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From Volume Rendering to 3D Gaussian Splatting:
Theory and Applications

SIBGRAPI Paper ID: 233

Abstract—The problem of 3D reconstruction from posed im-
ages is undergoing a fundamental transformation, driven by con-
tinuous advances in 3D Gaussian Splatting (3DGS). By modeling
scenes explicitly as collections of 3D Gaussians, 3DGS enables
efficient rasterization through volumetric splatting, offering thus
a seamless integration with common graphics pipelines. Despite
its real-time rendering capabilities for novel view synthesis,
3DGS suffers from a high memory footprint, the tendency to
bake lighting effects directly into its representation, and limited
support for secondary-ray effects. This tutorial provides a concise
yet comprehensive overview of the 3DGS pipeline, starting from
its splatting formulation and then exploring the main efforts in
addressing its limitations. Finally, we survey a range of appli-
cations that leverage 3DGS for surface reconstruction, avatar
modeling, animation, and content generation—highlighting its
efficient rendering and suitability for feed-forward pipelines.

Index Terms—Gaussian Splatting, Volume Rendering, 3D Re-
construction.

I. INTRODUCTION

3D reconstruction from posed images is a long-standing
problem in visual computing that is undergoing a fundamental
disruption, driven by advances in Neural Radiance Fields
(NeRFs) [1] and 3D Gaussian Splatting (3DGS) [2]. Given a
set of input views with known poses from an unknown scene,
the goal is to optimize the parameters of a 3D representation
that accurately captures the scene’s geometry and appearance.
NeRFs have had a significant impact on this task by repre-
senting scene geometry (as volume density) and radiance using
neural networks, optimized through differentiable volume ren-
dering [3]. This framework enables highly detailed Novel View
Synthesis (NVS) of real-world scenes, with straightforward
integration of 3D reconstruction into deep learning pipelines.

However, representing a scene volumetrically through a
neural network can be inefficient, as the network must learn
to represent both occupied and empty regions of the domain.
During training, its global representation requires supervision
across the entire domain, including empty space, resulting
in high computational costs and making real-time rendering
impractical—crucial for applications. To address these chal-
lenges, Kerbl et al. [2] introduced 3DGS, which models
the scene as a collection of 3D Gaussians with colors and
leverages volume splatting [4] for differentiable rendering.
By avoiding costly queries in empty space and employing
rasterization, 3DGS achieves both high detail and real-time
performance. Figure 1 gives an overview of 3DGS.

The objective of this tutorial is to present the 3DGS method
by deriving its splatting formulation from the volume render-
ing equation, along with techniques for Gaussian initializa-
tion and adaptation during training. We then review recent
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Fig. 1: Illustration of the 3DGS pipeline. Given a set of posed input images
(left), a sparse point cloud from Structure-from-Motion (SfM) is used to
initialize a set of colored 3D Gaussians (middle). These Gaussians are then

optimized via volume splatting and can support downstream tasks such as
novel view synthesis and surface reconstruction (right).
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approaches that address key limitations of the original 3DGS
method, including its high memory consumption and limited
support for secondary-ray effects. Finally, we discuss a range
of applications of 3DGS, including surface reconstruction, an-
imation, avatar modeling, and feed-forward 3D reconstruction
from sparse views. In summary, our contributions are:

o An intuitive mathematical derivation of 3DGS from the
volume rendering equation.

o A survey of 3DGS extensions and applications across a
variety of 3D reconstruction tasks.

II. VOLUME RENDERING PRELIMINARIES

Our objective is to use differentiable rendering to recon-
struct a 3D scene—parameterized by /—from a set of IV posed
multi-view images and their corresponding camera intrinsics
and extrinsics {I;, K;, W;}}¥ . For each view i, we render
the scene using the current #, obtaining an image Iy ;, which
is then compared to its corresponding input view I;, enforcing
I; = Iy ;. This is achieved by minimizing the photometric loss:

1 N
£(0) =~ >_ Mo — LII", (1)
i=1

using standard gradient descent algorithms such as Adam [5].

