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Abstract  
 

Gas sensing plays a critical role in ensuring workplace safety and accurately assessing 

environmental impacts. As gases are often colorless, exist at ambient temperatures, and do 

not produce readily detectable physical signals, remote sensing of gases at small to medium 

scales remains challenging. Current gas monitoring systems rely on fixed, passive sensor 

networks, which are inadequate for dynamic scenarios such as emergency response or 

environmental exploration. Robotic olfaction aims to enable deployable and adaptive gas 

monitoring solutions capable of operating in unknown and dynamic environments. Within 

this domain, robotic spatial olfaction seeks to reconstruct the spatial distribution of gas-

related features—such as source location and concentration—using limited, sparse 

observations, representing a process of high-dimensional inference from low-dimensional 

measurements. 

 

This thesis addresses two complementary tasks in robotic spatial olfaction that correspond 

to different stages of gas dispersion. In the early stage, gas plumes are typically turbulent 

and intermittent, and concentration gradients are weak or unstable. To handle this, a gas 

source localization (GSL) method is developed that integrates spatial context from SLAM-

derived maps and wind vector information to infer likely source locations, even in obstacle-

rich environments where wind-topography interactions introduce significant uncertainty. 

In the later, more stable stage of dispersion, where gas fields tend to smooth out under 

diffusion and convection, the focus shifts to gas distribution mapping (GDM). A 

Transformer-based model is proposed to reconstruct near-ground gas and wind fields from 

sparse and irregular sensor observations. Leveraging attention mechanisms and positional 

encoding, the model captures long-range spatial dependencies and adapts to unstructured 

input patterns, outperforming traditional interpolation and CNN-based approaches under 

sparse sampling conditions. 

 

Together, these two tasks form a unified framework for robotic spatial olfaction, covering 

both dynamic and steady-state dispersion regimes. This thesis contributes to the field by 

integrating environmental context, wind information, and sensor observations into 
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learning-based models that are validated in both simulation and real-world experiments. 

By addressing the distinct challenges of each dispersion stage, the proposed approaches 

enhance the feasibility and robustness of mobile gas perception systems in real-world, 

dynamic environments. 
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Lay Summary 
 

Gases, while often hazardous, are typically invisible, odorless, and difficult to detect, 

particularly in open, dynamic, or unstructured environments such as industrial facilities, 

disaster sites, or polluted areas. Conventional gas sensing systems rely on stationary sensor 

networks, which are limited in their ability to respond to changing conditions or to cover 

large, complex areas. This thesis investigates how mobile robots can be equipped to serve 

as active gas sensing platforms, capable of detecting and mapping harmful gases in real 

time, even with limited and sparse observations. 

 

This thesis explores how mobile robots can estimate gases using sensors and smart 

algorithms, enabling them to detect, locate, and map gas distributions in real time. 

Specifically, the thesis focuses on two related challenges that arise at different stages of 

gas dispersion. When a gas first leaks or is released, it forms a chaotic and unpredictable 

plume that moves with the wind. In this early stage, robots need to estimate where the gas 

is coming from, a task called gas source localization. Later on, as the gas spreads out and 

stabilizes, it becomes important to estimate how the gas is distributed across a larger area, 

which is known as gas distribution mapping. 

 

To address the first challenge, this work develops a method that allows robots to combine 

information from gas sensors, wind measurements, and a map of the environment to 

estimate the most likely location of the gas source, even when the wind is irregular or the 

space is cluttered with obstacles. For the second challenge, a more advanced model is 

designed using a type of neural network known as a Transformer, which can learn how gas 

spreads by analyzing sparse and unevenly collected sensor data. This helps the robot build 

a complete picture of the gas field, even when it only has a few scattered measurements. 

 

Together, these tools allow mobile robots to make sense of complex gas environments with 

limited data, making them more effective in real-world applications. The results have been 

validated through both computer simulations and physical experiments, bringing us closer 
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to practical, deployable gas-sensing robots that can operate in factories, disaster sites, or 

urban environments where fast, reliable gas monitoring is crucial. 
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Figure Captions  
 

Figure 2.1 The MOX sensors’ mechanism of gas sensing. (A). Gas reacts with the 

surface oxygen layer, inducing change of carrier density, reproduced with permission from 

29. (B). Doping of factualization of MOX (e.g. with doping of carbon nanotube) can 

enhance sensors’ sensitivity, reproduced with permission from 26. MOX sensing is 

fundamentally governed by surface chemistry, and sensor performance can be substantially 

tuned by material engineering. Both of which are critical considerations for robust sensor 

response and related applications. 

 

Figure 2.2 Electrochemical-based gas sensor. (A). Liquid electrolyte gas sensor, 

reproduced with permission from 30. (B). Solid-state electrolyte gas sensor, reproduced 

with permission from 15. Electrochemical-based gas sensor translates gas concentration 

into an electrochemical signal via electrode reactions, but differ in electrolyte phase and 

transport pathway. 

 

Figure 2.3 Cross sensitivity of MOX sensors comes from sensors’ limited selectivity. It 

limits sensor’s recognition capability in complex chemical backgrounds. 

 

Figure 2.4 Surface-functionalization based sensor. (A). Receptor based gas sensor, 

reproduced with permission from 38.  (B). Peptide based gas sensor, reproduced with 

permission from 39, The authors. (C). Live cell-based gas sensor, reproduced with 

permission from 40. (D). Molecular imprinting polymer-based gas sensor, reproduced with 

permission from 41. These approaches enhance sensitivity and selectivity by introducing 

delicate bio/chemically specific recognition elements at the sensing interface, illustrating a 

spectrum of trade-offs between molecular specificity, stability, and system complexity for 

real-world gas sensing applications. 

 

Figure 2.5 Platforms of robotics gas perception. (A) Ground robotics, reproduced with 

permission from 68(B) Multirotor UAV, which induces significant downwash flow. 



  Figure Captions 
 

 

xii 
 

Reproduced with permission from 66 (C) Fixed-wing UAV, carrying a laser-based sensor, 

reproduced with permission from 67. 

 

Figure 2.6 Statistical description of Gaussian plume model. Due to the existence of 

turbulence, the instantaneous concentration spatial and temporal distribution could be 

highly fluctuating, reproduced with permission from 76. 

 

Figure 2.7 Reactive gas source localization approaches. Although with different 

strategies, these approaches rely on driving the robot towards potential gas sources, which 

is limited by robots’ accessibility, reproduced with permission from8. 

 

Figure 2.8 Statistical approach of gas source localization, reproduced with permission 

from 83. It estimates potential gas source location by Bayesian estimation with gas 

transmission model. 

 

Figure 2.9 Gas source localization based on Deep Q Network (DQN), reproduced with 

permission from 68. DQN is a reinforcement learning algorithm that combines Q-learning 

with deep neural networks to learn optimal actions from high-dimensional input states. 

 

Figure 2.10 Rule based gas distribution mapping, reproduced with permission from 101. 

This approach requires the robot to uniformly traverse the area and perform interpolation. 

The mapping quality is strongly coupled to coverage uniformity and sampling density, 

which can be difficult to guarantee in practical deployments with limited time, obstacles, 

or uneven exploration. 

 

Figure 2.11 Input, prediction and error of different gas distribution mapping approach, 

reproduced with permission from 98. Gas Distribution Decoder (GDD) is a CNN based 

prediction model, which performs better accuracy, especially at edge fine structure 

compared to traditional method. 

 

Figure 3.1 Working principle of PID sensors, reproduced with permission from 110. Gas 
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is detected by measuring the ions ionized from gas molecules by high-energy ultraviolet 

LED. 

 

Figure 3.2 Working principle of ultrasonic anemometer, reproduced with permission 

from 112. An ultrasonic anemometer measures wind speed and direction using the time-of-

flight of ultrasonic sound waves between transducers. 

 

Figure 3.3 Working principle of LIDAR. LIDAR is a remote sensing technology that 

measures distances by illuminating a target with laser light and analyzing the reflected 

signal. 

 

Figure 3.4 Setup of Gas Source Localization Experiments. (A) Setup of the experiment 

scenario. Different topographies are set by changing number and locations of obstructions. 

(B) The artificial gas source. Ethanol vapor is generated by an ultrasonic transducer. 

 

Figure 3.5 Demonstration of the event-based filter. Noisy, continuous sensor reading is 

transmitted to binary gas encounter event. 

 

Figure 3.6 The pre-processed dataset and model diagram. Samples in dataset are 3-

channel tensors (A) Occupancy grid map channel, where black area means unknown, 

marked as -1 in the matrix, white area means free, marked as 0, grey area is marked as 

integers from 0 to 100, representing the probability of being occupied. (B) Gas encounter 

locations channel, a matrix matching the occupancy grid size, marks encounter coordinates 

with 1, while other grids remain 0. (C) Wind field regions channel. Deeper green color 

means higher possibility of being upwind. (D) Diagram of data exploiting, three channels 

are from different sensor modalities and are combined to be proceeded by U-Net. 

 

Figure 3.7 Architecture of the U-net based model. Input is 3-channel map tensor and 

output is source probability distribution map. 

 

Figure 3.8 Dynamic detection region in the loss function. Under the scenario (A): the 
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detection region is shown in (B). The blue area is the region for loss calculation, which will 

shrink with the number of plume encounters. Grids near the edge are assigned smaller 

weights to avoid unstable loss gradient. 

 

Figure 3.9 Setup and boundary conditions of CFD simulation. 

 

Figure 3.10 Sample of CFD simulation results. The simulation is under open environment, 

with a single gas source diffusing within a wind field, then down sampled to 64*64 grids. 

Sensor inputs is randomly sampled from the results. 

 

Figure 3.11 Sample of CFD simulation results. The simulation is under open environment, 

with a single gas source diffusing within a wind field, then down sampled to 64*64 grids. 

Sensor inputs is randomly sampled from the results. 

 

Figure 3.12 Architecture of the Transformer-based gas distribution mapping model. 

 

Figure 4.1 Schematic illustration of gas source localization. In real-world scenarios with 

obstacles, the interaction between airflow and physical obstructions further complicates the 

problem. Unlike empty room, in a real-world scenario, real wind cannot be inferred from 

observed wind. 

 

Figure 4.2 The experiment setup. (A) The Robot platform carrying sensor payloads. (B) 

The gas source generating ethanol vapor. (C) The experiment area with moveable 

obstructions and wind directions. 

 

Figure 4.3 Loss curve of the training process. The training converged after 100 epochs. 

 

Figure 4.4 Model performance in one trial with increasing encounters and map 

completeness. The model's output demonstrates improved prediction accuracy and 

continuity as more gas encounters are acquired (A), (C), (E) and (G) and the coverage of 

the source posterior map increases (B), (D), (F) and (H). When 4 encounters were acquired 



  Figure Captions 
 

 

xv 
 

(G), the grids assigned with the highest posteriors in (H) align closely with the actual source. 

 

Figure 4.5 Schematic of the ratio of positive grids and its trend with respect to the 

number of encounters. As the number of encounters increases, the ratio gradually decreases, 

indicating an increase in prediction belief. 

 

Figure 4.6 Schematic of the centroid-based distance and its trend with respect to the 

number of encounters. As the number of encounters increases, the ratio gradually decreases, 

indicating an increase in prediction accuracy. 

 

Figure 4.7 Demonstrations of test trials posed with changing wind field (shown by blue 

arrows). In dynamic environments that were never included in the training, the model 

remains robust in terms of prediction accuracy. 

 

Figure 4.8 Quantitative comparison of GSL performance under static and dynamic wind 

conditions. The figure reports centroid-based distance between the predicted source 

distribution and the ground-truth source location and ratio of positive grids in the predicted 

result, evaluated on the test set under identical terrain and experimental settings. Results 

are grouped by the number of plume encounters. Dynamic wind yields a slightly higher 

ratio of positive grids, especially when prediction converges with multiple encounters, 

indicating a more diffuse support region (lower confidence), while the centroid-based 

distance and the overall convergence trend remain consistent with the static-wind case. 

 

Figure 5.1  Loss curve and learning rate curve of CNN Encoder-decoder. 

 

Figure 5.2  Loss curve and learning rate curve of Transformer. 

 

Figure 5.3  Performance of different approaches under different sampling sparsity. The 

Transformer-based approach shows significantly higher accuracy in both wind field and 

gas concentration distribution. 
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Figure 5.4 Performance of different approaches under different sampling balance. The 

Transformer-based approach shows significantly higher accuracy in both wind field and 

gas concentration distribution. 

 

Figure 5.5  Evaluation with real-world data. (A) Models’ performance on data from wind 

tunnel experiments. (B) Comparison of transformer’s output of gas concentration with the 

real plume region. 
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Chapter 1  
 

Introduction  
Gaseous substances, while often invisible and hard to detect, are 

critical factors in various real-world contexts such as environmental 

monitoring, industrial safety, and disaster response. Conventional gas 

sensing systems fall short in dynamic or unknown environments. To 

address this limitation, the field of robotic spatial olfaction offers an 

active sensing paradigm, enabling mobile robots to detect, localize, and 

map gases in complex settings. This chapter introduces the two central 

tasks of robotic olfaction: gas source localization (GSL) in turbulent, 

obstacle-rich environments, and gas distribution mapping (GDM) in 

more stabilized dispersion scenarios, with challenges arising from the 

sparse, noisy, and spatially uneven nature of sensor data, as well as the 

complex fluid dynamics involved in gas propagation. 

 

To overcome these challenges, this thesis proposes two novel 

approaches. First, for GSL, a SLAM (Simultaneous Localization and 

Mapping)-informed strategy is developed that leverages environmental 

layout and wind flow observations to better model the non-linear 

interactions between gas plumes and obstacles, enabling more accurate 

source inference. Second, for GDM, a Transformer-based model is 

introduced that uses positional encoding and attention mechanisms to 

reconstruct wind and gas concentration fields from sparse and biased 

measurements. These methods are supported by both simulation and 

real-world experiments, including the development of a mobile robot 
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platform, dataset collection under varying environmental conditions, 

and comparative model evaluations. 
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1.1 Problem Statement 

 

Among different industries, including environmental monitoring1, industrial safety2, and 

disaster rescue3, gas is always an important but typically invisible environmental factor. 

Detecting, locating and mapping of gas in the working area is crucial for ensuring 

environmental compliance, preventing industrial accidents, and supporting rescue operations. 

Current gas monitoring systems primarily rely on fixed sensor networks4–7, which can only 

perform passive monitoring and are inadequate for handling complex or unknown environments. 

To address this challenge, robotic spatial olfaction8 aims to provide active and deployable gas 

sensing solutions capable of operating in complex or unknown environments, such as for 

inspection tasks or emergency response.  

 

Depending on the specific scenario, robotic spatial olfaction for industry typically involves two 

primary tasks: gas source localization9 (GSL) and gas distribution mapping10 (GDM). These 

tasks reflect the dual nature of gas dispersion in real environments. When a gas source initially 

appears (e.g., a leakage occurs), the gas plume is dominated by turbulence, with high temporal 

and spatial fluctuations. At this early stage, a stable concentration gradient has yet to form, 

making direct inference of the source location from sparse measurements highly non-trivial. 

The GSL focuses on locating the source of a gas leak in this kind of unstable environment.  

 

In contrast, at later stages of dispersion, particularly in enclosed or ventilated environments, the 

gas field tends to stabilize into a smoother concentration distribution governed by diffusion and 

convection. GDM addresses this regime by reconstructing the high-dimensional spatial 

distribution of gas concentrations across a region, often from a limited set of sensor readings. 

This task exemplifies the core challenge of robotic olfaction: inferring a complex global field 

from sparse, local measurements. Both GSL and GDM highlight the inverse nature of robotic 

olfactory inference, where perception is fundamentally about bridging the gap between limited, 

low-dimensional observations and the full, high-dimensional environmental state. 
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However, robotics spatial olfaction is always a challenging task, involving multiple sensing 

modals. First, as a form of matter dispersion, the gas propagation process involves complex 

interactions with the surrounding environment, including wind-induced convection, plume 

formation caused by turbulence at interfaces11, and wind field distortion resulting from 

topography-induced effects. As a result, it requires not only perception of gas itself but also 

perception of physical environment. Besides, the chemical background encountered by robots 

is always highly complex. Industrial emissions, vehicle exhaust, and household waste can all 

release various types of gases. Robots need to be capable of selectively detecting harmful target 

gases within these complex chemical backgrounds. These cross-modal characteristics introduce 

significant complexity to robotic olfaction. 

 

The primary challenge of gas source localization lies in the interaction between the gas plume 

and the surrounding topography. A robot for gas source localization typically uses a gas sensor 

to detect the gas from the source and an anemometer to estimate the direction of the source12,13. 

However, in real-world scenarios, observed gas concentrations and airflow vectors do not 

directly correlate with the source location due to complex wind-obstacle interactions. Early in 

gas dispersion, a continuous concentration gradient has not yet formed, and turbulence creates 

plumes with fluctuating concentrations. This means observed gas concentrations only indicate 

the presence of gas, not the distance to the source. Additionally, obstacles distort wind 

streamlines, making it difficult to infer source direction solely from an anemometer. As a result, 

gas source localization in complex environments with obstacles is challenging due to the 

limitations of sensory information. 

 

As for gas distribution mapping, it presents three major challenges. First, the number and 

locations of sampling points are unfixed, making rigid network architectures such as multilayer 

perceptron unsuitable for this task. Second, the distribution of gas concentration within the 

region is highly sparse, with concentrations at locations outside the gas plume being nearly zero. 

This sparsity imposes higher demands on the model’s feature extraction capability, requiring it 

to effectively identify meaningful patterns from predominantly low-value or zero-concentration 

areas. Finally, due to the robot’s mobility, the sequence of inputs' sampling locations is not 
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fixed. This necessitates a model capable of encoding the relative positional information of 

inputs to capture spatial correlations between samples, which is crucial for accurately 

reconstructing the fluid field. 

 

In this thesis, two main problems are proposed and demonstrated successively: 

 

For early stage GSL in complex obstacle-rich environment, to tackle the challenges posed by 

environmental obstacles, this thesis explores the use of spatial context, such as environmental 

layout and wind flow observations to model the complex and non-linear relationship between 

gas detections and the true source location. Information about the surrounding environment can 

be captured through Simultaneous Localization and Mapping (SLAM), a technique that enables 

robots to simultaneously build or update a map of an unfamiliar environment while localizing 

themselves within it. In the context of gas source localization, SLAM provides precise positions 

of gas encounters along with the corresponding environmental structures. Given that obstacle 

configurations can significantly influence gas dispersion dynamics, incorporating SLAM-

derived spatial knowledge is expected to substantially improve the accuracy of source 

localization. 

 

For stable stage GDM, this thesis proposes a Transformer-based approach for GDM from sparse 

and biased sensor inputs. The attention mechanism enables the model to capture long-range 

spatial correlations, while positional encoding allows the Transformer to effectively interpret 

the relative locations of sampling points, making Transformer a powerful model for fluid 

reconstruction14–16. Because of gravity and surface friction, near-ground airflow is 

predominantly horizontal. Therefore, GDM can be simplified as a mapping task within a two-

dimensional plane, which typically corresponds to the robot's operational workspace. After 

applying positional encoding to the coordinates and feature encoding to the sensor readings, the 

inputs are fused and processed through an encoder-decoder architecture. The Transformer-

based model could be able to predict the distribution of wind and gas concentration from sparse 

observation. 
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1.2 Objectives and Scope 

 

In order to solve the problems stated above, the following objectives are to be accomplished by 

this thesis: 

 

1. Design a novel gas source localization approach. By leveraging the spatial relationship 

between the gas plume encounter locations and the environmental map, this approach will 

be able to overcome the challenges of gas source localization in complex topography. 

 

2. Design a Transformer-based gas distribution mapping approach. Reconstruct area gas and 

wind distribution from sparse and biased sensor sampling by spatial encoding and self-

attention. 

 

To achieve these objectives, the following experiments and analyses were conducted 

 

1. Design and develop a robot platform with gas sensor, anemograph and LIDAR, to evaluate 

robotics olfaction strategy. 

 

2. Collecting GSL dataset under varying topography and wind speed conditions, including 

environmental maps, wind direction, and gas encounter locations.  

 
3. Design and train a U-net based GSL model in the dataset and evaluate it with new 

experiments. 

 

4. Generation of GDM datasets with computational fluid dynamic method, including 2D gas 

dispersion with different wind direction, gas source location and intensity. 

 
5. Design and train a Transformer-based GDM model based on the dataset, evaluate the 

performance with current baselines. 

 
6. Evaluate the robustness and generalization ability of GDM model based on real-world 
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experiments. 

 

1.3 Dissertation Overview 

 

The thesis consists of the following 6 chapters: 

 

Chapter 1 provides a rationale for the research and outlines the goals and scope. The thesis 

describes the development of robotic spatial olfaction methods aimed at addressing the 

challenges of gas source localization (GSL) and gas distribution mapping (GDM) in complex 

environments.  

 

Chapter 2 provides a comprehensive overview of the current state of research in robotic spatial 

olfaction, including various gas sensing technologies along with their respective advantages and 

limitations, existing approaches for gas source localization and gas distribution mapping, as 

well as the key challenges that remain to be addressed. 

