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Abstract

This paper presents a method to optimize Gaussian
splatting with a limited number of images while avoiding
overfitting. Representing a 3D scene by combining numer-
ous Gaussian splats has yielded outstanding visual quality.
However, it tends to overfit the training views when only
a few images are available. To address this issue, we em-
ploy an adjusted depth map as a geometric reference, de-
rived from a pre-trained monocular depth estimation model
and subsequently aligned with the sparse structure-from-
motion points. We regularize the optimization process of 3D
Gaussian splatting with the adjusted depth and an addi-
tional unsupervised smooth constraint, thereby effectively
reducing the occurrence of floating artifacts. Our method is
mainly validated on the NeRF-LLFF dataset with varying
numbers of images, and we conduct multiple experiments
with randomly selected training images, presenting the av-
erage value to ensure fairness. Our approach demonstrates
robust geometry compared to the original method, which
relied solely on images.

1. Introduction
Reconstructing three-dimensional space from images has
long been a challenge in computer vision. Recent advance-
ments show the feasibility of photorealistic novel view syn-
thesis [3, 32], igniting research into reconstructing a com-
plete 3D space from images. Driven by progress in com-
puter graphics techniques and industry demand, particu-
larly in sectors such as virtual reality [14] and mobile [11],
research on achieving high-quality and high-speed real-
time rendering has been ongoing. Among the recent no-
table developments, 3D Gaussian Splatting (3DGS) [24]
stands out through its combination of high quality, rapid
reconstruction speed, and support for real-time rendering.
3DGS employs Gaussian attenuated spherical harmonic
splats [12, 39] with opacity as primitives to represent ev-
ery scene part. It guides the splats to construct a consistent
geometry by imposing a constraint on the splats to satisfy
multiple images at the same time.

Ours 3DGS

Ours 3DGS

Figure 1. The effectiveness of depth regularization in a few-shot
setting We present the results optimized with only two images.
Compared to the degraded 3DGS due to overfitting, our proposed
method utilized depth guidance estimated from the images to mit-
igate overfitting, resulting in geometry of high quality.

The approach of aggregating small splats for a scene
provides the capability to express intricate details, yet it is
prone to overfitting due to its local nature. 3DGS [25] opti-
mizes independent splats according to multi-view color su-
pervision without global structure. Hence, when there is an
insufficient number of images that can not provide global
geometric cues, 3DGS experiences overfitting during the
optimization process. The limited geometric information
from the few images leads to an incorrect convergence to-
ward a local optimum, resulting in optimization failure or
floating artifacts as shown in Figure 1. Nevertheless, the ca-
pability to reconstruct a 3D scene with a restricted number
of images is crucial for practical applications, prompting us
to tackle the few-shot optimization problem.

One intuitive solution is to supplement an additional ge-

This CVPR Workshop paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

811



ometric cue such as depth. In numerous 3D reconstruction
contexts [6, 23, 41], depth map proves immensely valuable
for reconstructing 3D scenes by providing direct geomet-
ric information. Utilizing a depth sensor aligned with an
RGB camera enables the direct acquisition of such dense
depth maps with minimal errors, yet the requirement for
such equipment poses obstacles to practical applications.
Structure-from-motion (SfM) is another method for obtain-
ing geometry information, which optimizes camera param-
eters and 3D points by matching the 2D feature points
across multi-view images. 3DGS also utilizes SfM, particu-
larly COLMAP [42], to initialize the cameras and Gaussian
splats. However, the 3D feature points estimated from the
SfM algorithm encounter a notable scarcity with few im-
ages. The sparse nature of the point cloud makes it imprac-
tical to guide the global geometry of the Gaussian splats.
Hence, a method for inferring dense depth maps is essen-
tial. One of the methods to extract dense depth from images
is utilizing a monocular depth estimation model or a depth
completion model. While the models can infer dense depth
maps from individual images based on priors obtained from
the data, they produce only relative depth due to scale am-
biguity. Since the scale ambiguity leads to critical geometry
conflicts in multi-view images, we need to adjust scales to
prevent the conflict between independently inferred depths.

