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Abstract

In this paper, we present an active exploration framework
for high-fidelity 3D reconstruction that incrementally builds
a multi-level uncertainty space and selects next-best-views
through an uncertainty-driven motion planner. We introduce a
hybrid implicit–explicit representation that fuses neural fields
with Gaussian primitives to jointly capture global structural
priors and locally observed details. Based on this hybrid state,
we derive a hierarchical uncertainty volume that quantifies
both implicit global structure quality and explicit local sur-
face confidence. To focus optimization on the most infor-
mative regions, we propose an uncertainty-driven keyframe
selection strategy that anchors high-entropy viewpoints as
sparse attention nodes, coupled with a viewpoint-space slid-
ing window for uncertainty-aware local refinement. The plan-
ning module formulates next-best-view selection as an Ex-
pected Hybrid Information Gain problem and incorporates
a risk-sensitive path planner to ensure efficient and safe ex-
ploration. Extensive experiments on challenging benchmarks
demonstrate that our approach consistently achieves state-of-
the-art accuracy, completeness, and rendering quality, high-
lighting its effectiveness for real-world active reconstruction
and robotic perception tasks.

Website — https://yanyan-li.github.io/project/vlx/active3d

1 Introduction
Visual-based 3D reconstruction (Newcombe et al. 2011;

Whelan et al. 2015; Dai et al. 2017; Li et al. 2020) aims
to infer the geometry and appearance of previously unseen
scenes from 2D imagery, making it a fundamental problem
in both computer vision and robotics. Depending on how
the sensor moves, reconstruction methods can be clustered
into two categories: passive and active. Passive systems
process streams of RGB (Schonberger and Frahm 2016)
or RGB-D (Li and Tombari 2022) frames to jointly esti-
mate six-degree-of-freedom (6-DoF) camera motions and
fuse the measurements into sparse or dense 3D models, un-
der the assumption of a fixed, user-driven path. In contrast,
active reconstruction frameworks (Aloimonos, Weiss, and
Bandyopadhyay 1988; Chen, Li, and Kwok 2011) integrate
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Figure 1: Performance on the Replica dataset. Left: Com-
parison of rendering quality (PSNR) versus reconstruction
completeness (C.R.) across state-of-the-art methods. Right:
Qualitative outputs of our method including reconstructed
mesh, Gaussian map, and estimated depth.

next-best-view (NBV) planning (Peralta et al. 2020) to au-
tonomously select subsequent viewpoints to maximize in-
formation gain (Isler et al. 2016; Kirsch, Van Amersfoort,
and Gal 2019) and ensure comprehensive surface coverage.
In addition to accurate geometry, next-generation intelligent
robots demand dense 3D models with high fidelity and pho-
tometric consistency for downstream tasks.

The conventional active reconstruction problem (Isler
et al. 2016; Huang et al. 2018) is typically cast as an ex-
ploration task: select the sequence of viewpoints that will
most effectively reveal detailed scene geometry and ap-
pearance. Early approaches leverage occupancy-grid (Elfes
2013) or voxel-based (Wu et al. 2014) maps and frontier-
driven exploration to push the boundary between known and
unknown space, ensuring that new measurements contin-
ually reduce map uncertainty (Lee et al. 2022). However,
since these approaches focus solely on geometric uncer-
tainty, the resulting reconstructions are ill-suited for high-
quality novel-view rendering and often lack the photometri-
cally consistent details required for downstream tasks. Re-
cent advances in scene representation have revealed two
complementary paradigms: implicit neural fields (Milden-
hall et al. 2021; Barron et al. 2022) and explicit parameter-
izations such as 3D Gaussian Splatting (Kerbl et al. 2023;
Li et al. 2024), both achieving impressive performance in
novel-view synthesis and surface reconstruction. Implicit
models encode continuous neural fields that excel at cap-
turing global structure, while explicit Gaussians faithfully
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preserve observed geometry and fine details. However, ex-
isting active frameworks typically adopt only one of these
paradigms. Implicit-based active methods (Yan, Yang, and
Zha 2023; Kuang et al. 2024) leverage neural priors for
view planning, but their continuous fields tend to halluci-
nate missing surfaces (e.g., transparent or mirrored areas),
leading to persistent high uncertainty and planner oscilla-
tion. Conversely, GS-based active approaches (Li et al. 2025;
Jin et al. 2025) directly reflect observations into the map,
providing reliable local geometry but lacking the ability to
reason about occluded or unseen regions, resulting in sub-
optimal exploration coverage.

