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ARTICLE INFO ABSTRACT

Dataset link: https://github.com/BAMresearch
/SRGDM

Gas Distribution Mapping (GDM) is a valuable tool for monitoring the distribution of gases in a wide range of
applications, including environmental monitoring, emergency response, and industrial safety. While GDM is
actively researched in the scope of gas-sensitive mobile robots (Mobile Robot Olfaction), there is a potential for
broader applications utilizing sensor networks. This study aims to address the lack of deep learning approaches
in GDM and explore their potential for improved mapping of gas distributions. In this paper, we introduce
Gas Distribution Decoder (GDD), a learning-based GDM method. GDD is a deep neural network for spatial
interpolation between sparsely distributed sensor measurements that was trained on an extensive data set
of realistic-shaped synthetic gas plumes based on actual airflow measurements. As access to ground truth
representations of gas distributions remains a challenge in GDM research, we make our data sets, along with
our models, publicly available. We test and compare GDD with state-of-the-art models on synthetic and real-
world data. Our findings demonstrate that GDD significantly outperforms existing models, demonstrating a
35% improvement in accuracy on synthetic data when measured using the Root Mean Squared Error over the
entire distribution map. Notably, GDD appears to have superior capabilities in reconstructing the edges and
characteristic shapes of gas plumes compared to traditional models. These potentials offer new possibilities for
more accurate and efficient environmental monitoring, and we hope to inspire other researchers to explore
learning-based GDM.
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used for spatial interpolation in geographical information systems.
However, they may not always provide the required precision in GDM
tasks [5], as gas distribution is a highly dynamic process influenced by
various factors like obstacles, weather conditions, and sources of gas
emission.

Our primary research goal is to obtain improved GDM models that

1. Introduction

Gas Distribution Mapping (GDM) provides information about the
spatial distribution of gases in a given environment. This information is
valuable for a wide range of applications, including industrial process
control, environmental monitoring, and emergency response [1-3].

Environmental monitoring tasks have traditionally been performed
using stationary sensor networks. However, mobile robots are becom-
ing increasingly popular for such tasks, as they can actively explore
the environment and prioritize different areas of interest. Nevertheless,
both stationary sensor networks and mobile robots can only capture
data at a limited number of locations, and therefore, interpolation
techniques are required to create high-resolution gas distribution maps
by filling the gaps between measurement locations in both space and
time. Interpolation methods such as Kriging [4] have been traditionally

are able to map accurate gas distributions based on sparsely located
sensor measurements and compare them with current state-of-the-art
GDM models. Convolutional Neural Networks (CNN) and Recurrent
Neural Networks (RNNs) are able to capture complex spatial and
temporal patterns, as demonstrated in related gas sensing tasks such
as target discrimination with e-nose systems [6].

In this paper, we use a transposed CNN architecture trained with
synthetic gas concentration data based on real wind data. We then
evaluate the model on both synthetic and real-world gas distribution
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data. Our models and data are published online on Github,' allowing
others to reproduce and build upon our work. The main contributions
of the paper are:

1. Gas Distribution Decoder (GDD): We introduce a specific deep
GDM method for spatiotemporal interpolation of spatially sparse
sensor measurements.

2. We collected an extensive data set of synthetic gas distribution
maps based on actual airflow measurements and made it publicly
available. As generating ground truth maps is nearly impossible,
this data set provides a valuable resource for researchers in this
field.

3. We carried out and presented a detailed comparative evaluation
of GDD with state-of-the-art models on synthetic and real gas
distribution data.

In the following, we first give an overview of related work (Sec-
tion 2) before we describe our synthetic and real-world data sets and
model architecture (Section 3). We evaluate our model and compare
it with traditional GDM models in Section 4. In Section 5, we discuss
the results and potential future work in this area. We hope this work
will inspire further research in the field of GDM with employment of
modern deep-learning techniques.

2. Related work

Gas distribution mapping involves spatiotemporal interpolation of
measurements. One popular method for estimating missing values is
through Gaussian Processes. [5,7,8]. These are especially popular in
environmental monitoring, where they are known as Kriging [4] and
are commonly used for interpolating large-scale areas. Another method
used in environmental monitoring is land-use regression, which uses
land-use characteristics (e.g., land cover, population density) to esti-
mate levels of air pollution at a fine spatial scale [9-11].

