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Figure 1. Novel View Synthesis Comparison. We propose a novel Gaussian Splatting initialization pipeline to address the degradation in
novel view rendering quality caused by SfM point clouds. Specifically, the missing initial points from SfM lead to an inability to recover
fine texture details, while numerous erroneous initial points result in excessive floaters, as shown in Fig.(a) and Fig.(b). Although RAIN-GS
optimizes the initialization process, it still remains ineffective in resolving these issues. By incorporating depth priors from off-the-shelf
models, our method recovers finer details and reduces floaters, ultimately improving rendering quality.

Abstract

3D Gaussian Splatting (3DGS) has demonstrated im-
pressive performance in novel view synthesis and real-time
rendering. However, it heavily relies on high-quality ini-
tial sparse points from Structure-from-Motion (SfM), which
often struggles in textureless regions, degrading the geom-
etry and visual quality of 3DGS. To address this limitation,
we propose a novel initialization pipeline, achieving high-
fidelity reconstruction from dense image sequences with-
out relying on SfM-derived point clouds. Specifically, we
first propose an effective depth alignment method to align
the estimated monocular depth with depth rendered from
an under-optimized coarse Gaussian model using an unbi-
ased depth rasterization approach and ensemble them af-
terward. After that, to efficiently process dense image se-
quences, we incorporate a progressive segmented initializa-
tion process to generate the initial points. Extensive exper-
iments demonstrate the superiority of our method over pre-
vious approaches and its compatibility with other advanced
3D Gaussian models. Notably, our method outperforms the
SfM-based method by a 14.4% improvement in LPIPS on
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the Mip-NeRF360 datasets and a 30.7% improvement on
the Tanks and Temples datasets.

1. Introduction

Novel view synthesis (NVS) [3, 27] represents a long-
standing goal in computer vision and graphics, aimed at
rendering images from arbitrary novel viewpoints of a 3D
scene with a collection of images. It has demonstrated
substantial potential across diverse applications, including
VR/AR [42, 52], autonomous driving [58], and robotics [1].

Recently, Neural Radiance Fields (NeRF) [28] have
shown their impressive novel view rendering performance.
Despite the considerable success of NeRF, its practical ap-
plicability remains limited by high computational demands.
Different from NeRF-based approaches [4–6, 29], 3D Gaus-
sian Splatting (3DGS) [20] represents the scene with a set
of learnable 3D Gaussian primitives explicitly, achieving
faster rendering speed and better novel view synthesis per-
formance. While 3DGS effectively addresses the slow ren-
dering problem caused by radiance fields, it introduces ad-
ditional input requirements. In addition to accurate cam-
era calibration, 3DGS also requires additional point clouds
to initialize these 3D primitives. Although sensors like Li-
DAR and ToF can provide point cloud data, they come with

This ICCV 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.

26675



equipment constraints and limited adaptability in certain en-
vironments. Therefore, image-based Structure from Mo-
tion (SfM) techniques [2, 13, 33] are more commonly used.
However, SfM can fail in certain real-world scenes, partic-
ularly in regions that are symmetrical or textureless [7, 54],
resulting in erroneous or even unobtainable initial point
clouds. This significantly degrades the rendering perfor-
mance of 3DGS, as it cannot transport Gaussians far away
from their initialized positions [18], leading to a lack of de-
tails and excessive floaters, as illustrated in Fig. 1.

Colmap-Free 3D Gaussian Splatting [14] proposes a pro-
gressive training strategy that leverages monocular depth
to estimate relative camera poses and reconstruct from a
sequence of unposed images. However, as [14] does not
consider the scale of monocular depth, directly substitut-
ing estimated poses with fixed ground-truth poses results in
scale inconsistencies. Moreover, [14] generates Gaussians
for every pixel of each input image, which leads to substan-
tial computational costs. Most recently, RAIN-GS [18] ex-
plored random initialization for 3DGS, demonstrating that
sparse Gaussians with large variance can yield favorable re-
sults. However, the rendering performance of this method
is also not competitive, suffering from poor detail recovery
and floaters due to the lack of prior geometric constraints.

