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Abstract

Recently, 3D Gaussian Splatting (3DGS) has enabled
photorealistic view synthesis at high inference speeds.
However, its splatting-based rendering model makes sev-
eral approximations to the rendering equation, reducing
physical accuracy. We show that the core approximations
in splatting are unnecessary, even within a rasterizer; we
instead volumetrically integrate 3D Gaussians directly to
compute the transmittance across them analytically. We
use this analytic transmittance to derive more physically-
accurate alpha values than 3DGS, which can directly be
used within their framework. The result is a method that
more closely follows the volume rendering equation (similar
to ray-tracing) while enjoying the speed benefits of rasteri-
zation. Our method represents opaque surfaces with higher
accuracy and fewer points than 3DGS. This enables it to
outperform 3DGS for view synthesis (measured in SSIM and
LPIPS). Being volumetrically consistent also enables our
method to work out of the box for tomography. We match
the state-of-the-art 3DGS-based tomography method with
fewer points. Our code is publicly available at:
https://github.com/chinmay030lucsd/Vol3DGS

1. Introduction

Recently, there has been tremendous progress in view syn-
thesis methods using differentiable volume rendering [5, 27,
37, 39, 51]. These techniques can be broadly categorized as
rasterization or ray-tracing methods. Both produce photo-
realistic results but with distinct trade-offs.

The speed of rasterization-based methods like 3D Gaus-
sian Splatting (3DGS) [27] comes at the cost of re-
duced physical accuracy compared to their ray-tracing-
based counterparts. Rasterization itself makes some un-
avoidable approximations for faster rendering, like per-tile
sorting and no overlap handling (though these can be mit-
igated at some computational expense [22, 35, 41], which
3DGS inherits. However, 3DGS makes further approxi-
mations due to its use of Ellipsoidal Weighted Averaging
(EWA) splatting [60]. These approximations do not merely
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have a theoretical impact — they have important practical
consequences too. For example, as we show Fig. 3, they
make it harder for 3D Gaussians to represent opaque sur-
faces prevalent in 3D scenes.

Recent works have taken inspiration from ray-
tracing-based methods to make 3DGS more physically-
accurate [23, 25, 53]. However, these methods don’t
volumetrically integrate 3D Gaussians for color compu-
tation. Instead, like 3DGS, they rely on splatting, i.e.,
projecting 3D Gaussians to 2D Gaussians in screen space.

We identify that we do not need splatting, including all
its approximations, to have a fast rasterization-based tech-
nique. Instead of splatting, we analytically evaluate the vol-
ume rendering equation by integrating Gaussians directly in
3D space (assuming correct sorting and no overlap) — all
within a rasterizer. See Fig. | for a qualitative illustration.

We first show the volume rendering equation (with-
out splatting approximations) can be expressed as an
alpha-blending operation over 3D Gaussians (Sec. 4.1).
Next, we derive the corresponding alpha values which are
more physically-accurate than 3DGS and use them within
3DGS’s rasterization framework (Sec. 4.2). We then show
that our alpha values enable representing opaque objects
better than 3DGS (Sec. 4.3).

In practice, our method consistently matches or exceeds
3DGS’s view synthesis quality (as measured by LPIPS and
SSIM) over a wide variety of scenes (Sec. 6.1). Our method
also works out-of-the-box for 3DGS-based tomographic re-
construction and is able to match a recent state-of-the-art
method’s quality with a lower memory footprint (Sec. 6.2).

2. Related Work
2.1. Volume rendering with ray marching

Image-based rendering (view synthesis) works have a long
history in computer graphics [10, 18, 32, 45]. Recently,
NeRF and its followups [3, 16, 37, 39, 51] pioneered us-
ing differentiable volume rendering [36] and have achieved
photorealistic reconstruction. These methods use neural
networks and grids to represent a scene’s volumetric den-
sity and color. Colors along rays are computed evaluating
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Figure 1. Volumetrically consistent & Computation Top row:
3D Gaussians that are not grey contribute to the pixel along the
camera ray. Next, 1D Gaussian densities along the ray are used
to compute «; values required for color computation. 3DGS’s
splatting approximates the volume rendering equation and sets
a; = G;(z;), that is the maximum density of the Gaussian long
the ray. Our approach instead performs volumetrically consis-
tent o computation by accumulating the density along the ray
a; = 1—exp (f f G (:v)da:) in accordance with the volume ren-
dering equation, which we derive in Sec. 4. Both methods compute
the final pixel color via a blending using their respective « values.

the volume rendering equation using ray marching. Ray
marching typically requires several samples along the ray,
each of which involves expensive neural network queries
making the (differentiable) rendering process slow. There
has been work on real-time NeRF rendering approaches
[11, 14, 43, 44, 48, 49] but these are typically multi-stage
approaches, and thus overall still slow.

