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Shiyao Li1, Antoine Guédon1, Clémentin Boittiaux1, Shizhe Chen2, Vincent Lepetit1
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ABSTRACT

This work addresses the problem of active 3D mapping, where an agent must
find an efficient trajectory to exhaustively reconstruct a new scene. Previous
approaches mainly predict the next best view near the agent’s location, which
is prone to getting stuck in local areas. Additionally, existing indoor datasets
are insufficient due to limited geometric complexity and inaccurate ground truth
meshes. To overcome these limitations, we introduce a novel dataset AiMDoom
with a map generator for the Doom video game, enabling to better benchmark
active 3D mapping in diverse indoor environments. Moreover, we propose a new
method we call next-best-path (NBP), which predicts long-term goals rather than
focusing solely on short-sighted views. The model jointly predicts accumulated
surface coverage gains for long-term goals and obstacle maps, allowing it to effi-
ciently plan optimal paths with a unified model. By leveraging online data collec-
tion, data augmentation and curriculum learning, NBP significantly outperforms
state-of-the-art methods on both the existing MP3D dataset and our AiMDoom
dataset, achieving more efficient mapping in indoor environments of varying com-
plexity. Project page: https://shiyao-li.github.io/nbp/

1 INTRODUCTION

Autonomous 3D mapping of new scenes holds substantial importance for vision, robotics, and
graphics communities, with applications including digital twins. In this paper, we focus on the
problem of active 3D mapping, where the goal is for an agent to find the shortest possible trajectory
to scan the entire surface of a new scene using a depth sensor.

This task is extremely challenging as the agent has to identify an efficient trajectory without knowing
the scene in advance. Existing works can be broadly categorized into rule-based and learning-based
approaches. Rule-based approaches, such as frontier-based exploration (FBE) (Yamauchi, 1997),
utilize heuristic rules to select optimal frontiers at the boundaries of the already-known space for
the next movement. Though being simple and generalizable, they fail to leverage data priors to
develop more efficient planning strategies. To address this, learning-based methods, often referred
to as next-best-view planning (NBV), train parametric policies for action prediction. Although NBV
approaches have demonstrated promising results, most of them only are evaluated on single-object
datasets or outdoor scenes (Guédon et al., 2022; Chang et al., 2015; Peralta et al., 2020), ignoring a
critical but more difficult setting of indoor environments for active 3D mapping applications.

Existing indoor datasets (Xia et al., 2018; Chang et al., 2017), however, offer limited geometry com-
plexity and often include imperfect ground truth meshes, making them inadequate to fully evaluate
model performance in complex indoor environments. In this work, we automatically construct a new
indoor dataset called AiMDoom for active 3D mapping. AiMDoom is built upon a map generator
for the Doom video game, and features a wide range of indoor settings of four difficulty levels: Sim-
ple, Normal, Hard and Insane. As illustrated in Figure 1a, even in relatively simple indoor settings
of our dataset, the state-of-the-art NBV approach MACARONS (Guédon et al., 2023) is frequently
trapped in a limited area and misses substantial portions of the scene. This limitation arises because
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(a) MACARONS (simple scene). (b) Our NBP (simple scene). (c) Our NBP (hard scene).

Figure 1: Reconstruction results and trajectories of MACARONS (Guédon et al., 2023) and our
NBP model. Guédon et al. (2023) fails to fully map the environment in simple scenes (a), while our
NBP model manages to capture the full scene (b), even in much more complex geometry (c).

most NBV methods only look one step ahead to identify the next best view in neighbouring regions,
making it difficult to explore under-reconstructed areas at far distances.

Some recent works (Chen et al., 2024; Feng et al., 2024; Zhan et al., 2022; Georgakis et al., 2022) at-
tempt to overcome this limitation by searching for the next optimal view across a broader range. For
example, Georgakis et al. (2022) utilizes a strategy that relies on averaging predicted uncertainties
at each point along every sampled path, and uses a trained point-goal navigation model. However,
training separate uncertainty map prediction and navigation models is less efficient, and the scene
uncertainty does not directly align with the ultimate objective of 3D mapping.

