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Abstract

Efficient data acquisition is a key factor in neural 3D reconstruction, where
redundant viewpoints can increase computational cost without improving recon-
struction quality. We propose a reinforcement learning-based active viewpoint
policy that optimises image collection for NeRF reconstruction under a fixed
sensing budget. The agent is trained to maximise scene coverage while penal-
ising redundant observations and inefficient trajectories, and learns to terminate
data collection as information gain saturates. Evaluated on indoor scenes from the
Replica dataset, our method achieves 33.33 dB PSNR while reducing the number
of views by 25% (from 80 to 60), with a proportional reduction in scene acquisi-
tion time. Under the same sensing budget, it outperforms a coverage-only policy
(33.05 dB) and a heuristic baseline (18.79 dB). The learned policy generalises to
unseen scenes without retraining. These results indicate that learned data ac-
quisition can improve both efficiency and reconstruction quality as an upstream
component of 3D pipelines.
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1 Introduction

Neural 3D reconstruction methods, such as Neural Radiance Fields (NeRF) [1],
have significantly improved the quality of scene representation from sparse im-
age observations. In recent years, the demand for high-quality 3D models has
grown rapidly [2]. These approaches enable high-fidelity view synthesis and serve
as a foundation for applications in robotics, augmented reality, and digital twin
construction. However, their performance depends strongly on the quality and di-
versity of input viewpoints. In practice, image acquisition is often performed using
heuristic trajectories or passive capture strategies, which can lead to redundant
observations and inefficient use of resources.

Active viewpoint planning addresses this challenge by selecting informative
camera poses to maximize scene coverage. Classical approaches formulate this
as a Next-Best-View (NBV) problem, using geometric or information-theoretic
criteria to guide exploration [3, 4, 5]. Recent advancements have integrated these
principles into neural reconstruction, combining viewpoint selection with active
representation learning and data collection [6, 7]. However, many of these methods
rely on hand-crafted heuristics or prioritize coverage alone, without explicitly
optimizing the efficiency of collected observations.

Reinforcement learning (RL) provides a flexible framework for learning ex-
ploration strategies in embodied environments, with prior work focusing on nav-
igation, mapping, and task completion [8, 9]. While these works highlight the
importance of viewpoint selection for downstream quality, the problem of learn-
ing policies that explicitly reduce redundancy while maintaining reconstruction
fidelity remains relatively underexplored.

In this work, we address this gap by learning an active viewpoint policy that
optimizes data acquisition for neural reconstruction. Our approach trains a Prox-
imal Policy Optimization (PPO) agent [10] to maximize coverage while penalizing
redundant viewpoints and inefficient trajectories. To optimize hardware utiliza-
tion, we implement an asymmetric resource strategy: the navigational policy
operates on a vectorized observation space on the CPU, while GPU resources
are reserved for photorealistic rendering in Habitat-Sim [11] and high-resolution
NeRF reconstruction. The resulting policy produces compact, informative im-
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age sets that improve reconstruction quality under a fixed sensing budget. We
summarize our contributions as follows:

• We propose a reinforcement learning-based framework for active viewpoint
selection that explicitly balances coverage and redundancy.

• We integrate a precision coverage tracking mechanism with the simulator’s
NavMesh to ensure reward signals are grounded in true navigable scene ge-
ometry.

• We integrate the learned policy with a NeRF-based reconstruction pipeline
and evaluate its impact on reconstruction quality.

• We demonstrate that the proposed method improves PSNR while reducing
the number of captured views, and generalizes to unseen scenes.
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2 Theoretical Foundations

2.1 Neural Radiance Fields

This section provides the theoretical basis of NeRF-based 3D reconstruction, in-
troducing the classical formulation of the problem and the neural rendering ap-
proach.

2.1.1 The 3D Scene Reconstruction Problem

3D Reconstruction is the process of generating a 3-dimensional scene represen-
tation from a set of 2-dimensional inputs like images, video etc. We can for-
mulate the classical 3D reconstruction problem [12, 1, 13] as: given a set of 2D
observations {I𝑖}𝑁𝑖=1 captured from known or estimated camera poses {P𝑖}𝑁𝑖=1,
recover a representation of the underlying 3D scene 𝒮. Early approaches relied
on Structure-from-Motion (SfM) [14] and Multi-View Stereo (MVS) [15] to detect
sparse keypoints, match them across views, and triangulate a point cloud, which
could subsequently be meshed and textured. These pipelines, despite robust-
ness, often suffer from incomplete coverage in some regions and do not originally
support novel-view synthesis.

Neural scene reconstruction methods address these limitations by formulating
view synthesis as a photometric optimisation problem, minimising the error be-
tween rendered and observed images directly from posed RGB inputs, as detailed
in Section 2.1.2.

2.1.2 NeRF Architecture and Representation

Neural Radiance Field (NeRF) is a technique for generating synthesised novel
views from a sparse set of input images [1, 16]. Introduced by Mildenhall et al.
at ECCV 2020, NeRF demonstrated that a static scene can be represented as a
continuous 5D function and rendered at novel viewpoints with improved photo-
realism.

Formally, NeRF defines a function

𝐹Θ : (x,d) −→ (c, 𝜎), (1)
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where x = (𝑥, 𝑦, 𝑧) ∈ R3 is a 3D spatial location, d = (𝜃, 𝜑) ∈ S2 is the viewing
direction expressed in spherical coordinates, c = (𝑟, 𝑔, 𝑏) ∈ [0, 1]3 is the emit-
ted RGB colour, and 𝜎 ≥ 0 is the volume density, which acts as a differential
opacity [1].