2.2. Rasterizing point-based volumes

Rasterization-based methods [27, 31, 60] instead repre-
sent the scene using explicit primitives, like 3D Gaussians,
which are projected onto screen space and composited to-
gether. Tile-based rasterizers like 3DGS are fast, because
they exploit the coherence across pixels within the tile by
making some assumptions: a) primitives don’t overlap; b)
sorting order for all primitives is consistent across all pix-
els in a tile. 3DGS also assumes that blending weights
(volumetric transmittance) can be approximated using 2D
Gaussians, a result of splatting 3D Gaussians onto the
screen [59].

Very recently, there have been several follow-ups to
3DGS to address these approximations within the rasteriza-
tion framework. 2DGS [24] uses 2D (instead of 3D) Gaus-
sian primitives; they avoid the affine approximation in splat-

ting by computing ray-2D-Gaussian intersection in closed
form. Concurrent work, Gaussian Opacity Fields [52] es-
timates the volume rendering equation in world-space by
placing a single sample per Gaussian at its maximum value
along a ray. Others [13, 19, 26, 58] also compute ray-
primitive intersections for more accurate depth.

While these methods eliminate the affine approximation,
none of them compute physically-accurate transmittance.
Our method, by analytically integrating 3D Gaussians (in-
stead of splatting them onto the screen) is able to do so,
resulting in a more physically-based rendering model.

Hamdi et al. [20] replace 3D Gaussians with gener-
alized exponentials which are then splat onto the screen;
their approach enables primitives to be more opaque, re-
sulting in a more compressed representation. Radl et al.
[41] reduce popping artifacts due to inconsistent primitive
sorting and Hou et al. [22] sidestep primitive sorting al-
together by using order-independent transparency. Many
recent works [7, 28, 29, 34, 50] have improved the densi-
fication heuristics in 3DGS and reduced its dependency on
initialization. Our method is a drop-in replacement for the
alpha computation in 3DGS, making it compatible with all
these recent works as well.

2.3. Ray-tracing point-based volumes

Recently, there have been several concurrent works that
ray-trace point-based volumes for view synthesis [12, 33,
38]. These methods vary in their physical-correctness: a)
Moenne-Loccoz et al. [38] approximate the volume render-
ing equation by placing samples at locations of maximum
contribution for each primitive along the ray; b) Condor
etal. [12], like us, derive a closed-form expression for trans-
mittance across 3D Gaussian and Epanechnikov kernels;
¢) Mai et al. [33] compute the volume rendering equation
exactly (including sorting and overlap handling) for con-
stant density ellipsoids. These methods, however, are much
slower to train and render than rasterization-based ones, and
require specialized hardware for fast ray-tracing.

2.4. Computed Tomography

Tomographic reconstruction aims to estimate the underly-
ing 3D density of an object from 2D projections. Classi-
cal analytic methods like FDK [15] invert the radon trans-
form [42] and are fast but struggle with sparse measure-
ments. Recently, NeRF-based approaches [9, 46, 54-56]
have shown promising results, but are slow due to ray
marching. Several 3DGS-based tomography approaches
have been proposed [8, 17, 57]. Zha et al. [57] are the
state-of-the art and achieve high quality by fixing integra-
tion bias in 3DGS’s Splatting routine.
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3. Background and Motivation

In this section we review the volume rendering equation
in Sec. 3.1 and describe all the approximations 3DGS makes
to estimate it in Sec. 3.2.

