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Figure 1. Localization and novel view synthesis results on KITTI. Our method S3PO-GS maintains robust tracking and high-quality
novel view synthesis even in cases of large-angle turns. This is achieved through our self-consistent 3DGS pointmap tracking and the

patch-based pointmap dynamic mapping module.

Abstract

3D Gaussian Splatting (3DGS) has become a popular so-
lution in SLAM due to its high-fidelity and real-time novel
view synthesis performance. However, some previous 3DGS
SLAM methods employ a differentiable rendering pipeline
for tracking, lack geometric priors in outdoor scenes. Other
approaches introduce separate tracking modules, but they
accumulate errors with significant camera movement, lead-
ing to scale drift. To address these challenges, we propose a
robust RGB-only outdoor 3DGS SLAM method: S3PO-GS.
Technically, we establish a self-consistent tracking module
anchored in the 3DGS pointmap, which avoids cumulative
scale drift and achieves more precise and robust tracking
with fewer iterations. Additionally, we design a patch-based
pointmap dynamic mapping module, which introduces geo-
metric priors while avoiding scale ambiguity. This signifi-

* Equal contribution.
T Corresponding author.

cantly enhances tracking accuracy and the quality of scene
reconstruction, making it particularly suitable for complex
outdoor environments. QOur experiments on the Waymo,
KITTI, and DL3DV datasets demonstrate that S3PO-GS
achieves state-of-the-art results in novel view synthesis and
outperforms other 3DGS SLAM methods in tracking ac-
curacy. Project page: https://3dagentworld.
github.io/S3PO-GS/.

1. Introduction

Visual Simultaneous Localization and Mapping (SLAM), a
core problem in fields like autonomous driving, robotics,
and virtual reality (VR), has received substantial attention.
Within this area, 3D scene representation has become a pri-
mary research focus, resulting in the development of nu-
merous sparse [3, 16, 24, 25] and dense [26, 27, 42] rep-
resentation methods, which advance localization accuracy.
However, these methods still face significant challenges in
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novel view synthesis (NVS) capabilities.

Given the photorealistic visual effects offered by 3D
Gaussian Splatting (3DGS) [14] scene representations, re-
cent research has focused on integrating 3DGS with SLAM
[9, 11, 13, 21, 38, 41]. However, existing 3DGS SLAM
methods still face two key challenges in outdoor RGB-only
scenarios: lack of geometric priors and scale drift issues.

On one hand, some previous RGB-only 3DGS SLAM
methods, such as those proposed by [21], perform pose es-
timation via differentiable rendering pipelines. However,
this approach lacks geometric priors and struggles with
convergence in complex environments, particularly in out-
door settings, where the model is prone to getting stuck in
local minima.

On the other hand, to enforce geometric constraints,
some methods [11, 41, 43] introduce independent tracking
modules and pre-trained models to supplement geometric
information, enhancing the robustness of pose estimation.
Yet, this strategy requires maintaining scale alignment be-
tween external modules and the 3DGS map. In scenarios
with large rotations and displacements, accumulated errors
can easily lead to scale drift in SLAM system, degrading
subsequent pose estimation and map reconstruction quality.

To address the challenges above, we propose a robust
3D Gaussian Splatting SLAM method—S3PO-GS. Our ap-
proach leverages pre-trained pointmap models to compen-
sate for the lack of geometric priors in RGB-only scenarios.
By anchoring 3DGS-rendered pointmaps, we establish 2D-
3D correspondences, enabling scale self-consistent pose es-
timation. Through a patch-based design, we align the scale
of the pre-trained pointmap with the current 3DGS scene.
This allows us to incorporate geometric priors while effec-
tively avoiding the issue of scale drift.

Technically, we first design a self-consistent 3DGS
pointmap tracking module that estimates poses through
pixel-wise 2D-3D correspondences between the input frame
and 3DGS-rendered pointmap. The pre-trained model
serves solely as a bridge for correspondence without par-
ticipating in the pose estimation, inherently avoiding scale
alignment issues. Combined with the 3DGS differentiable
pipeline to optimize poses, even in complex outdoor envi-
ronments, this approach can achieve more accurate and ro-
bust tracking with only 10% of the iterations required.

