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Abstract—3DGS has shown outstanding performance in
multi-view geometry, driving its adoption in visual SLAM.
However, real-time semantic 3DGS mapping faces challenges.
Current methods typically treat semantics as external priors,
making it hard to integrate them into SLAM tracking or
loop closure correction. Moreover, traditional semantic SLAM
corrects accumulated drift by applying rigid adjustments to
dense point clouds, which is costly for 3DGS maps and
limits loop closure performance. We propose GauSem-SLAM,
which uses a Gaussian semantic submap representation with
a progressive allocation strategy, integrating semantics into
tracking, mapping, loop detection, and submap management.
We fully exploit semantic information by designing a robust
loop detection module that combines DINOv2 semantic features
with semantic landmarks. Furthermore, we introduce Semantic-
Guided Registration (SGR), a method for computing inter-
submap loop constraints. Through intra-submap and inter-
submap loop correction, followed by a two-stage global map
refinement, our system achieves globally consistent pose esti-
mation and mapping. Experiments on three public datasets
demonstrate that our method outperforms prior methods in
both tracking and mapping.

I. INTRODUCTION

Visual SLAM is crucial for real-time scene perception in
robotics, and building semantic maps is important for em-
bodied AI. With the introduction of NeRF [1] and 3DGS [2]
into SLAM, real-time reconstruction with fine textures and
photorealistic quality becomes possible. However, geometric
maps lack scene understanding, while semantic annotations
enable optimization of radiance fields or Gaussians for more
accurate geometry and rendering.

Although existing semantic SLAM [3], [4], [5] has made
some progress, they all lack effective loop closure, which
results in global semantic inconsistency. For 3DGS SLAM,
Photo-SLAM [6] incorporates the loop closure from ORB-
SLAM3 [7], however, they do not perform loop closure
correction on Gaussian primitives, resulting in degraded map
quality. LoopSplat [8] performs Gaussian-based loop closure
through submap registration and pose graph optimization,
but its bidirectional keyframe localization with iterative op-
timization reduces efficiency and limits integration into se-
mantic SLAM. We argue that semantic SLAM should tightly
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Fig. 1: Reconstruction results on TUM datasets frl-desk
sequence. Compared with LoopSplat [8], which assigns submaps
based on displacement and rotation thresholds, we incorporate
both spatial and semantic information to determine whether a new
submap should be created. This effectively prevents geometric
fragmentation of objects at submap boundaries and further improves
rendering quality.

couple loop closure with joint correction of poses and Gaus-
sians to achieve globally consistent tracking and mapping. To
this end, we propose GauSem-SLAM. Our method constructs
semantic submaps and introduces a spatial-semantic submap
allocation strategy to prevent geometric discontinuities of
objects at submap boundaries, as shown in Fig. 1. We
embed semantic information into Gaussian primitives and
tightly couple them with the tracking and mapping system,
enabling optimization via local submap bundle adjustment.
Furthermore, we introduce a Semantic-Aware Loop Closure,
including loop detection based on semantic features and
semantic landmarks and both intra-submap and inter-submap
loop corrections. To accurately compute inter-submap loop
closure constraints, we propose Semantic-Guided Registra-
tion (SGR), an efficient and robust registration method for
Gaussian submaps. Our main contributions are summarized
as follows:

e We propose GauSem-SLAM, our framework integrates
semantic submap construction, tracking and mapping,
loop closure, as well as global map refinement into a
complete semantic SLAM pipeline.

o We embed semantic information into Gaussians and de-
sign a semantic submap management strategy, including
spatial-semantic submap allocation, semantic sampling
submap initialization, and submap registration.

o We introduce the Semantic-Aware Loop Closure that
incorporates 2D semantic map features and 3D semantic
landmarks for loop detection and both intra-submap and
inter-submap correction strategies. Furthermore, we pro-
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pose Semantic-Guided Registration (SGR) for efficient
Gaussian submap registration, substantially improving
the computation efficiency of loop closure constraints.
Finally, we design a two-stage global map refinement
and fusion to achieve globally consistent mapping.