In this paper, we propose a method to represent 3D
scenes using a small number of RGB images leveraging
prior information from a pre-trained monocular depth es-
timation model [5] and a smoothness constraint. We adapt
the scale and offset of the estimated depth to the sparse
COLMAP points, solving the scale ambiguity. We use the
adjusted depth as a geometry guide to assist color-based
optimization, reducing floating artifacts and satisfying ge-
ometry conditions. We prevent the overfitting problem by
incorporating an early stop strategy, where the optimization
process stops when the depth-guide loss starts to rise. More-
over, we apply a smoothness constraint to achieve stability,
ensuring neighbor 3D points have similar depths. We adopt
3DGS as our baseline and compare the performance of our
method in the NeRF-LLFF [31] dataset. We confirm that our
strategy leads to plausible results not only in terms of RGB
novel-view synthesis but also 3D geometry reconstruction.
Further experiments demonstrate the influence of geome-
try cues such as depth and initial points on Gaussian splat-
ting. They significantly influence the stable optimization of
Gaussian splatting.

In summary, our contributions are as follows:

• We propose a depth-guided Gaussian Splatting optimiza-
tion strategy that enables optimizing the scene with
a few images, mitigating the overfitting issue. We
demonstrate that even an estimated depth adjusted with
a sparse point cloud, an outcome of the SfM pipeline,
can play a vital role in geometric regularization.

• We present a novel early stop strategy: halting the train-
ing process when depth-guided loss suffers to drop. We
illustrate the influence of each strategy through thor-
ough ablation studies.

• We show that adopting a smoothness term for the depth
map guides the model to find the correct geometry.
Comprehensive experiments reveal enhanced perfor-
mance attributed to the inclusion of a smoothness term.

2. Related Work
Novel view synthesis Structure from motion (SfM) [47]
and Multi-view stereo (MVS) [46] are techniques for re-
constructing 3D structures using multiple images, which
have been studied for a long time in the computer vision
field. Among the continuous developments, COLMAP [42]
is a widely used representative tool for SfM. COLMAP
performs camera pose calibration and finds sparse 3D key
points using the epipolar constraint [22] of multi-view im-
ages. For more dense and realistic reconstruction, deep
learning based 3D reconstruction techniques have been
mainly studied. [21, 32, 52] Among them, Neural radiance
fields (NeRF) [32] is a representative method that uses a
neural network as a representation method. NeRF creates
realistic 3D scenes using an MLP network as a 3D space ex-
pression and volume rendering, producing many follow-up
papers on 3D reconstruction research. [3, 4, 18, 45, 48, 55]
In particular, to overcome slow speed of NeRF, many efforts
continues to achieve real-time rendering by utilizing ex-
plicit expression such as sparse voxels[16, 28, 44, 57], fea-
tured point clouds[53], tensor [10], polygon [11]. These rep-
resentations have local elements that operate independently,
so they show fast rendering and optimization speed. Based
on this idea, various representations such as Multi-Level
Hierarchies [33, 34], infinitesimal networks [19, 40], tri-
plane [9] have been attempted. Among them, 3D Gaussian
splatting [24] presented a fast and efficient method through
alpha-blending rasterization instead of time-consuming vol-
ume rendering. It optimizes a 3D scene using multi-million
Gaussian attenuated spherical harmonics with opacity as
a primitive, showing easy and fast 3D reconstruction with
high quality.

Few-shot 3D reconstruction Since an image contains
only partial information about the 3D scene, 3D reconstruc-
tion requires many multi-view images. COLMAP uploads
feature points matched between multiple images onto 3D
space, thus increasing the number of images enhances the
reliability of the 3D points and the camera poses. [17, 42]
NeRF also optimizes the color and geometry of a 3D scene
based on the pixel colors of many images to obtain high-
quality scenes. [49, 58] However, the requirements for many
images hindered practical application, sparking research on
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Figure 2. Overview. We optimize the 3D Gaussian splatting [24] using dense depth maps adjusted to the point clouds obtained from
COLMAP [42]. By incorporating depth maps to regulate the geometry of the 3D scene, our model successfully reconstructs scenes using
a limited number of images.

