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Figure 1: Transient rendering simulates light in motion through a scene (top left). However, the stochastic nature of Monte Carlo rendering,
combined with the added temporal dimension produces extremely noisy results (top left, Raw input). We denoise transient renders by relying
on online sample statistics per time bin to analyze the spatio-temporal correlation of transient light transport (top left, Ours). While a naive
implementation would lead to impractical memory constraints, we develop a memory-efficient algorithm by leveraging that only subsequent
path vertices tend to contribute to the same time bin. Our denoiser does not require any training and achieves a remarkable reduction of
noise while preserving fine spatio-temporal details (right).

Abstract

Transient rendering simulates light in motion, measuring the time of flight from the light source to the camera. However, the
stochastic nature of Monte Carlo is aggravated in transient rendering, since samples are now spread along the temporal domain.
In our work, we propose to denoise transient Monte Carlo renders by exploiting the spatio-temporal correlation of transient
light transport, extending a recent statistical denoising formulation. By relying on statistics, we achieve a near-optimal trade-
off between reduced variance and introduced bias. We efficiently collect per-time-bin statistics in the temporal domain while
avoiding impractical memory requirements, and use these collected statistics to analyze the spatio-temporal correlation and
discriminate which time bins should be combined. Our statistics-based transient denoiser does not hallucinate, guarantees
convergence of the result, is efficient, does not require any training and naturally handles participating media. We believe that
the generality of our method might pave the way for denoising time-resolved Monte Carlo simulations in other domains, such
as non-line-of-sight imaging, acoustic rendering, or absorption microscopy.

CCS Concepts
» Computing methodologies — Image processing; Antialiasing; Image-based rendering; Computational photography; Ray
tracing;
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1. Introduction

Many global illumination methods approximate the render equation
[Kaj86] through Monte Carlo techniques [VD98]. Although they
are unbiased and achieve photorealistic results, the inherent vari-
ance of Monte Carlo introduces undesired error in form of noise in
the final image. A common assumption of these techniques is that
the speed of light is infinite. However, advances in ultra-fast optics
and electronics have recently allowed to capture and visualize light
propagating through a scene, which has in turn led to what is called
transient rendering (see Fig. 1, top left) [JMMG17, FVWZO]T.

Transient rendering methods also rely commonly on Monte
Carlo to approximate the transient path integral [JMM™14]. How-
ever, naively adapting steady-state techniques to take into account
the temporal domain is impractical: light with different temporal
delays is stored in different time bins, which leads to extremely
noisy results and makes convergence unfeasible [SSD08, IMV*12,
ABW14] (see Fig. 1, Raw input).

Denoising methods trade off variance and bias by applying im-
age filters on the rendered image. Currently, the denoising trend re-
lies on deep learning techniques [CKS*17, Afr25] trained on large
datasets, which learn how to map a noisy input image to a noise-
less output. However, this leads to hallucination from dataset bias.
Furthermore, directly training these networks on transient renders
require significantly more computational resources due to the new
temporal dimension. Recently, Sakai et al. [SFA*24] proposed a
denoiser based on pixel statistics for steady-state rendering, which
works in two phases: first, the authors collect pixel statistics effi-
ciently during rendering, then leverage such statistics to achieve a
near-optimal bias-noise trade-off by comparing the statistical dis-
tribution between pixels, and discriminating which pixels should be
combined.

However, adapting this approach to transient rendering is not a
straightforward task. Collecting statistics requires two sets of non-
linear transforms: quadratic and cubic transforms to compute the
central moments (M|, M,,M3) for statistics, and normalizing sam-
ple transforms such as the Box-Cox [BC18] or Yeo-Johnson [YJOO]
transforms. In transient rendering, as each sample contributes to the
whole temporal domain, naively ensuring that two contributions
of a sample to the same time bin are not transformed separately
would require a per-sample temporal dimension to guarantee the
correct transformations, which in turn leads to impractical memory
requirements. Furthermore, instead of only considering spatial cor-
relation between samples as in steady-state approaches, our method
needs to consider the correlations that arise in the extended spatio-
temporal domain.