There have been several demonstrated approaches for GDM in
Mobile Robot Olfaction (MRO), which are suitable for small to medium-
sized areas. The most common ones are Gaussian Markov Random
Field (GMRF), Kernel DM+V, and Echo State Maps (ESM). GMRF is
a probabilistic framework that models multivariate data and builds
upon a graph structure to define the conditional relationships between
variables. [12]. This graph structure enables precise control over infor-
mation transfer between cells, making it possible to create obstructions
such as walls that block the flow of air. In the context of MRO, this
structure is utilized for joint estimation of wind and gas maps [13], and
it has been further improved in terms of computational efficiency [14].

Kernel DM+V is a statistical method that models the distribution of
gas sources. It treats distribution mapping as a density estimation prob-
lem and models both the distribution mean and variance. This method
has been found to be effective in evaluating the quality of the map re-
garding the data likelihood. Gas measurements are considered as noisy
samples from the distribution that needs to be modeled. Kernel DM+V
has been extended to three dimensions with wind measurements [15]
and to account for temporal dynamics [16].

The Echo State Map (ESM) approach [17] is another model that
incorporates temporal input data. ESM connects Gaussian Processes to
an Echo State Network (ESN) which is a type of RNN used to learn
temporal dependencies between sensor measurements. This makes ESM
the first model to utilize a neural network for GDM. Since then, modern
neural networks, such as CNN, have been utilized for GDM-related
tasks. For example, [18] trained a CNN with synthetic data to act as
a surrogate plume model in a simple indoor environment.

Outside of MRO, neural networks were successfully applied to the
task of spatiotemporal interpolation, e.g., for precipitation nowcast-
ing [19], air pollution modeling [20-22], or radio environment map-
ping [23]. One of the latest trends are Physics-Informed Neural Net-
works (PINNs) which are trained to respect specific physical laws or
constraints. Combining the expressiveness of neural networks with
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physical constraints has been shown to be useful for solving a wide
range of partial and ordinary differential equations [24-26].

Inspired by these recent advances in deep learning, this paper
focuses on applying modern neural networks for GDM. The term
super-resolution is commonly used in computer vision to describe the
reconstruction of high-resolution images from low-resolution source
images [27]. By training a model with high-resolution output im-
ages, the model learns to recognize and reconstruct patterns from
lower-dimensional input images. Therefore, we interpret the task of
spatial interpolation between sparsely distributed measurements as a
super-resolution task. Previous results have been published in [28,29].
In [28], we proposed an encoder-decoder architecture, which we now
simplify to a decoder architecture. In [29], we addressed the temporal
dimension, i.e., sequential input data. Here, we compare the decoder
approach with state-of-the-art models and analyze its behavior in
different scenarios. Additionally, we make our models and data sets
publicly available to facilitate research on this topic.

3. Material and methods

In this chapter, we first describe the synthetic and experimen-
tal data. After that, we present the architectures of our neural net-
works and their implementation. Lastly, we describe the state-of-the-art
models we used for comparison and our evaluation metrics.

3.1. Data generation
3.1.1. Generation of synthetic data

Traditional machine learning models typically require large
amounts of training data that are costly to obtain with real experi-
ments. While techniques like one-shot learning attempt to address this
issue [30,31], access to high-resolution ground truth representations
of the gas distribution remains a limitation. Therefore, we generated
synthetic gas distributions based on actual, single-point wind data
collected during outdoor experiments.

We decided on an experiment area of 9 x 7.5m?, in conjunction
with related real-world experiments (Section 3.1.2). This area is divided
into 30 grid cells, each measuring 1.5 x 1.5m?, with a virtual sensor
placed in the center of each cell. To accommodate potential particle
backflow due to variable wind directions, we simulated an overall area
of 18 x 15m?.

In separate simulations, we simulated single ethanol vapor sources
of size 0.02 x 0.02m? in each of the 30 grid cells. These sources
are placed slightly below and to the left of the corresponding virtual
sensor (see Figs. 1(a) and 1(b)). This placement is intentional to avoid
direct alignment with the sensor, thereby preventing an immediate
maximal sensor response to the gas. The gas distribution was calculated
using GADEN [32], which treats a fixed number of gas molecules as
a single gas puff called a filament [33] and calculates the transport
and diffusion of these gas puffs. By tracking only the center position
and width of each filament, the computational cost is greatly reduced
compared to using a computational fluid dynamics (CFD) solver to
calculate gas diffusion and advection. Each gas source position was
simulated with 24 different wind data sets for 300s. Subsequently, we
omitted each simulation’s first 30s to allow full plume developments.