Furthermore, to address the lack of geometric priors
in monocular SLAM, we design a patch-based pointmap
dynamic mapping. This approach employs a patch-scale
alignment algorithm to achieve local geometric calibration
between the pre-trained pointmap and the 3DGS scene. A
dynamic pointmap replacement mechanism is designed to
reduce reconstruction errors. These strategies introduce ge-
ometric priors and resolve the issue of scale ambiguity, en-
abling high-quality scene mapping.

Experiments on Waymo [33], KITTI [8], and DL3DV

[19] datasets show that S3PO-GS outperforms existing
3DGS SLAM methods. It also sets new benchmarks in
tracking accuracy and novel view synthesis. Our main con-
tributions include:

* We propose a self-consistent 3DGS pointmap tracking
module that introduces priors while avoiding scale align-
ment issues, enhancing tracking accuracy and robustness
with a significant reduction in iterations.

* Our proposed patch-based pointmap dynamic mapping
module leverages a pre-trained model to dynamically ad-
just the 3DGS pointmap while mitigating scale ambigui-
ties, significantly improving scene reconstruction quality.

* Evaluations on multiple datasets demonstrate that our
method establishes state-of-the-art performance in track-
ing accuracy and novel view synthesis within the 3DGS
SLAM framework.

2. Related work
2.1. Classical SLAM

Classical SLAM methods commonly use sparse feature rep-
resentations. For example, methods in the ORB-SLAM
series [3, 24, 25] combine the FAST corner detector and
BRIEF descriptor, tracking and updating only a small num-
ber of key points. Similarly, SIFT [20] and SURF [1] also
rely on feature points for camera pose estimation. Based
on this efficient feature tracking idea, PTAM [15] first par-
allelizes tracking and mapping, marking the beginning of
real-time keypoint-based SLAM research. However, the re-
sulting maps are typically sparse, serving primarily for nav-
igation and localization rather than detailed scene modeling.

Dense SLAM [26, 27, 42] generates detailed 3D maps,
contrasting with sparse methods focused on pose estima-
tion, and is well-suited for augmented reality and robotics.
It includes frame-centered approaches, which are efficient
but struggle with global consistency, and map-centered ap-
proaches using voxel grids or point clouds to enhance track-
ing and system compactness [28, 37]. Recent advancements
like iMAP [32] integrate neural networks for enhanced de-
tail capture but face significant computational demands,
limiting real-time applications. GIORIE-SLAM [42] uti-
lizes a flexible neural point cloud representation, improv-
ing real-time performance without the need for costly back-
propagation. However, it still does not achieve photorealis-
tic novel view synthesis.

2.2. NeRF-based and 3DGS-based SLAM

NeRF [22] uses a Multi-Layer Perceptron (MLP) to sample
along viewing rays and generate high-quality novel view
synthesis via volume rendering, significantly outperform-
ing traditional sparse SLAM methods in reconstruction ac-
curacy [12, 31, 34, 40]. In the SLAM framework, NeRF
optimizes the MLP using multi-view geometric information
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to achieve high-fidelity scene representation [30, 44, 45].
However, its long training time limits applicability in real-
time SLAM [7]. Recent research introduce explicit struc-
tures like multi-resolution voxel grids or hash encodings to
improve rendering speed and efficiency [10, 23], yet they
still struggle with achieving real-time rendering.

3DGS-based [14] SLAM methods [9, 13, 21, 38, 41]
employ explicit 3D Gaussian representations for modeling
and rendering scenes. Compared to traditional point cloud
representations, they enable real-time scene reconstruction
and provide high-fidelity view synthesis [4]. However, this
method lacks geometric priors and struggles in outdoor en-
vironments with only RGB, requiring numerous iterations
and often failing to converge. Additionally, some 3DGS-
SLAM methods [11, 41, 43] decouple camera tracking from
scene modeling, using an independent model for pose esti-
mation while relying on a 3D Gaussian distribution for re-
construction. However, these methods require maintaining
a scale factor, which easily accumulates scale errors in out-
door scenes with large angular movements. This leads to
scale drift, degrading both localization accuracy and recon-
struction quality.

We propose a 3DGS-based approach that enables effi-
cient, accurate, and robust tracking with RGB-only input,
while achieving high-fidelity novel view synthesis.

3. Method

Our method comprises three main parts: 3D Gaussian
Splatting (3DGS), Self-Consistent 3DGS Pointmap Track-
ing and Patch-based Pointmap Dynamic Mapping, as illus-
trated in Fig. 2. These components together form our 3DGS
SLAM pipeline.