To make transient denoising practical, our statistics collection
method exploits the fact that only subsequent vertices tend to con-
tribute to a same time bin. We exploit this insight to drastically
alleviate memory requirements, only requiring a single scalar per
sample instead of a whole transient domain. Then, we leverage

1 Funded by the European Union. Views and opinions expressed are those
of the author(s) and do not necessarily reflect those of the European Union
or the European Commission. Neither the European Union nor the granting
authority can be held responsible for them.

these statistics to exploit the spatio-temporal correlation of tran-
sient light transport in the denoising, by combining the pair-wise
statistical tests with spatio-temporal filters (see Fig. 1, Ours). Last,
we show how our formulation naturally generalizes to the partic-
ularly difficult problem of transient volumetric rendering, signifi-
cantly improving results when rendering time-resolved light trans-
port in participating media.

Our transient denoising framework does not hallucinate, guar-
antees convergence of the denoised result with increasing number
of samples, is efficient, does not require any training, and naturally
handles participating media. Moreover, since Monte Carlo simu-
lations are a well-established technique and many domain-specific
sampling strategies have been been derived for transient rendering,
we hope that our work can be applied in many other fields such as
optical heterodyne detection [KBW*25], non-line-of-sight imag-
ing [RGMIJ22], absorption microscopy [KMSP24], acoustic ren-
dering [FWJ*25] or thermal imaging [TIT* 18], to name a few. The
source code for this project is available on our GitHub repositoryi.

2. Related work
2.1. Transient rendering

Time-of-flight devices leverage ultra-fast sensors to capture the
propagation of light through time [VWJ*13, HHGH13, SXV*16],
which triggered a new set of rendering techniques for transient
light transport. Existing works developed a general framework
for transient light transport, for both forward (e.g., [[MM* 14,
PAJ19,PVG19]) and differentiable [YKC*21] applications. How-
ever, sampling methods from conventional, steady-state rendering
can not be directly applied into transient rendering without a detri-
mental performance in convergence.

Jarabo et al. [JMM*14] introduced the transient path inte-
gral, proposing temporal density estimation and importance-sample
techniques, suited for participating media. Later, the photon beams
approach [JNT*11, KGH" 14] was extended into the transient do-
main [MGJ*19], again achieving great results for homogeneous
media, but introducing bias in the form of beam discretization error.
Recently, distance and direction sampling with ellipsoidal connec-
tions were derived from transient diffusion theory [HDJJ24], but
again the method is suited for homogeneous participating media.

Pan et al. [PAJ19] generalized instant radiosity for time-resolved
global illumination between diffuse surfaces. Pediredla et al.
[PVG19] proposed ellipsoidal path connections to impose restric-
tions on path length, which provides great results for narrow time-
gated rendering, but it is not as efficient for full transient ren-
dering. Recently, Royo et al. [RCGP23] published an efficient
time-resolved simulator over the Dr. JiT [JSRV22] and Mitsuba3
[JSR*22] rendering frameworks.

2.2. Denoising

Classical denoising approaches span a wide variety of formula-
tions, using image-filtering kernels such as Gaussian, bilateral filter

E https://github.com/alv02/StatisticalDenoisingTransientRendering
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or non-local means [RKZ12, VAN*19], risk estimators [LWC12],
Bayes [BB17], wavelet [ODR09, DSHL10, SKW*17], or weighted
recursive least squares for volumetric denoising [IGMM?22]. Many
of these methods rely on G-Buffers (a set of per-pixel, low-
level features such as albedo and normals) and variance. Meta-
denoisers combine multiple denoising techniques [ZZXY?21], and
post-denoisers use a raw input and an input denoiser [BHHM?20,
FFJ22, BHHM22, GIGM22, WQH™*24]. Other approaches rely on
histogram distributions [BB17, SD12], but suffer from resolution
issues. This would become even more constraining when applying
them to transient rendering, due to the extra temporal dimension.

