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Fig. 1. Our Gaussian-enhanced Surfels (GESs) and its extensions achieve ultra-fast high-fidelity radiance field rendering and successfully avoid popping artifacts
under view changes, compared to the state-of-the-art radiance field methods: 3DGS [Kerbl et al. 2023], SpeedySplat [Hanson et al. 2024], SortFreeGS [Hou

et al. 2024a] and StopThePop [Radl et al. 2024].

We introduce Gaussian-enhanced Surfels (GESs), a bi-scale representation
for radiance field rendering, wherein a set of 2D opaque surfels with view-
dependent colors represent the coarse-scale geometry and appearance of
scenes, and a few 3D Gaussians surrounding the surfels supplement fine-scale
appearance details. The rendering with GESs consists of two passes - surfels
are first rasterized through a standard graphics pipeline to produce depth
and color maps, and then Gaussians are splatted with depth testing and color
accumulation on each pixel order independently. The optimization of GESs
from multi-view images is performed through an elaborate coarse-to-fine
procedure, faithfully capturing rich scene appearance. The entirely sorting-
free rendering of GESs not only achieves very fast rates, but also produces
view-consistent images, successfully avoiding popping artifacts under view
changes. The basic GES representation can be easily extended to achieve anti-
aliasing in rendering (Mip-GES), boosted rendering speeds (Speedy-GES) and
compact storage (Compact-GES), and reconstruct better scene geometries by
replacing 3D Gaussians with 2D Gaussians (2D-GES). Experimental results
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show that GESs advance the state-of-the-arts as a compelling representation
for ultra-fast high-fidelity radiance field rendering.
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1 INTRODUCTION

Free-view synthesis of 3D scenes from multi-view images has been a
long-standing research topic for decades. Starting from the seminal
work of light fields [Gortler et al. 1996; Levoy and Hanrahan 1996],
various scene representations have been developed for this task,
with remarkable advances in recent years, e.g., Neural Radiance
Fields (NeRFs) [Mildenhall et al. 2020] and 3D Gaussian Splatting
(3DGS) [Kerbl et al. 2023].

Both NeRFs and 3DGS construct volumetric radiance fields of
3D scenes. NeRFs represent scenes as neural volumes of view-
dependent color and density, using Multi Layer Perceptrons (MLPs),
and synthesize high-quality images through volumetric ray march-
ing, which imposes considerable costs on training and rendering.
3DGS models radiance fields as sparsely distributed 3D Gaussians
with view-dependent colors and performs rendering using differen-
tiable rasterization and a-blending, achieving the state-of-the-art
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visual quality and real-time frame rates at high resolutions. The
a-blending requires depth sorting of 3D Gaussians, which is compu-
tationally expensive if accurately performed for each pixel. 3DGS ap-
proximates the per-pixel sorting by a tile-based pre-sorting of Gaus-
sians for the whole image at a time. While retaining high rendering
speeds, such an approximation could produce view-inconsistent
images, such as patchy colors appearing and disappearing during
view changes, as known as the popping artifacts.

In this paper, we introduce Gaussian-enhanced Surfels (GESs), a
bi-scale representation for radiance field rendering. At the coarse
scale, a set of 2D opaque surfels with view-dependent colors con-
stitute an approximation of the surface radiance field of the scene,
called the surfel radiance field. Each surfel is a 2D opaque ellipse
associated with geometry attributes of position, rotation and scaling,
and appearance attributes of spherical harmonics (SH) coefficients.
At the fine scale, a few 3D Gaussians surrounding the coarse-scale
surfels form a volumetric radiance field to supplement the scene
appearance not represented well by the surfel radiance field. Each
Gaussian has the same geometry and appearance attributes as in
3DGS [Kerbl et al. 2023]. Our key observation is that the surfel
radiance field can capture a major portion of the scene appearance
(see Fig. 2, left), while the Gaussian radiance field effectively en-
hances the surfel radiance field with fine details (see Fig. 2, middle).
Combining radiance renderings from both coarse and fine scales,
the GES radiance field is able to synthesize high-quality images
(see Fig. 2, right), competitive with state-of-the-art methods.

The rendering of GES radiance fields consists of two passes, and
is entirely sorting-free. Firstly, the opaque surfels are rasterized
through a standard graphics pipeline, producing the color and depth
maps. Secondly, we splat the Gaussians to the screen with depth
testing, and accumulate the Gaussian color weighted by opacity
on each pixel of the surfel color map, in an order-independent
way. For each pixel, the Gaussians whose center depths fail to pass
the depth testing with the surfel depth map will not accumulate
color on the pixel, which means Gaussians are occluded by the
geometry represented by the surfels. Such a sorting-free rendering
not only bypasses the computation bottleneck of Gaussian sorting
and achieves very fast frame rates, but also successfully avoids
popping artifacts under view changes (see Fig. 1, right).

The GES representation can be efficiently constructed from multi-
view input images through a coarse-to-fine procedure, which first
optimizes surfels, and then performs jointly optimization for both
surfels and Gaussians. It is a challenging problem to optimize the
opaque surfels from the image color loss, because the forward pro-
cess from the surfel geometry parameters to pixel colors is non-
differentiable. That is, the change of surfel geometry yields either
no color changes or sudden color changes, as the color is the same
everywhere on each surfel. To tackle this challenge, we introduce
an opacity modulating parameter during optimization to gradually
evolve the translucent surfels into opaque ones. When the parameter
is below 1, the whole surfel is translucent with Gaussian distributed
opacity. When the parameter increases, the surfel gradually becomes
more opaque from the center outward, until the opacity is 1 within
the whole surfel range. During optimization, the outer ring of the
translucent surfel is semi-transparent with Gaussian distributed
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Fig. 2. In our GES representation, 2D surfels represent the coarse-scale
geometry and appearance (left), 3D Gaussians supplement fine-scale details
(middle), and the full rendering of GES achieves high-quality novel view
synthesis by combining both 2D surfels and 3D Gaussians (right).

opacity, which allows the color-based gradients to be backpropa-
gated to the surfel geometry parameters. Then semi-transparent
regions gradually shrink along with the increased opacity modulat-
ing parameter, and the surfel geometry is gradually optimized and
stabilized until the translucent surfel becomes fully opaque.

The basic GES representation can be easily extended to further
enhance its capability by incorporating recent improvements of
the vanilla 3DGS method. By combining the filtering algorithm for
Gaussian splatting [Yu et al. 2024a] with the standard multi sam-
pling anti-aliasing (MSAA) for surfel rasterization, we are able to
significantly reduce aliasing artifacts in renderred images (Mip-GES).
The Hessian pruning score [Hanson et al. 2024] can be employed to
largely reduce the number of Gaussians, further boosting our render-
ing speed (Speedy-GES). Following [Lee et al. 2024], we can replace
the SH coefficients of both surfels and Gaussians by querying colors
from a hash grid, and quantize the scaling and rotation of surfels
and Gaussians, obtaining a compact storage of GES (Compact-GES).
We can also replace the 3D Gaussians with 2D Gaussians [Huang
et al. 2024] to reconstruct better scene geometries (2D-GES).

Experiments on various datasets show that our GESs advance the
state-of-the-arts as a compelling representation for ultra-fast high-
fidelity radiance field rendering. The basic GES rendering achieves
675 fps at 1080p resolutions on average across all tested scenes, ex-
hibiting competitive visual quality without popping artifacts under
view changes. The speedy extension of GES, Speedy-GES, boosts
the rendering performance to 1135 fps with very little quality loss.

In summary, the main contributions of our work include:

e The introduction of Gaussian-enhanced Surfels (GESs), the
first representation that combines the surfel radiance field

with Gaussian radiance field to achieve ultra-fast view-consistent

rendering with state-of-the-art visual quality.

A coarse-to-fine optimization method to effectively optimize
opaque surfels and Gaussians from multi-view images.

A series of extensions of the basic GES representation to
achieve anti-aliasing in rendering, boosted rendering speeds
and compact storage, and reconstruct better scene geometries.