3D reconstruction using only a few images. Many studies
in few-shot 3D reconstruction utilize depth to provide valu-
able geometric cues for creating 3D scenes. Depth helps
reduce the effort of inferring geometry through color con-
sensus across multiple images in various ways, including a
surface smoothness constraint [26, 36], a sparse depth su-
pervision obtained from COLMAP [13, 50], a dense depth
map obtained from additional sensors [2, 7, 15], or an es-
timated dense depth map from the pre-trained neural net-
work. [35, 38, 41] These studies regularize geometry based
on the globality of the neural network, so it is difficult to
apply them to representations with large locality such as
sparse voxel [16] or feature point [53]. Many studies at-
tempted to establish connectivity between local elements in
a 3D space through the total variation (TV) loss [16, 54, 60].
Still, it requires exhaustive hyperparameter tuning of the
total variation, which varies on the scene and location.
3DGS [24] generates floating artifacts with a small num-
ber of images due to its strong locality. Since 3DGS utilizes
SfM for initialization, the feature points obtained during this
process can be employed as a cost-free depth guide. How-
ever, due to the limited availability of images, the sparse
nature of the feature points makes it challenging for them to
serve as meaningful depth guidance. Hence we use a coarse
geometry guide for optimization through a pretrained depth
estimation model [5, 30, 59]. The estimated dense depth

provides rough guidance to the location of splats, which sig-
nificantly contributes to optimization stability in few-shot
situations and helps eliminate floating artifacts that occur in
random places.

3. Method
Our method addresses the optimization problem in the few-
shot setting with k images {Ii}ki=1, Ii ∈ [0, 1]H×W×3,
where i denotes the camera number. As a preprocessing,
we run SfM (such as COLMAP[42]) pipeline and get the
each camera pose Ri ∈ R3×3, ti ∈ R3, intrinsic parame-
ters K ∈ R3×3, and a point cloud P ∈ R3×n. From the
result of SfM, we derive a sparse depth Dspr,i for each im-
age by projecting all visible points onto the pixel space.
Subsequently, we utilize a depth estimation network to es-
timate a depth map for each image, which is then adjusted
to the sparse depth (Section 3.1). We apply regularization to
the geometry of Gaussian splats by incorporating the dense
depth prior obtained through the rasterization process. (Sec-
tion 3.2). We add another regularization for smoothness be-
tween depths of adjacent pixels (Section 3.3) and refine op-
timization options for few-shot settings (Section 3.4).

3.1. Preparing Dense Depth Prior

To guide the splats into plausible geometry, we need to
provide global geometry information due to the locality of
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Gaussian splats. The dense depth is one of the promising
geometry prior, but there is a challenge in constructing it.
From the result of SfM, we can obtain a sparse depth map
Dspr,i for each image by projecting all visible points to the
pixel space:

p = K[Ri|ti]P, (1)
Dspr,i = {pz} ∈ [0,∞]. (2)

The density of SfM points depends on the number of im-
ages, resulting in insufficient valid points to estimate dense
depth directly in a few-shot setting. (For example, SfM re-
construction from 19 images creates a sparse depth map
with an average of 0.04% valid pixels. [41]) Even the lat-
est depth completion models fail to complete dense depth
due to the significant information gap.

When designing the depth prior, it is important to note
that even rough depth significantly aids in guiding the splats
and eliminating artifacts resulting from splats trapped in
incorrect geometry. Hence, we employ a state-of-the-art
monocular depth estimation model and incorporate scale
matching to offer a coarse, dense depth guide for optimiza-
tion. From a train image Ii, the monocular depth estimation
model Fθ outputs dense depth,

Dden,i = s · Fθ(Ii) + t. (3)

To resolve the scale ambiguity in the estimated dense depth
Dden,i, we adjust the scale s and offset t of estimated depth
to sparse SfM depth Dspr,i:

s∗, t∗ = argmin
s,t

∑
p∈Dspr,i

∥∥w(p)·Dspr,i(p)−Dden,i(p; s, t)
∥∥2,

(4)

where w ∈ [0, 1] is a normalized weight presenting the re-
liability of each feature point calculated as the reciprocal
of the reprojection error from SfM. Finally, we use the ad-
justed dense depth D∗

den = s∗ · Fθ(I) + t∗ to regularize the
optimization loss of Gaussian splatting.