All simulations were calculated with a time step of 0.1s and a grid
size of 0.1 x 0.1 m?. It is worth noting that the grid size was larger
than the size of the gas source. However, since GADEN represents gas
concentrations with Gaussian kernels and simulates the transport of
gas filaments using a Lagrangian specification of the flow field, it does
not rely on the simulation grid for the gas transport simulation. The
gas concentration is calculated by summing up all the filaments whose
Gaussian concentration distribution has at least some overlap with the
cell. Therefore, the calculated gas concentration in each cell in the grid
represents the average concentration in the cell and is assumed to be
uniform in the cell [33]. The gas concentration in parts per trillion (ppt)
of every grid cell was saved every 1s.



N.P. Winkler et al.

4:00.000 [min:sec]

3 45 6
x[m]

270°

(a) Wind vectors and a sample with gas source in cell {3,4}.

4:10.000 [min:sec]
9 T T

7.5

270°

75F
of
Eyst <
b
.
15F e
0
0 15 3 45 6
x [m]

7.5

Sensors and Actuators: B. Chemical 419 (2024) 136267

102v0
0 {1,1} [ {1.2} | {1.3} | {1.4} | {1.5}
1090 &
10'“’%
JIS P RS 3 e byl Kok iy FeXs g ek
1073.00
10740 {31} | {3.2} | {3.3} | {3.4} | {35}
{41} | {42} | {43} | {44} | {45}
1620 {51} | {52} | {5,3} | {54} | {5.5}
101.0—
3
02 {6,1} | {6,2} | {6.3} | {6.4} | {6,5}
IO—I.OE
1072.05 (c) A gas source is simulated with 24 wind
107%°  Jata sets in each cell. The cells are 1.5 X 1.5 m?
10740

large, resulting in a total experiment area of
9 x7.5m.

(b) Wind vectors and an example gas source in cell {5,2}.

Fig. 1. We simulated 30 different gas source positions with 24 real wind data sets. Figs. 1(a) and 1(b) show all wind vectors of two different simulations, along with a sample
snapshot during the corresponding simulation (previously published in [28]). Each configuration was simulated for 300 s, using only the last 270 s to account for properly developed
plumes. Saved with a frequency of 1Hz, this results in 30 x 24 x 270 = 194,400 gas distribution samples.

3.1.2. Real-world experiments

The wind data sets used to generate the synthetic data were ob-
tained during a series of outdoor experiments in Tokyo, Japan, between
April 2019 and October 2021. A single-point anemometer positioned
at the center of a sensor grid array was utilized to measure wind
speeds and directions. The grid array was comprised of 30 metal oxide
gas sensors, which were factory-calibrated Figaro TGS 2620 models.
The sensors were placed at equal distances of 1.5 meters from each
other, resulting in a grid of 9 x 7.5 m?, similar to the simulation setup.
These sensors were equally spaced and were responsible for detect-
ing the distribution of ethanol. The sensor responses were obtained
through a 12-bit analog-to-digital converter. Multiple experiments were
conducted with different source positions. The setup used for these
experiments is depicted in Fig. 1(c). Initial results of this series of
experiments were previously published in [34,35].

3.2. Description of data sets

3.2.1. Pre-processing

For simplicity, we will refer to each gas distribution snapshot as
an “image”. Cropping the simulation results to the experimental area
results in 90 x 75 pixels. We downscaled all images to 30 x 25 pixels
to allow for more compact network architectures. These images’ pixel
values correspond to gas concentration in PPT, and some pixels have
very high values, in the range of millions, leading to right-skewed data
sets. To address this, we logarithmically scaled all data sets, clamped
the values between 0 and the maximum value of the training set, and
normalized all sets between 0 and 1 using min-max normalization.
These images serve as the ground truth y of the gas distribution.