II. RELATED WORKS
A. Semantic SLAM

Visual SLAM increasingly incorporates semantic mapping
to enhance environmental understanding, which is crucial
for robotic applications. With the introduction of NeRF,
several approaches have combined semantics with NeRF-
based SLAM. SNI-SLAM [5] achieves top-down struc-
tured semantic mapping through multi-level semantic un-
derstanding, leveraging cross-attention to mine inter-attribute
relationships, albeit at the cost of higher computational
complexity. NIS-SLAM [9] incorporates a pretrained 2D
segmentation network and designs a semantic fusion strategy
to achieve consistent semantic representation across multiple
views. However, NeRF-based SLAM [10] requires extensive
sampling and MLP training, limiting real-time capability.
The emergence of 3DGS has improved inference efficiency
through fast rasterization. SGS-SLAM [11] integrates ap-
pearance, geometry, and semantic features to address the
over-smoothing issue in NeRF-based SLAM rendering. Hier-
SLAM [4] proposes a novel hierarchical representation and
leverages the capabilities of large language models to encode
semantic information compactly into 3D Gaussian splats.
Although the above semantic SLAM methods have achieved
some success in semantic segmentation and spatial under-
standing, they generally lack effective loop closure modules.
However, loop closure is equally important for semantic
SLAM, this omission leads to accumulated drift in track-
ing and mapping and causes globally inconsistent semantic
mapping. We propose Semantic-Aware Loop Closure that
performs both intra-submap and inter-submap loop correc-
tion to achieve globally consistent tracking and mapping.

B. Loop Closure in SLAM

Loop closure plays a vital role in improving localiza-
tion accuracy by recognizing previously visited locations
and providing global constraints. Traditional approaches
such as ORB-SLAM [7] rely on hand-crafted descriptors
and the Bag-of-Words model, a strategy also adopted by
Photo-SLAM [6], and NGEL-SLAM [12]. However, BoW
requires substantial data and clustering computation, and
ORB descriptors are not robust under sparse and repetitive
textures, which can lead to incorrect loop closures. Other
approaches detect loops through co-visibility. For example,
MIPSFusion [13] introduces implicit submaps and computes
co-visibility between the current frame and inactive submaps
to correct submap loops. However, co-visibility is sensitive
to trajectory drift. Spatial misalignment of observed features
at the same location can cause co-visibility checks to fail,
making it effective only for small-scale loop correction.
LoopSplat [8] uses NetVLAD for loop detection, but appear-
ance only scene recognition is not robust, texture sparsity and

illumination changes can cause feature degradation, while
repetitive textures and structurally similar regions can yield
overly similar features. We design a coarse-to-fine loop
detection pipeline: first, DINOvV2 is used to extract semantic
features to assess similarity, then, we propose a semantic
landmark scoring method to fully leverage the constructed
semantic map for loop frame selection. Compared to Loop-
Splat, the integration of semantics improves robustness to
texture and lighting variations.

III. METHOD

We propose GauSem-SLAM, a complete SLAM frame-
work for semantic submaps with loop closure. The overall
architecture of our method is illustrated in Fig. 2. Section III-
A introduces the construction of 3DGS semantic submaps
as well as joint tracking and mapping. Subsequently, Sec-
tion III-B presents Semantic-Guided Registration (SGR),
which aligns Gaussian submaps that form loop closures. Fi-
nally, Section III-C describes Semantic-Aware Loop Closure,
which encompasses loop detection and the correction of both
intra-submap and inter-submap loop closures.

