
estimate and subsequently fuses it with the physics-guided coarse volume Ṽ
through a shallow 3D refinement network, yielding the final output volume used
for rendering.
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3.5 Rendering and Training Objective

The final stage converts the reconstructed volume into 2D intensity and depth
maps. Since many NLOS applications ultimately operate on 2D outputs, we
attach a lightweight rendering head rather than predicting albedo and depth
directly in 3D.

2D Rendering. We summarize the volume by an axial maximum and con-
catenate it with the final xy feature to form a compact 2D descriptor. Shallow
2D heads then predict intensity and depth:

F (x, y) = ϕ
(
[max

z
Vout(x, y, z) ∥ F 2D

xy (x, y)]
)
, g(x, y) = argmax

z
Vout(x, y, z),

T̂t(x, y) = rendert
(
F (x, y) ∥ g(x, y)

)
, t ∈ {I,D}.

(7)
The rendered maps can be used to reconstruct an approximate 3D volume if
needed.

Training objective. We supervise intensity Î and depth D̂ with an L1

composite loss:

L = ∥I − Î∥1 + α ∥D − D̂∥1, α = 1. (8)

No-gradient depth branch. Directly backpropagating depth errors through
the volumetric argmax operation is unstable and tends to flatten reconstructed
intensity. To avoid this, gradients from the depth head are restricted to its 2D
rendering network renderD. Specifically, we block gradients into the volumetric
selection operators:

∂D̂i

∂(argmaxz V
(i)
out)

= 0
∂D̂i

∂(maxz V
(i)
out)

= 0. (9)

This no-gradient design stabilizes training and prevents depth supervision
from washing out volumetric intensity contrast.

4 Experiments and Results

We train all models using AdamW [32] with a weight decay of 1×10−4 (excluding
biases and normalization parameters). The network is optimized for 35 epochs
with an initial learning rate of 1 × 10−4, which is decayed to 1 × 10−6 using a
cosine annealing scheduler, and a batch size of 4.

Hardware. All experiments are conducted on a workstation equipped with
an Intel Core Ultra 9 285K CPU and a single NVIDIA RTX PRO 6000 Blackwell
GPU (96 GB VRAM).

4.1 Dataset

We train on synthetic confocal transients rendered with the public LFE ren-
derer [6]. Each transient has a spatial resolution of 128×128 and τ = 512 time

https://orcid.org/0009-0008-9770-0316
https://orcid.org/0000-0002-3916-7460


TRINLOS 9

Scene TRINLOS NLOST LFE ELCT LCT Phasor FK

Fig. 4: Qualitative comparisons on synthetic data rendered with [6]. Rows 1–2 depict
seen motorcycles, while Rows 3–4 show unseen objects. For each object, the first row
presents the reconstructed RGB image and the second row shows the depth error map.
Depth errors are normalized to [0,1] and color-coded from blue (low) to red (high).

bins (∆τ = 32, ps), with temporal jitter σj = 0.3 bins to model timing un-
certainty. The training set includes 6,740 motorcycle transients from ShapeNet,
augmented by planar rotations and flips for viewpoint diversity. For evaluation,
we consider two settings: Seen, with 400 unseen motorcycle samples, and Unseen,
with 700 objects from new categories (gun, warcraft, car, etc.).

Noise model. Gaussian and Poisson noise are injected on-the-fly during
training to emulate realistic measurement conditions, improving robustness to
photon noise and sensor non-idealities.
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Table 1: Quantitative comparison on synthetic transients and computational cost
analysis. Physics-based and learning-based methods are reported separately. First best
values are in bold, second best values are underlined.

Method
Reconstruction Runtime

PSNR↑ SSIM↑ RMSEDep ↓ MADDep ↓ Time
(ms)

Mem
(GB)Seen Unseen Seen Unseen Seen Unseen Seen Unseen

Physics-based Methods
ELCT 26.82 23.63 0.618 0.496 0.680 0.593 0.700 0.614 14.80 8.6

LCT [35] 25.34 22.72 0.644 0.437 0.664 0.576 0.691 0.606 14.35 7.5
Phasor [26] 26.67 25.53 0.507 0.435 0.753 0.721 0.776 0.747 29.91 10.4

FK [23] 26.24 24.96 0.874 0.816 0.555 0.539 0.571 0.558 22.63 9.3
Learning-based Methods

LFE [6] 27.42 25.43 0.894 0.827 0.066 0.086 0.019 0.034 48.80 12.2
NLOST [20] 28.77 25.65 0.946 0.885 0.063 0.106 0.013 0.032 165.29 12.2
TRINLOS 30.26 26.13 0.958 0.911 0.054 0.087 0.011 0.025 103.22 8.0

4.2 Quantitative Comparison and Computational Analysis

Table 1 provides a comprehensive comparison of physics-based and learning-
based NLOS reconstruction methods on synthetic transient datasets. Results
are reported for both Seen and Unseen scenes, including reconstruction metrics
(PSNR, SSIM, RMSE, MAD) and computational cost (runtime and memory).
Additional comparisons are provided in the supplementary material.

