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Abstract
technique for volumetric light sources defined by signed

We present a practical and unbiased sampling

distance functions (SDFs). SDFs can compactly represent
complex procedural shapes and support Boolean operations
for flexible composition. However, their use as emitters re-
mains underexplored in photorealistic rendering due to the
absence of efficient sampling strategies. Our key insight is
to model the interior of an SDF as a uniform volume and to
project volumetric samples onto the unit sphere centered at the
shading point, yielding a solid-angle distribution that captures
the emitter’s relative spatial layout. We derive the directional
probability densities for analytic primitives and generalize
the formulation to arbitrary SDFs via Monte Carlo volume
estimation. Leveraging robust sphere tracing, our method en-
ables accurate and efficient sampling of SDF emitters without
requiring explicit surface parameterization, voxelization, or
precomputed tables. Compared to baseline approaches such as
uniform directional sampling or surface approximations, our
technique achieves significantly lower variance and runtime
in next-event estimation, while broadening the expressive
power of light sources in rendering.

Keywords Monte Carlo, rendering, signed distance func-

tion, next-event estimation, importance sampling

1 Introduction

In artistic and production rendering, light sources play a cru-
cial role not only in illuminating scenes but also in conveying
mood, form, and story. In physically-based rendering systems,
light sources are typically modeled as emitters: objects that
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define how energy is radiated into the scene. While most
systems support a variety of surface-based emitters such as
points, polygons, or area meshes, systems offer far fewer
options for volumetric emission. This limitation becomes es-
pecially apparent when artists aim to represent emitters with
rich internal structure or nontrivial spatial form. In such cases,
mesh emitters are often used as a workaround, approximating
complex volumetric behavior through surfaces. However,
this approach introduces significant overhead in sampling,
storage, and shading complexity, limiting both performance
and creative flexibility.

This disparity is not due to any fundamental weakness
of volumetric emitters, but rather to the challenges they
pose in sampling and integration. Existing volumetric mod-
els tend to rely on discretized voxel grids, which trade fi-
delity for tractability. By contrast, signed distance functions
(SDFs) offer a compact, expressive alternative for procedural
modeling—supporting smooth blends, Boolean operations,
and structural edits within a unified representation. Despite
their widespread use for geometry definition and scene eval-
uation, SDFs remain almost entirely unexplored as emitters
in Monte Carlo rendering frameworks, owing to the lack of
efficient and unbiased sampling strategies over their implicit
interiors.

We introduce SDF emitters: a new class of volumetric
emitters defined directly by signed distance functions. Our
core idea is to treat the interior of an SDF-defined region
as a uniform emissive volume and to derive a solid-angle
distribution at the shading point through spatial-to-directional
projection. This yields accurate and efficient importance
sampling without requiring meshing, voxelization, or pre-
computed tables. Seamlessly integrating into existing Monte
Carlo pipelines, SDF emitters expand the expressive range
of light modeling—enabling high-fidelity, artist-controllable
illumination with minimal overhead and substantial variance
reduction.

By integrating SDF emitters seamlessly into existing Monte
Carlo rendering pipelines, our method enhances the expressive
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Fig.1 A tunnel scene with SDF-defined capped-torus volumetric emitters. Left: BSDF sampling only. Center: Our solid-angle NEE with

MIS. Right: Reference. All rendered at 256 spp.

power and flexibility of light source modeling, with only small
variance through effective importance sampling in next-event
estimation.
In summary, the main contributions of this paper are
e the introduction of SDF emitters as a new class of
volumetric light sources, enabling implicit geometries to
participate in lighting without meshing or discretization,
e the formulation of an unbiased importance sampling
technique based on solid-angle distributions projected
from volumetric samples, and
* a practical strategy for integrating SDF emitters into
Monte Carlo rendering, leveraging robust sphere tracing
for intersection and evaluation.

2 Related Work
2.1 Procedural and Implicit Geometry in Rendering

Procedural and implicit representations offer a compact and
flexible means of describing complex geometry. Unlike tra-
ditional mesh-based models, these methods define shapes
through functions or composition rules, allowing efficient
storage, evaluation, and manipulation. Such representations
are widely used for geometric modeling in rendering, partic-
ularly for structured or fractal-like objects.

Signed distance functions (SDFs) are a common choice
in this domain. They describe geometry implicitly through a
signed scalar field and support constructive operations like
unions and intersections. SDFs are broadly used in procedural
modeling, differentiable rendering [!], and neural geometry

representations [2, 3], and can be parameterized through

networks to yield continuous, high-fidelity fields [4, 5]. Recent
work has also explored neural implicit surfaces for relightable
appearance recovery [6], further demonstrating the versatility
of implicit representations in rendering pipelines.

