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Abstract

High-resolution Earth Observation technologies present un-
precedented opportunities for geospatial analysis, yet tradi-
tional 2D aerial-view semantic segmentation remains limited
by its inability to model spatial relationships and handle ob-
ject occlusions. While 3D Aerial-view Segmentation (3DAS)
has emerged to address these limitations, existing methods
predominantly rely on 2D discriminative models pre-trained
on natural scenes. These models struggle to accurately rec-
ognize aerial-view imagery, resulting in suboptimal perfor-
mance due to significant domain discrepancies. This paper
introduces ID-Splat, a novel object-centric framework that di-
rectly leverages multi-view object identities without discrim-
inative information to enhance 3D semantic understanding.
ID-Splat implements a two-stage process: first, Mask-object
Tracking combines SAM and Point Tracking to establish ro-
bust and consistent object identities across multi-view aerial
images; second, Object Integration & Propagation assigns
these identities to 3D Gaussian Splatting (3DGS) points, en-
abling complete 3D segmentation through semantic propaga-
tion. Experimental results on the 3D-AS dataset demonstrate
that ID-Splat significantly outperforms existing methods, par-
ticularly under sparse supervision conditions. ID-Splat also
achieves state-of-the-art performance while reducing the need
for extensive labeled data by effectively leveraging the inher-
ent 3D structure.

Introduction
The advancement of high-resolution Earth Observation (EO)
technologies has revolutionized geospatial analysis, creating
both unprecedented opportunities and significant challenges
(Lu et al. 2025; Fang et al. 2024; Fassnacht et al. 2024; Ab-
delmajeed and Juszczak 2024). While traditional 2D aerial-
view semantic segmentation is widely used in various appli-
cations, its 2D representation limits its effectiveness. Specif-
ically, the inability to explicitly model spatial relationships,
such as object occlusions, leads to content ambiguities and
low practicality. To overcome this, researchers are increas-
ingly focusing on the 3D Aerial-view Segmentation (3DAS)
task, which directly performs semantic segmentation within
3D aerial-view scenes under limited labeled data. 3DAS pro-
vides benefits through its ability to analyze object structures
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and their surrounding environment (Cheng et al. 2024b; Fei
et al. 2024). This enables the disambiguation of occluded ob-
jects and the more accurate delineation of overlapping struc-
tures, thereby facilitating a more comprehensive understand-
ing of complex aerial-view environments.

While some progress has been made, the advancement of
3DAS remains in its initial phase. Recent efforts have pri-
marily explored 3D open-vocabulary segmentation methods
for natural scenes (Cen et al. 2025; Liu et al. 2023; Qin
et al. 2023; Ye et al. 2024) based on 3D Gaussian Splatting
(3DGS) (Kerbl et al. 2023). These methods first leverage
3DGS to reconstruct 3D scene geometry. Then, semantic un-
derstanding is enriched by integrating 2D pre-trained mod-
els’ knowledge within reconstructed 3DGS representations.
The 2D pre-trained models employed can be broadly cat-
egorized into two types: (1) discriminative models, such as
CLIP (Radford et al. 2021; Cherti et al. 2023), LSeg (Li et al.
2022), and DEVA (Cheng et al. 2023), which excel at se-
mantic classification and object recognition through learning
to distinguish between different categories or objects; and
(2) structure-aware models like SAM (Kirillov et al. 2023),
which prioritize pixel correspondences and mask boundary
delineation without necessarily understanding semantic cat-
egories.

However, directly adapting existing 3D open-vocabulary
segmentation methods to 3DAS task presents significant
challenges (Tang et al. 2025). These challenges primarily
arise from their reliance on 2D discriminative models, such
as CLIP and DEVA. These models are initially trained on
natural scenes so that the domain gaps between their prior
knowledge and aerial-view images are significant. Although
domain-specific pre-trained models like GeoRSCLIP (Fass-
nacht et al. 2024) attempt to bridge this gap, they often
struggle to maintain a robust understanding of viewpoint
and scale variations in multi-view aerial images, as shown in
Figure 1 (a). Fortunately, aerial-view images inherently pos-
sess distinct advantages: objects are static and exhibit pro-
nounced structural features. For instance, significant struc-
tural differences exist between objects like rooftops and ve-
hicles, enabling their clear distinction. Therefore, structure-
aware methods, such as SAM (Kirillov et al. 2023) and Point
Tracking (Harley et al. 2025), offer a promising avenue for
more robust semantic inference. SAM can generate accurate
initial object segmentation, while Point Tracking establishes
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(a) Semantic Information Generated by 
2D Discrimination Model 