Therefore, we further propose a novel approach called next-best-path (NBP) planning, which shifts
from NBV approaches that predict a single nearby view, to predicting an optimal path in a unified
model. Our model is composed of three key components: a mapping progress encoder, a coverage
gain decoder and an obstacle map decoder. The mapping progress encoder efficiently encodes the
currently reconstructed point cloud along with the agent’s past trajectory. Based on the encoded
representation, the coverage gain decoder predicts a value map over a large spatial range centred on
the agent’s current location. Each cell in the map represents the surface coverage gain accumulated
along the optimal trajectory from the agent’s location to the cell, which corresponds to the final
metric for active mapping. The cell with the highest value score is viewed as a long-term goal. The
obstacle map decoder predicts obstacles in both seen and unseen regions by leveraging the agent’s
current knowledge of the scene. This allows us to compute the shortest path to the long-term goal
while avoiding obstacles. To train the model, we collect data online and iteratively improve the
model. We also propose a data augmentation method that exploits a property of shortest paths and a
combined curriculum and multitask learning strategy to enhance training efficiency.

We evaluate our methods on the existing indoor benchmark MP3D (Chang et al., 2017) and our
dataset AiMDoom. The proposed NBP model significantly outperforms state-of-the-art methods on
both datasets from simple (Figure 1b) to more complex indoor environments (Figure 1c).

Our key contributions can be summarized as follows:

• We introduce AiMDoom, the first benchmark to systematically evaluate active mapping in indoor
scenes of different levels of difficulties.

• We propose a novel next-best-path approach that jointly predicts long-term goals with optimal
reconstruction coverage gains, and obstacle maps for trajectory planning.

• Our approach achieved state-of-the-art results on both the AiMDoom and MP3D datasets.

2 RELATED WORK

Active Mapping. Active mapping aims to exhaustively reconstruct a 3D scene in the shortest pos-
sible time with a moving agent. Unlike SLAM (Chaplot et al., 2020; Placed et al., 2023; Matsuki
et al., 2024), which addresses both localization and mapping, active mapping focuses on recon-
struction, continuously selecting viewpoints to cover the entire scene, assuming the pose is known.
Early methods often relied on frontier-based exploration (FBE) approaches (Yamauchi, 1997). The
key idea is to move the agent toward a heuristically selected frontier along the boundary between
reconstructed and unknown regions of the scene. Among different strategies (Bircher et al., 2016;
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Table 1:Comparison between AiMDoom and prior indoor 3D datasets.Navigation complexity
is the maximum ratio of geodesic to euclidean distances between any two navigable locations in the
scene. Universal accessibility means whether windows and doors are accessible.

Dataset Replica RoboTHOR MP3D Gibson
(4+ only) ScanNet HM3D AiMDoom (Ours)

Simple Normal Hard Insane

Number of scenes 18 75 90 571 (106) 1613 1000 100 100 100 100
Floor space (m2) 2.19k 3.17k 101.82k 217.99k (17.74k) 39.98k 365.42k 63.33k 134.84k 321.38k 548.85k
Navigation complexity 5.99 2.06 17.09 14.25 (11.90) 3.78 13.31 11.31 18.38 36.05 45.25
Universal accessibility 7 7 7 7 7 7 3 3 3 3
Easy expansion 7 7 7 7 7 7 3 3 3 3

Cieslewski et al., 2017; Zhou et al., 2021; Tao et al., 2023) for frontier selection, moving to the
nearest frontier serves as a strong baseline. Additionally, there are efforts (Cao et al., 2021; Xu
et al., 2024) that combine global FBE and local planning strategies within a hierarchical optimiza-
tion framework to enhance exploration. However, these FBE-based approaches are heuristic-based
and cannot exploit prior learned from data to explore more ef�ciently, restricting their performance
in complex environments.

To address this limitation, learning-based approaches have been explored to select the next-best
views (NBV) for ef�cient 3D mapping. The NBV-based methods train models to select the optimal
pose from nearby camera poses (Guédon et al., 2022; 2023; Lee et al., 2023) or from a limited
prede�ned view space such as a hemisphere (Zhan et al., 2022; Lee et al., 2022; Peralta et al., 2020;
Zeng et al., 2020; Mendoza et al., 2020). While these methods show promising results to reconstruct
single objects, their performance remains limited in large environments. Due to the narrow search
space for the next pose, NBV methods behave like a greedy policy and thus can easily get stuck in
local regions. To mitigate this, some works Ramrakhya et al. (2022); Chen et al. (2023) use imitation
learning to learn from human demonstrates which prioritize unseen exploration but with the cost of
heavy labelling. More recently, efforts have been made to enlarge the search range for the next best
view (Chen et al., 2024; Ran et al., 2023; Pan et al., 2022; Georgakis et al., 2022). However, these
methods are still primarily evaluated on single-object datasets with small moving steps, and often
rely on optimizing indirect metrics like reconstruction uncertainty (Georgakis et al., 2022), which
are not directly aligned with the goal of exhaustive 3D reconstruction. In this work, we extend the
evaluation to more complex indoor environments and also introduce a new surface coverage gain
criterion that optimizes the coverage gain along the best trajectory towards a long-term goal.