 

Chapter 3 discusses the methodology of this thesis. It also covers the design of the sensor and 

robotic platform, the methodology for dataset generation, and the design and training 

procedures of the proposed models. 

 

Chapter 4 elaborates the development of gas source localization. It covers the design and 

control of the robotic platform, the experimental setup for gas source localization, and the 

development and training of a U-Net-based localization model. This chapter demonstrates the 

effectiveness of the proposed approach in complex environments, including terrains with 

multiple obstacles and dynamic wind fields. 

 

Chapter 5 elaborates the development of gas distribution mapping. It covers the generation of 

gas distribution dataset by CFD, and the training of Transformer-based model based on it. This 

chapter demonstrates the effectiveness of the proposed approach in reconstructing gas fields 

with sparse and unbalanced sensor sampling in real-world scenario. 



Introduction  Chapter 1 

8 
 

 

Chapter 6 reviews the conclusions and implications of this thesis.  The problems stated at the 

beginning of the thesis have been addressed. The implications of this work lay in extending the 

applicability of robotic spatial olfaction to complex and dynamic environments, including those 

with intricate chemical backgrounds and obstacle-rich spaces. This chapter also discusses the 

necessity of integrating additional sensing modalities in future work to further enhance system 

robustness and environmental adaptability. 

 

1.4 Findings and Outcomes/Originality 

 

The originality of this thesis lies in a core conceptual contribution: robotic gas sensing is framed 

as context-aware inverse inference from sparse, unstructured, and trajectory-dependent 

observations, where physical context is integrated as a structured prior to improve data 

efficiency and robustness under occlusions. Within this framing, gas source localization (GSL) 

is treated as inferring a source location without requiring contact, while gas distribution 

mapping (GDM) is posed as a set-to-field reconstruction problem that maps irregular samples 

to dense spatial fields. Building on this conceptual foundation, the thesis reports the following 

outcomes: 

 

1. Context-aware GSL under obstacle–wind interactions. A topography-aware 

localization approach is developed in which environmental geometry is incorporated as 

an explicit observation modality, together with wind cues and plume encounter events. 

This design enables robust source inference in obstacle-rich environments where wind-

obstacle interactions create complex, non-intuitive transport patterns, and it supports 

distance-based source prediction without continuous navigation-to-source tracing. 

 

2. Sparse-to-field GDM using attention-based modeling of unstructured observations. 

A Transformer-based GDM framework is introduced to reconstruct gas concentration 

and wind fields from sparse and irregular sensor observations. By representing 

measurements as an unordered set of location–value tokens and using positional 



Introduction  Chapter 1 

9 
 

encoding to capture sampling geometry, the attention mechanism models long-range 

spatial dependencies that are difficult to recover through local interpolation or grid-

based CNN pipelines under sampling bias. Extensive evaluations on CFD-simulated 

datasets and real wind-tunnel measurements demonstrate robustness and practical utility 

in complex, partially observed sensing conditions. 
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Chapter 2  
 

Literature Review  
 

This chapter reviews existing gas sensing technologies and robotic 

olfaction strategies, highlighting key limitations in real-world 

applications. While electronic and bio-inspired sensors offer varying 

trade-offs between selectivity and robustness, most are unsuitable for 

complex, dynamic environments. Robotic platforms, ranging from ground 

vehicles to UAVs, face challenges in gas sampling fidelity due to terrain 

constraints or airflow disturbances. 

 

For gas source localization (GSL), reactive and statistical methods 

struggle with turbulent dispersion and environmental occlusion, while 

emerging learning-based models show promise but lack spatial awareness. 

In gas distribution mapping (GDM), traditional interpolation and deep 

learning models often assume dense, regular sampling, limiting their 

generalization. These gaps underscore the need for novel GSL and GDM 

frameworks that can incorporate environmental context and handle 

sparse, irregular sensor data, goals that this thesis aims to address. 
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2.1 Current Gas Sensing Approaches 

 

The challenge in current research of gas sensing stems from the complexity of chemical 

molecular information. Visual sensing fundamentally involves the detection of electromagnetic 

waves, while acoustic sensors merely need to detect vibrations in the air. In contrast to these 

two, gas sensing does not have a single, definitive physical quantity to target for detection. The 

olfactory system of mammals is based on the shape matching between olfactory receptors and 

gas molecules17. This recognition mechanism, combined with the hundreds of distinct olfactory 

receptors in mammals, ensures that biological olfactory systems maintain good specificity while 

also being able to produce consistent responses to previously unencountered gases. However, 

the fine-tuning of material structures, akin to olfactory receptors, significantly surpasses the 

current technical capabilities of material science. Currently, gas sensors for e-nose applications 

primarily operate based on redox reactions between gases and sensing materials (metal oxide 

sensors18, electrochemical sensors19), or the selective adsorption of gas molecules on the sensor 

surface (Field Effect Transistor sensors20). The amount of information generated by these 

detection mechanisms is significantly less than that produced by biological olfactory systems. 

Due to the differences in sensing mechanisms, the information obtained from these detection 

methods cannot align with biological olfaction, making it difficult to accurately assess the 

characteristics of odors. Also, some studies attempt to create gas sensors based on olfactory 

receptors21, engineered cells22, or living organs23. Despite their superior selectivity, these 

biologically based sensors are costly, challenging to maintain, difficult to produce outside of a 

laboratory environment, and nearly impossible to fine-tune for customization, limiting their 

practical value for applications beyond the lab.  

 

2.1.1 Electronic Based Sensors 

In the electronic approach, sensor signals are generated on the surface of sensing electrodes. 

The types of sensors suitable for universal e-noses are relatively limited, typically utilizing 

redox reactions to achieve selectivity for gases. Based on the different initiation methods of 
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redox reactions, sensors can be further divided into two categories: metal oxide gas sensors and 

electrochemical gas sensors. 

 

Metal oxide (MOX) gas sensors are devices that detect gases through changes in the electrical 

conductivity of a metal oxide film (usually heated). When the sensor's surface, typically 

composed of transition metal oxide24 like tin dioxide, titanium oxide or zinc oxide, is exposed 

to certain gases, the interaction between the target gas molecules and the adsorbed oxygen on 

the sensor's surface alters the concentration of charge carriers within the metal oxide. This 

change in carrier concentration affects the sensor's electrical resistance, which is measured and 

correlated to the gas concentration (Figure 2.1A). These sensors are widely appreciated for their 

sensitivity and relative low cost. Due to the varying properties of MOX sensors made from 

different materials, a common approach is to assemble an array of sensors made of different 

MOX materials. Since the sensors in the array exhibit differentiated responses to targets, 

functions such as gas identification25 and health monitoring26 can be achieved through machine 

learning or statistical methods.  

 

The major limitation of MOX sensors is their requirement for high-temperature operation. 

Metal oxides typically exhibit poor gas sensing performance at room temperature and therefore 

need to be heated to an operating temperature, normally between 250°C and 500°C. In addition 

to increased energy consumption, this also results in a long initialization period after activation, 

often exceeding 12 hours, as the sensor requires time to reach thermal equilibrium and establish 

a stable depletion layer at the target operating temperature. Various approaches have been 

explored to reduce the operating temperature of metal oxide sensors27,28, including metal 

doping29, organic semiconductor functionalization30,31 (Figure 2.1B), and the synergistic use of 

multiple metal oxides32. However, reports on room-temperature MOX sensors remain relatively 

scarce. 
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Figure 2.1 The MOX sensors’ mechanism of gas sensing30,33. (A). Gas reacts with the surface 

oxygen layer, inducing change of carrier density, reproduced with permission from 33. (B). 

Doping of factualization of MOX (e.g. with doping of carbon nanotube) can enhance sensors’ 

sensitivity, reproduced with permission from 30. MOX sensing is fundamentally governed by 

surface chemistry, and sensor performance can be substantially tuned by material engineering. 

Both of which are critical considerations for robust sensor response and related applications. 

 

Electrochemical gas sensors operate based on the principle of redox reactions occurring at the 

electrode-electrolyte interface when gas molecules are present34–38. Because electrochemical 

sensors can detect specific redox potentials and generate characteristic cyclic voltammetry 

curves, they offer better selectivity compared to MOX sensors. These sensors can be broadly 

classified into two types based on the electrolyte medium: liquid electrolyte sensors34 (Figure 

2.2A) and solid-state electrolyte sensors19 (Figure 2.2B). Liquid electrolyte sensors typically 
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consist of a working electrode, a counter electrode, and a reference electrode immersed in an 

aqueous or gel-like ionic solution. When gas diffuses through a gas-permeable membrane into 

the electrolyte, it undergoes electrochemical reactions that generate a measurable current 

proportional to its concentration. Solid-state electrolyte sensors, on the other hand, replace the 

liquid medium with a solid ion-conducting material, such as a proton-conductive polymer or 

ceramic.  

 

Measuring relative to the reference electrode, electrochemical gas sensors can provide a 

quantitative analysis of the gas presence. The advantage of electrochemical gas sensors is that 

their output contains more information from different testing methods and the corresponding 

current-voltage features. Voltammetry is the most commonly used electrochemical sensing 

method, where a potential is applied to an electrode and the resulting current is recorded. During 

the measurement, the potential is swept across a range, either linearly in linear sweep 

voltammetry or cyclically in cyclic voltammetry, while the current response of the electroactive 

species in solution is monitored. The resulting plot of current versus potential provides valuable 

information about the electrochemical processes occurring on the electrode. This type of data 

exhibits greater tolerance to noise, and through machine learning algorithms such as Support 

Vector Machines (SVMs)39 and Random Forests40, both qualitative and quantitative detection 

of gases can be achieved. Electrochemical gas sensors’ selectivity can also be achieved through 

the choice of electrode materials and the potential applied across the electrodes. The electrode 

material is chosen for its ability to catalyze the redox reaction of the specific target gas while 

minimizing reactions with other substances41. By controlling the potential, it is possible to set 

an electrochemical window within which only the desired gas is oxidized or reduced, while 

other gases remain electrochemically inactive.  

 

Despite their advantages, electrochemical sensors also face several limitations. In liquid 

electrolyte sensors, the electrolyte is affected by contamination or gradual depletion over time, 

which can lead to signal instability and reduced sensor lifespan. The need for careful sealing 

and maintenance also limits their robustness in long-term or field applications. Solid-state 

electrolyte sensors, while more durable, often suffer from low ion diffusion coefficients. This 

results in weak signal currents and high noise levels, reducing the signal-to-noise ratio and 
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making it difficult to detect low concentrations of gas with high accuracy. 

 

 

 
 

Figure 2.2 Electrochemical-based gas sensor. (A). Liquid electrolyte gas sensor, reproduced 

with permission from 34. (B). Solid-state electrolyte gas sensor, reproduced with permission 

from 19. Electrochemical-based gas sensor translates gas concentration into an electrochemical 

signal via electrode reactions, but differ in electrolyte phase and transport pathways. 

 

Besides, all gas sensors based on redox reactions inevitably encounter issues of cross-sensitivity. 

Cross-sensitivity refers to a sensor's similar responses to different gases, where the sensor 

cannot distinctly identify individual gases due to overlapping selectivity (Figure 2.3). Actually, 

the redox capacity is a general indicator of chemical reactivity rather than a specific marker for 

the molecular shape, which is more directly related to the perception of odors. Since the shape 

of a molecule determines how it fits into olfactory receptors, creating artificial sensors that can 

discern this shape is a complex challenge that goes beyond simple redox reactions. This 

disconnect means that while redox-based sensors can detect the presence of certain gases, they 

are less adept at differentiating complex odor profiles that would be readily distinguishable by 

biological olfactory systems. 
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Figure 2.3 Cross sensitivity of MOX sensors comes from sensors’ limited selectivity. It limits 

sensor’s recognition capability in complex chemical backgrounds. 

 

2.1.3 Surface-functionalization Based Sensors 

 

Surface-functionalization based sensors represent a class of highly specific sensing 

technologies that rely on two main components: a functionalized recognition layer and a signal 

transduction layer. The surface of the sensor is modified with functional materials designed to 

selectively bind target molecules, such as proteins42 (Figure 2.4A), peptides43 (Figure 2.4B), 

living cells44 (Figure 2.4C), or molecularly imprinted polymers45 (Figure 2.4D). Once the target 

molecules bind to the functionalized surface, the state of surface is changed, which is then 

detected and converted into a measurable signal by the underlying transduction mechanism. 

Common signal transduction methods include field-effect transistors46 (FET), quartz crystal 

microbalance47,48 (QCM), surface plasmon resonance49 (SPR), and surface acoustic wave50 

(SAW) devices. These sensors offer high selectivity and sensitivity, hardly affected by other 

components. 

 

To bridge the gap between the readings from e-noses and the perception of biological olfaction, 

a clever approach is to directly utilize biomolecules related to olfaction as the sensing materials. 

Including Olfactory Receptor (OR)21, Odorant Binding Proteins (OBP)51 and peptides52.  



Literature Review  Chapter 2 

18 
 

Olfactory receptors are the molecular basis of mammalian olfaction. Olfactory receptors are a 

class of transmembrane proteins distributed on the cell membranes of olfactory-related cells53. 

Upon binding with odor molecules, olfactory receptors undergo a change in shape. This 

conformational shift leads to a change in the cell membrane potential, which triggers 

downstream signaling pathways. When exposed to a mixture of gases, a multitude of different 

olfactory receptors produce varied responses, collectively forming an olfactory map that the 

brain uses to identify odors54. When such receptor proteins are modified on the surface of a 

semiconductor (typically a carbon-based field-effect semiconductor), the binding of the 

receptor to odor molecules alters the distance between the surface charges of the receptor and 

the semiconductor surface, affecting the carrier density of the semiconductor and thereby 

inducing a change in resistance. The potential of this method lies in its ability to measure odors 

in the same manner as the biological olfactory system. The challenge lies in the fact that 

olfactory receptors are transmembrane proteins with a hydrophobic, lipid-soluble region in their 

structure. This means they cannot stably exist in aqueous environments and cannot be expressed 

using conventional bioengineering methods55. To modify wild-type receptors on the surface of 

sensors, artificial cell membranes(Figure 2.4A) 42,44,56 or living cells (Figure 2.4C)22,57,58 need 

to be used as carriers, which severely limits the development and application of such sensors. 

There are protein engineering techniques that can modify the sequence of olfactory receptors to 

make them water-soluble59,60. Apart from the issue of the universality of these techniques, the 

function of the receptor binding region is thought to be related to cell membrane tension61, and 

it is still unclear whether simply modifying water solubility will affect the receptor's function. 

In addition, the specific correlations between odors and olfactory receptors, that is, the detailed 

olfactory map, are not yet clear. The challenges in expressing and purifying receptor proteins 

further complicate the investigation into their functionality. 

 

Olfactory receptors are not the only biomolecules that can be utilized for e-noses. Odorant 

Binding Proteins (OBPs) are small, soluble proteins that are secreted into the mucus of the nasal 

epithelium in vertebrates. They play an essential role in the olfactory system by transporting 

volatile odor molecules through the aqueous mucus layer to olfactory receptors, which are 

located on the cilia of olfactory sensory neurons62. Due to their solubility in water, OBPs can 

be readily modified on sensor surfaces, enabling highly sensitive gas sensing63. However, while 
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OBPs function as universal carrier proteins, their specificity and diversity fall significantly short 

in comparison to olfactory receptors, which constrains their potential utility in e-nose 

applications. Utilizing peptide-modified sensors represents an alternative compromise solution. 

Based on wild-type receptor proteins, a peptide sequence can be designed to mimic the 

receptor's binding region while possessing improved stability and solubility in water64,65.  

However, there is currently no widely accepted method for designing receptor-like peptides, 

and the functional similarity between synthetic peptides and natural receptors remains 

questionable. 

 

 
 

Figure 2.4 Surface-functionalization based sensor. (A). Receptor based gas sensor, reproduced 

with permission from 42.  (B). Peptide based gas sensor, reproduced with permission from 43, 

The authors. (C). Live cell-based gas sensor, reproduced with permission from 44. (D). 

Molecular imprinting polymer-based gas sensor, reproduced with permission from 45. These 

approaches enhance sensitivity and selectivity by introducing delicate bio/chemically specific 

recognition elements at the sensing interface, illustrating a spectrum of trade-offs between 

molecular specificity, stability, and system complexity for real-world gas sensing applications. 
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Despite their high selectivity, surface-functionalized sensors face several significant limitations. 

The fabrication of customized functional layers is often complex and labor-intensive, requiring 

precise control over molecular design and surface chemistry. Moreover, many of these 

functional layers are based on biological materials, such as proteins42 or peptides66, which are 

inherently fragile and have limited operational lifespans. These materials are easy to degrade 

under extreme conditions such as high temperature, intense light exposure, or fluctuations in 

pH, making them unsuitable for harsh industrial environments. As a result, surface-

functionalized sensors are typically confined to highly controlled settings, such as biomedical 

diagnostics or laboratory research, and remain difficult to scale or deploy in real-world 

industrial applications. 

 

2.1.4 Sensor Selection for Robot Deployment 

To better contextualize gas sensor choices for robotic deployment, it is important to emphasize 

that mobility fundamentally changes what matters for robot gas sensing. Because a robot 

samples along a trajectory and must react online, the most deployment-critical metrics are 

response speed, recovery speed, and temporal consistency. Under these criteria, physically 

based PID sensors are among the most commonly adopted options in mobile robotic olfaction, 

primarily because they provide fast, repeatable responses that better match closed-loop 

navigation and rapid decision-making. In contrast, pattern-recognition approaches built on 

MOX sensor arrays often rely on chemical adsorption and surface reactions, which typically 

exhibit slower response and especially slower recovery, making them less compatible with fast-

moving platforms that require frequent, reliable updates rather than long stabilization periods. 

 

This robotics-oriented perspective also clarifies how sensor limitations translate into the 

algorithmic challenges addressed in later chapters. Slow recovery, baseline drift, and cross-

sensitivity reduce the reliability of absolute concentration magnitudes and can create spurious 

detections along a moving trajectory, which motivates inference formulations that tolerate noise 

and exploit spatial-contextual cues. Meanwhile, spectroscopic approaches can offer fast 

response and species-specific signatures, but they typically require dedicated light sources and 

optical paths, increasing volume, power consumption, and integration complexity. As a result, 
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they are usually practical only in specific scenarios where platform constraints and operating 

conditions permit. These trade-offs motivate the subsequent emphasis on robust inference under 

noisy, biased observations and on evaluation protocols that acknowledge the non-idealities of 

real sensors in mobile settings. 

2.2 Current Platforms for Robotic Gas Perception 

Robotic gas perception has been explored across various mobile platforms, each offering both 

advantages and trade-offs in terms of mobility, sampling resolution, and environmental 

interference. The most widely studied categories include ground robots, multirotor unmanned 

aerial vehicles (UAVs), and fixed-wing UAVs. These platforms differ not in their dynamic 

properties and how they interact with the surrounding gas field, which is a critical factor in gas 

sensing. 

 

2.2.1 Ground Robots 

 

Ground-based robots are commonly used in robotic olfaction due to their simple control 

schemes, high payload capacity, and low power consumption13,67. Their operation on relatively 

stable surfaces enables precise control over sampling locations and trajectories. Moreover, 

ground platforms can easily integrate with simultaneous localization and mapping (SLAM) 

technologies to incorporate spatial context into gas sensing. However, the mobility of ground 

robots is inherently constrained by terrain conditions. Their ability to access complex 

environments such as rubble, stairs, or vegetation is limited, which reduces their operational 

flexibility. Furthermore, ground robots typically sample near the surface, limiting their gas 

perception to near-ground distributions and potentially missing elevated or volumetric plume 

structures. 

 

2.2.2 Multirotor UAVs 
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Multirotor drones, such as quadcopters, offer significantly enhanced spatial flexibility by 

enabling sampling in the vertical (z) direction. This capability allows robotic gas sensing 

systems to operate in three-dimensional environments, extending GDM beyond the two-

dimensional ground plane. However, the strong downwash produced by multirotor propellers 

introduces substantial disturbance to the ambient gas field (Figure 2.5B). This airflow can dilute 

or redirect gas plumes, especially in turbulent or early-stage dispersion scenarios, thus 

contaminating the very signal that needs to be measured68. As a result, multirotor UAVs are best 

suited for use in environments where gas distributions have already stabilized, such as during 

stable-stage dispersion or indoor leakage scenarios with limited convection. 

 

2.2.3 Fixed-wing UAVs 

 

Fixed-wing UAVs present an appealing alternative for robotic gas sensing in open, large-scale 

environments (Figure 2.5C)69. Unlike multirotor, fixed-wing platforms generate minimal 

vertical turbulence during flight, thereby preserving the integrity of the surrounding gas field. 

