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Abstract— Next Best View (NBYV) selection is critical for
achieving high-quality 3D reconstruction in unknown environ-
ments. This paper presents an active NBV selection approach
tailored for Gaussian Splatting (GS), a widely adopted 3D
reconstruction technique that has recently gained significant
attention and been extended to Simultaneous Localization
and Mapping (SLAM) systems. Existing state-of-the-art NBV
methods for GS focus on minimizing uncertainties of GS
parameters but often fail to prioritize views that improve
geometric reconstruction quality. To address this limitation, we
propose an active view selection method for GS-based recon-
struction, with its core being ROI-GSurFisher. This method
calculates Fisher Information on Gaussian surfels selected
via a Region of Interest (ROI) mechanism. Both the use of
surfels for computation and the ROI constraint enhance ROI-
GSurFisher’s ability to evaluate geometric information gain.
We further introduce a close-front view scoring module that
prioritizes viewpoints conducive to high-quality reconstruction.
The final NBYV is selected by maximizing the combined geomet-
ric information gain and close-front score. Experimental results
on 3D reconstruction of various objects and scenes demonstrate
consistent qualitative and quantitative improvements. Beyond
standalone 3D reconstruction, the proposed NBV method can
be integrated into SLAM systems to select fewer but more
valuable keyframes. Code is available at https://github.
com/WW11111/ROI-GSurFisher.

I. INTRODUCTION

3D reconstruction is fundamental to computer vision and
robotics, while active Next Best View (NBV) selection un-
derpins high-quality 3D reconstruction in unknown environ-
ments. In this paper, we focus on active NBV for Gaussian
Splatting (GS)-based 3D reconstruction [1], a method that
has gained significant attention in recent years and been
extended to various Simultaneous Localization and Mapping
(SLAM) systems [2].

For GS-based 3D reconstruction, existing NBV selection
methods often aim to directly quantify model uncertainty [3].
One common approach [4], [5] is to introduce an additional
uncertainty branch, enabling the model to output both ren-
dered images and uncertainty maps; however, this method
is typically sensitive to loss function design and relies on
ground-truth images of candidate views. Another strategy
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Fig. 1: Our NBV selection method outperforms baseline
approaches in both active GS-based 3D reconstruction (left
panel) and SLAM-based mapping (right panel). For 3D
reconstruction: Both the FisherRF-based method [7] and our
NBV-based method stop at the same number of views. The
two methods yield comparable rendering results (23.16 vs
23.85 in PSNR), while our method achieves significantly
better geometric reconstruction quality. For SLAM experi-
ments: The SLAM system with our NBV method selects
only 200+ views as keyframes, yet obtains reconstruction
results comparable to those of the baseline GauS-SLAM [2]
with 800+ views.

[6] retains the original GS architecture and approximates
epistemic uncertainty by training multiple GS models with
different random seeds and measuring cross-model variance.
While straightforward, these strategies fail to convert un-
certainty into optimizable information gain, thereby limiting
their applicability in active mapping tasks. To address this
gap, FisherRF [7] leverages Fisher Information to quantify
the parameter uncertainty of GS models, and thus maxi-
mize the information gain over candidate views, with no
requirement for ground-truth view data. However, FisherRF
still struggles to select new views to improve geometric
reconstruction performance, as GS models unify both the
geometric and non-geometric properties of scenes.

To measure geometric information gain during NBV se-
lection for active Gaussian Splatting, some approaches [8],
[9] explicitly construct a voxel map and then accumulate
the “to-be-observed” information gain along rays traversing
the volume. Reed et al. [10] distinguish between known
and unknown regions in such voxel maps and prioritize
sampling views at the boundaries to reduce motion costs.
While these voxel map-based strategies can effectively ex-
plore the environment by acquiring additional views, they
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overlook mapping quality, especially in regions with complex
geometry.