A. Semantic 3DGS Submaps for Joint Tracking and Mapping

Unlike LoopSplat, we incorporate semantics into submap
representation to prevent geometric fragmentation from par-
titioning, ensuring artifact-free rendering at boundaries. We
represent the scene as a set of semantic 3DGS submaps
M; ={G;,K;, T;}, where G; is the set of isotropic Gaussian
kernels within the submap, each defined by opacity o; €
[0,1], center p; € R3, radius r; € R, RGB color ¢; € R3,
and semantic color s; € R3. K; denotes the keyframes
associated with the submap, and T; € R4¥*4 is its global
pose, anchoring the local coordinate system at the submap’s
first frame.

We perform frame-to-model pose estimation for submap
tracking. The current frame pose is initialized using a
constant-velocity model and optimized within the submap
coordinate system. Following 3DGS rasterization, the
submap’s Gaussian kernels are projected and rendered:

N i—1
Chix = _cio [[ (1= ) (1)
i=1 j=1
with a;; computed from ¢ and its projected footprint. Depth
d; and semantic color s; are similarly rendered to obtain Dyx
and Spix. Pose is optimized via an ¢; loss against ground truth
while keeping Gaussian kernels fixed:

ﬁtracking = Z(Ssi] > 099) (AC ‘Cpix - C‘ + AS |Spix - Sl
=z @
+’AD|l)mx"l)|)

C and D are the input RGB-D images, while .S represents
the segmentation map, which is produced by employing
DINOV2 [14] as a feature extractor followed by a segmen-
tation head. Sy; is rendered using Eq. (1) with ¢; removed,
ensuring optimization focuses on well-reconstructed visible
regions. For submap initialization, we adopt a semantic-
based sampling strategy during initialization. Pixels from
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Fig. 2: System Overview. Our system takes RGB-D and segmentation map obtained via DINOv2 with a segmentation head as input
and mainly consists of three modules: tracking and mapping, loop closure, and global map refinement. We categorize submaps into active
(under tracking and mapping) and inactive (waiting for loop closure). After tracking each frame, we perform spatial-semantic submap
allocation: if a new submap is created, it is initialized via semantic sampling, and the previous active submap becomes inactive. Each
frame is then processed by Semantic-Aware Loop Closure to determine intra- or inter-loop. Intra-loops trigger pose graph optimization on
the active submap, while inter-loops use Semantic-Guided Registration to align active submap and inactive submap containing loop frame,
correcting poses and Gaussian primitives. Finally, Global Map Refinement is applied: first updating submaps with Lrefine, then aligning

them with the global map for fusion.

each semantic category are sampled proportionally according
to n, = {Nwt . ZAiZAwJ, with N, as the image area and
~ = 0.5 to balance small and large categories. A. denotes
the number of pixels in category c. These pixels are back-
projected to initialize Gaussian kernels with color ¢;, opacity
o; = 0.5, and radius 7; %, where f is the focal length. The
kernels are optimized with £,,,,,, for 1000 iterations to obtain
an initial scene representation. This initialization ensures
uniform surface coverage and faster Gaussian convergence.
Mapping is then performed every d,,., = 5 frames. Gaus-
sians are densified based on the rendered silhouette; when the
silhouette falls below 7,;; or rendered depth exceeds ground
truth, new kernels are added to capture emerging foreground
objects. Local BA optimization is applied within the submap,
sampling keyframes each iteration to compute the loss:

Acmapping = Z )\D|Dpiz - D‘ + ASL"S + )\C['C (3)

with semantic loss L£g and appearance loss Lo are weighted
SSIM loss:

Loim=A- 1T —I|+(1—))- (1 — SSIM (i,l))

“)

All A\, are hyperparameters. Poses and map are jointly
optimized.