In most of these applications, SDFs serve as surface proxies
for visibility testing, shading, or optimization; they are valued
for their compactness and efficient intersection routines. In
contrast, we explore their use as volumetric emitters defined
over interior regions, and develop a solid-angle—based direc-
tional sampling technique locally adapted to each shading
point, without requiring meshing or voxelization.

2.2 Light Source Modeling and Volumetric Emitters

Various strategies exist for modeling light sources in physi-
cally based rendering. Analytic emitters like points, spheres,
or rectangles benefit from closed-form intersection and sam-
pling [7-9], but their simplicity limits the range of visual
effects. Mesh lights, composed of tessellated surfaces, offer
greater flexibility but increase memory and sampling com-
plexity, as they effectively act as large aggregates of triangle
emitters.

Volumetric emitters, such as those found in fire or fog,
are typically modeled using density grids or proxy geom-
etry [10]. Sampling such media often involves integrating
]and

], which interpret emission in terms of direc-

emission along rays, as in the works of Villemin ez al. [
Simon et al. [
tional contributions from volumetric regions. Heterogeneous
volume rendering has also been advanced through biophysi-

cal models for subsurface scattering [13] and differentiable
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regularization techniques for participating media [14].

Our approach has a similar conceptual basis, constructing
directional sampling distributions from volume integrals.
Unlike grid-based formulations, however, we operate directly
on implicit volumes defined by SDFs. This allows us to retain
geometric continuity while avoiding the discretization and
memory costs typically associated with volumetric grids.

2.3 Importance Sampling for Direct Lighting

Accurate sampling of light sources is critical for reducing
variance in Monte Carlo rendering. Standard techniques
like next-event estimation (NEE) and multiple importance
sampling (MIS) [
distributions, but they can still struggle in the presence of

] combine samples from light and BSDF

occlusion, complex emission profiles, or large sets of lights. To
enable NEE for surfaces behind refracting surfaces, manifold
exploration and polynomial systems are leveraged [16—18].
To better align sampling with the integrand, many methods
operate in projected solid angle space [7], particularly for
structured emitters like disks and rectangles [8, 9]. Comple-
mentary advances in adaptive sampling and reconstruction
further reduce variance in gradient-domain rendering [19].
Beyond geometric terms, product importance sampling strate-
gies aim to sample the full product of illumination and material
scattering. For instance, Diolatzis ez al. [
Transformed Cosines (LTC) [
of light and BSDF. Our method complements these strategies

] extended Linearly
] to guide paths by the product

by defining the normalized solid-angle distribution (p ) for
implicit volumetric emitters required by such frameworks,
without requiring surface parameterization. This enables spa-
tially adapted sampling for a broader class of emitter shapes
and representations. In contrast to data-driven approaches [22]
that often require pre-training, our technique remains purely
algorithmic and lightweight, making it uniquely suitable for
dynamic procedural content.

For scenes with many lights, hierarchical techniques like
Lightcuts [ ], and light BVHs [
scalability by clustering and pruning candidate emitters. More

], cone trees [ ] improve

recently, sample reuse frameworks like ReSTIR [26] have
introduced spatiotemporal resampling, amortizing sampling
costs across space and time to enable real-time rendering of
direct lighting in complex scenes. Extensions like ReSTIR
GI [27] and ReSTIR PT [
indirect illumination.

] further generalize this idea to

Our method immediately fits into existing direct lighting
pipelines, and can work seamlessly with these many-light
sampling frameworks.

3 Formulation of SDF Emitter Sampling

Let ¢: R? — R be a signed distance function (SDF) defining
an implicit surface:

S={xeR’| ¢(x) =0}.

We define the corresponding solid region (i.e., the interior of
the shape) as

Q={xeR?| ¢(x) <0}

To model volumetric emission, we introduce the indicator
function:

V(X):{l, ifxeQ, 0

0, otherwise.

This describes a volume with uniform density contained
within the implicit boundary defined by the SDF.
We denote the total volume of the region by

V:=/ v(x) dx, )
R3

which serves as a normalization factor throughout.

3.1 Volumetric Emission Model

We model the radiance emitted in a direction w € S? from a
volumetric emitter by integrating an emissive density p(x)
along the ray from a shading point xo. The function p : R? —
R defines the local radiative emission per unit length. The
radiance is thus given by

L.(w) = /000 v(xp + tw)p(xp + tw) dt, 3)

where the indicator function v restricts integration to the emit-
ter interior . This integral reduces to a sum over ray—volume

ri]:

intersection intervals [r;, 7}

Le(w) = Z /_ri p(Xg+rw)dr. “)

In the case of uniform emission (i.e., p(X) = const), we
may normalize by total emitter volume V and set p = 1/V to
ensure unit total power. This yields the simplified form:

Le(@) =3 307 =), )