3.1. Volume rendering

NeRF-based methods represent a 3D scene as an emis-
sive volume with density (attenuation coefficient) o(x) and
view-dependent color ¢(x, d). The resulting color along a
ray r(t) = o+ td (origin o and direction d) is given by the
volume rendering equation

cr) = [ TN O dd 0
0
where T'(a, b) is the (exponential) transmittance across the
ray segment beginning at r(a) and ending at r(b)

b
T(a,b) = exp (—/ o(r(s))ds> . (2)

3.2. Volume rendering of 3D Gaussians

We briefly recap the Elliptical Weighted Average (EWA)
splatting algorithm [60] used by 3DGS [27], and point out
the different approximations it makes by underlining them.
The density field

N

o(@) =Y riGi(x) 3)

=1

is a weighted (x;) sum of unnormalized 3D Gaussians
1 Ts —1
Gi(@) =expy—5(@—p:) B (@ —pi)p (4

which are assumed to not overlap, have view-dependent
color ¢;, and be sorted front-to-back [60]. We also adopt
these two assumptions. To compute pixel color, both EWA
and 3DGS, linearize the exponential transmittance (e~ % =~
1 — x), an assumption not strictly necessary for splatting.
Our method relaxes this assumption and subsequent as-
sumptions required for splatting. For splatting, both EWA
and 3DGS assume Gaussians are not self-occluding, result-
ing in the alpha blending equation describing the color at

pixel p

N i—1
C(p):ZciaiH(l—aj). 5)
i=1 j=1
Splatting i-th 3D Gaussian onto the image plane results in
2D opacity

a; = 0;G;(p), (6)

where o; is the peak opacity, restricted to be in [0, 1], of
2D Gaussian ((p). The 2D mean i} is the projection of
3D mean p; onto the image plane and the 2D covariance is
given by

Y=JgwIwTJjT. 7

J is the affine approximation (Jacobian) to the camera pro-
jection matrix. For more details please see Zwicker et al.
[60]. We stress that the values «; are approximate, even
when the sorting and non-overlapping assumptions are met,
due to the three additional approximations made by splat-
ting. We do not perform splatting, thereby relaxing the ex-
tra approximations 3DGS entails. Instead we compute «;
by analytically evaluating Eq. (2), which accumulates the
density o(x) along ray r(¢). This results in an efficient
rendering method that matches or exceeds state-of-the-art
results in both view synthesis and sparse-view tomography.

4. Method

Our method analytically computes the volume rendering
equation along a ray for a mixture of 3D Gaussians. We
first describe how this analytic integral (without splatting
approximations) can be expressed as an alpha-blending op-
eration in Sec. 4.1. We derive the corresponding alpha val-
ues in Sec. 4.2. Next, by swapping 3DGS’s alpha computa-
tion with ours, we show how our method can produce more
accurate renderings of opaque objects in Sec. 4.3.

4.1. Alpha blending without splatting

In this section we describe how our method, which ana-
Iytically integrates transmittance, can also be written as al-
pha blending due to the properties of exponential transport.
Substituting Eq. (3) into Eq. (1) results in the color for a
pixel p (with the ray r(t) passing through its center) being

N tif
Clp) =) / T(0,t)ciriGi(r(t))dt. (8)
i=1 Y tin
Here [t;,,t;¢] are the limits of Gaussian ¢ along the ray.
Assuming the Gaussians are sorted (front to back) and non-
overlapping, we can separate out the transmittance due to
the previous Gaussians

N

Clp)=>

i—1
i=1 \j=

_ tig
7 | e / Tt )G (r(1))dt.
1 t;

n

9

The innermost integral weights the color contribution from
Gaussian ¢, accounting for self-occlusion. The accumulated
transmittance across previous Gaussians j < ¢ is

tis
T; =T(tjn,tjr) =exp (—/ @Gﬂr(s))ds) . (10)

tjn
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The second equality holds because we assume the Gaus-
sians are non-overlapping. Note that from the definition
of exponential transmittance in Eq. (2) and differentiat-
ing, dT(tin,t) = —T(tin,t)o(r(t)), which corresponds
directly to the integrand in Eq. (9). Therefore, this in-
tegral results in the i-th Gaussian’s accumulated opacity,
a;=1-="T;:

tif tif
/ T(tm,ﬁ)lﬂGi(T(t))dt = — / dT(tirmt) (11)
t t

vin vin

=T (tin,tin) — T (tin, tiy)
(12)

Substituting this result into Eq. (9) yields the final alpha-
blending equation

N i1
C(p):ZciaiH(l—aj). (14)
i=1 j=1

We observe that this equation is identical to the alpha-
blending equation, Eq. (5), adopted by 3DGS. The differ-
ence is that Eq. (14) requires accurately evaluating «;, the
accumulated density of the ¢-th primitive. Note that thus far,
we do not rely on any specific property of 3D Gaussians; we
only require the primitives G; to be non-overlapping. This
opens up a design space for other compact kernels which
we leave for future work; we use 3D Gaussians. In the
next section, we show that the « values in Eq. (14) can be
computed analytically for 3D Gaussians. The result closely
matches ray tracing results (assuming no overlap and cor-
rect sorting), but uses rasterization for efficient rendering,
see Supp.A.