In this paper, we propose a new NBV selection method for
Gaussian Splatting, with its core being the proposed ROI-
GSurFisher. Unlike FisherRF, ROI-GSurFisher specifically
emphasizes geometric uncertainty modeling. We introduce
an uncertainty-based view scoring module to compute ROI-
GSurFisher, which calculates Fisher Information gain on
2D Gaussian surfels [11] over candidate views. By focus-
ing on surfels adhering to the scene surface, this design
inherently emphasizes geometric information gain more ef-
fectively. Additionally, the view scoring module performs
calculation on ROI surfels that are close to the viewpoint,
within the frustum, and front-facing to each candidate view,
thus avoiding interference from view-irrelevant primitives.
We further present a close-front view scoring module that
prioritizes viewpoints close to and front-facing the surface,
ensuring better coverage of critical surface regions. Our NBV
selection is performed by maximizing the summed Fisher
score and close-front score. As shown in Fig. 1, compared to
FisherRF, GS reconstruction with our NBV selection method
achieves significantly higher geometric quality with the same
number of views, despite comparable rendered view quality.

Beyond 3D reconstruction, the proposed NBV method can
be integrated into SLAM systems (e.g., GauS-SLAM [2]) by
replacing their original keyframe selection modules, enabling
robots to actively select information-rich views for mapping
in unknown environments. As demonstrated in Fig. 1, with
only 200+ views, the NBV-enhanced GauS-SLAM system
yields reconstruction results comparable to those of the
original system using 800+ views.

Our main contributions are as follows:

« We propose an uncertainty-based view scoring module
grounded in 2D Gaussian Splatting. This module selects
ROI Gaussian surfels for Fisher Information evaluation,
specifically targeting improved geometric accuracy on
complex surfaces.

o To further enhance surface reconstruction quality, we de-
sign a close-front view scoring module that prioritizes
viewpoints close to and front-facing the surface.

o We propose a NBV selection method that jointly considers
Gaussian surfels’ uncertainty and close-front deviation.
This method is generalizable and can be seamlessly in-
tegrated into any 2D GS-based SLAM system.

II. RELATED WORK
A. GS-based Next Best View Selection

NBV selection for Gaussian Splatting generally falls
into two categories: approaches [3], [7], [13] that rely on
estimating model uncertainty, as well as approaches [8],
[14] that construct proxy maps for view planning. Recent
work [3] compared various uncertainty estimation strategies,
including learned uncertainty outputs and model ensembles.
In particular, Li et al. [15] proposed a multiscale variational
representation that learned an offset table for parameter space
sampling, producing posterior uncertainty for each Gaussian

and inferring predictive uncertainty. Although effective, this
incurs additional computational overhead and depends on
prior knowledge. On the other hand, RIGI [6] trains multiple
GS models with different random seeds and approximates
epistemic uncertainty through cross-model variance, but
such methods are computationally expensive. In contrast,
FisherRF [7] and HGS-Planner [16] quantify uncertainty
by constructing parameter information matrices based on
the sensitivity of 3DGS rendering to model parameters.
However, Fisher Information derived solely from rendering
optimization tends to overemphasize color cues, leading to
view selections that neglect geometric information gain.

GS-Planner [17] and HGS-Planner [16] adopt hybrid scene
representations with GS maps and voxel maps, incorporating
unobserved voxels into the splatting pipeline to compute
volumetric gains weighted by opacity. Similarly, ActiveSplat
[9] combines GS with Voronoi-based map representations,
projecting low-visibility pixels from panoramic GS images
into 3D space and approximating unseen geometry using
convex hull volume [18]. These geometry-driven methods
align information gain closely with structural metrics and
avoid the need for learning, but their limitation is that
they remain insensitive to texture and appearance, making
it difficult to distinguish views that are visible yet not
informative in complex visual conditions.

B. Active View Selection for Reconstruction and Mapping

To enable efficient 3D reconstruction and embodied map-
ping, recent research has focused on active view selec-
tion, where candidate viewpoints are evaluated according to
geometric or uncertainty-based criteria. A typical strategy
[19]-[21] is the exploration of volume entropy to discretize
space, score the occupied voxels by entropy, and select views
accordingly. Another strategy [22] is frontier-based coverage,
which defines the boundary between known free space and
unknown space as frontiers (frontier cells on a 2D grid
or frontier voxels in a 3D OctoMap) and prioritizes those
locations.