To address these problems, we propose an effective
framework that does not rely on SfM point cloud initializa-
tion and achieves significantly better results than previous
works. The contributions of our method are as follows.
• We propose Librated-GS, a novel initialization approach

to eliminate the reliance on SfM points of 3D Gaussian
Splatting.

• We align monocular depths using a coarse Gaussian
model to resolve scale ambiguity and ensemble them to
obtain high-quality geometric priors.

• We design a progressive segmented initialization process
to generate the initial points, followed by an importance-
aware resampling process to further reduce redundancy.

• We conduct extensive experiments on both standard and
in-the-wild datasets to demonstrate the performance of
our method and its compatibility with other advanced
Gaussian models.

2. Related Work
Novel View Synthesis. Neural Radiance Field (NeRF) [28]
has successfully achieved photo-realistic novel view syn-
thesis by implicitly learning a multilayer perceptron (MLP)
to represent scenes. It predicts the density and radiance
at a given 3D point, using its position and direction as in-
put, and employs a volumetric rendering technique to ren-
der images. Many subsequent works [4–6, 15, 16, 23,
24, 29, 30, 32, 35, 41, 44, 46, 50, 53, 56] have extended
NeRF to unbounded/dynamic scenes [4–6, 23, 32], fewer
training images [30, 34, 41, 44], and better efficiency [15,

24, 29, 35, 46]. Despite progress, NeRF remains com-
putationally intensive due to its volumetric rendering with
MLP. 3D Gaussian Splatting (3DGS) [20] and its follow-
up studies [17, 26, 40, 51, 57, 59] offer a faster approach
utilizing explicit 3D Gaussians and rendering through dif-
ferentiable rasterization. While efficient, 3DGS typically
depends on precise point clouds, commonly derived from
Structure from Motion (SfM), to initialize the spatial loca-
tions and color attributes. Since 3DGS struggles to transport
Gaussians initialized far from their optimal positions, such
reliance limits the applicability of 3DGS when SfM fails.
This motivates us to design an alternative that removes de-
pendence on external point clouds for initialization.
3DGS without External Point Cloud. RAIN-GS [18]
is proposed to use sparse 3D Gaussians with large vari-
ance for random initialization, removing the need for ad-
ditional point clouds in 3DGS. While effective for scene re-
construction, this method struggles to recover fine details
compared to point-based 3DGS due to the lack of prior
information and is more prone to floaters. Colmap-Free
3D Gaussian Splatting [14] employs a progressive method
with monocular depth as a prior for dense view reconstruc-
tion but are limited to scenes with a narrow range of view-
point changes. Furthermore, since the poses are optimized
based on the estimated depth, they are inherently aligned in
scale, which does not necessarily hold for the ground truth
poses. InstantSplat [10], designed for sparse views, relies
on Dust3r [38] for globally aligned point clouds, limiting its
ability to handle scenes with hundreds of images. Kherad-
mand et al. [21] proposes a stochastic optimization method
by formulating the training process of 3D Gaussians as a
sampling procedure for better densification, improving the
rendering quality and the robustness to initialization. How-
ever, there still remains a gap between initializing with
SfM points and completely randomly, and certain prob-
lems caused by insufficient/erroneous SfM points are
still unsolved. Additionally, another line of work explores
combining NeRF with Gaussian Splatting. [31] attempts to
distill ZipNeRF [6] into 3DGS to improve the rendering
speed without sacrificing the rendering quality. [12] pro-
poses to draw initial points from a pre-trained NeRF model
and optimize with the depths rendered from it.

3. Method
We propose a pipeline to reconstruct photo-realistic scenes
from posed image sequences without requiring an input
point cloud. In Sec. 3.1, we briefly review 3D Gaussian
Splatting [20]. In Sec. 3.2, we introduce an effective depth
alignment method to resolve scale ambiguity, using unbi-
ased rendered depth as reference and combining them to
build high-quality geometry priors. In Sec. 3.3, we present
a progressive segmented initialization with importance re-
sampling. The optimization stage remains unchanged.