For submap allocation, we regard submaps in tracking
and mapping as active. A new submap is created when both

spatial and semantic conditions are met. Spatially, we assign
each submap a bounding volume that encloses the viewing
frusta of all its keyframes. This volume expands as more
keyframes are added. We compute the overlap ratio 7jsp
between the viewing frustum of the current keyframe and
the active submap. Semantically, we construct a histogram
h € RY of class proportions, where C'is the number of class
and measure the KL divergence 7y between the current and
anchor frames. A new submap is initialized when 74, <
0.5 A rg > 0.4. This spatial-semantic criterion prevents
redundant or fragmented submaps. Newly established anchor
frames also serve as boundary frames between submaps.
We apply a local BA using L4, to optimize the Gaussian
kernels near the boundary, after which the submap becomes
inactive and waits for loop detection. The newly created
active submap is initialized and then enters tracking and

mapping.
B. Semantic-Guided Registration

Current 3DGS-SLAM methods still struggle with submap
registration. For example, MAGIC-SLAM [15] performs ICP
registration on the input point clouds, instead of directly
registering Gaussian kernels. However, deviations between
input point clouds and optimized kernels can introduce
errors. LoopSplat [8] registers Gaussian directly but at high
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Fig. 3: Fine optimization in SGR. After coarse initialization, the
source submap is aligned to the target by minimizing a rendering
loss that enforces consistency in appearance, semantics, and DI-
NOv2 features, while keeping Gaussian kernel parameters fixed.

cost, since it optimizes bidirectional transformations between
source and target submaps, which doubles the computation.
We propose Semantic-Guided Registration (SGR), using
DINOV2 [14] to extract features from semantic maps for
matching image pairs and coarse initialization, followed by
a semantic-aware rendering loss for refinement. The entire
process is unidirectional and thus more efficient.

Given two Gaussian submaps with a large overlap, we
define the one with more keyframes as the target submap
M, and the other as the source submap M. SGR follows a
coarse-to-fine process to compute the rigid transformation
from source to target. Specifically, for M, we extract
DINOV?2 features f” € R334 from each semantic image in
the keyframe list /Cs to form a feature set Fls, and similarly
for M;. We compute pairwise {5 distances and select the
top k=10 nearest pairs. Then, the rigid transformation is
optimized using Gauss-Newton:

T
Tg_,fGSE(d)Z H 8 ( )

T, ,,=arg min

L 3 G

where Tt(i) and Ts(i) are poses in the target and source
submaps, and log is the mapping from SE(3) to se(3). The
result serves as the coarse initialization. We then transform
the poses of the source submap to the target frame TP =
Ts_,+T?, and further refine the alignment using appearance,
semantic rendering, and DINOV2 feature consistency:

k
£=>"|ed) - o]+

deg(s(’fti)) — Fdino(S(Tti)) H2

S(T7)

Neen | S(T) -

(6)
+ )\feat

with Ager, = 1 and Agpeqr = 0.5. The Gaussian ker-
nel parameters are kept frozen. By enforcing consistency
in appearance, semantic rendering, and high-level features,
our method achieves more robust rigid registration even in
blurred or repetitive texture scenes. The fine optimization
process is illustrated in Fig. 3.

C. Semantic-Aware Loop Closure

Existing 3DGS SLAM systems lack robust loop closure.
LoopSplat [8] uses NetVLAD to extract appearance features,

Algorithm 1 Semantic-Aware Loop Closure

Require: Input frames {Zj}, Gaussian submaps {G}
Ensure: Detected loop closure keyframe pair (k, 7)
1: Create new keyframe every dj, frames
2: Extract 2D semantic features fi € R3% ysing DINOv2
3: if every 6 keyframes then
4: for all past keyframes feature f; in loop database do
5: Compute £ distance dy, ; between fi and f;
6 if dj, ; < 0.20 then
7 Add j to loop candidate set C
e
11: Store fr in loop database
12: for eacﬁ submap G do
13: Compute Gaussian-IDF f(c)
14: end for
15: Compute current frame Z, land markscore: w(c) = 1 f(c),
where M is observed Gaussians, M. of class c ‘

16: Construct landmark score vector wy €
17: for each loop candidate j € C do

18: Compute landmark score and Construct landmark score
vector w;