These complementary strengths and limitations motivate
a hybrid implicit–explicit formulation for active reconstruc-
tion, unifying global priors and local textured surface within
a single information-theoretic planning framework. First,
given a posed RGB-D stream, Active3D constructs a hy-
brid implicit–explicit scene state and derives a hierarchi-
cal uncertainty map to jointly quantify global structural
entropy and local surface uncertainty. Based on this hy-
brid uncertainty, the planner is further proposed to formu-
late next-best-view selection as an Expected Hybrid Infor-
mation Gain (EHIG) optimization and executes viewpoint-
aware trajectory planning. Keyframes are promoted via a
dual-uncertainty intersection criterion, selecting viewpoints
that observe regions where both implicit and explicit uncer-
tainties are high. This establishes a sparse attention mecha-
nism over the hybrid scene state. A viewpoint-space sliding
window then performs uncertainty-aware local refinement
of Gaussian primitives with respect to implicit priors, main-
taining global–local consistency throughout the reconstruc-
tion process. Our contributions are summarized as follows:

• We propose a hybrid implicit–explicit scene representa-
tion for active 3D reconstruction, unifying neural fields
and Gaussian primitives into a joint entropy minimiza-
tion framework and introducing the Hybrid Scene State
Entropy.

• We design a hierarchical uncertainty map that fuses
global implicit variance, local depth residuals, local photo-
metric residuals, and temporal SDF changes via Bayesian
fusion, providing a principled multi-scale signal to drive
exploration and refinement.

• We formulate next-best-view planning as an Expected Hy-
brid Information Gain (EHIG) problem, combining global
structural exploration and local detail preservation with
risk-aware path optimization.

• We introduce a viewpoint-aware keyframe selection strat-
egy driven by the intersection of implicit and explicit un-
certainties, anchoring high-information regions as sparse
attention nodes in the hybrid map. Integrated with a spatial
(non-temporal) sliding window, this enables uncertainty-
aware local refinement and consistent reconstruction of
the hybrid scene state.

2 Related Work

Neural Implicit and Explicit Representation. Tradi-
tionally, 3D reconstructed models have been represented us-

ing various geometric formats, including meshes (Kazhdan,
Bolitho, and Hoppe 2006; Li et al. 2021), surfels (Whe-
lan et al. 2015; Stückler and Behnke 2014), and truncated
signed distance fields (TSDF) (Osher, Fedkiw, and Piechor
2004; Izadi et al. 2011). With the advent of differentiable ra-
diance fields, these representations have been significantly
extended to support high-quality novel view synthesis. In
particular, NeRF (Mildenhall et al. 2021) have emerged as
a powerful paradigm for photorealistic rendering and scene
understanding. Specifically, iMAP (Sucar et al. 2021) uti-
lizes MLP as the only scene representation for both track-
ing and mapping. To address the over smoothed reconstruc-
tion problem of only-MLP representation in large-scale en-
vironments, NeuralRecon (Sun et al. 2021) integrates neu-
ral TSDF volumes with learned features to enhance 3D
reconstruction quality in indoor scenes. Similarly, Con-
vONet (Peng et al. 2020) predicts occupancy probabilities in
3D space using 3D convolutional architectures (Çiçek et al.
2016; Ronneberger, Fischer, and Brox 2015; Niemeyer et al.
2020), combining the strengths of spatially aware feature en-
coding and implicit shape modeling.

In contrast to implicit and hybrid approaches, explicit rep-
resentations directly encode scene geometry and appearance
in structured forms such as voxel grids (Müller et al. 2022)
or Gaussian primitives (Kerbl et al. 2023), enabling effi-
cient rendering and fast optimization. Plenoxels (Fridovich-
Keil et al. 2022) replace MLPs with a sparse voxel grid
that stores density and spherical harmonics coefficients.
TensoRF (Chen et al. 2022) further improves scalability
and memory efficiency by applying low-rank tensor de-
composition. More recently, 3D Gaussian Splatting (Kerbl
et al. 2023; Li et al. 2024) introduces a point-based explicit
method where each Gaussian encodes position, orientation,
scale, and radiance attributes, supporting high-fidelity ren-
dering with real-time performance and continuous surfaces.