26676



… ……
Importance 
Resampling

Progressive Segmented Initialization

RGB Images

Random Init

Monocular Depth Estimator

Coarse Gaussian Model

Estimate

Render

Rendered Depth

Estimated Depth Align

Ensembled Depth

Effective Depth Alignment

Erosion…

Gaussian initialization

Splatting

Refinement

Global Gaussian

KeyFrame LocalGaussian

LocalGaussian

KeyFrame 

KeyFrame 

Point Renderer

Append
Unseen Area of  LocalFrame

LocalGaussian

Optimization

Segment

…… …

KeyFrame  KeyFrame 

LocalFrame

Figure 2. Overview of our method. First, we propose an effective depth alignment method to establish high-quality geometry priors,
as described in Sec. 3.2. We then perform progressive segmented initialization to obtain an initial solution, followed by an importance
resampling step to reduce redundancy further, as described in Sec. 3.3. Finally, we introduce the local Gaussian for each segment to
fill unseen areas between adjacent keyframes, subsequently merging it into the global Gaussian. Standard refinement is then applied to
optimize this solution.

3.1. Preliminary: 3D Gaussian Splatting
3D Gaussian Splatting (3DGS) represents a 3D scene ex-
plicitly by employing a collection of 3D Gaussians. Each
Gaussian Gi can be formulated in the world space with its
mean µ ∈ R3 and covariance matrix Σ ∈ R3×3 defined in
the world space as follows:

Gi(x) = e−
1
2 (x−µi)

TΣi(x−µi). (1)

The mean µ of each 3D Gaussian is typically initialized
from a sparse point cloud obtained through Structure from
Motion (SfM). Each Gaussian is associated with an opacity
σ ∈ R and several spherical harmonic (SH) coefficients.

To render an image from a given pose, the 3D Gaussian
ellipsoids need to be splatted onto the image plane. For a
given 2D pixel u, The corresponding 2D Gaussian is repre-
sented as G2D

i (u) = e−
1
2 (u−µ2D

i )TΣ′
i(u−µ2D

i ), where Σ′ is
the projected covariance matrix in the camera coordinates.
Then, the differentiable rasterizer adopts alpha-blending to
render the depth and color with N ordered Gaussians cov-
ering this pixel as follows:

C(u) =

N∑
i=1

ciαiΠ
i−1
j=1(1− αj), (2)

D(u) =

N∑
i=1

diαiΠ
i−1
j=1(1− αj), (3)

where ci is the view-dependent color calculated from the
SH coefficients, and di = z ∈ R denotes the z-coordinate
for the Gaussian’s center in the camera space (the red depth
in Fig. 4). αi = σi · G2D

i (u) is the opacity contribution of
each 2D Gaussian and Ti = Πi−1

j=1(1−αj) denotes the accu-
mulated transmittance. Subsequently, 3DGS employs adap-
tive density control (ADC) to update Gaussians to achieve
a denser and more accurate scene representation.

However, in an under-optimized Gaussian model, the
Gaussian centers may deviate from the current ray due to in-
complete densification. These geometric inaccuracies intro-
duce noise during initialization. To address this, we propose
an unbiased depth rendering method detailed in Sec. 3.2.

3.2. Effective Depth Alignment
To address scale ambiguity and obtain reliable geometry
priors, we align the estimated depth with that rendered from
a coarse model. As the coarse model is not fully opti-
mized, direct alpha-blending introduces noise. We there-
fore render depth in an unbiased manner, align depths via
region-specific affine transformations, and ensemble these
two depths while filtering out floaters. This process is illus-
trated in the top left of Fig. 2.
Unbiased Depth Rendering. As highlighted in RAIN-
GS [18], the sparse-large-variance (SLV) initialization en-
ables effective signal prediction within few training steps.
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Figure 3. Point Cloud from different depths. We compare the point cloud from different depths for single view and multiple views. (a)
Rendered Depth from an under-optimized 3DGS model can achieve view-consistent recovery in well-observed areas but underperforms in
low-texture regions. (b) Estimated Depth is rescaled under the scale-consistency assumption, which tends to generate incorrect 3D points
and causes misalignment between different viewpoints. (c) Aligning monocular depth with rendered depth using Eq. (6) can partially
alleviate this issue. (d) We ensemble the more reliable regions from (a) and (c) with Eq. (9). (e) We perform depth erosion on the
ensembled depth to reduce floaters.

