VAD-GS: Visibility-Aware Densification for 3D Gaussian Splatting
in Dynamic Urban Scenes

Supplementary Material

1. Multi-Camera Cross-Frame Views

As shown in Fig. 1, the outward-facing multi-camera views
have limited overlaps. Prior methods such as [4] typically
treat all views indiscriminately during Gaussian training, re-
gardless of their spatial or temporal differences. Nonethe-
less, structural complexity varies significantly across re-
gions, necessitating a selective reconstruction strategy that
prioritizes critical objects over trivial or redundant struc-
tures. Object-centric reconstruction strategies generally as-
sume sufficient overlap among views within a bounded
range and minimal interference from unrelated perspec-
tives. However, this assumption breaks down in dynamic,
unbounded urban scenes. The failure case illustrated in Fig.
1 suggests that observations from the same camera fail to
continuously capture a moving target vehicle.

1.1. Visibility Reasoning

Visibility determination, also known as hidden surface re-
moval (HSR) or occlusion culling (OC), which identifies
visible surfaces from a given viewpoint, has long been a
central topic in computer graphics [2]. Among numerous
HSR algorithms, z-buffering is usually the choice due to its
simplicity and efficient hardware implementation. In con-
trast, Gaussian splatting renders pixels by alpha-blending
all primitives along each viewing ray rather than explicitly
enforcing occlusion. As points cannot occlude one another,
no primitive is truly hidden, as illustrated in Fig. 2 in the
supplement. With sufficient viewing directions, primitives
on visible surfaces may eventually become opaque, which
implicitly recovers occlusion. However, when initialization
is incomplete and views are limited, ambiguity arises: ob-
served appearance is simply mapped onto whichever primi-
tives are projected to the image plane, regardless of whether
the corresponding surface exists. Since incomplete geom-
ctry would inevitably mislead optimization, densification
strategies have to take visibility reasoning into consider-
ation to assess surface completeness before applying fur-
ther updates. Most existing Gaussian splatting methods
take COLMAP [5] point clouds directly as Gaussian cen-
ters and overlook their associated visibility information. Yet
COLMAP inherently encodes rich visibility cues. Specifi-
cally, the “TRACK” table records the source views in which
each 3D point is observed and successfully triangulated.
This allows us to exploit the following two real-world vis-
ibility observations in a more effective way: (1) Each 3D
point lies on the first surface intersected by the pixel rays
from all source views, implying that the line of sight be-

Figure 1. An illustration of multi-camera, cross-frame views.
For both static and dynamic objects, informative observation views
are typically captured by different cameras at different timestamps.
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Figure 2. Is the rabbit facing forward or backward? (a) Points
do not occlude one another, introducing appearance and geome-
try ambiguity. (b) Incomplete initialization may force the model
to map front-side appearance onto back-side primitives, which are
then incorrectly optimized and become distorted. (c) Identifying
and completing missing structures requires densification with ex-
plicit visibility reasoning.

tween the object and each viewpoint is occlusion-free. (2)
The local structure surrounding each 3D point is visible
in its associated source views, thereby providing reliable
supporting-view candidates for object reconstruction.

1.2. View Selection

The diversity score s introduced in the main paper quantifies
the geometric dissimilarity between a pair of views. How-
ever, selecting an informative subset of supporting views
for reconstruction requires more than simply maximizing
diversity between view pairs, ensuring that the subset is col-
lectively informative and non-redundant. Moreover, as the
same reference object may appear repeatedly during train-
ing, a deterministic sclection based solely on diversity may
lead to overfitting or limited generalization. To address this



issue, we propose o sample views via:
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where V. denotes the full set of all candidate views, V; rep-
resents the selected subset containing & supporting views,
s;r denotes the diversity score between each pair of can-
didate view and the reference view, s;; represent the diver-
sity score among views within the subset, and e represents a
noise term introduced to encourage sampling diversity. This
randomized selection strategy ensures relevance to the ref-
erence view while avoiding deterministic bias, resulting in
a diverse yet non-redundant subset of supporting views.