For general p(x), we may estimate the radiance using
Monte Carlo integration. Drawing one point 7* ~ U[r;, r}]
per segment, where U denotes the uniform distribution, the
unbiased estimator becomes:

Le(w) = ) (rf =r)p(xo +1°w). (©6)

When this is used in a Monte Carlo renderer, each sample’s
contribution must be weighted by the directional PDF p(w),
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Fig. 2 A spatial-to-directional projection: sampling a point X € Q
inside the emitter (white bunny) and projecting toward the shading
point xq yields a direction w = X — Xq/||x — X¢||. This projection
naturally adapts the sampling distribution to the emitter’s geometry
as seen from xg. At a different point x('), the induced distribution
differs due to perspective.

yielding a per-sample estimator:
~ 1
Lo=—— E N +r'w). 7
e p((/_)) - (r[ rl )p(XO r C{)) ( )

This formulation supports both constant and spatially vary-
ing emissive profiles within the same framework, enabling
efficient importance sampling of arbitrarily complex volu-
metric emitters.

3.2 Projection-Based Directional Sampling

For SDF-defined volumes, directly generating a directionally
adapted importance sample from a shading point is non-trivial
due to the implicit nature of the geometry. However, it is
often easier to sample a spatial point inside the volume using
techniques like rejection sampling or analytic inversion.

Our key insight is to bridge this gap using a spherical
projection from spatial samples to locally adapted directional
ones (see Fig. 2). A point sampled uniformly inside the
emitter induces a non-uniform distribution over directions
at the shading point, which reflects the emitter’s shape and
relative position.

3.2.1 The spatial-to-directional projection

Letxo € R be the shading point. Given a point X ~ v(x) sam-
pled uniformly within the volume V, the spatial distribution
of x is

PO = pv(x) = o ®

We define the corresponding direction by projecting to the
unit sphere:
X — X0

w=—""  weSs. )
lIx = xol|

This defines a mapping from the volume to the unit sphere
centered at X, effectively converting uniform spatial samples
into non-uniform direction samples that naturally account for
the emitter’s geometry.

Uniform sampling within V can be implemented through
analytic inversion for primitive shapes or via rejection sam-
pling for general SDFs. The resulting distribution over di-
rections reflects both the geometry and spatial extent of the
volume relative to the shading point.

3.2.2 The induced directional PDF

To derive the probability density function p(w|Xg) induced
on the unit sphere, we perform a change of variables from
Cartesian to spherical coordinates centered at xg:

X=X0+rw, rel0,mo), weSs. (10)

The volume element transforms as dx = r2 dr dw, and the
spatial PDF becomes:

1
fr,w) = Vv(x0+ra))r2. (11)
Marginalizing over r gives the directional PDF:
1 (e8]
p(wlxg) = V/ V(X + rw)r? dr. (12)
0

In practice, the volume V is often defined by a union

of intervals [r;,r]

summation form:

1 o, 1o ()= 07)?
p(w|x0)=vzil‘[ r dr:vzf.

This expression captures the contribution of each intersected

] along a ray. This leads to a discrete
(13)

segment of the emitter volume along the ray in direction w.

To understand why our projection-based sampling is ef-
fective, consider the relationship between our derived PDF
and the ideal PDF. For a uniform volumetric emitter, the ideal
PDF is proportional to the radiance, which is the line integral
of the volume indicator: p*(w) o« L(w) = X;(rf = 7).

Our method samples based on the volume projected onto
the sphere, yielding a PDF proportional to the difference of
cubes (Eq. 13): p(w) o« Zi((r;r)3 - (r[._)3). Factorizing the
cubic term for a single segment gives:

P = P = 0 =) (P 0)?) . a4
For an emitter at a distance D where the thickness is small
relative to D (i.e., r* ~ D), the second term approaches 3D2,
Consequently, p(w) = C(r* —r7) « p*(w).

This implies that for distant emitters, our sampling distri-
bution converges to the ideal proportional-to-radiance dis-
tribution. In the near field, the quadratic factor ((r*)? +...)
gently over-weights deeper parts of the volume, which is a
safe heuristic that avoids variance spikes from under-sampling
the emitter’s core.
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3.3 Integration Strategies for Common SDF Types

Having established the general projection-based framework,
we now turn to the practical strategies used to compute volume
integrals and ray intersections for different classes of SDFs.
We focus on two representative cases: analytic primitives and
general composite SDFs.

3.3.1 Analytic Sampling of Primitives

For common analytic SDF primitives such as spheres, cubes,
and fori, both the total volume V and the ray—volume inter-
section intervals [r;,7]] can be computed in closed form.

These primitives serve as ideal testbeds for validating our
method under controlled, low-variance conditions.