To mimic the spatially sparse sensor network with equally dis-
tributed 6 x 5 sensors, we create input X by directly extracting pixel
values at each sensor position in the 30 x 25 grid. This approach en-
sures that the input data is not an averaged, downsized representation
of the ground truth but a collection of point measurements taken by
the sensor network.

3.2.2. Synthetic data sets

We divided our synthetic data into two parts: one for training the
model and the other for testing it. As explained in Section 3.1.1, we
simulated each gas source position using 24 different wind sets. We
assigned simulations of twelve wind data sets each to the training and
test data. Although this 50/50 split may not be optimal, we obtained
the simulations of test data chronologically after the training data
and deliberately avoided re-balancing the data sets to prevent any
bias. Training and test data each consist of 97,200 samples generated
by simulating 30 source positions with twelve wind sets for 270 s.
For evaluation of the model’s generalization ability with k-fold cross-
validation, the training data set is further divided into training and
validation subsets during the training process.

3.2.3. Real-world “Tokyo data set”

We took the raw sensor response data from multiple outdoor ex-
periments of the experiment series described in Section 3.1.2 for fur-
ther evaluation. This data set also contains experiments without an
anemometer. While each pixel of the synthetic data represents the
gas concentration in ppt, the pixels now represent the voltage sensor
output. We log-scaled, and min-max normalized the samples according
to the sensor’s inherent minimum and maximum output, such that 1
corresponds to the sensor’s maximum detection limit to ethanol and 0
corresponds to no detection of ethanol. In total, this data set consists
of 342,000 samples. We do not have full ground truth data, only the
measurements from the 6 x 5 sensor grid.

3.3. Network architecture

3.3.1. Non-Sequential Gas Distribution Decoder (GDD)

Our transposed CNN model upsamples the 6 x 5 input image to
a higher-resolution 30 x 25 output image. We refer to this model
as “non-sequential” as it only takes a single time step or image as
input, and as ‘“decoder”, as it is inspired by the decoder part of the
autoencoder concept [36-38]. We interpret the low-dimensional 6 x 5
image as an encoded vector of size [1,6,5] (i.e., [channels, height,
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Fig. 2. Architecture of the Gas Distribution Decoder (GDD). The shaded rectangular boxes represent the matrix dimensions of each layer [channels, width, height]. The darker
shades on the right half additionally symbolize a transposed convolutional operation, and the arrows symbolize the ReLU activation function. For example, the innermost layer
contains 255 matrices of size 12 x 11 and is followed by a transposed convolution and a ReLU function.

width]). The decoder architecture consists of multiple transposed con-
volutional layers. A transposed convolution is commonly used in CNNs
for upsampling input data. It is the reverse of a convolution, which is
used to downsample data. The transposed convolutional layer operates
similarly to a convolutional layer by learning a set of filters to expand
the spatial dimension of the input data [39]. Rectifier linear unit (ReLU)
activation functions are used between the transposed convolutions to
set negative values to zero.

ReLU(x) = x* = max(0, x) (@)

The dimensions of the height and width of the internal layers in
the neural network are determined through manual, heuristic selection.
The remaining parameters were determined with tree-structured Parzen
estimation [40] during the development process. Our preliminary stud-
ies involved the use of neural networks with two to nine layers. While it
is generally believed that more layers allow for learning more complex
patterns in the data [41], the best model we trained is a six-layer model.
This model is displayed in Fig. 2.

3.3.2. Sequential Gas Distribution Decoder (sGDD)

The general potential of CNNs for spatial and temporal input has
been demonstrated for video processing in previous studies [42,43].
Here, we utilize a much simpler approach and stack a sequence of input
images to a three-dimensional input of size [k, 6, 5] to the model, with k
being the sequence length of the input. Accordingly, the non-sequential
GDD can be interpreted as a variation of the sGDD with k = 1. Aside
from this, no architectural differences exist between the sGDD and the
GDD depicted in Fig. 2.

3.4. Implementation and training scheme

The models were implemented using PyTorch.? We utilized PyTorch
Lightning® and Optuna“ to facilitate the training process. The training
process was carried out using the Adam optimizer on an Nvidia A100
and an Intel Xeon Gold 6342 CPU.