19: Compute /2 distance ||wi — w;||2

20: end for

21: Select closest candidate as loop closure (k, j)
22: return (k, j)

which may fail in environments with sparse textures. HI-
SLAM2 [16] relies on optical flow distances, but it is sen-
sitive to illumination changes. We propose semantic-aware
loop closure, an online method with scene understanding and
stronger generalization. We leverage 2D and 3D semantic
information for loop detection, which can correct both poses
and Gaussians, enhancing global consistency. Specifically,
a new keyframe is created every dj frames, from which
we extract 2D semantic image features fi € R3%% using
DINOV2 [14] and store them in a loop database. Every 6
keyframes, we compute the ¢, distances dj ; between the
current keyframe and all past keyframes j. Keyframes with
ds . < 0.20 are selected as loop candidates. We further
ﬁlter loops using semantic landmarks. With semantic color
s € R3 for each Gaussian, we assign its label by finding
the nearest class color in the predefined semantic color
mapping via Euclidean distance. For each Gaussian submap,
we define Gaussian-IDF: f(c) = log HfV—NC , where N,
is the number of Gaussians of class ¢ in the submap, and
N is the total number. Gaussian-IDF reduces the influence
of high-frequency background classes and emphasizes rare
semantic classes. For a given frame pose, let M (M < N)
be the number of observed Gaussians, and M, the number of
observed Gaussians of class c. The landmark score of class
c is computed as:

f(e) @)

Then we can construct a vector w € R composed of the
landmark scores of all classes. The #/o distance between the
landmark score vector of the current frame and those of
candidate loop frames is computed, and the closest one is
selected as the loop closure. The pseudocode is shown in
Algorithm 1.

Unlike LoopSplat, which only optimizes poses between
submaps, we consider both intra-submap and inter-submap

12846



Hier-SLAM

GS3LAM

room0

room1

room2

Fig. 4: Rendering and segmentation results on the Replica dataset.

loops. First, we check whether the two loop frames belong to
the same submap. If they are in the same submap, we build
a local pose graph optimization (PGO) with two constraints:
odometry constraints from relative poses between adjacent
keyframes, and loop constraints computed from image pairs
using Eq. (6). After optimizing keyframe poses, we further
update the submap with Ly, as loss function, running
10 iterations per keyframe with fixed poses. If the two
loop frames belong to different submaps, we estimate the
rigid transformation between submaps using the method in
Section III-B, and use it as a loop constraint. Odometry
constraints are built from relative poses of anchor frames.
After PGO, anchor frames are updated, and keyframe poses
in the submap are corrected as TF < (T¥)~1T2TF where
T is the optimized anchor pose and TF is the keyframe
pose. Gaussian centers are also updated z; « ()~ 'T%x;
where z; is in homogeneous coordinates.

After processing all frames, we perform a two-stage global
map refinement. In the first stage, we jointly optimize
keyframe poses and Gaussian within each submap using the
loss £reﬁne = Emap + /\featHFdino(Spix) - Fdino(S) ||2 running
10 iterations per keyframe. The added semantic feature term
prevents overfitting in the mapping stage. In the second stage,
we align submaps with the global map by minimizing the
difference between rendered results from submap coordi-
nates and global coordinates Lyefine (T}, ), (T2T}, T ;)
again running 10 iterations per keyframe. Anchor frames

are optimized, and Gaussians are aligned to the global map
by z; = T/x;. This two-stage refinement ensures view
consistency between submaps and the global map, enabling
the construction of a globally consistent representation.

IV. EXPERIMENT
A. Experiment Setup

1) Datasets and Baselines: Our experiments are con-
ducted on three datasets: eight sequences from the synthetic
Replica [17], six from real-world ScanNet [18], and three
from TUM [19]. We compare against 3DGS-based SLAM
methods Hier-SLAM [4], GS3SLAM [3], HI-SLAM?2 [16],
LoopSplat [8] and the NeRF-based SNI-SLAM [5]. Except
LoopSplat, all baselines are semantic-oriented, and only
LoopSplat and HI-SLAM?2 use loop closure.