Their higher flight speeds and longer operational ranges make them well-suited for covering 

wide areas and conducting aerial transects across suspected plume regions. However, fixed-

wing UAVs cannot hover or maintain a stationary position, and their high-speed motion 

significantly reduces the interaction time between the sensor and the target gas. Consequently, 

only fast-response sensors, such as tunable diode laser absorption spectroscopy (TDLAS) or 

photo ionization sensors can be effectively deployed on fixed-wing platforms. The limited 

availability and higher cost of such sensors impose constraints on system design and restrict the 

types of gases that can be detected. 
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Figure 2.5 Platforms of robotics gas perception. (A) Ground robotics, reproduced with 

permission from 70(B) Multirotor UAV, which induces significant downwash flow. Reproduced 

with permission from 68 (C) Fixed-wing UAV, carrying a laser-based sensor, reproduced with 

permission from 69. 

 

2.3 Properties of Gas Plume 

 

In gas source localization, the source is typically modeled as a point emitter, with gas dispersion 

governed primarily by airflow rather than molecular diffusion. The resulting gas plume, 

described by Gaussian plume Law71: 

 

𝐶𝐶(𝑥𝑥,𝑦𝑦, 𝑧𝑧) =
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where 𝐶𝐶(𝑥𝑥, 𝑦𝑦, 𝑧𝑧) is the pollutant concentration, 𝑄𝑄 is the emission rate, 𝑢𝑢 is the wind speed, 𝐻𝐻 is 

the effective stack height, and σ𝑦𝑦,σ𝑧𝑧  are the dispersion coefficients in the crosswind and 

vertical directions, respectively. 

 

It exhibits several characteristic behaviors (Figure 2.6): 1) It originates from a point source and 

is transmitted downstream by wind. 2) Due to turbulence at plume-atmosphere interface, gas 

concentrations fluctuate over time and space, with the highest mean concentration typically 

found along the plume centerline. 3) Unlike diffusion-driven processes, the plume structure is 

highly intermittent and patchy, lacking a stable or monotonic concentration gradient. 

Consequently, the mere presence or detection of the plume rather than the gradient magnitude 

is often considered a more reliable cue for inferring the source location. Based on this, Some 

studies model gas plumes analytically72,73 or statistically74,75, while others focus on plume 

tracking strategies. Early plume tracking methods aim to keep robots in contact with the plume, 

such as adjusting speed or direction when losing contact76,77. These methods fall under reactive 

source localization, discussed in Chapter 2.2.2. 
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Figure 2.6 Statistical description of Gaussian plume model. Due to the existence of turbulence, 

the instantaneous concentration spatial and temporal distribution could be highly fluctuating, 

reproduced with permission from 78. 

 

2.4 Current Approaches of Gas Source Localization 

The localization of gas sources in complex environments has been a longstanding challenge in 

the field of mobile robot olfaction. Conventional approaches are unable to handle complex 

interaction patterns between dispersed gas and environmental topography. Recent advances in 

deep learning offer a promising solution by approximating these complex patterns and their 

relationship to the source location, motivating the development of novel learning-based 

localization approaches. 
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2.4.1 Reactive Gas Source Localization 

 

Reactive methods of GSL rely on robots’ direct responses to real-time sensor inputs, executing 

predefined behavior without maintaining internal memory or engaging in dynamic state 

estimation (Figure 2.7). These approaches are valued for their simplicity, low computational 

overhead, and ease of deployment across diverse robotic platforms12. A typical example is 

chemotaxis79, in which a robot continuously moves toward regions of higher gas concentration. 

However, this strategy assumes the presence of a stable concentration gradient, which is often 

violated in turbulent dispersion environments where gas distribution is intermittent and patchy. 

To address this limitation, chemotaxis-anemotaxis80 methods incorporate wind direction data 

alongside concentration readings, enabling robots to perform biologically inspired behaviors 

such as upwind surging and crosswind casting or zigzagging81,82, which are patterns observed 

in moths and other insects during olfactory navigation. 

 

 
 

Figure 2.7 Reactive gas source localization approaches. Although with different strategies, 
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these approaches rely on driving the robot towards potential gas sources, which is limited by 

robots’ accessibility, reproduced with permission from9. 

 

Despite their adaptability, reactive strategies generally suffer from limited flexibility and 

robustness in complex or dynamic environments. In disaster response scenarios, for example, 

obstacles and irregular terrain can disrupt simple tracking behaviors. Moreover, in multi-

objective missions, where robots are required to follow predefined trajectories or conduct area 

surveillance persistent plume tracing becomes impractical. Under such constraints, the ability 

to infer or predict the gas source location from sparse or indirect observations during exploration 

becomes a more viable and efficient alternative, motivating the transition toward model-based 

and learning-driven approaches. 

 

2.4.2 Statistical Gas Source Localization 

 

To overcome the limitations of reactive approaches, statistical GSL methods employ 

probabilistic frameworks to estimate gas source locations by integrating sensor data, 

environmental knowledge, and prior assumptions83–85 (Figure 2.8). These methods treat 

localization as a recursive state estimation problem, utilizing tools such as Bayesian filtering20, 

Kalman filtering86, and particle filtering84,87to continuously update belief distributions as new 

measurements are acquired. A notable example is Infotaxis, a strategy that directs the robot’s 

motion toward maximizing expected information gain, effectively balancing exploration and 

exploitation under uncertainty88–90. 
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Figure 2.8 Statistical approach of gas source localization, reproduced with permission from 85. 

It estimates potential gas source location by Bayesian estimation with gas transmission model. 

 

Statistical methods offer several advantages: they are inherently capable of handling noisy and 

intermittent measurements, account for the stochastic nature of gas dispersion, and provide 

uncertainty quantification alongside location estimates. However, their performance highly 

depends on the validity of the underlying gas dispersion model91. Many implementations 

assume simplified environmental conditions such as a uniform wind field, where the wind 

vector is considered constant throughout the search space. While such assumptions may hold in 

controlled settings, they often break down in real-world scenarios featuring wind-topology 

interactions. This difference between model assumptions and environmental realities can 

severely affect localization accuracy, thus limiting the generalizability of statistical methods in 

practical deployments.  

 

2.4.3 Learning-based Gas Source Localization 

 

In recent years, deep learning has emerged as a powerful tool in robotics, offering strong 
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decision-making capabilities under sparse or noisy input conditions92. In the context of gas 

source localization, deep reinforcement learning approaches, such as Deep Q Networks67,93 

(DQN) (Figure 2.9) and Long Short-Term Memory94 (LSTM) based models have shown 

promising performance by learning effective navigation or inference policies directly from 

interaction with the environment. These methods overcome some of the modeling limitations 

inherent in traditional statistical techniques by capturing nonlinear dependencies between 

sensor readings, robot states, and environmental cues. 

 

 

 

 
 

Figure 2.9 Gas source localization based on Deep Q Network (DQN), reproduced with 

permission from70. DQN is a reinforcement learning algorithm that combines Q-learning with 

deep neural networks to learn optimal actions from high-dimensional input states. 

 

Furthermore, advances in computer vision have demonstrated the effectiveness of convolutional 

neural networks95 (CNNs) and encoder-decoder architecture96 in extracting spatial relationships 

from image-like data. Models such as U-Net97, Mask R-CNN98, and DeepLab99 have achieved 
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state-of-the-art performance in segmentation and spatial inference tasks by leveraging 

hierarchical feature representations. Drawing inspiration from these architectures, this thesis 

proposes to incorporate contextual spatial information embedded in grid maps to enhance gas 

source localization. By fusing in-situ sensor observations with environmental layouts, this 

approach aims to enable more accurate and robust source predictions, even in complex and 

dynamically changing environments. 

 

2.5 Current Approaches Gas Distribution Mapping 

 

Existing approaches to gas distribution mapping fall into two broad categories: rule-based 

methods and learning-based methods. Early rule-based techniques typically rely on 

interpolation schemes or probability estimates. While these methods are straightforward, they 

often assume dense, uniform sensor coverage. This inflexibility has motivated the development 

of learning-based approaches. Such data-driven methods like convolutional neural networks7 

(CNNs) or long short-term memory100 (LSTM) can capture more complex plume patterns than 

rule-based ones, but they generally require large training datasets and may struggle to generalize 

when sample sizes are limited, or sensor readings are irregular and noisy. As a result, current 

approaches cannot fully address the challenges of varying sample densities, sparse and uneven 

sampling, or deployment in unstructured real-world environments. 

 

2.5.1 Rule-based Gas Distribution Mapping 

 

Early approaches to GDM predominantly relied on rule-based and interpolation-driven methods 

to estimate spatial gas concentration fields from sensor measurements. Techniques such as 

Kernel DM+V/W74 and Gaussian Process Regression101 (GPR) were widely adopted to 

construct continuous concentration maps from discrete sensor data. While these methods offer 

smooth interpolation and uncertainty quantification, they are inherently limited in modeling 

complex, nonlinear gas dispersion behaviors. Their performance is highly dependent on the 
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density and uniformity of the sensor layout, often assuming regular sampling patterns and 

abundant data coverage, which are rarely met in practical deployments involving mobile sensors 

or sparse measurements (Figure 2.10). 

 

 
 

Figure 2.10 Rule based gas distribution mapping, reproduced with permission from 102. This 

approach requires the robot to uniformly traverse the area and perform interpolation. The 

mapping quality is strongly coupled to coverage uniformity and sampling density, which can 

be difficult to guarantee in practical deployments with limited time, obstacles, or uneven 

exploration. 

 

In parallel, physics-based approaches such as Computational Fluid Dynamics103 (CFD) provide 

more reasonable modeling by numerically solving the Navier–Stokes and diffusion equations 

under specified boundary conditions. These methods can capture fine-grained flow-gas 

interactions and produce high-fidelity simulations of gas dispersion. However, the 

computational expense and sensitivity to initial and boundary conditions significantly constrain 

their applicability in dynamic or real-time settings, especially in large-scale or cluttered 

industrial environments where environmental parameters are not fully observable or change 

frequently. These limitations have motivated the exploration of learning-based GDM methods 

that aim to combine the predictive power of data-driven models with the physical 

interpretability of traditional approaches. 
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2.5.2 Learning-based Gas Distribution Mapping 

 

In recent years, machine learning techniques, particularly deep learning models have gained 

increasing traction in GDM due to their adaptability, data efficiency, and capacity for real-time 

inference (Figure 2.11). Convolutional Neural Networks7 (CNNs) and long short-term 

memory100 (LSTM) have demonstrated promising performance in reconstructing spatial gas 

distributions from sparse sensor observations. These models can learn complex spatial patterns 

without explicit physical modeling. However, conventional CNN-based architectures often 

assume fixed-size grid inputs and rely on a large number of training samples to capture spatial 

dependencies effectively. Moreover, the limited receptive field of standard CNNs restricts their 

ability to model long-range spatial correlations and global distribution patterns, which are 

crucial for accurately reconstructing turbulent gas fields. 

 

To address some of these challenges, Physics-Informed Neural Networks104 (PINNs) have 

emerged as a compelling alternative by embedding the governing partial differential equations 

of fluid dynamics directly into the learning objective. By combining data-driven inference with 

physical constraints, PINNs improve the robustness and interpretability of predictions, 

particularly under data-scarce conditions. However, the highly nonlinear nature of fluid 

dynamics equations poses a significant optimization challenge105. The lack of large-scale, high-

quality open-source datasets for GDM further enhance the difficulty, as small or noisy self-

collected datasets can introduce inconsistencies between data loss and physics-based loss. This 

often leads to optimization failures or trivial solutions. 
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Figure 2.11 Input, prediction and error of different gas distribution mapping approach, 

reproduced with permission from 7. Gas Distribution Decoder (GDD) is a CNN based prediction 

model, which performs better accuracy, especially at edge fine structure compared to traditional 

method. 

 

Recently, Transformer architecture has shown remarkable potential in fluid-related learning 

tasks14, including turbulence reconstruction15 and temporal flow prediction16. Owing to its 

attention mechanism106, Transformer models naturally handle variable-length and unordered 

inputs while capturing global spatial relationships through contextual embeddings. These 

capabilities make it especially suitable for sparse and irregularly sampled gas distribution 

mapping scenarios. Motivated by these strengths, we propose a Transformer-based framework 

tailored to reconstruct gas concentration fields from sparse sensor inputs, leveraging the model’s 
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capacity for long-range dependency modeling and flexible input representation. Beyond 

empirical performance, the architectural choice is primarily driven by the structure of robotic 

GDM inputs. Measurements arrive as an unordered set of samples with variable cardinality, 

each associated with a spatial coordinate and multi-modal attributes (e.g., concentration and 

wind). Rasterization-based networks like CNN pipelines require either dense gridding or ad-

hoc interpolation to map such sets to fixed-size tensors, introducing discretization bias and 

coupling the representation to a particular sampling resolution. In contrast, attention-based set 

processing provides permutation invariance over sampled points, a global receptive field that 

scales naturally with sparsity, and adaptive, content-dependent aggregation that can be 

interpreted as a learned kernel operating over spatially embedded observations. This is 

particularly aligned with gas dispersion reconstruction, where long-range coherence of plumes 

and flow continuity can depend on non-local cues. Alternative deep models such as graph neural 

networks107 can also represent irregular samples, but they typically require explicit graph 

construction (e.g., k-Nearest-Neighbor radius selection) that is brittle under highly varying 

sample densities and sampling bias. Therefore, the transformer is positioned in this thesis as a 

principled compromise: it retains flexibility for unstructured sensing while avoiding hand-

crafted neighborhood definitions, and it supports cross-modal fusion through attention when 

jointly reconstructing wind and concentration fields. 

 

2.6 Outstanding Questions 

 

Currently, both gas source localization (GSL) and gas distribution mapping (GDM) remain open 

research challenges. Existing GSL methods often limit flexibility and have strong dependence on 

an accurate gas dispersion model, resulting in struggling in environments with complex 

topographies and turbulent plume dynamics like disaster sites. In real-world conditions, the 

relationship between observed gas concentrations, wind directions, and source location is highly 

nonlinear and environment-dependent, yet most existing approaches lack the capacity to 

incorporate spatial context such as obstacle layout or wind-field distortion caused by structures. 

As a result, localization accuracy remains limited in practical applications. 
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Similarly, while data-driven approaches have recently improved GDM performance, most models 

are still based on regular, grid-based architectures that assume fixed sensor layouts and uniform 

sampling. These assumptions do not hold in realistic robotic deployments, where sampling is 

inherently sparse, irregular, and biased due to motion constraints. Moreover, many existing GDM 

models fail to explicitly encode the spatial relationships between sampling points, making them 

sensitive to sampling errors and limiting their ability to reconstruct high-fidelity gas fields from 

minimal observations. 

 

Considering these gaps, there is a pressing need for robotic olfaction systems that can (i) integrate 

environmental knowledge into the inference of gas source locations under turbulent and occluded 

conditions, and (ii) leverage flexible, spatially aware models for reconstructing gas distributions 

from sparse and unstructured sensor inputs. Addressing these challenges is essential for deploying 

robotic olfaction in real-world tasks such as industrial inspection, environmental hazard detection, 

and search-and-rescue missions. This thesis aims to contribute toward this goal by developing 

novel GSL and GDM frameworks that are both environment-aware and sampling-adaptive, 

advancing the robustness and applicability of robotic gas perception. 
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Chapter 3  
 

Experimental Methodology  
 

This chapter presents the methodology for developing robust robotic gas 

perception systems addressing two key tasks: gas source localization (GSL) 

and gas distribution mapping (GDM). For GSL, a learning-based 

inference framework is proposed to tackle the challenges of early-stage 

gas dispersion, where turbulent plumes and obstacle-induced wind 

interactions disrupt traditional tracking methods. A custom mobile 

platform equipped with Photoionization Detector (PID) gas sensors, 

ultrasonic anemometers, and LIDAR-enabled SLAM is used to collect 

spatially anchored gas and wind data. A U-Net-based model is trained 

using a dynamically weighted loss function that adapts to the number of 

plume encounters, enabling accurate source inference under uncertainty. 

 

For GDM, a Transformer-based architecture is introduced to reconstruct 

gas and wind fields from sparse and irregular sensor observations. The 

model incorporates positional encoding and multi-head self-attention to 

capture long-range spatial dependencies and adapt to varying input 

geometries. Training is conducted on a synthetic CFD dataset generated 

via OpenFOAM simulations under randomized flow conditions, and 

model robustness is validated through real-world wind tunnel data. 

Curriculum learning and OneCycleLR scheduling are used to improve 

training efficiency and generalization. Together, these methods form an 
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integrated robotic olfaction framework capable of reliable operation in 

complex, real-world environments. 
  



Experimental Methodology  Chapter 3 

37 
 

3.1 Rationale for Selection 

As two inverse problems arise at different stages of the underlying fluid-dynamic process, target 

variables of GSL and GDM are task-dependent. For gas source localization (GSL), the target is 

the source location x𝑠𝑠 ∈ Ω, where Ωdenotes the 2D workspace domain and x𝑠𝑠is the unknown 

source coordinate. In practice, GSL is often expressed as estimating a posterior distribution 

𝑝𝑝(x𝑠𝑠 ∣ 𝑜𝑜1:𝑡𝑡
GSL), where 𝑝𝑝(⋅)quantifies localization uncertainty and 𝑜𝑜1:𝑡𝑡

GSLdenotes the history of GSL 

observations up to time 𝑡𝑡. Since GSL must reason over spatial context and occlusions, its per-

step observation is defined as 𝑜𝑜𝑡𝑡GSL = (ℳ, u�(p𝑡𝑡 , 𝑡𝑡), 𝑒𝑒𝑡𝑡 , p𝑡𝑡) , where ℳ is a geometric map 

encoding free space and obstacles, p𝑡𝑡 ∈ ℝ2is the robot’s planar position at time 𝑡𝑡, u�(p𝑡𝑡 , 𝑡𝑡)is the 

wind measurement acquired at p𝑡𝑡 , and 𝑒𝑒𝑡𝑡 ∈ {0,1}is a binarized gas-encounter indicator that 

equals 1 when the measured concentration exceeds a predefined threshold and 0 otherwise; this 

event-driven sensing can be interpreted as a sparse observation of the plume’s reachable region 

or transport trajectory. In contrast, for gas distribution mapping (GDM), the target is the spatial 

concentration field 𝑐𝑐(x, 𝑡𝑡)over x ∈ Ω, where 𝑐𝑐(x, 𝑡𝑡)denotes the gas concentration at location 

xand time 𝑡𝑡(and can be discretized as a grid field C𝑡𝑡in implementation). The GDM observation 

at time 𝑡𝑡is a set of sparse measurements 𝑜𝑜𝑡𝑡GDM = {(p𝑖𝑖 , 𝑐̃𝑐𝑖𝑖 , u�𝑖𝑖)}𝑖𝑖=1
𝑁𝑁𝑡𝑡 , where p𝑖𝑖is the 𝑖𝑖-th sampling 

coordinate, 𝑐̃𝑐𝑖𝑖 ≈ 𝑐𝑐(p𝑖𝑖 , 𝑡𝑡) is the measured concentration at p𝑖𝑖 , u�𝑖𝑖 is the co-located wind 

measurement, and 𝑁𝑁𝑡𝑡is the number of available samples at time 𝑡𝑡. Finally, as both tasks are 

formulated for a mobile robot, we define the state in both problems as the robot’s planar position 

𝑠𝑠𝑡𝑡 ≜ p𝑡𝑡 ∈ ℝ2 ; therefore, different encoding schemes must be selected to match the 

characteristics of each task. 

 

In this thesis, the term physics-aware is used to describe a weak physical supervision approach 

tailored to robotic gas sensing, where the underlying dispersion process is physically well-

defined yet practically complex and highly variable. Although gas transport is governed by 

conservation laws and advection-diffusion dynamics, acquiring large-scale, high-fidelity 

datasets remains difficult because training data must be obtained either from costly real-

robot/wind-tunnel experiments or from computationally intensive CFD simulations. Under such 

data scarcity, purely data-driven models often suffer from limited data efficiency and may fail 

to generalize across environments and flow regimes. Incorporating physical priors can therefore 
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improve sample efficiency; for example, physics-informed neural networks (PINNs) have 

shown promising performance on certain fluid problems by enforcing PDE residuals as training 

constraints104,108. However, direct equation enforcement is not always suitable for the GSL and 

GDM settings studied here. First, the PDE solution space can be highly nonlinear, making 

optimization sensitive and convergence difficult in practice. More importantly, the training 

observations of gas dispersion are not perfectly physics-consistent due to sensor noise, bias, 

discretization, and sim-to-real discrepancies, so a physics residual loss may induce gradient 

directions that conflict with the data-fitting loss. Such conflicts can push the optimization 

toward degenerate or trivial solutions (e.g., physically plausible outputs that nonetheless 

mismatch measurements). For these reasons, this thesis adopt a physics-aware approach that 

integrates physical context without directly enforcing governing equations. The work in this 

thesis injects physically relevant modalities, such as explicit obstacle information ℳ, the spatial 

encoding of sampling locations 𝐩𝐩, and physically meaningful wind/encounter cues. As a result, 

the model is encouraged to learn patterns consistent with gas dispersion while being trained 

primarily under the data loss. In this sense, physical knowledge acts as a structured prior that 

guides representation learning, rather than as a hard PDE constraint. 

 

For GSL, the early stage of gas dispersion is dominated by turbulent plumes and complex wind-

obstacle interactions, which limits the formation of stable, continuous concentration gradients. 