2. Additional Experiments

2.1. Experimental Details

While many 3DGS methods adopt similar train/test split-
ting strategies, the specific details on these splits remain
ambiguous for urban driving scenes. For example, state-
ments such as “randomly select every n-th image of dif-
ferent cameras”can be interpreted in multiple ways: either
as discarding specific frames with all associated camera
views, or as selectively omitting individual views while re-
taining the full sequence of frames. Moreover, such ran-
dom sampling schemes are misaligned with the practical
goal of novel view synthesis, which aims to render inter-
mediate views between consecutive video frames captured
by multi-camera systems mounted on a moving vehicle.

While both strategies remove the same number of views,
randomly selecting individual test views results in more uni-
form frustum coverage and visually cleaner outputs. How-
ever, this approach exploits temporal redundancy and over-
looks the realistic constraint that multi-camera views are
typically available or missing as a complete observation. In
contrast, removing all views at specific timestamps signifi-
cantly reduces scene coverage and degrades visual quality,
particularly when the vehicle is moving rapidly. Despite be-
ing more challenging, this setting better reflects real-world
deployment constraints and more effectively evaluates the
model’s generalizability.

Specifically, we select every fourth frame along with all
associated camera views to construct the test set. As a
result, spatial observations are entirely unavailable for ap-
proximately 25% of the ego vehicle poses. This setting
poses significant challenges for models that rely on multi-
view consistency or temporal cues, and serves as a rigorous
benchmark for evaluating reconstruction robustness under
sparse observational conditions.

2.2. Additional Qualitative Comparisons

In this supplement, we provide additional comparative re-
sults against recent methods on large-scale driving scenes.
Due to the page limitation, qualitative results on the Waymo
Open dataset [6] are provided in Fig. 3. For fair compari-
son, we adopt the validation configuration of StreetGaus-
sians [8] and use only a single forward-facing camera. This
setup simplifies view-dependent appearance and geometry
consistency constraints, as the forward-facing view under-
goes relatively minor temporal changes. However, it inher-
ently limits the acquisition of novel information and sig-
nificantly reduces overall scene coverage. These minimal
inter-frame variations result in highly similar and redundant
observations, which can provide limited geometric diversity
for triangulation or multi-view spatial-consistency reason-
ing, thus failing to fully unleash the potential of visibility-
aware densification for complete geometry reconstruction.
Consequently, high-fidelity rendering quality may not in-
dicate accurate scene geometry recovery, but rather reflect
overfitting to specific image observations.

To further demonstrate the high quality of our scene re-
construction, we present an additional example in Fig. 4.
This comparison is performed by adopting a multi-camera
configuration that utilizes cameras 0, 1, and 2 from the
Waymo Open dataset. Although all methods achieve com-
parable rendering quality, the underlying geometry differs
significantly. The traffic sign, highlighted by yellow circles,
lies outside the LiDAR scanning range and is only partially
visible from a limited number of viewpoints. In OmniRe
[1], the sign is reconstructed as a set of scattered and un-
structured Gaussians, indicating overfitting to appearance
cues in the absence of reliable geometric constraints. As
for StreetGaussians, the sign appears fragmented and dis-
continuous, with Gaussians erroneously updated to posi-
tions between the sign and the background trees. These
artifacts stem from missing Gaussians caused by incom-
plete initialization, which in turn lead to erroneous gradient
propagation toward trees that should be occluded. The mis-
directed gradients distort the initial Gaussians representing
the leaves, altering their color, position, and shape, and un-
naturally pull them toward the sign, ultimately resulting in
fragmented and misaligned geometry.

