
TCGSplat: Temporal Confidence Guided 3D
Gaussian Splatting for RGB-D SLAM
Xingchen Guo 

Changchun University of Science and Technology
Zhi Liu 

Changchun University of Science and Technology
Dandan Huang 

Changchun University of Science and Technology
Xingzhao Wang 

Changchun University of Science and Technology
Huiji Wang 

Changchun University of Science and Technology
Huilin Jiang 

Changchun University of Science and Technology

Research Article

Keywords: SLAM, 3D Gaussian Splatting, Temporal Confidence, Uncertainty Field

Posted Date: August 24th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-10579135/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Additional Declarations: No competing interests reported.

https://doi.org/10.21203/rs.3.rs-10579135/v1
https://doi.org/10.21203/rs.3.rs-10579135/v1
https://doi.org/10.21203/rs.3.rs-10579135/v1
https://creativecommons.org/licenses/by/4.0/


TCGSplat: Temporal Confidence Guided 3D

Gaussian Splatting for RGB-D SLAM

Xingchen Guo1,2, Zhi Liu2,3*, Dandan Huang3,

Xingzhao Wang2,3, Huiji Wang2,3, Huilin Jiang1,2

1School of Optoelectronic Engineering, Changchun University of Science
and Technology, Weixing Road, Changchun, 130022, Jilin, China.

2*Institute of Space Optoelectronic Technology, Changchun University
of Science and Technology, Weixing Road, Changchun, 130022, Jilin,

China.
3School of Electronic Information Engineering, Changchun University of
Science and Technology, Weixing Road, Changchun, 130022, Jilin, China.

*Corresponding author(s). E-mail(s): liuzhi@cust.edu.cn;
Contributing authors: gxc guxen@mails.cust.edu.cn; hdd@cust.edu.cn;

Abstract

3D Gaussian Splatting has been widely adopted in real-time dense Simultaneous
Localization and Mapping systems due to its high-quality scene representation
and efficient differentiable rendering. However, existing 3DGS-SLAM methods
primarily optimize Gaussian primitives based on current observations, with lim-
ited explicit modeling of their time-varying reliability. Consequently, unreliable
Gaussian primitives may adversely affect tracking, mapping, and loop closure.
To address this issue, we propose Temporal Confidence Guided Splatting, a
reliability-aware 3DGS-SLAM system. TCGSplat maintains a time-evolving con-
fidence score for each Gaussian primitive to characterize its temporal reliability
throughout online operation. The confidence score is adaptively updated using
two observation cues: the mapping-induced geometric change of the Gaussian rel-
ative to its historical behavior and its rendering residual. Furthermore, TCGSplat
renders the temporal confidence scores through Gaussian alpha compositing to
generate a real-time confidence map, which guides camera tracking, map opti-
mization, and loop closure viewpoint selection. Experiments on the synthetic
Replica dataset and the real-world TUM RGB-D and ScanNet datasets demon-
strate that TCGSplat improves system robustness and achieves competitive or
superior performance compared with existing dense RGB-D SLAM methods in
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tracking accuracy, reconstruction quality, and rendering quality.The source code
is available at https://github.com/gxcguxen/TCGSplat.

Keywords: SLAM, 3D Gaussian Splatting, Temporal Confidence, Uncertainty Field

1 Introduction

Simultaneous localization and mapping (SLAM) is a fundamental capability in
robotics and augmented reality applications [1]. Classical dense SLAM methods typ-
ically rely on explicit geometric representations, such as voxels, TSDFs, surfels, or
meshes, which support real-time tracking and mapping but have limited capability
for high-fidelity appearance modeling and photorealistic rendering [2], [3]. Recently,
neural radiance fields and other differentiable scene representations have been inte-
grated into SLAM systems to jointly optimize camera poses and scene representations
by minimizing differentiable rendering residuals [4–7]. However, implicit volumetric
rendering is often computationally expensive, making it difficult to achieve both effi-
cient online optimization and fine-grained scene reconstruction. 3D Gaussian Splatting
(3DGS) represents a scene using anisotropic Gaussian primitives and enables efficient
differentiable rendering through rasterization and alpha compositing [8]. It has there-
fore become an attractive scene representation for real-time RGB-D SLAM systems
[9–16].

Existing 3DGS-SLAM methods primarily focus on the initialization, optimization,
and rendering of Gaussian primitives, while camera poses and map parameters are
commonly optimized using photometric and depth residuals. However, sensor noise,
occlusions, viewpoint changes, and dynamic disturbances cause different image regions
to provide constraints of varying reliability for camera tracking and map optimization.
Recent studies have introduced uncertainty, visibility, and confidence modeling into
neural fields, 3DGS, and SLAM systems to estimate the reliability of scene geometry,
appearance, depth observations, and rendered predictions [17–19]. These methods gen-
erally use reliability estimates to reduce the influence of unreliable observations during
optimization, thereby improving tracking and reconstruction robustness in challenging
scenes. These studies suggest that an effective scene representation should encode not
only geometry and appearance, but also reliability information that can be directly
used by tracking and mapping.