2 RELATED WORK
2.1 Traditional Scene Reconstruction and Rendering

Traditional approaches for novel view synthesis construct light
fields from densely sampled images [Buehler et al. 2001; Davis et al.
2012; Gortler et al. 1996; Levoy and Hanrahan 1996]. With the devel-
opment of Structure-from-Motion (SfM) [Snavely et al. 2006] and
multi-view stereo (MVS) [Goesele et al. 2007], full 3D reconstruction
is enabled from a collection of photos, based on which different view
synthesis methods are proposed [Chaurasia et al. 2013; Hedman
et al. 2018a; Kopanas et al. 2021]. Among these prior works, the
surface light field [Chen et al. 2018; Wood et al. 2000] is the most rel-
evant representation to ours, which represents the radiance of rays
originating from any points on the surface in any directions. The
construction of surface light fields requires high-resolution geome-
try and dense sets of images. Differently, our GES representation
uses surfels with view-dependent colors to approximate the surface
light field and employs Gaussians to supplement the scene appear-
ance not captured well by surfels. We do not require high-resolution
geometry either.

2.2 Neural Radiance Fields

Different neural rendering approaches have been studied for novel
view synthesis [Lombardi et al. 2019, 2021; Riegler and Koltun 2020;
Thies et al. 2019; Wizadwongsa et al. 2021; Zhou et al. 2018]. Among
the many successful approaches, NeRFs [Mildenhall et al. 2021] in
particular have achieved remarkable success and have produced an
explosion of follow-up works [Barron et al. 2021, 2022a; Fridovich-
Keil et al. 2022; Garbin et al. 2021; Reiser et al. 2021; Sun et al.
2022; Takikawa et al. 2022; Tancik et al. 2022; Turki et al. 2022; Yu
et al. 2021]. For example, to accelerate the training and rendering
of NeRFs, InstantNGP [Miiller et al. 2022] replaces the deep MLP
by a shallow MLP with the multiresolution hash encoding as input,
and can be trained in a few minutes. Adaptive Shells [Wang et al.
2023] extract two meshes from SDFs as scene boundaries. During
rendering, it only samples points between ray-mesh intersections
to significantly reduce the number of volumerric samples. Quadra-
ture Fields [Sharma et al. 2024] extract meshes from a quadrature
field built with the help of NeRFs and bake view-dependent colors
obtained from NeRFs as compressed spherical Gaussians stored in
textures, after which ray tracing is performed to get all ray-mesh
intersections as samples for volume rendering.

2.3 Point-based Rendering

Point-based rendering has been explored for decades for rendering
disconnected and unstructured point clouds. To achieve high ren-
dering quality, a common solution is to render points as larger prim-
itives such as circular or elliptic discs, ellipsoids, or surfels [Botsch
et al. 2005; Pfister et al. 2000; Ren et al. 2002; Zwicker et al. 2001,
2004]. With the development of differentiable point-based render-
ing [Wiles et al. 2020; Yifan et al. 2019], point based rendering tech-
niques are also adopted for novel view synthesis [Aliev et al. 2020;
Kopanas et al. 2022, 2021; Lassner and Zollhofer 2021; Riickert et al.
2022]. The most recent work [Zhang et al. 2022] in this category
presents point-based radiance fields, where each point is associated
with the properties of position and SH coefficients, and has no other
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geometry properties (e.g., size, rotation or normal). The points are
rendered with point splatting, where an image-space Gaussian ra-
dial basis function is employed to compute the alpha value of each
point on each pixel. The points are then sorted by z-distance and
the image is rendered via alpha blending from front to back. The
method is designed for foreground scene components and requires
masks for initialization, and it is unclear how it can scale to general
scenes. Point-NeRF [2022] also uses points to represent radiance
fields, but it still requires MLPs and volumetric ray-marching, and
hence cannot achieve real-time rendering.

2.4 3D Gaussian Splatting

3DGS [Kerbl et al. 2023] represents radiance fields as sparsely dis-
tributed 3D Gaussians with view-dependent colors. Due to the excep-
tionally fast speed and high quality in view synthesis, it has inspired
a great amount of follow-up research [Fan et al. 2024; Hahlbohm et al.
2024; Kerbl et al. 2024; Lyu et al. 2024; Moenne-Loccoz et al. 2024a;
Papantonakis et al. 2024; Wu et al. 2024a; Yu et al. 2024a,c]. [Chen
and Wang 2024] and [Wu et al. 2024b] provide a comprehensive
coverage of recent advancements in this field.

Among these works, 2DGS [Huang et al. 2024] and Gaussian sur-
fels [Dai et al. 2024] adopt 2D Gaussians instead of 3D Gaussians to
represent radiance fields. By introducing a perspective-accurate 2D
splatting process and incorporating depth distortion and normal con-
sistency terms, 2DGS can optimize 2D Gaussians to be distributed
more closely around the surface, hence producing more geometri-
cally accurate radiance fields. SolidGS [Shen et al. 2024] modifies
the 2D Gaussian kernel function to create a larger opaque region for
improved view consistency. Geometry Field Splatting [Jiang et al.
2024] uses 2D Gaussians to represent a geometry field and converts
it into a density field for volumetric rendering. Nevertheless, all of
these methods are still volumetric representations of radiance fields
- its rendering requires sorting and a-blending of all Gaussians
along the ray for each pixel as in 3DGS.

It is known that 3DGS suffers from the popping artifacts during
camera movements, because it approximates the accurate per-pixel
depth sorting with a tile-based global sorting of Gaussian center
depths. StopThePop [Radl et al. 2024] proposes a hierarchical sorting
strategy to alleviate the popping artifacts Hahlbohm et al. [2024]
use hybrid transparency [Wyman 2016] to approximate the accurate
blending per-pixel. Both methods cannot guarantee the per-pixel
ordering is fully correct, and thus could produce popping artifacts in
novel view synthesis (see Fig. 12 and the supplementary video). Hou
et al. [2024a] present a sorting-free method for 3DGS by approx-
imating alpha blending with weighted sums, thereby eliminating
the popping artifacts. However, because for each pixel it calculates
the weighted sum of all Gaussians along the ray, this method will
produce color leakage artifacts of occluded objects.

Many methods have been proposed to accelerate 3DGS rendering
and reduce storage by pruning redundant Gaussians [Fan et al. 2024;
Hanson et al. 2024; Lee et al. 2024; Niemeyer et al. 2024]. While very
fast rendering can be achieved, the excessive pruning of Gaussians
tends to lose appearance details. More importantly, as the remaining
Gaussians contribute more significantly to the color, the popping
artifact is exacerbated. Other methods improve the rasterization
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Fig. 3. The representation and rendering pipeline of Gaussian-enhanced Surfels (GESs). The GES representation is composed of a set of 2D opaque surfels
S = {pi.ri,si, SHi}N and a few 3D Gaussians G = {p;, 0, i, 84, SH,-}?;I1 surrounding the surfels, where p;, o, 1;, s;, SH; are the position, maximum opacity,

i=1’

rotation, scaling and spherical harmonic coefficients, respectively. The rendering of GESs consists of two passes. A surfel rendering pass is first performed in a
standard graphics pipeline to produce a color map Cs and a depth map Ds. In the second pass, 3D Gaussians are splatted to the screen, and the colors and
weights are accumulated with depth testing based on the e—modified surfel-rendered depth map. The final image C is computed as the linear combination of
surfel-rendered color map and Gaussian-rendered image with normalized weights. The rendering pipeline is entirely sorting-free.

pipeline [Feng et al. 2024; Wang et al. 2024], such as reducing the
number of covered tiles of screen space Gaussians. However, as
sorting still exists as a computational bottleneck, their rendering
speed is slower than our method.