Physics-based methods. Among the physics-based approaches, FK achieves
the highest reconstruction quality in most metrics, with PSNR of 26.24/24.96
(Seen/Unseen) and the lowest RMSE and MAD values. ELCT, our proposed
physics-guided initialization, provides competitive performance, particularly for
unseen scenes where it surpasses LCT in PSNR and SSIM, and demonstrates
reduced memory usage compared to FK and Phasor. LCT and Phasor exhibit
complementary strengths: LCT is fastest and most memory-efficient, whereas
Phasor excels in PSNR on unseen data.

Learning-based methods. Among the learning-based methods, TRIN-
LOS consistently achieves the highest reconstruction accuracy across all metrics,
with a PSNR of 30.26/26.13 (Seen/Unseen) and the lowest RMSE/MAD values
(0.054/0.087 and 0.011/0.025, respectively). NLOST and LFE remain strong
baselines, with NLOST performing second-best in most reconstruction metrics
(28.77/25.65 PSNR) and LFE achieving the fastest runtime (48.80 ms). Due to
sequential processing of the three triplanes, TRINLOS requires 103.22 ms, ex-
ceeding the runtime of LFE by more than a factor of two. Nevertheless, it remains
considerably faster than NLOST, requiring only about two-thirds of its runtime,
while also achieving the lowest memory consumption (8.0 GB) among the com-
pared learning-based methods. Notably, even though TRINLOS was trained with
depth-gradient propagation blocked in one branch, it still outperforms LFE and
NLOST—which allow full depth-gradient propagation—demonstrating superior
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Fig. 5: Real-world reconstruction results comparison across methods

depth reconstruction quality. Figure 4 presents qualitative comparisons of re-
constructed RGB intensity images and the corresponding depth error maps with
respect to the ground truth. The results demonstrate strong visual reconstruc-
tion performance, particularly for foreground regions that are distant or exhibit
weak intensity responses. Notably, fine structures in low-signal areas are recov-
ered with high fidelity.

4.3 Real-World Data Results

To evaluate cross-dataset generalization, we test our method on public real-world
NLOS datasets [20, 23]. As ground truth is unavailable for real-world data, we
report qualitative comparisons. Figure 5 contrasts TRINLOS with physics-based
(ELCT, LCT, FK, Phasor) and learning-based (LFE, NLOST) approaches.

Among learning-based methods, NLOST reconstructs fine structures but de-
grades in peripheral regions (e.g., dragon’s tail, human/deer legs) and introduces
spreading artifacts around foreground objects. LFE exhibits similar behavior
with stronger diffusion, resulting in blurrier shapes.

For physics-based baselines, LCT preserves global structure but blurs fine
details and can generate X-shaped artifacts. Phasor produces sharp foregrounds
yet is noise-sensitive and under-recovers background content. FK is noise-robust
but weak in peripheral reconstruction. ELCT balances sharpness and structural
recovery, though it remains moderately sensitive to noise.
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Table 2: Ablation study on architectural components. We conduct ablation experi-
ments by progressively removing each architectural module to evaluate its individual
contribution to the overall performance.

Method PSNRInt ↑ SSIMInt ↑ RMSEDep ↓ MADDep ↓

Proposed 30.20 0.958 0.054 0.011
w/o ResConvNeXt 29.31 0.952 0.062 0.014
w/o Restormer attention 28.44 0.944 0.063 0.014
w/o Axis cross-attention 29.21 0.951 0.061 0.014

Full Model w/o RC w/o RA w/o AC

Fig. 6: Qualitative comparison for component ablations on real data (10-min capture).
Top: reconstructed intensity, Bottom: reconstructed depth. RC: ResConvNeXt, RA:
Restormer attention, AC: Axis cross-attention.

Built upon ELCT, TRINLOS preserves its structural fidelity and sharp bound-
aries while introducing learnable internal parameters. This allows adaptive mod-
ulation of the physics-based initialization, and subsequent neural refinement
mitigates ELCT’s noise sensitivity. As a result, TRINLOS reconstructs distant
objects, retains peripheral structures, and preserves fine details with clear, iden-
tifiable quality.

4.4 Ablation Study

We conduct five ablation studies to analyze the effect of: (i) architectural com-
ponents, (ii) physics-based initialization, (iii) depth-gradient propagation, (iv)
triplane projection components and (v) evaluation under a nonconfocal setup.
For all synthetic experiments, evaluation is conducted on the seen test dataset.

Architectural components. Table 2 shows that the full model performs
best across all metrics, with removal of any component degrading results. Fig-
ure 6 shows ablation results for the same object as the first in Figure 5, captured
with shorter time and noisier measurements. Eliminating the Restormer causes
the largest drop, confirming its key role in refining blurred features and preserv-
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Table 3: Quantitative comparison with physics-based reconstruction methods.