We first combine a hyperparameter study with 10-fold cross-
validation to obtain robust hyperparameters. Therefore, we randomly
divide the 360 simulations of the training data (30 gas source locations
x 12 wind sets = 360 simulations) into ten subsets, train one model
on nine subsets, and evaluate it on the remaining subset. We minimize
the averaged Mean Squared Error (MSE, see Appendix B) and evaluate
the robustness of this model by comparing its variance across all folds.
After obtaining the hyperparameters, we train a final baseline model
on the whole available training data. This model is then applied to

2 https://pytorch.org/.
3 https://www.pytorchlightning.ai/.
4 https://optuna.org/.

the test data. To prevent overfitting the training data, we shuffle and
augment our data sets by randomly flipping each sample vertically and
horizontally with a probability of 0.5.

To evaluate the performance of noisy data, we also trained a sep-
arate model with random Gaussian noise N added to the input data.
Specifically, we added a noise term ¢ with mean y = 0 and standard
deviation ¢ = 0.05 to the input X to simulate noise in the data. These
parameters were chosen heuristically based on our real-world sensor
data.

Xppise =X + € (2)

e~ N(u=0,0=0.05) 3

This allows us to assess the robustness of the models to noise in the
input data. If not stated otherwise, we refer to the trained model
without this noise term.

3.5. State-of-the-art models

We compare our results with three algorithms that approach GDM
differently: Kernel DM+V, GMRF, and ESM. In short, Kernel DM+V is a
non-parametric approach to density estimation [44], while GMRF takes
into account prior knowledge of gas distribution patterns and models
the correlation between cells [12,13]. ESM uses an Echo State Network
(ESN) to mimic a mobile robot’s observations, with the ESN’s weights
interpolated using Gaussian Processes [17]. Further information on
these algorithms and the implementations we used can be found in
Appendix A.

4. Results

In this section, we evaluate the generalization ability and present
the prediction results of our decoder approach, comparing them to
selected state-of-the-art models. We tested our models on a synthetic
test set and applied them to real-world data. Our chosen evaluation
metrics are described in detail in Appendix B.

4.1. Generalization ability

To evaluate the model’s generalization capabilities, we adopted a
dual-phase k-fold cross-validation approach, examining the variations
in gas source positions and wind conditions separately. Additional
experiments assessing the model’s robustness to sensor outages, noisy
input data, and multiple gas sources are available in Appendix D.

Firstly, we divided the data set into ten folds, each including three
unique gas source positions. This ensured that the model was tested on
gas source positions that it had not seen before. The analysis revealed
that the model performed consistently well across the folds, with a
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Fig. 3. Predictions j of the non-sequential models on input X. The absolute error |y — j| to the true distribution y is visualized next to the prediction. The plume edges, especially
the upwind edge, are modeled best by GDD. Each row is color-coded based on the minimum and maximum values of the corresponding ground truth.

standard deviation (SD) of 1.23% of the mean MSE (MSE_,.,, = 4.106 X
1073, SD =5.058 x 1075).

Secondly, we implemented a 12-fold cross-validation, each fold rep-
resenting one unique wind set, to validate the model’s performance on
wind sets not included in its training data. Similar to the first phase, the
model demonstrated low variability in performance, with the standard
deviation constituting 1.28% of the mean MSE (MSE, ., = 4.145x1073,
SD = 5.255x 1073). These results suggest that the model can generalize
well across different gas source positions and wind situations.

4.2. Synthetic test set

In the following, we quantify the prediction accuracy of the best-
trained decoder model and compare it to corresponding state-of-the-art
algorithms on the synthetic test data set. We compare the GDD against
models that do not inherently profit from a sequential input. Although a
time-dependent version of Kernel DM+V exists [16], it only models in-
formation decay over time and cannot gain new insights from patterns
in sequential data. The same applies to GMRF.

Fig. 3 provides a visual comparison of the non-sequential models,
and it is evident that GDD outperforms both traditional models for
our specific environment. This observation is supported by the results
for Root Mean Squared Error (RMSE) and Kullback-Leibler divergence
(KLD, see Appendix B), as presented in Table 1a. The GDD accurately
models the plume edges, especially the upwind edge, demonstrating
its ability to learn the characteristics of gas distributions. Additionally,
it can estimate the location of the highest gas concentration, which
may not always match the sensor with the highest input concentra-
tion. The predictions of Kernel DM+V and GMRF do not match the

Table 1
RMSE and KLD on the synthetic test set.