2) Metrics: We employ PSNR, SSIM, and LPIPS to
evaluate the rendering quality of RGB images, and mloU
to assess 2D semantic segmentation performance. To mea-
sure tracking accuracy, we use ATE RMSE. All reported
results are averaged over five runs under identical experi-
mental settings. The tables highlight the best, second-best ,
third-best results.

3) Implementation Details: All experiments are con-
ducted on a desktop equipped with an RTX 3090 GPU (24GB
memory) and an Intel Core i9-11900K CPU. We use the
FAISS vector database to store feature vectors extracted by
DINOVv2, which enables efficient L2 distance retrieval and

12847



Hier-SLAM

GS3LAM HI-SLAM2

- —

0000

0059

0207

~ SNI-SLAM

P =

Fig. 5: Rendering and segmentation results on the ScanNet dataset.

TABLE 1. Average tracking and mapping results on 8 Replica
sequences. — indicates LoopSplat cannot perform semantic segmen-
tation.

Method Mapping Tracking
PSNR 1t SSIM 1 LPIPS| mloU (%]t | ATE RMSE [cm]]
Hier-SLAM 35.70 0.980 0.067 94.38 0.33
GS3SLAM 36.26 0.989 0.052 94.31 0.37
HI-SLAM2 38.71 0.970 0.030 89.35 0.26
LoopSplat 36.63 0.985 0.112 - 0.26
SNI-SLAM 29.43 0.921 0.237 86.05 0.45
Ours 39.94 0.970 0.030 95.81 0.24

returns the top-k vectors closest to the query vector. The
hyperparameters for the tracking and mapping losses are set
to A\c¢ = 1.0, A\p = 0.5, and A\g = 0.5. In the SSIM loss
Lsim, We set A = 0.8.

B. Experiment Results

1) Evaluation on Replica [17]: The average tracking
and mapping results on Replica are shown in Tab. I,
where we achieved the lowest ATE RMSE averaged over
8 sequences. For mapping, as illustrated in Fig. 4, our
method surpasses existing semantic SLAM approaches and
LoopSplat in PSNR, and achieves higher mloU than other

semantic SLAM systems. This improvement stems from our
designed Semantic-Guided Registration and Semantic-Aware
Loop Closure, which effectively correct accumulated pose
errors and enforce consistency on Gaussian kernels, thereby
enhancing both tracking—mapping performance and semantic
segmentation accuracy.

2) Evaluation on ScanNet [18]: In terms of tracking
accuracy, we achieved a significant advantage, as shown in
Tab. III. ScanNet is a real-world handheld dataset, where
sensor and image noise pose challenges for tracking, and
loop closures occur frequently, making effective loop detec-
tion essential. Other semantic SLAM methods lack dedicated
loop detection, which leads to accumulated errors. Although
LoopSplat incorporates loop detection, it only addresses
inter-submap loops and determines submaps merely by
thresholds on translational and rotational differences, which
is not sufficiently reasonable since it neglects geometric
correlations between submaps. This results in geometric
discontinuities among submaps and consequently degrades
mapping quality. In contrast, we establish submaps by con-
sidering both spatial and semantic distributions, and we cor-
rect loop closures both within and across submaps. This de-
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TABLE II: Rendering performance on ScanNet.

TABLE IV: The render results on the TUM dataset.

Methods 0000 0059 0106 0169 0181 0207

PSNRT 23.00 22.85 21.35 22.26 23.57 24.13
SSIMT 0. . .
LPIPS] 0.333 0.340 0.305
mloUt

ggllxlhlﬁ 22.86 23.02 20.96 22.37 25.85
LPIPS, 0.222 0277 0.213 0.205 0.189 0252 0.195
mloUT .