Method PSNRInt ↑ SSIMInt ↑ RMSEDep ↓ MADDep ↓

Proposed 30.20 0.958 0.054 0.011
LCT [35] 29.20 0.950 0.059 0.015
Phasor [26] 28.95 0.947 0.062 0.013
FK [23] 29.25 0.950 0.063 0.013

Proposed with LCT with Phasor with FK

Fig. 7: Visual comparison of different physics-based initializations. Our proposed
method(with ELCT) produces cleaner and more structured reconstructions with fewer
artifacts.

ing structural clarity (Figure 6). Removing axis cross-attention leads to the next
largest decline, reflecting its importance in compensating for axis-wise informa-
tion loss in the triplane representation, especially in multi-object scenes where
depth cues are partially lost and object separation suffers. Omitting ResCon-
vNeXt further reduces performance: quantitative metrics remain competitive,
but qualitative results show fragmented structures. This indicates that ResCon-
vNeXt stabilizes reconstruction by distinguishing foreground from measurement
noise in real-world data.

Physics-based initialization. Table 3 compares different physics-based
modules for initialization. The proposed ELCT-based model achieves the best
quantitative performance, highlighting the advantage of its physical prior.

As shown in Figure 7, the reconstruction results reflect the characteristics
of each initialization strategy. With FK initialization, low-intensity foreground
components are attenuated, leading to foreground disappearance. With Phasor
initialization, significant noise spreads around the foreground regions. With LCT
initialization, the global structure is preserved, but the reconstruction remains
blurred, especially in regions where multiple objects overlap. In contrast, our
method with ELCT initialization achieves superior quantitative performance
and provides structurally consistent, sharper reconstructions.

Depth-gradient propagation. Table 4 shows that blocking depth gradi-
ents from the shared backbone improves both intensity and depth metrics. Al-
lowing depth gradients to flow into the backbone instead degrades performance,
indicating training instability. As shown in Figure 8, the depth-coupled variant
produces overall blurrier results. Therefore, we restrict depth gradients to the
depth rendering head to ensure stable and sharper reconstructions.
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Table 4: Ablation on depth-gradient propaga-
tion into the backbone.

Method D-grad PSNR↑ SSIM↑ RMSE↓ MAD↓

Proposed No 30.20 0.958 0.054 0.011
w/ depth grad. Yes 28.47 0.946 0.058 0.012

Intensity (Ours) Intensity (D-grad)
Fig. 8: Impact of Depth Gradients
on Reconstruction

Table 5: Ablation on triplane projection components.

Method PSNRInt ↑ SSIMInt ↑ RMSEInt ↓ RMSEDep ↓ MADDep ↓

Proposed 30.26 0.958 0.032 0.054 0.011
w/o xy 29.44 0.953 0.035 0.058 0.013
w/o xz 29.30 0.952 0.035 0.059 0.012
w/o yz 28.98 0.951 0.036 0.059 0.013

Proposed w/o xy w/o xz w/o yz

Fig. 9: Reconstructed intensity images for each triplane projection ablation.

Triplane projection components. Our method fuses volumetric features
via three orthogonal 2D projections along the xy, xz, and yz planes. Table 5
reports the effect of ablating each projection individually. Removing the yz pro-
jection incurs the largest performance drop, while removing the xy projection
has the least impact. As shown in Figure 9, all three components contribute to
structural coherence.

The relatively smaller degradation from removing xy is attributable to the
architecture’s rendering pipeline: xy-plane features are reintegrated at a later
stage when rendering the intensity map and depth map, allowing scene informa-
tion lost at the fusion step to be partially recovered downstream. In contrast,
xz and yz features do not benefit from this additional pathway, making their
contribution at the fusion stage more critical.

Non-confocal dataset evaluation. TRINLOS originally uses an LCT-
based ELCT backbone, which is limited to confocal data. For non-confocal
measurements, we replace it with RSD [25] and evaluate both seen and un-
seen scenes. As Table 6 shows, our model outperforms RSD across all metrics,
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Table 6: Non-confocal dataset: quantitative comparison.

Method PSNR↑ SSIM↑ RMSEDep ↓ MADDep ↓
Seen Unseen Seen Unseen Seen Unseen Seen Unseen

Ours 27.92 28.12 0.940 0.952 0.061 0.052 0.012 0.009
RSD 24.97 25.33 0.670 0.707 0.602 0.605 0.582 0.588

Seen Target Seen Ours Seen RSD Unseen Target Unseen Ours Unseen RSD

Fig. 10: Qualitative comparison on seen and unseen non-confocal scenes. Columns 1-3:
seen (Target, Ours, RSD), columns 4-6: unseen (Target, Ours, RSD).

including PSNR, SSIM, depth RMSE, and MAD. Figure 10 illustrates that low-
intensity regions, challenging for RSD, are accurately recovered while preserving
structure. These results demonstrate that our approach generalizes beyond con-
focal setups and effectively restores volumetric details.

5 Conclusions

We present TRINLOS, a triplane-backbone framework that combines an ELCT
initializer with compact 2D/3D processing for memory-efficient NLOS recon-
struction. On synthetic and real data, it matches or surpasses prior physics- and
learning-based methods while remaining robust to heavy photon noise. Abla-
tions verify that ELCT, triplane projection, and depth-gradient blocking jointly
balance accuracy and efficiency. Future work will pursue higher-resolution recon-
struction and lightweight real-time variants with minimal accuracy trade-offs.
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