Traditional tracking or gradient-based methods fail under such conditions due to low signal 

continuity and high uncertainty. To address this, a learning-based inference framework is 

proposed, which leverages spatial context, including wind direction and environmental layout 

obtained via SLAM to model the non-linear relationship between plume encounters and true 

source locations. A PID sensor is chosen for its fast response and stability, providing reliable 

detection events for learning-based inference. Furthermore, an ultrasonic anemometer and a 

LIDAR-based SLAM system are integrated to supply environmental structure and wind vectors, 

allowing gas perception to be anchored in physical space. The usage of U-Net architecture is 

based on its proven effectiveness in spatial inference tasks, and is further enhanced by a 

dynamic loss function tailored to the progressive accumulation of sensor data. 
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In contrast, GDM deals with the stable stage of dispersion. Here, the goal is to reconstruct a 

continuous spatial field from sparse and irregular sensor inputs. Traditional CNN architecture 

assumes grid-aligned inputs, which are ill-suited to real-world robotic sampling. To overcome 

this, a Transformer-based model is employed due to its ability to process set-structured inputs, 

capture long-range spatial correlations via self-attention, and flexibly handle variable sampling 

patterns. The model is trained on synthetic CFD data generated by OpenFOAM, which allows 

controlled exploration of a wide range of source and flow configurations. To ensure robustness 

and generalizability, curriculum learning is adopted to progressively increase task difficulty, 

and real-world validation is conducted using wind tunnel experiments. The combined use of 

positional encoding, feature fusion, and Transformer decoder queries enables the model to infer 

high-resolution gas and wind fields from minimal observations. 

 

3.2 Gas Source Localization with Mobile Robot 

3.2.1 Design of Robot Platform 

 

As a easy access, nontoxic gas with density is close to that of air, ethanol was selected as the 

model gas to be emitted. Meanwhile, a photoionization detector109 (PID) sensor were used as 

the sensing device, respectively, for the robotic spatial olfaction experiments. 

 

PID is a type of gas sensor that detect volatile organic compounds (VOCs) and certain inorganic 

gases based on the principle of photoionization (Figure 3.1). In a PID sensor, gas molecules are 

ionized by high-energy ultraviolet (UV) light. When the energy of the UV photon exceeds the 

ionization potential of the target gas molecule, electrons are ejected, producing positively 

charged ions. These ions generate a measurable current that is proportional to the gas 

concentration. PID is characterized by its fast response time (often within seconds), high 

sensitivity, and high signal-to-noise ratio, making them ideal for real-time gas detection. In this 

thesis, the PID sensor is employed as a model gas sensor due to its rapid and stable response 

characteristics. 
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Figure 3.1 Working principle of PID sensors, reproduced with permission from 110. Gas is 

detected by measuring the ions ionized from gas molecules by high-energy ultraviolet LED. 

 

As an important variable in spatial olfaction tasks, environmental wind was measured using an 

ultrasonic anemometer. Ultrasonic anemometers111 measure wind speed and direction based on 

the time-of-flight principle of ultrasonic sound waves (Figure 3.2). The device typically consists 

of multiple transducers arranged in pairs along orthogonal axes. These transducers alternately 

transmit and receive ultrasonic pulses. When wind is present, it alters the time it takes for the 

sound waves to travel between the transducers: sound waves traveling with the wind arrive 

faster, while those traveling against the wind arrive slower. By comparing these transit times in 

multiple directions, the anemometer calculates both the magnitude and direction of the wind 

vector. In robotic applications, their compact size, precision, and real-time capability make 

them ideal for monitoring airflow patterns. 
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Figure 3.2 Working principle of ultrasonic anemometer, reproduced with permission from 112. 

An ultrasonic anemometer measures wind speed and direction using the time-of-flight of 

ultrasonic sound waves between transducers. 

 

The environmental map is scanned using Light Detection and Ranging113 (LIDAR), which is a 

remote sensing technology that measures distance by emitting laser pulses and detecting the 

time it takes for the reflected light to return from surrounding objects (Figure 3.3). By scanning 

the environment with rapid, high-frequency laser pulses, LIDAR systems can generate precise 

two-dimensional maps of the surroundings, capturing structural details such as the shape, 

position, and size of objects. In robotics, LIDAR is widely used for simultaneous localization 

and mapping (SLAM), enabling a robot to build a map of an unknown environment while 

simultaneously determining its own position within that map. SLAM enables the robot to 

accurately associate gas measurements with spatial coordinates, which provides spatial context 

for gas source localization. 
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Figure 3.3 Working principle of LIDAR. LIDAR is a remote sensing technology that measures 

distances by illuminating a target with laser light and analyzing the reflected signal. 

 

3.2.2 Experiment Setup and Dataset Collection 

 

Experiments were conducted in an enclosed indoor environment measuring 10 meters by 10 

meters, providing a controlled yet realistic setting for gas dispersion studies (Figure 3.4A). To 

simulate airflow, three electric fans were deployed to create an artificial wind field. A large 

central obstacle was placed within the space to significantly alter the global wind flow, while 

several smaller side obstacles were introduced to influence localized air flow and shape the 

resulting gas plume structure. All obstacles were intentionally designed to exceed the height of 

the fans, ensuring that airflow interacted with the obstacles rather than bypassing them. 

 

The target gas used in this study was ethanol vapor, generated via an ultrasonic vaporizer 

(Figure 3.4B). Ethanol liquid was stored in a container where an absorbent material ensured 

continuous contact with an ultrasonic transducer. The ultrasonic produced ethanol vapor at 

room temperature without requiring thermal heating. Near the ground level, the vapor remained 

relatively stable in vertical position, reducing buoyancy-driven rise and allowing horizontal 

dispersion to be governed primarily by wind-induced advection rather than temperature 

gradients. 
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Figure 3.4 Setup of Gas Source Localization Experiments. (A) Setup of the experiment scenario. 

Different topographies are set by changing number and locations of obstructions. (B) The 

artificial gas source. Ethanol vapor is generated by an ultrasonic transducer. 

 

The experimental trials were conducted under multiple configurations to evaluate the robustness 

and generalizability of the proposed method. Variables included different gas source locations, 

fan directions, obstacle arrangements, and initial robot deployment positions. This diversity of 

conditions aimed to simulate a range of environmental complexities and ensure comprehensive 

performance assessment. 

 

The dataset was collected under a human-in-the-loop, event-based principle, collecting 

representative data that encodes the tempo-spatial pattern of plumes released by the gas source. 

This pattern is indirectly reflected by gas sensor responses, the corresponding position, and 

observed wind flow when the robot encounters a plume. To identify meaningful encounters 

with the plume, a two-stage detection and validation process was implemented. In the first stage, 

an event-based filter automatically flagged candidate encounters by monitoring rapid 

fluctuations in gas concentration signals, serving as a preliminary indicator of plume contact. 

In the second stage, a human operator reviewed the flagged events in real time to validate their 

significance and prevent redundant recordings, particularly those occurring in close spatial 

proximity to previously logged points. The event-based filter follows the approach proposed by 

Li et al114, it binarizes the sensor readings, reducing data dimensionality and enhancing 

generalizability across different sensors (Figure 3.5). 

 

𝐶𝐶𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = � 0, 𝑖𝑖𝑖𝑖 𝑐𝑐𝑡𝑡 ≤ 𝑘𝑘𝑘𝑘𝑡𝑡−1
1, , 𝑖𝑖𝑖𝑖 𝑐𝑐𝑡𝑡 > 𝑘𝑘𝑘𝑘𝑡𝑡−1

(2) 
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𝑐𝑐𝑡𝑡� = γ𝑐𝑐𝑡𝑡−1����� + (1 − γ)𝑐𝑐𝑡𝑡 (3) 

 

 

where  𝑐𝑐𝑡𝑡 is the sensor response at time t, k is a predefined noise threshold, and γ is a trade-off 

parameter controlling filter sensitivity. This filter converts continuous sensor readings into 

binary values indicating plume encounters. With an adaptive threshold 𝑐𝑐𝑡𝑡� , it detects plumes 

while mitigating the influence of accumulated gas in the environment. During the experiment, 

the gas sensor sampling frequency was set to 1Hz, with γ = 0.2 and k = 1.04, determined 

through preliminary experiments to minimize false positives. When the filter returns 1, the 

encounter location is recorded after operator confirmation, preventing excessive repeated 

triggers near the gas source. 

 

 
 

Figure 3.5 Demonstration of the event-based filter. Noisy, continuous sensor reading is 

transmitted to binary gas encounter event. 
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Training data collection requires multiple trials. A trial is defined as a mapping process from 

an initially empty map. When a plume encounter is confirmed, the current occupancy map, the 

robot's location, and anemometer data are saved. At the trial’s end, the robot is guided to the 

gas source, and its final position on the map is recorded as the true gas source location (Figure 

3.6D). Different trials vary in room topography, wind direction, gas source position, and initial 

robot location. 

 

After initial collection, the dataset is then pre-processed for further training. The map is 

generated by cartographer, a widely used SLAM package. Maps are output in the form of 

occupancy grid map115, which represents the environment as a two-dimensional grid of discrete 

cells. Each cell is assigned a probability value indicating whether it is occupied, free, or 

unknown based on sensor observations. In the grid map, unknown is marked as -1, free is 0, 

other grids are marked as an integer from 0 to 100, representing the probability of being 

occupied. Each recorded gas encounter is stored as a three-channel map tensor: map, gas 

encounter, and wind. The map channel records the occupancy grid map at the encounter moment, 

standardized by padding with -1. The encounter channel, matching the occupancy grid size, 

marks encounter coordinates with 1, while other grids remain at 0. All prior encounters are 

recorded cumulatively. During each trial, samples are sequentially generated in encounter order.   

 

The wind channel plays a key role in gas source localization, assuming gas disperses from 

upwind to downwind. For a single gas source, the probability of its location in the downwind 

region relative to an encounter point is lower than in the upwind region. In our wind channel 

implementation, the anemometer provides a wind vector Vwind���������⃗ , with wind field matrices 

matching the map’s shape. Each grid cell’s value Wi is determined by its orientation relative to 

the wind: upwind if 𝑉𝑉𝚤𝚤��⃗ ⋅ 𝑉𝑉wind���������⃗ ≥ 0, and downwind otherwise. The wind channel accumulates all 

encountered wind field matrices over time, offering a comprehensive view of wind conditions 

on the map. 
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𝑊𝑊𝑖𝑖 = �
1, 𝑖𝑖𝑖𝑖 𝑉𝑉𝚤𝚤��⃗ ⋅ 𝑉𝑉wind���������⃗ ≥ 0
−1, 𝑖𝑖𝑖𝑖 𝑉𝑉𝚤𝚤��⃗ ⋅ 𝑉𝑉wind���������⃗ < 0  

0, 𝑖𝑖𝑖𝑖 𝑉𝑉wind���������⃗ = 0
(4) 

 

 

To enhance model robustness, all samples are rotated clockwise by π
2

,π, 3π
2

 radians for data 

augmentation. Figure 3.6A, 3.6B, 3.6C are visualization of the map tensor sample 

corresponding to the 3rd encounter event in a trial. 

 

 
 

Figure 3.6 The pre-processed dataset and model diagram. Samples in dataset are 3-channel 

tensors (A) Occupancy grid map channel, where black area means unknown, marked as -1 in 

the matrix, white area means free, marked as 0, grey area is marked as integers from 0 to 100, 

representing the probability of being occupied. (B) Gas encounter locations channel, a matrix 

matching the occupancy grid size, marks encounter coordinates with 1, while other grids remain 
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0. (C) Wind field regions channel. Deeper green color means higher possibility of being upwind. 

(D) Diagram of data exploiting, three channels are from different sensor modalities and are 

combined to be proceeded by U-Net. 

 

3.2.3 Model Architecture and Training 

 

U-net was chosen as the backbone model. U-Net is a convolutional neural network architecture 

originally designed for image segmentation97, but it has since been widely adopted for various 

dense prediction tasks requiring pixel or grid level outputs116,117. Its architecture is characterized 

by a symmetric encoder-decoder structure with skip connections, forming a distinctive "U" 

shape (Figure 3.7). The encoder path gradually reduces the spatial resolution of the input 

through a series of convolution and max-pooling layers, allowing the network to capture high-

level features and global context. The decoder path uses up sampling to restore the original 

resolution, enabling precise localization. Skip connections between corresponding encoder and 

decoder layers allow the model to retain fine-grained spatial information lost during down 

sampling, improving the accuracy of the final output. 

 

The processed dataset was split 4:1 into training and validation sets, ensuring robust evaluation 

while preventing data leakage by keeping samples from the same trial in the same set. The U-

Net model features a lightweight symmetric encoder-decoder with 23 convolutional layers for 

deployment on the robot's processor. The encoder has four down sampling steps, each with two 

3x3 convolutions, batch normalization, and ReLU activation, with 2x2 max-pooling halving the 

feature map size at each step. Starting with 64 channels, the count doubles per layer, reaching 

1024 at the bottleneck. The decoder mirrors the encoder, using transposed convolutions for up 

sampling and concatenation with encoder features. A final 1x1 convolution outputs the class 

probabilities via a sigmoid function. The model converged stably after 100 epochs with a batch 

size of 8 and an initial learning rate of 1e-5. Learning rate halving and L2 regularization (weight 

decay: 0.01) were applied to prevent overfitting. 
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Figure 3.7 Architecture of the U-net based model. Input is 3-channel map tensor and output is 

source probability distribution map. 

 

To enhance the stability and accuracy of gas source localization training, a specialized loss 

function incorporating a dynamic detection range (DN) was designed. This approach allows the 

model to adaptively adjust its focus based on the number of plume encounters, thereby 

improving localization performance over time. The model outputs a posterior source map, a 

probabilistic grid where each cell represents the likelihood of containing the gas source. 

However, confidence in these predictions can vary depending on factors such as the number of 

plume encounters and the completeness of the SLAM-generated map. To accommodate this 

variability, the dynamic detection range DN is defined as a function of the number of plume 

encounters N (Figure 3.8): 

 

𝐷𝐷𝑁𝑁 = 𝑎𝑎 ⋅ 𝑒𝑒−𝑘𝑘⋅(𝑁𝑁−1) + 𝑐𝑐 (5) 

 

 

Here, parameter a is set to 3, and c is set to 1, meaning that the dynamic detecting range DN 

starts at 4 meters after the first encounter and gradually converges to a 1 meter range as the 

number of encounters increases. k, representing the convergence rate, is set to 0.3. This adaptive 



Experimental Methodology  Chapter 3 

49 
 

range ensures that the model focuses on increasingly smaller and more precise regions as more 

data is collected, improving localization accuracy over time. 

 

The hyperparameters are set following a design principle that balances early-stage reachability 

and late-stage precision. Specifically, c=1 defines the intended terminal tolerance: by the end 

of localization, the detection range is expected to shrink to approximately 1m, matching our 

target that the robot should confine the candidate region within a 1 m neighborhood of the 

source. In the experiments, the robot encounters the plume only a limited number of times 

before termination, the average number of plume encounters from start to finish is about four. 

We therefore calibrate the DN schedule such that the learning objective encourages effective 

convergence within roughly four informative updates. The remaining parameters a and k control 

the initial scale and contraction rate and are chosen to stabilize the initial phase under occlusions. 

Because obstacles can block line-of-sight to the source, the robot often cannot directly observe 

the source location at initialization. If the initial DN were entirely outside the robot’s feasible 

scanning coverage, the policy would be forced into near-random proposals, leading to 

unnecessary training variance. Consequently, we select a and k so that the initial DN is just large 

enough to reach the robot’s effective scanning range at the beginning, while still contracting 

smoothly enough over subsequent steps. 

 

The training loss is designed based on Binary Cross-Entropy118 (BCE), a commonly used 

function for binary classification tasks. Instead of focusing on exact source coordinates, the 

model aims to catch the relevance between the source and the region inside DN. Standard BCE, 

given by the following equation, is not well suited for the scenario due to the high variability in 

gas plume encounters and the need to handle spatial uncertainty.  

 

ℒℬ𝒞𝒞ℰ(𝑦𝑦𝑖𝑖 ,𝑦𝑦𝚤𝚤�) = 𝑦𝑦𝑖𝑖 log(𝑦𝑦𝚤𝚤�) + (1 − 𝑦𝑦𝑖𝑖) log(1 − 𝑦𝑦𝚤𝚤�) (6) 

 

To address this, this thesis modifies the BCE by introducing a weight that reduces the influence 

of grid cells near the edges of the detection range, where predictions are less reliable. The 

proposed modification is critical since manually defined regions are not absolutely accurate, 

and the model may struggle to align precisely at the edges, leading to instability during training. 
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To ensure smoother training, it is necessary to reduce the weights at the edges of the predicted 

region. Each grid is assigned a weight according to: 

 

𝑦𝑦𝑁𝑁,𝑖𝑖 = �
0, 𝑖𝑖𝑖𝑖 𝑑𝑑𝑖𝑖  >  𝐷𝐷𝑁𝑁 𝑜𝑜𝑜𝑜  𝑚𝑚𝑖𝑖  =  −1
𝐷𝐷𝑁𝑁 − 𝑑𝑑𝑖𝑖
𝐷𝐷𝑁𝑁

⋅
100 −𝑚𝑚𝑖𝑖

100
, 𝑖𝑖𝑖𝑖 𝑑𝑑𝑖𝑖 ≤ 𝐷𝐷𝑁𝑁

(7) 

 

 

in which 𝑑𝑑𝑖𝑖  is the distance between grid i and the gas source location, 𝑚𝑚𝑖𝑖  is the occupancy 

probability grid i. Grids outside 𝐷𝐷𝑁𝑁 range of the gas source are labelled as 0, while grids inside 

𝐷𝐷𝑁𝑁  range are labelled as (DN−di)
DN

⋅ (100−mi)
100

, considering both distance to gas source and 

occupancy probability of the map. The final training loss is defined by: 

 

ℒ = −
1
𝑛𝑛
�𝑙𝑙(𝑦𝑦𝑖𝑖 ,𝑦𝑦𝚤𝚤�)
𝑛𝑛

𝑖𝑖=1

(8) 

 

 

𝑙𝑙(𝑦𝑦𝑖𝑖 ,𝑦𝑦𝚤𝚤�) = �
ℒℬ𝒞𝒞ℰ(𝑦𝑦𝑖𝑖 , 0), 𝑖𝑖𝑖𝑖𝑦𝑦𝚤𝚤� = 0

𝑦𝑦𝚤𝚤�
1
5 ⋅ ℒℬ𝒞𝒞ℰ(𝑦𝑦𝑖𝑖 , 1) ⋅ 𝑊𝑊𝑝𝑝𝑝𝑝𝑝𝑝, 𝑖𝑖𝑖𝑖𝑦𝑦𝚤𝚤� > 0

(9) 

 

 

The loss function ℒ first computes the binary classification loss for the region in the range 𝐷𝐷𝑁𝑁, 

and then adjusts it using the decreased weight 𝑦𝑦𝚤𝚤�
1
5 and a positive weighting factor 𝑊𝑊𝑝𝑝𝑝𝑝𝑝𝑝 , 𝑦𝑦𝚤𝚤�

1
5 

reduces the weight of predictions near the edges of the detection range, ensuring smoother 

training and preventing overfitting to noisy data. 𝑊𝑊𝑝𝑝𝑝𝑝𝑝𝑝 (set to 5.0) assigns a higher weight to the 

positive sample in case of imbalanced sample distribution, which ensures that the model pays 

sufficient attention to the rare but significant positive samples. 
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Figure 3.8 Dynamic detection region in loss function. Under the scenario (A): the detection 

region is shown in (B). The blue area is the region for loss calculation, which will shrink with 

the number of plume encounters. Grids near the edge are assigned smaller weights to avoid 

unstable loss gradient.  

 

3.3 Gas Distribution Mapping  

3.3.1 Dataset Generation and Selection 

 

Computational Fluid Dynamics119 (CFD) is a branch of fluid mechanics that uses numerical 

methods and algorithms to simulate and analyze fluid flow and related physical phenomena. 

The fundamental principle of CFD lies in solving the governing equations of fluid dynamics, 

which is the Navier-Stokes equations along with conservation laws for mass, momentum, and 

energy. These equations are discretized using methods such as finite volume, finite difference, 

or finite element methods, allowing the fluid domain to be represented in a computational mesh 

or grid. CFD simulations provide insights into velocity fields, pressure distributions, turbulence, 

heat transfer, and species transport, giving valuable simulation to fluid fields distribution. 

 

OpenFOAM120 is a widely used open-source CFD toolbox that provides a flexible and 

customizable platform for modeling fluid flow, turbulence, heat transfer, and chemical reactions. 
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OpenFOAM features a modular architecture that allows users to modify solvers, define custom 

boundary conditions, and couple multiple physical models. Its capabilities range from simple 

laminar flows to complex multiphase, reactive, and compressible flows. OpenFOAM is favored 

in both academia and industry due to its extensibility, active community support, and the 

absence of licensing costs. 