PSNR?T
SSIMT 0. L I s §
LPIPS] 0.228 0.280 0.230 0.210 0.100 0.250 0.300
mloUT R

PSNR?T
SSIMT 0. . . . . .
LPIPS| 0.435 0.410 0.480 0.380 0.357 0.510 0.473
mloUT

PSNRT 24.92 2499 23.23
SSIMT 0. . . .
LPIPS] 0.425 0.450 0.400 0.409 0.346 0.514 0.430
mloUT - - - - - - -

ggll\lhlﬁ 30.63 3104 30.21 30.34 30.89 30.43 30.88
LPIPS| 0225 0276 0245 0221
mloUT

Metrics Avg.

Hier-SLAM

GS3SLAM

HI-SLAM2

SNI-SLAM

LoopSplat

Ours

TABLE III: The ATE RMSE[cm]J results on ScanNet dataset.

Methods  Metrics Avg. f1/desk £2/xyz £3/office £1/desk2 £1/room
PSNRT 21.73  21.37 2241 20.79 21.38 22.69
Hier-SLAM SSIMT 0.859  0.847 0.886 0.871 0.838 0.851
1er LPIPS] 0.242 0253 0211 0.258 0.241 0.247
mloUT 82.84 82.59 85.37 82.38 81.57 82.31
PSNRT 23.17 23.22 23.59 2421 22.17 22.67
GS3SLAM SSIMT 0.860  0.851 0.890 0.852 0.843 0.862
LPIPS| 0.197 0.213 0.147 0.200 0.235 0.190
mloU7T 83.07 83.26 84.07 82.27 83.51 82.26
PSNRT 2622 25.62 28.83 26.71 24.25 25.68
HI-SLAM?2 SSIMT 0.859  0.845 0.900 0.860 0.837 0.852
LPIPS| 0.190 0.200 0.117 0.205 0.233 0.195
mloUT 82.82  82.00 84.58 82.25 83.00 82.25
PSNRt 18.13  17.21 18.56 20.21 16.41 18.25
SNLSLAM SSIMtT 0.711  0.674 0.751 0.689 0.710 0.730
LPIPS| 0.366  0.450 0.333 0.356 0.361 0.328
mloUT 79.98  80.06 81.53 78.21 79.31 80.81
PSNRt 2322 22.03 22.68 23.47 23.89 24.05
LoopSplat SSIMT 0.858  0.849 0.892 0.879 0.822 0.850
PSP LPIPS| 0.246  0.307 0.217 0.253 0.240 0.215

mloUT - - - - - -

PSNRT 27.48 26.81 30.30 26.59 26.85 26.86
Ours SSIMT 0.861 0.850 0.900 0.865 0.837 0.855
i LPIPS| 0.186 0.180 0.115 0.200 0.230 0.205
mloUtT 85.67 85.00 86.80 86.20 84.58 85.79

TABLE V: ATE RMSE[cm]|. results on TUM dataset.

Methods Avg. 0000 0059 0106 0169 0181 0207
Hier-SLAM 11.66 13.64 9.65 17.80 1153 10.04 7.32
GS3SLAM 858 741 725 832 1005 1123 721
HI-SLAM2 7.16 582 730 | 680 825 741 7.40
SNI-SLAM 791 690 738 7.19 1021 11.06 4.70
LoopSplat 773 620 7.10 740 10.60 850  6.60

Ours 686 540 693 682 8.05 731 6.62

sign enables us to achieve superior mapping performance, as
reported in Tab. II. In particular, for the long sequence 0000,
our approach demonstrates a greater advantage. Ultimately,
we realize a more accurate global map reconstruction, as
illustrated in Fig. 5.

3) Evaluation on TUM RGB-D [19]: The tracking and
mapping results on TUM are shown in Tabs. IV and V, re-
spectively. TUM is a real-world handheld recording dataset,
where motion blur frequently occurs and poses challenges to
accurate loop closure detection. Compared to the LoopSplat,
our ATE is improved by 15%, and PSNR is increased
by 18%. This is attributed to our integration of semantic
features and semantic landmarks for more robust loop closure
detection on the TUM dataset, along with Gaussian and pose
correction via SGR.