(b) Semantic Information Generated by 
2D Structural-based Model 

Figure 1: Illustrates semantic information generated by different 2D models for aerial-view images. The discriminative
approach (a), utilizing GeoRSCLIP and SAM, struggles with accurate object segmentation results compared to the Ground
Truth. The structural approach (b) is our proposed Mask-object Tracking, which employs Point Tracking and SAM. It demon-
strates more robust segmentation and clearer object identities by effectively delineating individual objects with distinct colors.

pixel correspondences for both foreground objects and the
background across multi-view aerial images, with examples
of these correspondences visualized in the second row of
Figure 1 (b). Their integration promises consistent and ac-
curate multi-view object associations, providing efficient in-
formation for enhanced 3DAS performance.

Based on the above analysis, we introduce ID-Splat, an
object-centric framework for the 3DAS task. The core in-
novation of ID-Splat is that it directly leverages multi-view
object identities to perform object assignment and propa-
gate semantic understanding within the 3DGS representa-
tion, eliminating the need for external discriminative infor-
mation. This is achieved through a two-stage process. First,
Mask-object Tracking combines SAM and Point Tracking
to robustly establish unique and consistent object identi-
ties across multi-view aerial images, ensuring reliable ob-
ject correspondences between different views. Second, Ob-
ject Integration & Propagation leverages these established
identities to assign object identities to 3DGS points, thereby
achieving a coherent, semantically meaningful object-level
representation in 3DGS representation. This object-level
representation then acts as the semantic anchors, propagat-
ing labels and enabling complete object segmentation even
in areas where initial labeling is sparse.

Related Work
Taking advantage of advances in 3DGS, a significant amount
of recent work has explored its use for 3D segmentation.
These methods leverage 3DGS for 3D representation and
incorporate semantic understanding by distilling knowledge
from 2D discriminative or structure-aware models (Zhou
et al. 2023a; Kolides et al. 2023). However, while these
methods show promise, they have primarily focused on
open-vocabulary natural scene understanding (Qin et al.
2023; Gao et al. 2024) and often exhibit limited applicabil-

ity to the unique challenges of 3DAS. In this section, we
will first introduce existing 3DGS-based segmentation mod-
els, then review the 2D pre-trained models they commonly
employ, and finally, we will discuss the challenges they face
in the 3DAS task.