Despite this progress, many existing approaches derive reliability estimates pri-
marily from current observations or fixed attributes. In online mapping, individual
Gaussians differ in how frequently they are observed, how strongly their geometric
parameters are updated, and how much effective observation feedback they receive;
their reliability therefore changes over time. To model this temporal evolution, we pro-
pose Temporal Confidence Guided Splatting (TCGSplat), a framework for temporal
reliability modeling in RGB-D 3DGS-SLAM. TCGSplat maintains a time evolving con-
fidence score for each Gaussian primitive and updates it online using temporal decay,
rendering residuals, and comparisons between its current geometric change and his-
torical behavior. TCGSplat renders the per Gaussian confidence scores into an image
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space confidence map through standard Gaussian alpha compositing. The resulting
map emphasizes reliable regions during tracking, allocates more optimization effort
to regions with low confidence during mapping, and reranks candidate viewpoints for
submap registration. TCGSplat is implemented on top of an RGB-D 3DGS-SLAM sys-
tem organized around local Gaussian submaps, while the backend follows LoopSplat
[14] for submap retrieval, Gaussian map registration, and pose graph optimization.

The main contributions of this paper are summarized as follows:
(1) We propose a per Gaussian temporal confidence model for online 3DGS-SLAM

that maintains an independent reliability state for each Gaussian using temporal decay,
history aware geometric feedback, and RGB-D rendering residuals.

(2) We design a confidence guided optimization framework that renders per Gaus-
sian confidence into image space weights through Gaussian alpha compositing. The
resulting confidence map emphasizes reliable regions during tracking, allocates more
optimization effort to low confidence regions during mapping, and supports viewpoint
selection for loop closure.

(3) We conduct extensive experiments on the Replica, TUM RGB-D, and Scan-
Net datasets, demonstrating the effectiveness of TCGSplat in tracking accuracy,
reconstruction quality, and rendering quality.

Fig. 1 Overview of TCGSplat. The system takes an RGB-D stream as input and maintains local
Gaussian submaps for online tracking and mapping. The current submap is differentiably rendered
into RGB, depth, and confidence maps. The confidence map is produced by alpha compositing the
stored per-Gaussian confidence states, emphasizing reliable regions for tracking and increasing the
optimization focus on low-confidence regions during mapping. After each mapping step, visible Gaus-
sians provide observation feedback through rendering residuals and self-distance changes before and
after optimization. Together with the historical state vector, the temporal confidence update function
produces the new confidence state, which is written back to the Gaussian map and used by subse-
quent frames and submap-level view selection.
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2 Related Work

2.1 Dense Visual SLAM

Traditional dense visual SLAM methods typically construct explicit geometric maps
from RGB-D observations. KinectFusion [2] employs TSDF fusion for real-time cam-
era tracking and surface reconstruction, while ElasticFusion [3] uses a surfel-based
map to improve the flexibility and global consistency of dense mapping. Loop clo-
sure has also been widely studied to reduce accumulated drift in RGB-D SLAM, for
example by combining global and local image features for more robust place recog-
nition [20]. Although these methods achieve high geometric accuracy and real-time
performance, they are less suited to high-fidelity appearance modeling and photore-
alistic rendering. With the development of neural scene representations, iMAP [21]
pioneered the joint formulation of scene representation and camera tracking using an
online-optimized implicit neural field. NICE-SLAM [5], ESLAM [6], and Point-SLAM
[7] subsequently improved scalability, efficiency, and reconstruction detail through
local feature encodings, hybrid representations, or neural point clouds. Despite their
enhanced scene representation capability, neural implicit methods still incur con-
siderable computational costs due to volumetric rendering and continual network
optimization.

2.2 3DGS-based SLAM

3D Gaussian Splatting [8] represents a scene using explicit Gaussian primitives and
enables high-quality real-time rendering through differentiable rasterization and alpha
compositing, providing online SLAM with an efficient and expressive map represen-
tation. GS-SLAM [9] combines incremental Gaussian expansion with coarse-to-fine
pose optimization, SplaTAM [10] establishes an online tracking and mapping pipeline
tailored to the Gaussian representation, and Gaussian-SLAM [11] employs submaps
to improve online optimization efficiency in large scenes. To address accumulated
drift during long-term operation, LoopSplat [14] further maintains global consistency
through Gaussian submap registration and pose graph optimization. Recent studies
have also investigated robust 3DGS training and rendering under low-quality obser-
vations [22], showing that the quality and reliability of input evidence can strongly
affect Gaussian scene representations. Although these representative methods substan-
tially improve tracking, mapping, and rendering performance, the Gaussian updates in
many existing systems are primarily driven by current observation residuals, without
explicitly modeling how the reliability of each primitive evolves with its observation
history.