3.2. Depth Rendering through Rasterization

3D Gaussian splatting utilizes a rasterization pipeline [1]
to render the disconnected and unstructured splats lever-
aged on the parallel architecture of GPU. Based on dif-
ferentiable point-based rendering techniques [27, 51, 56],
they render an image by rasterizing the splats through α-
blending. Point-based approaches exploit a similar equation
to NeRF-style volume rendering, rasterizing a pixel color
with ordered points that cover that pixel,

C =
∑
j∈N

cjαjTj (5)

where Tj =

j−1∏
k=1

(1− αk),

C is the pixel color, c is the color of splats, and α here is
learned opacity multiplied by the covariance of 2D Gaus-
sian. This formulation prioritizes the color c of opaque
splat positioned closer to the camera, significantly impact-
ing the final outcome C. Inspired by the depth implementa-
tion in NeRF, we integrate the depth of each splat similar to
Eqn. (5). However, in areas with an insufficient number of
primitives, alpha integration may not be completed. So we
adopt a method of normalizing through alpha integration to
ensure appropriate depth calculation as,

D =

∑
j∈N djαjTj∑
j∈N αjTj

, (6)

where D is the rendered depth and dj = (Ripj + Ti)z is
the depth of each j-th splat from the i-th camera. Eqn. (6)
enables the direct utilization of αi and Ti calculated in
Eqn. (5), facilitating rapid depth rendering with minimal
computational load. Finally, we guide the rendered depth
to the estimated dense depth using L1 distance,

Ldepth =
∥∥D −D∗

den

∥∥
1
. (7)

This depth loss serves as guidance for geometry, mitigating
the risk of overfitting.

3.3. Unsupervised Smoothness Constraint

Even though each estimated depth is fitted to the COLMAP
points, the adjusted depths D∗

den serve as a rough guide and
often lead to conflicts in multi-view consistency, particu-
larly in detailed areas. To alleviate this, we introduce an
unsupervised constraint for geometry smoothness inspired
by [20] to regularize the conflict. This constraint implies
that points in similar 3D positions have similar depths on
the image plane. We utilize the Canny edge detector [8] as
a mask to ensure that it does not regularize the area with
significant differences in depth along the boundaries. For a
depth di and its adjacent depth dj , we regularize the differ-
ence between them:

Lsmooth =
∑

dj∈adj(di)

1ne(di, dj)·
∥∥di − dj

∥∥2 (8)

where 1ne is a indicator function that presents whether both
depths are not in edge. Here, we assume that neighboring
pixels have similar depths excluding the edges. While this
assumption may not precisely align with reality, it effec-
tively serves as a regularize.

We conclude the final loss terms by incorporating the
depth loss from Eqn. (7) and smoothness loss and smooth-
ness loss from Eqn. (8) with their own hyperparameters
λdepth and λsmooth:

L = (1−λssim)Lcolor + λssimLD−SSIM

+λdepthLdepth + λsmoothLsmooth

(9)
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PSNR↑ SSIM↑ LPIPS↓
2-view 3-view 4-view 5-view 2-view 3-view 4-view 5-view 2-view 3-view 4-view 5-view

N
eR

F-
L

L
FF

[3
2]

Fern
3DGS 13.03 14.29 16.73 18.59 0.336 0.408 0.517 0.603 0.476 0.389 0.296 0.217
Ours 17.59 19.13 19.91 20.55 0.516 0.588 0.616 0.642 0.286 0.232 0.203 0.167

Oracle 18.18 20.30 20.78 21.81 0.524 0.636 0.654 0.701 0.278 0.201 0.185 0.157

Flower
3DGS 14.90 17.75 19.71 21.39 0.351 0.508 0.605 0.671 0.406 0.257 0.190 0.146
Ours 15.92 17.80 19.15 20.45 0.395 0.445 0.538 0.576 0.414 0.376 0.323 0.293

Oracle 19.71 22.16 23.26 24.65 0.570 0.673 0.714 0.760 0.250 0.163 0.128 0.097

Fortress
3DGS 13.87 15.98 19.26 19.98 0.363 0.492 0.609 0.631 0.389 0.283 0.201 0.191
Ours 19.80 21.85 23.07 23.72 0.567 0.655 0.724 0.740 0.232 0.191 0.162 0.144

Oracle 23.07 24.51 26.39 26.73 0.654 0.728 0.787 0.797 0.159 0.130 0.100 0.093

Horns
3DGS 11.43 12.48 13.76 14.75 0.264 0.339 0.433 0.498 0.531 0.464 0.395 0.350
Ours 15.91 16.22 18.09 18.39 0.420 0.466 0.527 0.565 0.362 0.349 0.306 0.296