3DGS-based Segmentation Model: Early 3DGS-based
segmentation methods face challenges related to channel
inconsistency (Zhou et al. 2024) and high memory con-
sumption (Qin et al. 2023; Gao et al. 2024). To address
the issues of channel difference during feature distillation,
Feature-3DGS (Zhou et al. 2024) introduced a CNN into
3DGS to guarantee the distillation of arbitrary-dimension
semantic features. To mitigate the memory costs of directly
embedding high-dimensional semantic features for 3DGS’s
semantic understanding, LangSplat (Qin et al. 2023) con-
structed an autoencoder to encode CLIP-distilled semantic
features and further improved object boundary precision by
learning hierarchical semantics from SAM. MaskField (Gao
et al. 2024) eliminated the huge memory usage challenge
by distilling SAM’s segmented object shapes, which can
avoid complex regularization and achieve efficient training
speed. Furthermore, moving beyond pixel-level distillation,
OpenGaussian (Wu et al. 2024) improves 3D understand-
ing by training 3D-consistent instance features (guided by
SAM) and discretizing them with a two-stage codebook.
As the same, Gaussian Grouping (Ye et al. 2024) extended
3DGS to facilitate joint reconstruction and segmentation of
objects in open-world 3D scenes. This was accomplished
by augmenting each Gaussian with a compact identity en-
coding, enabling object instance grouping supervised by
2D SAM mask predictions and 3D spatial consistency. In-
stead of time-consuming iterative optimization as traditional
methods (Ye et al. 2024; Qin et al. 2023), Occam’s LGS ef-
ficiently reconstructs the semantic neural field by formulat-
ing 3DGS semantic feature assignment as a Maximum-a-
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Posteriori (MAP) estimation, thereby significantly reducing
computational cost compared to iterative optimization meth-
ods without sacrificing accuracy.
2D Pre-trained Models in 3DGS-based Segmentation:
This section introduces two types of 2D pre-trained models
commonly employed in 3DGS-based segmentation: (1) dis-
criminative models, which facilitate semantic understand-
ing; and (2) structure-aware models, which prioritize accu-
rate segmentation structure. Within the realm of discrimi-
native models (Bhat et al. 2019), CLIP models (Radford
et al. 2021; Cherti et al. 2023) have demonstrated a dom-
inant role in 3DGS-based segmentation, primarily due to
their robust capacity for analyzing image-text relationships.
DEVA further enhances semantic understanding across dif-
ferent viewpoints by enabling multi-view object tracking,
thereby ensuring representational consistency. On the other
hand, structure-aware models focus on refining segmenta-
tion structures. SAM (Kirillov et al. 2023) exemplifies this
category through its capacity to generate accurate segmen-
tation masks in a zero-shot fashion, a capability enabled by
its pre-training on a massive and diverse dataset (Lin et al.
2014; Gupta, Dollar, and Girshick 2019; Zhou et al. 2019;
Kuznetsova et al. 2020). Similarly, DINO (Oquab et al.
2023) facilitates self-supervised object discovery, which can
be leveraged to refine segmentation boundaries.
Discussion: As discussed in Figure 1, existing approaches
for 3DAS face primary limitations due to their reliance on
discriminative models. These models are trained on nat-
ural scenes, so they struggle to generalize to the unique
characteristics of aerial-view images. In contrast, structure-
aware models offer a potential advantage because they focus
on structural information. This information is more stable
across different viewpoints in aerial-view scenes. Therefore,
structure-aware approaches can provide multi-view consis-
tent object guidance, which is crucial for improving segmen-
tation accuracy and robustness in the 3DAS task.

Methodology
Given a dataset of M multi-view aerial images {Ii}Mi=1 (Ii ∈
RC×H×W ) and a sparse set of segmentation labels {Lj}Nj=1

(Lj ∈ {0, 1}D×H×W , N ≪ M ), where H , C and W are
the image color channels, height and width, while D denote
the number of semantic classes. ID-Splat aims to construct
an accurate 3D semantic field S , as illustrated in Figure 2. It
upon Occam’s LGS (Cheng et al. 2024a), which uses 3DGS
to reconstruct scene geometry and incorporates view-based
semantic feature assignment for embedding semantic under-
standing. However, Occam’s LGS relies on 2D discrimina-
tive priors, limiting its direct applicability to the 3DAS task.
To overcome this, ID-Splat employs a two-stage process
for enhanced 3DAS performance. First, Mask-object Track-
ing leverages structure-aware models to establish robust and
consistent object identities across the multi-view aerial im-
ages. This provides crucial multi-view consistent object as-
sociation information essential for subsequent 3D semantic
field reconstruction. Second, Object Integration & Propa-
gation leverages these established object identities to assign
corresponding identities to the 3DGS points, thereby prop-

agating semantic understanding. We will first briefly review
Occam’s LGS, then detail these two stages.

Preliminaries
Based on reconstructed 3DGS, Occam’s LGS presents an
efficient approach for 3D scene understanding. During the
semantic feature assignment stage, it begins by projecting
2D pixel-space language features back to 3D space. This
projection utilizes alpha blending weights and incorporates
recorded 2D semantic features, followed by a weighted av-
erage calculation to determine the final semantic features of
the 3DGS points. Here, 2D semantic features are obtained
by CLIP and SAM as LangSplat (Qin et al. 2023). The key
formula for feature aggregation in Occam’s LGS is:

fi =

∑
s∈Si

ws
i f

s
i∑

s∈Si
ws

i

, (1)

where fi is the feature of the 3DGS points i, Si is the set
of views where 3DGS points i is visible, ws

i are the alpha
blending weights indicating the contribution of 3DGS points
i in view s, and fsi are the 2D semantic features observed at
3DGS points i’s center projection in view s.