Benefiting from visibility reasoning, view selection,
and MVS-based reconstruction, VAD-GS densifies Gaus-
sians beyond conventional photometric-based splitting and
cloning strategies, greatly alleviating issues related to in-
complete or distorted geometry. Notably, VAD-GS accu-
rately recovers the planar structure of the traffic sign, with
only minor artifacts at the top border due to limited obser-
vations. Additionally, the road surface, highlighted by the
white box, demonstrates a more geometrically consistent re-
construction compared to other approaches.
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Figure 3. Additional qualitative results on the Waymo Open dataset. Due to the single-camera configuration, test views captured by the
forward-facing camera exhibit substantial overlap with the training views. While all methods achieve high-fidelity rendering results under
this setting, such performance may not reliably indicate the quality of the underlying geometry.

2.3. Additional Ablation Studies

In this supplementary material, we also present additional
qualitative ablation study results, including rendered RGB
images, depth maps, and normal maps, to further demon-
strate the effectiveness of each module in VAD-GS. As
shown in Fig. 6, the sparse point clouds provide limited sur-
face coverage. Fach LiDAR scan line in the ground-truth
point typically contributes only two or three points to thin
structures such as tree trunks or utility poles. Additionally,
due to the limited scanning angle and sparse sampling in-

tervals, the resulting point cloud distribution exhibits sub-
stantial gaps and covers only a narrow field of view. These
limitations pose significant challenges for capturing com-
plete geometry, particularly for large and distant surfaces
such as buildings and walls.

Furthermore, we select several challenging test views to
more clearly demonstrate the contribution of each compo-
nent. A common issue during densification is the emer-
gence of floaters, where Gaussians become misaligned with
the actual scene geometry. While most floaters are of-
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Figure 4. Qualitative comparison between VAD-GS and other SoTA methods on the Waymo Open dataset when a multi-camera
configuration is used.

(b) Reconstruction Results by OmniRe / StreetGS / VAD-GS (Ours)

Figure 5. Qualitative comparison of reconstructed scene geometry. Revisiting the Waymo traffic sign example given in the paper, the
LiDAR and SfM points are not only noisy but missing, with only a few points available within the red dashed area. In this extremely
challenging case, the exact contribution of our densification lies in recovering points in the box.
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Figure 6. Additional qualitative ablation study results on the nuScenes dataset. The rendered RGB images, depth maps, and normal
maps are visualized in (a), (b), and (c), respectively.



ten naturally pruned or corrected when they appear in re-
gions well-covered by training views, they tend to persist in
sparsely observed areas. In selected test views where these
floaters are prominent, our geometric loss effectively penal-
izes them, encouraging alignment with the correct under-
lying surfaces. This process significantly improves the fi-
nal surface quality and substantially reduces visual artifacts.
Moreover, objects that are only transiently visible, such as
moving vehicles or structures primarily observed from side
views, often suffer from sparse observations. Our view
selection and MV S-based reconstruction modules improve
the instance-level fidelity in these challenging regions, in-
cluding dynamic vehicles, small trees, and complex land-
marks such as the bottle-shaped building.

3. Failure Cases and Limitations

Despite achieving high-fidelity performance, VAD-GS still
exhibits several known limitations. The primary challenge
lies in its inability to effectively handle deformable objects,
such as pedestrians. Given that our objective is to recover
geometry in complex urban scenes, the presence of walk-
ing pedestrians is inevitable. Nonetheless, these non-rigid
objects violate the rigidity assumption required by MVS-
based reconstruction. Future work will explore the integra-
tion of state-of-the-art Gaussian-based deformable object
modeling approaches, such as 4DGS [7] and SC-GS [3],
to address this issue.

Second, our method assumes locally consistent visibil-
ity among neighboring points. While this assumption en-
ables effective occlusion modeling and supports continuous
surface reconstruction, it may fail in extreme cases involv-
ing complex structures such as wire fences or glass sur-
faces. These structures often reflect LIDAR beams, pro-
ducing dense point clouds that resemble those from reg-
ular surfaces. Nevertheless, the simultaneously captured
images may reveal background objects without occlusion,
leading to discrepancies between geometric and visual ob-
servations. Accurately and efficiently modeling occlusion
relationships in such challenging and visually ambiguous
regions remains an important direction for future research.
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