(a) Non-sequential models with input sequence length k = 1.

RMSE KLD
GDD 6.82x 1072 3.00x 1073
GDD (trained with noise) 7.05 x 1072 3.24x 1073
GMRF 1.05x 107! 7.38x 1073
Kernel DM+V 1.12x 107! 8.14x 1073

(b) Sequential models with input sequence length k = 20.

RMSE KLD
sGDD 6.48 x 1072 2.76 x 1073
ESM 1.35x 107! 1.73x 1072

high variations of gas concentrations, resulting in less pronounced
predicted plumes. It is worth noting that GMRF overemphasizes sensor
measurements in its predictions. To rule out incorrect execution of
the algorithm, we corresponded with the original authors [12,13] and
performed a hyperparameter study.

A comparison between sGDD and ESM for sequential inputs is visu-
alized in Fig. 4. Our results, presented in Table 1b, show that the sGDD
model performs better regarding RMSE and KLD. The sequential variant
also outperforms its non-sequential equivalent, most likely because it
receives more input information. ESM, on the other hand, performs
worse than Kernel DM+V and GRMF. It appears that ESM assigns
excessive weight to the second-to-last input image, especially visible
in the bottom row of Fig. 4.
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Fig. 4. Predictions of sGDD and ESM on an input sequence of length k = 20. The input sequence is displayed in two rows from the earliest sample (upper left) to the most recent
sample (lower right). Each of the three samples is color-coded based on the minimum and maximum values of the corresponding ground truth.

GDD GDD Kernel

(with noise) DM+V

Fig. 5. We applied two different GDD models to the Tokyo data set for which no
ground truth data is available. The first model was trained without added noise; the
second model was trained with Gaussian noise added to the training data set. The
results of this analysis indicate that, while traditional models tend to adhere more
closely to the input data, the decoder models interpret the data more freely. It is worth
noting that the lack of ground truth data makes it difficult to evaluate the accuracy of
the predictions.

Input GMRF

4.3. Real-world “Tokyo data set”

For our final demonstration, we tested the decoder approach on
the Tokyo data set (Section 3.2.3). Fig. 5 displays some example
predictions. Our analysis indicates that the standard GDD struggles
when dealing with noisy input data. However, the GDD trained with
noise handles it differently. The top row example illustrates the trade-
off between the denoising and non-denoising model. In this case, the

Table 2
Results for leave-one-out predictions on the real experimental data.
RMSE
GDD 2.98 x 107!
GDD (trained with noise) 2.71x 107!
GMRF 2.61x 107!
Kernel DM+V 249 x 107!

denoising GDD variant arguably denoises too much and fails to capture
the occurring gas dispersion.

We conducted a leave-one-out experiment on the input data to com-
pare the performance of different models. Specifically, we randomly
drop a sensor from the input and predict its value based on the other
sensors. To adhere to the CNN’s fixed input structure, we interpolated
bilinearly between the known positions in the input. Details of this
procedure can be found in the Appendix in Algorithm 1. We evaluated
the error of each model’s prediction for the dropped sensor’s location
based on the remaining 29 sensors. The results of this experiment are
presented in Table 2. Interestingly, the traditional models outperformed
the GDD model in terms of RMSE, indicating that they can better
estimate the dropped value. Among the traditional models, Kernel
DM+V and GMRF adhered more strictly to the input data, while the
GDD model interpreted the input more freely.

5. Discussion
5.1. Summary of main findings

Our study demonstrates that we were able to train a transposed CNN
for a specific GDM scenario. We found that this approach, called GDD,
surpasses traditional methods on a synthetic test set. We observed that
GDD works well for both sequential and non-sequential input data, as
seen in Table 1a and Fig. 3 for non-sequential, and Table 1b and Fig. 4
for sequential data.