Traditional mesh-based representations are typically non-
differentiable, making them unsuitable for optimizing loss (1)
via gradient descent methods. To overcome this, NeRFs [1]
and 3DGS [2] employed volumetric representations to enable
differentiable volume rendering. Specifically, the scene is
parameterized by a density field op : R® — R, quantifying
particle light absorption, and a color field ¢ : R?® — R,
quantifying emitted radiance. Thus, treating the scene as a
“cloud” that both absorbs and emits light. Although seemingly
unsuitable for representing solid objects initially, this approach
has yielded strong results in novel view synthesis [6], [7] and
detailed surface reconstruction [8], [9].
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Let (t) = o; + tv be the view ray associated with a pixelwhich controls the spatial in uence of the Gaussian around
p in the input imagd, whereo; is the camera position. Our point x. To avoid expensive evaluation in empty space, the
goal is to compute the color observed along this ray usimgjtial Gaussians can be placed where geometry is present,
volume rendering techniques [10]. We restrict the ray domaiie. the optimization begins with the Gaussian centerand 1z
to the intervallt, ; t; ], wheret,, andt; correspond to the nearcolorsg; initialized from the SfM point cloud; see Fig. 2 (top-izs
and far bounds. Ignoring scattering, the accumulated radiamo&dle). The scene is then rendered wialume splatting 127
I ( (1)) along the ray satis es the volumetric light transporand the output imagé; is compared to the correspondingzs

ordinary differential equation (ODE) [3]: input view I; using a photometric loss. The resulting errots
Orer ) is backpropagated to update the Gaussian parameters yia

= _(tezcﬁg |_(3|£} ' @ gradient descent. To further re ne the representation and avaid

Emission Absorption poor local minima, an adaptation module is employed during

For simplicity, we omit in the notation. The ODE (2) can befraining; see Fig. 2 (bottom-right). This step dynamically:
solved by separation of variables [3, Sec. 4]. Assuming zedgiusts the number of Gaussians by splitting Gaussians that
background emission as the initial condition, ik(t,) =0, are too large, cloning Gaussians that under t local detail, and
the accumulated radiance at the end of the ray is given byPruning those with persistently low opacity.

Z,, Z,

Iy == 1(tf) = (t)e (t)exp (s)ds dt: (3)
th th

The transmittanceexp( ) captures the attenuation of light
due to absorption along the ray. In practice, to render the
predicted imagé ; for viewi, we approximate the integral (3)
using numerical quadrature methods resulting in the volume
rendering equation [1]:

X 1
It c(ti) 1 exp (ti) | exp (t) ;. 4
i=1 j=1
where | =t tj 1 is the step size between consecutiveig. 2: Overview of the 3DGS pipeline. The process begins (left) with a

samples. This formulation allows gradient-based optimizatiosgt of posed images captured around an object, from which a sparse SfM

o . . ; point cloud is reconstructed. Gaussians are then initialized over this point
asitis fu”y differentiable. In NeRF, the functions andc cloud and optimized (center) through differentiable volumetric splatting. The

are modeled by neural networks, and (4) is used to optimig&dered image is compared to the input views using an photometric loss,

via the photometric loss (1). However, the global nature @hose gradient is used to update the Gaussian parameters. To enhance spatial
; : i rage and avoid under- or over-representation, 3DGS incorporates an
neura,l represeqtatlons requires supervision across'the eIahﬁa tation step (right) that dynamically adds (via splitting or cloning) or
domain—including empty space—to compute (4). This resuligmoves Gaussians during training.
in high computational overhead and severely limits real-time

rendering capabilities, essential for applications.