4.2. Analytic transmittance computation

The final step required to compute the color C'(p) is to esti-
mate the transmittance Eq. (10), which requires integrating
a 3D Gaussian along a 1D ray. The corresponding (scaled)
1D Gaussian g(t) in ray-coordinates (i.e. parameterized by
the distance ¢, ray origin o and direction d) is

—(t —~.)?
0,(t) = Gydyesp { L0 as)
20;
where G(v;d) is the maximum value of the Gaussian
along the ray, and the 1D Gaussian has mean ; and vari-
ance 3; (proof in Supp.B)

b~ 57 - (16)
T JTy—14 T T e
4> d

Y =
d's;'d

Now, the final integral necessary to compute Eq. (10) is

tis tis —(t— ;)2
[ awa= [ 600 exp{(wjﬂ)}du
tin tin J
17

=G, (%‘d)\/iﬁjeff (t 2_;])
J

Assuming infinite support, the transmittance is given by

tif

(18)

tin

Tj = exp (—IﬁjGj(’}/jd)\/%Bj) . (19)

Concurrent works [38, 52] also estimate the volume render-
ing equation by sampling the maximum value along the ray
(instead of analytic integration), which approximates trans-
mittance; Condor et al. [12] derive the same transmittance
expression as us and use it for ray-tracing 3D Gaussians.

4.3. Benefits of accurate alpha computation

Comparing our alpha derivation to 3DGS’s, we note that
3DGS makes three extra approximations (see Sec. 3.2): it
assumes a) linearization of the exponential; b) no-self oc-
clusion; c) linearization of the covariance. Each of these
make renderings less physically-based and hurt view syn-
thesis quality.

The result of the first two approximations is that for
3DGS «; is given by a 2D Gaussian, see Eq. (6). This 2D
Gaussian only reaches its maximum opacity of 1 at its cen-
ter (Fig. 2 (b), dotted), limiting 3DGS’s ability to represent
opaque surfaces (& = 1). As a consequence, our method is
better at fitting piecewise constant textures than 3DGS for
a fixed budget of Gaussians. We demonstrate this through
examples in Fig. 2 and Fig. 3. In Fig. 2 we plot the opac-
ity, a;, of a volumetrically rendered Gaussian with varying
density and scale. We observe that when increasing the den-
sity ;, our method results in opacity close to 1 over a much
larger region (Fig. 2 (b), solid), thereby enabling it to better
represent opaque surfaces (Fig. 2, bottom row).

Another consequence of splatting a 3D primitive to 2D
is that it discards the z-scale (along the camera ray) of the
Gaussian, which makes renderings invariant to it (Fig. 2
(a), dotted). This is physically inaccurate; larger z-scales
should increase a Gaussian’s contribution, making it more
opaque. Our method captures this effect, as shown in Fig. 2
(a) (solid).

Finally, the linearization of the covariance results in
artifacts away from the point of linearization (the cen-
ter of the Gaussian), as has been shown by several prior
works [13, 19, 24, 26, 52, 58]. Since our method directly
integrates Gaussians in ray-space, it doesn’t have this issue
and the artifacts it causes.

The overall effect is that our method can better fit opaque
objects. We demonstrate this in Fig. 3 where we have fit
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Figure 2. Opacity as a function of density and scale. Top row:
1D cross sections of renderings for our method (solid) and 3DGS
(dotted). Our method represents opaque objects better by two
mechanisms: 1) increasing the scale along the camera ray (a); 2)
increasing the volume density (b); both increase the flat region
where o = 1. Since 3DGS splats 3D Gaussians onto the image
plane as 2D Gaussians, irrespective of the scale (a) or the opacity
(b), the cross-sections are all Gaussian with o = 1 possible only
at the center. Bottom row: We optimize the parameters of a sin-
gle 3D Gaussian to fit a circle using 3DGS and our method. As
we saw in the top row (a) and (b), regardless of scale or opacity,
3DGS can only render a 2D Gaussian in image-space, resulting in
a blurry fit of the opaque object. On the other hand, our method
adjusts density and scale to produce a more opaque rendering.