Sphere Consider a sphere of radius R centered at the origin,
defined by the SDF

¢(x) = [Ix|| - R.
The volume is given by V = ‘3—‘71R3, and aray Xo+7rw intersects

the volume by solving the quadratic

lIxo +rol® = R?,
which yields:

r* = —(wxg) + \/(a)X())2 —|Ixoll* + R%.

If a real solution exists, the ray intersects the sphere in a single
segment [r~, r*].

Importantly, uniform volume sampling is fully analytic. to
sample a point uniformly inside the sphere, draw radius r =
Ru'73, direction w ~ U(S?), and construct X = Xcenter + 7 - .

Torus
by

For more complex primitives, such as a torus defined

2
$(x) = (\/xz +y? - R) +22 -1,

the volume can also be computed analytically as V = 272 Rr?.
Ray-volume intersections are found by solving a quartic
polynomial in r. While intersection and evaluation are exact,
uniform sampling within the torus volume is nontrivial and
typically requires rejection sampling.

Despite this, our projection-based method remains un-
biased. The induced directional PDF can be computed via
Eq. (13), and performs well even when rejection sampling is
used for interior points.

3.3.2 Generalization to arbitrary SDFs

SDFs are capable of representing complex shapes formed
via Boolean compositions, procedural modeling, or learned
neural representations. While analytic formulae for V and ray

intersections are not generally available in such cases, our
framework remains applicable.

Volume Estimation The volume V can be estimated using
Monte Carlo integration over a bounding region. Since v(x) €
{0, 1}, the integration reduces to estimating the fraction of
points inside the volume, yielding fast convergence.

Ray-Volume Intersections The intersection intervals
[r;,r]] can be computed using robust sphere tracing, which
leverages the signed distance property to advance along rays
while avoiding surface penetration.

Unbiasedness Estimating V with a Monte Carlo method
introduces only a scalar normalization error:

. _v Le(w) Vv
Le(w) = VLe(w), L@ ¥ (15)

This scalar factor does not affect the shape of the directional

distribution, preserving the unbiased nature of the estima-
tor and allowing seamless integration with other lighting
strategies.

4 Practical Implementation Details

Our SDF emitter is designed for seamless integration into ex-
isting Monte Carlo path tracers. We implemented the method
in a proprietary GPU production renderer, and also provide
the implementation using LuisaCompute’s DSL [29], avail-
able in the supplemental material. Below, we highlight key
aspects of the implementation, with a focus on robustness,

and compatibility with common rendering pipelines.

4.1 Directional-Safe Stepping Inside Volumes

In standard sphere tracing [30], ray advance is governed by the
signed distance value ¢(x), which guarantees a conservative
step size while outside the implicit surface: when ¢(x) > 0,
the ray can safely advance by Ar = ¢(x) without risk of
penetrating geometry. However, this guarantee does not hold
once the ray enters the interior of a solid volume.

Inside the volume, where ¢(x) < 0, the value |¢(x)|
continues to represent the minimal distance to the surface,
but not necessarily along the ray direction. More precisely,
the surface point minimizing ||x — y|| such that ¢(y) = 0
does not in general lie along the ray direction w. As a result,
stepping by |¢(x)| in direction w may overshoot the nearest
intersection, particularly for grazing incidence, leading to
missed surface crossings and systematic undercounting of
entry and exit events. A naive remedy of simply using |¢(x)|
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inside the solid tacitly assumes that the field is a perfect unit-
Lipschitz distance in every direction. However, in practice, this
assumption rarely holds once constructive-solid-geometry,
smooth blends, or voxel-reconstructed SDFs are involved, so
the overshoot problem reappears.

To prevent such overstepping, we adopt a directional-safe
stepping rule: while inside the volume (¢ < 0), we restrict
the step size to

At = min(—@(X), Smax)»

where dpax is a user-defined maximum step size, chosen to
be no greater than the thickness of the smallest volumetric
feature to be resolved. This clamp ensures that even in worst-
case directional misalignment scenarios, the ray progresses
conservatively without skipping over narrow structures or
internal components.

This modification has no effect outside the volume, where
the standard step At = ¢ remains valid. In combination with
root bracketing and bisection refinement, this directionally-
safe rule yields a traversal algorithm that is both robust and
unbiased, capable of accurately recovering all ray—volume
intersections even in complex or fragmented geometries.

To our knowledge, this interior-specific correction to signed
distance stepping has not been previously formalized in the
literature. While similar ideas have been heuristically em-
ployed in real-time applications and shader code, we present
it here as a principled and necessary component of accurate
volumetric integration.