Maximum Alpha

Current Ray
i-th Gaussian depth in alpha-blending
i-th Gaussian depth in our method

Figure 4. Unbiased Depth Rendering. Illustration of depth ren-
dering with the alpha-blending method and our unbiased method.

This implies that the resulting coarse Gaussian model of-
fers a rough estimate of the scene’s depth. As illustrated
in Fig. 3(a), our experiments demonstrate that the depth ren-
dered by this pre-trained model is more accurate in high-
frequency regions (foreground bicycle), but less reliable in
low-texture areas (background sky), such as plain walls,
floors, and skies.

Previous works [9, 14, 43] typically utilize alpha-
blending to compute the depth at pixel u as Eq. (3). How-
ever, since we are employing an under-optimized model in
which the Gaussians have not yet fully densified, their cen-
ters may deviate significantly from the current ray. Conse-
quently, approximating the Gaussian depth using the center
depth can result in a point cloud with significant floaters
when reprojected back into the world space, as depicted
in Fig. 5.

Our proposed solution is to replace di in Eq. (3) with a
more accurate approximation d′i = t∗: the point at which
the opacity contribution α reaches its maximum as the ray
passes through the current Gaussian ellipsoid (the green
depth depicted in Fig. 4). Since α is proportional to func-

(a) Ours (b) Alpha-Blending
Figure 5. Visual comparison of depth maps and reprojected points
with the standard alpha-blending method and our unbiased alpha-
blending method.

tion Gi, this problem is equivalent to finding the parameter
t for ray r = o+ td where Gi(r) reaches its maximum, i.e.

t∗ = argmax
t

Gi(o+ td). (4)

For the detailed derivation, please refer to the supplemen-
tary material Sec. 6.1.

We skip Gaussians that do not intersect with the current
ray, which is indicated by the discriminant of Eq. (4) ∆ < 0.
Above all, the rendered depth of pixel u is then given by:

Drender(u) =
∑

i,∆i>=0

d′iαi(u)

i−1∏
j=1,∆j>=0

(1− αj(u)). (5)

Depth Alignment with Monocular Prior. Many previous
works [9, 37, 49] have successfully utilized off-the-shelf
monocular depth estimation models [19, 38, 45] to obtain
prior geometric information. They address scale ambigu-
ity by comparing estimated depths with sparse SfM points
based on the scale-consistency assumption, which is not al-
ways as reliable as expected [8, 19]. This limitation is par-
ticularly evident in scenarios with significant scale varia-
tions or complex geometries, leading to the initialization of
3D points in incorrect positions, as illustrated in Fig. 3(b).
To address this issue, we learn a separate affine transfor-
mation for each object in each image, which includes an
independent scale si and shift ti:

Dalign(pi) = si · D̂est(pi) + ti, (6)
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where D̂est represents the normalized estimated depth
from [19], and pi is the mask of the i-th object from [48].
Since we do not have SfM points as ground truth, the ren-
dered depths from the coarse Gaussian Model serve as ref-
erences.