The weights Θ are optimised end-to-end solely from posed RGB images [1].
To represent high-frequency geometric detail, both position and direction are first
lifted into a higher-dimensional space via a sinusoidal positional encoding [1, 17]:

𝛾(𝑝) =
(︀
sin(20𝜋𝑝), cos(20𝜋𝑝), . . . , sin(2𝐿−1𝜋𝑝), cos(2𝐿−1𝜋𝑝)

)︀
, (2)

where 𝐿 controls the number of frequency bands. The encoded inputs are pro-
cessed by a fully connected Multi-Layer Perceptron (MLP). To be precise, the
first branch outputs volume density 𝜎 from position alone, and a second branch
outputs view-dependent colour c conditioned on both position and direction [1].
The network parameters Θ are then optimised by minimising the photometric
reconstruction loss over all camera rays:

ℒ =
∑︁
r∈ℛ

⃦⃦
𝐶(r)− 𝐶(r)

⃦⃦2
2
, (3)

where 𝐶(r) is the rendered colour (Section 2.1.3) and 𝐶(r) is the ground-truth
pixel colour.

Since this optimisation depends entirely on the set of posed input images,
the choice of captured viewpoints directly determines the quality of the resulting
reconstruction.

2.1.3 Volume Rendering

To understand why viewpoint quality matters, we must examine how NeRF con-
verts its MLP outputs into a rendered image. The theoretical basis of NeRF is
classical volume rendering, first formalised for computer graphics [18]. A camera
ray r(𝑡) = o+ 𝑡d is cast from camera origin o in direction d. The expected colour
𝐶(r) along the ray between near and far bounds 𝑡𝑛 and 𝑡𝑓 is given by the volume
rendering integral :

𝐶(r) =

∫︁ 𝑡𝑓

𝑡𝑛

𝑇 (𝑡) 𝜎
(︀
r(𝑡)
)︀
c
(︀
r(𝑡),d

)︀
d𝑡, (4)
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where the accumulated transmittance 𝑇 (𝑡) represents the probability that the ray
travels from 𝑡𝑛 to 𝑡 without hitting any particle:

𝑇 (𝑡) = exp

(︂
−
∫︁ 𝑡

𝑡𝑛

𝜎
(︀
r(𝑠)

)︀
d𝑠

)︂
. (5)

In practice, the integral (4) is approximated by stratified sampling of 𝐾 points
{𝑡𝑘}𝐾𝑘=1 along each ray [1]. Let 𝛿𝑘 = 𝑡𝑘+1 − 𝑡𝑘 be the distance between adjacent
samples. The discrete colour estimate is

𝐶(r) =
𝐾∑︁
𝑘=1

𝑇𝑘 𝛼𝑘 c𝑘, (6)

where the discrete transmittance and alpha values are

𝑇𝑘 = exp

(︃
−

𝑘−1∑︁
𝑗=1

𝜎𝑗 𝛿𝑗

)︃
, 𝛼𝑘 = 1− exp(−𝜎𝑘 𝛿𝑘). (7)

This formulation is fully differentiable, enabling gradient-based optimisation of
the MLP parameters via Equation (3).

2.1.4 Evaluation Metrics

In this work we evaluate reconstruction quality using three complementary per-
ceptual and signal-level metrics that are standard in the novel-view-synthesis lit-
erature [1, 19].

Peak Signal-to-Noise Ratio (PSNR) quantifies the pixel-level fidelity be-
tween a rendered image Î and its ground-truth counterpart I, both of size 𝐻×𝑊 .
It is derived from the Mean Squared Error (MSE):

MSE =
1

𝐻𝑊

∑︁
𝑖,𝑗

⃦⃦
Î𝑖𝑗 − I𝑖𝑗

⃦⃦2
2
, (8)

PSNR = 10 · log10
(︂
MAX2

MSE

)︂
[dB], (9)

where MAX = 1 for normalised pixel values. Higher PSNR indicates lower dis-
tortion. Typical NeRF results on standard benchmarks achieve 28–33 dB [1]. A
known limitation of PSNR is that it operates per-pixel and does not capture
structured perceptual similarity.
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Structural Similarity Index(SSIM) [20] measures perceived similarity along
three axes: luminance 𝑙, contrast 𝑐, and structure 𝑠. For two image patches x and
y:

SSIM(x,y) =
2𝜇𝑥𝜇𝑦 + 𝐶1

𝜇2𝑥 + 𝜇2𝑦 + 𝐶1⏟  ⏞  
𝑙(x,y)

· 2𝜎𝑥𝜎𝑦 + 𝐶2

𝜎2𝑥 + 𝜎2𝑦 + 𝐶2⏟  ⏞  
𝑐(x,y)

· 𝜎𝑥𝑦 + 𝐶3

𝜎𝑥𝜎𝑦 + 𝐶3⏟  ⏞  
𝑠(x,y)

, (10)

where 𝜇𝑥, 𝜇𝑦 are local means, 𝜎2𝑥, 𝜎2𝑦 are local variances, 𝜎𝑥𝑦 is the cross-covariance,
and 𝐶1, 𝐶2, 𝐶3 are small stability constants [20]. The full-image SSIM is obtained
by averaging over all patches, the values range from −1 to 1, with 1 indicating
perfect structural agreement.

Neither PSNR nor SSIM correlates strongly with human perceptual judge-
ment [19]. Learned Perceptual Image Patch Similarity (LPIPS) addresses
this by measuring the ℓ2 distance between deep feature activations extracted by
a pre-trained convolutional network 𝜑:

LPIPS(x,y) =
∑︁
ℓ

1

𝐻ℓ𝑊ℓ

∑︁
ℎ,𝑤

⃦⃦
𝑤ℓ ⊙

(︀
𝜑ℓ(x)ℎ𝑤 − 𝜑ℓ(y)ℎ𝑤

)︀⃦⃦2
2
, (11)

where 𝜑ℓ denotes channel-normalised activations at layer ℓ, 𝑤ℓ are learned linear
weights, and 𝐻ℓ,𝑊ℓ are spatial dimensions [19]. Lower values of LPIPS indicate
higher perceptual similarity, as it is a distance metric. Together, PSNR, SSIM,
and LPIPS provide a complementary picture of reconstruction quality.

2.2 Reinforcement Learning for Navigation

Figure 1: The agent–environment interaction in reinforcement learning [21].

Reinforcement learning (RL) is a branch of machine learning distinct from super-
vised and unsupervised learning. Rather than learning from labelled examples or
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discovering structure in data, an RL agent learns by interacting with an environ-
ment to achieve a goal [21]. The core idea is that the agent must be able to sense
the state of the environment to some extent and must be able to take actions that
affect the state [21, 22] in order to maximize the cumulative reward it receives in
the long run.