136
Volume splatting. While it is possible to apply quadrature-i
based volume rendering (4) to the Gaussian representation,
1. 3D GAUSSIAN SPLATTING this is computationally expensive since it would requires
guerying points outside the Gaussian supports. Instead, 3D@S

Gaussian splatting overview To overcome the computationaladoms"o'ume splatting—a ef cient rasterization-based alter-1a

cost of evaluating the volume rendering equation (3), KerBtive—t0 approximate the integral in (3). Precisely, lete ..
et al. [2] introduced 3D Gaussian Splatting (3DGS), whicft VIEW ray associated to a pixgl, intersecting a set oK
represents the density and radiance elds and ¢ using Gaussians sorted according to the distance from their centgers

a collection of colored 3D Gaussians, rendered ef cientIEP the camera positi-on. Using basic prOPer“eS from integral
via volume splatting [4]. We follow the pipeline iIIustratedca|CU|us and assuming that each Gaussian has local suppert,

in Fig. 2 to describe the main stages of 3DGS. The inpt€ c&n rewrite (3) as: w7
consists of a set of posed imagdsg, from which a colored X 1 Z

point cloud is obtained via Structure-from-Motion (StM) [11]; 1( )= ¢ i i (1 jj); with = G () dt: (6)
see Fig. 2 (top-left). This point cloud serves as the basis for i=1 i=1 R

initializing a set oM Gaussiansg := f ;; i; i;G0; where Zzwicker [4] show that « corresponds to projecting (i.e.,us

i 2 R% is the Gaussian center,; 2 R® 3 is the covariance splatting the Ggyissian and evaluating it at the pixel locaion
matrix, ; 2 R is the opacity, and; 2 R® is the RGB color.  1q show that , G (t) dt results in a 2D Gaussian in theso
Each Gaussian de nes a density functi@R®! R givenby: jmage plane, we assume that coordinates are aligned with the

1 —_— camera coordinate system de ned by the pose mattixLet i
G(x) :=exp Q(X D) 5 (B pg tR3! R? denote the perspective projection induced by
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the camera intrinsic& . SincePx is non-af ne, Zwicker et beyond its original scope, including surface reconstruction and
al. [4] proposed a rst-order approximation & around the avatar creation. In this section, we review key developments

Gaussian center; using its Jacobiad 2 R? 3: and highlight notable contributions. 203

Pe(x) Pc( )+ I(x ) @) Memory:_ While p_ossessing high quality, BDGS employs &

substantial quantity of Gaussians, approximately 200,008s

This approximation allows computing the integralby eval- 500,000 for complex scenes, thereby resulting in signi cans
uating a 2D Gaussia@ : R? | R, calledsplatting of the memory and storage demands, particularly when contrasted
3D GaussianG. To compute the the mean and covarianogith the requirements of NeRFs. Furthermore, these chak
of this Gaussian, we express the 3D Gaussian into the camiefsges can be exacerbated by the adaptation mechanism,
coordinate system usingy and apply the linearized projectionwhich may introduce additional Gaussians during the training
using our rst-order approximation: process. Consequently, certain methodologies [13]-[15] have
__ . - TaT. implemented running regimes during the inclusion processo

T = PeW); EIWWEITE (@) educe the number of Gaussians, thus minimizing the mem-

The opacity and colors are preserved, that~s,= ; and ory footprint. Recent studies have also endeavored to re ne
& = ¢. Thus, the resultingsaussian splattingset is given the adaptation strategy, exemplied by MCMC-3DGS [16]::s
by & = (~; ~i;~,&;) is called. Now, we must perform wherein the traditional heuristics of Gaussian adaptation (den-
the composition of multiple volumes with different opacitiesify and prune) have been supplanted by a Markov Chain
(alpha-compositing) with the projected Gaussians. Assumipnte Carlo technique utilizing a loss function. 218
the K Gaussians intersecting the ray “shooting” from pixeAliasing and multi-resolution: 3DGS uses a dilation lter, 2o
p 2 R? are sorted by depth, the nal light intensity at that which fails to suppress high-frequency artifacts when varying

pixel p is given by: focal length or camera distance. To overcome this, MIRx
N 1 Splatting [17] introduced both 2D and 3D Gaussian Itersy:
l; = ¢ ~ G(p) 1 ~5G(p) : (9) improving robustness to aliasing caused by resolution changes.
i=1 j=1 Building on this, recent work has explored Gaussian Splatting
With the new intensity equation, the pipeline is reformulated fgr multiresolution applications [18]. s