Active High-quality 3D Modeling. Active reconstruc-
tion methods (Yan, Yang, and Zha 2023; Kuang et al. 2024;
Pan et al. 2022; Li et al. 2025; Jin et al. 2024; Feng et al.
2024; Chen et al. 2025) autonomously select viewpoints
during iterative mapping to maximize coverage and recon-
struction quality. NeRF-based NBV strategies (Lee et al.
2022; Pan et al. 2022) use pixel-wise rendering variance
as uncertainty cues, while FisherRF (Jiang, Lei, and Dani-
ilidis 2024) introduces Fisher information for view plan-
ning. ANM (Yan, Yang, and Zha 2023) maintains weight-
space uncertainty in a continually learned neural field, and
NARUTO (Feng et al. 2024) extends this paradigm to 6-DoF
exploration in large-scale scenes.

Recently, Gaussian primitives have been adopted for ac-
tive scene modeling. ActiveGAMER (Chen et al. 2025) in-
corporates rendering quality into the information gain met-
ric. GS-Planner (Jin et al. 2024) detects unobserved regions
in the Gaussian map and employs a sampling-based NBV
policy. HGS (Xu et al. 2024) proposes an adaptive hierarchi-
cal planning strategy balancing global and local refinement.
ActiveSplat (Li et al. 2025) extends Gaussian-based SLAM
to active mapping with decoupled viewpoint orientation.

Uncertainty estimation plays a central role in NBV selec-
tion. NeRF-based methods typically derive voxel or pixel-
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wise variance from density fields (Pan et al. 2022; Lee et al.
2022), while Gaussian-based methods rely on observation
completeness or visibility priors (Jin et al. 2024; Li et al.
2025). In contrast, we fuse global implicit variance, local
surface residuals, and temporal SDF variation, constructing
a hierarchical uncertainty map that simultaneously guides
global exploration and local refinement.

3 Methodology

In the active reconstruction task, the core of the prob-
lem is to decide the position and orientation of the
ith viewpoint based on the information captured by the
previous posed RGB-D stream Si−1 = {Sk},Sk =
[Ik, Dk,Tck,w,K], k ∈ [0, 1, . . . , i − 1]. Therefore, the
problem can be defined as determining how to leverage the
previously posed RGB-D stream to guide the selection of
the current viewpoint in order to achieve high-quality recon-
struction. This process first involves the data organization
of the previous RGB-D stream, followed by quantifying the
historical information to evaluate the current reconstruction
state and predicting potential information gain. By model-
ing the scene coverage, uncertainty distribution, and geo-
metric consistency from Si−1, the system can actively plan
the next viewpoint that maximizes scene completeness and
reconstruction fidelity. Fig. 2 depicts the algorithm’s work-
flow.

Hybrid Implicit-explicit Space
To simultaneously capture continuous global priors and
high-quality local surface, we construct a hybrid im-
plicit–explicit space that integrates implicit neural fields
with explicit Gaussian primitives. Given a posed RGB-D
observation Sk = [Ik, Dk,Tck,w,K], this hybrid space pro-
vides a unified state representation for incremental active re-
construction.

Definition of Hybrid Scene State.
We introduce a state formulation for the incremental ac-

tive reconstruction task, where the state Mk at step k is de-
signed to represent the currently reconstructed portion of the
scene:

Mk = {Fθ,Gk}, (1)
where Fθ : R3 → SDF is the implicit neural field, and Gk =
{Gi}Nk

i=1 is the set of 3D Gaussian primitives. Each primitive
Gi is parameterized as Gi = (µi,Σi, αi, ci), where µi ∈
R3 is the mean position, Σi ∈ R3×3 the covariance, αi ∈
[0, 1] the opacity, and ci ∈ R3 the color vector. And for the
implicit neural field, we employ a One-blob encoder (Wang,
Wang, and Agapito 2023; Müller et al. 2019) to extract deep
features from input point clouds. The implicit representation
subsequently maps world coordinates x ∈ R3 to SDF values
and color attributes via the MLP:

s = fτ
(
γ(x),Vα(x

)
) (2)

where γ(x) denotes tri-plane decomposition of spatial co-
ordinates, and Vα(x) represents position feature vectors ob-
tained through volumetric trilinear interpolation. The func-
tion fτ (·) corresponds to the geometry decoder.