Mask-object Tracking
As discussed in Fig. 1, establishing multi-view consistent
object correspondences using 2D structure-aware models
is crucial for accurate 3DAS. While SAM effectively gen-
erates object proposals and Point Tracking densely tracks
pixel correspondences, neither alone directly benefits 3DAS.
SAM’s single-view operation limits its ability to perceive
objects across multiple views, and Point Tracking focuses on
pixel changes without capturing object edges or structures.
Therefore, effectively combining SAM and Point Tracking
to overcome these limitations for the 3DAS task is a signifi-
cant challenge.

To achieve multi-view consistent object IDs, we propose
Mask-object Tracking, a prior information extraction stage
combining SAM and Point Tracking. First, Point Track-
ing establishes pixel correspondences between a reference
aerial-view image Ir and other images Ii; let cr→i(x, y)
be the corresponding coordinates in Ii for pixel (x, y) in
Ir. Next, SAM generates initial object proposals Si =
{mi,k}Ki

k=1 for each image Ii, where mi,k is the k-th object
proposals with ID k. We then warp masks from Ir to each
Ii. For each object proposals mr,k in Ir, we create a warped
mask mr,k→i in Ii. If a pixel (x′, y′) in Ii corresponds to
pixel (x, y) in Ir, the object ID at (x′, y′) in mr→i,k is set to
k; otherwise, it’s without any mask object information. Fi-
nally, we refine initial SAM object proposals in each Ii us-
ing warped masks, considering only reliably tracked regions
(have the corresponding depends in cr→i(x, y)). If warped
mask mr,k→i has the largest overlap with object proposals
mi,l in Si, SAM’s object proposal is replaced by mi,l with
k, propagating the object identities and enforcing cross-view
consistency. This process effectively combines the compre-
hensive object proposals from SAM with the dense pixel
correspondences from Point Tracking, resulting in more ac-
curate multi-view consistent object IDs.
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Figure 2: Overview of the ID-Splat framework. The framework consists of two main stages: Mask-object Tracking (left) and
Object Integration & Propagation (right). The Mask-object Tracking stage utilizes pixel correspondences and object proposals to
establish consistent object IDs across multiple views, with Edge Object Propagation Strategy (EOPS) enhancing edge object ID
propagation. The Object Integration & Propagation stage first reconstructs geometry using 3DGS and Occam’s LGS, performs
object integration by assigning semantic information to 3DGS points, and employs a multi-reference semantic propagation
strategy (MSPS) to ensure complete semantic coverage.

Considering the limitations of Point Tracking in estab-
lishing correspondences for pixels or objects partially ab-
sent in the reference aerial-view image (due to occlusion
or out-of-frame scenarios), we also introduce an Edge Ob-
ject Propagation Strategy (EOPS) to enhance the perfor-
mance of Mask-object Tracking. Even if the mask mi,l in
the target image Ii only partially overlaps with correspond-
ing coordinates and the warped mask mr,k→i, we still re-
place its object ID with k from mr,k. In this way, EOPS
intelligently propagates object IDs based on partial overlap
between warped and SAM-generated masks, enabling ro-
bust tracking even when complete pixel correspondences are
unavailable. EOPS allows us to leverage partial correspon-
dences, enabling object ID propagation even in challenging
scenarios where full correspondences are not available.

Object Integration & Propagation
When reliable multi-view consistent object identities are es-
tablished, the next critical step is to achieve comprehensive
3D aerial scene understanding. Using segmentation labels
{Lj}Nj=1, we can initially embed initial 3D understanding
via Occam’s LGS as ST . However, these labeled views are
limited, i.e., (N ≪ M ). Occam’s LGS can only associate
the semantic understanding with limited 3DGS points cor-
responding to labeled views. To overcome this, the multi-
view object identities play an important role in enhancing
3D aerial-view scene understanding.

A straightforward manner to propagate segmentation la-
bels across multi-view aerial images involves assigning
unique IDs to objects in the reference view and associ-

ating these IDs with their corresponding segmentation la-
bels. These object ID-label pairs are then transferred to cor-
responding objects in other views based on Mask-object
Tracking, enabling consistent segmentation across the scene.
However, this method doesn’t understand the 3D world. It’s
like pasting stickers onto photos – it ignores the fact that the
objects are actually arranged in 3D space and that some ob-
jects might be hidden behind others or look different from
different angles. To overcome the limitations of propagating
2D information, we introduce a novel approach operating di-
rectly in 3DGS space. Instead of simply “pasting” labels, we
leverage multi-view consistent object IDs to link 2D obser-
vations to 3DGS points, effectively “tagging” the 3D scene.
Object-labeled 3DGS points are then used to extract features
and generate pseudo-labels for unlabeled views.