One of the main challenges in reinforcement learning is the need to balance
exploration, which prioritizes gathering the information, and exploitation, which
is greedy search. This trade-off is particularly relevant for active viewpoint plan-
ning. The agent must decide whether to revisit well-understood areas of the
scene or explore unobserved regions that may introduce greater reconstruction
improvement. In our work, this balance is managed implicitly through the PPO
policy gradient framework and the design of the reward function, discussed in
Sections 2.2.3 and 3.2.1 respectively.

2.2.1 Markov Decision Processes in Embodied AI

Embodied AI requires an agent to take actions, interact with an environment, and
learn from active perception [11]. The standard mathematical framework for such
sequential decision-making is the Markov Decision Process (MDP). A finite
MDP can be described as a tuple (𝑆,𝐴, 𝑇,𝑅, 𝛾), where 𝑆 is the state space, 𝐴 is
the action space, 𝑇 (𝑠, 𝑎, 𝑠′) is the transition function, 𝑅 is the reward function,
and 𝛾 ∈ [0, 1) is the discount factor [21].

The agent’s goal is to maximise the expected discounted cumulative return
𝐺𝑡 =

∑︀∞
𝑘=0 𝛾

𝑘𝑅𝑡+𝑘+1. The reward signal defines this goal precisely: on each
timestep, the environment sends the agent a single scalar reward, and it is critical
that the reward function truly indicates what we want accomplished [21].

The MDP framework assumes the Markov property, meaning the future is
independent of the past given the present state captured by the joint transition
distribution:

𝑝(𝑠′, 𝑟 | 𝑠, 𝑎) = Pr{𝑆𝑡+1 = 𝑠′, 𝑅𝑡+1 = 𝑟 | 𝑆𝑡 = 𝑠, 𝐴𝑡 = 𝑎}. (12)

In practice, an agent rarely has access to the full environment state. A Par-
tially Observable MDP (POMDP) extends this framework by replacing direct
state access with an observation 𝑜 ∈ Ω from an observation function 𝑂 : 𝑆×𝐴→
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Δ(Ω) [22]. Crucially, POMDPs make no distinction between actions that change
the world and actions that gather information [22]. This is directly relevant to
AVP as each movement of the agent both changes its position in the scene and
reduces uncertainty about unobserved regions.

We formulate our problem as a POMDP. The agent cannot observe the com-
plete scene and instead receives a compact observation vector summarising local
depth statistics and pose information and learns from it (Section 3.2.2).

2.2.2 The Next-Best-View Problem and Information Gain

The central question in exploration is: given what you know about the world,
where should you move to gain as much new information as possible [4]? Early
approaches answer this with frontier-based exploration, selecting boundaries be-
tween known and unknown space, however, these methods do not consider future
consequences.

The problem of minimizing the views required to cover an object for 3D re-
construction is known as the View Planning Problem [2]: find a minimum subset
𝒯 ⊂ 𝑆 of viewpoints such that the scene Ω is sufficiently covered [2]:

𝑣* =𝑣∈𝒱 ℐ(𝑣) s.t. |𝒯 | ≤ 𝐵, (13)

where ℐ(𝑣) is the information gain at viewpoint 𝑣 and 𝐵 is the sensing budget.
Solving VPP optimally is NP-hard, and the greedy algorithm is the best known

polynomial-time approximation [23]. In order to find a better solution, we cast
VPP as a Markovian Decision Process and solve the MDP in RL framework. As
the result, instead of hand-crafting a heuristic, the agent learns a policy that
accounts for long-term information gain.

2.2.3 Proximal Policy Optimization

Having framed viewpoint selection as an MDP, we need a method to solve it. A
policy 𝜋𝜃 is trained to maximise the expected cumulative return:

𝐽(𝜃) = E𝜏∼𝜋𝜃

[︃
𝑇∑︁
𝑡=0

𝛾𝑡𝑅𝑡

]︃
, (14)
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Policy gradient methods optimise 𝐽(𝜃) directly via the policy gradient theo-
rem [21]:

∇𝜃𝐽(𝜃) = E𝜋𝜃

[︁
∇𝜃 log 𝜋𝜃(𝑎𝑡 | 𝑠𝑡) · 𝐴𝑡

]︁
, (15)

where 𝐴𝑡 = 𝑄𝜋(𝑠𝑡, 𝑎𝑡) − 𝑉 𝜋(𝑠𝑡) is the advantage function, which is the relative
benefit of action 𝑎𝑡 over the expected value of state 𝑠𝑡.

Proximal Policy Optimization (PPO) [10] stabilises training by clipping the
probability ratio between new and old policy 𝑟𝑡(𝜃) = 𝜋𝜃(𝑎𝑡 | 𝑠𝑡)/𝜋𝜃old(𝑎𝑡 | 𝑠𝑡):

ℒCLIP(𝜃) = E𝑡

[︁
min

(︁
𝑟𝑡(𝜃)𝐴𝑡, clip(𝑟𝑡(𝜃), 1−𝜖, 1+𝜖)𝐴𝑡

)︁]︁
, (16)

where 𝜖 controls the maximum policy change per update [10].
We select PPO for our task because the coverage reward is non-stationary,

making on-policy learning appropriate. PPO operates efficiently with compact,
low-dimensional observation vectors, enabling efficient resource utilization. Ad-
ditionally, the simple first-order updates make ablation comparisons clean and
reproducible.
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3 Methods

In this chapter, we describe the technical framework and the multi-staged pipeline
developed for active reconstruction, as shown in Figure 2. Our primary task
involves utilizing a scene simulator where a trained agent autonomously captures
viewpoints within a 3D space. Our methodology integrates high-performance 3D
simulation, reinforcement learning for viewpoint selection, and NeRF for spatial
synthesis. The goal of the system is to transit from raw spatial data to a refined,
navigable, and reliable 3D model. This model provides the foundation for efficient
scene reconstruction and can be further utilized for active viewpoint planning
tasks.