In parallel, uncertainty-driven methods have been exten-
sively explored in the context of Neural Radiance Fields
(NeRF) [23]. Some works [24]-[26] attempt to quantify the
uncertainty of the scene from density distributions along
cast rays, while others [4], [S], [27]-[29] reparameterize
NeRF to design a Bayesian model, but address only predic-
tive uncertainty rather than uncertainty related to parameter
observability. Regarding concurrent work, Goli et al. [30]
introduced a hypothetical perturbation field and interpolated
the uncertainty over NeRF-style query points for uncertainty
quantification and a NeRF clean-up task. However, when it
comes to active learning, they are incompatible with the latest
Gaussian Splatting models.

In recent years, RGB-D SLAM with NeRF or 3D Gaus-
sians as map representation has been widely studied, creating
a need for active mapping algorithms that maximize map-
ping efficiency in embodied robot systems. ActiveNeRF [4]
performs trajectory planning for object-centric autonomous
reconstruction by predicting variance as an extra network
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Fig. 2: Overview of the proposed NBV selection method for Gaussian Splatting-based 3D reconstruction. Our NBV
method, designed for 2D Gaussian Splatting (2DGS), takes few-shot RGB images and corresponding camera poses as input
to a 2DGS model. Rendered depth/normal maps are incrementally fused to build a TSDF volume [12]. We generate a
pixel-level geometric ROI map for each candidate view based on the TSDF, to guide Fisher Information gain calculation
on Gaussian surfels. We also leverage TSDF weights to compute a close-front view score. The optimal NBV is selected by

maximizing the linearly fused two scores.

output. Yan et al. [31] discuss the intuition of flat minima
and quantifies the predictive uncertainty of neural map-
ping models from the perspective of the loss landscape,
but they only approximate the variance uncertainty of the
output of neighboring points. ActiveGAMER [32] selects
NBVs via opacity-based rendering of 3DGS for real-time
mapping, but its rendering-based information gain requires
extensive candidate evaluation, leading to higher motion
cost. ActiveSplat [9] uses a hybrid 3DGS—Voronoi map to
approximate unseen volumetric gain, but its precision is
limited by voxel resolution. For the larger scope of Active
Simultaneous Localization and Mapping (ASLAM), please
refer to literature reviews [33], [34].

III. PRELIMINARIES

2D Gaussian Splatting: 2D Gaussian Splatting explicitly
models a 3D scene as a set of oriented planar Gaussian
disks. The 2D Gaussian primitive is parameterized as © =
{P, tu, tv, Su, Sv, @, c}, where p denotes the center point, ¢,
and ¢, are the principal tangential vectors in the uv space
that form an orthogonal tangential basis t+ = ¢, X t,, a
scaling vector S = diag(s,, Sy, 0) that controls the variances
of the 2D Gaussian, R = [t,,t,,tT] is a rotation matrix.
Together, R, S and p define the homogeneous transform
RS p
H = 0 1
o and view-dependent appearance c (low-order spherical
harmonics).

. Each primitive further carries opacity

For a point u = (u,v) in the uv space, its 2D Gaussian
value is given by the standard Gaussian as follows:
u? + v?
2

G(u) = exp(— )- (1)

Let the ¢-th Gaussian’s opacity be «;, the view-dependent
color be ¢;, and the depth be d;. The effective contribution
along the view is m; = @;G(u). The color and depth of a
pixel are accumulated with front-to-back compositing:

i—1
C= ZczmzH 1_mj)’ (2)
j=1

D= delﬂ 1—mj). (3)
7j=1

Fisher Radiance Fields: Fine-grained NBV selection is
achieved by maximizing the Expected Information Gain
(EIG) of the GS model using Fisher Information. Given a
GS model T (y|x,w) parametrized by w, where = denotes
a camera pose and the corresponding image observation y
captured at that pose. The objective of GS optimization is to
minimize the Negative Log-Likelihood (NLL) between ren-
dered and ground-truth images, which is defined as follows:

—log T (yla,w) = |ly — f(z;w)|[3- )
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Here, f(x;w) is the rendering model. Fisher Information is
defined as the Hessian matrix of the NLL with respect to the
model parameters, denoted as H"” [y|z, w].

For active view selection, starting from the training set
Dtrain  the initial parameter estimate w* is obtained. The
objective is to select the NBV that maximizes the infor-
mation gain between the candidate view = € DP°°! and
Dtrain where DPoO! denotes the candidate view set. Taking
advantage of the additivity of Fisher Information across
views, the EIG associated with z admits a tractable upper
bound that reduces to a trace-based objective, defined as:

I(z,w") = arg max tr (H”[y | 2, w ) H [w” | Dtrain]*l).