Specifically, object IDs are assigned from our labeled
views to their corresponding 3DGS points. This creates a
3D object world where each 3DGS point is associated with
object IDs. Then, to extend semantic awareness to unla-
beled views, we employ feature extraction to extend se-
mantic awareness to unlabeled views. This process identifies
3DGS points associated with known object IDs, generating
pseudo-labels accordingly:

p =
∑
i∈O

αi · fi, (2)

where p is the resulting pseudo-logit, O represents the set of
3DGS points within the unlabeled view that share the same
object ID, and αi are normalized weights inversely related
to the prediction entropy H. This strategy allows us to lever-
age semantic knowledge from the labeled views to inform
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the feature representation of objects in the unlabeled views.
Furthermore, it can also effectively transfer semantic under-
standing across the entire scene. By weighting the contribu-
tion of each 3DGS point according to the object’s entropy,
we prioritize high-confidence label assignments. Therefore,
the more accurate and robust the pseudo-labels, the more
comprehensive the resultant 3D scene understanding. With
this, pseudo 3D understanding fields are generated for all un-
labeled views’ 3DGS as SP . Finally, the 3D understanding
field is represented as SE = ST + 0.1× SP .

Even with the expansion of object regions achieved
through object ID propagation in Mask-object Tracking,
some 3DGS points may still lack semantic features (as
shown in Figure 2). This stems from the fundamental prob-
lem of objects being entirely absent from the initial ref-
erence aerial view, preventing their corresponding 3DGS
points from being associated with any semantic label. To
ensure comprehensive object ID propagation and complete
semantic information transfer to all points in the scene repre-
sentation, we propose a Multi-reference Semantic Propaga-
tion Strategy (MSPS). First, we construct a global semantic
field, denoted as SG . Then, we apply Mask-object Track-
ing using multiple reference frames, R = {r}R×C×H×W ,
to generate distinct sets of object IDs. For each reference
frame r, object assignment is performed independently on
all unlabeled views for SG , associating each 3DGS point
i with object ID oi,r. Following this, we aggregate object-
specific features for each 3DGS point with object ID oi,r in
SG through a weighted summation (details in Equation 2),
resulting in an aggregated feature fi,r. This aggregated fea-
ture is then one-hot encoded and serves as a semantic anchor
representing the object ID as foi,r. However, for some 3DGS
points belonging to a particular object ID, no semantic label
is present in SE . In such cases, we assign the aggregated
feature foi,r to these previously unlabeled 3DGS points in
SG . Finally, after processing all reference frames, an argmax
operation is performed on SG , followed by one-hot encod-
ing as SG

′

. The resulting one-hot encoded label is then as-
signed to any previously unlabeled 3DGS points, ensuring
complete and consistent semantic coverage of the entire 3D
scene: S = SE +SG

′

. In this way, MSPS bridges the 2D-3D
gap by leveraging multi-view object IDs to inject 2D knowl-
edge directly into the 3DGS representation, enabling more
accurate and robust 3D aerial scene understanding.

Experiments
Due to space constraints, this section presents a selec-
tion of core experiments. Further analysis, comparisons,
and visualizations are detailed in the supplementary ma-
terial. The code and supplementary material can be found
at https://github.com/TangXu-Group/3D-AS/tree/main/ID-
Splat.

Experimental Settings
Evaluation Dataset and Metrics: We assessed the perfor-
mance of our method using the multi-view aerial 3D seg-
mentation dataset, 3D-AS (Tang et al. 2025), which encom-
passes three distinct scene categories: City (characterized by