Hybrid State Quantification. At state k, the key ob-
jective is to quantify the current scene knowledge and
guide the next-best-view selection. This hybrid formulation
bridges global structural exploration driven by Fθ and local
high-fidelity surface enabled by Gk. Casting NBV planning
as an expected hybrid information gain optimization, we for-
malize active reconstruction in a probabilistic information-
theoretic context.

We define the voxel-wise hybrid entropy as:

Hhybrid(v) = λimpH[pFθ
(v)] + λexpH[pGk

(v)], (3)

where H[p] denotes Shannon entropy and λimp, λexp balance
global priors and local observations.

The NBV reward for c is accumulated over all visible vox-
els:

R(c) =
∑
v∈Vc

w(v|c)(1−O(v)), (4)

where Vc is the set of voxels visible from c, and O(v) is the
occupancy probability used to discount free-space ambigu-
ity.

Hierarchical Uncertainty Map Construction
To drive the hybrid NBV objective in Eq. 3, we construct a
hierarchical uncertainty volume Vu ∈ RL×W×H that fuses
global implicit priors, local view-dependent surface, and
temporal consistency cues. Each voxel v stores a scalar
u(v) ∈ R+ representing the hybrid reconstruction confi-
dence. Global Structure Uncertainty. The implicit branch
Fθ encodes a continuous SDF-based representation that pro-
vides global structural entropy. We approximate per-voxel
variance using an uncertainty head fδ(·):

uimp(v) = ϕ
(
fδ(γ(xv),Vα(xv))

)
, (5)

where xv denotes the voxel center, γ(·) is the tri-plane en-
coder, and ϕ(·) applies a softplus normalization. Upon re-
ceiving new observations, the structural uncertainty is up-
dated, encouraging coverage-driven exploration and mitigat-
ing local greedy behavior during the early stages of map-
ping.

View-dependent Local Uncertainty. The explicit Gaus-
sian map Gk provides local observation entropy through
photometric and geometric residuals. At each step, we se-
lect top-K high-uncertainty candidate viewpoints Chigh and
compute depth and color errors:

Edepth
t =

∥∥Drender
t −Dgt

t

∥∥⊙Mt, (6)

Ergb
t =

∑
c∈{R,G,B}

∥∥I render
t,c − Igt

t,c

∥∥⊙Mt, (7)

where Mt masks valid pixels. The 2D errors are back-
projected into the 3D voxel space to estimate the uncertainty
of the local surface using the following formulation:

uexp(v) =
1

|Chigh|
∑

t∈Chigh

P(Edepth
t , Ergb

t ; v), (8)

where P(·) denotes voxel-wise backprojection with bilinear
interpolation.
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Figure 2: Our method processes the RGB-D stream through dual explicit and implicit reconstruction branches. The explicit
branch projects data into a 3D Gaussian model, while the implicit branch employs an encoder-decoder architecture to regress
RGB values and SDF. Subsequently, the discrepancy between the rendered RGB-D and the GT RGB-D is computed. Another
mlp predicts global uncertainty, while temporal variations on the SDF surface are characterized to derive uncertainty for the
hybrid explicit-implicit representation. This representation then drives NBV selection and path planning. Finally, keyframes are
selected within a sliding window for joint optimization of the explicit and implicit maps.

Temporal Variation Uncertainty. To detect emerging
surfaces and inconsistencies, we evaluate SDF changes be-
tween consecutive keyframes: ∆St = St−St−1. According
to the varying states of surfaces, define masks for new sur-
faces, geometry changes, and novel free space:

Mnew = I(0≤St≤τs)⊙ I(∆St>τn),

Mchange = I(|∆St|>τc),

Mfree = I(St>τf )⊙ I(St−1<−τf ).

(9)

The temporal uncertainty term is:

utime(v) = β1|∆St(v)|+ β2 · I(v ∈ Mfocus), (10)

where Mfocus = Mnew ∪Mchange ∪Mfree.
Then, the final hierarchical uncertainty is fused as:

ufinal(v) = α1uimp(v) + α2uexp(v) + α3utime(v), (11)

where αi are weights estimated via evidence maximization,
interpreted as a fusion of global priors, local observations,
and temporal consistency. This hierarchical map directly
links to the NBV reward in Eq. 4, providing a multi-scale
uncertainty signal that balances exploration coverage and
model fidelity.