We evaluated the reliability and adaptability of the GDD model
through dual-phase k-fold cross-validation. In this process, we sepa-
rately tested its performance on untrained gas source positions and
wind conditions. The model demonstrated consistent generalization
capabilities across all folds. Moreover, we conducted additional ex-
periments to assess the model’s robustness to sensor outages, which
we simulated by removing up to 50% of the input matrix pixels
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(Appendix D.1). We also examined its capacity to perform when ex-
posed to noisy input data (Appendix D.2) and multiple gas sources
(Appendix D.3)

5.2. Interpretation of results

While we quantified the differences between all models regarding
RMSE and KLD, the exact numbers should be taken with caution, as
the performances of all models crucially depend on the selected model
parameters and their implementations. For example, ESM scores the
worst RMSE, albeit having more input information than GMRF and
Kernel DM+V. We attribute parts of the observed differences between
the ESM and sGDD models to the compromise we had to make when
selecting their respective parameters. In our analysis, we compared
the performance of both models using a sequence length of k = 20.
However, we found that the performance of ESM was highly sensitive
to the values of kernel bandwidth, spectral radius, and regression delay.
No universal set of parameters worked optimally across the entire test
set. Increasing the ESM’s dependence on previous inputs may result in it
generating false plume shapes. Making it more reliant on recent inputs
could lead to losing important information in some samples.

Since GDD’s performance likewise depends on the chosen param-
eters, parameter tuning was implemented to find an optimal neural
network configuration for our scenario. An earlier hyperparameter
search, displayed in Fig. 6, revealed that the best results were obtained
for models with 4 < k < 7. For the comparison with ESM, however, we
set k = 20 and kept the same hidden dimensions as found in Table 3.

The results on the real-world data (Section 4.3) probably best unveil
the crucial differences between the GDD approach and the traditional
models. While traditional approaches strictly extrapolate from available
measurements, the predictive component of the neural network model
interprets the input data more freely. This, however, is by design, as
the GDD was trained to learn connections and identify patterns that
may not be immediately visible in the input data. It is worth noting
that the GDD that was trained with noisy data produces coherent maps,
but their accuracy cannot be fully evaluated due to the lack of ground
truth data. As the traditional models emphasize the given data, they can
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Table 3
GDD settings.
Parameter Value
[k,6,5]
[62,7,6]
[157,9,8]
Layer sizes [255,12,11]
[62,15,12]
[37,15,12]
[1,30,25]
Batch size 30
Training epochs 50
Optimizer Adam
Learning rate 1.54 x 1073

estimate the value of the dropped sensor more accurately than the de-
noising GDD. From another perspective, this highlights the advantages
and potential of a trained model like the GDD, as enhancing and more
flexible interpretation of the input can produce more sophisticated
gas distribution maps than traditional models. However, developing a
model that performs best regarding leave-one-out predictions on actual
data was not the main objective of this paper. Additional regularization
techniques or architectural changes may lead to improved models in
this regard.

5.3. Limitations and future research

A significant limitation of our study is its reliance on synthetic data
for the training process. Since we did not have access to an extensive
high-resolution real-world data set, we had to train and test GDD
solely on synthetic data. Although we made efforts to generate realistic
plume shapes, the results obtained on real-world data reveal that our
synthetic data sets are still not realistic enough. Future work should be
based on more sophisticated synthetic data (e.g., modeling the sensor
response time) or build upon a more flexible model architecture that
allows for training on sparse data. By adding depth and complexity to
the simulation and model, it will be able to obtain three-dimensional
and physically aware gas mapping models, as the works of [24-26]
demonstrate on related fields. Further investigation should also explore
alternative loss functions and evaluation metrics that minimize errors
in highly dynamic areas like plume edges.

Our current model is tailored to a specific application with a specific
scale and is not easily transferable to different scenarios, such as
mapping gas distribution in environments with obstacles. A potential
avenue for future research could be the development of a generic
pre-trained GDM model that could be fine-tuned to new, real-world
scenarios and environments. This approach of model transfer has been
implemented successfully in various deep learning tasks, including
computer vision and natural language processing. [45,46].

6. Conclusions

We have two main takeaways from our work. Firstly, we have
shown how deep neural networks can be used for gas distribution map-
ping (GDM). By training our models on realistic synthetic gas distribu-
tion data and applying them to real-world data, we have demonstrated
their effectiveness in this context. Our models outperformed state-of-
the-art models by accurately modeling the edges of gas plumes, thanks
to their ability to learn the intricate behavior and shape of gas plumes.