RTG-SLAM [Peng et al. 2024] presents a real-time 3D reconstruc-
tion system with an RGBD camera for large-scale environments
using 3D Gaussian splatting. It uses opaque Gaussians to fit the
geometry and dominant colors and nearly-transparent Gaussians
to fit residual colors. The opacity value of the opaque Gaussians is
0.99 in the center and decays outwards with the Gaussian function,
while the opacity value of our opaque surfels is 1 within the whole
surfel range. The rendering of RTG-SLAM is the same as 3DGS.

Different from 3DGS and its follow-ups that all use Gaussians to
construct volumetric radiance fields, our method uses 2D opaque
surfels with view-depedent colors to construct surfel radiance fields
to represent the coarse-level geometry and appearance, and em-
ploys Gaussians to construct volumetric radiance fields to enhance
surfel radiance fields with fine-scale details. Our rendering is en-
tirely sorting-free, which not only achieves very fast rates, but also
produces view-consistent images.

Our surfel optimization is performed by utilizing the opacity mod-
ulating parameter to gradually evolve the translucent surfels into
opaque ones. This idea is related to differentiable mesh rasterizer
methods. They typically leverage the subpixel antialiasing opera-
tion [Laine et al. 2020] or convert the mesh into a collection of 3D
Gaussians [Rhodin et al. 2015] or build smooth probability maps
of each triangle [Liu et al. 2019] to get the gradients of image loss
related to vertex positions. Our design is different, which gradually
optimizes translucent surfels into opaque ones using the opacity
modulating parameter.

3  GAUSSIAN-ENHANCED SURFELS

Gaussian-enhanced Surfels are a bi-scale representation of radiance
fields, with a set of 2D opaque surfels with view-dependent colors
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approximating a surface radiance field to represent the coarse-scale
geometry and appearance, and a few 3D Gaussians surrounding the
surfels forming a volumetric radiance field to supplement fine-scale
appearance details not represented well by the surfel radiance field.
The 2D surfel S is defined as a 2D unit circular disc on the XY-
plane in its local coordinate, associated with a set of properties as
S ={pi, i, si, SHi}ﬁ\il, where p; € R is the surfel center position,
r; € R* is the rotation quaternion, s; € R? is the anisotropic scal-
ing, and SH; is the spherical harmonics coefficients representing
view-dependent colors. This 2D surfel forumla is similar to the 2D
Gaussian of 2DGS [Huang et al. 2024], except that our surfels are
fully opaque. The surfel is transformed to the world space by sequen-
tially applying the scaling, rotation and translation with s;, r;, p;.
The color of the whole surfel is the same as the SH color in the
direction from the surfel center to the camera position as

¢i = Y(|lo - pill, SHy), 1

where Y(-) indicates spherical harmonic function, || - || indicates
the norm vector and o is the camera position. The 3D Gaussians
G are defined as G = {pi, 0, 1i, Si, SHi}?;Il, with the properties of
center position p;, maximum opacity oj, scaling s;, rotation r; and
SH coefficients SH;.

The rendering with GESs consists of two passes. In the first pass,
the surfels are rasterized through a standard graphics pipeline. We
compute the depths of surfel fragments, perform the depth test with
a z-buffer, and write the colors of fragments passing the depth test.
The surfel rendered color map Cs and depth map Dy are available
after rendering. In the second pass, we splat the Gaussians to the
screen, and accumulate the colors and weights of Gaussians for each
pixel. During accumulation, we also perform depth testing on the
Gaussians using the surfel rendered depth map Ds, and ignore the
Gaussians occluded by the surface whose center depths fail to pass
the depth testing. The accumulated Gaussian color and weight for a



pixel X are defined as

K
Co(%) = D | [1(di < ds(3) +€)]eis (), B)
i=1

W (X) = ) [1(d; < ds(%) + €)]ai(%), ®)

M=

i=1

A ANTv—1/2 «
(X-pi) 22 (% Pz))’ (4)
where 1(-) is the indicator function, d; is the Gaussian center depth,
ds is the pixel depth obtained from the depth map Ds, ¥ is the
projected covariance matrix determined by the rotation and scaling,
€ is a small positive value introduced to prevent the 3D Gaussians
distributed close to the surface from being wrongly truncated. p;
is the projected Gaussian center, and c; is the Gaussian color in
the current view. @; is clamped to zero if «;(X) < 1/255, as in
3DGS [Kerbl et al. 2023].

The final image C is computed as the weighted combination of
surfel-rendered color map and Gaussian-rendered image

_ CsWs +Cg
W+ W

where Ws = 1 is the fixed weight for surfel color. Since the color
of 3D Gaussians is accumulated and normalized by weight, the
whole rendering process of GESs is entirely sorting-free. Conse-
quently, GESs not only bypass the computation bottleneck of Gauss-
ian sorting to achieve ultra-fast frame rates, but also produce view-
consistent images, successfully avoiding popping artifacts under
view changes.

ai(%) = oiexp(—

®)

4 COARSE-TO-FINE OPTIMIZATION

Given a set of multi-view images of a static scene, whose correspond-
ing cameras are calibrated by SfM [Schonberger and Frahm 2016],
our goal is to optimize a set of 2D surfels and 3D Gaussians faithfully
representing the scene for free-view synthesis. The optimization
is performed using a coarse-to-fine method. The coarse stage opti-
mizes the opaque surfels to reconstruct the coarse-scale geometry
and appearance. In the fine stage, the surfel geometry properties
(i.e., pi,r; and s;) are fixed, and the 3D Gaussians are added and
are jointly optimized together with the surfel SH coefficients to
reconstruct rich appearance details.

4.1 Surfel Optimization

The surfels are initialized with the sparse StM points, where the
surfel positions and colors are set as the SfM point positions and
colors, the surfel scaling is set as the distance to its nearest neigh-
bor, and the rotation is randomly generated. Directly optimizing
opaque surfels from image color loss is very challenging, because
the forward process from the surfel geometry parameters to pixel
colors is non-differentiable. That is, the change of surfel geometry
yields either no color change or a sudden color change (e.g., 0 to c;),
as the color is the same everywhere on the surfel.

To tackle this challenge, we introduce an opacity modulating
parameter w; to gradually evolve translucent surfels into opaque
ones during optimization. For a surfel defined as a circular disc on
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the XY-plane in its local coordinate, the opacity for a point (x,y)
on the surfel now is defined as

ai(x,) = min(L, wiG(x,y)) ©)
x2 2
Glxy) = exp(-— ), )

where @;(x,y) is clamped to 0 when min(«; (x, y), G(x,y)) < 1/255.
The rasterization of translucent surfels is the same as in 2DGS [Huang
et al. 2024]. We use the opacity modulating parameter w; € [0, 255]
to establish the connection between the translucent surfel and the
opaque surfel. When w; < 1, the surfel is a 2D Gaussian. When w;
increases, the Gaussian gradually becomes more opaque from the
center outward. When w; equals 255, the opacity is 1 within the
range where G(x,y) > 1/255, and 0 outside this range. This results
in a circular disc with a radius of r = 4/210g(255) ~ 3.3 where the
opacity is 1 uniformly, as illustrated in Fig. 4.

During optimization, the outer ring of the surfel is semi-transparent
with Gaussian distributed opacity, which allows color-based gradi-
ents to be backpropagated to the surfel geometry parameters. The
optimization starts with w; = 0.1, which means each surfel is a
2D Gaussians. In the early iterations, the large semi-transparent
regions provide effective gradients for optimizing the position and
shape of the surfels. We increase w; gradually in the later iterations,
and the semi-transparent regions shrink accordingly, with the surfel
geometry eventually stabilized until the translucent surfel becomes
a fully opaque one. To obtain more gradients in semi-transparent
regions and achieve anti-aliasing, we use 4x supersampling once
the w; values of all surfels are increased over 30.

We use a-blending
to render the translu-
cent surfels dur-
ing optimization,
which requires depth
sorting of surfels.