3D Gaussians to a single image (Fig. 3(a)). We observe
that our method (Fig. 3(b)) better approximates sharp edges
and constant regions versus 3DGS (Fig. 3(c)), which blurs
edges and shows bleeding artifacts. We also validate this
observation in a synthetic multiview setting in Supp.C.

5. Implementation details

Our method is implemented in the 3DGS framework us-
ing their SLANG.D rasterizer [2]. We found that this con-
figuration produces better results for 3DGS (and is slightly
slower) than the implementation used in their paper; for fair
comparison, we use this configuration for both 3DGS and
our method. In the rasterizer, we simply swap out 3DGS’s
« computation with ours.

Reparameterizing density: Our method is able to make
the density « high to fit opaque shapes well. However,
opaque shapes are close to piecewise-constant, resulting in
very small gradients, which can hamper optimization. To

(b) Ours (c) 3DGS

(a) Ground Truth

Figure 3. Fitting piecewise constant shapes with equal numbers
of 3D Gaussians. (Please zoom in.) Our method, by increasing
the volume density « can make rendered 3D Gaussians close to
opaque (b), which is a closer match to the ground truth (a), with
LPIPS 0.005 (lower is better). 3DGS splats 3D Gaussians onto
the screen as 2D Gaussians, which are only fully opaque at their
center; this leads to artifacts especially near edges (see inset in
second row) and much worse LPIPS 0.027.

handle this, similar to concurrent work [33], we reparame-
terize the density
)

where 6 € [0,1]. The reparameterization promotes high
density for small Gaussians and discourages it for larger
ones, which we have found to benefit view synthesis quality.

11
—+—+
Sg Sy

— (20)

1 1
k= —log(l — 0.999)3(
s

z

Heuristics and hyperparameters: We make a few small
changes to 3DGS’s adaptive densification process for our
method: a) we halve density « after splitting and cloning;
b) we also split points with high density x; c) we prune
points with low density (based on 6 i.e. density before repa-
rameterization); d) we disable opacity reset since we found
it didn’t help; We list other hyperparameters and implemen-
tation details in Supp.D.

6. Applications

We developed our method primarily for view synthesis.
However, since we analytically compute transmittance, our
proposed rendering model also works out-of-the-box (with
no modifications) for 3DGS-based tomography pipelines,
where we match or exceed the state-of-the-art in perfor-
mance, with fewer points. Our method is compatible with
other extensions of 3DGS, for both view synthesis [28] and
downstream applications like sonar reconstruction [40]; we
leave these for future work.
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Table 1. Quantitative Comparison. We compare our approach against prior work on the MipNerf-360, Tanks and Temples [30] and
DeepBlending [21] datasets. Metrics for 3DGS-Slang and our method are obtained from our experiments using an Nvidia 3090-Ti GPU.
We trained and evaluated ZipNeRF using an Nvidia A-40 GPU. We obtained the numbers directly from the paper authors for concurrent
work EVER. All the other baseline numbers are taken from their respective papers. The results are colored as ' best , second-best , and
third-best among point-based methods (see Sec. 6.1). We use the same train-test split as Kerbl et al. [27].

Dataset Mip-NeRF360 Tanks&Temples DeepBlending
Method—Metric | PSNRT SSIMT LPIPST FPS |PSNRT SSIMT LPIPS' FPS |PSNRT SSIMT LPIPS' FPS
Plenoxels [51] 23.08 0.626 0463 6.79 | 21.08 0.719 0379 13.0 | 23.06 0.795 0.510 11.2
INGP-Big [39] 2559 0.699 0.331 943 | 2192 0.745 0305 144 | 2496 0.817 0.390 2.79
M-NeRF360 [5] | 27.69 0.792 0.237 0.06 | 22.22 0.759 0.257 0.14 | 2940 0.901 0.245 0.09
Zip-NeRF [0] 29.16 0.830 0.179 0.03 | 2845 0.921 0.189 0.09 | 30.54 0.929 0.201 0.045
Don’t Splat [12] 22.07 0.536 - 28-39| 2393 0.850 - 28-39 - - - -
EVER [33] 27.51 0.825 0.194 36 23.60 ' 0.870 0.160 37 29.58 1 0.908 0308 44
3DGS-Slang [27]| 27.52 0.813 0.222 159 | 23.64 0.850 0.176 225 | 29.78 0.906 0.248 163
GES [20] 2691 0.794 0.250 186 | 23.35 0.836 0.198 210 | 29.68 0901 0.252 160
Ours 2730 0.813 0.209 136 | 23.74 0.854 0.167 185 | 29.72 0908 0.247 172
6.1. View synthesis based methods for rendering images (and similar to 3DGS /