2.3 Uncertainty-aware Field SLAM

Uncertainty estimation has been explored in both radiance fields and dense SLAM.
Stochastic NeRF [23] employs Bayesian variational inference to estimate predictive
uncertainty, while Bayes’ Rays [24] and FisherRF [25] quantify spatial or model uncer-
tainty for reconstruction and informative view selection. View selection has also been
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introduced into point-based NeRF rendering to improve low-quality regions by select-
ing more informative observations [26]. In online neural SLAM, UncLe-SLAM [27] and
Uni-SLAM [28] use depth or predictive uncertainty to reweight tracking and mapping
losses. For 3DGS-SLAM, CG-SLAM [17] models uncertainty from depth and Gaussian
geometry consistency, whereas VarSplat [18] learns per-Gaussian appearance variance
and renders a per-pixel uncertainty map through alpha compositing. These methods
primarily characterize uncertainty in input depth, geometry, or appearance, but give
less attention to how the reliability of an individual Gaussian evolves through repeated
observation, continual optimization, and prolonged absence of observation. In contrast,
TCGSplat maintains a time evolving confidence state for each Gaussian and updates
it using rendering residuals and geometric change relative to a historical exponential
moving average (EMA) baseline. The resulting confidence provides unified reliability
guidance for tracking, mapping, and viewpoint selection for submap registration.

3 Methods

3.1 System Overview

TCGSplat is built upon a submap-based 3DGS-SLAM framework that takes an RGB-
D image sequence as input. Given an input frame Ft = {It,Dt} at time t, the system
alternates between camera tracking and local mapping. Tracking estimates the camera
pose Tt by minimizing the color and depth residuals between the input observation
and the rendering of the current Gaussian submap. Mapping initializes Gaussian prim-
itives in newly observed regions and jointly optimizes their geometric and appearance
parameters. When the camera motion satisfies the submap-switching criterion, the
current submap is saved and a new local Gaussian map is created. For completed
submaps, the system follows the LoopSplat [14] backend for submap retrieval, Gaus-
sian map registration, and pose graph optimization to correct accumulated pose drift
and maintain global consistency. As illustrated in Fig. 1, TCGSplat augments this
pipeline with a temporal confidence update module, which maintains per-Gaussian
reliability states from observation feedback and renders them as confidence maps to
guide tracking, mapping, and submap-level processing.

Each submap is represented by a set of anisotropic Gaussian primitives G =
{Gi}

N
i=1. The basic parameters of the i-th Gaussian are defined as

Gi = (µi, si,qi, oi, ci) , (1)

where µi ∈ R
3 denotes its 3D center, si ∈ R

3 and the unit quaternion qi ∈ R
4

describe its scale and rotation, respectively, oi is the opacity, and ci denotes the
view-dependent color encoded by spherical harmonics. The 3D covariance matrix is
constructed from the scale and rotation as

Σi = R(qi) diag(s
2
i )R(qi)

T (2)

whereR(qi) denotes the rotation matrix corresponding to the quaternion qi. Under
a given camera pose and projection model, the 3D Gaussian is projected onto the
image plane as a 2D Gaussian with mean µ

′
i and covariance Σ′

i. Its alpha contribution
at pixel u is then defined as
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αi(u) = oi exp

[
−
1

2
(u− µ

′
i)

⊤ (
Σ′

i

)−1
(u− µ

′
i)

]
. (3)

During rendering, the visible Gaussians are sorted by depth and composited from
front to back according to their pixel level alpha contributions and accumulated
transmittance. This process produces the rendered RGB image and depth map while
accounting for color, depth, opacity, and occlusion. Since the rendering operation is
differentiable with respect to both camera poses and Gaussian parameters, it provides
the gradients required for tracking and mapping optimization.

In addition to the standard Gaussian parameters, TCGSplat maintains a tempo-
ral confidence state pti ∈ [pmin, 1] and a historical state vector ht

i for each Gaussian
primitive. At frame t, tracking and mapping use the confidence state pt−1

i obtained
from the previous frame. After mapping, observation feedback from visible Gaussians
is used to update pt−1

i to pti, which is stored for subsequent frames. The confidence
states are rendered through Gaussian alpha compositing to produce an image space
confidence map for tracking, mapping, and submap registration. The detailed update
and guidance mechanisms are described in the following sections.

3.2 Per-Gaussian Temporal Confidence Modeling

Gaussian primitives constructed during online mapping have different creation times
and observation histories, causing their reliability to evolve with continued observation
and optimization. TCGSplat therefore maintains a confidence state pti and a historical
state vector ht

i = (d̄ti, bi, n
t
i,EMA) for each Gaussian Gi. Here, d̄ti denotes the exponen-

tial moving average (EMA) of its self-distance, bi denotes its creation time within the
current submap, and nt

i,EMA records the number of valid EMA updates up to time t.
These states are updated directly from online observations rather than optimized as
learnable parameters through backpropagation.

After the mapping step at frame t, the confidence of each Gaussian first undergoes
bounded decay toward the lower bound pmin:

pti,− = pmin +
(
pt−1
i − pmin

)
exp

(
−
∆t

τ

)
, (4)

where pti,− denotes the decayed intermediate confidence before incorporating the
current observation feedback, and τ is the decay time constant. The current online
implementation uses ∆t = 1. Gaussians with valid observation feedback are sub-
sequently reinforced or penalized, whereas those without valid feedback retain only
the decayed confidence. The lower bound pmin preserves their basic contribution and
prevents map elements from becoming completely inactive.