Next-Best-View Searching
With the hybrid scene state Mk = {Fθ,Gk} and hierarchi-
cal uncertainty map ufinal(v) defined in Eq. 11, the goal of
active planning is to select the next viewpoint ci that maxi-
mizes the expected hybrid information gain.

EHIG Objective. Based on the final hierarchical uncer-
tainty, we cast NBV selection as:

c∗i = argmax
c∈C

E [∆Ihybrid(c)] , (12)

where C is the candidate viewpoint set, and ∆Ihybrid mea-
sures the reduction of hybrid entropy:

∆Ihybrid(c) = ∆H[Fθ] + ∆H[Gk], (13)

corresponding to global implicit and local explicit uncer-
tainty reduction, respectively.

Voxel-wise Information Weighting. For a voxel v visible
from candidate c, we define its contribution as:

w(v|c) = αU(v) + βHhybrid(v), (14)

where U(v) is the hierarchical uncertainty estimate from
Eq. 11 and Hhybrid(v) is the hybrid entropy in Eq. 3. α and β
are weights. This formulation unifies multi-scale uncertainty
into a single information-theoretic weight.

NBV Reward. Given the information weight of the voxel,
the expected reward of candidate c is obtained via Eq. 4.

Risk-Aware Path Planning. After obtaining the next
goal, we employs an enhanced RRT* algorithm (LaValle and
Kuffner 2001) for active path planning. To generate physi-
cally feasible trajectories, we integrate the NBV reward into
a risk-aware cost function:

p∗ = argmin
p

∫
p

(
Ctravel(x)− ηR(cx) + λCrisk(x)

)
dx,

(15)
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where p is the planned path, Ctravel the navigation cost, Crisk
the collision probability, and R(cx) the NBV reward at pose
x.

This proposed NBV searching bridges hybrid scene repre-
sentation, multi-scale uncertainty, and active trajectory opti-
mization into a single expected information gain framework.
By combining global implicit entropy reduction and local
explicit observation gain, the planner achieves coverage-
aware and detail-preserving exploration.

Uncertainty-driven Keyframe Selection
Unlike conventional keyframe strategies that are tightly cou-
pled with temporal ordering, we propose a Uncertainty-
driven selection criterion that anchors high-information ob-
servations in the hybrid scene state Mk. Rather than merely
ensuring temporal coverage, the proposed keyframes act as
a sparse attention mechanism, focusing optimization on re-
gions where the hybrid uncertainty is maximized.

Viewpoint-Based Keyframe Selection. By decoupling
keyframe selection from temporal sampling and binding it
to viewpoint-space information gain, our method avoids re-
dundant observations and focuses optimization capacity on
spatially complementary views, which is crucial for active
reconstruction. For a newly acquired RGB-D frame Sc with
camera pose Tc,w, we compute its viewpoint divergence rel-
ative to the active keyframe set SKF:

δc = min
Sj∈SKF

dview
(
Tc,w,Tj,w

)
, (16)

where dview measures the viewpoint baseline in SE(3) space,
combining angular separation and projected frustum over-
lap.

Aggressive active motion planning may cause an agent
to overskip salient textural structures, we introduce a
dual-uncertainty intersection criterion. Define the high-
uncertainty intersection set as:

Vhigh = {v ∈ Vu | uexp(v) > τh ∧ uimp(v) > τh} . (17)

For frame Sc, we compute its uncertainty coverage ratio ρc
as the fraction of Vhigh visible in its frustum:

ρc = |Vhigh ∩ Vvis(Sc)|
/
|Vvis(Sc)|,

with Vvis being the visible voxel set. A frame is promoted to
keyframe if:

(δc > τview) ∧ (∆Ihybrid(Sc) > τinfo) ∧ (ρc > τρ), (18)

where τview, τinfo, τρ are viewpoint, information-gain and
coverage threshold, respectively. The uncertainty-driven
keyframe selection scheme actually establishes a sparse at-
tention mechanism toward scene structures. This ensures se-
lection of frames observing regions where both geometric
and neural uncertainties are high.