dense buildings, occluded roads, and significant scale varia-
tions), Country (featuring open ground, sparsely distributed
buildings, and small vehicles ), and Port (including ships, in-
dustrial buildings, and reflective water).M = 70 images and
N = 3 views’ ground truth annotations. The images have an
approximate resolution of 1600 × 900 pixels, correspond-
ing to a pixel resolution of approximately 0.3-0.5 meters.
Ground truth annotations consist of pixel-level segmentation
labels D for six or eight semantic classes. For evaluation, we
used the 2× down-sampled images with indices 14, 21, 35,
42, 49, 56, and 63. Images with indices 0, 7, and 28 were
reserved for training. We assessed performance using mean
Intersection over Union (mIoU) and mean Accuracy (mAcc)
(Liu et al. 2023).
Implementation Details: ID-Splat is based on Occam’s
LGS (Cheng et al. 2024a) without the prune operation.
For Mask-object Tracking, we used the “Default” scale set-
ting for SAM (Kirillov et al. 2023; Qin et al. 2023), and
point tracking was performed using AllTracker (Harley et al.
2025). To reduce computational demands, images were pro-
cessed at half the original resolution (approximately 800 ×
450 pixels). The reference frame for Mask-object Tracking
was selected from 10 of the available images. The maximum
object ID number in ID-Splat was set to 700. All results are
averaged over three runs. All experiments were conducted
using NVIDIA GeForce RTX 3090 GPUs (24 GB memory)
with the PyTorch framework.

Comparison Experiments
To evaluate ID-Splat’s effectiveness, we compared it to
state-of-the-art methods in three categories as shown in Ta-
ble 1: 2D open-vocabulary segmentation (LSeg (Li et al.
2022), MaskCLIP (Fu et al. 2024)), 3D open-vocabulary
segmentation (LERF (Kerr et al. 2023), LangSplat (Qin
et al. 2023), Feature 3DGS (Zhou et al. 2023b)), and 3DGS-
based segmentation (Semantic 3DGS, Gaussian Grouping
(Ye et al. 2024)). Detailed experimental settings for these
comparisons are provided in the supplementary material.
Observing the results reveals that while all methods demon-
strate reasonable performance on the 3D-AS dataset, ID-
Splat achieves the highest mean mIoU and mAcc. This su-
perior performance directly validates the key contributions
of ID-Splat: effectively leveraging multi-view object iden-
tities within a 3DGS representation to overcome the limi-
tations of 2D discriminative priors and directly integrating
structural awareness into the segmentation process. Specif-
ically, the significant gains in mIoU demonstrate ID-Splat’s
ability to more accurately delineate object boundaries and
segment challenging objects within complex aerial scenes,
highlighting the benefits of its Mask-object Tracking and
Object Integration & Propagation modules. Furthermore, the
high mAcc indicates the effectiveness of ID-Splat in cor-
rectly classifying pixels within the 3D scene, showcasing
its robust semantic understanding capabilities. These find-
ings confirm that ID-Splat provides a more accurate and ro-
bust solution for 3DAS compared to existing state-of-the-art
methods.

Furthermore, we provide visualization results in Figure 3,
which showcases ID-Splat’s superior performance in accu-
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Method City Country Port
Scene 0 Scene 1 Scene 2 Scene 0 Scene 1 Scene 2 Scene 0 Scene 1 Scene 2

mIoU mAcc mIoU mAcc mIoU mAcc mIoU mAcc mIoU mAcc mIoU mAcc mIoU mAcc mIoU mAcc mIoU mAcc

LSeg 37.5 67.0 41.1 74.9 44.5 73.2 22.5 31.4 25.4 27.2 17.6 21.5 45.2 77.0 28.2 55.8 24.0 62.0
MaskCLIP 33.1 49.5 28.8 44.9 37.8 55.0 23.8 33.6 30.2 52.0 21.5 41.6 46.9 76.0 35.6 63.4 31.8 67.2

LERF 11.7 34.5 7.2 23.3 7.5 23.8 5.5 20.2 4.0 16.3 4.1 17.6 4.5 14.7 7.6 26.5 4.6 17.7
LangSplat 11.2 26.6 8.3 20.3 1.7 4.1 5.4 12.7 3.0 11.6 2.3 9.2 5.3 10.3 4.1 9.2 2.7 5.9
Feature 3DGS 10.6 28.6 31.5 54.7 35.0 64.6 27.3 45.9 40.1 64.5 31.0 71.2 41.4 70.2 27.4 49.4 26.9 58.3

Semantic 3DGS 64.2 82.8 66.4 84.6 59.3 79.0 53.5 85.2 70.3 94.6 57.6 92.4 67.5 90.6 63.8 87.9 50.6 90.2
Gaussian Grouping 42.9 69.7 19.4 46.2 23.1 47.4 40.6 81.5 50.0 88.5 39.2 86.2 55.3 85.5 36.6 65.3 27.9 68.2

ID-Splat (Ours) 68.9 85.6 67.6 86.1 63.6 80.7 66.9 91.8 71.9 95.7 68.0 94.6 75.2 93.0 67.7 90.2 51.9 91.4

Table 1: Quantitative comparison with state-of-the-art methods across different scene types. We report mIoU and mAcc in
percentages (%). The highest scores are highlighted in bold.