3.1. 3D Gaussian Splatting

We employ a 3DGS [14] scene representation, where the
scene is modeled using a set of Gaussians centered at points
1, each defined by its covariance matrix >

Y = RSSTRT, (1)

where R is a rotation matrix and S is a scaling matrix. By
projecting these 3D Gaussians onto a 2D plane and apply-
ing tile-based rasterization, we achieve efficient and differ-
entiable rendering on a CUDA pipeline. Unlike the original
3DGS method, we do not employ spherical harmonics; in-
stead, we directly compute the color of pixel 2’ using:

i—1
C(2') = Z cioy H(l —aj), )
ieN j=1

where N is the set of Gaussians affecting z’, and «; is
opacity. This method allows our SLAM system to optimize
all Gaussian parameters, including position, rotation, scale,
opacity, and color.

3.2. Self-Consistent 3DGS Pointmap Tracking

3.2.1. Pointmap Anchored Pose Estimation

Previous 3DGS SLAM methods [4 1], relying on pre-trained
modules for direct pose estimation, often encounter cu-
mulative scale drift despite scale alignment techniques.
To address this challenge, particularly in outdoor scenes
with large rotation angles and displacements, we propose a
novel pose tracking method. Inspired by visual localization
[2, 29, 35, 39], we introduce a differentiable pointmap ren-
dering pipeline within the 3DGS framework. This pipeline
captures normalized 3D shape and viewpoint information
through 3DGS-rendered pointmaps, establishing a basis for
a scale self-consistent tracking module.

Our core innovation lies in estimating poses directly
from the 3DGS scene’s own scale, through the pixel-to-
point 2D-3D correspondence between the 3DGS-rendered
pointmaps and new input frame. Notably, the pre-trained
pointmap model [18, 35] is used solely to establish these
correspondences and does not directly contribute to the es-
timation process.

Specifically, starting from the adjacent keyframe I, we
leverage the 3DGS rasterization mechanism to build a dif-
ferentiable pointmap rendering pipeline. Using the adjacent
keyframe’s viewpoint T,r € SE(3), we render a depth
map Doi € RY*H_ The depth value at pixel (7, ) is com-
puted by alpha-blending Gaussian primitives along the ray:

k—1
Dak(iy§) = > e [ [ (1= ), 3)
=1

keN

where zj, is the distance from point u; to the camera cen-
ter, IV denotes the set of Gaussian primitives along the ray
sorted by zi, and oy, represents the opacity. The rendered
pointmap X, is derived from the depth map D, by ap-
plying the inverse of the camera intrinsic matrix K to each
pixel’s depth-scaled coordinates:

iD(i, 5) 7+ 0 =27 [iD(,5)
X7(i,j) =K [jD(.j)| = |0+ =7 [iD(,}))
D(i, j) 0 0 1 J|DGJ)
“4)
simplifying this multiplication yields:
iD(iyj)}cmD(i,j)
X"(i,7) = 3D (i5) ey D(i,) , (5)

fy
D(i, j)
where f,,f, are the focal lengths, and c;,c, are the opti-
cal centers of camera. From this, we construct the rendered
pointmap X, which store viewpoint and shape informa-
tion. Using D, as a bridge, we establish point-to-pixel
correspondences between the pointmap and image:

X(:]g — Dak: — Iaka (6)
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Figure 2. S3PO-GS pipeline for SLAM. The system begins by initializing a 3D Gaussian map (optimizing MASt3R’s pointmap for
1000 steps). For new input frame 7, we rasterize the 3DGS pointmap of the adjacent keyframe 7,5, match it with the input image, and
establish 2D-3D correspondences to estimate scale self-consistent pose. The estimated pose is further refined using photometric loss. If
T, is selected as keyframe, we obtain its rendered pointmap X" and pre-trained pointmap X?, then crop both into patches with similar
distributions. After patch normalization, the correct points are selected to compute a scaling factor, which is then used to adjust X?. Once
the incorrect points are replaced, X" is used to insert new Gaussians. Finally, the aligned pre-trained pointmap is used to jointly optimize
the 3D Gaussian map, enabling precise and robust localization and mapping.

where the scale of X, originates from the 3DGS map, in-
dependent of external dependencies.