Throughout this section, the map state obtained after the mapping step of frame
t− 1 is used as the initial map state of frame t. Therefore, for a Gaussian that exists
before the current mapping step, (µt−1

i , st−1
i ,qt−1

i ) and (µt
i, s

t
i,q

t
i) denote its geometric

parameters immediately before and after the mapping update at frame t, respectively.
For a Gaussian that is visible in the current view and can be consistently associated

before and after mapping, its component-wise geometric changes are defined as
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dtµ,i =
∥∥µt

i − µ
t−1
i

∥∥
2
, (5)

dts,i =
∥∥log

(
sti + ϵ

)
− log

(
st−1
i + ϵ

)∥∥
2
, (6)

dtq,i = 1−
∣∣〈qt

i,q
t−1
i

〉∣∣2 . (7)

The Gaussian self-distance is then defined as

dti = dtµ,i + λsd
t
s,i + λqd

t
q,i, (8)

where λs and λq control the contributions of the scale and rotation changes, respec-
tively, and ϵ is a small positive constant for numerical stability. The logarithm in the
scale term is applied elementwise. The quaternions are normalized before comparison,
and the absolute inner product makes the rotation term invariant to the equivalent
quaternion representations q and −q. In the implementation, a unique Gaussian ID
establishes the correspondence of each primitive before and after mapping, prevent-
ing index changes caused by densification or pruning from corrupting the self-distance
computation.

In addition to geometric change, the rendering residual measures how well a Gaus-
sian explains the current observation. We construct a combined RGB-D residual map
as

Rt(u) = λrgbr
t
rgb(u) + λdM

t
D(u)rtd(u), (9)

where rtrgb(u) and rtd(u) denote the pixel level color and depth residuals, respec-

tively, and M t
D(u) is the valid depth mask. The residual associated with Gaussian

Gi is obtained by sampling Rt at its projected center ut
i, yielding rti = Rt(u

t
i). The

sampled residual is converted into an observation quality score as

Qt
r,i = exp

(
−

rti
rref

)
. (10)

To account for the intrinsic change scale of each Gaussian, TCGSplat does not
evaluate dti using a uniform threshold. Instead, the current self-distance is compared
with the Gaussian specific EMA baseline d̄t−1

i before the baseline is updated:

ξti = tanh

(
d̄t−1
i − dti
σd

)
, (11)

where σd controls the sensitivity to deviations from the historical baseline. When
dti < d̄t−1

i , ξti > 0, indicating that the Gaussian changes less than expected from its
historical behavior. Conversely, ξti < 0 indicates that the current mapping update
produces a larger than expected geometric change.

Based on this relative stability signal, the positive excitation and negative penalty
are defined as

At
i = γ+Q

t
r,i[ξ

t
i ]+, Bt

i = γ−[−ξti ]+, (12)
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where [x]+ = max(x, 0), and γ+ and γ− control the strengths of the positive and
negative feedback, respectively. The observation quality score Qt

r,i modulates only the
positive excitation. Therefore, a Gaussian with a small geometric change but a large
rendering residual is not strongly reinforced, whereas an unusually large self-distance
directly produces a negative penalty.

The confidence is then updated by combining the decayed state with the positive
excitation and negative penalty:

pti = clip[pmin,1]

(
pti,− + ηAt

i

(
1− pti,−

)
− ηBt

i

(
pti,− − pmin

))
, (13)

where η is the confidence update rate. The multiplicative boundary terms reduce
the positive update as the confidence approaches 1 and reduce the negative update as
it approaches pmin.

When nt−1
i,EMA = 0, Gaussian Gi has no historical baseline for relative comparison.

Its first positive excitation is therefore initialized using the absolute self-distance and
rendering residual:

At
i = exp

(
−

dti
dref

−
rti
rref

)
, Bt

i = 0, (14)

where dref and rref are reference scales for the self-distance and rendering residual,
respectively. The EMA baseline is initialized as d̄ti = dti, and the number of valid EMA
updates is incremented accordingly.

For subsequent valid observations, the EMA baseline is updated only after the
confidence update:

d̄ti = (1− β)d̄t−1
i + βdti, (15)

where β controls the contribution of the current self-distance to the historical
baseline. The corresponding EMA update counter nt

i,EMA is incremented after each
valid update.

Gaussians within the same submap may be created at different times. Conse-
quently, Gaussians created later undergo fewer decay updates before the submap is
completed. Let bi denote the number of mapping updates that occurred before Gaus-
sian Gi was created. Before saving the completed submap, TCGSplat compensates for
the bi decay updates missed before its creation:

pi,sub = pmin +
(
pti − pmin

)
exp

(
−
bi
τ

)
, (16)

where pti denotes the confidence state immediately before the current submap is
saved. This calibration places Gaussians created at different times on a comparable
temporal scale and prevents recently created primitives from receiving an artificial
confidence advantage solely because they have undergone fewer decay updates.

3.3 Confidence-guided Tracking, Mapping, and Loop Closure

At frame t, all confidence guided operations use the states pt−1
i obtained after the

previous mapping step. The updated states pti are used from frame t+ 1 onward.
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To transfer the per Gaussian confidence states into image space, TCGSplat treats
pt−1
i as a scalar Gaussian attribute and renders it using the same depth order and

alpha compositing process as RGB and depth:

Pt(u) =
∑

i∈Vt(u)

Ti(u)αi(u)p
t−1
i , (17)

where Ti(u) =
∏

j<i(1 − αj(u)) is the accumulated transmittance before Gaus-
sian Gi, and Vt(u) denotes the depth ordered Gaussians contributing to pixel u. The
resulting confidence map Pt is used for tracking and mapping and is also rendered at
candidate viewpoints during submap registration.