&)

Under the Gauss—Newton approximation [35], the Hessian

simplifies to H” [y|z, w*] = JTJ, where J = 4, f(x; w*).

Consequently, Hessian H" [y|x, w*] can also be approxi-
mated as diagonal values as follows:

H"[yla, w] = Vo f(z;w") " Vo f (2;07)
~ diag (wa(m; w*)T (6)
X Vo f (5 w*)) + \E,
where \E is a log-prior regularizer.

IV. METHOD

Our method consists of three components: 1. Uncertainty-
Based View Scoring, 2. Close-Front View Scoring and 3.
Pixel-Wise Uncertainty with Volumetric Rendering. The
two scoring modules are complementary: the uncertainty-
based view scoring emphasizes challenging regions and
evaluates the uncertainty of Gaussian surfels. The close-
front view scoring penalizes viewpoints that are distant or
oriented away from the surface. These are fused into a final
score for greedy NBV selection. We also render pixel-wise
uncertainty to validate the correlation between the current
uncertainty estimate and the depth error. Using the real-time
rendering capability of 2DGS, our method enables efficient
NBV selection during training.

A. Uncertainty-Based View Scoring

We emphasize the information gain from regions with
poor geometric quality caused by incidence angle, scale, and
occlusion. To align the selection criterion with the goal of
reducing geometric uncertainty, we design an uncertainty-
based view scoring scheme.

1) Construction of the View ROI: In the few-shot 2DGS
setting, we incrementally construct a TSDF volume from
Gaussian depth and normal maps. Based on the TSDF
visibility weights, we select voxels that are near the surface,
front-facing with respect to the candidate view, and inside
the candidate frustum. These voxels are then projected onto
the image plane to form the view region of interest (ROI).
This encodes geometric informativeness per-pixel from three
uncertainty-related factors: incidence angle, scale adequacy,
and coverage uncertainty.

Incidence angle weight W ,: Depth and tangential pertur-
bation accuracy depend on parallax: small angles between the
view ray and the surface normal poorly constrain geometry,
while large angles raise occlusion risk. We therefore favor
a texture-adaptive mid-range incidence angle: about 30° in
texture-poor regions to maintain stable geometric constraints,
and approximately 40° in texture-rich areas, where stronger
photometric cues support increased parallax.

Scale adequacy weight Wy ,1e: Voxels that are very
close to the camera tend to be projected onto many pixels,
leading to redundancy and texture bias, while distant voxels
collapse to subpixels and contribute little photometric vari-
ation. Therefore, we assign higher weights to voxels within
suitable ranges, specifically those whose projection covers
approximately 2.5 pixels.

Coverage uncertainty weight W .2 We boost weakly
supported regions using the inverse of the TSDF fusion
weight. Lower confidence yields higher per-pixel weights
after projection, steering the ROI toward under-reconstructed
geometry.

Given 5,7 > 0, p > 0, we apply a linear gain to the
geometric weight of the voxel ¢ in the candidate camera
pose x to avoid over-amplification, defined as:

W, x2) =W,(0,2) Weeare (0, 2)Y (1 4+ ptWeoper (£, )) .
)
We splat the voxel weights onto the candidate camera
plane and normalize the resulting ROI weight map. The
weight of the ROI pixel p for the candidate camera x is

Wiei(p; @) = Norm(Z K (p, m(€)) W(L, z)), ®)

LeS,

Here, S, is the set of front-facing surface voxels under pose
x, T, is the camera projection operator, and K is a bilinear
kernel.