However, perform-

ing accurate depth

sorting on each

pixel is too ex-

pensive, and the wi=1
tile-based sorting
of surfels using
the surfel center
depths like 3DGS
is inaccurate, which yields the final opaque surfels to interleave each
other and degrades the reconstruction quality. Observing when w;
is large (i.e., the surfels are mostly opaque), the frontmost surfel
(nearest to the camera) covering a pixel contributes the most to the
pixel color, we design a more efficient way to fairly approximate
a-blending. Specifically, when w; < 30, we perform the tile-based
sorting for the surfels in the same way as in 3DGS. Once w; is
increased over 30, after the tile-based sorting, for each pixel we
compute the accurate pixel-level depths of the surfels covering it.
The surfel with the minimum depth is selected for the first blending
computation, while the blending order of the other surfels is not
adjusted. This strategy can well approximate the accurate sorting,
and reduces both time and memory overhead. More importantly,

w; =30 w; = 255

Fig. 4. The shape of a; (x, y) in Eq. (6) changes
as wj increases.
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the rendering result at the end of optimization is consistent with
the z-buffer-based opaque surfel rendering after optimization.

The loss function includes an image loss £ and a D-SSIM loss
as in [Kerbl et al. 2023]:

Lrgb =(1-1)L1+ALp ssim> (8)

where A = 0.2 in our implementation. In the first 10K iterations, we
use the same strategy as in [Yu et al. 2024a] for surfel densification
and pruning. At the 10K-th iteration, we discard the surfels with
w; < 0.8 (but record the position of these surfels for subsequent
3D Gaussian initialization), increase w; of the remaining surfels
to no smaller than 30, keep w; from optimization, and disable the
densification and pruning. In the 18K-th and 19K-th iteration, we
increase w; of each surfel to no smaller than 60 and 90, respectively.
In the 20K-th iteration, we set w; = 255 for all surfels and terminate
surfel geometry optimization.

Since we only need the coarse-scale color and depth map from
surfel rendering, S does not need to provide excessive appearance
details. After the 15K-th iteration, we disable densification and use
a new strategy to further prune surfels. Specifically, for each surfel
S; in the j-th training view, we compute the number of pixels n; ;
where S; is the frontmost surfel covering them. The covering score
for S; is defined as n; = max{ni,j}JTzl,
training views. We then prune all surfels with n; < n;p, to remove
tiny or invisible surfels. We set n;p, = 16 for real scenes and n;p,, = 4
for synthetic scenes.

where T is the number of

4.2 Gaussian-Surfel Joint Optimization

After surfel optimization, we add 3D Gaussians and jointly optimize
them with the SH coefficients of surfels. The loss function is still
L, 4p in this stage.

The Gaussians are initialized with the positions of the surfels
with w; < 0.8 disgarded at the 10K-th iteration during surfel op-
timization. The other Gaussian properties are initialized the same
way as in [Kerbl et al. 2023]. We periodically densify and prune
3D Gaussians during joint optimization. Every 1000 iterations, we
compute the squared error map between the ground truth and the
rendered image across all training views. The error in each pixel
is normalized in the error map, and we treat the normalized error
as the sampling probability for the pixel. We then sample a fixed
number of pixels based on the probabilities for each image. Using
the corresponding surfel depth map and camera parameters, we
obtain a point cloud, which serves as the initial positions for the
newly added 3D Gaussians. The other Gaussian properties are also
initialized the same way as in [Kerbl et al. 2023]. For Gaussian prun-
ing, similar to RadSplat [Niemeyer et al. 2024], we compute the
contribution score for each 3D Gaussian G; in the j-th training view
using

51 = max % &) ©)

x Wi+ Wg
where X is the pixel the Gaussian covers and «; ;j(X) is the opacity
defined in Eq. (4) in the j-th training view. ¢; j = max{c{f j}izl and
ci.‘,j is the k-th channel of the Gaussian color ¢; j. 3D Gaussians with

AT .. .
max{s; }j:1 < 0.02 among all the T training views are pruned to
remove invisible Gaussians or Gaussians with low contributions.
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5 IMPLEMENTATION DETAILS

For the optimization of GESs, we implement our method upon the
Pytorch framework of 3DGS/2DGS, based on per-pixel rendering
(i.e., launching a GPU thread per pixel for querying its surfels and
Gaussians). For the GES rendering after optimization, we develop
an equivalent per-primitive renderer (i.e., launching a GPU thread
per fragment of primitives for querying its covered pixels) using
OpenGL. The 4x supersampling used in surfel rendering, which is
implemented by rendering a larger resolution image and downsam-
pling it to the target resolution, is replaced by 4x multi-sampling
anti-aliasing (4XMSAA) in the OpenGL implementation. Since an
opaque surfel only has a single color, the two implementations are
equivalent. The OpenGL rendering also consists of two rendering
passes. In the first pass, the depth testing and writing are enabled
and the blending is disabled. We use a geometry shader to generate
surfels from points and render the surfel color map and depth map.
Then, the multisampling textures are resolved (note that MSAA
is not applied for the subsequent 3D Gaussian rendering) and the
depth map is modified according to offset € using a post-processing
shader. In the second pass, depth testing and additive blending is en-
abled and depth writing is disabled. We also use a geometry shader
to generate 3D Gaussians from points, and splat 3D Gaussians to
obtain Cg and Wg. Then, we compute the final image using Eq. (5)
with a post-processing shader. Our method is entirely based on
the programmable graphics pipeline and does not rely on compute
shaders, making it easy to be integrated into existing rendering
engines and mobile devices.

The depth offset € in Eq. (2) and Eq. (3) has a significant impact on
rendering quality. If it is too large, some 3D Gaussians that should
be occluded by the surface may leak out; if it is too small, many 3D
Gaussians close to the surface will be wrongly truncated. We set
€ = % Z?:] s;,j for each Gaussian, where D is the dimension of
scaling and s; j is the j-th axis length of scaling s;, which allows ¢; to
vary adaptively to the geometric granularity, achieving high-quality
results while reducing leakage.

6 EXTENSIONS

The basic GES representation can be easily extended by incorporat-
ing recent improvements of the vanilla 3DGS method, to achieve
anti-aliasing in rendering (Mip-GES), boosted rendering speeds
(Speedy-GES) and compact storage (Compact-GES), and reconstruct
better scene geometries (2D-GES).

6.1 Mip-GES

To reduce aliasing artifacts, we utilize 4XxMSAA in surfel rendering,
and employ a screen-space fixed-size EWA filter when rasterizing 3D
Gaussians. However, the fixed-size EWA filter shows dilation or high-
frequency artifacts when rendering at varying scales. Therefore, we
apply the world space filter and the approximated screen space box
filter proposed by MipSplat [2024b] to our 3D Gaussians, which can
significantly reduce aliasing artifacts in renderred images.

6.2 Speedy-GES

Our surfel pruning strategy effectively removes more than 80% of
invisible or low-coverage surfels, providing reliable and compact
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When Gaussian Meets Surfel: Ultra-fast High-fidelity Radiance Field Rendering « 7

SpeedySplat AdrGS SortFreeGS

Fig. 5. Qualitative comparisons on image quality. From top to bottom: Stump, Bicycle, Train, Counter and Treehill. Our GES representations reconstruct rich
texture details while maintaining high frame rates with sorting-free rendering.

geometry representation. Although our Gaussian pruning strategy
also removes low-contribution Gaussians, a considerable amount of
redundant Gaussians can be further pruned at the cost of a slight
quality loss. In Speedy-GES, we replace our contribution score used
in Gaussian pruning by the Hessian pruning score proposed in
SpeedySplat [2024], resulting in 1.6X acceleration in rendering.

6.3 Compact-GES

We use the storage compression method in C3DGS [Lee et al. 2024]
to further compact the basic GES. Specifically, we replace the SH co-
efficients of both surfels and Gaussians by querying colors from the
hash grid and use residual vector quantization to quantize the scal-
ing and rotation parameters of both surfels and Gaussians, achieving
over 20 times storage compression with only a little quality loss.