Learning approaches such as NVIDIA OptiX Al-Accelerated
Denoiser [CKS*17] or Intel Open Image Denoise (OIDN) [Afr25]
take as input the noisy image and G-Buffer information to pre-
dict the denoised output. To train these models, large datasets of
noisy inputs and noiseless references need to be generated, requir-
ing huge computational resources (a problem aggravated in the ex-
tended spatio-temporal domain). In real-time approaches, neural
methods learn the coherence between adjacent frames [BWM™*23,
CHH"24, XXZ*25]. Furthermore, these approaches are more fo-
cused on producing visually-pleasing results, but usually introduce
bias and lead to hallucinations in the denoised output.

Denoising transient renders is a relatively unexplored field. Ex-
isting research has focused on denoising Poisson noise from cap-
tures [LCH*20, RHL*22]; in turn, we denoise Monte Carlo noise
from transient renderings. Furthermore, existing methods rely on
lossy signal compression (using neural encoder-decoders or mix-
tures of exponentially modified Gaussians), which inevitably im-
pacts the quality of details.

Our work leverages the recent statistical filtering approach of
Sakai et al. [SFA*24], which collects online, per-pixel statistics
(central moments) during rendering which are then compared and
analyzed to minimize noise. However, naively adapting this ap-
proach to transient rendering becomes impractical due to its ex-
cessive memory requirements. We show how to extend the statistics
collection into the time domain and leverage spatio-temporal corre-
lations, while keeping our method memory efficient. Our transient
denoiser is independent of the sampling strategy used, it handles
both surface-based and volumetric light transport, and does not rely
on computationally-expensive learning techniques.

3. Method

We first recall the transient path integral [JMM™14], and then ex-
tend a recent statistical formulation [SFA*24] to denoise transient
renders. Next, we present an efficient approach to collect transient
sample statistics. Finally, we combine both into our statistics-based
spatio-temporal denoising.

3.1. Transient path integral

In the path integral [VD98], the image pixel intensity / is computed
as an integral over the space of light transport paths Q. In the tran-
sient path integral [JMM™* 14], we must also integrate over the space
of scattering delays AT (e.g. phosphorescence) of all light transport
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Figure 2: Transient rendering and path reuse. (a) Transient ren-
dering takes into account the temporal delays of light between path
vertices X;. (b) Regular transient rendering repeats the rendering
T times (number of time bins) gating the sensor for each time bin
ti, discarding light paths whose temporal delay t is not contained
within the gated bin, implying re-rendering T times. (c) Transient
rendering with path reuse stores the contribution L of each light
path to the time bin t; corresponding to its path delay t, rendering
once for the whole transient domain.

paths Q (see Fig. 2a), as
1= [ [ @A) du@) aus), (1)

where X = X ... x; are the spatial coordinates of the k + 1 vertices
of a path (x¢ is on the light source, x; is on the camera sensor,
and x1 ... x;_ are intermediate scattering vertices). The differen-
tial measure du(¥) denotes integration for surface area and volume
media vertices, At = Atg...At; defines the sequence of scattering
delays, and du(At) is the temporal integration at each path vertex.

The transient path contribution f(X,Ar) is similar to the steady-
state path contribution, but considers time-varying emission Le,
path throughput T, and sensor importance W, as:

f(f,E) = Lg(X() — X1 7Alo) Q(X,E) Wg(xk,1 %xk,Atk), )

where W, defines both spatio-angular sensitivity and the region of
time being evaluated (which is usually a finite interval of interest in
the temporal domain).

The time of arrival of light to the sensor can be computed from
the propagation delays and scattering delays At as

k—1
T=") (tof(x; > xi11) +As), 3)
=0

where tof(x; <> x;11) = || x; —x;1||m/c, with 1 being the index of
refraction of the medium and c the speed of light in vacuum.