Specifically, taking the current view I along with its
rendered image Irender and depth map Drender from Eq. (5)
into consideration, we leverage off-the-shelf detectors [36]
to detect 2D correspondences between I and Irender. Let
K = {kj} and K′ = {k′j} denote the 2D points set for I
and Irender, respectively. We solve for the scale si and shift
ti using the closed-form linear regression solution:

si, ti = argmin
∑

pi(kj)=1

||Dalign(kj)−Drender(k
′
j)||22, (7)

where Dalign(kj) and Drender(k
′
j) represent the depth value

of matched points. An example from the bicycle dataset is
depicted in Fig. 3(c).
Depth Ensemble and Edge-aware Erosion. We ensem-
ble the aligned depth with rendered depth to obtain more
reliable initial 3D points. Given a pixel, we denote the
aligned depth as dalign, the depth obtained from our unbiased
rendering (Eq. (5)) as the rendered depth drender, and the
depth of the Gaussian with the largest contribution weight
wi = αi

∏i−1
j=1,∆j>=0(1 − αj) as the maximum-weight

depth dmax. Ideally, a ray passing through the surface of
a solid object should satisfy dmax = drender. Therefore, the
selection of pixel depth is performed as follows, where τd
is a pre-defined threshold.

d =

{
drender, (dmax − drender)/drender < τd

dalign, else
, (8)

However, since the rendered depth is derived from an
under-optimized model, this per-pixel depth ensemble tends
to disrupt the depth continuity of each object. Therefore, we
introduce a per-object depth ensemble method.

D(pi) =

{
Drender(pi), δ( (Dmax(pi)−Drender(pi))

Drender(pi)
) < τd

Dalign(pi), else
, (9)

where δ(·) represents the mean value of variable (·).
Due to significant errors existing at object edges in both

rendered and aligned depth maps (Fig. 3(a) and (c)), similar
problems arise in the ensembled depth, resulting in numer-
ous floaters after back-projection (Fig. 3(d)). To mitigate
this, we propose the following edge-aware depth erosion
method. Consider a pixel u in the ensembled depth map
D, F(u, r) = {fi = |D(u) − D(ui)| | ui ∈ P (u, r)} de-
notes the depth differences between u and pixels within the
patch P (u, r) of radius r. If the number of fi < τf is below
nf , D(u) is considered to cause floater and excluded from
initialization. τf is a pre-defined threshold proportional to
the median of {min(F(u, r))} and nf is set to 3 in our ex-
periments.

3.3. Progressive Segmented Initialization
For a sequence of n consecutively captured RGB images
I = {I1, I2, . . . , In} with their corresponding ensembled
depths D = {D1, D2, . . . , Dn}, a naive approach to form-
ing initial points involves back-projecting all image pix-
els based on their ensembled depths, as proposed in [14].
However, this leads to redundant points in well-observed
regions, creating an excessive number of initial Gaussians
and severely affecting the subsequent optimization and den-
sification. While point redundancy can be reduced through
random selection [11] or voxel grid downsampling, the for-
mer requires manual tuning and risks missing details and
the latter depends on prior knowledge of the scene scale to
set the voxel size appropriately. To address this issue, we
propose a progressive segmented initialization method to
reduce the number of back-projected points, as illustrated
in the middle of Fig. 2.
Segmented Initialization. To reduce the redundancy of
pixels from the same region, we select m keyframes Ik =
{Ik1

, ..., Ikm
} to separate the training images into several

segments, as shown in the bottom left of Fig. 2. Instead
of back-projecting every single image, we perform a seg-
mented initialization by fully projecting the keyframes and
partially the rest.

We select keyframes with the following procedure.
Given that i− 1 keyframes have been selected, we sequen-
tially consider the rest images from {Iki−1+1, . . . , In}. Us-
ing detectors mentioned in Sec. 3.2, we detect 2D corre-
spondences with Iki−1

and select the first image satisfying
M/N < τk as the next keyframe Iki

, where M represents
the number of matching points with high confidence score
and N the total number of pixels. τk is a predefined thresh-
old representing the size of the overlap area between two
images relative to the entire image.