Viewpoint-Space Sliding Window. Employing all
keyframes for joint optimization still incurs excessive com-
putational burden, prior approaches maintained a sliding
window over continuous time. However, this strategy ex-
hibits significant viewpoint redundancy as agent approaches
the target, while failing to establish sufficient covisibility

Method Metric Off0 Off1 Off2 Off3 Off4 R0 R1 R2

ANM-S
Acc ↓ 1.44 1.03 1.60 1.80 1.50 1.47 1.29 1.28
Com. ↓ 1.98 1.55 6.65 1.13 1.08 0.91 1.02 0.85
C.R. ↑ 95.4392.6679.2094.9895.3596.7195.6696.79

NARUTO

Acc ↓ 1.26 1.04 × 34.84 1.67 1.75 × 1.50
Com. ↓ 1.41 1.30 × 2.96 2.01 1.56 × 1.49
C.R. ↑ 97.6396.88 × 91.2795.1494.58 × 97.56
PSNR ↑ 31.0131.43 × 26.6328.5726.55 × 25.56
SSIM ↑ 0.8920.897 × 0.8310.8820.782 × 0.818
LPIPS ↓0.2990.283 × 0.2830.2840.354 × 0.367

ActiveSplat

Acc ↓ 1.16 1.11 1.47 1.70 1.50 1.67 1.43 1.36
Com. ↓ 0.63 0.94 5.59 1.83 1.06 0.84 0.74 1.04
C.R. ↑ 97.5494.5480.6991.4995.3497.0496.8495.65
PSNR ↑ 24.4826.9522.7220.9627.8826.1629.0028.86
SSIM ↑ 0.8570.8710.8880.8040.8780.8230.8770.894
LPIPS ↓0.1450.1300.1130.2320.1470.1990.1360.113

OURS

Acc ↓ 1.12 1.02 1.34 1.56 1.38 1.59 1.13 1.26
Com. ↓ 1.34 1.17 1.66 1.97 1.87 1.75 1.32 1.52
C.R. ↑ 97.7698.2196.8694.7096.8097.2898.0998.18
PSNR ↑ 40.5140.5433.7234.1437.3733.8034.6336.00
SSIM ↑ 0.9800.9790.9510.9490.9640.9480.9540.962
LPIPS ↓0.0300.0340.0670.0750.0540.0720.0560.053

Table 1: Quantitative comparison of 3D reconstruction and
view synthesis quality between the proposed method and
state-of-the-art approaches on the Replica dataset. The sym-
bol × indicates that the method fails to complete exploration
within five trials.

constraints upon revisiting similar locations. We maintain a
local optimization window Wk = {Sc1 , . . . ,Scm} indexed
by spatially selected keyframes, not constrained by temporal
adjacency. The hybrid state Mk is jointly refined via:

Etotal = Ephoto + Egeo + λEreg, (19)
where Ephoto enforces multi-view photometric consistency
on Gk, Egeo aligns Gaussian primitives with the implicit SDF
Fθ, and Ereg prevents overfitting across non-overlapping
viewpoints.

4 Experiments
Implementation and Simulator
We implement the proposed method within the Habitat sim-
ulator (Savva et al. 2019) as an active exploration sys-
tem. The agent captures posed RGB-D observations along
planned viewpoints. The camera field-of-view is set to 60◦

vertically and 90◦ horizontally, and the system processes se-
quences online with on-policy planning and incremental re-
construction. Further implementation details are presented
in the supplementary material.

Datasets, Metrics, and Baselines
Following prior active mapping benchmarks (Yan, Yang,
and Zha 2023), we evaluate on two widely used datasets:(i)
Replica (Straub et al. 2019) with 8 indoor scenes, and
(ii) Matterport3D (MP3D) (Chang et al. 2017) with 5
large-scale scenes exhibiting significant occlusion and spa-
tial complexity. All methods are run for 2000 exploration
steps on Replica and MP3D.
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Figure 3: Qualitative comparison of 3D reconstruction results on representative MP3D sequences. Additional results and de-
tailed comparisons for all Replica and MP3D sequences are provided in the supplementary material.