The transient path integral can be numerically approximated us-
ing a Monte Carlo estimator

“

which averages n random paths (%, Ar) from a spatio-temporal prob-
ability distribution p. As a result of the time-gating, transient ren-
dering Monte Carlo estimators produce extremely noisy results
when compared to steady-state.
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3.2. Transient statistical formulation

We propose to denoise transient renders using general spatio-
temporal filters by extending the recent statistical denoising frame-
work of Sakai et al. [SFA*24], to explicitly and efficiently take into
account the temporal domain. To achieve a near-optimal bias-noise
trade-off, we seek to obtain a denoised estimator é’j (where j rep-
resents the pixel and ¢ the time bin) as a convex combination of
spatio-temporally nearby noisy estimators éf (where i is the pixel
and 7 the time bin) as

B =YY w6, )
T i
Tt

where w;; are the weights assigned to the estimator éf. The goal
of transient denoising is to achieve an optimal trade-off between
variance and bias. To accomplish this, we seek to obtain the best
weight wfj’ that minimizes the mean squared error (MSE) as

{W;th’*} _ argmin{wl;j,} ZZ MSE(étj,etj)
b (0)
MSE(#';,8) = E[(8'; — 6})*] = Var(8)) + Bias(8/,6/)".

However, as ground-truths Glj are unknown, we can only use the
noisy estimators 07 to achieve the denoised estimators é’j.

Our statistical denoiser must also have a number of key prop-
erties, including symmetry, convergence with number of samples,
and identity with itself [SFA*24]. Moreover, whether a pair of es-
timators (éf,é’j) should be combined or not should depend only
on the statistics of such pair of estimators. Last, statistics should
be computed online to prevent prohibitive memory or performance

requirements.

Classic filters such as a 3D Gaussian filter or a Joint Bilateral Fil-
ter do not analyze the input estimators and use pre-defined weights
independent of the samples. Instead, we adapt steady-state statis-
tical estimators to the temporal domain to denoise time-gated im-
ages. Our transient estimators are obtained from the mean, cen-
tral moments Mf (where [ is the moment order), and skewness

(M3 /M;/ 2). The central moments [KK51] can be computed as

1 ¢ =/
M= Y (X =XT), @
J
where X]’- represents each sample j of a time bin 7, and X7 is the
sample mean of the time bin 7.

Unfortunately, collecting these estimators é’j naively is imprac-
tical due to high memory constraints. In the following section, we
show how to efficiently collect them for transient rendering.

3.3. Efficient collection of transient statistics

Jarabo et al. [J]MM* 14] realized that, in order to efficiently render
light transport in the temporal domain, it is necessary to reuse paths.
Instead of rendering the time gate of each time bin independently,
which leads to repeating the rendering process T times (one per
time bin, see Fig. 2b), path reuse simultaneously estimates all the
temporal dimension at once by storing the contribution of a light
path into the corresponding time bin of the path temporal delay. As

a result, each light path X contributes to the full temporal domain T’
(Fig. 2c¢).

Algorithm 1 Statistics collection. In the sample function of a
Monte Carlo integrator, we use a single scalar value L per sam-
ple, and accumulate on it the path contribution until the temporal
delay exceeds the current time bin width 4. Then, we dump into
the final transient values through the update_stats function, which
synchronizes parallel dumps through the sync_accum function.

1: def sample (...):
2 L=0,%T=1
38 fast_bin = —1 =0
4: while path is active :
5 surface_it = ray_intersect(...)
# Propagation delay between path vertices
6: f += surface_it.tof

# Next Event Estimation

7 dir_sample = emitter.sample(surface_it)
8: tpin = | (7 + dir_sample.tof — rstart) /7|
B if fyin 7 tast_bin :

10: update_stats(L, fja5 pin, ---)

11 L =0, fast_bin = tbin

12: L += % -dir_sample.L

13: update_stats(L, #jas bin, ---)

14: def update_stats (L, tpin, Xy):
15: v = transform(L)
16: non_zero += sync_accum(1, ty;n,xy)

7 (X X Xs) = syne_accum((v v2 ), g, 10

Algorithm 2 Estimator 6 computation. We compute the final
estimator ® and its variance Var(é) from the central moments
(u, 62,M3) of the statistics X, X3, X3, the samples-per-pixel spp and
count of non-zero samples.