We evaluate our method on MipNeRF-360, DeepBlend-
ing, and Tanks&Temples Datasets. For DeepBlending and
Tanks&Temples we use the same scenes as 3DGS. We com-
pare with two kinds of baselines. NeRF and voxel-based
methods [4, 6, 16, 39], and point-based methods (rows be-
low Zip-NeRF in Tab. 1) that include ray-tracing [12, 33],
and rasterization-based 3DGS follow-ups that change the
alpha computation similar to what we do [20]. Many works
improve 3DGS along various axes [28, 29] which are or-
thogonal to our contribution. We only show comparisons
with methods that directly change the alpha computation
and are rasterization-based.

Reconstruction quality: We consistently match or out-
perform rasterization-based methods such as 3DGS and
GES on SSIM and LPIPS. Since SSIM and LPIPS are
more sensitive to edge quality and perceptual similarity, our
method performs well on these metrics compared to PSNR,
where the ability of 3DGS to render more diffuse textures
skews results in its favor. Our method allows 3D Gaussian
primitives to represent opaque textures better than 3DGS,
leading to comparable or better quality. While GES pro-
duces fewer primitives, ours has better reconstruction qual-
ity and is compatible with the primitives proposed in their
work. For point-based ray-tracing methods, we have better
reconstruction performance than Condor et al. [12], which
is closest to our work algorithmically. EVER [33] has bet-
ter reconstruction quality, but since it uses ray tracing, it has
a much lower FPS and higher training times than ours. Zip-
NeRF [6] achieves state-of-the-art performance but is pro-
hibitively slow to train and render. We report per-scene met-
rics from our method on all three datasets in Supp.E.

Runtimes and storage: Since our method is
rasterization-based, we are faster than all the ray tracing-

GES). While GES has the lowest storage requirements and
highest FPS (though its reconstruction quality is worse than
ours). Our training times are much lower than point-based
ray-tracing and NeRF-based methods, but slightly slower
than 3DGS, see Supp.F. The training slowdown is due to
more complex computations in the forward and backward
pass, and extra computations in the vertex shading phase
for our method compared to 3DGS; more details are in
Supp.F. We also include details on our ZipNeRF training
setup in Supp.F. We show that our method outperforms
3DGS across a wide range of memory budgets in Supp.G.
We ablate our method and present the results in Supp.H.

6.2. Tomography

We briefly review the goal and setup of computed tomogra-
phy, see [57] for an in-depth review. The goal is to recover
the underlying 3D density field o(x) of a scene from 2D
images. The (logarithmic) intensity of a pixel, governed by
Beer-Lamberts law is given by

1) = Tog(fo) ~log(1) = [ otw)at. @D

n

where I is the source intensity and I’(r) is the detected
intensity.

Using 3DGS out-of-the-box for tomography reconstruc-
tion produces poor results. This is because the splat-
ting process isn’t physically accurate, as shown by R2-
Gaussian Zha et al. [57]. They identify that unnormalized
3D Gaussians (as used by 3DGS), when splatted onto the
screen, are view inconsistent. To fix this, they devise a
specialized rendering model for tomography by normaliz-
ing the 3D Gaussians, which achieves state-of-the-art re-
construction results. Tomography reconstruction is slightly
simpler than view synthesis since the forward rendering
model does not depend on the ordering of the Gaussians,
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Figure 4. Qualitative Results on View Synthesis We qualitatively show the strengths of our approach on several scenes from real datasets.
Each row from top to bottom are for the scenes FLOWERS, ROOM, TRAINS,PLAYROOM, COUNTER and STUMP. Our method has less blurry
regions compared to 3DGS in FLOWERS. Our ability to represent opaque regions accurately shows up prominently in ROOM. Our method
is able to better capture fine details in the tiles in PLAYROOM. In COUNTER 3DGS misses details on the floor that our method is able to
capture. Finally, in STUMP, we are able to capture sharper details in the grass that 3DGS misses.

and there is no emission or color involved, only the trans-
mittance along a ray is measured. While Zha et al. [57] re-
move the integration bias from the alpha computation pro-
cess by normalizing Gaussians, their approach still incurs
the affine approximation in 3DGS.