Figure 2: Overview of the proposed active viewpoint planning pipeline. Left: the
RL training loop inside the simulation environment, showing the MDP rollout be-
tween the PPO policy and Habitat-Sim. Right: the NeRF reconstruction stage,
from captured frames and camera poses through nerfacto training to metric eval-
uation against Habitat-Sim ground truth.

3.1 Environment and Simulator

In order to develop an autonomous agent capable of efficient 3D reconstruction,
a controlled yet photorealistic environment is required. Simulation of the scene
provides a safe, scalable, and computationally efficient alternative to real-world
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robotics. Additionally, thousands of trials can be performed without extensive
hardware or safety risks.

3.1.1 Simulation Environment

Habitat enables training embodied agents (virtual robots) in flexible, high-performance
3D simulation with multiple sensors and generic 3D dataset handling [11]. We
utilized the Habitat-Sim Python API to manage the interaction between the agent
and the 3D scene. This simulator is selected for the work due to its computa-
tional efficiency, as it can render photorealistic frames at thousands of frames per
second (FPS) by leveraging shared memory to expose rendered data as Python
tensors [11]. This architecture allows for a tight feedback loop between the agent’s
actions and its visual observations.

In our implementation, we utilized the following architectural abstractions
provided by the Habitat API [11]:

• Environment is the top-level wrapper that abstracts the simulator’s com-
plexities, providing a standardised interface for resetting scenes and stepping
through actions.

• Task extends the simulator’s observation and action space with task-specific
ones [11]. It allows us to extend the standard observation space with task-
specific metrics, such as our custom coverage grid.

• Action Space is a discrete set of movements (Forward, Turn, Pitch, Stop)
that the agent uses to navigate the 3D space.

We wrap Habitat-Sim in a custom Gymnasium Environment (AVPEnv) im-
plementing the Gymnasium interface [24], which exposes a standardised reset()

/ step() API to the PPO trainer. The wrapper manages a 2D navigable floor
grid for coverage tracking, a dual-resolution sensor pipeline (160×120 for policy
training, 640×480 saved to disk for NeRF), and a discrete action space of six
actions: move forward, turn left, turn right, look up, look down, and stop. This
design keeps all scene-specific logic encapsulated, allowing the same policy to be
evaluated on unseen rooms by simply changing the scene path at instantiation.
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A key technical decision in our setup was the optimisation of hardware re-
sources. While Habitat-Sim utilises the GPU for high-throughput rendering of
the 3D scenes, we designed the agent’s core to be computationally efficient. In-
stead of using a heavy Convolutional Neural Network (CNN) to process raw pixels
during training, we utilised a vector-based observation space. By feeding the agent
a 13-element vector (containing depth statistics, coordinates, and yaw/pitch), we
were able to run the reinforcement learning (PPO) training on the CPU. This ap-
proach significantly reduced GPU memory utilisation and reserved those resources
for the final high-resolution NeRF reconstruction.

3.1.2 Dataset Selection

For the scene geometry, we used the Replica Dataset, a collection of 18 highly
photo-realistic 3D indoor scene reconstructions at room and building scale [25].
Replica is chosen over other datasets because it sets a high standard for texture
and geometry resolution, including HDR information and realistic lighting [25].
This level of realism is essential for NeRF-based reconstruction, as the neural
model requires consistent, high-quality visual data to accurately synthesize the
scene from a sparse set of viewpoints.

3.1.3 Grid-Based Coverage Tracking and NavMesh Integration

In order to measure the success of a performed reconstruction and track explo-
ration process, we implement a Grid-Based Coverage Tracker that maps 3D depth
observations into a 2D occupancy grid, adapting the occupancy grid framework
of Elfes [26] from obstacle detection to visual coverage.

A critical component of the tracker is the Navigation Mesh (NavMesh), an
abstract data structure used in artificial intelligence applications to aid agents in
pathfinding through complicated spaces [27]. The NavMesh was integrated into
the simulator to define the reachable area and simplify complex 3D geometry into
navigable polygonal surfaces. We integrated the NavMesh via the Habitat-Sim
PathFinder API [28] to establish the ground truth of reachable space within the
room. This ensures the agent is only evaluated on its ability to scan areas where
a robot could physically stand, ignoring the volume of walls or furniture.
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We discretised the 3D environment into a 2D occupancy grid 𝐺, where each
cell represents a 0.1m × 0.1m area of the floor plane. The true coverage ratio
𝐶 represents the percentage of the reachable room that has been successfully
captured by the agent’s sensor, calculated as the intersection of observed cells
and the navigable mask:

𝐶 =

∑︀𝑀
𝑖=1

∑︀𝑁
𝑗=1𝑂𝑖,𝑗 ·𝑁𝑖,𝑗∑︀𝑀

𝑖=1

∑︀𝑁
𝑗=1𝑁𝑖,𝑗

(17)

where 𝑀,𝑁 are the dimensions of the global grid, 𝑂𝑖,𝑗 ∈ {0, 1} is a binary
indicator equal to 1 if cell (𝑖, 𝑗) has been intersected by at least one camera ray,
and 𝑁𝑖,𝑗 ∈ {0, 1} is the NavMesh mask equal to 1 if the cell lies within the
navigable bounds defined by the simulator [28].

This grid allows the agent to distinguish between new information and re-
dundant views, which is the basis for the redundancy penalty reward discussed in
Section 3.2.1. While coverage measures the quantity of observed space, it does not
account for the efficiency of the trajectory. To evaluate the spatial distribution
of the captured camera poses, we report the Average Nearest Neighbour Distance
(ANND). A lower ANND indicates high spatial clustering (redundancy), whereas
a higher ANND suggests a more diverse and efficient set of viewpoints:

ANND =
1

𝑛

𝑛∑︁
𝑘=1

min
𝑗 ̸=𝑘

‖p𝑘 − p𝑗‖ (18)

where 𝑛 is the total number of captured frames, and p𝑘, p𝑗 are the 3D position
vectors of the 𝑘-th and 𝑗-th camera poses.