Choosing 0,x in practice A practical guideline is to set
Omax to the thickness of the thinnest volumetric feature the user
wishes to resolve. For analytic primitives whose minimum
wall thickness is known (e.g., the tube radius r of a torus),
Omax = 7 suffices. For general or composite SDFs where the
feature size is not known a priori, we recommend Opm,x ~
daass/K, where daagp is the diagonal length of the emitter’s
axis-aligned bounding box and K is a user-chosen resolution
factor; in our experiments, K € [20, 100] covers the range
from coarse shapes to fine procedural detail. Setting O pmax
too large risks overshooting thin structures, while setting it
too small increases traversal cost without improving image
quality. In all scenes presented in this paper, a single value
of Omax = 0.05 (in normalized emitter-local coordinates) was
used without per-shape tuning, and proved sufficient for all
tested geometries.

We utilize a single tight axis-aligned bounding box (AABB)
for each emitter. Once the ray brackets the volume interface
during sphere tracing, we perform a few iterations of bisection

to refine the intersection root to high precision, ensuring robust
entry/exit determination.

4.2 Controllable Emitter Parameters

In digital content creation (DCC) pipelines, a light source
typically refers to an artist-facing object with parameters like
intensity and transform, abstracting the underlying emitter
model. To ensure our SDF emitters integrate naturally into
this paradigm, we support these controls directly.

Intensity We normalize emission by the volume V of the
SDF-defined region. The user-defined intensity then acts
as a scalar multiplier on the sampled radiance, preserving
consistent brightness across emitters of different shapes or
scales. For non-uniform emission, we scale each segment’s
contribution by the evaluated local color before normalization.

Transform We support arbitrary diagonal scaling, rotation,
and translation. Let the world-space transform be represented
by:

x=RSx +t,

where S is a diagonal scale matrix, R is a rotation matrix, and
t is a translation vector. The transformed SDF is evaluated
using:

¢ (X) = nin(S) - ¢ (SR x=1).  (16)
where Apin(S) is the minimum singular value of S, used
conservatively to ensure a valid signed distance bound for
safe sphere tracing.

During sampling and PDF evaluation, all geometry is
interpreted in local (pre-transform) space. Volume sampling
is performed in the unit emitter domain, then mapped to
world space using the full transform. The directional PDF is
corrected by the Jacobian determinant of the spatial transform:

1
P (w) = ——c=p(w), (17)

| det(S)|
where ' is the direction computed in the emitter’s local
frame.
This formulation supports non-uniform scaling and main-
tains physical correctness in sampling and evaluation, while
exposing artist-friendly parameters at the light source level.

S Experiments and Results

We performed a series of experiments to evaluate our method.
All experiments were conducted on a PC equipped with an
Intel 17-9700K CPU, 56GB DDR4 RAM, and an NVIDIA
RTX 4070 GPU. Unless otherwise specified, all images were
rendered at a resolution of 1024 x 1024. Comparisons are
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always reported in an equal-samples per pixel (spp) manner, as
the computational overhead of our method remains moderate
in varying scenarios.

5.1 Variance Reduction

We thoroughly evaluated the variance reduction capabili-
ties of our proposed SDF emitter sampling technique across
a diverse set of volumetric light sources and 3D scenes.
Our experiments demonstrate that by correctly sampling the
induced solid-angle distribution, our method consistently
achieves significantly lower variance compared to traditional
approaches, leading to higher-fidelity rendering at equiva-
lent sampling budgets. We performed the same rendering
tasks (direct lighting only, to isolate the variance introduced
by emitter sampling, while a production-level comparison
with global illumination is shown in Fig. 1) with different
approaches. Each approach used the same 64 spp budget. To
avoid overexposure, we suppressed emission directly visible
to the camera. We report error measured as mean average
percentage error (MAPE) and FLIP [
comparisons into two groups as explained below.

]. We categorize our

5.1.1 Analytic and Simple Implicit Shapes

For this group, we evaluated volumetric emitters defined
by analytic SDFs (e.g., sphere, torus, cube). These shapes
allow for a direct comparison to baselines where alternative
sampling strategies might theoretically be feasible. Here, we
report tests with a torus, which is slightly more complex
than other analytic primitives. We compared three distinct
sampling methods for direct lighting:

e Uniform Directional Sampling (Baseline 1): in this fun-
damental baseline, samples were drawn uniformly over
the unit sphere from the shading point. This approach is
highly general but completely ignores the light source’s
specific geometry and extent, leading to high variance,
especially for small or distant emitters.

* Emitter Surface Sampling (Baseline 2): for shapes where
a parametric surface exists (or can be easily derived,
e.g., the boundary of a sphere or cube), we sampled
points uniformly over the emitter’s surface area. While
common for surface lights, this method is fundamentally
suboptimal for volumetric emitters as it only considers
emission from the boundary, not the interior. It also
requires explicit surface parameterization, which is often
unavailable for implicit shapes.

e Our SDF Emitter Sampling Method (Analytic): our
proposed technique, which sampled directly from the
analytically derived solid-angle distribution induced by
the volumetric SDF.