6.4 2D-GES

As our opaque surfels are 2D planar discs, the normals and depths
on the intersection regions of surfels can be discontinuous, which
motivates us to use Gaussians to smooth the geometry of surfels.
Given the surfel depth map Ds and normal map N, we compute
the smoothed depth map Dq,,,00: and normal map Np,00:h @S

N
DG(%) = ) [1(d; < ds(%) +€)|diei (%), (10)
i=1
N
NG(%) = ) [1(d; < ds(30) +€)Iniet; (), (11)
i=1
DsW; + Dg NsWs + Ng
Dsmooth = ;V i-WG s Nsmooth = ;V j-WG > (12)
S S
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Table 1. Dataset-averaged quantitative evaluation on image quality. Results marked with * are evaluated using our reproduced code.

Datasets Mip-NeRF360 Deep Blending Tanks & Temples NeRF Synthetic
Method|Metric | SSIMT PSNRT LPIPS| | SSIMT PSNRT LPIPS| | SSIMT PSNRT LPIPS| | SSIMT PSNRT LPIPS|
MipNeRF 0.792 27.58 0.237 0.15 29.40 0.245 0.759 22.22 0.257 0.951 33.09 0.060
Plenoxel 0.625 23.08 0.462 0.795 23.06 0.510 0.719 21.08 0.379 0.958 31.76 0.049
INGP 0.699 25.59 0.331 0.817 24.97 0.390 0.745 21.92 0.305 0.959 33.18 0.055
3DGS 0.814 27.43 0.214 0.903 29.41 0.243 0.841 23.62 0.183 0.969 33.31 0.037
SortFreeGS 0.804 27.19 0.211 0.902 29.63 0.229 0.842 23.61 0.178 N/A N/A N/A
SortFreeGS* 0.790 27.04 0.263 0.910 30.22 0.254 0.825 23.49 0.223 0.964 32.72 0.040
StopThePop 0.816 27.44 0.217 0.904 29.69 0.248 0.843 23.43 0.178 0.970 33.32 0.035
AdrGS 0.792 26.95 0.259 0.906 29.88 0.254 0.836 23.51 0.203 0.968 33.24 0.036
MipSplat 0.815 27.49 0.214 0.904 29.48 0.243 0.846 23.71 0.158 0.969 33.33 0.037
AbsGS 0.821 27.49 0.208 0.902 29.65 0.243 0.851 23.75 0.167 0.969 33.32 0.037
3D-GES 0.813 27.38 0.208 0.906 30.00 0.241 0.841 23.95 0.181 0.967 33.37 0.033
Mip-GES 0.812 27.42 0.208 0.906 30.06 0.239 0.847 23.97 0.177 0.969 33.37 0.032
SpeedySplat 0.782 26.92 0.296 0.887 29.32 0.311 0.818 23.39 0.241 0.955 32.50 0.056
Speedy-GES 0.806 27.07 0.226 0.908 30.03 0.247 0.829 23.73 0.208 0.962 32.60 0.043
C3DGS 0.800 27.03 0.243 0.906 29.80 0.258 0.835 23.40 0.201 0.968 33.24 0.034
Compact-GES | 0.808 26.98 0.221 0.906 29.93 0.251 0.832 23.62 0.194 0.964 33.12 0.033
2DGS 0.798 26.82 0.253 0.905 29.67 0.260 0.833 23.17 0.213 0.966 32.82 0.037
2D-GES 0.808 26.76 0.219 0.911 30.02 0.235 0.834 22.76 0.190 0.967 33.24 0.034

where d; and n; are the depth and normal of the Gaussian G; cover-
ing the corresponding pixel x. We follow previous works [Guédon
and Lepetit 2023; Ye et al. 2024a] to use the central depth and mini-
mal axis direction of a 3D Gaussian as d; and n;, respectively, which
can effectively improve the geometry quality. However, as men-
tioned in 2DGS [Huang et al. 2024], simply using the central depth
can not ensure the geometry consistency in different views. There-
fore, we further propose 2D-GES, which replaces 3D Gaussians with
2D Gaussians, to further improve the geometry reconstruction. The
d; and n; are replaced by the planar depth and normal of the 2D
Gaussian in 2D-GES. We also design a specific optimization algo-
rithm for 2D-GES with geometry regularization terms. For further
details, please refer to the supplementary material.

7 RESULTS AND EVALUATION

We conduct extensive experiments and comparisons on a worksta-
tion with an i7-13700KF CPU, 32GB memory and an NVIDIA RTX
4090 GPU, to demonstrate the effectiveness and efficiency of GESs.
We also perform ablation studies to validate our representation and
optimization designs.

Datasets. Our evaluation uses the same datasets as in [Kerbl et al.
2023], which includes eight synthetic scenes from the NeRF Syn-
thetic Dataset [Mildenhall et al. 2020], nine real scenes from the
Mip-NeRF360 Dataset [Barron et al. 2022b], two real scenes from the
DeepBlending Dataset [Hedman et al. 2018b] and two real scenes
from the Tanks & Temples Dataset [Knapitsch et al. 2017]. These
scenes include synthetic objects with complex geometries as well as
various texture-rich indoor and outdoor environments, suitable for
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a comprehensive evaluation of different methods. Following 3DGS,
we use the pre-downscaled images for the training and evaluation on
real scenes. We also use the DTU Dataset [Jensen et al. 2014], which
comprises 15 real scenes with corresponding masks and ground
truth point clouds, to evaluate the geometry reconstruction quality
of 2D-GES.

Baselines and metrics. We compare our basic GES representation
(named 3D-GES) and its extended versions (Mip-GES, Speedy-
GES, Compact-GES, 2D-GES) against the following state-of-the-
art baselines: 3DGS [Kerbl et al. 2023], the vanilla 3D Gaussian Splat-
ting; 2DGS [Huang et al. 2024], a method using 2D Gaussians as
primitives to improve geometry reconstruction; SortFreeGS [Hou
et al. 2024b], a method replacing the alpha blending of Gaussians
with the weighted sum of Gaussians; AdrGS [Wang et al. 2024], a
method using more precise bounding boxes for splatted Gaussians
to accelerate rendering; SpeedySplat [Hanson et al. 2024], a method
applying a new pruning score to prune about 90% of Gaussians to ac-
celerate rendering; MipSplat [Yu et al. 2024a], a method using a 3D
world space filter and a 2D screen space filter to achieve alias-free
rendering; AbsGS [Ye et al. 2024b], a method using homodirectional
view-space positional gradient as the criterion for densification;
C3DGS [Lee et al. 2024], a method focusing on reducing the stor-
age overhead; StopThePop [Radl et al. 2024], a method using a
hierarchical sorting strategy to alleviate popping artifacts; as well
as three NeRF-related methods: MipNeRF [Barron et al. 2022b],
INGP [Miiller et al. 2022] and Plenoxel [Fridovich-Keil et al. 2022].
These baseline methods are the state-of-the-arts in the directions
of rendering quality, rendering speed, storage overhead, geometry
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Ground-truth  Speedy-GES  SpeedySplat ~ SpeedySplat  SpeedySplat
FPS 1286 1338 (90%) 960 (60%) 558 (30%)

PSNRT/LPIPS! 22.59/0.316 22.51/0.463 22.56/0.372 22.60/0.362

Fig. 6. Comparisons between Speedy-GES and SpeedySplat [Hanson et al.
2024] in Treehill. We adjust the proportion (90%, 60% and 30%) of Gaussians
pruned in SpeedySplat to make its rendering quality close to Speedy-GES.
When pruning 30% of Gaussians, SpeedySplat’s quality is still not so good
as Speedy-GES, and its frame rate drops to less than half of ours.

3D-GES AbsGS

Ground-truth

Fig. 7. Qualitative comparisons between our 3D-GES and AbsGS [Ye et al.
2024b]. AbsGS exhibits floaters and missing details.

reconstruction, and view consistency, allowing for a comprehensive
evaluation of our approach.

We use the standard PSNR, LPIPS, and SSIM metrics to evaluate
the rendering quality. We use FPS, computed by the reciprocal of
the average rendering time, to evaluate the rendering speed. We use
the chamfer distance (CD) to evaluate the geometry reconstruction
quality. We also follow StopThePop [Radl et al. 2024] to use ILIP;
and ILIP7 to evaluate the short-term and long-term popping artifacts
on the camera paths we generated.