Meanwhile, we input the current frame image I,, and
the adjacent keyframe image I, into the pre-trained model
[18, 35] to obtain two sets of pointmaps X”, , X? at the
same scale, along with confidence scores c. Based on
this, we establish pointmap correspondences X7, <> X?
by minimizing the pointmap distance and filter out low-
confidence points [18]:

(i,5)  (w,v) | argmin 37 o550 [ X0, (6 5) — X (u, ),

(4,4),(u,v) c(u,v)>t
(N

where XP(u,v) € R? denotes the 3D coordinate at pixel
(u,v), t is used to filter low-confidence points. Since the
generated pointmaps are per-pixel, we also obtain pixel cor-
respondences between images I, <> I,,. Propagating from
the previously established Eq. (6), we construct 2D-3D cor-
respondences between the rendered pointmap of the last
keyframe and the current frame image:

Xreo Ly < I, ()

Using these correspondences, we estimate the relative
pose T™ between the current frame and the adjacent
keyframe via RANSAC [6] and PnP [17]. The key ad-
vantage here is that the 3D coordinates in X, come di-

rectly from the 3DGS model, ensuring strict scale consis-
tency with the reconstructed scene. Consequently, the PnP
solution inherently preserves the correct scale.

Finally, the pose of current frame n is computed as:

T, = T T,. )

3.2.2. Pose Optimization

To achieve precise camera pose, we leverage the 3DGS dif-
ferentiable rendering pipeline to generate images and opti-
mize the pose 7T, by minimizing the photometric loss:

Lpno = ||1(G,T) = 1|, , (10)

where [ represents a per-pixel differentiable rendering func-
tion, generating images through Gaussian G and camera
pose T, and I is the ground truth image.

To avoid the overhead of automatic differentiation, simi-
lar to [41], we linearize the camera pose T' € SFE/(3) into its
corresponding Lie algebra se(3) and explicitly incorporate
the gradient of 7" within the 3DGS CUDA pipeline:

3Lph0 ) ( or 8#[ L9 or 82]) ’ (11)

vTLpho = Or a

dur oT ' 9%, aT

where r denotes the rasterization function, the derivatives
of mean y; and covariance Y; are derived from [21].
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In particular, to enhance accuracy and focus on details in
pose optimization, we penalize non-edge and invalid region.

Based on the Self-Consistent 3DGS Pointmap Tracking,
our proposed method enables more precise and robust track-
ing from 3DGS scene with fewer iterations.

3.3. Patch-based Pointmap Dynamic Mapping

In monocular RGB-only SLAM, the lack of geometric in-
formation leads to inaccurate scene reconstruction. One so-
lution is to introduce monocular depth priors, but depth es-
timation suffers from scale drift across frames. This is par-
ticularly problematic in unbounded outdoor scenes, where
complex environments cause increasing instability in scale.
Some works [42, 43] align depth scales to sparse point
clouds from independent tracking modules, but their perfor-
mance is limited by point cloud quality and they do not form
an end-to-end pipeline. Recent work [41] align scale to the
initial frame by establishing correspondences between con-
secutive frames, but this introduces cumulative errors.

We address this issue by using pre-trained pointmap [ 18]
as geometric prior and propose a patch-based method to
dynamically align its scale to the current Gaussian scene.
Through pointmap replacement, we achieve optimal Gaus-
sian insertion at keyframes. With the aligned pre-trained
pointmap, we perform geometric supervision optimization
on the Gaussian scene.

3.3.1. Patch-Based Scale Alignment

After optimizing the current frame’s pose, we rasterize a
3DGS pointmap X" from the current viewpoint 7}, and ob-
tain the pre-trained pointmap XP?. The scale of the X" is
consistent with the scene scale but is usually less precise
than the XP. Our approach is to identify reliable pixels in
the X" as “correct points” and use them to calculate a scal-
ing factor to align the XP’s scale to the scene.