Across both analytic test scenes our solid—angle sampler
attained the lowest error without extra rendering time. For
DracoN, MAPE drops from 0.699 (uniform) and 0.078
(surface) to 0.024, with FLIP falling from 0.448 and 0.054
to 0.021; the Room scene exhibits the same pattern. Be-
cause Monte-Carlo error scales as 1/ VN , these improvements
resulted in more than 2Xx faster convergence than surface
sampling and two orders of magnitude faster than uniform
sampling, yet the wall-clock cost remained essentially un-
changed (4-6 s per render).

5.1.2 Complex and Composite Implicit Shapes

This group focuses on volumetric emitters defined by complex
or composite SDFs (e.g., Boolean operations on primitives
like a fractal shape or a 3D logo). For these shapes, direct
surface parameterization or efficient surface sampling is
generally intractable. Here, our method provides the crucial
ability to sample directly from the volume. We compared
three distinct approaches:

* Uniform Directional Sampling (Naive Baseline): as in
Group 1, this acted as the most general fallback, where
rays were sampled uniformly over the sphere from the
shading point, and contributions were evaluated only
if they intersected the emitter. This method made no
attempt to target the light source and thus served as a
lower bound on efficiency.

* Bounding Volume-Based Sampling (Approximate, Our
Method): In this baseline, we applied our proposed sam-
pling framework not to the exact complex SDF, but to a
simple bounding volume (e.g., an axis-aligned bound-
ing box or sphere) that enclosed the emitter. While this
provided a form of importance sampling, it overesti-
mated the emissive region, leading to wasted samples
and higher variance compared to using the precise SDF.
This demonstrated the benefit of using the exact SDF
query capabilities.

* Qur SDF Emitter Sampling Method (Precise): Our full
approach, which robustly identified ray-volume inter-
sections via sphere tracing within the precise composite
SDF and sampled from the resulting accurate solid-angle
distribution.

The results are shown in Fig. 3. For composite emitters
the advantage of sampling the exact SDF is even more pro-
nounced, because any mismatch between proposal and true
shape wastes samples on empty space. In the KitcHEN scene
the uniform baseline results in a MAPE of 0.945, bound-
ing-box importance sampling trims this to 0.079, but our
precise sampler reaches 0.013: a 6x improvement over the
bound approach, and more than 70x over uniform, with FLIP
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Scattering

a) KITCHEN

0.761

b) CORRIDOR

=
0.805
0.587

MAPE:
FLIP:

+NEE (Bound)

+NEE (Ours) Reference

0239
0.179

Fig.3 Comparison of different sampling techniques for complex SDF emitters (a: fractal-shaped lamp, b: logo in room). Left to right:
BSDF sampling only, added next-event estimation (NEE) using bounding volume approximation, NEE using our precise SDF emitter
sampling, and high-sample-count reference. Our method (third column) achieves significantly lower noise and perceptual error (FLIP) than
both the naive uniform and bounding volume-based approaches, demonstrating its effectiveness in targeting complex emission volumes.

dropping from 0.761 and 0.083 to 0.020. The CorRIDOR scene
shows the same pattern. Crucially, evaluating the true SDF
adds only moderate runtime overhead (less than 30% for all
methods), so the extra geometric fidelity translates directly to
substantial variance reduction at negligible cost.

5.1.3 Non-uniform Emission

As discussed, our method naturally extends to support non-
uniform volumetric emission without introducing bias. In
Fig. 4, we evaluate its variance performance under two types
of non-uniformity. In Fig. 4(a), the emitter uses spatially
varying color with uniform intensity, while in Fig. 4(b), the
intensity falls off with distance to the surface. For comparison,
we also render the same scene with uniform emission.

We observed an increase in error metrics (approx. 50%
higher MAPE) for non-uniform emitters compared to their
uniform counterparts. This behavior is expected: our sampling
PDF is derived solely from the spatial geometry of the emitter
(the indicator function v(x)) and assumes a constant emission
density. When the emission p(x) varies spatially, especially

with high-frequency noise or strong contrast, the integrand
L.(w) = f vp diverges from our geometric PDF p(w) « [ V.
The resulting mismatch in weights leads to increased vari-
ance. However, because our method still robustly identifies
the valid solid angle subtended by the volume, it remains
significantly more efficient than uniform sphere sampling,
which fails to capture the emitter’s boundary entirely.

5.2 Volume Estimation Accuracy

To evaluate the accuracy and practical cost of our Monte
Carlo volume estimation procedure, we tested a variety of
representative implicit shapes with increasing complexity:

* A torus, for which the exact volume is known analytically;

* A union of two disjoint spheres;

» A procedurally defined fractal shape;

e A stylized 3D logo.