3.2 Active Policy Design

The main objective of active policy in this work is to transform the navigation
from a stochastic random walk into goal-oriented exploration. We frame the
algorithm as an MDP and train a policy 𝜋 to maximise the expected cumulative
reward 𝐺𝑡 =

∑︀∞
𝑘=0 𝛾

𝑘𝑅𝑡+𝑘+1 through interaction with Habitat-Sim.

3.2.1 Reward Function Design

The reward function is the core of our agent, as it directs the robot toward infor-
mative regions while penalising inefficient behaviour. Our reward logic is based
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on the fundamental definition by Yamauchi, where exploration is the act of mov-
ing through an unknown environment while building a map that can be used for
subsequent navigation [4]. In order to gain the most new information about the
world, it is sufficient to move to the boundary between open space and uncharted
territory [4]. Our reward function explicitly encourages the agent to seek out these
frontiers. Mathematically, we implement this as a multi-component function:

𝑅𝑡 = 𝑅info +𝑅spread − 𝑃step − 𝑃collision − 𝑃redundancy +𝑅stop. (19)

Following Charrow et al. [29], the information gain term rewards the rate
of new coverage rather than raw coverage:

𝑅info =
𝛼

1 + 𝛾 𝑣cell
(Δ𝑐)𝛽, (20)

where Δ𝑐 is newly observed navigable cells, 𝑣cell is prior visits to the current cell,
and 𝛽 < 1 introduces sublinear scaling. The saturation term discourages revisiting
as the first visit yields full reward, the second 0.67, and so on. This structure forces
the agent to navigate the exploitation–exploration trade-off, deciding whether
to “improve the map in its local vicinity, or try to explore other parts of the
environment” [29].

The exploration spread reward encourages the agent to maintain distance
from its previously visited centroid [4]:

𝑅spread = 𝜆𝑠min
(︀
‖p𝑡 − p̄‖, 𝑟max

)︀
, (21)

where p̄ is the mean of all previously visited positions and 𝑟max clips the maximum
spread reward. This reward pushes the agent away from already-explored regions
without requiring an explicit frontier map computation.

To ensure that the agent follows useful paths for real-world robotics, we include
a collision penalty 𝑃collision. At each step, the agent’s displacement is measured.
If the move_forward action is selected but the actual movement is below a small
threshold (0.05 m), the agent is considered to have collided with geometry, and a
fixed penalty is applied. Over training, this teaches the policy to avoid forward
motion when facing an obstacle and instead favour turning actions to reorient. In
real-world deployment such contact would risk sensor damage or task failure, so
explicit collision-avoidance behaviour is essential [29].
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The step cost 𝑃step is a small constant applied at every step. It encourages
the agent to prioritise the rate of discovery over time and provides the implicit
pressure that makes the stop action attractive once coverage is sufficient.

A redundancy penalty 𝑃redundancy is applied to penalize the repeated capture
of near-identical frames. At each step, the agent’s current position and orientation
are compared against all previously visited positions. If any past viewpoint lies
within proximity threshold 𝑑red and its yaw and pitch both fall within angular
tolerance 𝛿, the viewpoint is classified as redundant and a fixed value is deducted
from the reward.

To avoid the Zeno-like paradox where information gain decreases geometrically
as full coverage is approached [4], we implement a discrete stop action. When
the agent fires this action after achieving a navigable coverage ratio ≥ 𝜏 , it receives
a bonus:

𝑅stop = 𝐵𝑠 + 𝜆𝑒 (𝑇 − 𝑡), (22)

where 𝐵𝑠 is a fixed termination bonus, 𝜆𝑒 scales the incentive for early stopping,
𝑇 is the step budget, and 𝑡 is the current step. This threshold is selected to
allow task completion in the fewest steps possible while avoiding the diminishing-
returns regime near full coverage. If the stop action is fired before the threshold is
reached, the episode continues with a small penalty to ensure the agent does not
permanently avoid exploring the stop action during training. All hyperparameters
are set empirically and held fixed across scenes.

3.2.2 Observation Space

To achieve high-efficiency training without the computational overhead of pro-
cessing raw RGB images, we use a 12-dimensional vectorized observation space.
The observation vector v ∈ R12 is structured as shown in Table 1.

By utilising this vectorised representation rather than raw pixel input, PPO
training runs entirely on CPU at approximately 200–280 FPS, while the GPU is
reserved exclusively for Habitat-Sim’s photorealistic rendering during rollout and
for NeRF reconstruction at inference time. This separation of compute respon-
sibilities was intentional: the 12-dimensional vector captures all information the
policy needs to navigate without requiring a convolutional network that would
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Table 1: Observation vector components.

Index Feature Description

0 𝑡/𝑡max Mission progress
1, 2 Δ𝑥/𝑟, Δ𝑧/𝑟 Relative displacement from

episode start, normalised by
room diameter 𝑟

3, 4 sin𝜓, cos𝜓 Yaw orientation (continu-
ous encoding)

5, 6 sin𝜑, cos𝜑 Pitch orientation (continu-
ous encoding)

7 𝑑min Minimum depth (nearest
obstacle)

8 𝑑 Mean depth (scene com-
plexity)

9 𝑐 Coverage ratio ∈ [0, 1]

10 𝑏coll Binary collision flag
11 ‖p̄− p‖/𝑟 Normalised distance from

visited centroid

compete with the renderer for GPU memory.

3.3 Reconstruction Pipeline

The final stage of the research focuses on the transition from image collection
to 3D synthesis. Once the active policy has collected its viewpoint sequence,
these images are processed through a neural reconstruction engine provided by
Nerfstudio, a modular framework designed to simplify the development and de-
ployment of Neural Radiance Fields [30]. In our pipeline, the output of each
rollout (640×480 RGB frames and 4×4 camera-to-world pose matrices saved as
.txt files) is converted into a transforms.json file following the OpenCV cam-
era model convention, which Nerfstudio takes as input via its nerfstudio-data
dataparser.