RGB MaskCLIP LERF LangSplat Feature 3DGS Semantic 
Gaussian

Gaussian 
Grouping Ours GTLseg

C
ity

C
ity

Building Grass Ground Road Tree Vehicle

C
ity

Building Grass Ground Road Tree Vehicle

Agriculture Building Grass Ground Road Tree Vehicle

C
ountry

Agriculture Building Grass Ground Road Tree Vehicle

C
ountry

Port
Port

Building WaterVehicleTreeShipRoadGroundGrass

Port

Building WaterVehicleTreeShipRoadGroundGrass

Figure 3: Visualization comparison of semantic segmentation results on aerial imagery. From left to right: RGB input, results
from baseline methods, our ID-Splat, and GT. The rows show results for different scene types: City, Port, and Country. ID-Splat
demonstrates improved segmentation accuracy, particularly in complex scenes and for delineating object boundaries.

rately segmenting aerial scenes. Notably, ID-Splat enhances
boundary delineation, reducing both over-segmentation
and misclassifications compared to the baseline methods.
Specifically, in the “City” scene, ID-Splat maintains clearer
distinctions between buildings and roads. In the “Port”
scene, it correctly identifies ship classes, a capability often
lacking in other methods such as Lseg, MaskCLIP, and Fea-
ture 3DGS. Additionally, within the “Country” scene, ID-
Splat achieves a more balanced classification of agriculture,
buildings, and grass, overcoming the prevalent poor segmen-
tation of agricultural land observed in many baseline meth-
ods. This improved visual fidelity results from ID-Splat’s
object-centric design and multi-view consistency, leading to
more robust and precise semantic understanding.

Ablation Study
Contributions of Core Components: To assess the individ-
ual contributions of ID-Splat’s components, we performed
a comprehensive ablation study. ID-Splat consists of two
main stages: Mask-object Tracking and Object Integration
& Propagation. Mask-object Tracking fuses SAM’s object
proposal generation with Point Tracking’s pixel-level cor-
respondences to establish initial object IDs. EOPS then re-
fines these object IDs by leveraging partial correspondences,

particularly for subtle or boundary-adjacent objects, thereby
improving object ID information. Finally, Object Integra-
tion & Propagation leverages these refined object identities
to enrich the 3DGS representation with contextual infor-
mation. Within this stage, MSPS is also introduced to en-
sure complete and consistent semantic coverage of the en-
tire 3D scene. To investigate their functions, we construct
the following networks with results summarized in Table 2,
as measured by mean mIoU and mAcc:

• Net-1: Basis Model + GT supervision;
• Net-2: Basis Model + GT supervision + Object Inte-

gration & Propagation guided by Mask-object Tracking
(without EOPS and MSPS);

• Net-3: Basis Model + GT supervision + Object Inte-
gration & Propagation guided by Mask-object Tracking
(without MSPS);

• Net-4: Basis Model + GT supervision + Object Integra-
tion & Propagation guided by Mask-object Tracking ;

Here, “Basis Model” is Occam’s LGS, and the “GT su-
pervision” denotes supervision by 3-view segmentation la-
bels. The baseline configuration Net-1 achieved an mIoU
of 65.1% and an mAcc of 88.8%, providing a foundation
for comparison. Adding Object Integration & Propagation
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Network mIoU (%) mAcc (%)
Net-1 65.1 88.8
Net-2 66.1 89.4
Net-3 66.6 89.8
Net-4 66.8 89.9

Table 2: Overall performance of different network configu-
rations. The best results are shown in bold.

Network mIoU (%) mAcc (%)

Net-1 † 52.4 80.8
Net-2 † 57.6 84.8
Net-3 † 57.8 85.2
Net-4 † 58.4 85.6
† Based on Sparse GT.