7.1 Comparisons With Baselines

Rendering quality. As shown in Table 1, our 3D-GES and Mip-GES
achieve high rendering quality competitive with the state-of-the-art
methods. As shown in Fig. 5, 3D-GES reconstructs fine appearance
details comparable to or even better than 3DGS. Among the ren-
dering acceleration methods, AdrGS uses the load balancing loss

When Gaussian Meets Surfel: Ultra-fast High-fidelity Radiance Field Rendering « 9

3D-GES SortFreeGS

Fig. 8. Qualitative comparisons between our 3D-GES and SortFreeGS [Hou
et al. 2024a]. The background color leaks through the foreground objects in
SortFreeGS.

Ground-truth Mip-GES 3D-GES

v‘ c
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>

Fig. 9. Qualitative comparisons between 3D-GES and Mip-GES. By applying
the world space filter and screen space filter proposed by MipSplat [Yu et al.
2024a] to our 3D Gaussians, our rendering quality is further improved.

to equalize the number of Gaussians covering each pixel. However,
it results in smeared or blurry rendering results, as observed in
the floor in Counter and the grass in Bicycle. SpeedySplat achieves
significant rendering acceleration by discarding a large number of
Gaussians, but this comes at the cost of missing appearance de-
tails, leading to poor LPIPS scores. Our Speedy-GES, by avoiding
the sorting time, is able to retain more Gaussians to preserve high
quality rendering and meanwhile possess ultra-fast rendering speed
comparable to SpeedySplat. As shown in Fig. 6, in order to achieve
a rendering quality comparable to our Speedy-GES, SpeedySplat
needs to prune much fewer Gaussians and its frame rates drops
to less than half of ours. In Fig. 7, we compare our method with
AbsGS [Ye et al. 2024b]. The densification strategy in AbsGS reduces
image blurs, but still misses some details, and the aggressive densifi-
cation also tends to generate floaters. Compared to the sorting-free
method, SortFreeGS, our method leverages surfels to construct the
coarse geometry, avoiding color leakage of occluded objects. As
shown in Fig. 8, SortFreeGS exhibits noticeable color bleeding when
the distance between the camera and objects is different from the
training set. It is because SortFreeGS directly uses the Gaussian
depths to compute the rendering weights of Gaussians, which can-
not guarantee the occlusion correctness from arbitrary views. By

ACM Trans. Graph., Vol. 44, No. 4, Article . Publication date: August 2025.



10 « Keyang Ye, Tianjia Shao, and Kun Zhou

Table 2. Averaged quantitative evaluation of popping artifacts on the MipN-
eRF360 dataset. STP: StopThePop, Speedy: SpeedySplat, SFGS: SortFreeGS.

STP 3DGS Speedy SFGS 2D-GES 3D-GES
qALIP; | | 0.037 0.041 0.043  0.034 0.032 0.032
ALIP; | | 0.126  0.128 0.130  0.120 0.114 0.117

Table 3. Dataset-averaged quantitative evaluation on frame rate (FPS) at
1080p and 2160p resolutions, storage (MB) and training time (minute). Re-
sults marked with * are evaluated using our reproduced code. The training
time is measured for the native image resolutions of training images.

FPS (1080p) FPS (2160p) MEM  Train
3DGS 185 62 734 28
SortFreeGS” 321 168 506 42
StopThePop 167 55 830 40
MipSplat 131 43 1054 37
AdrGS 537 195 274 16
AbsGS 176 60 746 29
SpeedySplat 1140 369 78 14
C3DGS 139 47 49 36
2DGS 90 24 504 26
3D-GES 675 233 366 43
2D-GES 718 247 343 52
Mip-GES 640 213 394 49
Speedy-GES 1135 348 185 36
Compact-GES 300 128 47 39

applying the world space filter and screen space filter to 3D Gaus-
sians, our Mip-GES achieves alias-free rendering, alleviating the
dilation artifacts in distant background and high-frequency artifacts
in thin structures, as shown in Fig. 9.

View Consistency. Our GESs are sorting-free, fundamentally avoid-
ing the popping artifacts caused by the sorting approximation in
3DGS. To evaluate view consistency, we follow [Hou et al. 2024b] to
slightly rotate the camera and show two adjacent frames in Fig. 12.
Please also refer to our supplementary video for a more pronounced
comparison. We can see that Both 3D-GES and 2D-GES have no pop-
ping artifacts, while 3DGS, StopThePop and SpeedySplat all show
popping artifacts, especially for SpeedySplat, because it removes
a large number of Gaussians, resulting in a higher overall opacity
of the remaining Gaussians, which exacerbates popping artifacts.
StopThePop cannot guarantee to eliminate the popping artifacts, es-
pecially when the view is far from the training views. Table 2 shows
the short-term LIP; and long-term ILIP; metrics, which measure
the consistency between rendered frames and warped frames with
optical flow [Radl et al. 2024]. As shown, our sort-free rendering
effectively eliminates the popping artifacts and achieves the best
results. Please note that as mentioned in 2DGS [Huang et al. 2024],
3DGS utilizes view-dependent intersection planes of 3D Gaussians
for splatting, which also results in inconsistency. For the same rea-
son, our 3D-GES with 3D Gaussians cannot fully guarantee the view
consistency, while our 2D-GES, using 2D surfels and 2D Gaussians
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2D-GES (Ng)

2D-GES (Nsmuoth)

Fig. 10. Qualitative comparisons between the surfel normal map (Ns)
and smoothed normal map (Ngmoorn) of 2D-GES and normal map of
2DGS [Huang et al. 2024].

as primitives, achieves complete view consistency. Nevertheless, in
our view consistency evaluation, we do not observe obvious view
inconsistency artifacts in 3D-GES rendering.

7.2 Ablation Study

In this section, we isolate our algorithmic choices and evaluate
their effects on the rendering quality and frame rate. We conduct
experiments on Mip-NeRF360 Dataset and report average metrics
across all scenes.

Rendering speed. As listed in Table 3, our GESs possess ultra-
fast frame rates at 1080p and 2160p resolutions while maintaining
the competitive SOTA rendering quality. 3D-GES achieves 675 fps
at 1080p resolution and 233 fps at 2160p resolution, and Speedy-
GES achieves 1135 fps at 1080p resolution and 348 fps at 2160p
resolution. The rendering speed of 3D-GES at 1080p resolution is
about 5.2X as fast as MipSplat, 4.0X as fast as StopThePop, 3.6X as
fast as 3DGS, 2.1X as fast as SortFreeGS, and 1.3x as fast as AdrGS,
whose rendering qualities are comparable. Though SpeedySplat is
faster than 3D-GES, it is at the cost of degrading rendering quality.
In constrast, our Speedy-GES achieves competitive rendering speed
as SpeedySplat, while still maintaining high quality rendering.

Storage. Our method requires only a small number of surfels to
construct coarse geometry, while Gaussians are used to further
enrich appearance details. In contrast, 3DGS requires Gaussians
to simultaneously handle both geometry and color reconstruction,
tending to densify much more Gaussians. As a result, the storage
consumption of 3D-GES is less than half of that of 3DGS (366MB
v.s. 734MB in Table 3). After pruning with the same strategy as in
SpeedySplat, the storage overhead is further reduced by about 50%.
Finally, by applying the same quantization and hash-grid techniques
to compress primitive parameters as in C3DGS, we achieve even
lower storage overhead than C3DGS (47MB v.s. 49MB in Table 3)
with a comparable rendering quality as C3DGS (see Table 1).
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Fig. 11. Qualitative comparisons between our 2D-GES and 2DGS [Huang et al. 2024]. The reconstructed meshes of 2DGS show some holes on glossy surfaces.