1: def compute_estimators (X1,X», X3, Spp, non_zero):
2: z = transform(0)
# Filling with transformed zeros

3: (X1,X2,X3) += (spp — non_zero) (z,2%,2°)
4: u=Xi/n
5. o8 = (Xa/n—i)
6: M3 =X3/n—3uc> —u
# Correct means to account for skewness [Cur23]
7: 6 =pu+M;3/(66°n)

8: Var() = o*/n

However, it is not possible to just update the statistics for each
light contribution at each path vertex x;, since there are two sets
of non-linear transforms involved: quadratic and cubic transforms
for central moments, and normalizing sample transforms such as
the Box-Cox [BC18] or Yeo-Johnson [YJOO] transforms. Further-
more, close path vertices (xy_1, Xk, Xx1) usually contribute to the

© 2026 The Author(s).
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Figure 3: Spatio-temporal denoising. We leverage the spatio-
temporal correlation of transient light transport for denoising. Our
denoiser is composed of a membership function mfjt deciding which

No filtering

Using final weights u',*,'

transient pixels should be combined together, and a base filter pfjl ,
which combined leads to the final weights wfjt . While the raw ren-
der is noisy and the base filter adds a significant amount of bias, our

weights achieve a near-optimal trade-off between bias and noise.

same time bin. As a result, naively collecting samples while en-
suring correctness would require tracking an independent temporal
domain for each sample, which would translate into an impractical
memory usage: for a scene with height (H), width (W), transient
(T'), and samples per pixel (spp) of 1024, and using 32-bit floats, it
would add up to 4TB just for light contributions.

To overcome this, we instead accumulate the light contribution
of a light path X into a single value L as long as it contributes to the
same time bin (see Algorithm 1). Once the temporal delay 7 of the
path at vertex x;, is greater than the width of the current time bin, we
dump the path contribution into the final transient value and update
its statistics. Therefore, we only track a single value per sampled
light path X, reducing by a factor of 7' the memory consumption
while leveraging the benefits of path reuse. In the previous exam-
ple, the memory usage is reduced by a factor of 1024, yielding a
significantly more practical memory usage of 4 GB.

Furthermore, online updates of central moments [Men15] can
not be computed from a variant of the batched Welford algorithm
[Wel62]. This is due to the concurrent evaluation of many different
samples in a tensorized framework [JSRV22], since the number of
paths concurrently updating the statistics of a certain time bin is
unknown. This requires a temporal dimension to obtain the batched
statistics before dumping to the final transient values, leading to
the aforementioned impractical memory requirements. Therefore,
we rely on the expanded definition of central moments (i.e. My =
o = E[X] fE[Xl]z) and only carry Xj, X, and X3, from which
we compute the noisy estimator @’j as shown in Algorithm 2.

© 2026 The Author(s).
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3.4. Transient denoising

Given our statistical formulation for transient rendering (Sec-
tion 3.2) and our efficient algorithm for collecting those statistics
(Section 3.3), we now combine them for transient denoising.

In transient rendering, since correlations arise in the spatio-
temporal domain, we aim to obtain the weights wfjt that achieve
the bias-variance trade-off in such higher-dimensional space. Tak-
ing into account the temporal dimension, we obtain the optimal
weights w* that minimize the MSE from Eq. (6) by assuming un-
biased estimators, setting the derivative with respect to the weight
to zero [SFA*24], and solving for w* as

L 2(0F — 0)? + Var(8F) + Var(8',) ®
2 ((e; —64)2 + Var(8F) +Var(9’j))

However, noisy estimators yield noisy weights, and using them
directly introduces additional bias. This bias can be limited by en-
forcing binary membership functions

mij = 1if (1—w") >, 0 otherwise, )

where the threshold 7 is the discriminativity of mf]-t, similar to a

Welch’s t-test, t < v and yw = y/1/(2Y) — 1. Membership func-
tions mfj’ adaptively discriminate which estimators Q’i should be

combined together. Two estimators (@’j,éf) are combined only
when the difference between their means (introduced bias) is small

relative to the sum of their variances (present noise).