Although using keyframes to initialize points can mostly
cover the scene, some areas are still out of observa-
tion, causing incomplete reconstruction for some views.
To tackle this issue, we use images between adjacent
keyframes, denoted as local frames, to fill in the missing
regions by solely back-projecting the points from under-
reconstruction areas. Besides, we downsample the training
images to further reduce redundant 3D Gaussians.
Progressive Initialization. Although we have significantly
improved the quality of the depth maps in Sec. 3.2, there
still exists a considerable amount of noise. Inspired by
but different from [14], we address this issue by learning
a global 3DGS Gg incrementally to further refine the depth
maps, during which only the centers of Gaussians are up-
dated, while other attributes remain unchanged. This pro-
cess starts from the first keyframe Ik1

= I1, where all pixels
are back-projected into world space to initialize Gg . Assum-
ing that previous i − 1 keyframes have already been incor-
porated, the next keyframe Iki

is then considered. First,
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we optimize the photometric loss to refine the ensembled
depths {D1, D2, . . . , Dki} for all previous views. Subse-
quently, all pixels in Iki

are back-projected based on the
optimized fused depth Dki

.
After that, for current segmenti = {Iki−1+1, . . . , Iki−1},

local 3DGS Gli is introduced to enrich the global 3DGS Gg ,
which is initialized with two adjacent keyframes Iki−1 and
Iki

. Local frames from segmenti are then incrementally in-
corporated. Different from global 3DGS, only points back-
projected from the under-reconstruction areas of the ren-
dered images from Gli will be added. Finally, the newly
added points in Gli are then merged into the global 3DGS.
Importance Resampling. Since the scene is thoroughly
observed, even with segmented initialization, the pro-
cess aforementioned still generates a large number of 3D
points, significantly impacting the subsequent optimization
in 3DGS. Therefore, we apply importance resampling to
streamline the initialized 3D points. We uniformly sample
10% of the total back-projected 3D points and train a coarse
3DGS model for 1000 steps without performing densifica-
tion. The center of Gaussian with the highest contribution
weight along each ray is retained as the initialization 3D
point for refinement.

4. Experiments

4.1. Experimental Setup

Datasets. To validate the effectiveness of our method, ex-
tensive qualitative and quantitative comparison experiments
are conducted on three real-world datasets, including two
benchmark datasets (Mip-NeRF360 [5] and Tanks and
Temples [22]) and an in-the-wild dataset (OMMO [25]).
Following the guidelines in Mip-NeRF360 [5], a train/test
split is constructed by selecting every 8-th image for test-
ing in each scene. We use the same image resolution as
3DGS [20] and report the standard evaluation metrics, in-
cluding PSNR, SSIM [39], and LPIPS [55]. During the
initialization process, it is ensured that there is an overlap
between adjacent images, therefore the training set is re-
ordered for initialization if this condition is not met. In the
refinement process, the training set is randomly shuffled, as
done in 3DGS.
Implementation Details. Our method is primarily imple-
mented based on 3DGS [20]. During the pre-training pro-
cess, sparse-large-variance (SLV) initialization is utilized,
as suggested by RAIN-GS [18]. The number of pre-training
steps is set to 5000 for indoor datasets and 10000 for out-
door datasets to achieve a roughly accurate scene structure.
In the estimated depth alignment process, only the depths
of matching points are optimized, leading to rapid conver-
gence, therefore the number of fitting steps is set to 100
based on experimental results. The depth selection thresh-
old τd is set to 0.1, while the proportionality coefficient for

the depth ensemble threshold τf is set to 8. The interval
for adding new keyframes during the initialization process
matches the densification interval of 3DGS [20] to facilitate
incremental scene growth. Our optimization parameters re-
main consistent with those listed in the 3DGS [20] config-
uration during the refinement process. All experiments are
conducted on a single RTX4090 GPU.