During tracking, the Gaussian map is fixed and only the current camera pose is
optimized. The rendered confidence map is used to construct the pixel wise tracking
weight

W t
tr(u) = wmin + (1− wmin)Pt(u), (18)

which is applied to the color and depth residuals in the baseline tracking objective.
The tracking loss can be written compactly as

Ltr =
∑

u

W t
tr(u)

[
λcL

t
rgb(u) + λdL

t
depth(u)

]
, (19)

where Lt
rgb and Lt

depth denote the color and depth residual terms used by the
baseline system. Regions supported by high confidence Gaussians therefore provide
stronger constraints for pose estimation, while wmin > 0 preserves basic constraints
from regions with low confidence.

During mapping, regions with low confidence are assigned more optimization effort.
We therefore define the reconstruction weight as

W t
map(u) = 1 + (1− Pt(u)) , (20)

which is applied to the color and depth reconstruction terms in the baseline
mapping objective. The mapping objective can be written compactly as

Lmap =
∑

u

W t
map(u)

[
λcL

t
rgb(u) + λdL

t
depth(u)

]
+ λssLssim + λrLreg + Lstab, (21)

where Lssim and Lreg follow the baseline mapping objective, and Lstab is the adap-
tive stability constraint introduced below. Regions with low confidence receive larger
reconstruction weights, whereas regions with high confidence retain unit weight.

To suppress abrupt geometry changes of mature and reliable Gaussians, TCGSplat
further introduces a lightweight stability loss based on the self-distance defined in
Eq. (8). Instead of constraining the absolute deviation from a fixed reference state,
we penalize only the abnormal increase of the current self-distance over its historical
EMA baseline:

∆dti =
[
dti − d̄t−1

i

]
+
. (22)
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Let ati = max(t − bi, 0) denote the age of Gaussian i within the current submap.
The maturity-aware stability score is defined as κt

i = pt−1
i (1 − exp(−ati/τa)). The

stability loss is then

Lstab = λstab
1

|V|

∑

i∈V

[
∆dti −

(
δmax − κt

i (δmax − δmin)
)]

+
, (23)

where V is the set of currently visible Gaussians. As confidence and age increase,
the allowed abnormal change becomes smaller, while newly created or low-confidence
Gaussians retain greater flexibility.

In addition to image space reweighting and the stability constraint, temporal con-
fidence controls the optimization strength of Gaussian geometry. For Gaussian Gi, the
gradient scaling factor is defined as

gti = gmin + (gmax − gmin)
1− pt−1

i

1− pmin
, (24)

where gmin and gmax denote the minimum and maximum gradient scaling factors,
respectively. The normalization ensures that pt−1

i = 1 corresponds to gti = gmin,
whereas pt−1

i = pmin corresponds to gti = gmax. The factor gti is applied only to
the gradients of the Gaussian center, scale, and rotation during backpropagation.
Consequently, Gaussians with lower confidence receive stronger geometric updates,
whereas Gaussians with higher confidence are optimized more conservatively.

During loop closure, TCGSplat retains the submap retrieval, Gaussian registration,
and pose graph optimization pipeline of LoopSplat [14]. Temporal confidence is used
only to rerank the candidate registration viewpoints. For each candidate viewpoint
v, we compute its mean confidence Cv over the high-opacity region and adjust the
original descriptor score as

S̃v = Sv

[
wlc

min +
(
1− wlc

min

)
Cv

]
. (25)

The reranking is performed only among viewpoints preselected by descriptor
similarity, preserving the original retrieval process while reducing the use of views
dominated by unreliable map regions.

4 Experiments

4.1 Experimental Setup

We evaluate TCGSplat on three public datasets: Replica [29], TUM RGB-D [30],
and ScanNet [31]. Replica is a synthetic RGB-D dataset generated from high-quality
indoor scene models and provides accurate camera trajectories and geometric ground
truth, enabling a comprehensive evaluation of pose estimation, rendering quality, and
scene reconstruction. TUM RGB-D consists of real indoor sequences captured with a
handheld RGB-D camera and includes sensor noise, motion blur, and rapid viewpoint
changes. ScanNet contains larger-scale real indoor scenes with more complex geometry
and appearance. All experiments are conducted on Ubuntu 22.04 using an NVIDIA
GeForce RTX 4090 GPU.
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TCGSplat is implemented upon the submap-based RGB-D 3DGS-SLAM frame-
work of LoopSplat [14]. Except for the proposed temporal confidence module, the
keyframe management, Gaussian map registration, and pose graph optimization
remain consistent with the base system. Replica and TUM RGB-D adopt a motion-
triggered submap partitioning strategy: the current submap is terminated and a new
one is created when the camera rotation or translation relative to the starting pose of
the submap exceeds 50◦ or 0.5m, respectively. ScanNet instead uses a fixed interval
and creates a new submap every 50 input frames. The remaining tracking, mapping,
and loop-closure parameters follow the settings of LoopSplat [14].