To further enhance image quality, we can combine the member-
ship functions mj; with existing spatio-temporal filters p;;, such as
a Joint Bilateral Filter (JBF) —which uses low-level features from
G-Buffers such as geometric normal and texture albedo to filter
neighbors— with an added temporal radius. We compute the weights
wi} in Eq. (5) by combining the binary membership functions m;;
with such spatio-temporal filter pfj’ as

Tt Tt
v PijMij

Wi = o= =7
ST iy

as illustrated in Fig. 3.

(10)

Participating media. Our statistics-based transient denoiser nat-
urally supports denoising of transient volumetric renders by replac-
ing the base filter pfj’ from a modified JBF to a 3D Gaussian filter.
This is motivated by the fact that the JBF would wrongly discrim-
inate neighbors based on the low-level features from G-Buffers,
which are tailored to surface features. Therefore, when denoising
participating media we rely solely on the membership functions

mfj’ to discriminate which estimands should be combined together.

4. Results

In this section we show the performance of our statistical transient
denoiser on a variety of scenes. Our algorithm for rendering and
statistics collection with path reuse is implemented in mitransient
[RCGP23], a library for transient rendering developed over the Dr.
JiT [JSRV22] and Mitsuba3 [JSR*22] frameworks. Our statistical
transient denoiser is implemented in PyTorch [PGM*19].

We compare our results against two other approaches: the Joint
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Scene Raw input JBF

Bathroom

Staircase 187e-3 791e-3

OptiX OIDN Ours Reference

424e-3 4.73e-3 1.46e-3

Figure 4: Results comparison. We compare our statistics-based spatio-temporal transient denoiser against a Joint Bilateral Filter (JBF)
(the base filter used in our method), OptiX (NVIDIA OptiX Al-Accelerated Denoiser) and OIDN (Intel’s Open Image Denoise). We use the
RMSE to compare each method with the reference, and each inset shows a different time bin. JBF blurs out most of the image details, to the
point of eliminating many scene features. Learning-based methods aim to obtain more visually pleasant results at the cost of introducing bias
(see e.g. the mirror reflection in BATHROOM or the shadow in KITCHEN), and hallucinating details (such as the caustic discontinuity). The
bath inset is rendered with 128 spp. Please refer to the supplemental material for videos of transient light transport of these scenes.

Table 1: Perceptual metrics (FLIP, SSIM) and reference (RMSE) of
the compared methods. Green shows best, and yellow second best.
First two decimals of SSIM (always 99) are removed for clarity.

BATHROOM KITCHEN STAIRCASE
Method | FLIP| SSIM+ RMSE | | FLIP| SSIM+ RMSE | |FLIP| SSIM{ RMSE |
Raw input | 0.4290 0.9956  0.0095 | 0.4673 0.6127 02613 | 0.2867 0.9971 0.1867
JBE 02631 03710 04935 |0.3341 07068 02120 | 0.2289 0.9486 0.7907
OptiX | 0.2497 09960 0.0291 |0.3126 09474 0.0903 | 0.1542 09957 04242
OIDN | 02212 09967 0.0578 | 0.2620 09390 0.0958 | 0.1256 0.9964 0.4737
Ours | 0.2474 09969 0.0093 [0.3162 09096 0.1282 | 0.1832 09984  0.1462

Bilateral Filter (JBF) used as base filter p?; in our method (to show-
case the importance of memberships), OptiX (NVIDIA OptiX Al-

Accelerated Denoiser) [CKS*17] and OIDN (Intel’s Open Image
Denoise) [Afr25] as state-of-the-art deep learning denoisers. We
do not use temporal denoising in OptiX by treating transient data
as a video, since we observed it worsened its performance.