Table 3: Overall performance of different network configu-
rations with sparse (single-view) GT supervision. The best
results are shown in bold.

guided by Mask-object Tracking in Net-2, without EOPS
and MSPS, resulted in a slight improvement to 66.1% mIoU
and 89.4% mAcc, suggesting the benefit of establishing ini-
tial object correspondences. The inclusion of EOPS in Net-
3 further increased performance to 66.6% mIoU and 89.8%
mAcc, highlighting the importance of refining object corre-
spondences, especially for subtle or boundary-adjacent ob-
jects. Our full ID-Splat model, Net-4, incorporating all com-
ponents, achieved the best results (66.8% mIoU and 89.9%
mAcc), demonstrating that MSPS contributes to overall se-
mantic coverage by leveraging multi-view information to
ensure that the entire 3D scene is semantically labeled.
These results indicate that each component contributes to
the overall performance.
Contributions of Core Components under Sparse Ground
Truth: To assess the effectiveness of ID-Splat under more
realistic, limited supervision scenarios, we conducted an ab-
lation study with sparse GT, using only a single-view seg-
mentation label. Table 3 summarizes the performance of the
different network configurations under this sparse GT set-
ting, as measured by mean mIoU and mAcc. The results
reveal a more pronounced benefit from our proposed com-
ponents under sparse supervision compared to the 3-view
supervised setting. While the absolute performance is lower
due to the limited information, the relative gains achieved
by ID-Splat are significantly higher. This demonstrates that
our method effectively compensates for the lack of labels,
improving semantic understanding by a larger margin than
in the 3-view supervised case. For instance, the absolute
gain of Net-4 over Net-1 is 6.0% mIoU scores compared to
the 3-view supervised performance improvement over Net-1
(1.7%), highlighting ID-Splat’s strength in leveraging lim-
ited information. This improved performance under sparse
supervision underscores the potential for ID-Splat to reduce
the need for laborious annotation in real-world 3D scene un-
derstanding applications.

Network mIoU (%) mAcc (%)
Default 66.8 89.9
Small 66.8 89.6
Medium 66.6 89.8
Large 66.5 89.8

Table 4: Impact of different SAM scales on 3DAS Perfor-
mance. Best results are highlighted in bold.

Impact of Different SAM Scale on Performance: We also
conducted an ablation study to evaluate the impact of the
SAM scale on the overall performance of our ID-Splat
framework. We varied the SAM scale, using “Default”,
“Small”, “Medium,” and “Large” settings, while keeping
all other parameters constant. The results, presented in Ta-
ble 4, demonstrate the influence of the SAM scale on the
mean mIoU and mAcc of the 3D-AS dataset. As observed
in Table 4, the “Default” SAM scale achieves the best mean
mIoU (66.8%) and mAcc (89.9%) compared to other scales.
A smaller scale (“Small”) demonstrates a slightly lower
mAcc, potentially indicating difficulty in accurately captur-
ing object boundaries or merging adjacent object fragments.
Conversely, larger scales (“Medium” and “Large”) also per-
form worse. The degraded performance with “Medium” and
“Large” scales suggests an over-segmentation issue. In par-
ticular, the “Large” scale shows the lowest result, likely due
to over-segmentation. This is indicated by a higher rate of
false positives and difficulty with proper object assignment.
Since the ID-Splat method relies on 2D-3D label propaga-
tion via ID assignment, errors in object identification have a
certain impact on the final result.

Conclusion

ID-Splat presents a novel approach to the 3DAS task by di-
rectly leveraging multi-view object identities within a 3DGS
representation. The Mask-object Tracking effectively fuses
SAM and Point Tracking to establish consistent object cor-
respondences, mitigating the challenges associated with re-
lying on 2D discriminative priors prone to domain shift is-
sues. Object Integration & Propagation effectively translates
these 2D object identities into the 3DGS space, propagating
semantic understanding and enabling a more complete and
consistent representation of the scene. Extensive experimen-
tal validation on the 3D-AS dataset demonstrates that ID-
Splat outperforms existing methods, achieving a significant
improvement in mIoU and mAcc. The performance gains
are particularly pronounced under sparse supervision, indi-
cating that ID-Splat can reduce the reliance on large labeled
datasets. Importantly, our ablation studies highlight the con-
tribution of each component of ID-Splat. This research paves
the way for more robust and efficient 3DAS solutions, en-
abling accurate geospatial analysis with limited labeled data.
Future work includes extending ID-Splat to handle dynamic
aerial-view scenes and exploring self-supervised learning
techniques to further reduce the need for labeled data.
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