However, finding “correct point” when there is a scale
discrepancy is challenging, necessitating preliminary align-
ment of the two pointmaps. Direct normalization might lead
to incorrect identification of “correct points” due to incon-
sistent value distributions or outliers in X”. To address this,
we segment the entire pointmap into small patches and se-
lect patches with similar distributions for normalization, en-
suring accurate point selection from X",

We initially segments X? and X" into patches of size
P x P, then calculates the mean p and standard deviation
o for each patch. Patches are selected for normalization
if they satisfy |p, — pp| < 0y X pp and |o, — op| <
05 % op. For these candidate patches, pointmap values are
normalized:

(12)

Points satisfying | X7 (z) — X} (2)| < ¢, are selected as

“correct points” set C'P, and scale factor is calculated:
L _ mxT[eP)
u(XP[CP])’

and applied to adjust XP. This process is iterated until the
scale factor stabilizes or the iteration limit is reached, even-
tually outputting the aligned XP = o x XP for pointmap
replacement and supervision. If the number of “correct
points” is insufficient, the scale factor estimation might
be erroneous, introducing additional biases in scene recon-
struction. In this case, we establish point correspondences
with the pre-trained pointmap X P from adjacent keyframe

13)

and compute a remedial scale factor. Since X P is already
aligned with the scene, it can serve as a reference. For
detailed algorithm and pseudocode, see the supplementary
material.

3.3.2. Pointmap Replacement

We insert new Gaussians into the scene at keyframes. To
minimize scale drift, we initialize the Gaussians based on
the rendered pointmap X" from the current frame. How-
ever, the rendered pointmap often contains poorly recon-
structed areas, and using it directly may introduce addi-
tional errors. We use the aligned pre-trained pointmap X
as a reference and replace the “incorrect points” in X":

¢ (2) = {X"(;c), if | X7 (z) — XP(z)| < em x XP(x) a4

XP(z), if|X7"(z) — XP(z)| > em X XP(z)

We perform random sparse downsampling on X "(z) to
effectively control the number of 3D Gaussians, ensuring
high-quality mapping while reducing processing time.

3.3.3. Map Optimization with Pointmap Supervision

To achieve efficient viewpoint coverage and introduce
multi-view constraints, inspired by [5, 21], we jointly re-
fine camera poses and the Gaussian map within the current
local keyframe window W. See the supplementary material
for details.

To improve the scene geometry, we introduce a
pointmap-based geometry loss:

Lyeo = HX _Xr
1

5)

To mitigate excessive stretching of the ellipsoids and re-
duce artifacts, we employ isotropic regularization [21]:
4
Liw=Y_lsi —&-1|, (16)
i=1

where s; denotes the mean of the scaling s,. Combining the
photometric loss, geometry loss, and isotropic regulariza-
tion, the map optimization task can be summarized as:

min > aLf,+ (1= a)Lh,, + XoLio. (17)
TweSE(3) G vk
Vkew ew
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Figure 3. Novel View Synthesis Results on Waymo (top three rows) and KITTI (bottom three rows) scenes, including Rendered
RGB and Depth Maps. Our method produces high-fidelity images that capture intricate details of vehicles, streets, and buildings. The
rendered depth maps are more accurate in regions with complex depth variations, such as tree branches and roadside vehicles.

Method Waymo [33] KITTI [8] DL3DV [19]
ATE| PSNR{ SSIMt LPIPS)| ATE, PSNR{ SSIMt LPIPS)| ATE| PSNR{ SSIM+t LPIPS|

NeRF-SLAM [30] | 97.36 10.12 0597 0.781 | 63.55 11.33 0441 0.774 | 441 1221 0505 0517
NICER-SLAM[45] | 19.59 1222 0.622 0.726 | 18.55 12.69 0450 0.701 | 3.57 14.19 0551 0.507
Photo-SLAM [11] | 19.95 17.73 0.741 0.674 | 17.62 1539 0523 0.674 | 2.78 1674 0560 0.499
GIORIE-SLAM [42] | 0.589 18.83 0.702 0.572 | 1.134 1549 0.594 0.684 | 0492 1620 0.669 0.515
MonoGS [21] 8.520 21.80 0.780 0.577 | 9.493 14.78 0486 0.759 | 0274 24.99 0.766 0.322
OpenGS-SLAM [41] | 0.839 23.99 0.800 0434 | 3224 1561 0495 0492 | 0.141 2475 0.788 0.192
Ours 0.622 2673 0.845 0360 | 1.048 20.03 0.646 0.398 | 0.032 29.97 0.893 0.108

Table 1. Comparison of all methods on three datasets. ATE RMSE (m) for tracking, and PSNR, SSIM, LPIPS for Novel View Synthesis.
Best results are in bold, second-best in underlined. Our method achieves NVS SOTA performance across all datasets, with the best tracking
accuracy on KITTI and DL3DV, and comparable tracking accuracy to GIORIE-SLAM on Waymo.