2) ROI-GSurFisher Evaluation: We perform Fisher Infor-
mation to evaluate candidate views so that their ranking
reflects the expected reduction in geometric uncertainty.
Given a candidate camera pose z, we calculate its utility
only on ROI pixels P,,;(z) and on the geometry-related
parameters of the Gaussian surfel {p,t,, t,, Sy, Sy }. Let w*
denote the current parameter estimate obtained from the
training set D% The rendered output at pixel p under pose
x is denoted as f,(x; w*). Taking o, as the noise scale per-
pixel, we construct a diagonal Fisher approximation per-view
within the ROI from the rendering sensitivity to geometric
parameters w9 as follows:

Fdiag(x7w*) — Z WrOi(f;‘T)
g,

DPEProi(x) p

Ve fy 5wl -

9)

To avoid repeatedly selecting views that reinforce already
well-constrained geometry, we normalize the per-view diag-
onal Fisher by the accumulated training Fisher. Then, the
final Fisher Information score of Gaussian surfels within the

14132



ROI is
F(z,w") = <Fdiag(z,w*),
| L 0
(H//[wgeo | Dtram]fl 4 ¢) >

Specifically, H”[w9¢° | D'#"] denotes the diagonal Fisher
accumulated over the training set, ¢ > 0 stabilizes the
inverse, and (.,.) denotes the element-wise inner product.

B. Close-Front View Scoring

Selecting views solely based on uncertainty neglects sur-
face orientation and geometric visibility. To address this, we
propose a close-front scoring method that favors candidate
views with close-range and front-facing observations, while
avoiding costly geometric reasoning.

Based on the TSDF volume introduced in Section A, we
assign to each voxel ¢ a per-view observation weight W,.(¢)
under training view r € D% where D!"%" is the training
view set. We set the fused weight W;(¢) as the maximum
of its per-view weights in all training views.

W, (€) = cos0,(£)/z.(¢), (11)
Wil) = max W), (12)
re train

where 0,.(¢) is the angle between the view direction of the
training view r and the surface normal n, obtained from the
2D GS normal map. z,.(¢) denotes the depth of voxel ¢ in
the coordinate frame of view r.

For each candidate camera pose z, let 6,(¢) denote the
angle between the viewing direction of pose x and the surface
normal n,. The new weight of the voxel £ in candidate pose
T is

Wi (l) = cos0,(£)/z:(£). (13)

Consequently, the visibility information gain contributed
by candidate camera pose x to the current reconstruction is
calculated as

Ivis(x) = Z [Ww(g) - Wf(z)]Jr?

lex

(14)

where [a]1 = max(a,0), X denotes the set of near-surface,
front-facing voxels that projected into the candidate view.
Accordingly, we compute a surface-aware global geometric
score for each candidate view and rank the candidates in
descending order. A higher score indicates that the candidate
view is more front-facing and closer to the surface, thus pro-
viding stronger geometric observability for under-explored
regions.

Finally, we apply z-score normalization to uncertainty-
based and close-front view scores, and linearly fuse them
to obtain the final information gain i, defined as:

I(z,w") = ez(F(x,w")) + dz(Lyis(x)). (15)

Here, € > 0 and § > 0 are fusion weights that balance the
contributions of the two components. Let DP°°! denote the
candidate view set. We select NBV zxpy by maximizing
the final information gain as follows:

TN BY = argmax i(x,w*). (16)

xz€ Dpool

TABLE I. Novel View Synthesis Results on the Blender
Dataset with 20 Training Views. All the metrics are
averaged over the 5 objects/scenes in the dataset.

Method PSNR © SSIM 1 LPIPS |
3DGS [SIGGRAPH 2023]  28.73 0.939 0.053
FisherRF [ECCV 2024] 29.52 0.944 0.043
2DGS [SGGRAPH 2024] 29.64 0.948 0.048
Ours 30.83 0.958 0.040

C. Pixel-Wise Uncertainty with Volumetric Rendering

Previously, we quantified Fisher Information within the
ROI for any candidate views. Our formulation can also be
extended to obtain pixel-wise uncertainties. As discussed in
Section A, uncertainty of the parameters can be approxi-
mated using the diagonal elements of the Hessian matrix.
For each ROI pixel p under candidate camera pose x, we
cast a ray and compute its uncertainty through front-to-back
volume compositing. The contribution of the i-th Gaussian
surfel along the ray is weighted by its opacity «; and pre-
transmittance T; = [], _;(1 — o). Following FisherRF, the
uncertainty of pixel p is

N
Us(p) = Y _ Tioni tr(Gy). (17)
i=1

Here, G; denotes the Hessian block of the training NLL
evaluated at the optimum w9¢°, corresponding to the -
th Gaussian surfel. The trace summarizes the information
content of the i-th Gaussian. The computation is restricted
to the ROI pixel set and reweighted per pixel by W,.,;(p; ).
The uncertainty of ROI pixel p is defined as:

Wroi L
Uni(prz) = L0y ) (18)
Up
V. RESULTS

A. Experimental Setup

Datasets: We evaluate the performance of our method on
multiple datasets, including Blender [23], DTU [36], LF [37],
and Replica [38].