Oracle 18.56 20.08 20.88 22.52 0.568 0.644 0.668 0.725 0.259 0.212 0.199 0.168

Leaves
3DGS 12.33 12.36 12.49 12.26 0.260 0.275 0.298 0.297 0.412 0.397 0.397 0.401
Ours 13.04 13.63 13.97 14.13 0.235 0.270 0.283 0.297 0.460 0.445 0.440 0.438

Oracle 13.52 14.23 14.78 14.85 0.287 0.353 0.377 0.397 0.380 0.348 0.341 0.356

Orchids
3DGS 11.78 13.94 15.41 16.08 0.182 0.320 0.416 0.460 0.426 0.310 0.245 0.219
Ours 12.88 14.71 15.40 16.13 0.216 0.297 0.343 0.391 0.462 0.383 0.366 0.352

Oracle 14.89 16.45 17.42 18.45 0.365 0.471 0.525 0.576 0.303 0.237 0.200 0.174

Room
3DGS 10.18 11.51 11.59 12.21 0.404 0.494 0.510 0.552 0.606 0.559 0.556 0.515
Ours 17.21 18.11 18.87 19.63 0.668 0.719 0.732 0.757 0.352 0.360 0.326 0.295

Oracle 20.66 22.31 23.80 24.59 0.758 0.801 0.839 0.864 0.217 0.188 0.160 0.156

Trex
3DGS 10.72 11.72 13.11 14.14 0.322 0.417 0.492 0.548 0.520 0.446 0.394 0.351
Ours 14.90 15.90 16.75 17.37 0.480 0.537 0.567 0.625 0.358 0.362 0.348 0.305

Oracle 17.76 19.58 20.84 22.83 0.591 0.669 0.714 0.786 0.284 0.226 0.192 0.134

Mean
3DGS 12.25 13.75 15.26 16.17 0.306 0.407 0.485 0.533 0.471 0.388 0.334 0.299
Ours 15.94 17.17 18.15 18.74 0.439 0.497 0.541 0.571 0.365 0.337 0.309 0.288

Oracle 18.29 19.95 21.02 22.05 0.539 0.622 0.660 0.701 0.266 0.213 0.188 0.167

Table 1. Quantitative results in NeRF-LLFF [31] dataset. The best performance except oracle is bolded.

where the preceding two loss terms Lcolor,LD−SSIM cor-
respond to the original 3D Gaussian splatting losses. [24]

3.4. Modification for Few-Shot Learning

We modify two optimization techniques from the original
paper to create 3D scenes with limited images. The tech-
niques employed in 3DGS were designed under the assump-
tion of utilizing a substantial number of images, potentially
hindering convergence in a few-shot setting. Through itera-
tive experiments, we confirm this and modify the techniques
to suit the few-shot setting. Firstly, we set the maximum de-
gree of spherical harmonics (SH) to 1. This prevents the
overfitting of spherical harmonic coefficients responsible
for high frequencies due to insufficient information. Sec-
ondly, we implement an early-stop policy based on depth
loss. We configure Eqn. (9) to be primarily driven by the
color loss while employing the depth loss and the smooth-
ness loss as guiding factors. Hence, overfitting emerges due
to the predominant influence of color loss. We use a mov-
ing averaged depth loss to halt optimization when the splats
start to deviate from the depth guide. Lastly, we remove
the periodic reset process. We observe that resetting all
splats’ opacity α leads to irreversible and detrimental con-
sequences. Due to a lack of information from the limited
images, the inability to restore the opacity of splats led to

scenarios where all splats were removed or trapped in lo-
cal optima, causing unexpected outcomes and optimization
failures. As a result of the techniques above, we achieve sta-
ble optimization in few-shot learning.

4. Experiment
4.1. Experiment settings

Datasets. We evaluate our method on NeRF-LLFF [31]
dataset. NeRF-LLFF includes eight scenes with forward-
facing cameras, and we split the images of each scene into
train and test sets. We use the image outer edge of the cam-
era group as the train set based on the convex hull algo-
rithm [37] due to the forward-facing camera distribution.
We optimize the scene with k-shot (k=2,3,4,5) images ran-
domly selected from the train set and evaluate on the same
test set. We use ten randomly selected seeds and report the
average of ten experiments.