 

In order to generate physically reliable and diverse training datasets for data-driven gas 

distribution reconstruction, a comprehensive series of two-dimensional CFD simulations were 

systematically performed. These simulations aim to replicate realistic turbulent airflow 

behavior and the subsequent transport and dispersion of passive scalars, specifically gas species, 

within a controlled computational domain. The primary objective is to capture the intricate 

interplay between turbulence-induced mixing and scalar transport processes, which are crucial 

for reconstructing accurate gas concentration fields from sparse sensing data. 

 

The fluid flow is modeled as incompressible, which is a valid approximation under low-speed 

conditions typically encountered in indoor or urban dispersion scenarios121. To represent the 

turbulent nature of the flow, the Reynolds-averaged Navier-Stokes (RANS) equations are 

solved. This approach effectively separates the instantaneous velocity and pressure fields into 

mean and fluctuating components, enabling statistical treatment of turbulence effects. To close 

the system, the widely validated standard 𝑘𝑘 − ε turbulence model is employed, which provides 

transport equations for turbulent kinetic energy and its dissipation rate, thereby yielding an eddy 

viscosity that models the enhanced momentum transfer due to turbulence. 

 

The transport of the gas concentration field is modeled as a passive scalar, meaning that it does 

not affect the flow field dynamically and is simply carried and diffused by the underlying 

velocity and turbulent eddies. The computational domain is a two-dimensional square region of 

1 meter by 1 meter, discretized using a uniform mesh of 100 times 100 cells. This mesh 

resolution is chosen to balance computational efficiency and sufficient spatial detail to resolve 

key flow and scalar features. 

 

The governing equations are the Reynolds-Averaged Navier-Stokes122 (RANS) equations with 
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the 𝑘𝑘 − ε turbulence model: 

 

∇ ⋅ 𝑢𝑢�⃗ = 0 (10) 

 

 

ρ �
∂u�⃗
∂t

+ u�⃗ ⋅ ∇u�⃗ � = −∇p + μ∇2u�⃗ (11) 

 

 

where 𝑢𝑢�⃗ = (𝑢𝑢, 𝑣𝑣) denotes the velocity vector field components in the Cartesian directions, p 

represents the fluid pressure, 𝜌𝜌 is the fluid density (assumed constant for incompressibility), 

and 𝜇𝜇 is the dynamic viscosity. The continuity equation mathematically enforces the physical 

constraint that the fluid is incompressible, i.e., its volume does not change with time. The 

momentum equation balances the rate of change of momentum with forces arising from 

pressure gradients and viscous stresses. The nonlinear convective term 𝑢𝑢�⃗ ⋅ ∇𝑢𝑢�⃗  represents the 

advection of momentum by the flow itself, which is responsible for the complex behavior of 

fluid motion including turbulence generation. 

 

In turbulent flows, velocity and pressure fields exhibit rapid fluctuations over time. To 

enable practical computation without resolving all turbulent scales, Reynolds decomposition 

is applied, decomposing instantaneous quantities into mean (time-averaged) and fluctuating 

components: 

 

𝑢𝑢�⃗ = 𝑢𝑢�⃗� + 𝑢𝑢′���⃗ (12) 

 

 

𝑝𝑝 = 𝑝̅𝑝 + 𝑝𝑝′ (13) 

 

 

where 𝑢𝑢�⃗� and 𝑝̅𝑝 denote the mean velocity and pressure fields, respectively, and 𝑢𝑢′���⃗  and 𝑝𝑝′ are the 

zero-mean fluctuations. 
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Substituting these into the original Navier-Stokes equations and taking time-averages leads to 

the RANS equations: 

 

∇ ⋅ 𝑢𝑢�⃗� = 0 (14) 

 

 

ρ�𝑢𝑢�⃗� ⋅ ∇𝑢𝑢�⃗�� = −∇𝑝̅𝑝 + μ∇2𝑢𝑢�⃗� − ρ∇ ⋅ 𝑢𝑢′���⃗ ⊗ 𝑢𝑢′���⃗ (15) 

 

 

where the additional term −ρ∇ ⋅ 𝑢𝑢′���⃗ ⊗ 𝑢𝑢′���⃗  represents the Reynolds stress tensor, embodying the 

momentum flux due to turbulent velocity fluctuations. This term is unknown a priori and 

necessitates turbulence modeling for closure. 

 

Physically, Reynolds stresses act as an additional stress on the mean flow, enhancing mixing 

and momentum transport beyond molecular viscosity effects. To close the RANS system, the 

Boussinesq hypothesis123 is introduced, which postulates that the Reynolds stresses can be 

modeled analogously to viscous stresses via an eddy viscosity μ𝑡𝑡. The expression is: 

 

−ρ𝑢𝑢𝑖𝑖′𝑢𝑢𝑗𝑗′ = μ𝑡𝑡 �
∂𝑢𝑢𝚤𝚤�
∂𝑥𝑥𝑗𝑗

+
∂𝑢𝑢𝚥𝚥�
∂𝑥𝑥𝑖𝑖

� −
2
3
ρ𝑘𝑘δ𝑖𝑖𝑖𝑖 (16) 

 

 

where indices 𝑖𝑖, 𝑗𝑗 correspond to spatial directions, k is the turbulent kinetic energy defined as 

𝑘𝑘 = 1
2
𝑢𝑢𝑖𝑖′𝑢𝑢𝑖𝑖′, and δ𝑖𝑖𝑖𝑖 is the Kronecker delta symbol. 

 

This approximation translates the unknown turbulent stresses into a scalar eddy viscosity 

multiplying the strain rate tensor, which significantly simplifies modeling while retaining the 

essential physics of enhanced momentum transfer caused by turbulence. Inserting this into 

RANS momentum yields the momentum equation in terms of the sum of molecular and 
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turbulent viscosities: 

 

ρ�𝑢𝑢�⃗� ⋅ ∇𝑢𝑢�⃗�� = −∇𝑝̅𝑝 + ∇ ⋅ �(μ + μ𝑡𝑡) �∇𝑢𝑢�⃗� + �∇𝑢𝑢�⃗��
𝑇𝑇
�� −

2
3
ρ∇𝑘𝑘 (17) 

 

 

where the last term accounts for isotropic turbulent normal stresses. 

 

The eddy viscosity μ𝑡𝑡 is not directly known and must be computed from turbulence quantities. 

The standard 𝑘𝑘 − εmodel provides transport equations for k (turbulent kinetic energy) and 𝜀𝜀 (its 

dissipation rate), capturing production, diffusion, and destruction mechanisms of turbulence: 

 

μ𝑡𝑡 = 𝐶𝐶μρ
𝑘𝑘2

ε
(18) 

 

 

where 𝐶𝐶𝜇𝜇is an empirical constant. 

 

The governing transport equations for 𝑘𝑘 𝑎𝑎𝑎𝑎𝑎𝑎 𝜀𝜀 are 

 

∂(ρ𝑘𝑘)
∂𝑡𝑡

+ ∇ ⋅ �ρ𝑘𝑘𝑢𝑢�⃗�� = ∇ ⋅ ��μ +
μ𝑡𝑡
σ𝑘𝑘
� ∇𝑘𝑘� + 𝑃𝑃𝑘𝑘 − ρ (19) 

 

 

∂(ρε)
∂𝑡𝑡

+ ∇ ⋅ �ρε𝑢𝑢�⃗�� = ∇ ⋅ ��μ +
μ𝑡𝑡
σε
� ∇ε� + 𝐶𝐶ε1

ε
𝑘𝑘
𝑃𝑃𝑘𝑘 − 𝐶𝐶ε2ρ

ε2

𝑘𝑘
(20) 

 

 

where 𝑃𝑃𝑘𝑘 is the production term of turbulent kinetic energy due to mean velocity gradients: 

  

𝑃𝑃𝑘𝑘 = μ𝑡𝑡 �∇𝑢𝑢�⃗� + �∇𝑢𝑢�⃗��
𝑇𝑇
� :∇𝑢𝑢�⃗� (21) 
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with the colon operator denoting the double inner product of tensors. 

 

The constants: 

 

𝐶𝐶μ = 0.09,σ𝑘𝑘 = 1.0,σε = 1.3,𝐶𝐶ε1 = 1.44,𝐶𝐶ε2 = 1.92 (22) 

 

 

are standard values obtained from extensive experimental validation. This turbulence model 

strikes a balance between accuracy and computational cost and is widely used for engineering 

flows, including indoor airflows and pollutant dispersion. 

 

The dispersion of the gas is modeled as the transport of a passive scalar concentration c. Since 

the gas is assumed not to influence the flow field (no buoyancy or chemical reactions), its 

transport is governed by the convection-diffusion equation: 

 
∂𝑐𝑐
∂𝑡𝑡

+ ∇ ⋅ �𝑐𝑐𝑢𝑢�⃗�� = ∇ ⋅ (𝐷𝐷∇𝑐𝑐) (23) 

 

 

where D is the effective diffusion coefficient representing both molecular and turbulent 

diffusion mechanisms. 

 

The turbulent diffusion is modeled by analogy to momentum diffusion, with the turbulent 

diffusivity proportional to the eddy viscosity and inversely proportional to the turbulent 

Schmidt number 𝑆𝑆𝑐𝑐𝑡𝑡: 

 

𝐷𝐷 = 𝐷𝐷𝑚𝑚 +
μ𝑡𝑡
𝑆𝑆𝑐𝑐𝑡𝑡ρ

(24) 

 

 

where 𝐷𝐷𝑚𝑚  is the molecular diffusivity of the gas species in air, typically on the order of 



Experimental Methodology  Chapter 3 

57 
 

2.0 × 10−5 m2/s . The turbulent Schmidt number 𝑆𝑆𝑐𝑐𝑡𝑡  is an empirical constant set to 0.9, 

reflecting the ratio of momentum to mass diffusivity in turbulent flows. This formulation 

effectively captures the enhanced mixing and spreading of the gas plume due to turbulence, 

which is critical for generating realistic spatial concentration patterns for downstream data-

driven analysis. 

 

The finite volume method (FVM) discretizes the governing equations on the structured mesh. 

The following numerical schemes are employed: 

 

Spatial discretization: Second-order central differencing for diffusion terms and a bounded 

second-order upwind scheme for convection terms to balance accuracy and stability. 

 

Temporal discretization: Implicit backward Euler scheme for time integration, ensuring 

unconditional stability. 

 

Pressure-velocity coupling: SIMPLE algorithm is used to iteratively solve the pressure and 

velocity fields until convergence at each time step. 

 

Convergence criteria: Residuals for all equations are monitored, with a typical convergence 

tolerance set at 10−6. 

 

Grid independence studies were performed by comparing results on finer meshes 

(𝑒𝑒.𝑔𝑔. , 150 × 150 𝑎𝑎𝑎𝑎𝑎𝑎 200 × 200 ). No significant differences were observed in velocity 

profiles and concentration fields, confirming that the 100 × 100 mesh is sufficient. Time step 

size was chosen asΔ𝑡𝑡 = 0.001 s based on a Courant-Friedrichs-Lewy (CFL) number less than 

1 to ensure numerical stability and temporal accuracy. 

 

Two orthogonal velocity inlets are placed on the left and bottom boundaries of the domain. For 

each simulation case, inflow velocities at these inlets are sampled independently from a uniform 

distribution 𝒰𝒰(0.1,0.5)~m/s, introducing variability in overall flow direction and strength. 

The top and right domain boundaries are set as zero-gradient pressure outlets to allow natural 
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outflow. 

 

A single passive gas source is introduced within the central region of the domain. Its exact 

location is randomized for each case, mimicking scenarios where the gas leak origin is unknown. 

The gas is treated as a passive scalar and its emission rate is fixed across all simulations. 

 

Table 3.1 Boundary conditions of CFD simulation. 

 
Boundary Type Details 

Left Velocity Inlet 𝑢𝑢 ∼ 𝑈𝑈(0.1,  0.5) m/s 

Bottom Velocity Inlet 𝑢𝑢 ∼ 𝑈𝑈(0.1,  0.5) m/s 

Right Pressure Outlet Zero gradient 

Top Pressure Outlet Zero gradient 

Interior Gas Source Random position & intensity 

 

 

 
 

Figure 3.9 Setup and boundary conditions of CFD simulation. 

 

Once steady-state is reached, each simulated sample is down sampled through interpolation into 

a uniform 64×64 grid, which serves as the ground truth (Figure 3.10). N sample points were 

randomly selected from the ground truth (N = 20, 30, 50) as sensor sampling. The sampled data 
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includes (x, y) position, local gas concentration, and velocity components (u, v). The training 

set consists of 200 simulated cases. For each case, 32 random sampling trials are conducted to 

simulate different sensor input scenarios. During sampling, the gas concentration is used to 

weight the probability density, allowing the simulation of various unbalanced sampling 

conditions, such as higher, lower, or uniform sampling densities in the gas plume region. The 

test set is composed of 20 additional cases, which are down sampled using the same method as 

the training set. 

 

 
 

Figure 3.10 Sample of CFD simulation results. The simulation is under open environment, with 

a single gas source diffusing within a wind field, then down sampled to 64*64 grids. Sensor 

inputs is randomly sampled from the results. 

 

The model's generalization ability and robustness are validated using real-world data. The 

validation of model is based on the dataset of ICASSP 2025 SP Grand Challenge: Gas source 

localization from real-world spatial in-situ concentration and wind measurements124. The 

dataset is collected from a low-speed wind tunnel within a test area measuring 2.40m x 2.40m 

x 0.88m (Figure 3.11A). The test area contains a factory model and a gas source releasing 

propylene glycol vapor. A robotic arm is used to measure horizontal wind speed and gas 

concentration across a total of 20 × 20 horizontal cells (in the XY-plane) and at 3 different 
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vertical positions (Figure 3.11B). This dataset represents the spatial distribution of gas 

concentration in a realistic environment. The data is divided into different working planes based 

on vertical positions and interpolated into 64×64 distributions. Sensor inputs are then sampled 

following the same rules used in the training set. This setup is used to evaluate the extrapolation 

capability of our model in real-world scenarios (Figure 3.11C). 

 

 
 

Figure 3.11 Setup of real-world validation experiment, reproduced with permission from 124. 

(A) Testing area in the wind tunnel and the measurement probe. (B) Sensing probe with PID, 

MOX and wind sensors within each package. (C) A snapshot of the measurement process with 

an active gas source.  

 

3.3.2 Model Architecture and Training 

 

A Transformer-based model was designed to reconstruct gas concentration and wind fields from 

random sensor observations (Figure 3.12). Each input sample includes spatial coordinates (x, 

y), wind speed components (u, v), and gas concentration (c). The model uses two separate 

encoders: a Dynamic Positional Encoder and a Feature Encoder. The positional encoder applies 

Fourier-based encoding to spatial coordinates, followed by an MLP to generate 128-

dimensional embeddings. This encoding captures high-frequency spatial patterns and enables 

generalization across different layouts. The feature encoder processes the (u, v, c) values 

through a two-layer MLP with GELU (Gaussian Error Linear Unit) activation and dropout, 

producing a feature embedding of the same dimension. The position and feature embeddings 

are projected into a shared latent space and fused using multi-head self-attention. A residual 
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connection and LayerNorm are applied to stabilize training and preserve spatial structure. The 

fused embeddings are processed through a two-layer Transformer encoder. To predict the full 

grid, we construct a learnable decoder query by combining fixed positional encodings of the 

target grid points and a trainable latent query. This query is passed through a two-layer 

Transformer decoder, attending to the encoder memory to generate a global feature 

representation. The decoder output is fed into three parallel MLP heads to regress the u, v, and 

c fields over the entire grid. Each head independently predicts one of the target variables and 

reshapes the output into a 64×64 spatial map. 

 

L2 regularization125, which adds a penalty term proportional to the square of the model weights, 

is applied to prevent overfitting by discouraging overly complex models. This thesis adopts the 

OneCycleLR126 strategy, a dynamic learning rate schedule that initially increases and then 

decreases the learning rate—to accelerate convergence and improve training stability. 

Additionally, curriculum learning127 is employed to enhance training efficiency and robustness; 

this strategy, inspired by the way humans learn, involves presenting the model with easier tasks 

first before gradually introducing more difficult ones. Specifically, the model was initially 

trained on samples with 50 sensor inputs and then progressively adapted to more challenging 

cases with 30 and 20 inputs. 
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Figure 3.12 Architecture of the Transformer-based gas distribution mapping model. 

 



Topography Aware Gas Source Localization Chapter 4 

63 
 

Chapter 4∗ 

 

Topography Aware Gas Source Localization 
 

Gas source localization in complex environments is critical for 

applications such as environmental monitoring, industrial safety, and 

disaster response. Traditional methods often struggle with the challenges 

posed by a lack of environmental topography integration, especially when 

interactions between wind and obstacles distort gas dispersion patterns. 

This chapter proposes a deep learning-based approach, which leverages 

spatial context and environmental mapping to enhance gas source 

localization. Based on PID and model gas equivalent to Chapter 4, by 

integrating Simultaneous Localization and Mapping (SLAM) with a U-

Net-based model, the proposed method predicts the likelihood of gas 

source locations by analyzing gas sensor data, wind flow, and topography 

of the environment represented by a 2D occupancy map. The result 

demonstrates the efficacy of our approach using a wheeled robot equipped 

with a photoionization detector, a LIDAR, and an anemometer, in various 

scenarios with dynamic wind fields and multiple obstacles. The results 

show that this approach can robustly locate gas sources, even in 

challenging environments with fluctuating wind directions, outperforming 

conventional methods by utilizing topography contextual information. 

This study underscores the importance of topographical context in gas 

 
∗This Chapter is published as Changhao Tian, Annan Wang, Han Fan, Thomas Wiedemann, Yifei Luo, Le Yang, Weisi Lin, 
Achim J. Lilienthal, Xiaodong Chen.  Deep Learning Based Topography Aware Gas Source Localization with Mobile Robot. 
International Conference on Robotics and Automation International Conference on Robotics and Automation (ICRA) 2025. 
IEEE, 2025: 4380-4386, no permission is required for thesis purpose. 
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source localization and offers a flexible and robust solution for real-world 

applications. Data and code are publicly available. 
 

4.1 Introduction 

 

In industrial and environmental contexts, gas leakage represents a significant yet often 

undetected threat. In different scenarios, from environmental monitoring, industrial safety, and 

disaster rescue, dispersed gas is always an important but typically invisible environmental factor. 

Detecting and locating potential gas sources is crucial for ensuring environmental compliance, 

preventing industrial accidents, and supporting rescue operations. Therefore, using mobile 

robots committing gas source localization in hazardous or hard-to-reach environments becomes 

appealing. 

 

A typical robot for gas source localization typically uses a gas sensor to detect the gas from 

the source and an anemometer to estimate the direction of the source. However, the primary 

challenge arises from the complexity of gas dispersion processes. Firstly, turbulence can arise 

at the interface between the gas and the atmosphere due to viscosity. This unpredictable fluid 

dynamic effect disrupts the concentration gradient, rendering gas concentration an unreliable 

indicator for estimating the distance to the source. Besides, convective gas flow interacts with 

obstacles, causing the wind field to become distorted by the surrounding topography, making 

it difficult to infer source direction solely from an anemometer (Figure 4.1). As a result, gas 

source localization in the real-world is often a non-observable estimation problem, 

particularly in indoor environments where the presence of obstacles further complicates 

airflow patterns.  
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Figure 4.1 Schematic illustration of gas source localization. In real-world scenarios with 

obstacles, the interaction between airflow and physical obstructions further complicates the 

problem. Unlike empty room, in a real-world scenario, real wind cannot be inferred from 

observed wind. 

 

To address this obstacle-induced challenge, this chapter leveraged spatial context, such as the 

environmental topography and observed wind flow, to learn the complex, non-analytical 

relationship between gas encounters and the actual gas source location. The contextual 

information in environmental topology can be perceived by SLAM, which allows robots to 

create or update maps of unknown environments while tracking their location. For gas source 

localization, SLAM can provide accurate locations where gas is detected and corresponding to 

surrounding topography128. Assuming that obstacle layout affects the gas dispersal process and, 
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therefore, is crucial for predicting gas source locations, integrating SLAM could greatly 

enhance the localization process. 

 

This chapter proposes a deep learning-based approach for gas source localization in complex 

environments. The goal of our work is to train a model that can predict the potential gas source 

location during the SLAM process when the robot encounters the plume, leveraging data from 

a LIDAR, an anemometer, and a gas sensor. The environment map, gas encounter locations and 

wind observations will be combined into a 3-channel tensor and put into a U-Net, which can 

capture the topography context related to gas dispersion. When the robot is deployed to an 

unknown environment, the model can predict the potential locations of gas sources despite a 

different topography. To implement and demonstrate our approach, a wheeled mobile robot 

equipped with a photoionization detector (PID), an anemometer, and a LIDAR is built and 

conducted real-world experiments. The results have shown that the method can locate the gas 

source effectively in an environment with multiple obstacles and complex gas plume 

distribution. Even under a changing wind field, the method can remain robust. 