For each shape, we estimated the enclosed volume by
uniformly sampling points within a tight bounding box and
applying the binary indicator function described in § 3. We
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0.193
0.124

Fig. 4

Ours Ref. Uniform

0.087

Comparison of rendering results using an SDF emitter with non-uniform (left) or uniform (right) volumetric emission. In each

scene, we render two variants: one with uniform intensity and one with spatially varying emission. (a): an SDF extruded from a 2D SDF
map, with modulated emission color; (b): two Boolean combined spheres, with distance-based intensity falloff. Despite the added complexity
of non-uniformity, our method displays only a modest increase in error for the same sampling budget.
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Fig.5 Convergence plots of volume estimation for four representative implicit shapes. For each case, the relative error is plotted against the
number of samples used during uniform point sampling inside a bounding box. For Torus and TwoSPHERES we calculated the analytical
volume as reference, while the reference for the others was calculated via Monte Carlo estimation using a significant number of samples.
Although the estimation procedure used up to 231 samples, we observe that all examples converged to less than 1% error by approximately 218
samples. Our implementation calculated 23! samples within 2 milliseconds, achieving an 0.1% error. This rapid convergence demonstrates
the efficiency and practical viability of our volume normalization strategy, even for highly complex or fragmented implicit geometries.

recorded the estimated volume as a function of sample count,
and report wall-clock timings for all evaluations.

Fig. 5 presents the convergence behavior across the four
shapes. For the Torus and TWOSPHERES cases, we compare
to exact analytic volumes. For the FrRactaL and Loco cases
(SDF courtesy https://www.shadertoy.com/view/4s13zn), we

estimated ground-truth values using 240 samples. Despite the

high sample ceiling, all shapes exhibited rapid convergence,
with relative errors falling below 0.1% with approximately
218 samples. This level of precision is sufficient to preserve
perceptual consistency in rendered brightness across all tested
scenes.

To assess runtime overhead, we also measured the total

estimation time using 23! samples. For all shapes, the GPU
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(a) Mesh emitter

(b) SDF emitter

(c) Surface emitter

(d) SDF emitter

Fig. 6 Comparison of surface and volumetric SDF emitters. (a, b) A bunny-shaped emitter represented as a triangle mesh versus an SDF.
The SDF is a SIREN network [4] with dozens of weights. Both produce similar appearance. (c, d) A spherical emitter represented as an
area emitter and as a volumetric SDF emitter. Despite identical geometry, the shadow sharpness differs: the volumetric SDF produces a
more focused shadow due to spatially varying emission along different ray paths. This highlights the expressive lighting behavior unique to
volumetric emitters. Readers are referred to the supplemental material for a clearer comparison.

execution time remained below 2 milliseconds. This pre-
processing cost is on par with alias table construction for
environment lights, and can be amortized across frames or
shared across emitter instances. As a result, our method en-
ables fast and accurate volume normalization with negligible

impact on overall performance.

5.3 Lighting Results
5.3.1 Compactness of SDF emitters

Signed—distance functions (SDFs) encode geometry implic-
itly, so a single analytic formula, or a tiny neural network with
only a few dozen weights, can describe shapes that would
require thousands of mesh triangles. Fig. 6(a,b) juxtapose a
bunny emitter stored as a polygon mesh versus an SDF (SDF
courtesy https://www.shadertoy.com/view/3lyyWc). The ren-
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dered appearance is very similar, yet the SDF representation
is two orders of magnitude smaller in memory, incurs no
importance sampling overhead (alias table or tree-based rep-
resentation), and can be edited procedurally at virtually no
extra cost.

5.3.2 Volumetric versus surface emission

Fig. 6(c,d) use a simpler luminous sphere to reveal a funda-
mental behavioral difference between surface and volumetric
lights. For the surface mesh light, radiance is uniform across
the emitting area; therefore every point on the projected disk
contributes equally and the resulting shadow shows a classic,
evenly blurred penumbra. By contrast, our SDF emitter is
filled with uniform volumetric emission. A shading ray aimed
through the centre of the sphere travels a longer path inside
the volume than one skimming the rim, so the effective radiant
power varies with direction as the line-integral length L(w).
Consequently the solid-angle distribution is denser toward the
centre, yielding a sharper umbra and a penumbra that fades
more rapidly (see Fig. 6(d)). This directional modulation
is captured automatically by our sampling PDF and incurs
no additional cost—yet it produces shadow silhouettes that
cannot be replicated by merely adjusting the intensity of a
surface light.

Although SDFs could be converted to surface meshes prior
to rendering, retaining the implicit representation during ren-
dering provides practical benefits. Sampling SDF emitters
avoids the construction and traversal of complex mesh-based
light sampling structures and is often faster than sampling
heavy mesh lights with comparable geometric detail. More-
over, SDFs naturally support volumetric emission and con-
tinuous shape manipulations. In practice, this yields lighting
effects such as directionally modulated shadows and volumet-
ric glows that surface emitters cannot reproduce by intensity
reweighting alone, while remaining compact, procedural, and
straightforward to integrate.