For confidence guidance, the minimum pixel weight in tracking is set to 0.2 to
preserve basic constraints from low-confidence regions. The geometric gradient scaling
range in mapping is set to [0.8, 1.2], and the weight of the adaptive stability loss is set
to 0.01. During loop closure, the six viewpoints with the highest descriptor scores are
first preselected, from which two viewpoints are selected for subsequent registration by
incorporating their mean view confidence. For TCGSplat and the reproduced baselines,
each sequence is evaluated once using a fixed random seed and the same evaluation
scripts.

4.2 Baselines and Evaluation Metrics

We compare TCGSplat with representative neural implicit SLAM and 3DGS-SLAM
methods. For neural implicit representations, we include NICE-SLAM [5], GO-SLAM
[32], and Loopy-SLAM [15], covering classical implicit scene representations and dense
SLAM systems with global optimization or loop-closure constraints. For methods
based on 3D Gaussian Splatting, we compare against SplaTAM [10], Gaussian-SLAM
[11], LoopSplat [14], CG-SLAM [17], and VarSplat [18], covering representative Gaus-
sian SLAM systems with online tracking and mapping, submap-based reconstruction,
global consistency optimization, and reliability-related scene modeling. For each base-
line, we prioritize publicly reported results that have been adopted by multiple related
works under the same evaluation protocol. When reproducible official implementations
are available, we rerun them under the corresponding settings. Methods marked with
* in the tables are reproduced using official implementations.

For tracking, we evaluate camera trajectories using the root mean square error
of the absolute trajectory error (ATE RMSE), reported in centimeters after rigid
alignment between the estimated and ground-truth trajectories. For reconstruction
quality, we evaluate Replica scenes with geometric ground truth using Depth L1, the
mean absolute error between the rendered and observed depth maps, and F1 score
to measure surface accuracy and completeness. For rendering quality, we report the
peak signal-to-noise ratio (PSNR), structural similarity index measure (SSIM), and
learned perceptual image patch similarity (LPIPS). Higher PSNR, SSIM, and F1 score
indicate better rendering or reconstruction quality, whereas lower ATE RMSE, LPIPS,
and Depth L1 indicate better trajectory accuracy, perceptual quality, and geometric
consistency. The results are highlighted as best , second and third .

11



4.3 Quantitative Evaluation

4.3.1 Tracking

Tables 1, 2, and 3 compare the tracking accuracy on Replica, ScanNet, and TUM
RGB-D using ATE RMSE in centimeters. TCGSplat achieves competitive or supe-
rior results across all three datasets. On Replica, it reaches an average ATE of 0.25
cm, matching VarSplat and slightly outperforming LoopSplat. On ScanNet, TCGSplat
obtains the best average result among 3DGS-based methods, reducing the ATE from
8.5 cm for LoopSplat and 7.9 cm for VarSplat to 7.6 cm. On TUM RGB-D, TCGSplat
achieves the lowest average ATE of 3.37 cm among the compared 3DGS-SLAM meth-
ods. These results suggest that temporal confidence provides useful reliability cues for
pose optimization. By emphasizing regions supported by stable Gaussians, TCGSplat
reduces the influence of unreliable map primitives, especially in real-world sequences
with sensor noise, occlusions, and challenging camera motion. Fig. 2 further provides
a qualitative comparison on ScanNet scenes 0000, 0059, and 0181, where trajectories
are overlaid on top-down mesh views.

Table 1 Tracking performance on Replica (ATE RMSE↓ [cm]).

Method R0 R1 R2 Off0 Off1 Off2 Off3 Off4 Avg.

Neural Fields
NICE-SLAM 0.97 1.31 1.07 0.88 1.00 1.06 1.10 1.13 1.06
GO-SLAM 0.34 0.29 0.29 0.32 0.30 0.39 0.39 0.46 0.35
Loopy-SLAM* 0.45 0.23 0.31 0.25 0.21 0.33 0.30 0.35 0.30

3DGS
SplaTAM 0.31 0.40 0.29 0.47 0.27 0.29 0.32 0.72 0.38
Gaussian-SLAM* 0.31 0.26 0.22 0.29 0.19 0.33 0.39 0.40 0.30
LoopSplat* 0.25 0.24 0.20 0.23 0.20 0.37 0.19 0.36 0.26
CG-SLAM 0.29 0.27 0.25 0.33 0.14 0.28 0.31 0.29 0.27
VarSplat* 0.20 0.25 0.25 0.26 0.15 0.35 0.19 0.35 0.25
TCGSplat(Ours) 0.26 0.24 0.14 0.24 0.19 0.36 0.18 0.37 0.25

4.3.2 Reconstruction

Table 4 reports the reconstruction performance on Replica using Depth L1 and F1
score. TCGSplat achieves an average Depth L1 of 0.85 and an average F1 score
of 90.2%, showing competitive reconstruction quality among both neural-field and
3DGS-based methods. Compared with the submap-based 3DGS baselines, TCGSplat
reduces the average Depth L1 from 0.88 for LoopSplat and 0.89 for VarSplat to 0.85,
while maintaining the same average F1 score. The improvement is especially visible
on challenging scenes such as Office3, where TCGSplat produces lower depth error
than LoopSplat and VarSplat. These results suggest that confidence guided mapping
improves depth consistency without degrading surface completeness. By assigning
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Table 2 Tracking performance on ScanNet (ATE RMSE↓ [cm]).