Implementation details. For a fair comparison among
different options, using unified coordinates in each scene
and standardizing the evaluation values is essential. We
achieve this by processing all the images of a scene through
COLMAP to obtain consistent camera poses and feature
points, selecting those relevant to each k-shot experiment.
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(a) GT (b) 3DGS [24] (RGB) (c) 3DGS [24] (Depth) (d) Ours (RGB) (e) Ours (Depth)

Figure 3. Qualitative comparison in NeRF-LLFF [31] dataset. We visualize the distinction between 3D Gaussian Splatting (3DGS) [24]
and our method in both 2-view and 5-view settings. Driven primarily by color loss, 3DGS struggled to achieve desirable geometry. Our
approach consistently established plausible geometric structures with depth guidance, resulting in superior reconstruction outcomes.
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(a) (b) (c) (d)
Figure 4. Details in cropped patches. (a) Input View (b)
3DGS [24] (c) Ours (d) Ground Truth. Our method produces su-
perior reconstruction results compared to 3DGS [24], leveraging
additional geometric cues. Our method establishes stable geome-
try, outperforming 3DGS in reconstruction quality.

We select k cameras from the train set and filter the feature
points that are visible in at least three out of the k cam-
eras. We use these feature points as depth guidance Dsparse
in Eqn. (4) and initial points for Gaussian splatting opti-
mization. In the baseline(3DGS), we use the same k cam-
era poses and filtered initial points, reporting the evalua-
tion values at 30k iterations like in the original setup. For
the oracle, we aim to illustrate the effectiveness of precise
depth. We create a pseudo ground truth (GT) depth map by
optimizing the entire train and test images and then utilize
it instead of the estimated depth. Lastly, based on CUDA,
we implement the differentiable depth rasterizer outlined in
Eqn. (6).

4.2. Experiment results

We present the comparison results of 3DGS, our method,
and oracle for NeRF-LLFF scenes in Table 1. Across all
methods and scenes, a decrease in the number of used im-
ages consistently results in lower visual quality. Our method
typically demonstrates superior results compared to 3DGS,
mainly when the number of images is limited. Figure 3 vi-
sualize the difference between 3DGS and our method. The
depth map highlights the geometry failure of 3DGS in the
few-shot case. For instance, the 2-view of the Fern dis-
plays entirely erroneous geometry compared to the similar-
ity in RGB. In harsh conditions like the 2-view scenario,
3DGS often fails to form appropriate geometry. In contrast,
our method forms plausible geometry while generating an

Method 2-views 5-views
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

w/o Adjustment 7.86 0.319 0.740 10.01 0.346 0.761(Section 3.1)

w/o Ldepth 11.49 0.344 0.533 12.97 0.506 0.418(Section 3.2)

w/o Lsmooth 14.75 0.415 0.391 17.79 0.561 0.297(Section 3.3)

w/o early stop 13.99 0.345 0.433 17.28 0.494 0.333(Section 3.4)

Ours 15.91 0.420 0.362 18.39 0.565 0.296

Table 2. Ablations. We describe the ablation studies on each el-
ement of the proposed method. We also present an experiment
supervising with sparse depth from COLMAP instead of dense
depth. The reported values are evaluated in Horns.

Initialization 2-views 5-views
points PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

COLMAP from 19.80 0.567 0.232 23.72 0.740 0.144sparse-view (Ours)

Unprojected 16.39 0.457 0.281 19.15 0.569 0.222from D∗
dense

COLMAP 21.18 0.681 0.200 24.09 0.778 0.127from all-view

Table 3. Comparison of Initialization Methods. We describe the
ablation studies on each element of the proposed method. We
also present an experiment supervising with sparse depth from
COLMAP instead of dense depth. The reported values are eval-
uated in Fortress.

attractive image. We present additional examples in Fig-
ure 4. The cropped patches demonstrate that our method
achieves better results through depth guidance. Hence, we
confirm that the geometric cues provided by depth signifi-
cantly benefit the reconstruction in Gaussian splatting, es-
pecially when the number of images is limited. This fact is
reaffirmed by the remarkably high performance of the or-
acle, which employs accurate geometry. The example im-
ages of the oracle demonstrate the effectiveness of accurate
depth, as depicted in Figure 5. The rich information pro-
vided by pseudo-GT depth enables the creation of detailed
and reliable results even with limited images.