Metrics: We evaluate geometric completeness using
distance-based metrics, including Acc and Comp [39].
Higher scores indicate better geometric accuracy and com-
pleteness. For novel view synthesis, we report standard
photometric metrics, including the peak signal-to-noise ratio
(PSNR), the structural similarity index (SSIM), and the
learned perceptual image patch similarity (LPIPS).

Baselines: We compare our approach against state-of-the-
art methods, including FisherRF [7] and 3DGS [1]. For
2DGS [11], we use the random view selection strategy. For
active mapping experiments, we further benchmark against
GauS-SLAM [2].

Implementation Details: We evaluate NBV selection with
a 2D Gaussian Splatting backend on the DTU and Blender
datasets. All models are initialized with the same random
seed and trained from four uniformly sampled initial views
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Fig. 3: Qualitative Results obtained with 20 Training
Views. The examples are from the Blender Dataset and the

DTU Dataset.

for 30,000 iterations following the default 2DGS configura-
tion. We reset the opacity whenever new views are added to
prevent training instability. For view scoring fusion, we set
the weighting parameters to € = 0.4 and § = 0.6. All other
settings remain identical across experiments.

B. Active View Selection

We evaluate both the baseline and our method with se-
quential active view selection, setting the same initial views
and view selection schedules. And we select one new view
every 100 epochs until the model reaches 20 training views.
The quantitative results are reported in Table I, showing that
our method consistently outperforms the baseline in different
metrics.

Qualitative comparisons on the Blender and DTU datasets
are presented in Fig. 3. The results show that, under re-
construction with 20 views, FisherRF, which selects views
by reducing color uncertainty, renders better than random
selection in 3DGS but fails to improve geometric recon-
struction, because it suffers from geometry distortion caused
by perspective projection. In contrast, 2DGS models the
scene using surface elements instead of volumetric ones
and performs perspective-correct splatting via explicit ray-
disk intersection, yielding a geometric reconstruction quality
higher than FisherRF. However, random view selection with
2DGS leads to missing geometry or local redundancy in
sparse-view regions. Our method shows clear superiority in
both rendering quality and geometric completeness.

In addition, following previous work [7] on uncertainty
estimation, we evaluated our approach on the LF dataset
using the Area Under Sparsification Error (AUSE) metric.
Specifically, AUSE is the area between two sparsification
curves obtained by progressively removing pixels ranked by
(i) absolute depth error to ground truth and (ii) predicted

uncertainty; a smaller AUSE means uncertainty aligns better
with erro (see Table II and Fig. 4). Our method achieves a
stronger correlation between uncertainty and depth error than
previous state-of-the-art approaches.

TABLE II: Uncertainty Estimation Results on the LF
Dataset. The reported Numbers are AUSE (a lower value
indicates better performance).

Method Statue  Africa  Torch  Basket  Average
CF-NeRF [40] 0.54 0.34 0.50 0.14 0.38
ActiveNeRF [4] 0.40 0.39 0.21 0.34 0.33
BayesRays [30] 0.17 0.27 0.22 0.28 0.23
FisherRF [7] 0.21 0.26 0.24 0.18 0.22
Ours 0.11 0.31 0.29 0.16 0.21

Africa

Ground Truth Depth MAE Map Uncertainty Map

Fig. 4: Visualizations of Uncertainty maps and Depth
MAE maps. Our per-pixel uncertainty maps demonstrate a
strong correlation with the depth error maps. The examples
are from the LF Dataset.

C. Active view Selection for Mapping

SLAM systems typically rely on posed RGB-D inputs and
ground-truth images, selecting a large number of keyframes
for mapping. To simulate active mapping in unknown envi-
ronments, we integrate our NBV strategy into the SLAM
pipeline. Unlike standard SLAM, our approach does not
require image ground truth for keyframe selection. Instead,
given only the candidate camera poses, we evaluate them by
their contribution to the reconstruction quality. This enables
performance comparable to multi-view training while using
significantly fewer views, thereby reducing the motion cost
of acquiring large image sets in real robotic scenarios.