6 Discussion
6.1 Surface versus Volumetric Emission Sampling

For diffuse area lights, sampling uniformly over the emitter’s
solid angle [7, 9] leads to constant Monte Carlo weights. That
is because the geometry term G = cos 8/||x — Xo||> appears
both in the radiance expression and in the Jacobian from solid
angle to surface area. The result is fast convergence with even
a few samples. However, in an emissive volume, radiance in
direction w depends on how far that ray travels through the

emitter:

d

g « L(w), L(w)= Z(r; —r).

This means the optimal PDF should be proportional to L(w).
But uniform-solid-angle sampling does not account for this,
causing high variance especially for thin or distant volumes.
We sample a point uniformly inside the volume and project
it to a direction. This yields a PDF (Eq. (13)) that increases
with the cube of segment length, closely tracking L(w) in
most practical cases. When the emitter is far from the surface,
our PDF approaches the ideal p*(w) « L(w). Even nearby,
it rejects directions that miss the volume and still favors
longer paths, reducing variance. This explains the consistent
speedups in Fig. 7.

6.2 Limitations and Failures

While our method performs robustly for a wide variety of
emitter geometries, certain classes of implicit shapes and
scenarios pose challenges worth highlighting.

6.2.1 High-Frequency or Noisy SDFs

In Fig. 8(a), we tested a procedurally modulated implicit
surface with high-frequency perturbations. Such SDFs require
very small sphere tracing steps to avoid overshooting during
ray—volume intersection, resulting in increased traversal cost.
In our current implementation, this leads to noticeably higher
rendering times, although image quality remains consistent.
We note that hierarchical SDF acceleration (e.g., grid-based
min/max trees) could substantially alleviate this issue.

6.2.2 Low Volume-to-Bounding-Box Ratio

Emitters with sparse or thin structures incur high sampling
overheads. In Fig. 8(c), a box-frame SDF fills only a small
fraction of its bounding volume, causing a low acceptance
rate in rejection sampling and thus higher computational cost.
Tight bounding boxes and stratified sampling reduce this
effect, but a more efficient sampling method remains an open
problem.

6.2.3 Lack of Surface Parameterization

As with most implicit representations, SDFs do not pro-
vide inherent 2D surface parameterization. However, in a
production rendering context, artists typically rely on UV
coordinates to drive shader graphs for procedural textures,
emission maps, or surface variation. Without UV coordinates,
applying fine-grained material control to the emitter surface
becomes difficult, or requires ad hoc workarounds, such as
baking textures into volumes.

7 Conclusions and Future Work

We have introduced SDF emitters, a new class of light source
for physically-based rendering, along with a practical method
for efficiently rendering with them. By turning spatial volume
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+NEE (Surface)

Scattering +NEE (Ours) Reference

MAPE:
FLIP: 0.448

MAPE: 0.755 0.155 T 0.122
FLIP: 0.647 0.094 0.077

Fig. 7 Comparison of rendering quality for analytical SDF emitters, using three sampling strategies: uniform scattering (baseline),
next-event estimation (NEE) with surface-area sampling, and NEE with our solid-angle sampling. NEE methods are combined with scattering
via multiple importance sampling (MIS). The naive approach samples directions by uniformly sampling the SDF surface and projecting to
solid angle, which ignores the interior structure. In contrast, our method enables analytically exact directional sampling over the volume. We
report MAPE and FLIP (lower is better).

- -~

(b) )

Fig. 8 Limitations of our method in challenging SDF scenarios. (a—b): High-frequency perturbations in the SDF (a) require much finer
sphere tracing steps than a smooth surface (b), leading to a significant increase in rendering time (60 s vs. 12 s). (c—d): Emitters with low
volume-to-bounding-box ratios, such as a thin frame (c), suffer from inefficient rejection sampling compared to solid volumes (d), doubling
the computation time (20 s vs. 10 s).

sampling into solid-angle importance sampling, our approach There is room to extend this work in several directions.
enables complex SDF-based lights to be used directly in path ~ One is cosine-weighted sampling, which would better match
tracing—without meshing, discretization, or precomputed  typical BRDFs near surfaces. Another is incorporating solid-
tables. The result is both unbiased and efficient, with substan-  angle—to—projected-area corrections to account for emitter
tial variance reduction in scenes where conventional strategies ~ orientation. Both are standard ideas in light sampling, but
struggle. adapting them to arbitrary SDFs is nontrivial, and not essential
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for most lighting tasks. Our focus has been on building a

general, reliable foundation. Optimizations can follow.
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