4.2. Comparison

In this section, we compare our method with 3DGS [20]
using SfM points for initialization alongside other meth-
ods that do not utilize SfM points: 3DGS with random
points initialization and RAIN-GS [18]. The comparisons
are conducted on two benchmark datasets (Mip-NeRF360
dataset [5] and Tanks and Temples [22]) and an in-the-wild
dataset OMMO [25].
Quantitative Evaluation. The quantitative results, includ-
ing PSNR, SSIM, and LPIPS, are represented in Tab. 1.
The Colmap-Free 3DGS* is trained with fixed ground-truth
poses. Additionally, since [14] does not account for scale
when utilizing monocular depth to estimate camera poses
and generate 3D points, directly using the ground-truth
poses during training may lead to significant failures. To
align the estimated monocular depth with the scene scale,
we conduct the same rescaling process as outlined in [32]
for [14]. Our method demonstrates substantial improve-
ments across all three metrics compared to all other meth-
ods, even outperforming 3DGS initialized with SfM point
clouds. This quantitatively validates that our approach
achieves superior rendering and geometry results even with-
out additional high-quality point clouds.
Qualitative Evaluation. We also present the qualitative
results in Fig. 6. While 3DGS [20] initialized with SfM
recovers fine details in regions with sufficient 3D points
(e.g., the nearby buildings in Scene15, the upper part of the
bookshelf in room), areas lacking these points often miss
critical details (e.g., the distant city in Scene10, the under-
side of the chair in bicycle). 3DGS with random initializa-
tion suffers from more artifacts and geometric inaccuracies
due to significant errors in the random initial points. Sim-
ilarly, RAIN-GS [18], despite its new initialization strat-
egy, struggles to address detail loss from insufficient initial
points and produces lower geometric quality compared to
SfM-initialized 3DGS (e.g., the lower part of the bookshelf
in room, the ground in bicycle), as reflected in the LPIPS
score. The experimental results demonstrate that neither
the random initialization approach (e.g., 3DGS with random
points and RAIN-GS) nor the solely depth-estimation-based
approach (e.g., [14] with ground-truth poses) achieves the
rendering quality of SfM points-initialized 3DGS. In con-
trast, our method incorporates monocular depth estimation
as an auxiliary prior, enhanced by effective depth alignment,
to improve the initial 3D points quality. Furthermore, our
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Table 1. Quatitative Comparison on Mip-NeRF360 [5], Tanks and Temples [22] Datasets and OMMO [25] Datasets. Colmap-
Free 3DGS* indicates the model trained with ground-truth poses and rescaled estimated depths. The first , second , and third best
performances are highlighted in red, orange, and yellow, respectively. Our method demonstrates superior performance compared to existing
point-free methods and the original 3DGS across all metrics.

Methods SfM
Points

Mip-NeRF360 [5] Tanks and Temples [22] OMMO [25]
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

3DGS [20] ✓ 27.21 0.815 0.214 23.14 0.841 0.183 27.79 0.885 0.185
3DGS [20] (Random) × 22.19 0.704 0.313 20.48 0.765 0.252 25.86 0.841 0.229
Colmap-Free 3DGS [14]* × 21.46 0.604 0.344 20.71 0.711 0.330 - - -
RAIN-GS [18] × 27.23 0.807 0.229 23.13 0.826 0.207 26.93 0.864 0.218
Ours × 27.59 0.822 0.187 23.59 0.848 0.140 28.01 0.891 0.157
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Figure 6. Qualitative Comparisons of different methods on Mip-NeRF360 [5], Tanks and Temples [22] and OMMO [25] Datasets.
We conduct comparisons with original SfM-initialized 3DGS, random-initialized 3DGS (3DGS(Random)), and RAIN-GS. Our method
significantly outperforms other methods, producing visually reliable results with sharper details. Note that our method surpasses the
original 3DGS not only in areas with insufficient SfM points but also in regions with abundant points. Please zoom in for more details.
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Table 2. Applying our initialization method to different 3D Gaussian Splatting Models on OMMO [25] dataset.

Init Methods Mini-Splatting [11] 3DGS-MCMC [21] 3DGS [20]
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

Random 25.55 0.831 0.243 27.75 0.887 0.180 25.86 0.841 0.229
SfM Points 26.87 0.862 0.205 28.34 0.898 0.163 27.79 0.885 0.185
Ours 27.29 0.877 0.174 28.50 0.904 0.153 28.01 0.891 0.157

Table 3. Ablation for proposed components in our framework on
Mip-NeRF360 [5] dataset.