We selected the nerfacto model, which combines several state-of-the-art tech-
niques to balance reconstruction speed and fidelity. The scene is represented as
a continuous 5D function mapping each 3D point (𝑥, 𝑦, 𝑧) and viewing direction
(𝜃, 𝜑) to an emitted colour and volume density [1]. The reconstruction process
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consists of marching camera rays through the scene, sampling points along each
ray, querying the neural network for colour and density at each point, and accu-
mulating these values via classical volume rendering to produce a 2D image [1].

Two components make nerfacto particularly well-suited to our setting:

• Hash-Grid Encoding [31] allows the model to train in minutes rather than
hours by using a specialised data structure to store scene information.

• Proposal Sampler [32] concentrates ray samples near actual surfaces such
as walls and furniture rather than empty space, improving reconstruction
quality in the bounded indoor scenes provided by the Replica dataset.

The Dual-Resolution Sensor Pipeline operates at 160×120 during PPO
training to maximise simulation efficiency, as the policy operates on a 12-dimensional
vector and is invariant to image resolution. During rollout, a second dedicated HD
sensor captures 640×480 frames from the same physical camera pose for NeRF
reconstruction. This design ensures the policy’s navigational behaviour is identi-
cal between training and deployment and, most importantly, provides nerfacto
with the high-frequency texture detail it requires to reconstruct sharp edges and
surfaces accurately [1].

3.4 Evaluation Protocol

To verify the quality of the reconstruction and the efficiency of the navigation, we
utilise two categories of metrics. For all evaluated methods, the collected images
and camera poses are passed to a nerfacto model trained for a fixed 30,000
optimisation iterations, with all other training hyperparameters held constant
across conditions.

3.4.1 Perception Metrics

We evaluate reconstruction quality using PSNR, SSIM, and LPIPS as defined in
Section 2.1.3. For each method, we render 20 novel views from a fixed set of held-
out test poses generated directly from Habitat-Sim ground truth, and compute
all metrics against the ground-truth renders. This directly connects the active
policy’s viewpoint selection to final reconstruction fidelity.
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3.4.2 Navigation Metrics

To evaluate the active viewpoint policy, on each rollout we measure:

• Coverage Ratio (𝐶): defined in Section 3.1.2 (Equation 17), bounded to
[0, 1] and serving as the primary signal for the stop action threshold.

• Average Nearest Neighbour Distance (ANND): defined in Section 3.1.2
(Equation 18), used to evaluate spatial diversity of the collected viewpoints.

• Images Saved (𝑁): the total number of frames captured before episode
termination. For the full optimised policy this reflects when the agent volun-
tarily stopped; for ablation baselines it equals 𝑇 . Lower 𝑁 with equivalent
𝐶 indicates higher efficiency.

• Efficiency Index (EI): defined as EI = 𝐶/𝑁 , capturing the trade-off be-
tween coverage and image count. Higher EI means more coverage per cap-
tured frame.

• Coverage per View (CpV): a training-time metric computed as CpV =

(𝐶/average episode length)×100, tracking how efficiently the policy converts
steps into new coverage during training.
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4 Experiments and Results

4.1 Experimental Setup

4.1.1 Scene Selection and Evaluation Budget

Room_0 from the Replica dataset was chosen as the primary training environ-
ment due to its moderately complex furniture layout which requires non-trivial
navigation. Larger scenes such as apartment_0 were excluded as their spatial
scale requires substantially more steps to achieve comparable coverage fractions.
Room_2 is used to assess policy generalisation on unseen data with no retraining.

A fixed budget of 80 frames was selected based on preliminary experiments
with the coverage-driven RL policy. The task was for the coverage-maximising
agent to achieve full coverage satisfying the commonly adopted threshold of 30 dB
for perceptually acceptable NeRF reconstruction [1]. Budgets below 60 frames
resulted in coverage below 80% and PSNR dropping under this threshold, while
budgets above 80 produced diminishing returns in both metrics. As a result,
the 80-frame budget was empirically selected to represent the minimum sufficient
allocation for maximum performance and for future viewpoint reduction with the
proposed policy.

4.1.2 Computational Resources

Reinforcement learning training, NeRF optimisation, and high-resolution render-
ing required significant GPU acceleration. All experiments were performed using
a single NVIDIA RTX A5000 GPU with 24 GB of VRAM, which was necessary to
handle the memory-intensive hash-grid encoding of the nerfacto model without
downscaling. We utilised the RunPod cloud platform for on-demand computing,
supported by a 100 GB network volume located in the EU-SE-1 data centre. The
system was configured with 30 GB of system RAM and 8 virtual CPUs.

The NeRF reconstruction process of 30,000 iterations required approximately
60 - 90 minutes per scene to achieve geometric convergence and texture clarity.
Evaluating the held-out test subset takes approximately 2 minutes per method.
The RL policy (PPO) was trained for 300,000 time steps, taking approximately
30 minutes for 80 viewpoints setup to reach a stable reward plateau. Training
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hyperparameters are listed in Appendix A, Table 4. All ablation variants use
identical settings.

4.1.3 Software Environments

To organize the research pipeline and manage conflicting dependencies, we estab-
lished two distinct Python virtual environments:

• Habitat-RL Environment (Python 3.9) is configured with gymnasium [24],
stable-baselines3, and habitat-sim [11] to manage agent training and
navigation.

• Nerfstudio Environment (Python 3.11) is focused on the reconstruction
backend, utilising PyTorch with CUDA 11.8 to enable hardware-accelerated
neural rendering [30].

Alongside the main frameworks, the following supporting libraries were utilised:
NumPy, SciPy, pandas, matplotlib, Pillow (PIL), and numpy-quaternion.

4.2 Experimental Design

To demonstrate the effectiveness of the proposed solution, the evaluation is struc-
tured in two parts: an external baseline comparison and an internal ablation study.
To ensure a fair comparison, all methods operate under a fixed maximum budget
of 80 viewpoints. This budget was selected empirically as sufficient to achieve
near-complete coverage of a Replica room-scale scene while remaining within a
practical sensing limit. For each rollout, the collected images and camera poses
are passed to a NeRF model. Below we describe each method and quantitative
results follow in Section 3.2.