Table 4. Quantitative comparisons of geometry quality using the chamfer distance (CD) metric on DTU Datasets [Jensen et al. 2014]. We use the central depth
and the shortest axis direction of 3D Gaussians as the depth and normal, and apply the same regularization terms and training process as 2D-GES to our

3D-GES, achieving better reconstruction quality than 3DGS.

Scan 24 37 40 55 63 65 69 83 97 105 106 110 114 118 122 Mean
3DGS 214 153 208 1.68 349 221 143 207 222 175 179 255 153 152 150 1.97
2DGS 048 091 039 039 101 083 081 136 127 076 070 140 040 0.76 0.52 0.80
3D-GES | 056 0.89 049 037 115 096 082 135 1.28 080 0.67 151 047 087 0.58 0.85
2D-GES | 052 0.73 041 038 119 088 078 126 118 069 0.66 147 044 080 0.52 0.79

Geometry reconstruction. In our 2D-GES implementation, 2D Gaus-
sians not only enrich appearance details but also play a role in
smoothing the geometry. As shown in Fig. 10, the normal map ren-
dered from surfels exhibits discontinuities, whereas 2D Gaussians
effectively smooth the discontinuous areas across surfels. As shown
in Table 4, 2D-GES achieves comparable geometry reconstruction
quality as 2DGS on the DTU dataset. Moreover, the opaque surfels
is geometrically consistent across different views, making 2D-GES
capable of well reconstructing glossy surfaces, as shown in Fig. 11,
while 2DGS has hole artifacts on glossy areas. It is worth noting
that if we follow previous methods [Guédon and Lepetit 2023; Ye
et al. 2024a] and use the central depth and the shortest axis direc-
tion of the 3D Gaussian as the depth and normal for each point on
the Gaussian, the geometry can also be optimized using the same
optimization process as 2D-GES. This approach achieves better ge-
ometry compared to 3DGS, as shown in Table 4.

Two-stage optimization. To validate the necessity of our two-stage
optimization, we experimented with a single-stage optimization
scheme. Specifically, we use translucent surfels to render both depth
map and color map as in 2DGS [Huang et al. 2024]. The Gaussians
then accumulate colors and weights according to the depth map, and
the final color is computed using Eq. (5). We gradually increase w; to
make all surfels fully opaque, identical to Sec. 4.1. As demonstrated
in the original 3DGS paper, the 3D Gaussian primitives are highly
flexible and can fit input images well alone. The single-stage opti-
mization tends to favor 3D Gaussians for image fitting rather than
surfels. As shown in Fig. 13, without sufficient surfels covering the
scene surface, color leakage often happens in novel views, because
our Gaussian primitives are blended order-independently. Quantita-
tively, as shown in Table 5, the averaged PSNR of the single-stage
optimization on Mip-NeRF360 dataset is 27.04, while the two-stage
optimization achieves 27.38, which also shows the necessity of our
two-stage optimization design.
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3D-GES 2D—ES 3DGS 3D-GES

2D-GES

3D-GES 2D-GES

SpeedySplat

StopThePop

Fig. 12. Qualitative comparisons of “popping” artifacts. Both 2D-GES and 3D-GES achieves view-consistent rendering due to our sort-free rendering.

Ground-truth 3D-GES Single-stage
Fig. 13. Qualitative comparisons between two-stage (3D-GES) and single-
stage optimization schemes. Without sufficient surfels covering the surface,
color leakage happens in the results of single-stage approach.

Rendering using only surfels or Gaussians. As shown in Fig. 14, ren-
dering using only either of the two primitives significantly degrades
the rendering quality. When only surfels are used for rendering
(C = Cs), color discontinuity occurs across the surfels, and detailed
structures are missing. When only Gaussians are used (C = Cg/Wg),
the background can be reconstructed with high quality, since Gaus-
sians are optimized to fit the images without occlusion conflicts.
However, foreground objects exhibit noticeable color leakages sim-
ilar to SortFreeGS. The quantitative results are listed in Table 5.
We also show the surfel rendered image (C = Cs/(1 + Wg)) and
Gaussian rendered image (C = Cg/(1 + Wg)) in our GES rendering
pipeline, whose sum is the full rendering result, which demonstrates
that opaque surfels model the coarse geometry and appearance, and
Gaussians supplement high-frequency details, aligning with the
motivation of our representation.

The impact of adjusting sorting order. If the sorting order is not
adjusted in each pixel during the surfel optimization (i.e., without
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Table 5. Ablation study. Dataset-averaged image quality and frame rate
(1080p) on Mip-NeRF360 Dataset [Barron et al. 2022a] with isolated algo-
rithm choices.

SSIMT PSNRT LPIPS| FPST
3D-GES 0.813 27.38 0.208 675
Single stage optimization | 0.809 27.04 0.216 624
Only surfels 0.611 24.22 0.501 = 4771
Only Gaussians 0.774 26.02 0.272 705
w/o order adjustment 0.801 26.97 0.213 663
€e=0 0.806 27.11 0.212 678
€=0.1 0.811 27.19 0.216 666
RGB surfels 0.808 27.29 0.208 688

selecting the frontmost surfel for the first blending computation),
some surfels will protrude and interleave each other when rendered
with z-buffer-based depth testing, especially in textureless indoor
scenes, as shown in Fig. 15. The rendering quality is degraded under
this choice, as shown in Table 5.

The impact of e. We present the quantitative rendering results
using different € strategies in Table 5, including setting € to zero and
a small constant (0.1 in our experiments), and setting € adaptively
in 3D-GES. Compared to the € strategy used in 3D-GES, the fixed
€ results in a slight loss of rendering quality. As shown in Fig. 16,
when € is set to zero, some Gaussians distributed close to the surfel
depth are wrongly truncated, causing color discontinuities. Setting
€ to a fixed small value may lead to color leakage in fine structures.
Adjusting € based on the geometry granularity as in our 3D-GES is
an appropriate strategy for high quality rendering.



Ground-truth

2 Gaussiarn rendering
C=Cq/(1+ W)

Surfel rendering
C=Cs/(1+ Ws)

Fig. 14. Qualitative comparisons of images rendered with only surfels or
only 3D Gaussians.

Surfel rendering

A \)\\ . \\\ L=

w/o sorting order ad]ustment w/ sorting order ad]ustment
Fig. 15. Qualitative comparisons of images rendered with or without sorting
order adjustment during surfel optimization.

Using view-independent RGB colors for surfel rendering. As demon-
strated in Table 5 (RGB surfels), we find that replacing spherical
harmonics coefficients by view-independent RGB colors in surfel
rendering does not cause a noticeable degradation in quality, and it
can slightly accelerate rendering and reduce storage overhead.
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e=0.1
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GES rendering GT 3D-GES €=0

./‘ /‘
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Ground-truth

3D-GES (surfels)

3D-GES (full) 3DGS

Fig. 17. Qualitative comparisons between GES and 3DGS [Kerbl et al. 2023]
on specular objects reconstruction.

8 DISCUSSION AND CONCLUSION

The training time for 3D-GES is approximately 1.3X to 1.6X longer
than that of 3DGS, mainly due to the time required for surfel opti-
mization. Additionally, as shown in Fig. 17, for specular surfaces,
3DGS can rely on a large number of low-opacity Gaussians to mimic
the reflection effect, but our opaque surfels lack this capability, lead-
ing to a decrease in rendering quality. Using ray tracing [Moenne-
Loccoz et al. 2024b] or environment maps [Ye et al. 2024a] to capture
reflections might help address this issue. Moreover, our methods and
3DGS share the same problem of initialization sensitivity. The recon-
struction quality degrades when using randomly initialized points
instead of SfM points in real scenes. Incorporating the deterministic
state transition of MCMC samples proposed by 3DGS-MCMC [Kher-
admand et al. 2024] may improve reconstruction quality when using
randomly initialized points.

Compared to 3DGS, our method provides explicit geometry and
efficient computation of the coarse-scale depth, which can be useful
for shadow casting and physical collisions. In the future, we plan
to explore the rendering of large-scale scenes (e.g., urban scenes)
using GESs. By combining the Level of Detail (LOD) and occlusion
culling, we believe GESs hold promise for real-time rendering of
large urban environments.