3D mapping datasets.Existing datasets for 3D mapping mainly focus on single isolated objects
such as those in ShapeNet (Chang et al., 2015) and OmniObject3D (Wu et al., 2023), or outdoor
scenes (Lu et al., 2023; Hardouin et al., 2020), where the agent only needs to move around the
scene to achieve full reconstruction. These datasets are comparatively less complex than indoor en-
vironments where the agent must enter into the scene. The indoor scenes contain unique challenges
such as dead ends and tight corners, which often force the agent to backtrack without signi�cantly
improving its objective.

While some works (Yan et al., 2023; Georgakis et al., 2022; Ramakrishnan et al., 2020) incorporate
indoor scene datasets such as Gibson (Xia et al., 2018) and MP3D (Chang et al., 2017), these often
exhibit signi�cant limitations. Existing synthetic datasets (Straub et al., 2019; Deitke et al., 2020)
often lack scene complexity, whereas real-world scans (Dai et al., 2017; Ramakrishnan et al., 2021),
despite offering greater representational �delity, are constrained by limited structural and map diver-
sity and often suffer from substantial noise artifacts. This lack of reliable datasets prevents compre-
hensive evaluation in active 3D mapping tasks. In this work, we propose a new dataset - AiMDoom,
designed for benchmarking active mapping in indoor environments of different complexities.

3 THE A IMDOOM DATASET

In this section, we introduceAiMDoom, a new dataset forActive 3DMapping in complex indoor
environments based on theDoomvideo game1. As Doom features a wide variety of indoor settings,
we use its map generator to create four sets of maps of increasing geometric complexity: Simple,

1https://en.wikipedia.org/wiki/Doom_(franchise)
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(a) Bird-eye views of samples from theSimple, Normal, Hard, and Insanelevels (from left to right).

(b) Representative images showing the internal structural composition of the scene.

Figure 2: Maps from our AiMDoom dataset. The AiMDoom dataset includes four levels of
geometric complexity with various textures.

Normal, Hard, and Insane. In the following, we �rst detail how we built these maps and then discuss
the key challenges presented in our AiMDoom dataset.

Dataset construction. We used the open-source software Obsidian2 to automatically generate
Doom maps as our indoor environments. Four sets of hyperparameters are proposed to control
architectural complexity and texture styles in Obsidian. By varying these hyperparameters, we pro-
duced maps categorized into Simple, Normal, Hard and Insane dif�culty levels. Each dif�culty level
is made of 100 maps with 70 for training and 30 for evaluation.

The maps include doors and windows, all of which are con�gured to be open. This allows the agent
to see and pass through the doors and windows. We converted the maps to the widely used OBJ
format, and used Blender (Community, 2018) to consolidate the texture images of each map into
a single texture image. This makes the maps compatible with Pytorch3D (Ravi et al., 2020) and
Open3D (Zhou et al., 2018). Further details are presented in the supplementary material.

Key challenges. The AiMDoom dataset presents three key challenges for active 3D mapping.
Firstly, the dataset features environments with intricate geometries and layouts as shown in Fig-
ure 2, making it challenging to determine the optimal exploration direction for effective mapping.
Secondly, the maps have small doors and narrow corridors, requiring careful path planning to nav-
igate. Finally, the map diversity requires the reconstruction system to generalize across different
scenes. Table 1 compares AiMDoom with existing indoor 3D datasets (Straub et al., 2019; Deitke
et al., 2020; Chang et al., 2017; Dai et al., 2017; Xia et al., 2018; Ramakrishnan et al., 2021), high-
lighting our dataset's strengths in scene area and navigation complexity.

We will release the dataset along with a comprehensive toolkit to generate the data, which enables
easy expansion of the dataset for future research.

4 LEARNING ACTIVE 3D MAPPING

4.1 OVERVIEW

Problem de�nition. Active 3D mapping aims to control an agent, such as an unmanned aerial
vehicle (UAV) or wheeled robot, to ef�ciently and exhaustively reconstruct a 3D scene. The agent
starts at a random location within the scene, and at each time stept, it receives an RGB-D imageI t
and must predict the next onect = ( cpos

t ; crot
t ) in the immediate surrounding of the agent. Here,cpos

t
denotes the position coordinates, andcrot

t represents the orientation angles. The agent continually

2https://obsidian-level-maker.github.io/
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