C. Ablation study

1) Submap Allocation Strategy: We combine spatial and
semantic information to determine whether to initialize a new
submap. As shown in Fig. 6, compared with the method that
triggers submap initialization once the motion or rotation
exceeds a predefined threshold, our approach effectively
prevents geometric discontinuities at submap boundaries,
resulting in artifact-free rendering.

2) Loop Closure: Tab. VII evaluates our loop closure
performance against LoopSplat and HI-SLAM?2, demonstrat-
ing that our introduced semantic landmarks enable more

Methods Avg. £f1/desk f£f2/xyz £3/office fl/desk2 fl/room
Hier-SLAM 4.53  3.05 1.21 431 5.87 8.21
GS3SLAM 425 272 1.61 4.06 5.61 7.25
HI-SLAM2 3.17 231 1.36 2.52 3.89 5.76
SNI-SLAM 4.35  2.56 1.12 2.27 435 11.46
LoopSplat  3.33  2.08 1.58 3.22 3.54 6.24
Ours 2.83 207 1.21 2.48 3.19 5.18

accurate and robust loop detection. For ground-truth loop
generation, we partition the frame into fixed-length intervals
of 10 frames. For any two intervals [i1,i2] and [j1,72],
define the admissible set P = {(4,7) | ¢ € [i1,i2], ] €
[41,72], li—34] > Atmin}. If the positional difference between
the two intervals satisfies max(; j)ep ||pft - p?tH < Tioop»
the interval pair is labeled as a ground-truth loop. A loop
detection is considered successful if the two frames forming
the loop belong to these intervals.

3) Submap Registration: For the ablation study of SGR
shown in Tab. VI, we compare our approach with the
LoopSplat registration module as well as directly applying
FPFH+ICP [20] on Gaussian centers in the Replica dataset,
including tracking accuracy and registration runtime. The
entire registration process is more efficient than the bidirec-
tional registration of LoopSplat. Moreover, it is demonstrated
that the combination of coarse estimation and fine optimiza-
tion improves tracking accuracy. Coarse estimation based
on semantic feature similarity helps avoid local minima,
while the fine optimization process incorporating rendering
and semantic feature errors further enhances registration
accuracy.

The quantitative results of the ablation study in Tab. VIII
show that our designed semantic submap strategy, SGR, and
the two-stage global adjustment collectively improve both
tracking and mapping performance.
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Fig. 6: Submap allocation ablation. The first row shows the
rendering results of the strategy that establishes new submaps when
motion or rotation exceeds a predefined threshold. The second
row presents the rendering results of the submap establishment
strategy that combines spatial overlap and semantic distribution,
which improves rendering quality and eliminates artifacts.

TABLE VI: Ablation Study on 3DGS Registration. The numbers
are computed based on average performance of 8 scenes on Replica.
Corse. Ini. denotes the initial coarse estimation, Fine. Opt. refers
to the fine optimization combining rendering and semantic features,
and LoopSplat represents the registration module used in LoopSplat.

Corse. Ini.  Fine. Opt. PSNRT ATE RMSE|  Runtime (s)
FPFH+ICP 35.71 0.390 13.3
LoopSplat 36.63 0.243 1.42

v X 36.60 0.268 0.62
X v 38.25 0.265 0.93
v v 39.94 0.240 1.03

V. CONCLUSIONS

In this paper, we propose GauSem-SLAM, which adopts
3DGS-based semantic submaps for scene representation. By
introducing a semantic submap allocation and initialization
strategy, we prevent geometric fragmentation of objects at
submap boundaries. Furthermore, we design a more robust
semantic loop closure detection and achieve correction on
poses and Gaussians through efficient Semantic-Guided Reg-
istration. Experimental results demonstrate that our approach
outperforms existing SLAM in both tracking and mapping. In
the future, we will integrate multi-agent systems and explore
applications in large-scale outdoor open environments.
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