Model PSNR↑ SSIM↑ LPIPS↓
Base Model 27.079 0.808 0.194
+ Depth Alignment 27.285 0.812 0.190
+ Local Gaussian 27.588 0.822 0.187

Table 4. Ablation for different depths used for initialization on
Mip-NeRF360 [5] dataset.

Depth PSNR↑ SSIM↑ LPIPS↓
Ensembled Depth 27.588 0.822 0.187
Aligned Depth 27.524 0.818 0.189
Estimated Depth 27.390 0.816 0.191
Rendered Depth 26.596 0.708 0.201

segmented dense initialization effectively overcomes the
limitations of SfM in providing initialization points under
challenging conditions. As illustrated in Fig. 6, our method
recovers more details in scenes where depth estimation con-
fidence is high (e.g., indoor scenes) and effectively miti-
gates artifacts and reconstruction errors caused by depth in-
accuracies in scenes with lower estimation confidence (e.g.,
outdoor scenes).

4.3. Ablation Study
We first evaluate our initialization method on the OMMO
dataset [25] using two other advanced Gaussian frameworks
with improved optimization processes: mini-splatting [11]
and 3DGS-MCMC [21]. Our initialization does not inter-
fere with subsequent optimization. Both frameworks en-
hance rendering quality by refining the Gaussian optimiza-
tion process, with the latter further reducing sensitivity to
initialization. Tab. 2 presents the results of both models un-
der three different initialization conditions, demonstrating
that the impact of initialization points on Gaussian render-
ing is universal and that the effectiveness of our method ex-
tends beyond the original Gaussian model.

Additionally, we conduct a series of experiments on
the Mip-NeRF360 dataset [5] to validate the effectiveness
of key components, namely depth alignment and local
Gaussian, by incrementally introducing them into the base
model. Results are presented in Tab. 3. As shown in the
second row, depth alignment enhances scene geometry and
visual details by leveraging a more accurate depth prior, re-
sulting in a PSNR improvement of 0.206. The third row
confirms that incorporating local frames during the initial-
ization phase enriches depth priors for previously unseen
areas, thus enhancing modeling quality.

Table 5. Comparison of runtime between our pipeline and
COLMAP on Scene03 (300 images, 1237×658 resolution) from
OMMO [25] dataset.

Step Ours 3DGS

Preprocess
Pose 2.27 min

-Depth 0.36 min
Segmentation 7.07 min

Point Initialization Depth Alignment 3.33 min ∼3.5 h (COLMAP)Initialization 43.03 min

Refinement 42.62 min 33.74 min

Total Time 98.68 min ∼4.1 h

Besides, we perform ablation studies to assess the im-
pact of different depth priors on model quality, as shown
in Tab. 4. The edge-aware depth erosion strategy is ap-
plied across all experiments. Here, the estimated depth is
rescaled based on the scale-consistency assumption, while
aligned depth is with Eq. (6). The results demonstrate that
separate affine transformation provides a depth prior that is
more consistent with the scene scale, while the ensembled
depth yields an additional improvement.

Finally, we conduct a runtime analysis on Scene03,
which contains 300 images at a resolution of 1237×658,
covering the entire pipeline. Benefiting from recent ad-
vances in foundation 2D/3D models, the preprocessing
stages are highly efficient. As shown in Tab. 5, our ini-
tialization takes only 46 minutes, significantly faster than
COLMAP’s full SfM reconstruction, which requires several
hours. As our method does not modify the refinement stage,
its runtime remains comparable to the original pipeline.

5. Conclusion
In this work, we propose Librated-GS, a novel approach that
removes the dependence on accurate initial point clouds in
3DGS for novel view synthesis from a sequence of images.
We first fuse monocular depth estimates with coarse ren-
dering depths to resolve scale ambiguity and establish geo-
metric priors. Then, we introduce a progressive segmented
initialization process that leverages both local and global
Gaussians to construct a coarse solution. Extensive experi-
mental results validate the effectiveness of our approach and
its compatibility with other advanced 3D Gaussian models,
extending the applicability of 3DGS to challenging scenar-
ios where accurate point clouds are difficult to obtain.
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