Fig. 4 shows the results against a reference computed with 30k
spp. JBF over-smooths most of the finer image details, since it com-
bines transient pixels according to their normals and albedos, ig-
noring the actual lighting. In contrast, our method discriminates
which transient pixels should be combined together based on tran-
sient statistics, which incorporate lighting information and thus pre-
serves finer details. Learning-based methods (OptiX and OIDN)
may fail to reconstruct some of the finer details while hallucinat-
ing others, such as the reflections in the BATHROOM scene (top

© 2026 The Author(s).
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row) or the shadow in KITCHEN. Table 1 shows quantitative results
of RMSE and perceptual metrics (SSIM and FLIP). Our method
yields good results using only the transient statistics collected dur-
ing rendering, without requiring training on a dataset.

4.1. Parameter analysis

We analyze next the components and properties of our statistical
transient denoiser. In particular, we analyze the influence of sample
transforms and statistical parameters (Fig. 5), the influence of the
spatio-temporal radius (Fig. 6), and the convergence with respect
to the samples per pixel (Fig. 7).

Sample transforms. We analyze in Fig. 5 the performance of the
Identity, Box-Cox [BC18], and Yeo-Johnson [YJOO] sample trans-
forms, varying the transform parameter A € [0.25,1.50]. We also
test the influence of the threshold Y= {0.01,0.05,0.1}. We fix the
spatial radius to 5 pixels and the temporal radius to 1 time bin.

The distribution of samples depends heavily on the characteris-
tics of the scene. We found that, for transient rendering, the Iden-
tity and the Yeo-Johnson transform with y between 0.05 and 0.1
consistently offers the best performance across scenes. This is dif-
ferent from steady-state statistical denoising [SFA*24], where the
Box-Cox transform seemed to be the best option. We believe this
difference arises due to most of the light contributions reaching the
sensor in transient rendering are near zero, and the Box-Cox trans-
form applies directly a power transform over x as

b

Box-Cox (x,A) = al }?

LA0, x>0, (11)

which yields a disproportionate transformation near zero values.
In contrast, the Identity transform does not transform the sample,
while the Yeo-Johnson transform prevents said distortion issue by
shifting x before applying the power transform:

(x+ 1D =1

Yeo-Johnson (x,A) = 3 , A#0,x>0. (12)

Spatio-temporal denoising. We analyze in Fig. 6 the influence
of spatio-temporal denoising on the RMSE for different time bin
width . We observe that exploiting the spatio-temporal correlation
of transient light transport is crucial for narrow h. However, as h
increases, temporal correlation progressively loses relevance with
respect to spatial correlation, since wider & progressively approxi-
mate a steady-state render. For this test, we used 512 spp and the
Identity transform with y = 0.05.

Convergence. We analyze in Fig. 7 the convergence of our
method in the KITCHEN, BATHROOM and STAIRCASE scenes, and
compare it against learning-based denoisers (OptiX and OIDN).
Our method consistently improves the RMSE, while the perfor-
mance of learning-based methods depend heavily on the scene,
even performing significantly worse than the raw, noisy input (see
BATHROOM and STAIRCASE). This is probably due to the amount
of information learning-based methods need to hallucinate in areas
of very fine detail, as we showed in Fig. 4.

© 2026 The Author(s).
Computer Graphics Forum published by Eurographics and John Wiley & Sons Ltd.

4.2. Volumetric results

Our statistical formulation for transient render denoising naturally
generalizes to transient volumetric rendering with participating me-
dia. We show in Fig. 8 the performance of our method in the BAN-
NER and DISNEY CLOUD scenes, and compare our results against
a base 3D Gaussian filter. It can be seen how, while the 3D Gaus-
sian filter blurs the images excessively, our method better preserves
fine structural details.

5. Discussion

Transient light transport is prone to noisy results, due to the low
number of valid samples (photons) in each time bin. Our work ex-
tends the range of statistics-based techniques for Monte Carlo de-
noising to the transient domain, offering an efficient solution that
minimizes noise while preserving fine structural details, does not
hallucinate and does not require training, while guaranteeing con-
vergence with increasing number of samples.