rst project (i.e., splat) the Gaussians onto the image, followedPecularity: In 3DGS, an emission-absorption model (2) iss
by pixel evaluation. A tile-basedsterizationstrategy enables Used instead of a scattering model [3], effectively baking
parallelization for faster volume rendering. Additionally, to relighting conditions into the spherical harmonics coef cientszs
duce aliasing artifacts, 3DGS uses a dilation-based Iter [12]his limits performance on highly re ective surfaces ane
It is important to note that, since both NeRFs and GaussiBFfvents relighting. To address this, methods such as Gauis-
Splatting are derived from the volume rendering integral (3§ianShader [19], 3DGS-DR [20], and IRGS [21] incorpQs
note that volume splatting (9) resembles volume renderifgte classical re ection and shading concepts into the 3DG&
(4). Figure 2 provides an overview of the volume splattinfamework. An alternative approach by Ginter et al. [22] uses
operation, where Gaussians are rst sorted along the viewifffusion models for relighting. Gao et al. [23] embed BRDE:
ray and then alpha-composited to form the nal image. parameters—albedo, roughness, surface normals, and incident
Color representation. In 3DGS [2], this modeling approach isllghtlng—mto _each _Gauss.|anz engblmg per-point physmalkys
. . based rendering. Direct lighting is reconstructed using esnr
used to perform 3D reconstruction from posed images, where . . ; -
the scene parametersare de ned as the set of Gaussian vifonment maps, while spherical harmonics model indiregt
They modeled the colors using spherical harmonics to r(‘:(%g_.hting. Additionally, while standard 3DGS relies only oOress
resent view angle light variation and used a diagonalizati jimary rays, re<_:ent meth(_)ds mcorporat_e second_ary rays:40
trick to parameterize the covariance matrix. Since is a model interre ections. To this end, ray tracing techniques have
P ) Ckheen integrated [21], [24], allowing secondary rays—such as

positive-de nite matrix, hence, there is a diagonalization su . A .
that ; := VSV T, whereS 2 R® 3 is a diagonal matrix re ections and refractions—to be spawned upon primary ray
[ [}

with positive entries and/ 2 SO(3), where SO(3) is the 'Mteractions W!th Gau§5.|ans. _ . .
3D rotation group. With this representation, we can optimi2€lume Splatting Revisited Volume splatting (9) introduces s

S by directly optimizing its diagonal entries, represented asSgveral approximations that can compromise rendering ag-
vectors 2 R3. ForV, the rotation can be parameterized as aHracy. Stop-the-pop [25] mitigates popping artifacts caused
optimizable quaterniolq 2 R*. by the sorting procedure. Other works [26], [27] proposg

compensation terms on the opacity for more accurate volume
IV. EXTENSIONS AND DEVELOPMENTS rendering. Additionally, to improve the afne approxima-se