An important observation to note is the substantial re-
liance of our approach on the pre-trained monocular depth
estimation model. We exploit the pre-trained model of
ZoeDepth [5] trained on the indoor dataset NYU Depth
v2 [43] and urban dataset KITTI [29]. As a result, our model
reports relatively higher performance in indoor scenes
(Fortress, Room, Fern) and comparatively worse results
for natural scenes (Orchids, Flower). Note that the Leaves
presents challenges for COLMAP, leading to generally un-
successful Gaussian splatting training.
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Figure 5. Example results utilizing pseudo-GT depth (oracle). Accurate depth facilitates high-quality 3D reconstruction, even with a
limited number of images. Fine details are perceptible in both RGB and depth.

4.3. Ablations

We present ablation studies for each component of our pro-
posed method in Table 2. The first and second rows demon-
strate the necessity of absolute depth guidance. Without
the adjustment process in Section 3.1, the dense Depth
Ddense has an incorrect scale from the monocular depth
estimation model. The depth is misaligned with the cam-
era intrinsic parameters from COLMAP, leading to com-
plete training failure. We also observed optimization failure
when solely utilizing unsupervised smooth constraints with-
out depth supervision introduced in Section 3.2. Applying
smoothness constraints without absolute geometry supervi-
sion yields worse results than the baseline. The third and
fourth rows of Table 2 demonstrate the degree of perfor-
mance enhancement from additional techniques. With the
depth supervision D∗

dense, the smoothness constraints in Sec-
tion 3.3 contribute to performance improvement by provid-
ing additional geometric cues. Notably, the early stop mech-
anism introduced in Section 3.4 is pivotal in preventing per-
formance degradation within our approach. By leveraging
depth loss, it scrutinizes the divergence of splats from the
prescribed geometry guide, effectively halting potential in-
stances of overfitting.

In Table 3, we compared the performances between the
different Gaussian splatting initializations. The second row
illustrates the outcomes when utilizing a point cloud pro-
duced by unprojecting dense depth D∗

dense as initialization
points. The numerous initial points generated through un-
projection are not effectively merged or pruned, resulting
in lower performance than the sparse COLMAP initializa-
tion. On the other hand, the third row showcases the results
when all COLMAP points are used, presenting a much bet-
ter quality than the second row. Employing many unattain-
able initial points with k images enhances the outcome via
dense depth adjustment and Gaussian splatting initializa-
tion.

5. Limitation and Future Work
Our approach demonstrated the feasibility of Gaussian
splatting optimization in a few-shot setting through depth
guidance, yet it has limitations. Firstly, it heavily relies
on the estimation performance of the monocular depth
estimation model. Moreover, this model’s depth estima-
tion performance can vary based on the learned data do-
main, consequently affecting the performance of Gaus-
sian splatting optimization. Additionally, relying on fitting
the estimated depth to COLMAP points means a depen-
dency on COLMAP’s performance, rendering it incapable
of handling textureless plains or challenging surfaces where
COLMAP might fail. We leave the optimization of 3D
scenes as a future work by interdependent estimated depths
rather than COLMAP points. Also, exploring methods to
regularize geometry across various datasets, including areas
where depth estimation, such as the sky, might be challeng-
ing, is another avenue for future work.

6. Conclusion
In this work, we introduce Depth-Regularized Optimization
for 3D Gaussian Splatting in Few-Shot Images, a model
for learning 3D Gaussian splatting with a small number
of images. Our model regularizes the splats using depth,
demonstrating the effectiveness of such geometric guid-
ance. We exploit a monocular depth estimation model to ac-
quire dense depth guidance and adjust the depth scale based
on SfM points. We examined the effectiveness of our pro-
posed depth loss, unsupervised smooth constraint, and early
stop technique in the NeRF-LLFF dataset. Our method out-
performs 3D Gaussian splatting in a few-shot setting, cre-
ating plausible geometry. Finally, we demonstrated through
additional experiments that improved depth and initializa-
tion points significantly enhance Gaussian splatting-based
3D reconstruction performance.
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