Method 0000 0059 0106 0169 0181 0207 Avg.

Neural Fields
NICE-SLAM 12.0 14.0 7.9 10.9 13.4 6.2 10.7
GO-SLAM 5.4 7.5 7.0 7.0 6.8 6.9 6.8
Loopy-SLAM* 5.4 7.8 8.7 9.5 10.6 7.9 8.3

3DGS
SplaTAM 10.1 17.7 11.7 7.5 5.6 7.5 10.0
Gaussian-SLAM* 21.2 12.8 13.5 13.6 21.0 13.4 15.9
LoopSplat* 5.6 6.3 8.3 9.4 14.1 7.4 8.5
CG-SLAM 7.1 7.5 8.9 8.2 11.6 5.3 8.1
VarSplat* 5.1 5.4 8.3 6.6 15.3 6.3 7.9
TCGSplat(Ours) 4.9 5.0 7.1 10.6 10.4 7.5 7.6

Table 3 Tracking performance on TUM RGB-D (ATE RMSE ↓ [cm]).

Method fr1/desk fr1/desk2 fr1/room fr2/xyz fr3/off. Avg.

Neural Fields
NICE-SLAM 4.26 4.99 34.49 6.19 3.87 10.76
GO-SLAM 1.50 N/A 4.64 0.60 1.30 N/A
Loopy-SLAM* 3.96 3.03 8.99 1.90 3.31 4.24

3DGS
SplaTAM 3.35 6.54 11.13 1.24 5.16 5.48
Gaussian-SLAM* 2.79 6.21 12.82 1.62 6.90 6.07
LoopSplat* 2.02 3.62 6.49 1.55 3.40 3.42
CG-SLAM 2.43 4.54 9.39 1.20 2.45 4.00
VarSplat* 2.03 3.59 6.47 1.44 3.71 3.45
TCGSplat(Ours) 1.83 3.52 6.74 1.45 3.31 3.37

larger reconstruction weights and stronger geometric updates to regions with low con-
fidence, TCGSplat encourages further refinement of insufficiently optimized Gaussian
primitives while applying conservative updates to mature and reliable structures.

4.3.3 Rendering

Table 5 compares the rendering quality on Replica, TUM RGB-D, and ScanNet using
PSNR, SSIM, and LPIPS. TCGSplat achieves the highest PSNR on all three datasets,
reaching 37.84 dB on Replica, 22.83 dB on TUMRGB-D, and 24.95 dB on ScanNet. On
Replica, it matches the best SSIM result and improves LPIPS over the submap based
baselines LoopSplat and VarSplat. On TUM RGB-D, TCGSplat matches VarSplat
in SSIM while slightly improving its PSNR and LPIPS. On ScanNet, it consistently
outperforms LoopSplat and VarSplat across all three rendering metrics. Although
SplaTAM remains stronger on some SSIM and LPIPS comparisons, TCGSplat achieves
the most consistent PSNR performance across the three datasets. These results indi-
cate that temporal confidence benefits not only camera tracking but also the optimized
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Table 4 Reconstruction performance on Replica

Method Metric R0 R1 R2 Off0 Off1 Off2 Off3 Off4 Avg.

Neural Fields
NICE-SLAM Depth L1↓ 1.81 1.44 2.04 1.39 1.76 8.33 4.99 2.01 2.97

F1[%]↑ 45.0 44.8 43.6 50.0 51.9 39.2 39.9 36.5 43.9
Loopy-SLAM* Depth L1↓ 0.50 0.37 0.37 0.32 0.25 2.38 0.51 0.47 0.65

F1[%]↑ 91.5 92.4 90.4 93.9 91.6 88.4 89.0 88.6 90.7

3DGS
SplaTAM Depth L1↓ 0.43 0.38 0.54 0.44 0.66 1.05 1.60 0.68 0.72

F1[%]↑ 89.3 88.2 88.0 91.7 90.0 85.1 77.1 80.1 86.2
Gaussian-SLAM* Depth L1↓ 0.83 0.63 0.70 0.55 0.20 2.94 3.47 0.70 1.25

F1[%]↑ 88.9 91.4 90.5 92.5 90.1 87.5 84.3 87.4 89.1
LoopSplat* Depth L1↓ 0.45 0.28 0.39 0.46 0.21 1.22 3.67 0.35 0.88

F1[%]↑ 90.7 91.9 91.1 93.3 90.3 88.7 87.9 88.2 90.2
VarSplat* Depth L1↓ 0.44 0.27 0.40 0.45 0.20 1.25 3.74 0.35 0.89

F1[%]↑ 90.6 91.8 91.0 93.3 90.3 88.8 87.6 88.2 90.2
TCGSplat(Ours) Depth L1↓ 0.45 0.28 0.39 0.44 0.21 1.27 3.38 0.36 0.85

F1[%]↑ 90.6 91.9 91.2 93.3 90.3 88.8 87.7 88.2 90.2

Gaussian representation, leading to improved rendering quality over the underlying
submap based baseline.