Our method requires no changes to the alpha computa-

tion process and still works out of the box for tomography.
We implement our method for tomography by integrating
our rasterizer in Zha et al.’s codebase and evaluate on their
real and synthetic datasets. Since our method provides a
more accurate forward rendering model for tomography, we
produce fewer points compared to Zha et al., while still
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Figure 5. Tomography visual results: For our method (top row)
and the splatting-based SOTA R2-Gaussian (Zha et al. [57]), we
show slices of the reconstructed 3D density along the axial plane,
perpendicular to the frontal views used during training. Each col-
umn corresponds to one of the distinct scenes from the datasets in
[57]. Both methods produce visually similar reconstructions, with
an average 2D PSNR of 29.94 (ours) and 30.06 (3DGS) for the
displayed images.

Synthetic Dataset Real Dataset

Methods PSNRT SSIMf Time| Pts PSNR{ SSIM{ Time| Pis

FDK [15] 299 0317 - - 2330 0335 -

SART[1] 3114 0825 Im47s - 3152 0790 | Imd7s
ASD-POCS [47] 3048 0.847 | 56s - 3132 0810 | 56s
IntraTomo [55]  34.68 0914 2h19m - [3585 0:835 2hi8m

NAF [56] 3391 0893 3Imls - 3292 0.772 Slm24s
SAX-NeRF[8] 3433 0905 13h3m - 3349 0793 13h25m -
R2-Gaussian [57] 3497 0921 18m55s 66.4K  35.01 NO8357 15m57s 71K

Ours 3508 0922 17m39s 582K 34.93 0.835 30m23s 67.4K

Table 2. Sparse-view (25 views) tomography. We report 3D-
PSNR and 3D-SSIM computed on the estimated density for syn-
thetic and real data. The metrics for other baselines are taken from
Zha et al. [57]. For both Zha et al. and ours, we report results at
30k iterations from our experiments.

matching them in performance on 3D PSNR and 3D SSIM
on both real and synthetic datasets. We show results on
their most challenging sparse-view (25 views) reconstruc-
tion in Tab. 2 and a subset of visual results in Fig. 5.

7. Limitations

Sorting and overlap: Since our method, like 3DGS, is
rasterization-based, it inherits some of its issues. Per-tile
(instead of per-pixel) primitive sorting and no overlap han-
dling introduces popping artifacts. Several recent works
[22, 35, 41] ameliorate this issue for 3DGS (their methods
are readily applicable to us), but they cannot fully eliminate
it like ray-tracing-based methods can [33].

Sensitivity to poor calibration: In cases of large errors
in camera calibration or distortion, our method produces
opaque artifacts while 3DGS degrades more gracefully by
producing blurry reconstructions, as shown in Fig. 6. Refer

Ground Truth N

round Truth

Figure 6. Opaque artifacts Our method is more sensitive than
3DGS to poor camera calibration and distorted images (Treehill
from MipNerf-360). We produce opaque artifacts whereas 3DGS
prefers a blurry solution with lower error (see red arrows).

to supp.I for a thorough analysis of the failure cases in the
MipNerf-360 dataset, which exemplifies this effect.

8. Future work

Compact primitives: Our method applies to all primi-
tives for which alpha in Eq. (10) can be evaluated analyt-
ically. Of particular interest are primitives with compact
support, like the Epanechnikov kernel, which concurrent
work [12] shows has analytic alpha values, since its com-
pactness minimizes errors due to overlap.

Gaussian tile size: To compute overlap between primi-
tives and tiles, we use the same heuristics as 3DGS, though
this should ideally be adjusted to account for our method’s
different rendering model.

9. Conclusion

We introduce a more physically-accurate version of 3DGS
by computing alpha values via analytical 3D Gaussian in-
tegration instead of splatting. Our approach integrates the
strengths of physically-based ray tracing with the efficiency
of rasterization. It enables higher quality reconstruction
than 3DGS (as measured by SSIM and LPIPS). We also
show that since our method is a plug-and-play replacement
for alpha computation in 3DGS, it can be directly used for
other 3DGS-based applications such as tomography.
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