4.2.1 External Baseline

The external baseline implements a reactive, heuristic trajectory without a learned
policy. At each step, the agent reads the depth value at the centre pixel of
the current frame. If the distance to the nearest obstacle exceeds 1.0 m, the
agent moves forward, and otherwise it randomly turns left or right with equal
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probability. This kind of approach is simple obstacle-avoidance strategy common
in early exploration literature [4]. In our work, it represents unplanned, passive
capture. The action space is intentionally restricted to three actions, such as
forward, turn left, and turn right, and all 80 viewpoints are utilised regardless of
the coverage achieved. Formally, the action selection at step 𝑡 is:

𝑎𝑡 =

⎧⎨⎩move_forward if 𝑑centre > 𝑑thresh,

turn_left or turn_right otherwise (uniform random),
(23)

where 𝑑centre is the depth reading at the image centre and 𝑑thresh = 1.0m.

4.2.2 Ablation Study

The ablation study is divided into incremental components and results in the pro-
posed reward function. Thus, we evaluate the contribution of each design decision.
All variants use the same PPO policy architecture (300,000 timesteps, Room_0)
with the same observation vector and action space described in Section ??.

For Ablation 1 ( Coverage Only) the reward function comes as a simple
coverage signal:

𝑅 = 𝛼1Δ𝑐𝑡 − 𝑃collision, (24)

where Δ𝑐𝑡 is the number of navigable floor cells newly observed at step 𝑡 and
𝑃collision penalizes contact with geometry. The agent’s purpose is to maximize the
fraction of the scene, and, therefore, the full scene, not focusing on efficiency and
diversity.

Ablation 2 (Coverage and Redundancy) is aimed to not only maximise
coverage alone but to cut on redundant views. The reward function extends
Ablation 1 with a redundancy penalty and a spread logic:

𝑅 = 𝛼2Δ𝑐𝑡 + 𝜆𝑟 min(‖𝑝𝑡 − 𝑝‖, 𝑟max)− 𝑃redundancy − 𝑃collision, (25)

where 𝑝 is the mean of all previously visited positions and 𝑃redundancy is applied
when the current viewpoint is spatially and angularly similar to a prior observation
(within 𝑑red and angular tolerance 𝛿 in both yaw and pitch). This addresses the
limitation we have observed for coverage-only policy, as it tends to cluster views
in already-explored regions without explicit discouragement.
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The full reward function for the Proposed Policy is described in Section 3.2.To
summarise, it combines all reward components introduced in the ablation variants
with a learned stop action, allowing the agent to terminate data collection once
sufficient coverage is reached. This is the only variant capable of returning fewer
than 80 views.

4.3 Experimental Results

4.3.1 Training Convergence

Figures 3 and 4 demonstrate the training dynamics of three policy variants across
fixed timesteps. In subsequent qualitative analysis, Ablation 2 is omitted from
trajectory visualisations and plots as it represents an intermediate design step
and its contribution is fully captured in Table 2.

Figure 3 reports Coverage per View (CpV) over training. All variants show
a consistent upward trend, indicating that the policy progressively learns to con-
vert steps into new coverage more efficiently. The coverage-only variant plateaus
around 1.1% CpV at approximately 150,000 timesteps. The coverage and redun-
dancy variant reaches a slightly higher plateau of approximately 1.2% CpV at
200,000 timesteps, confirming that penalising redundant views encourages more
efficient exploration. The proposed policy achieves the highest CpV of approxi-
mately 1.4%, continuing to improve steadily throughout the full 300,000 timestep
budget, which indicates that the additional reward components require more ex-
perience to learn effectively.

Figure 3: Coverage per View (CpV) training curves for (left) Ablation 1 – Cover-
age Only, (centre) Ablation 2 – Coverage and Redundancy, and (right) Proposed
policy. All variants show improving efficiency over training, with the full policy
achieving the highest final CpV.
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Figure 4 shows the mean episode reward (Ep Rew Mean) for all three variants.
All curves rise monotonically from negative initial values toward a stable positive
plateau, confirming that the policy is learned under all three configurations. The
proposed policy starts with the most negative initial reward, reflecting its stricter
penalty structure, but converges to high final value (≈45).

Figure 4: Mean episode reward (Ep Rew Mean) for (left) Ablation 1, (centre)
Ablation 2, and (right) the Proposed policy

4.3.2 Quantitative Results

Table 2 compares the proposed method against a heuristic baseline and two ab-
lation variants across reconstruction quality (PSNR, SSIM, LPIPS) and data ac-
quisition efficiency (number of views, coverage).

The heuristic baseline covers only 26% of the scene and produces poor re-
construction quality (18.79 dB PSNR, LPIPS = 0.230), confirming that reactive
trajectories yield highly redundant and uninformative observations. Switching
to a coverage-driven RL policy raises scene coverage to 94% and substantially
improves reconstruction fidelity (33.05 dB PSNR, LPIPS = 0.034).

Adding a redundancy penalty (Ablation 2) does not further improve PSNR or
LPIPS as coverage drops slightly to 89% and LPIPS rises to 0.042. This suggests
that penalising redundancy alone, without a corresponding spread incentive, can
reduce viewpoint diversity rather than increase it.

The proposed full model resolves this by combining coverage, spread, and
redundancy objectives with a learned stop action. It captures only 60 images,
25% fewer than the 80-frame budget, directly reducing scene acquisition time to
around 23 minutes. Despite fewer views, it achieves the highest PSNR (33.33 dB)
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Table 2: Results on Room_0. Proposed achieves the best PSNR and LPIPS with
25% fewer views.

Method Views Cov. PSNR↑ SSIM↑ LPIPS↓

Heuristic 80 26% 18.79 0.893 0.230
RL (Coverage) 80 94% 33.05 0.947 0.034
RL (Cov.+Redund.) 80 89% 32.99 0.948 0.042
Proposed 60 88% 33.33 0.942 0.027

and lowest LPIPS (0.027) among all conditions. SSIM is marginally lower than
Ablation 2 (0.942 vs. 0.948), likely due to the reduced number of views. The
improvement in PSNR and LPIPS indicates that the selected viewpoints capture
sharper, more geometrically informative observations.