Table 5 Rendering performance on Three Datasets

Dataset Replica TUM ScanNet

Method PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

NICE-SLAM 24.42 0.892 0.233 14.86 0.614 0.441 17.54 0.621 0.548
Loopy-SLAM* 32.18 0.933 0.184 19.26 0.663 0.521 15.44 0.601 0.674
SplaTAM 34.11 0.970 0.100 22.80 0.893 0.178 19.14 0.716 0.358
Gaussian-SLAM* 34.46 0.974 0.139 22.56 0.841 0.293 20.54 0.711 0.532
LoopSplat* 37.11 0.986 0.110 22.20 0.842 0.323 24.85 0.846 0.408
VarSplat* 37.22 0.987 0.108 22.80 0.867 0.281 24.83 0.845 0.407
TCGSplat(Ours) 37.84 0.987 0.107 22.83 0.867 0.279 24.95 0.849 0.402

4.4 Ablation and Analysis

Table 6 evaluates the cumulative contribution of the confidence guided components on
ScanNet scene 0181. Starting from the LoopSplat baseline, confidence guided mapping
reduces the ATE RMSE from 14.1 cm to 12.8 cm. Adding confidence guided tracking
further reduces the error to 12.1 cm, while incorporating loop viewpoint reranking
achieves the best result of 10.4 cm. On this challenging sequence, the results indicate
that the three components provide complementary improvements to pose estimation.
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Fig. 2 Qualitative trajectory comparison on ScanNet scenes. Rows correspond to scenes 0000, 0059,
and 0181, while columns show LoopSplat, VarSplat, TCGSplat, and ground-truth trajectories ren-
dered on top-down mesh views.

Fig. 3 visualizes the temporal behavior of the confidence map on ScanNet scenes
0000 and 0059. For each scene, the first row shows input frames, the second row shows
online rendered images, and the third row shows the corresponding confidence maps
at different timestamps. The white boxes highlight regions that are well reconstructed
in the rendered images; their corresponding confidence responses become more reliable
as the scene is repeatedly observed. In contrast, the red boxes indicate newly revealed
regions caused by viewpoint changes. These regions are not yet sufficiently optimized in
the online rendering, and the confidence maps assign them lower confidence according
to the visualization colormap. This qualitative result shows that temporal confidence
evolves consistently with observation history and reconstruction quality, providing
meaningful guidance for subsequent tracking and mapping.
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Table 7 reports the runtime on Replica/Room0 using an RTX 4090 GPU.
TCGSplat introduces additional confidence rendering, update, and guidance oper-
ations, but the overall overhead remains moderate. Compared with LoopSplat,
TCGSplat increases the mapping iteration time from 11.28 ms to 14.82 ms and the
tracking iteration time from 11.20 ms to 12.23 ms. Meanwhile, it remains more efficient
per iteration than VarSplat in both mapping and tracking. The mapping and tracking
time per frame are 0.26 s and 1.31 s, respectively, showing that TCGSplat improves
robustness and rendering quality while maintaining practical runtime efficiency for
online RGB-D SLAM.

Table 6 Ablation study of the TCG model on pose
estimation. (ATE RMSE ↓ [cm]). Mapping includes confidence
guided reconstruction weighting, geometric gradient scaling,
and the adaptive stability constraint; Tracking denotes
confidence weighted pose optimization; and Loop denotes
confidence based viewpoint reranking.

Method Mapping Tracking Loop ATE RMSE↓

I ✗ ✗ ✗ 14.1
II ✓ ✗ ✗ 12.8
III ✓ ✓ ✗ 12.1
IV ✓ ✓ ✓ 10.4

Table 7 Runtime on Replica/Room0 using RTX4090 24GB.

Method Mapping Mapping Tracking Tracking
/fr(s) iter(ms) /fr(s) iter(ms)

Gaussian-SLAM 0.34 11.35 1.50 11.21
LoopSplat 0.34 11.28 1.49 11.20
VarSplat 0.20 19.64 1.01 16.51
TCGSplat 0.26 14.82 1.31 12.23

5 Conclusion

In this paper, we presented TCGSplat, a temporal confidence guided 3DGS-SLAM
framework for RGB-D input. TCGSplat maintains a bounded, time-evolving con-
fidence state for each Gaussian and updates it using rendering residuals and
history-aware self-change feedback. The resulting confidence is rendered into image-
space maps through Gaussian alpha compositing and used to guide tracking, mapping,
and submap-level viewpoint selection. Experiments on Replica, TUM RGB-D, and
ScanNet show that TCGSplat improves tracking robustness, maintains competitive
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Fig. 3 Visualization of temporal confidence on ScanNet scenes 0000 and 0059. For each scene,
columns correspond to different input frames, while rows show the input image, online rendering,
and confidence map. White boxes indicate stable and well-reconstructed regions whose confidence
increases over time, whereas red boxes mark newly observed regions with lower confidence.
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reconstruction quality, and improves rendering quality while introducing moderate
runtime overhead. These results demonstrate that temporal reliability modeling is a
useful complement to geometry and appearance in online 3DGS-SLAM.
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