For evaluation, we adopt the state-of-the-art GauS-SLAM
[2] as the baseline. GauS-SLAM represents scenes with
2D Gaussian surfels and performs localization and mapping
through a front-end/back-end framework. In our system, we
replace the keyframe selection module with our NBV method
while keeping all other components identical. Active map-
ping experiments on room-scale scene datasets demonstrate
that, with only 200+ selected views, our approach achieves
mesh quality comparable to GauS-SLAM trained with 800+
views (see Table III and Fig. 5).

D. Ablation Study

We perform an ablation study on the Blender dataset. We
examine the effects of uncertainty-based view scoring (VS),
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TABLE III: Comparison of Reconstruction Performance
on the Replica Dataset. With only 200+ selected keyframes,
our method achieves reconstruction results comparable to
those of GauS-SLAM (which uses 800+ views).

Method Data PSNR 1 Acc T Comp T #Views
Officc 0 4400 0937 0.768 800+
GauS-SLAM [2] yr5ce | 4457 0950 0718 800+
Ours Office 0 4336 0938 0762 200+
Office 1 4462 0959 0706 200+

Office 0

Office 1

Fig. 5: Comparison of Mesh Results on Replica. The
first row shows the ground truth, the second row shows
GauS-SLAM (800+ views), and the third row shows our
method (200+ views). Compared with many-view mapping,
our method achieves equally smooth meshes using far fewer
views.

close-front VS, and their fusion on the reconstruction quality.
Using 2DGS with random view selection as the baseline,
we remove each module in turn and evaluate reconstruction
accuracy. In all experiments, a new view is added every 100
epochs until the model reaches 20 training views.

Quantitative and qualitative results are reported in Table IV
and Fig. 6, respectively. The close-front vs module yields the
lowest PSNR and worst LPIPS but a higher SSIM, indicating
coarse structural alignment, because it tends to select views
that are close to and front-facing the surface. The uncertainty-
based VS module attains the lowest SSIM and slightly worse
PSNR/LPIPS than the full model, suggesting that uncertainty
guidance is critical for enhancing appearance details but
overlooks geometric structure. The full model achieves the
best PSNR and LPIPS, with SSIM slightly below the surface-
aware variant, because adding the uncertainty-based VS
module favors views that reduce photometric uncertainty and
recover richer textures, while also introducing mild color
variations and subpixel misalignments under larger parallax,
effects that SSIM penalizes as structural differences. From

TABLE IV: The Quantitative Results of the Ablation
Study.

Methods PSNR 1 SSIM 1 LPIPS |
Rand 26.82 0.852 0.146
w/o Uncertainty-Based VS 24.70 0.857 0.155
w/o Close-Front VS 27.24 0.841 0.135
Full Model 28.25 0.852 0.134

w/o Close-Front VS

Ground Truth

Full Model

w/o Uncertainty-Based VS

Fig. 6: The Qualitative Results of the Ablation Study.

mesh accuracy, the close-front VS module produces more
complete geometry than the uncertainty-based VS module,
and the full model is the most complete with smoother
surfaces. Overall, the full model achieves a balanced trade-
off between geometry and appearance.

VI. CONCLUSIONS

We presented a novel NBV selection method tailored for
2D GS-based active 3D reconstruction and SLAM. Specifi-
cally, we designed a view selection strategy that leverages
two key cues, including geometry-guided uncertainty and
view-to-surface reliability, to identify the most informative
viewpoints for 2DGS training. This strategy enables an
accurate evaluation of geometric information gain, which
directly supports high-fidelity 3D reconstruction. We further
integrated this NBV strategy into a SLAM system, allowing
simulated robots to actively select viewpoints to reconstruct
objects and scene surfaces in unknown environments.

For future work, we plan to extend our model by incor-
porating semantic uncertainty. This extension is motivated
by its alignment with human visual perception: in human
observation, semantic ambiguities often stem from poorly
reconstructed surfels, and addressing this gap will enhance
the robustness of our view selection against such ambiguities.
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