 

4.2 Experimental Method 

 

4.2.1 Design of Robot Platform 

 

The robotic platform is built on a Mecanum wheel chassis129, shown by Figure 4.2A. It is 

equipped with a CZ0001 ultrasonic anemometer, an LDS-250D laser LIDAR, and a PID-AH2 

gas sensor. The CZ0001 ultrasonic anemometer allows collection of wind data in the speed 

range of 0 to 40 m/s with an angular accuracy of ±2 degree, a speed accuracy of ±2% and a 

speed threshold of 0.05 m/s.  The LDS-25D can generate point clouds of up to 14000 points per 

second with a 30 m range with an accuracy of ±0.01m at 14k Hz. The PID-AH2 is a highly 

sensitive photoionization detector (PID). A PID uses an ultraviolet (UV) lamp to ionize a 

detectable compound, including most Volatile Organic Compounds (VOCs) In our experiment, 
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the PID-AH2 has a detection range from sub 1 parts per billion (ppb) to 50 parts per million 

(ppm). All the sensor payloads are controlled by an NVIDIA Jetson Nano processor. The robot's 

movement can be controlled via a remote controller. The SLAM functionality was implemented 

using the Cartographer ROS package130. 

 

 
 

Figure 4.2 The experiment setup. (A) The Robot platform carrying sensor payloads. (B) The 

gas source generating ethanol vapor. (C) The experiment area with moveable obstructions and 

wind directions. 

 

4.2.2 Target Gas Source and Area 
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The target gas is generated by an ultrasonic ethanol vaporizer (Figure 4.2B). Ethanol liquid in 

the container contacts an ultrasonic transducer through an absorbent material, producing 

ethanol vapor at room temperature. Near the ground surface, the gas can remain at a relatively 

constant altitude while being dispersed by wind currents without significant vertical floating 

via temperature gradient. 

 

The experimental setup, depicted in (Figure 4.2C), consisted of an empty room measuring 10 

meters by 10 meters. To facilitate gas dispersion, an artificial wind field was generated using 

three fans. A large central obstacle was introduced to alter the overall wind flow pattern, while 

smaller side obstacles were placed to influence the finer details of the resulting gas plume 

shape. All obstacles were higher than the fans to prevent airflow from bypassing them. The 

experiment was conducted under various conditions, including different fan configurations, 

gas source locations, obstacle arrangements, and initial robot positions 

 

4.3 Principal Outcomes 

 

4.3.1 Model Training 

 

Based on dataset of 60 trials, each containing 4 to 6 samples, the model converged after 100 

training epochs. The data were split into training and validation sets at a 4:1 ratio, with 

validation loss monitored to prevent overfitting. Specifically, each trial was treated as a unit 

during the split to ensure that samples from the same trial were not divided across different sets. 

This precaution was taken to avoid data leakage, where scenes encountered during training 

might reappear in the validation set. The loss curves (Figure 4.3) show that both the training 

and validation losses stabilized after 100 epochs, with no significant increase in validation loss. 

This indicates that the model converged well without exhibiting notable overfitting. The results 

also suggest that the customized loss function effectively reduced training instability. 
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Figure 4.3 Loss curve of the training process. The training converged after 100 epochs. 

 

4.3.2 Gas Source Localization with Spatial Context 

 

During testing, the proposed method achieved accurate gas source localization within as few as 

four plume encounters, as illustrated in Figure 4.4. This performance is primarily attributed to 

two critical factors: the availability of a more complete environmental map and the increased 

number of spatially distributed plume encounter locations. 

 

Each time the robot encounters a gas plume, the model updates its inference by generating a 

probability distribution over the explored space. The shape of probability distribution map is 

aligned with the map from SLAM, the value of each grid means the grid’s probability of 

containing gas source, indicating where the gas source is most likely to be located. As the robot 

continues to explore and gradually scans the surroundings of the gas source, progressing from 

Figure 4.4 A to Figure 4.4 C, the inferred probability distribution becomes more continuous and 

spatially coherent, reflecting a higher level of confidence in the source’s estimated position.  
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For the first encounter (Figure 4.4A), the prediction (Figure 4.4B) is with significant difference 

from the real gas source location (green triangle in Figure 4.4G). This is because the spatial 

relationships between encounters have not yet been established, and the location of the gas 

source has not been identified by LiDAR, as is grey in Figure 4.4A.  With each additional 

encounter, the distribution begins to converge, as the regions of high probability become 

increasingly focused and start to overlap around the actual source location. This convergence 

indicates that the model is accumulating sufficient spatial and sensory context to refine its 

prediction. Once a critical number of plume encounters has been reached, the aggregated 

information allows the model to accurately narrow down the probable area of the gas source, 

thus enabling reliable localization. 

 

 
 

Figure 4.4 Model performance in one trial with increasing encounters and map completeness. 

The model's output demonstrates improved prediction accuracy and continuity as more gas 

encounters are acquired (A), (C), (E) and (G) and the coverage of the source posterior map 

increases (B), (D), (F) and (H). When 4 encounters were acquired (G), the grids assigned with 

the highest posteriors in (H) align closely with the actual source. 
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4.3.3 Quantified Evaluation of Model Performance 

 

To evaluate the model’s performance, how its output evolved with the number of plume 

encounters in the testing set is evaluated. Two quantitative indices were used, the ratio of 

positive grids and the distance from the probability distribution centroid to the actual gas source, 

reflecting the model’s confidence and accuracy in localizing the gas source as new information 

is gathered. 

 

The ratio of positive grids is defined as the proportion of grid cells whose predicted probability 

exceeds a threshold of 0.5, indicating it’s likely to contain the gas source (Figure 4.5). This 

metric serves as a proxy for the model’s output belief, a high ratio indicates that the model is 

broadly uncertain about the output, assigning elevated probabilities across a large area. 

Conversely, a lower ratio suggests that the model has become more selective and confident, 

focusing its probability mass on a smaller, more plausible region. As the number of plume 

encounters increases, this ratio decreases notably. This trend implies that the model 

progressively narrows its hypothesis space, reducing ambiguity and converging toward a 

smaller region that likely contains the true source. 

 

 
 

Figure 4.5 Schematic of the ratio of positive grids and its trend with respect to the number of 

encounters. As the number of encounters increases, the ratio gradually decreases, indicating an 
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increase in prediction belief. 

 

The centroid-based distance measures the Euclidean distance between the predicted probability 

weighted centroid and the actual gas source location. This index evaluates localization accuracy, 

a large distance reflects a diffuse or misaligned prediction, while a smaller distance indicates 

that the model's probability mass is concentrated near the true source. As shown in Figure 4.6, 

after the first encounter, both the mean and variance of this distance are large, reflecting high 

uncertainty and low accuracy. However, with additional plume encounters, the centroid-based 

distance steadily declines, suggesting that the model integrates spatial and wind context 

effectively over time. This reduction underscores the role of contextual information in 

enhancing prediction precision, as the model is able to integrate sensory data with topographical 

and wind cues to localize the gas source more accurately. 

 

 
 

Figure 4.6 Schematic of the centroid-based distance and its trend with respect to the number of 

encounters. As the number of encounters increases, the ratio gradually decreases, indicating an 

increase in prediction accuracy. 

 

It's worth noting that variances of both indices also decrease as the number of plume encounters 

increases. This indicates that the model’s predictions become not only more accurate but also 
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more consistent across different trials. The shrinking variance suggests that with more 

encounters, the model converges toward a stable inference pattern, reducing random 

fluctuations in its estimated source location. Such convergence reflects the model’s ability to 

leverage accumulated spatial and wind-related context, rather than relying on isolated or noisy 

observations.  

 

4.3.4 Robustness in Dynamic Environment 

 

To further evaluate the robustness of our method, a set of tests under dynamic wind field 

conditions was conducted. In this setup, oscillating fans were used to generate a swinging wind 

pattern, introducing temporal variability and directional shifts in airflow that mimic more 

realistic environmental dynamics. As illustrated in Figure 4.7, the robot was able to accurately 

localize the gas source in both testing trials, despite the fluctuating wind directions. 

 

It is important to note that the model was trained exclusively on data collected under static wind 

conditions, and that the onboard anemometer is limited to measuring local, instantaneous 

airflow at the robot’s current position. This means the model had no prior exposure to dynamic 

airflow patterns and lacked direct access to a global wind field. Nevertheless, this approach 

maintained its ability to make reliable predictions based on the timing and location of plume 

encounters combined with the spatial context gathered through exploration. 

 

This successful generalization to dynamic wind conditions highlights the central role of spatial 

context, such as obstacle layout, encounter locations, geometry among encounters, and 

accumulated sensory information in enabling robust gas source localization. Rather than relying 

on explicit wind field modeling, this method learns to infer the underlying structure of the 

environment through repeated plume interactions. The ability to operate effectively under such 

non-stationary conditions demonstrates the model’s resilience and points to its potential for 

broader deployment in complex, uncontrolled real-world settings. 
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Figure 4.7 Demonstrations of test trials posed with changing wind field (shown by blue arrows). 

In dynamic environments that were never included in the training, the model remains robust in 

terms of prediction accuracy. 

 

To complement the qualitative demonstrations under dynamic wind, a quantitative summary is 

provided by comparing static-wind and dynamic-wind evaluations under the same topography 

and experimental setting in the test set (Figure 4,8). Centroid-based distance and the ratio of 

positive grids are reported across different numbers of plume encounters, which are same 

metrics as analysis on the full testing set. The results indicate that dynamic wind leads to a 

slightly higher ratio of positive grids, suggesting that wind variability increases uncertainty in 

the inferred source region. However, the centroid-based distance exhibits a similar decreasing 

trend as encounter count increases, and the overall behavior remains aligned with the static-

wind case. This quantitative evidence supports the robustness of GSL model under dynamic 
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wind variations, indicating that the model learns interaction patterns between gas dispersion 

dynamics and terrain geometry, rather than merely memorizing the training data. 

 

 
Figure 4.8 Quantitative comparison of GSL performance under static and dynamic wind 

conditions. The figure reports centroid-based distance between the predicted source distribution 

and the ground-truth source location and ratio of positive grids in the predicted result, evaluated 

on the test set under identical terrain and experimental settings. Results are grouped by the 

number of plume encounters. Dynamic wind yields a slightly higher ratio of positive grids, 

especially when prediction converges with multiple encounters, indicating a more diffuse 

support region (lower confidence), while the centroid-based distance and the overall 

convergence trend remain consistent with the static-wind case. 



Topography Aware Gas Source Localization Chapter 4 

76 
 

4.4 Conclusions 

 

In this chapter, a topography aware gas source localization approach based on deep learning is 

proposed, which leverages environmental context to learn the spatial relationship between gas 

encounter events and the underlying source location. By incorporating topographical features 

perceived through SLAM and fusing them with sparse gas encounter signals, the proposed 

method enables probabilistic inference of the gas source location. Through real-world 

experiments conducted under both static and dynamic wind conditions, this chapter 

demonstrated that the proposed approach achieves robust and reliable performance. These 

findings suggest that environmental context-based prediction offers a promising direction for 

improving gas source localization in mobile robotics, particularly in complex or uncontrolled 

settings. 

 

At present, the model utilizes a two-dimensional representation of the environment, which 

assumes that wind primarily flows around, rather than over, obstacles. While this simplification 

is reasonable in the most ground-level scenarios, it inherently limits the spatial resolution of gas 

dispersion modeling. To enable more comprehensive spatial perception of gas plumes, future 

work may incorporate 3D environmental representations using sensors such as 3D LiDAR or 

stereo cameras. These enhancements could allow the model to account for vertical airflows and 

volumetric plume structures, further improving localization accuracy in environments with 

significant vertical features. 

 

Another important direction for future research is addressing the presence of multiple or 

dynamic gas sources. The current framework is developed and validated under the assumption 

of a single, stationary source. However, in many real-world applications, such as industrial leak 

detection or environmental monitoring, multiple or moving gas sources may coexist. Therefore, 

future work must explore strategies to disambiguate overlapping plumes, detect multiple 

sources, and adapt to changes in source position over time. 

 

Systematically evaluate the generalization capability of the model across a wider range of 
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conditions is also needed. This includes testing in environments of varying spatial 

configurations, such as open areas, narrow corridors, and cluttered spaces with irregular 

obstacle distributions. Furthermore, the future work should also expand the evaluation with 

more rigorous quantitative analyses, including Receiver Operating Characteristic (ROC) curves, 

precision-recall metrics, and ablation studies to isolate the contributions of key architectural 

components. 

 

It is worth noting that existing GSL methods differ widely in both input format and evaluation criteria. 

For instance, reactive plume-tracking methods are often assessed based on the final distance 

between the robot and the gas source, whereas probabilistic or model-based approaches focus 

on distribution accuracy or prediction confidence131. A further and more fundamental reason 

why widely accepted baselines are difficult to adopt in this chapter is that the dominant 

formulation in the GSL literature is navigation-to-source: the robot is expected to physically 

reach (or nearly reach) the source, and performance is primarily reported in terms of arrival 

distance, time-to-reach, or success in contacting the source. Moreover, a large fraction of prior 

evaluations is conducted in relatively open arenas with limited or no obstacles, where classical 

plume-tracking behaviors and gradient/wind-cue exploitation are directly applicable. In contrast, 

the formulation considered in this thesis is prediction without contact in obstacle-rich 

environments. The objective is to infer the source location and to declare a source estimate 

without requiring the robot to physically arrive at the source. This mismatch in task definition 

and termination condition means that standard reach-the-source baselines are not directly 

comparable under the same evaluation endpoints, and re-purposing them would require non-

trivial redesigning of stopping rules and objective functions, which would introduce additional 

degrees of freedom and potential fairness concerns. For these reasons, the evaluation protocol 

in this Chapter is designed around a source-declaration criterion and interface-consistent 

observations, enabling reproducible measurement of localization error, convergence speed, and 

robustness under occlusions, while aligning with the thesis objective of source prediction rather 

than source contact. Due to this lack of standardized benchmarks, direct comparisons across 

methods remain challenging. To address this gap, a well-defined gas source declaration protocol 

is also needed, enabling reproducible and quantitative evaluation of localization accuracy, 

convergence speed, and robustness under diverse environmental conditions. 
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Chapter 5 

 

Gas Distribution Mapping from Unstructured 

Observation 
 

This chapter presents a Transformer-based framework for gas 

distribution mapping (GDM) using sparse and unevenly distributed 

sensor observations. Traditional GDM methods, which rely on dense 

sensor networks or local interpolation, often fail under practical 

constraints such as limited sampling coverage and environmental 

complexity. Leveraging the Transformer’s global attention mechanism, 

the proposed model effectively reconstructs both gas concentration and 

wind fields from limited and unbalanced measurements. To train and 

evaluate the model, a synthetic dataset was generated using 

OpenFOAM-based CFD simulations under varying wind and source 

conditions, followed by validation on real-world wind tunnel data. 

Quantitative comparisons against linear interpolation, Kernel DM+V, 

and CNN-based baselines demonstrate that the Transformer achieves 

significantly lower mean squared error and higher structural similarity 

across various levels of sparsity and sampling balance. Case studies 

further highlight the model’s robustness to background drift and its 

ability to localize gas plumes under challenging conditions. The results 

show that although a noticeable simulation-to-real (sim-to-real) gap still 

exists, Transformer based approaches can be promising solutions for 

robotic spatial olfaction tasks requiring local field modeling from 

unstructured data. 
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5.1 Introduction  

 

Gas emission is a very important factor in industrial manufacturing, environmental monitoring, 

and risk assignment. Accurate monitoring of gas concentration distribution is critical for 

ensuring workplace safety, optimizing industrial processes, and minimizing environmental 

impact. Traditional methods for Gas Distribution Mapping rely on dense sensor networks132, 

which, while effective, are often expensive and difficult to deploy in complex environments. 

These limitations underscore the need for new approaches to gas concentration reconstruction 

that can achieve high spatial resolution with minimal sensor deployment. 

 

Due to their mobility and flexible sampling capabilities, robots have become a highly popular 

solution for GDM72,75. However, traditional GDM methods often rely on interpolating data 

obtained from uniform sampling throughout the environment. In real-world scenarios, there are 

often regions that robots cannot easily access, leading to sparse and uneven sampling. This 

poses significant challenges to mapping accuracy and hinders practical applications. The 

limitations of traditional approaches highlight the need for methods that can effectively 

reconstruct gas distributions even with limited and irregularly distributed observations. 

 

As a kind of matter transport, the distribution of gas concentration is closely correlated with the 

wind field within the region, which is the carrier of gas transport. Although methods such as 

Computational Fluid Dynamics (CFD) can solve fluid equations, their high computational cost 

makes them unsuitable for real-time applications. Additionally, as a typical model-driven 

approach, their strong reliance on predefined conditions limits their adaptability to unfamiliar 

environments. In contrast, AI-based approaches offer a promising alternative for reconstructing 

fluid fields by data-driven models. Machine learning techniques, like physics-informed neural 

networks108,133 (PINNs), diffusion model134, and generative adversarial model135,136 (GAN), can 

learn the underlying relationships between sampling points and overall fluid fields, enabling 

point-to-point reconstruction with sparse and unbalanced observations.  
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Robotic gas distribution mapping presents three key challenges. First, the number and locations 

of sampling points vary with robot movement, making fixed-input models like multilayer 

perceptron unsuitable. Second, gas concentration is highly sparse, most areas have near-zero 

values, requiring the model to extract meaningful patterns from largely uninformative data. 

Third, input order is not fixed due to the robot's mobility, so the model must capture spatial 

relationships based on relative positions rather than sequence. 

 

To address these challenges, a Transformer-based model for GDM is proposed in this chapter. 

The attention mechanism captures long-range spatial correlations, while positional encoding 

helps the model understand the relative layout of sampling points. Given that near-ground 

airflow is mainly horizontal, the mapping is performed in 2D, aligned with the robot's 

workspace. The model takes as input the sampling coordinates, gas concentration, and wind 

speed components (x and y). After encoding, the data is processed through an encoder–decoder 

architecture, with two output heads predicting the distributions of gas concentration and wind. 

This design enables accurate reconstruction of fluid fields from sparse, unordered 

measurements. 

 

The GDM task in this thesis is formulated as learning a mapping from an unstructured 

observation set to dense 2D fields. Each observation is a tuple (𝐩𝐩𝑖𝑖 , 𝐱𝐱𝑖𝑖), where 𝐩𝐩𝑖𝑖 ∈ ℝ2denotes 

the sampling coordinate and 𝐱𝐱𝑖𝑖contains multi-modal measurements (e.g., gas concentration and 

local wind). The number of observations 𝑁𝑁varies across trials and the sampling order is not 

meaningful, which makes the input naturally permutation-invariant. The adopted transformer 

treats {(𝐩𝐩𝑖𝑖 , 𝐱𝐱𝑖𝑖)}𝑖𝑖=1𝑁𝑁 as a set and performs global message passing via self-attention, enabling 

every sample to condition on all others without relying on a pre-defined neighborhood graph or 

dense rasterization. Positional encoding 𝜙𝜙(𝐩𝐩𝑖𝑖)is used to embed spatial relations, and attention 

weights become content-adaptive operators that modulate long-range interactions, which is 

critical under extreme sparsity or sampling bias where local interpolation is under-determined. 

Compared with CNN-based encoder–decoders that require fixed grid inputs (often obtained 

through interpolation) and have limited effective receptive fields, the transformer provides a 
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structurally consistent interface for irregular sensing and supports cross-modal fusion through 

attention when jointly reconstructing wind and concentration fields.  

 

To generate training data, A CFD method was used to simulate gas dispersion under various 

scenarios. The dataset includes gas sources with different locations and intensities, as well as 

regional wind fields with varying directions. After training, the model was validated using real 

data collected from a low-speed wind tunnel. Results show that, compared with traditional 

statistical methods like Kernel DM+V74 or typical neural network like CNN7, this approach can 

more accurately reconstruct the gas concentration and wind field across the area, especially 

from sparse and unevenly distributed sensor samples.  

 

5.2 Experimental Method 

 

5.2.1 Training Data Generation by OpenFOAM 

 

In order to generate physically reliable and diverse training datasets for data-driven gas 

distribution mapping, a comprehensive series of two-dimensional computational fluid dynamics 

simulations were systematically performed. These simulations aim to replicate realistic 

turbulent airflow behavior and the subsequent transport and dispersion of passive scalars, 

specifically gas species, within a controlled computational domain. The primary objective is to 

display the intricate interplay between turbulence-induced mixing and scalar transport 

processes, which are crucial for reconstructing accurate gas concentration fields from sparse 

sensing data. 

 

The fluid flow is modeled as incompressible, which is a valid approximation under low-speed 

conditions typically encountered in indoor or urban dispersion scenarios. To represent the 

turbulent nature of the flow, the Reynolds-averaged Navier-Stokes119 (RANS) equations are 

solved. This approach effectively separates the instantaneous velocity and pressure fields into 
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mean and fluctuating components, enabling statistical treatment of turbulence effects. To close 

the system, the widely validated standard 𝑘𝑘 − ε turbulence model is employed, which provides 

transport equations for turbulent kinetic energy and its dissipation rate, thereby yielding an eddy 

viscosity that models the enhanced momentum transfer due to turbulence. 