These results suggest that explicitly modelling the trade-off between coverage,
spatial diversity, and redundancy leads to more efficient data collection. The pro-
posed method reduces both image count and acquisition time without sacrificing
reconstruction quality, improving it across most metrics.

4.3.3 Trajectory Analysis

While maximizing coverage alone leads to strong improvements over heuristic
baselines, it does not prevent the collection of redundant views, as visible in the
clustered trajectories of Figure 5. It shows top-down views of agent positions
(markers) and facing directions (arrows) within the Room_0 floor plane, with
X and Z denoting the two horizontal spatial axes in metres. Each rollout starts
from a randomly sampled navigable point, so the absolute coordinate ranges differ
between methods while remaining within the same scene.

The results highlight the importance of balancing coverage and redundancy in
active data acquisition. Incorporating a redundancy penalty encourages spatial
diversity, resulting in more informative observations and higher reconstruction
quality. The learned stop action further improves efficiency by avoiding dimin-
ishing returns near full coverage. This allows the agent to reduce the number of
collected views without degrading reconstruction performance.

The efficiency gains are further reflected in reconstruction quality: the pro-
posed method produces the sharpest novel view synthesis with the fewest captured
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views, as shown in Appendix B.

Figure 5: Top-down coverage maps (left to right): Heuristic, RL Coverage, and
Proposed. The proposed policy distributes viewpoints more uniformly across
the navigable space, avoiding the spatial clustering visible in the heuristic and
coverage-only conditions.

4.4 Generalization

Table 3: Generalisation results. The policy is trained on Room_0 and evaluated
on Room_2 without retraining.

Scene Views Cov. PSNR↑ LPIPS↓

Room_0 (train) 60 88% 33.33 0.027
Room_2 (unseen) 44 93% 29.43 0.056

We evaluate the learned policy on Room_2, an unseen scene with a compara-
ble navigable area to the training environment, without retraining. The pol-
icy achieves 93% coverage with 44 views (efficiency index 0.0212 vs. 0.0146 on
Room_0) while maintaining spatial diversity (ANND 0.069), confirming that the
spread objective transfers across layouts. Reconstruction quality is summarised
in Table 3. Reconstruction quality reaches 29.43 dB PSNR and 0.922 SSIM. The
PSNR drop is consistent with scene-specific appearance differences rather than a
generalisation failure.
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5 Conclusions

Our work investigates the role of active data acquisition in neural 3D reconstruc-
tion and shows that viewpoint selection can significantly influence downstream
reconstruction quality. While prior approaches often treat image collection as a
passive or heuristic process, our results demonstrate that a learned policy can
produce more informative observations, improving reconstruction fidelity while
reducing the number of required views.

A key strength of the proposed approach lies in explicitly modeling the trade-
off between coverage and redundancy. By incorporating both factors into the
reward design, the agent learns to prioritize spatial diversity and avoid duplicate
observations, resulting in more efficient data collection. The inclusion of a stop
action further enables the policy to operate under a practical sensing budget, ter-
minating exploration once additional views provide limited benefit. Importantly,
these improvements are achieved without modifying the underlying reconstruction
model, suggesting that data acquisition itself is a meaningful optimization target
within 3D pipelines. Qualitative inspection of rendered novel views confirms this,
with the proposed method producing more high-quality reconstructions despite
capturing 25% fewer images. The policy also generalises to an unseen Replica
scene without retraining, indicating that the learned strategy is scene-agnostic
rather than memorised.

At the same time, several limitations remain. First, the policy is trained and
evaluated entirely in simulation, and its performance on real robotic platforms
may be affected by domain gaps in perception, noisy state estimation, and the
need to map discrete navigation actions to continuous robot control. Second,
the reward function relies on hand-designed components, which may not fully
capture the relationship between viewpoint selection and reconstruction quality.
Third, the reconstruction stage is treated as a fixed downstream process, without
feedback to the policy during training.

These limitations point to several directions for future work. An important ex-
tension is sim-to-real transfer, enabling deployment on physical robotic platforms.
Another direction is the use of learned or differentiable objectives that directly
reflect reconstruction quality, potentially allowing tighter coupling between view-
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point selection and 3D modeling. Finally, integrating active data acquisition into
end-to-end trainable 3D systems remains an open problem, where perception,
planning, and reconstruction are jointly optimized.

Overall, our findings suggest that improving how data is collected can be as
impactful as improving how it is modeled, and that active viewpoint planning
is a promising component in the development of more efficient and scalable 3D
reconstruction systems.
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A PPO Training Hyperparameters

Table 4 lists the hyperparameters used to train the PPO agent across all experi-
mental conditions. All ablation variants use identical settings and only the reward
function differs between conditions. Most values follow the Stable-Baselines3 de-
faults, which provide robust performance across a wide range of tasks. Two values
were tuned through preliminary experiments: the entropy coefficient was increased
from 0.0 to 0.02 to encourage broader action exploration during early training,
particularly for the discrete stop action, and the batch size was raised from 64 to
512 to stabilise gradient estimates given the relatively long episode horizon (80
steps).

Table 4: PPO training hyperparameters.

Hyperparameter Value

Algorithm PPO (Stable-Baselines3)
Total timesteps 300,000
Learning rate 3e-4
Entropy coefficient 0.02
Clip range 0.2
n_steps 2048
n_epochs 10
Batch size 512
GAE 𝜆 0.95
Discount 𝛾 0.99

B Qualitative Reconstruction Results

Figure 6 shows novel view synthesis from the same held-out camera pose across
three conditions. The qualitative differences reinforce the quantitative results
in Table 2: the heuristic trajectory produces severe geometric distortion consis-
tent with its low scene coverage, while both RL coverage and proposed method
recover scene structure. The proposed method produces the sharpest reconstruc-
tion despite using 25% fewer input views, confirming that viewpoint diversity
compensates for reduced image count.
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Figure 6: Novel view synthesis from the same held-out camera pose. Heuristic
(18.79 dB PSNR) fails to reconstruct scene geometry. RL Coverage (33.05 dB)
recovers structure but retains blur. Proposed (33.33 dB) produces the sharpest
reconstruction with 25% fewer views.
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