The original 3D Gaussian Splatting (3DGS) techniquéon of the projection operator (7), recent methods such as
achieves high-quality view synthesis but faces challenges si&PGUT [28] employ an unscented transform for more precise
as memory usage and accurate volume rendering. Redegussian projection onto the image plane. 253
extensions address these issues through various improveme3ids.Reconstruction In the Wild: Recent works have ex- .
Thanks to its strong performance, 3DGS is also being appliszhded 3DGS to “in-the-wild” settings characterized by occluss
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sions, transient objects, and varying illumination. WildGaugnimation: 3D representations are often used to enable api
sians [29] integrates robust DINO features and a lightweightation or to recreate dynamic behavior. To achieve physicaily
appearance modeling module within the 3DGS framewodccurate dynamics, PhysGaussian [43] integrates physics-
to handle unconstrained photo collections, matching redlased continuum mechanics directly within 3DGS, creating:a
time rendering speeds while outperforming the original NeRlhi ed simulation-to-rendering pipeline in which each Gause:
baseline and having similar speed to 3DGS on wild datsian is treated as a discrete physical particle with volumse;
Gaussian in the Wild (GS-W) [30] separates intrinsic anallowing direct simulation. Furthermore, Gaussian Splash:
dynamic appearance attributes per Gaussian point, employdran[44] performs physical simulations using Position-Baseg
adaptive sampling strategy, and leverages 2D visibility mapuids. To represent uids more accurately, it builds uposs
to mitigate transient occlusions and photometric variation§aussianShader [19], which enriches Gaussians with matesial
achieving high- delity reconstructions at fast render timegarameters such as diffusiveness, specularity, roughness, and
In a similar approach, Wild-GS [31] aligns pixel appearanagormals to handle specular and re ective objects. To ensuse
features from image triplanes directly to 3D Gaussians aptlysically accurate simulation, they reconstruct surfaces and
uses depth regularization and visibility maps to mitigate thdisentangle the objects that will be actively simulated, using
transient effects and constrain the geometry. SWAG [32] ea-mesh-based simulation framework with Gaussians attached
tends 3DGS by conditioning Gaussians on learned appearatwéhe meshes for texture rendering. Additionally, 4D-GS [45}
embeddings and training unsupervised transient Gaussianprmposes a method for modeling dynamic Gaussians for time-
ignore occluders, yielding state-of-the-art results on diversarying content, such as videos. They develop a spatiotemparal
photo scenes. SpotlessSplats [33] further enhances robustisgssture encoder to capture deformations of both positions and
by detecting outliers in a richer, pre-trained feature space ¢olors over time. 317
ignore transient distractors, improving reconstruction quali

: EXvatars: Reconstructing human avatars using 3DGS poses
in casual captures.

challenges, such as handling dynamic Gaussians and suppert-
ing relighting. To tackle these issues, Gaussian Avatars [46)
trains a FLAME model [47] of the bust, associating each
triangle with a Gaussian that is optimized for the scene whie
being constrained to remain within its corresponding triangles
In contrast, Gaussian Head Avatar (GHA) [48] uses twe:
MLPs and a deformation module to predict the 3D Gaussian
positions based on facial expression and head pose, alongside
a color MLP. Gaussian Avatar [49] leverages the SMPLs
model [50] as a prior to reconstruct full-body avatars using
pose features to predict Gaussian parameters through a feed-
F][gé Sidlllltlistratign of 2D(‘?S“[E?]- The mebtht?]dhr_e?]rese?is the Obiectth as a §grward network. Similarly, 3DGS-Avatar [51] reconstructsso
(o) ISKS and successiully recovers Do Ign-quality view syntnesis H H :
high-resolution normal maps. Image from Huang et al. [9]. aﬂ_?l!-body f_;\\/_atars by Combmmg Gau55|an§ with both nons
rigid and rigid transformations of an underlying SMPL modelz.
Surface reconstruction Although 3DGS has shown strongNovel approaches_have f_urther adv_anced avatar generattan:
. L . . GPAvatar [52] achieves high-resolution results, MeGA [53}
performance in NVS, it is not directly suited for mesh ex- "
X L . supports editing capabilities, and DAGSM [54] enables genes
traction. To address this limitation, several techniques havia - o .
. . . ative avatars from text descriptions. Additionally, Relightables
been proposed to augment 3D Gaussian Splatting with surface = . : : )
. - s . aussian Codec Avatars [55] introduced relightable Gaussian
reconstruction capabilities. One common direction aims {0 ; : A o )
: . o . ; avatars, supporting more diverse lighting conditions. Figure:4
improve the spatial localization of the Gaussians. For instance . .
N o : summarizes these methods for avatar creation. 339
attening” the 3D Gaussians [34], enables more accurate 10-
calization which was further extended in 2DGS [9], replacin8D reconstruction from sparse views 3DGS [2] often s
3D Gaussians with 2D, as shown in Figure 3. Leveragirgiruggles with NVS from sparse image sets, as its optimizatian
neural signed distance functions (SDFs) for surface recaran become trapped in local minima [56], [57]. To address
struction — inspired by similar approaches used in NeRRhis challenge, several works have proposed training feed-
based methods [8], [35] — techniques such as GSDF [3@fward networks (FFNs) to directly predict 3D Gaussians
and GSPull [37] adopt this strategy to recover more detail@drameters, supervised by photometric losses such as LPHRS,
mesh structures. Additionally, some recent approaches h&&IM, or similar metrics, as shown in Figure 2. For instances
proposed rethinking the splatting operation [38]. Several rElash3D [58] uses an FFN for monocular reconstruction;
cent approaches have been proposed to address this proljemerating 3DGS scenes by estimating depth from a single
more ef ciently, including methods that enable signi cantlyview. PixelSplat [56], incorporates an epipolar transformer te
faster reconstruction [39], reconstruction from sparse inpgéneralize features between two views, pairing this withsa
views [40], [41], and techniques specialized for urban drivingrobabilistic prediction of Gaussians aligned along camera-ta-
scenes [42]. pixel rays. MVSplat [59] builds upon PixelSplat by combinings.
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passed into a large FFN model that predicts 3D Gaussians