 

The transport of the gas concentration field is modeled as a passive scalar, meaning that it does 

not affect the flow field dynamically and is simply carried and diffused by the underlying 

velocity and turbulent eddies. The computational domain is a two-dimensional square region of 

1m times 1m, discretized using a uniform mesh of 100 times 100 cells. This mesh resolution is 

chosen to balance computational efficiency and sufficient spatial detail to resolve key flow and 

scalar features. All simulations are done by OpenFOAM, an open-source CFD framework, the 

constants are standard values obtained from extensive past experimental validation. 

 

To enable the model to learn a broader range of gas dispersion patterns and prevent overfitting, 

the dataset primarily consists of three types of cases, convection-dominated, diffusion-

dominated and blank. In the convection case (Figure 5.1A), wind serves as the primary driving 

force for gas dispersion, resulting in a strong coupling between the gas concentration field and 

the wind field. In diffusion case (Figure 5.1B), the wind speed is relatively low compared to the 

source strength, so gas dispersion is dominated by diffusion. This results in a broader plume 

shape and smoother concentration gradients along the edges. In the blank case (Figure 5.1C), 

no gas source is present and the concentration distribution is entirely zero. This case is included 

to address sample imbalance and prevent the model from hallucinating gas presence in negative 

samples. 400 convection-dominated cases, 100 diffusion-dominated cases and 100 blank cases 

are included in the synthesized dataset.  
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Figure 5.1 The composition of the dataset. (A) Convection-dominated cases. (B) Diffusion-

dominated cases. (C) Blank cases. 

 

5.2.2 Data Extraction and Sensor Down Sampling 

 

The scalar concentration field is interpolated onto a 64 times 64 uniform grid to serve as the 

ground truth. To simulate real-world sensor limitations, a fixed number of sampling points (N) 

are drawn from this grid. The selection is randomized per case, and optionally biased toward 

high-concentration regions to mimic targeted deployment strategies. Multiple values of N are 

explored in this study (e.g., 20, 30, 50). For each simulation, 32 distinct sensor configurations 

are generated to ensure robustness. This results in a large and diverse dataset: 200 simulated 

cases for training and 20 cases for testing, each case will generate 32 different input-output 

samples.  

 

5.2.3 Real-world Evaluation 

 
The validation of our model is based on an open-source, real-world dataset collected in a low-

speed wind tunnel124. The experimental area measures 2.40 × 2.40 × 0.88 𝑚𝑚 and contains a 

scaled-down industrial site model with obstacles and a gas source emitting propylene glycol 
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vapour (Figure 5.2A). As shown in Figure 5.2B, a robotic arm carries four gas sensing units 

positioned at different vertical heights (i.e., at Layer 1, Layer 2, Layer 3 and Layer 4), acquiring 

measurements across a 20 ×20 horizontal grid in the XY-plane. Each sensing unit comprises a 

MiCS5524 metal oxide (MOX) gas sensor, a PID-AH2 photo-ionization detector (PID) for 

measuring gas concentrations and a Trisonica Mini ultrasonic 3D anemometer for horizontal 

wind velocity. As one can observed in Figure 5.2C, compared to the PID, which provides 

calibrated and relatively sharp gas concentration peaks and fast recovery, the MOX sensor 

responses are characterized by slower recovery dynamics, susceptibility to baseline drift, and 

did not report calibrated concentration levels. This experimental setup yields a high-fidelity 

dataset that reflects realistic dispersion conditions with complex airflow structures and spatial 

obstructions.  

 

For the evaluation of the learning models, the measurements collected from Layer 1 was 

selected, the plane closest to the gas source, where gas signal intensity and spatial variation are 

most prominent. Specifically, the MiCS5524 MOX readings from this layer are used as the 

input gas sensor signals for the learning models. To align with the spatial resolution used in our 

simulated training data, the raw measurements are interpolated onto a 64 ×64  grid, forming 

dense ground truth maps of gas concentration and wind fields. From these maps, sparse sensor 

inputs are generated using the same probabilistic sampling strategies defined in training, 

ensuring consistency in the sampling process between training and evaluation. 

The ad hoc evaluation setup based on the real-world dataset allows a realistic and challenging 

benchmark to assess the considered approaches under practical conditions, featuring 

nonuniform sampling, real sensor noise, and complex airflow dynamics. 
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Figure 5.2 The experimental setup of the low-speed wind tunnel dataset124. (A) An example of 

the experimental environment with an active gas source (B) Vertical arrangement of 4 sensing 

units at different heights. (C) Time series of MOX and PID sensor responses at Layer 1 in the 

real-world dataset. 

 

5.2.4 Model Evaluation 
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To assess the effectiveness of the proposed method, quantitative comparisons were conducted 

against alternative approaches. Linear interpolation, Kernel DM+V, and a CNN encoder–

decoder architecture was selected as baseline methods for comparison.  

 

Linear interpolation serves as a simple and widely used baseline, where unknown gas 

concentrations across the spatial domain are estimated by interpolating between known sensor 

measurements. Kernel Extrapolation Distribution Mapping + Variance (Kernel DM+V) is a 

widely used non-parametric statistical method that learns a probabilistic two-dimensional 

distribution model from a set of local gas sensor measurements. Unlike conventional 

interpolation techniques, Kernel DM+V not only estimates the mean of the gas distribution but 

also captures the observed variance. Incorporating predictive variance significantly enhances 

gas distribution modeling, as it enables the evaluation of model quality based on data likelihood 

and provides a principled way to learn meta-parameters. Lastly, a CNN encoder–decoder model 

is employed as a learning-based baseline. This architecture maps sparse sensor inputs to a dense 

concentration field through hierarchical feature extraction and spatial up sampling. Although 

purely data-driven, it provides a strong benchmark for learning-based reconstruction and has 

been effective in various inverse mapping tasks. This framework has achieved state-of-the-art 

performance in previous GDM super-resolution tasks. To ensure a fair comparison, a CNN 

encoder-decoder with a parameter count comparable to that of the Transformer model was used. 

It takes a 4-channel input of spatial resolution 64 times 64 and outputs a 3-channel prediction 

map of the same size. Since CNNs are not able to handle variable-length inputs, the sensor 

observations were first zero-padded based on their spatial coordinates to form a fixed-size 4-

channel matrix of 64 times 64. The four channels represent gas concentration, wind velocity in 

the x and y direction, and a binary mask that explicitly indicates the locations of sensor 

observations. The encoder consists of three convolutional layers that progressively reduce 

spatial resolution (64-32-6) while increasing feature depth to capture high-level representations. 

The decoder then reconstructs the original resolution using two transposed convolutional layers 

followed by a final convolution that outputs the desired number of channels. LeakyReLU 

activations are used throughout the network to maintain non-linearity while mitigating the risk 

of dead neurons.  
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The evaluation of the models was primarily based on two metrics, mean squared error (MSE) 

and structural similarity index137 (SSIM). MSE is a commonly used metric that measures the 

average squared difference between the predicted values and the ground truth. It is defined as: 

 

MSE =
1
𝑛𝑛
�(𝑦𝑦𝑖𝑖 − 𝑦𝑦𝚤𝚤�)2
𝑛𝑛

𝑖𝑖=1

(25) 

 

 

where 𝑦𝑦𝑖𝑖 is the true value and 𝑦𝑦𝚤𝚤�  is the predicted value. A lower MSE indicates higher numerical 

accuracy and better overall fit. However, MSE does not account for perceptual similarity or 

structural features in spatial data. SSIM is a perceptual metric that evaluates the similarity 

between two spatial fields based on structural information. SSIM ranges from 0 to 1, with 1 

indicating perfect structural similarity. SSIM captures spatial consistency, making it suitable for 

evaluating reconstructed fields such as gas concentration maps. SSIM is defined as:  

 

SSIM(𝑥𝑥,𝑦𝑦) =
�2μ𝑥𝑥μ𝑦𝑦 + 𝐶𝐶1��2σ𝑥𝑥𝑥𝑥 + 𝐶𝐶2�

�μ𝑥𝑥2 + μ𝑦𝑦2 + 𝐶𝐶1��σ𝑥𝑥2 + σ𝑦𝑦2 + 𝐶𝐶2�
(26) 

 

 

where μ𝑥𝑥 and μ𝑦𝑦 is the average value of field x and y, σ𝑥𝑥2 and σ𝑦𝑦2  is variance of field x and y, 

and 𝜎𝜎𝑥𝑥𝑥𝑥 is covariance. 𝐶𝐶1 and 𝐶𝐶2 are constant used to avoid division by zero. 

 

In evaluating the accuracy and robustness of the models, two categories of variables were 

controlled: sparsity and balance. Controlling sparsity was intended to evaluate the model’s 

performance under varying numbers of sensor observations, specifically to assess whether it 

can reconstruct the spatial concentration field from sparse measurements, which is important 

for real-world applications. Models’ performance was evaluated under sample numbers of 100, 

50 and 20. The balance evaluation was designed to assess the model’s stability when dealing 

with uneven and unstructured sampling patterns. This was intended to simulate real-world 

scenarios where a robot's mobility is constrained, leading to irregular and limited sampling 

coverage. Sampling balance was controlled by using concentration-weighted probabilistic 
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sampling during sensor data extraction, thereby biasing sample selection based on local gas 

concentration values. The probability of selecting a given grid cell 𝑝𝑝𝑖𝑖 was defined as: 

 

𝑝𝑝𝑖𝑖 =
(𝑐𝑐𝑖𝑖 + 𝜀𝜀)𝛼𝛼

∑ �𝑐𝑐𝑗𝑗 + 𝜀𝜀�𝛼𝛼𝑁𝑁
𝑗𝑗=1

(27) 

 

 

where 𝑐𝑐𝑖𝑖 denotes the local gas concentration, ε is a small constant for numerical stability, which 

is assigned as 0.01, 𝛼𝛼 is a tunable parameter that adjusts sampling preference: 𝛼𝛼>0 means 

denser sampling in high-concentration regions, 𝛼𝛼<0 means denser sampling in low-

concentration areas, and 𝛼𝛼=0 corresponds to uniform sampling. Models’ performance was 

evaluated under 𝛼𝛼 of 0.5, 0 and -0.5, with sampling number of 50. 

 

5.3 Principal Outcomes 

This part quantitatively evaluates all models using the held-out test set, with performance 

summarized in Table 5.1, 5.2, 5.3, and 5.4. Overall, across all sensor sparsity levels and 

sampling biases, the Transformer-based model consistently achieves the lowest mean squared 

error (MSE) and highest structural similarity (SSIM) for both gas concentration and wind field 

reconstruction.  Compared to baseline methods, including linear interpolation, Kernel DM+V, 

and CNN, the Transformer demonstrates significantly higher robustness to reduced sample 

counts and biased sampling. The subsequent Section provides a more detailed breakdown of 

these results under varying sparsity levels and sampling biases, along with qualitative visual 

comparisons based on representative cases. Section 5.3.4 shows that the model produces a 

qualitatively realistic gas plume reconstruction with real wind-tunnel data. This result reflects 

this work's potential in sim-to-real generalization. 

5.3.1 Model Training 

 

Both the CNN encoder-decoder (Figure 5.1) and the Transformer models (Figure 5.2) were 
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trained using a curriculum learning approach. The models were first trained on a dataset with 

100 samples per instance and subsequently fine-tuned on a sparser dataset with only 50 samples 

per instance. At each stage, the learning rate was scheduled using the OneCycleLR method126, 

which involves an initial warm-up phase followed by a gradual reduction in the learning rate. 

The learning rate and number of epochs for each stage were determined through preliminary 

experiments.  

 

 
 

Figure 5.1 Loss curve and learning rate curve of CNN Encoder-decoder. 

 

Throughout training, both models showed consistent convergence patterns. However, the 

Transformer-based architecture exhibited notably faster convergence compared to the CNN 

model, achieving lower validation loss within fewer epochs. During the second stage of 

training, the Transformer maintained stable performance with minimal loss fluctuations 

despite the increased sparsity of input data. In contrast, the CNN model experienced a 

temporary increase in validation loss during the stage transition, indicating higher sensitivity 

to changes in sample density.  
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Figure 5.2 Loss curve and learning rate curve of Transformer. 

 

These findings suggest that the Transformer model is better equipped to handle distributional 

shifts across stages, possibly due to its global receptive field and attention mechanism, which 

allow for more flexible integration of spatially sparse inputs.  

 

 

5.3.2 Model Evaluation with Different Sparsity 

 

As shown in Table 5.1, the results based on MSE reveal that the Transformer model consistently 

outperforms the other methods across all categories. Specifically, for both gas concentration 

and wind field reconstruction, the Transformer achieves MSE values that are approximately an 

order of magnitude lower than those of the baseline methods. Furthermore, the transformer 

maintains stable performance even as the number of sensor observations decreases, 

demonstrating strong robustness to sparsity. In contrast, the Kernel DM+V method exhibits 

more noticeable fluctuations in MSE as sampling becomes sparser. This performance drop can 
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be attributed to the method's reliance on local kernel-based estimation, which is more sensitive 

to irregular or sparse sampling patterns. Unlike the Transformer, which can globally integrate 

spatial features, Kernel DM+V lacks the capacity to adaptively infer long-range dependencies 

from limited or unevenly distributed data. 

 

Table 5.1 Mean Squared Error of Different Approaches under Different Sparsity. 

 
MSE Linear Interpolation Kernel DM+V CNN Encoder-decoder Transformer 
Gas 100 Samples 0.0400 0.0090 0.0095 0.0003 
Wind 100 Samples 0.0098 0.0023 0.0011 0.0001 
Gas 50 Samples 0.0386 0.0135 0.0125 0.0003 
Wind 50 Samples 0.0115 0.0063 0.0019 0.0001 
Gas 20 Samples 0.0382 0.0243 0.0202 0.0005 
Wind 20 Samples 0.0165 0.0186 0.0076 0.0002 

 

As shown in Table 5.2, the results based on SSIM further highlight the advantages of the 

Transformer model. Across all categories, the Transformer consistently achieves higher SSIM 

scores than the other methods, indicating better preservation of spatial structure and perceptual 

quality in the reconstructed fields. In contrast, the other methods, particularly linear 

interpolation and Kernel DM+V, show a marked decline in SSIM as the number of sensor 

observations decreases. This can be attributed to their limited ability to reconstruct fine-grained 

spatial patterns under sparse sampling. While interpolation methods tend to produce overly 

smoothed results, Kernel DM+V, though more adaptive, still struggles to infer structural 

coherence when local data support is insufficient. The Transformer, on the other hand, leverages 

global attention to capture both local details and long-range dependencies, enabling it to 

maintain structural fidelity even in low-observation scenarios. 
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Table 5.2 Structural Similarity Index of Different Approaches under Different Sparsity. 

 
SSIM Linear Interpolation Kernel DM+V CNN Encoder-decoder Transformer 

Gas 100 Samples 0.5308 0.6809 0.5560 0.9830 
Wind 100 Samples 0.6186 0.8601 0.8276 0.9733 
Gas 50 Samples 0.4932 0.6664 0.4851 0.9822 
Wind 50 Samples 0.5710 0.7328 0.7928 0.9724 
Gas 20 Samples 0.4669 0.6473 0.2875 0.9767 
Wind 20 Samples 0.4609 0.4820 0.5945 0.9676 

 

Figure 5.3 shows the case study of different approaches on a same sample, which further 

illustrates the behavior of different models under reduced sampling conditions. When the 

number of sensor observations is insufficient to evenly cover the entire plume region, linear 

interpolation tends to overestimate the values between positive samples. This results in 

unrealistic plume boundaries and expansion of the gas region. In contrast, the Kernel DM+V 

method underestimates concentrations in unsampled plume areas, often leading to hollow or 

fragmented reconstructions. The CNN encoder-decoder, while more robust, exhibits 

increasingly blurred predictions as the sample count decreases. This blurring effect likely 

reflects a bias toward the average patterns observed in the training data, causing the model to 

regress toward conservative, smoothed outputs in the absence of sufficient local information.  
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Figure 5.3 Performance of different approaches under different sampling sparsity. The 

Transformer-based approach shows significantly higher accuracy in both wind field and gas 

concentration distribution. 

 

5.3.3 Model Evaluation with Different Sampling Balance 
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As shown by Table 5.3, the evaluation results under varying levels of sampling balance further 

demonstrate the robustness of the Transformer model in terms of MSE. Across all categories, 

the Transformer achieves MSE values that are consistently an order of magnitude lower than 

those of the other methods for both gas concentration and wind field prediction. Among the 

baseline methods, linear interpolation performs relatively well when sampling is dense within 

the plume region, as it can effectively capture local gradients. However, its performance 

degrades in areas with sparse observations or uneven coverage. Kernel DM+V and CNN models 

tend to perform better under uniformly distributed sampling, where spatial generalization is 

more reliable. When sampling becomes unbalanced, both methods exhibit noticeable increases 

in prediction error. While the Transformer also shows some increase in MSE when the plume 

region is sparsely sampled, it still outperforms all other methods.  

 

Table 5.3 Structural Similarity Index of Different Approaches under Different Balance. 

 
MSE Linear Interpolation Kernel DM+V CNN Encoder-decoder Transformer 
Gas Alpha=0.5 0.0118 0.0464  0.0358 0.0004 
Wind Alpha=0.5 0.0094  0.0137 0.0052  0.0003  
Gas Alpha=0 0.0386 0.0135 0.0125 0.0003 
Wind Alpha=0 0.0115 0.0063 0.0019 0.0001 
Gas Alpha=-0.5 0.0327  0.0403 0.0522  0.0008  
Wind Alpha=-0.5 0.0097  0.0151 0.0064  0.0002  

 

The SSIM-based evaluation (Table 5.4) under different levels of sampling balance shows that, 

in every category, the Transformer consistently achieves higher SSIM scores than the other 

methods. As the sampling balance decreases, traditional methods show a significant drop in 

SSIM. Linear interpolation is affected by distorted spatial transitions in poorly sampled regions, 

leading to blocky or overly smooth reconstructions. Similarly, Kernel DM+V and CNN models 

experience a decline in structural similarity, as their ability to generalize across unsampled areas 

diminishes without evenly distributed training signals. In contrast, although the Transformer 

also experiences minor degradation under imbalanced sampling, it maintains a much higher 

level of structural fidelity.  
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Table 5.4 Structural Similarity Index of Different Approaches under Different Balance. 

 
SSIM Linear Interpolation Kernel DM+V CNN Encoder-decoder Transformer 
Gas Alpha=0.5 0.6090  0.4046 0.2119 0.9749  
Wind Alpha=0.5 0.6418  0.5132  0.5989  0.9677 
Gas Alpha=0 0.4932 0.6664 0.4851 0.9822 
Wind Alpha=0 0.5710 0.7328 0.7928 0.9724 
Gas Alpha=-0.5 0.6464  0.5844  0.2401  0.9675  
Wind Alpha=-0.5 0.7045  0.5125  0.6514  0.9654 

 

Figure 5.4 shows the case study of different approaches on a same sample on different sampling 

balance. When sensor observations are denser within the plume region, both linear interpolation 

and Kernel DM+V tend to overestimate the extent of the plume, resulting in some exaggeration 

of the gas region. Nonetheless, in these scenarios, they are still able to provide reasonable 

coverage of the overall concentration field. However, when the plume region is sparsely 

sampled, both methods show severe distortion. The dominance of negative samples causes them 

to under-represent or miss the plume. The CNN model, on the other hand, demonstrates a 

tendency to regress toward the mean prediction under both dense and sparse sampling 

conditions. This produces blurred and conservative outputs that fail to capture the sharp spatial 

structure of the plume. This behavior suggests that CNN may struggle to effectively model long-

range spatial dependencies, making it less capable of adapting to irregular or unbalanced sensor 

layouts. 
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Figure 5.4 Performance of different approaches under different sampling balance. The 

Transformer-based approach shows significantly higher accuracy in both wind field and gas 

concentration distribution. 
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5.3.4 Case Study of Real-world Experiment 

 

To evaluate the model's generalization ability and assess the sim-to-real gap, the performance 

of different models was tested on data collected from a real wind tunnel. Due to the absence of 

accurate ground truth (only noisy sensor observations were available), no quantitative 

comparison was conducted. Instead, a qualitative case study analysis was performed. To better 

simulate real-world conditions, no additional enhancement or filtering was applied to the results. 

The raw, uncalibrated sensor outputs were merely scaled to match the value range of the 

simulation results.  

 

To evaluate the model's generalization ability and assess the sim-to-real gap, the performance 

of different models was tested on data collected from a real wind tunnel. Due to the absence of 

accurate ground truth (only noisy sensor observations were available), no quantitative 

comparison was conducted. Instead, a qualitative case study analysis was performed. In this 

setting, interpolated concentration map should not be interpreted as an exact ground-truth field. 

The sensor readings are subject to measurement noise, baseline drift, and response dynamics. 