In conclusion, we have presented a novel bi-scale representation
for ultra-fast high-fidelity radiance field rendering, achieving the
state-of-the-art rendering quality and much faster speeds than the
existing solutions. Particularly, GESs are sorting-free, successfully
avoid the popping artifacts under view changes.

ACM Trans. Graph., Vol. 44, No. 4, Article . Publication date: August 2025.
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1 IMPLEMENTATION DETAILS OF 2D-GES

We use the same normal consistency loss £, as in [Huang et al.
2024] in the Gaussian-Surfel joint optimization stage, which aligns
Nsmooth With the surface normals derived from the gradient of
Dgmooth- To ensure that the 2D Gaussians are distributed around
surfels, we introduce

D
Loa = MAB(Z = D) (1)

which constrains the weighted depth of the 2D Gaussians to be close
to the surfel depth. The full loss function in the joint optimization
stage is L = AnLn + Agq Lya + Ly gp, Where A = 0.05 and Agg = 0.1.

In the surfel optimization stage, we also apply a similar £, loss
to align the surfel rendered normal map with the normals from
surfel rendered depth map. Note £, only performs well during
the early iterations on translucent surfels. In later iterations, £,
has no effect on the opaque regions of the surfels with large w,
because the depth gradients and normals in opaque regions are
naturally consistent. To obtain the accurate surfel depth map Dy
and normal map N as a good basic geometry, we use the alpha-
blended normal map rendered at the midpoint of optimization to
supervise the alpha-blended depth and normal maps rendered in
later iterations. Specifically, we render the alpha-blended depth and
normal maps using the equation following 2DGS [Huang et al. 2024]

i—-1

N i-1 N
D(%) = ) diai(%) ﬂ(l—aj(fc)), N() = > mai(%) [‘!(1—0@(&)).
J= Jj=

i=1 i=1

@
At the midpoint of the surfel optimization, we render the normal
maps N*“P? for all training views. In the subsequent iterations, we
use these normal maps to supervise the rendered normal maps and

the surface normals obtained from the depth map gradients using

Lon =) (1= N"P(%) - N(3)), ®)

Log= Y (1= N"P°(%) - V(D(¥))), ()

where V(-) is the depth-to-normal operator. During surfel opti-
mization, we use £ = ApLp + L,gp in early iterations and use
L =AnLsn+AqgLsa + Lrgb in later iterations, where A, = Ag,, =
Asg = 0.05.
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Fig. 1. Qualitative comparisons of 2D-GES with or without object space
filtering.

We also implemented an OpenGL version of 2D-GES, which dif-
fers from 3D-GES only in that the second pass generates 2D Gaus-
sians from points. It is worth noting that since the 2D Gaussian depth
uses the planar depth rather than the center depth and the perspec-
tive projection is accurate [Huang et al. 2024], it is not suitable to
use existing screen space filters for anti-aliasing in per-splat ren-
dering. Therefore, we back-project the screen space EWA filter into
the object space [Ren et al. 2002], converting the convolution into
an adjustment of the 2D Gaussian scaling for anti-aliasing, which
makes our shader implementation concise and efficient. Specifically,
we denote a 2D Gaussian function as Gy, (x), where the subscript X;
is its covariance. The filtered 2D Gaussian function in screen space
is

. 1 A
pi(%) = ﬁGfiZi],-T‘H‘I(X -P) (6)]
i

where J; is the affine approximation of the object space to screen
space transformation matrix, r is the EWA filter size, X and p is
the pixel position and the rasterized position of Gaussian center.
Following [Ren et al. 2002], we back-project the screen space filter
into the local Gaussian space (object space), yielding the filtered 2D
Gaussian function in object space

P =Gy iy r(x—p). ©

We use the unit 2D Gaussian in object space, and therefore ¥; = I.
To simplify the computation, we use a scaling transformation S; =
diag(si 1, si2) to approximate the covariance matrix of the filtered
Gaussian, which yields pj (x) ~ Gg,s,7 (x — p)- Therefore, we can
simply multiply the original scaling of 2D Gaussians by the S;, and
multiply the original opacity o; by 1/(s;15i,2) before rendering to
eliminate aliasing artifacts, as shown in Fig. 1.

2 NUMBER OF PRIMITIVES

In Table 1, we report the number of primitives in an outdoor scene
(Garden) and an indoor scene (Room) of different methods. Our
surfel pruning strategy efficiently prunes a considerable amount
surfels, and only a small number of surfels are retained to produce
coarse geometry and appearance. The total number of primitives in
3D-GES is close to that of AdrGS [Wang et al. 2024], but 3D-GES
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Fig. 2. More qualitative comparisons on rendering quality. From top to bottom: Stump, Flowers, Bicycle and Truck.

Table 1. The number of primitives (1M = 10°) used by different methods
in Garden and Room (from the Mip-NeRF360 dataset [Barron et al. 2022]).
For our basic GES representation (3D-GES) and its extensions, we list the
numbers as the sum of surfels and Gaussians separately.

Garden Room
3DGS 5.83M 1.59M
SortFreeGS* 4.21M 1.14M
StopThePop 5.85M 1.53M
MipSplat 6.25M 1.98M
AdrGS 2.52M 0.63M
SpeedySplat 0.53M 0.12M
C3DGS 2.23M 0.53M
2DGS 2.51IM 0.87M
3D-GES 0.19+2.46M  0.15+0.55M
2D-GES 0.18+2.21M  0.13+0.58M
Mip-GES 0.18+2.48M  0.15+0.61M
Speedy-GES 0.17+0.82M  0.13+0.18M
Compact-GES | 0.18+2.01M  0.14+0.50M

achieves faster frame rates and higher rendering quality, which
further demonstrates the efficiency of GESs.

3 VISUALIZATION OF OPTIMIZATION

In Fig. 4, we visualize the rendering results and L1 loss over different
training iterations. At the 10K-th iteration, we remove surfels with
w; < 0.8 and increase w; of remaining surfels to no less than 30,
resulting in a sudden spike in L1 loss. During the surfel optimization
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Table 2. Quantitative comparisons with different methods using the PSNR
metric, all trained with 50K iterations. T&T: Tanks & Temples dataset.

Mip-NeRF360 Deep Blending  T&T
3DGS 27.48 29.43 23.90
MipSplat 27.52 29.66 23.91
SpeedySplat 26.92 29.34 23.41
3D-GES 27.38 30.00 23.95

stage, due to the enlarged opaque regions of the surfels, the render-
ing results gradually show color discontinuity at surfel boundaries.
After the 20K-th iteration, Gaussians are jointly optimized with
surfels’ SH coefficients, supplementing appearance details and elim-
inating the color discontinuities, leading to a rapid decrease in L1
loss.

4  MORE COMPARISONS

In Fig. 2, we present additional qualitative comparisons of rendering
results from the methods not fully demonstrated in the main paper.
Our GES representation and its extensions demonstrate superior
ability in capturing appearance details. In particular, in Truck, al-
though GESs can hardly reconstruct specular surfaces, they can
learn to simulate the reflections on glass by only using Gaussians,
achieving a quality comparable to SOTA methods.

In Fig. 3, we show more comparisons on geometry reconstruction
quality between 2D-GES and 2DGS [Huang et al. 2024]. With the
surfels serving as the primary geometry and ensuring multi-view
geometry consistency, our method can reconstruct more robust
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Fig. 3. More qualitative comparisons on geometry reconstruction. From top to buttom: Garden and Bicycle.
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Fig. 4. Visualization of rendering results and the L1 loss in Garden (from
Mip-NeRF360 dataset [Barron et al. 2022]) as the training step increases.

geometry. Meanwhile, the Gaussians in 2D-GES not only smooth
the geometry but also introduce additional geometry details.

In Table 2, we show the quantitative comparisons with several
methods, all trained with 50K iterations. Our method still achieves
comparable image quality, similar to those reported in Table 1 of
the main paper.
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