to perform 3D reconstruction. The input and architecture ef

these models vary, as LGM uses an Asymmetric U-Net taking

as inputs the MV images with ray embeddings; GRM uses Vi&

features from the MV images, which are fed into an Upsampler

transformer capable of up-sampling the VIT features intosa

large number of 3D Gaussians. Additionally, LaRa [65] de nes:

a volume transformer taking as input DINO image features

from diffusion models or real data to generate 3D contents

Figr-] 4 dO(\)/ﬁlrviier\]N l:)tfsa\t/at?g gfnerrggggsrgft:;is- ggssem fggé?;’iietag& EJE-FSCHXtending to 4D content, Wang et. al. [66] reconstruct a 4&

g: F(Ie_aAME é?]?res’pe{givel)}{ Féome approacr?es uge feed-forward networRS€N€ .from a Slngl_e monocglar in-the-wild video, using the
(FFNs) to generate Gaussians, while others employ MLPs for color effecBGB video plus their respective monocular depths and an ad-

Additionally, some methods use text input to guide avatar generation.  dijtional 2D point tracking over time. L4AGM [67] also producesso
4D scenes from a single monocular video, contrary to Waag

o i et. al. they use diffusion models that takes as input videos afd
multi-view feature extraction through transformers and Coﬁbnerates multi view videos which are then passed onto &n

volumes, which are then processed by a U-Net. Similarlycp_jike network, which results in better overall geometryss:

GS-LRM [60] tokenizes two to four images and their camel@xr4p s8] improves results by creating a multi view videass

parameters, concatenates them, and passes them througfm@sion model from a set of 4D views as input, they use &
transformer block whose output tokens are decoded into Gal:‘ﬁfnera-temporal sampling that allows for separate camera and

sian parameters. NoPoSplat [61] addresses critical Iimitatiol%e controls, and allows for time-spatial consistency across

by eliminating the need for known camera poses. It uses,g niiviews videos: these are then inputted into 4D-GS te

canonical coordinate system anchored to a single input Vi%nerate a dynamic 3D scene. Figure 5 shows an overviewof
and introduces intrinsics token embeddings to resolve SCﬁlltase methods.

ambiguity, achieving superior novel view synthesis quality,

especially in scenarios with minimal view overlap. Beyond V. CONCLUSION AND OPEN PROBLEMS 402
these FFN-based approaches, CoR-GS [57] improves spars&aussian Splatting introduced a novel approach to 3B
view reconstruction by de ning two independent reconstrugeconstruction, enabling the creation of high-quality repre=
tions and comparing them to discard inaccurate Gaussiagéntations. As discussed in this survey, there remain mary
Additionally, MAtCha [41] employs an atlas-of-charts an@pen problems and promising research directions, such.as
depth estimation as input to an MLP, which deforms th@etermining the optimal number of Gaussians, improving the
atlas and produces high-quality meshes represented with Batting formulation itself, and developing feed-forward 3@

401

Gaussians. reconstruction models that are both fast to use and robust.to
sparse sets containing any number of input views. 410
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