Therefore, interpolation only yields an observed distribution that is consistent with the available 

measurements. In other words, the interpolated field reflects a measurement-driven 

representation rather than the true concentration field 𝑐𝑐(x, 𝑡𝑡) . Under this representation, 

conventional pixel-wise error metrics would largely quantify agreement with the interpolation 

scheme and its smoothing bias, rather than physical reconstruction fidelity, and would be 

sensitive to the specific interpolation method and its hyperparameters. To better simulate real-

world conditions, no additional enhancement or filtering was applied to the results. The raw, 

uncalibrated sensor outputs were merely scaled to match the value range of the simulation 

results. Nevertheless, the wind-tunnel data were collected via dense scanning using a robotic 

arm, producing high spatial coverage of measurements. Under such dense sampling, 

interpolation can reliably reveal the contrast between plume-affected regions and background 

levels and can provide a reasonable approximation of the plume footprint and contour. For this 

reason, the interpolated concentration maps are used only to support qualitative visualization 

and case-study interpretation. 
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As shown in Figure 5.5A, none of the tested models were able to accurately reconstruct the 

wind field distribution. This limitation is primarily attributed to the presence of physical 

obstacles within the test area, which introduced numerous low-speed zones and turbulent 

regions. These complex flow dynamics disrupt the spatial continuity of the wind field, making 

it difficult for numerical methods to interpolate or infer missing information from sparse 

observations. Moreover, in the absence of prior knowledge about the location or shape of 

obstacles, and without having encountered similar flow patterns during training, the models 

lacked the contextual information necessary to accurately predict the local disturbances caused 

by the obstacles.  

 

Result of gas distribution mapping of the real wind tunnel experiment, shown in Figure 6.5B, 

illustrates the significant challenges posed by low signal-to-noise ratios in gas sampling. During 

the sequential sampling process from upwind to downwind, the sensor exhibited noticeable 

baseline drift, resulting in a systematically elevated background concentration in the upper half 

of the observed distribution. As a consequence, the actual gas plume, highlighted by the red box 

in Figure 6.5B, which corresponds to the visible smoke region in the physical experiment, was 

submerged within the background signal. Under these conditions, baseline-sensitive methods 

such as linear interpolation, Kernel DM+V, and CNN misinterpreted the influence range of the 

plume due to the background offset, leading to inaccurate reconstructions. 

 

In contrast, the Transformer demonstrated a clear advantage by successfully reconstructing a 

complete plume region despite the strong background drift. Its global attention mechanism 

allowed it to distinguish the true signal pattern from the noise-dominated observation, 

effectively identifying the plume shape and orientation. However, the Transformer’s output was 

still affected by the noise during measurement, the reconstructed plume contours did not fully 

align with the ground truth, and two overlapping plume heads appeared in the upwind region. 

These artifacts likely stem from distorted wind direction observations, indicating that despite 

the model's robustness, a sim-to-real gap remains.  
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Figure 5.5 Evaluation with real-world data. (A) Models’ performance on data from wind tunnel 

experiments. (B) Comparison of Transformer’s output of gas concentration with the real plume 

region. 

 

 

5.4 Conclusion 

 

Gas distribution mapping (GDM) in mobile robotics has long faced the challenge of generating 

accurate spatial reconstructions from sparse and uneven sensor data. Traditional approaches 

often rely on dense sampling or assume idealized plume models, which rarely hold in complex 

real-world environments. Learning-based methods, especially convolutional networks, have 

improved reconstruction performance, but they typically struggle to handle highly irregular 

inputs or to capture long-range spatial dependencies. These gaps underscore the need for models 

that are both structurally flexible and data-efficient. 
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This chapter presents a Transformer-based model for GDM that directly addresses these 

limitations. By leveraging attention mechanisms and positional encoding, the model learns to 

globally integrate sparse sensor measurements and infer spatial structure from limited and 

biased samples. Quantitative evaluations on synthetic test cases demonstrate the robustness of 

the approach: under extremely sparse sampling (20 observations), the Transformer achieves an 

MSE of 0.0005 and SSIM above 0.96 for gas concentration prediction, substantially 

outperforming the baseline methods, linear interpolation, Kernel DM+V, and CNN-based 

models. Even under the sampling bias, where sensor inputs are intentionally skewed away from 

the plume, this work maintains strong reconstruction fidelity, while the compared baseline 

methods deteriorate significantly. In the real-world wind tunnel experiment, the Transformer 

model demonstrated an advantage in handling background noise caused by sensor baseline 

drifting. While other methods misinterpreted the elevated background as part of the plume, the 

Transformer-based approach effectively separated the true plume region from the noisy 

observations. 

 

A potential concern for learning-based GDM is whether the model memorizes case-specific 

plume templates rather than learning transferable spatial relationships. The training and 

evaluation protocol in this chapter is designed to reduce this risk in two ways. First, during 

training, each CFD case is subjected to multiple rounds of random re-sampling of sparse 

observations. This prevents the model from associating a single fixed input pattern with a 

specific output field and forces reliance on geometry-conditioned relationships among samples. 

Second, during testing, evaluation is performed on previously unseen cases (with different 

source and flow realizations) and with multiple rounds of random re-sampling. Consistent 

performance across re-sampling trials indicates that predictions are not tied to a particular 

sampling template, but instead depend on the relative spatial arrangement and values of the 

observed samples. Together, the combination of case-level holdout and repeated stochastic re-

sampling provides support that the attention mechanism captures transferable, geometry-aware 

aggregation rules under variable-length, irregular sensing, rather than memorizing a fixed map 

of input patterns to outputs. 

 

These findings reinforce the emerging consensus in spatial modelling that Transformers offer 
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appealing advantages over convolutional deep learning models, particularly for unstructured 

inputs and tasks involving long-range correlation. Whereas CNNs tend to regress toward 

averaged patterns seen during training, the Transformer is able to preserve both local plume 

features and broader spatial continuity, leading to more faithful reconstructions across a variety 

of input conditions. Compared to the data-driven Kernel DM+V, which assumes smooth spatial 

extrapolation and is sensitive to sampling bias, the Transformer is markedly more adaptive. 

 

However, several limitations should be acknowledged. First, this work still exhibits a sim-to-

real gap. The Transformer -based model is trained entirely on simulated data, and although it is 

evaluated on real wind tunnel measurements, the simulation-to-reality transfer remains 

imperfect. In real-world environments, obstacles introduce complex wind field distortions that 

are not represented in the training data. Simple noise injections during training are insufficient 

to capture such structural irregularities. Furthermore, due to the presence of cross-attention 

between wind and concentration channels, inaccuracies in wind prediction propagate to gas 

concentration estimates, causing distortions in the reconstructed plume shape and location.  

 

A key challenge underlying this sim-to-real gap is the scarcity of high-quality real-world 

training data. In many wind-tunnel and field settings, dense ground-truth wind and 

concentration fields are difficult to obtain, which makes it necessary to rely heavily on 

simulation for supervised learning. Moving forward, one promising direction is to expand 

advanced dispersion imaging modalities, such as schlieren techniques138 or multispectral remote 

sensing139 to acquire higher-fidelity measurements that can support finer-grained supervision 

and more realistic domain coverage. In parallel, the pretraining pipeline can be strengthened by 

developing more physically reliable simulation procedures, particularly by modeling sensor 

noise with physics-grounded characteristics (e.g., drift dynamics, response latency, saturation, 

direction-dependent bias, and correlated disturbances) rather than using simple additive 

Gaussian perturbations. Such realism-oriented simulation and data acquisition efforts would 

directly reduce the mismatch between synthetic and real measurements and hence narrow the 

sim-to-real gap. 

 

Extending the framework to full 3D reconstruction introduces additional constraints that are 
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primarily data and compute driven. Generating and storing 3D CFD-based datasets significantly 

increases computational cost, and learning 3D fields typically requires larger-capacity models, 

which in turn demand more training data to avoid overfitting. Addressing this bottleneck will 

likely require community-level efforts to build and release high-quality open-source 3D 

benchmark datasets for robotic olfaction and turbulent dispersion. Complementarily, it is 

worthwhile exploring more data-efficient learning paradigms, such as physics-informed neural 

networks (PINNs) or neural operators, which can leverage governing-physics structure to 

improve sample efficiency and generalization, potentially reducing the dependence on large 

volumes of fully labeled 3D data. 

 

Apart from the observed limitation in the wind field reconstruction, a potential concern is that 

the model might implicitly memorize typical plume patterns from the training data, and its 

success on the test set could partly stem from structural similarities between training and 

evaluation scenarios. Furthermore, the Transformer operates in a data-driven manner without 

explicitly enforcing physical laws such as mass conservation or fluid dynamics, which could 

limit its generalization under turbulent or multi-source gas dispersion. 

 

The observed and potential limitations suggest that while the Transformer offers a powerful 

framework for data-driven GDM, future efforts are needed to address the generalization to real-

world scenarios. Future work should improve the training data in terms of expanding the 

diversity of training scenarios, including more complex environmental geometries and variable 

gas dispersion patterns. In addition, integrating physics-informed training approach and 

domain-specific inductive biases could allow the model to be better aware of the underlying 

fluid dynamics. However, physics-informed training has higher requirement to data quality, as 

noise in training may cause gradient between physics loss and dataset loss, resulting in trivial 

solution. To improve robustness, especially to incorporate with widely used metal-oxide gas 

sensors, noise and sensor response models that more accurately reflect the behavior of real gas 

sensors should be considered. Constructing such training datasets will likely require a hybrid 

approach that combines high-fidelity simulations with real-world experimental data. 

 

Additionally, deploying the model on a mobile robotic platform in outdoor or industrial 
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environments would enable real-time evaluation under realistic conditions and provide insights 

into practical deployment, resilience to sensor drift, and adaptive planning for efficient sampling. 

Besides, extending the framework to three-dimensional environments is a natural but important 

future direction towards realistic, complex applications. In many practical scenarios, such as 

multi-floor buildings or underground tunnels, gas dispersion occurs in all three spatial 

dimensions. A 3D extension of GDM would enable more comprehensive monitoring and 

improved applicability to real-world deployments. 
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Chapter 6 

 

Conclusions and Recommendations 
 

This chapter concludes the thesis by summarizing its key contributions 

to robotic spatial gas perception, focusing on two core tasks: gas source 

localization (GSL) and gas distribution mapping (GDM). Through the 

design of task-specific learning architectures, sensor platforms, and 

experimental protocols, the thesis presents context-aware solutions that 

leverage environmental structure and wind information to infer high-

dimensional gas patterns from sparse observations. The proposed U-

Net-based GSL method integrates SLAM-derived maps and wind vectors 

to localize gas sources in complex, obstacle-rich environments, while the 

Transformer-based GDM model reconstructs gas and wind fields from 

unstructured sensor inputs with high spatial fidelity. Both methods 

demonstrate strong performance in simulation and real-world validation, 

advancing the robustness and applicability of robotic olfaction systems. 

The chapter also outlines directions for future research, including multi-

modal sensing, sim-to-real transfer, and autonomous navigation 

strategies, to further enhance the adaptability and scalability of gas-

sensing robots in real-world deployment scenarios.  
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6.1 Conclusions 

This thesis primarily focuses on robotic spatial gas perception. Overall, the goal of robotic 

olfaction is to model high-dimensional gas distribution features based on limited observations. 

Achieving this goal is particularly challenging due to the inherent sparsity, irregularity, and 

uncertainty of gas sensing data, especially in dynamic or unstructured environments. By 

addressing two fundamental tasks at different stages of gas dispersion, gas source localization 

(GSL) in turbulent, obstacle-rich settings and gas distribution mapping (GDM) under sparse 

sampling constraints, this work proposes context-aware solutions that integrate environmental 

structure, wind flow, and sensor feedback. Through the design of specialized learning 

architectures, sensor platforms, and realistic experimental protocols, the thesis contributes 

toward building robust and generalizable gas perception systems suitable for real-world 

deployment.  

 

Chapter 4 displayed a robotics olfaction application under the scenario of topography aware gas 

source localization, based on the characteristics of sensor developed in chapter 4. In this chapter, 

the proposed method integrates the physical map obtained from SLAM, the locations where the 

robot encounters gas within the map, and the corresponding wind velocity vectors into a unified 

tensor. A U-Net model is then trained to predict the probability density distribution of the gas 

source. Incorporating the physical map and using a U-Net to capture spatial context enables the 

model to predict gas source locations with improved accuracy even in environments with 

obstacles represented in the evaluation. This approach helps mitigate the effects of wind-

topography interactions, which are considered one of the main challenges in gas source 

localization. The model's performance was evaluated using the predicted centroid location and 

the proportion of positive grid cells. As the number of recorded gas encounter positions 

increased, both accuracy and belief improved significantly, highlighting the critical role of 

spatial correlations among encounter locations and the physical map in effective gas source 

localization. Experiments conducted in dynamic wind fields demonstrated that the proposed 

method could maintain a consistent convergence trend under changing wind directions not seen 

during training, with a modest increase in uncertainty, indicating robustness within the tested 

dynamic-wind settings. The code and data in this chapter is open source. 
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Chapter 5 focuses on the problem of gas distribution mapping in robotic olfaction. GDM 

typically involves handling unstructured data, as observations are often sparse and unevenly 

distributed due to constraints such as the robot’s accessibility. In this chapter, a Transformer-

based model for GDM is proposed. With the spatial encoding and cross-attention mechanisms 

of the Transformer architecture, the model can effectively capture spatial relationships between 

observations and handle variable-length inputs, avoiding the loss of high-frequency structures 

that during padding or interpolation. Different approaches were evaluated using Mean Squared 

Error (MSE) and Structural Similarity Index Measure (SSIM). The results show that, compared 

to numerical methods such as linear interpolation, statistical methods like Kernel DM+V, and 

CNN-based models like CNN Encoder-decoder, the Transformer achieves superior 

performance in both accuracy and structural consistency, especially under conditions of sparse 

and imbalanced sampling. The model’s generalization capability was validated through wind 

tunnel experiments. Even under conditions of significant baseline drift and low signal-to-noise 

ratio, the model was able to predict the approximate extent of the plume-affected region in 

qualitative case studies where dense physical ground truth is not available. 

 

In summary, this thesis presents a comprehensive investigation into robotic spatial olfactory 

perception, encompassing sensor fusion, signal decoding, and spatial inference for gas-related 

tasks. The proposed solutions address critical challenges in real-world deployment, based on 

the properties of gas dispersion process, the need for robust modeling under sparse and uneven 

observations, and the complexity introduced by dynamic airflow and environmental obstacles. 

The contributions of this work form a task-driven pipeline that integrates sensor design, 

algorithmic modeling, and robotic evaluation, enabling robots to perceive gas-related features 

more reliably within the evaluated settings, while recognizing that broader deployment requires 

further validation across additional environments and longer-term sensing conditions. 

 

6.2 Discussion and Future Work 
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6.2.1 Multi-modal Environmental Sampling in Robotic Olfaction 

 

Gas dispersion is transport of matter, and its transmission process is subject to complex 

interactions with the physical environment. This determines that gas dispersion patterns are 

diverse and highly sensitive to the surrounding environment. Unfortunately, there is currently 

no and highly challenging to construct dataset that comprehensively captures all possible 

dispersion patterns. As a result, robotic spatial olfaction tasks often have to rely on small-scale 

datasets with limited representativeness. In such cases, robots need to actively perceive 

environmental features to help infer the underlying pattern of the olfactory task. The results in 

Chapter 4 demonstrated that incorporating physical maps can effectively address the 

observability issues inherent in gas source localization tasks. This confirms that expanding the 

sensing modalities is an effective approach to enhancing perceptual capability in small datasets. 

 

When expanding sensing modalities, careful selection and preprocessing of data are crucial. 

Selecting sensing modalities based on prior knowledge and extracting task-relevant features can 

reduce prediction complexity and improve performance on small datasets. For example, in 2D 

GSL tasks, where the primary concern is the distribution of obstacles, processing LiDAR point 

cloud data into an occupancy grid map via SLAM can improve the signal-to-noise ratio and 

highlight the most relevant features. Future work could explore the integration of additional 

modalities such as thermal imaging, airflow, or obstacle height, depending on the environmental 

context and task demands. Developing modality selection strategies that dynamically adapt 

based on environmental cues would further enhance efficiency. Moreover, learning algorithms 

that explicitly model the relationships between modalities, such as cross-modal attention or 

graph-based fusion could help maximize the utility of each data source. Finally, creating 

benchmark datasets and simulation platforms with controllable modality availability would 

support systematic evaluation and accelerate progress in multi-modal robotic olfaction. 

 

6.2.2 Overcoming Sim-to-real Gap in Robotic Olfaction 
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The Transformer-based model proposed in Chapter 6 demonstrates strong perceptual 

capabilities through its use of cross-attention mechanisms. This architecture proves particularly 

effective in handling unstructured inputs, making it a promising solution for physical field 

perception tasks where observations are sparse, irregular, and context-dependent. However, the 

results also reveal a persistent sim-to-real gap. Although the model benefits from noise-injected 

training data to improve generalization, real-world noise sources, such as baseline drift, sensor 

instability, and gas accumulation in confined corners do not follow simple Gaussian 

distributions. Instead, they exhibit spatial and temporal regularities driven by physical processes, 

which are not well captured in standard simulation pipelines.  

 

Currently, large-scale gas dispersion datasets remain dependent on CFD simulations due to 

practical constraints in conducting real-world experiments. To overcome the sim-to-real 

gap140,141, future datasets should incorporate noise patterns that align more closely with the 

underlying physical laws. This calls for more accurate multi-physics simulations that jointly 

model fluid dynamics, gas transport, and sensor behavior in realistic environmental conditions. 

For future works, firstly, attention should be given to physically realistic simulation. In order to 

enhance simulation fidelity by incorporating domain knowledge of gas dynamics and sensor 

mechanisms, allowing for the generation of synthetic data with physically meaningful noise and 

boundary effects. Furthermore, fine-tuning with real-world data is another promising approach 

to overcome sim-to-real gap. Pretraining on large-scale simulated data followed by fine-tuning 

on a limited amount of real experimental data can help adapt models to domain-specific 

deviations without requiring extensive field collection. Besides, Physics-Informed Neural 

Networks (PINNs) can impose physical constraints during model training to improve the 

realism of predicted outputs. However, due to the highly nonlinear solution space of governing 

equations such as the Navier-Stokes and advection-diffusion models, the loss landscape may 

become inconsistent with data-driven objectives. To address this, future research should explore 

techniques such as supervised pretraining, curriculum learning, and dynamic loss reweighting 

to avoid convergence to trivial or physically implausible solutions. 
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6.2.3 Navigation and Cooperation Strategies 

 

The results in Chapters 5 and 6 have demonstrated that robots are capable of perceiving gas 

distributions, potential source and environmental structures using models. However, the robot’s 

movement in these experiments was still either manually controlled or restricted to pre-defined 

paths. For practical deployment in unknown or hazardous environments, robotic systems are 

expected to exhibit a greater degree of autonomy. Building on the established perception models, 

future work should focus on developing strategies for autonomous navigation and multi-agent 

cooperation, enabling robots not only to sense but also to act purposefully in complex 

environments. 

 

For navigation, the goal is to enable the robot to explore the environment in a manner that most 

efficiently reconstructs the complete gas distribution. Achieving this requires the integration of 

multiple information sources92,142, including the physical structure derived from occupancy grid 

maps (such as obstacles and flow-blocking regions), the estimated gas distribution along with 

its associated uncertainty (from uncertainty-aware predictors), and the robot's own sensor 

coverage and motion constraints. To this end, future work may explore information-theoretic 

exploration strategies that leverage uncertainty maps143 to prioritize regions with the highest 

expected information gain. Additionally, active sensing methods that incorporate fluid 

dynamics constraints can help avoid misleading measurements caused by phenomena such as 

gas accumulating around obstacles. Finally, navigation policies can benefit from graph-based 

planning within hybrid metric-topological representations, allowing the robot to balance global 

exploration with finer local sensing efficiency. 

 

For cooperation, robotic olfaction tasks include multiple types of sensory information. While 

global modalities such as LiDAR-based occupancy maps can be shared among robots, local 

modalities, such as gas concentrations and wind vectors are inherently non-shareable and 

benefit from being measured independently by multiple agents. This motivates the use of 

heterogeneous multi-robot systems144,145, where different robots carry different sensing 

payloads, such as gas sensors, anemometers, or thermal cameras, to enhance both efficiency 
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and cost-effectiveness. Effective cooperation in such systems requires strategies for role 

allocation and load balancing, assigning robots to different tasks or regions based on their 

sensing capabilities. Additionally, distributed estimation and map fusion techniques are 

essential for asynchronously integrating local observations into a coherent global gas 

distribution model146,147. Dynamic task assignment mechanisms can further improve system 

robustness by allowing the team to adapt to changes in environmental conditions, such as 

shifting wind directions or emerging new gas sources. 

 

To support the development of these complex decision-making strategies, reinforcement 

learning (RL) offers a promising framework for optimizing robot policies through 

experience92,148,149. However, standard RL suffers from low sample efficiency, especially in 

high-dimensional, stochastic environments like gas dispersion. A practical step forward is to 

build interactive simulators that support physically realistic gas distribution modeling, wind 

dynamics, and robot-environment interaction131. Such simulators can provide accelerable and 

controllable training environments for various robotic olfaction tasks, including source seeking, 

adaptive sampling, and collaborative mapping. The integration of perception, decision-making, 

and interaction within a unified robotic platform will also be essential for robust and scalable 

deployment of robotic olfaction systems in the field. 
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