We foresee different directions to improve the performance of
our method. Relying on statistical tests from noisy estimators of-
fers an efficient solution that does not depend on trained data, al-
though noise may affect the performance of the statistical tests. A
possible solution could be using a hybrid approach; although end-
to-end learning pipelines are computationally prohibitive due to the
excessive amount of samples needed for dataset generation, some
parts of the denoising pipeline could leverage learned data. For ex-
ample, instead of relying on classical spatio-temporal filters such
as the Joint Bilateral Filter, a neural network may be able to ex-
tract some initial structure, or leverage the statistical information
to obtain optimal kernel weights. Furthermore, future work could
analyze the potential interplay between method parameters and per-
ceptual error metrics, or combine our formulation with concurrent
and future works on statistical error reduction such as Sakai et al.
[SFWH25], by leveraging their multi-transform denoising frame-
work and variance-aware adaptive sampling strategies.

Focusing only on denoising while ignoring the sampling compo-
nent of rendering is not optimal, as a naive sampling leads to some
time bins with extremely few samples. We believe that our formula-
tion could strongly benefit from sampling techniques that distribute
samples evenly in the transient domain. Our denoiser would then
not be hindered by these small set of extremely noisy estimators.

Collecting statistics in transient rendering leads to an execu-
tion time overhead of 0.03ms per pixel with 1024 spp and 100
time bins in transient volumetric rendering, tested on a AMD
Ryzen 7 9800X3D 4.7/5.2GHz CPU and a MSI GeForce RTX
5070 Ti GPU. Based on the similarities with the steady-state de-
noiser, our statistics transient denoiser could be implemented with
an execution time of just 1.125s for a resolution of H X W X T =
360 x 960 x 100, while the noisy transient render of the DISNEY
CLOUD scene with 60k spp takes around 15 minutes. This show-
cases the importance of a denosing component in the transient ren-
der pipeline.

Our work may help pave the way to denoise time-gated sim-
ulations in different domains, where accuracy is preferred over
visually-pleasant but possibly biased results, such as acoustic
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Figure 5: Error varying statistics parameters. We analyze for the BATHROOM, KITCHEN, and STAIRCASE scenes the influence of varying
the parameters and sample transforms used in the Root-Mean-Square-Error (RMSE): We vary the sample transform function between the
Identity, Box-Cox [BC18], and Yeo-Johnson [YJOO] transforms with different influences A (x-axis), and membership threshold vy (showing
the significance level). In transient rendering, since the distribution of samples is different than in steady-state rendering, the best sample
transform function is no longer the Box-Cox but either the Identity or the Yeo-Johnson transform with 'y between 0.05 and 0.1.
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Figure 6: Analysis of temporal radius and bin width h. We show
the evolution of the RMSE varying the temporal radius of the kernel
for different spatial radius. Leveraging the spatio-temporal corre-
lation is key to reduce error for narrow time bins (h = 8ps). As the
bin width increases (h = 83 ps), spatio-temporal correlation loses
relevance in favor of spatial-only correlation. With wide time bins
(h = 834ps), spatial correlation is only needed since transient ren-
ders present a similar spatial correlation to steady-state renders,
and very weak temporal correlation. Tested in the KITCHEN scene.
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Figure 7: Convergence with samples-per-pixel. We test the con-
vergence of our method against learning-based denoisers, varying
the number of samples per pixel in the three scenes. Our method
converges with increased number of samples. While learning-based
methods are not reliable to improve the result, our method consis-
tently improves the RMSE. This is due to the bias introduced by
learning-based methods, while ours only uses the statistics present
from rendering to achieve a bias-noise trade-off.

simulations [FWJ*25], thermal imaging [TIT*18] or transient
spectroscopy [KMSP24], or domains that share similarities with
time-gating, such as optical heterodyne detection simulations
[KBW™*25].
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