4. Experiments

4.1. Implementation and Experiment Setup

Datasets. We conduct experiments on the Waymo Open
Dataset [33], KITTI Dataset [8], and DL3DV Dataset [19]
to evaluate tracking accuracy and novel view synthesis per-
formance in outdoor environment. Specifically, we select
nine 200-frame sequences from Waymo, eight 200-frame
sequences from KITTI, and three 300-frame sequences

from DL3DV. The selected scenes are all static and feature
significant camera viewpoint changes.

Metrics. To assess novel view synthesis performance, we
use PSNR, SSIM [36], and LPIPS metrics, calculated on
frames excluding keyframes (i.e., training frames). For
tracking accuracy, we use ATE RMSE (m) for evaluation.
Baseline Methods. We compare our method with SLAM
approaches that support monocular RGB-only input and
novel view synthesis. These include NeRF-based meth-

26040



MonoGS

GIORIE-SLAM

Ground Truth

Figure 4. Novel View Synthesis Results on DL3DV scenes, including Rendered RGB and Depth Maps. Our method renders clearer
images with better reconstruction of details such as flowerbeds, eaves, and lanterns. The depth maps more accurately capture interwoven
objects like columns and show greater stability and smoothness in ground regions.
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Figure 5. Comparison of Tracking Trajectories with OpenGS-
SLAM and MonoGS. Under large viewpoint changes, MonoGS
struggles to track, while OpenGS-SLAM exhibits instability. In
contrast, our method achieves superior robustness.

ods NeRF-SLAM [30] and NICER-SLAM [45], implicit
encoding point cloud-based GIORIE-SLAM [42], 3DGS-
based methods MonoGS [21] and Photo-SLAM [11], and
OpenGS-SLAM [41], which is specifically designed for
outdoor environments.

Implementation Details. Experiments are conducted on an
NVIDIA RTX A6000 GPU. Similar to MonoGS, Gaussian
attributes and camera pose rasterization and gradient com-
putations are implemented using CUDA. The remainder of
the SLAM pipeline is developed in PyTorch. More details

Method Iterations

5 15 30 50 100
MonoGS 12.6 9.87 8.95 2.98 1.70
OpenGS-SLAM  4.17 2.52 1.10 0.85 0.80
Ours 0.55 0.55 0.51 0.49 0.46

Table 2. Tracking error (ATE RMSE) on Waymo_405841 un-
der different iteration counts.

Method ATE PSNR SSIM LPIPS
MonoGS+MAS33R 384  23.09  0.792 0.439
Ours 0.62 2673  0.845 0.360

Table 3. Comparison with direct incorporation of pre-trained
pointmap information in 3DGS-based SLAM (e.g., MonoGS).
We report the average results on Waymo.

are provided in the supplementary material.

4.2. Experiment Results

Camera Tracking. Table | presents the tracking results
on three datasets. Our method achieves state-of-the-art per-
formance on the KITTI and DL3DV datasets, and com-
parable performance to GIORIE-SLAM on the Waymo
dataset. While GIORIE-SLAM tracks the camera by lever-
aging the relationship between consecutive image frames,
our method, like MonoGS and OpenGS-SLAM, performs
visual localization from a single image to the scene for
pose estimation, a more challenging task. Despite this, our
method achieves comparable tracking accuracy to GIORIE-
SLAM on the Waymo and KITTTI datasets, and significantly
outperforms it on DL3DV. Compared to OpenGS-SLAM,
which is also 3DGS-based and designed specifically for out-
door environments, we reduce tracking error by 67.5% on
KITTI and by 77.3% on DL3DV.

Figure 5 shows the comparison of tracking trajectories.
In the presence of significant camera displacement and ro-
tation, both MonoGS and OpenGS-SLAM exhibit unsta-
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Iterations

Method

5 15 30 50 100
Ours (w/o PAPE) 16.9 8.57 5.61 4.76 348
Ours 0.55 0.55 0.51 0.49 0.46

Table 4. Ablation study of Pointmap Anchored Pose Estima-
tion (PAPE) module on Waymo_405841. We present the track-
ing errors across different iteration counts.