We report metrics targeting the critical objectives of ac-
tive reconstruction: accuracy (Acc, cm), completion (Com,
cm), and completion ratio (C.R., %), where Acc/Com are
computed with a 5cm threshold. To evaluate rendering qual-
ity, we report PSNR, SSIM, and LPIPS on held-out view-
points. For additional geometric consistency analysis, we
compute the Mean Absolute Distance (MAD) between the
reconstructed SDF and ground-truth surfaces.

We compare our method against state-of-the-art active re-
construction frameworks: ActiveNR (Yan, Yang, and Zha
2023), ANM-S (Kuang et al. 2024), NARUTO (Feng et al.
2024), and ActiveSplat (Li et al. 2025). We further compare
passive baselines in the supplemental material. All baselines
are re-trained and evaluated locally for fair comparison.

Evaluation on Replica
Table 1 reports 3D reconstruction and view synthesis metrics
on the Replica dataset. Our method consistently achieves
the best or second-best performance across all metrics. For
reconstruction, it yields the highest completion ratio (C.R.)
and lowest Acc/Com error, reaching 98.09% C.R. on R1 and
98.18% on R2. For view synthesis, it achieves the highest
PSNR (up to 40.51) and SSIM (0.980) while maintaining
the lowest LPIPS, demonstrating sharp textures and photo-
metric consistency.

Evaluation on MP3D
Table 2 evaluates our method on the MP3D dataset. Com-
pared to ActiveSplat, our approach significantly improves
both geometry and rendering fidelity. We achieve the high-
est combined reconstruction score in nearly all scenes, ex-

ceeding 98% on three out of five sequences. For photomet-
ric metrics, our method delivers the best PSNR and SSIM in
four out of five cases, while maintaining the lowest LPIPS,
reflecting perceptually consistent rendering.

Figure 3 visualizes reconstructions on MP3D. Compared
to NARUTO and ActiveSplat, our method produces sharper
edges, fewer ghosting artifacts, and consistent textures under
dynamic occlusion.

Ablation Study
As summarized in Table 3, ablation studies are conducted on
the challenging MP3D YmJk scene—characterized by sig-
nificant occlusion and complex geometry.

Uncertainty Setting. Removing multi-resolution tri-
plane encoding causes system failure due to complete loss
of spatial perception. Eliminating the MLP-predicted uncer-
tainty volume severely degrades reconstruction complete-
ness (Com: 4.37 cm vs. 2.81 cm) by impeding global scene
understanding. Exclusion of depth uncertainty induces er-
ratic reconstruction (Acc: 4.75 cm vs. 2.66 cm) due to com-
promised surface fidelity estimation, which destabilizes op-
timization. Omission of RGB uncertainty substantially dete-
riorates rendering metrics (PSNR: 28.35 dB vs. 30.93 dB),
attributable to degraded color/texture perception. Disabling
the time-varying SDF representation markedly decreases re-
construction completeness.

Searching and Planning.Replacing the risk-aware path
planner with naive uncertainty-volume aggregation degrades
reconstruction coverage (C.R.: 89.23% vs. 91.73%), as this
suboptimal strategy prompts excessive surface proximity, re-
ducing global observability while increasing collision risk.
Finally, disabling keyframe management guided by spatial
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(a) Cavity Region (b) MLP Unc. (c) Depth Unc. (d) Photometric Unc. (e) SDF Variation Unc. Rotation

(f) Clean Mesh (g) SDF Surface (h) Combined Unc. (i) Unc. with SDF (j) Total Unc. Heatmap (k) Occlusion

Artifacts

Figure 4: Visualization of uncertainties and their spatial relationship to real scene. Our proposed hybrid strategy not only endows
the agent with global optimization capabilities, but also enables it to perceive intricate structures and textures while handling
occlusions.

Method Metric Gdvg gZ6f HxpK pLe4 YmJk Avg.

