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Improving Reinforcement Learning-Based Indoor Exploration
Through Uncertainty Estimation
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Abstract: Efficient exploration of indoor environments, such as office buildings, is essential for
applications in robotics, surveillance, and emergency response. Reinforcement learning (RL) based
approaches, such as Proximal Policy Optimization (PPO), often fail to achieve sufficient area cove-
rage due to the complexity of the environment or inappropriate reward design. To address this
limitation, we propose a novel algorithm that combines a generative model to create uncertainty maps
of unexplored regions. When the RL policy underperforms, the additional model guides the agent
toward areas with the highest uncertainty, thereby reducing the overall uncertainty of the map.
Experimental results show that our method significantly improves exploration efficiency, high-
lighting the potential of combining reinforcement learning with uncertainty estimation to achieve
superior performance in complex indoor environments.
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[Fig. 1] Image generation process of the diffusion model; starting
from a partially obscured map with noise in the upper-left
quadrant, the diffusion model performs denoising to generate the
complete map image in the lower-right quadrant
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[Fig. 2] Sample images generated by the diffusion model,
various examples of images produced using the diffusion model,
demonstrating its capability to generate diverse and high-quality
map
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[Fig. 3] Uncertainty map derived from diffusion model outputs;
(a) ground truth image, (b) partially observed image, (c)
corresponding uncertainty map calculated from the diverse
outputs of the diffusion model
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[Fig. 4] Determining unreachable areas using the A* algorithm;
(a) a scenario where the target point is set inside an inaccessible
room, making it impossible to reach, (b) The final shortest path
solution generated by the A* algorithm
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[Fig. 5] Examples of the four environments used in the
experiments; balck areas represent unexploared area, red areas
represent walls, blue areas represent corridors, yellow areas
represent rooms, and green areas represent doors. This color
scheme is used across all figures
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High uncertainty

Partial map Uncertainty map

[Fig. 6] Examples of partial maps and uncertainty maps
generated during indoor exploration

[Fig. 7] Exploration results using the PPO Algorithm only in
simple map environments

(a) (b)

[Fig. 8] Comparison of exploration results in complex environments;
PPO Alone versus PPO with uncertainty estimation. (a)
Exploration using only the PPO algorithm fails to fully cover the
entire area. (b) Exploration incorporating uncertainty estimation
successfully covers the entire area
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[Table 1] Exploration rate comparison for A2C, PPO, and
TRPO with and without Uncertainty Estimation (UE) under a
predefined time constraint

Model RL w/o UE RL w/ UE (ours)
A2C ™ 21.5% 70.0%
TRPO ™! 40.7% 87.5%
pPO " 38.2% 87.3%

[Table 2] Computation time of A* on grid maps of varying sizes
at 30% obstacle density

Map size
128 x 128 42
256 x 256 206
512 x 512 770
1024 x 1024 3275

Computation time [ms]
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