Method ATE PSNR SSIM LPIPS
w/o Pose Optimization 1.79 2445 0.805 0.376
w/o Scale Alignment 350 2349  0.784 0411

w/o Point Replacement 135 2559 0.825  0.406
w/o Geometry Loss Lgeo  3.73 25770  0.829  0.402

Ours 0.62 26.73 0.845 0.360

Table 5. Ablation study on key modules. We report the average
results on Waymo.

ble convergence and poor perception of displacement, while
our method demonstrates superior accuracy and robustness.
These results highlight the superiority of our method.
Novel View Synthesis. As shown in Tab. I, our method
achieves the best novel view synthesis performance across
all three datasets. Compared to the current best 3DGS-
based SLAM methods, PSNR is significantly improved:
+2.73 on Waymo, +4.42 on KITTI, and +4.98 on DL3DV.
Figures 3 and 4 show the rendered images and depth
maps for the three datasets. For outdoor scenes, our method
generates high-fidelity images with better reconstruction
of vehicle, building, and street details. Additionally, our
rendered depth maps are more accurate in regions with
complex depth variations and exhibit more reasonable rel-
ative positioning between objects. This demonstrates our
method’s strong geometric understanding of outdoor scenes
and reflects the stability of pointmap scale during training.
Pose Optimization Convergence. Table 2 shows the im-
pact of different pose optimization iteration counts on track-
ing error in the Waymo scene. MonoGS fails to converge
with fewer than 50 iterations, while OpenGS-SLAM shows
a noticeable accuracy drop below 30 iterations. In contrast,
our method achieves results comparable to 100 iterations
with only 5 iterations, demonstrating the robustness of our
self-consistent 3DGS pointmap tracking module.

4.3. Ablation Study

Self-Consistent 3DGS Pointmap Tracking. Table 4 shows
that without the Pointmap Anchored Pose Estimation mod-
ule, camera tracking fails to converge, especially with fewer
optimization iterations, leading to a rapid drop in accuracy.
The first row of Tab. 5 indicates that without pose optimiza-
tion, both tracking and reconstruction performance degrade.
This demonstrates that pose estimation ensures convergence
in complex outdoor environments, while pose optimization

Ground Truth

Figure 6. Comparison with direct incorporation of pre-trained
pointmap information in 3DGS-based SLAM (e.g., MonoGS).
Scale drift leads to noticeable geometric blurring.

further refines pose accuracy.

Patch-based Pointmap Dynamic Mapping. As shown in
Tab. 5, the absence of pointmap replacement leads to er-
roneous Gaussian insertions in keyframes, degrading both
tracking and reconstruction performance. Removing £,
results in a significant increase in tracking error due to the
lack of geometric supervision, while reconstruction quality
only slightly declines. This is because pointmap replace-
ment provides geometric priors, allowing reasonable recon-
struction quality even when relying solely on photometric
loss. However, this compromises the system’s displacement
awareness. Removing patch-based scale alignment causes
a substantial performance drop, as misaligned pre-trained
pointmaps introduce incorrect supervision.

Pre-trained Pointmap Processing. Table 3 shows that
directly incorporating pre-trained pointmap supervision
into 3DGS SLAM (e.g., MonoGS) without our proposed
pointmap processing modules results in significantly de-
graded performance. As seen in Fig. 6, scale drift causes
substantial blurring. This demonstrates that pre-trained
geometric priors alone are insufficient for handling out-
door scenes, and the proposed designs are the key to our
method’s success.

5. Conclusion

In this work, we introduce S3PO-GS, a monocular out-
door 3D Gaussian Splatting SLAM framework with a scale
self-consistent pointmap, addressing the challenges of scale
drift and lack of geometric priors in outdoor scenes. By
using a self-consistent 3DGS pointmap tracking module,
we reduce pose estimation iterations to 10% of traditional
methods, achieving centimeter-level tracking accuracy on
complex datasets like Waymo. A patch-based dynamic
mapping mechanism, based on local patch matching, re-
solves monocular depth scale ambiguity and enhances re-
construction quality. Experiments show our method sets
new benchmarks in tracking accuracy and novel view syn-
thesis for 3DGS SLAM. Future work will explore loop clo-
sure and large-scale scene optimization to expand its appli-
cation boundaries in outdoor SLAM.
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