ActiveINR
Acc ↓ 5.09 4.15 15.60 5.56 8.61 7.80
Com. ↓ 5.69 7.43 15.96 8.03 8.46 9.11
C.R. ↑ 80.99 80.68 48.34 76.41 79.35 73.15

ANM-S
Acc ↓ 5.52 1.62 2.13 4.54 4.50 3.66
Com. ↓ 3.95 2.01 12.49 2.51 3.53 4.90
C.R. ↑ 91.00 94.58 60.39 95.02 88.65 85.93

NARUTO

Acc ↓ 2.34 3.57 7.29 4.46 9.52 5.44
Com. ↓ 4.93 2.47 2.84 3.14 5.68 3.81
C.R. ↑ 84.88 93.26 92.15 82.67 78.99 86.39
PSNR ↑ 23.42 23.84 23.32 27.15 23.64 24.27
SSIM ↑ 0.742 0.719 0.734 0.767 0.735 0.739
LPIPS ↓ 0.416 0.523 0.492 0.554 0.517 0.500

ActiveSplat

Acc ↓ 2.39 1.74 2.53 4.09 9.52 4.05
Com. ↓ 3.76 1.34 24.28 1.07 2.84 6.66
C.R. ↑ 92.11 97.61 44.45 99.10 90.78 84.81
PSNR ↑ 22.77 16.40 18.33 23.49 24.57 21.12
SSIM ↑ 0.700 0.601 0.776 0.667 0.852 0.719
LPIPS ↓ 0.264 0.342 0.236 0.345 0.156 0.269

OURS

Acc ↓ 1.68 1.90 1.61 2.68 2.66 2.11
Com. ↓ 1.59 1.96 2.09 2.38 2.81 2.27
C.R. ↑ 98.23 97.94 98.12 94.55 91.73 96.11
PSNR ↑ 31.12 32.43 29.53 33.14 30.93 31.43
SSIM ↑ 0.912 0.939 0.905 0.920 0.923 0.920
LPIPS ↓ 0.160 0.168 0.176 0.222 0.179 0.181

Table 2: Quantitative comparison on the MP3D dataset for
3D reconstruction and novel view synthesis.

co-visibility and uncertainty underutilizes historical obser-
vations upon revisit, leading to rendering degradation.

Advantages of Hierarchical Uncertainties. Fig. 4 visu-
alizes the Hierarchical Uncertainty Map. The fully implicit
uncertainty (b, e) provides the agent with global optimiza-
tion capability. However, as the MLP-predicted SDF tends
to generate redundant structures (f, g), it induces excessively
high uncertainty in void regions (a) and redundant structure
areas (g). This results in the agent allocating excessive atten-
tion to non-existent uncertainties (h). Conversely, the fully
explicit uncertainty (c, d) aids the agent in identifying com-

Method PSNR↑ SSIM↑ LPIPS↓ MAD↓ Acc↓ Com↓ C.R.↑
final 30.93 0.923 0.179 1.53 2.66 2.81 91.73
w.o. Tri-plane Encoder × × × × × × ×
w.o. MLP Uncert 30.89 0.917 0.191 1.80 2.65 4.37 84.84
w.o. Depth Uncert 29.28 0.907 0.218 1.88 4.75 5.12 83.97
w.o. RGB Uncert 28.35 0.901 0.201 1.78 2.69 4.02 86.18
w.o. SDF Temp 31.23 0.921 0.187 1.58 2.71 3.11 90.83
w.o. Risk Planning 30.78 0.916 0.179 1.61 2.67 3.40 89.23
w.o. Uncert Keyframe 29.43 0.917 0.182 1.54 2.77 2.88 88.91
w. Temporal Sliding Window 28.69 0.910 0.186 1.62 2.69 3.72 87.02

Table 3: Ablation study on MP3D dataset. The best results
are highlighted in the table.

plex structures and textures. Nevertheless, due to its inability
to perceive occluded regions (k) via α-blending, it leads the
agent to prematurely conclude optimization completeness
and initiate subsequent planning. Our hybrid approach syn-
ergistically combines the strengths of both explicit and im-
plicit representations. By adaptively weighting the explicit
and implicit uncertainties, it enhances the agent’s perceptual
awareness across all local and global regions (g).

5 Conclusion

We have introduced Active3D, an active 3D reconstruction
framework that unifies implicit neural fields and explicit
Gaussian primitives into a hybrid information-theoretic
formulation. By deriving a hierarchical uncertainty vol-
ume from this hybrid scene state, our method simultane-
ously captures global structural priors and local observation
confidence, enabling principled next-best-view selection.
An uncertainty-driven keyframe selection strategy anchors
high-entropy viewpoints as sparse attention nodes, while
a viewpoint-space sliding window performs uncertainty-
aware local refinement to maintain global–local consistency.
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