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Probabilistic Augmented Environmental Perception based on
Multi-Sensor Fusion for Autonomous Fire Surveillance Robots
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Abstract

This paper proposes a probabilistic environmental perception system based on multi-sensor fusion to enhance the
detection reliability of autonomous fire surveillance robots. Since indoor fire signals are spatially heterogeneous and
heterogeneous sensors exhibit distinct response and noise characteristics, reliable hazard perception is challenging with
simple threshold-based approaches. The objective of this study is to visualize and quantify indoor fire risks in the
form of continuous maps by integrating multi-channel sensor data with the robot's spatial information. To achieve
this, the proposed framework normalizes multi-channel sensor data to estimate point-wise hazard levels and employs a
probabilistic accumulation and spatial diffusion algorithm based on Gaussian kernels. Experimental results using indoor
driving data demonstrate that the proposed method represents hazardous regions more consistently and confirms the
effectiveness of fire-risk perception and map-based environmental representation.
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Table 1. Categories of studies on fire detection and risk mapping

Research type Sensor configuration Key characteristics and limitations References
Fixed single—point | Smoke / temperature | Simple threshold-based detection, but limited in representing i, 2]
detection Sensors spatial diffusion and continuous risk ’
Mobile single-gas | Single gas sensor + | Enables mobile measurement, but has limited capability in
) - . A o o 6], (7], [8]
detection localization capturing complex fire signatures and dispersion variability
Gas array-based Gas sensor array Effective for fire pattern recognition and classification, but @], (101, 1]
discrimination (electronic nose) limited in spatial mapping [12], [13]
Multi-sensor-based |Gas sensors + LIDAR Generates continuous risk maps through probabilistic [14], [15], [16],
risk mapping + localization spatiotemporal mapping and is most closely related to this study|  [17], [18]
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Table 2. Experimental environment characteristics

Exp. env. S'patlal' Trajectqry Key feature
configuration| characteristics
ang Straight and | Same-building
Case 1 corridor o )
corner driving corridor
layout
Lo_ng Straight and Different-floor
Case 2 corridor . o
corner driving | reproducibility
layout
Short Short straight Simole-lavout
Case 3 corridor and pieTiay
. performance
layout corner driving
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RMSE(Root Mean Square Error), MAE(Mean Absolute
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Fig. 7. Gas risk map generation results using probabilistic augmented environmental perception
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Table 3. Robot localization accuracy evaluation results

Exp. env. | Samples |RMSE (m)| MAE (m) l\/la>(<me;rror
Case 1 337 0.3444 0.2344 06033
Case 2 319 0.3487 0.2465 06227
Case 3 149 0.3079 0.2090 05453
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Table 4. Optimal performance results by environment

Exp. env. | Case th | loU | Prec. | Rec. | F1
Case 1 Baseline | 0.35|0.2017|0.2460|0.5280 | 0.3356
Proposed | 0.25 |0.2172(0.2384| 0.7097 | 0.3569
Case 2 Baseline | 0.75|0.2226|0.3014 | 0.4598 | 0.3641
Proposed | 0.65 |0.2507 | 0.3416| 0.4661 | 0.4009
Case 3 Baseline | 0.55|0.2560|0.3318|0.5287 | 0.4046
Proposed | 0.50 [ 0.2536| 0.2995| 0.6232 | 0.4046
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