Secondly, we hope to encourage and expedite research on GDM
through our work. We have made all the models and data sets we
used in our study available online to inspire other researchers to
explore deep learning and GDM. Our data set provides a rich source
of ground truth distributions that may significantly reduce the need
for time-consuming experiments and enable comparative evaluations
of models.
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Appendix A. State-of-the-art models

The Kernel DM+V algorithm treats GDM as a density estimation
problem and uses a non-parametric approach, making no assumptions
about the functional form of the gas distribution. Sensor measurements
are interpreted as noisy samples from the distribution to be estimated,
and a Gaussian weighting function is used to assign importance to
each measurement. The algorithm then uses this weighting function
to compute the gas distribution map and a confidence map, which
indicates the reliability of the estimates at each grid cell [44]. For
further calculations, we relied on an existing Python implementation
of Kernel DM+V® with settings stated in Table 4.

The GMRF algorithm considers measurements from sensors and
prior knowledge about how gases typically distribute. It models the
correlation between cells by penalizing the differences in gas concen-
trations in adjacent cells. Whenever an obstacle, such as a wall, is
defined between two adjacent cells, the correlation between both cells
is zero. However, as we did not add obstacles in our simulation of the
synthetic data, GMRF does not take advantage of its capability to model
obstacles here. The measurements are treated with a time-decreasing
weighting factor, determining their relevance when observations at
close locations are combined. We relied on a Python implementation,®
which is provided by the original authors of [12,13]. Our settings can
be found in Table 5.

In order to compare our algorithm to ESM, we had to adapt the
original algorithm found in [17]. In the first part of ESM, a ESN is
trained with inputs from a stationary sensor network and ground truth
data from a mobile robot. We decided against simulating a robot, as it
would have meant that the ESN sees more ground truth information,
resulting in an unfair comparison with the sGDD. Instead, we decided
that the ESN shall mimic the input sequence to potentially identify and
amplify temporal patterns, similarly to an autoencoder. Apart from this,
we kept the main principles of the original ESM algorithm. This means
that for each prediction on the test set, we trained an ESN on the input

5 https://gitlab.com/smueller18/TDKernelDMVW.
6 https://github.com/MAPIRlab/gdm.
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Table 4

Kernel DM+V settings.
Parameter Value
Cell size 1
Kernel size 2.5
Evaluation radius 5

Table 5

GMREF settings.
Parameter Value
Cell size 1
o, (sensor noise for gas observations) 1
o, (controls strength of gas regularization) 11.28
o, (controls gas concentration’s default value) 800

Table 6

ESM settings.
Parameter Value
Sparsity (percentage of zero weights in the echo layer) 0.15
Echo layer size (number of neurons per ESN layer) 50
Spectral radius (controls temporal decay of ESN) 0.4
Win scale (scaling of ESN input weights) 1000
Regression delay (for weight computation) 19
Noise (applied to input data) 0
Bandwidth (of Gaussian Processes kernel) 3.5

and interpolated the ESN’s weights with Gaussian Processes, enabling
upscaling of the input to the target resolution. We decided to use a
sequence of 20 images presented in their natural order defined by their
original time sequence. All settings are stated in Table 6.

Appendix B. Evaluation metrics

For evaluating our results, we used the Root Mean Squared Error
(RMSE) and Kullback-Leibler divergence (KLD), as these are commonly
used metrics for assessing the performance of regression models.

B.0.1. Mean Squared Error (MSE) and Root Mean Squared Error (RMSE)
The MSE measures the differences between the predicted distribu-
tion p and true gas distribution y:

N

N 1 52
MSE(y, §) = ’;)(y; ) )
where N is the number of data points of the sample. The RMSE is the

square root of the MSE and penalizes large errors more heavily than
small errors, through which it is sensitive to outliers:

RMSE(y, §) = )

B.0.2. Kullback-Leibler Divergence (KLD)

The KLD quantifies the similarity between two probability distribu-
tions. A lower KLD is considered better as it indicates a closer alignment
between the model’s predictions and the actual distribution. We define
the pointwise KLD as:

KLD s i) = 7 log 222 ©
Yaist

where y,;, and y;;, are the targeted and predicted distribution. To

transform the matrices y and y to distributions suitable for Eq. (6),

we reshape them into one-dimensional vectors and apply the Softmax

function. Softmax rescales an input z so that all of its elements lie in

the range [0,1] and sum to 1:

exp(z;)
Y exp(z;)

Softmax(z;) =

)
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Fig. 7. Model results for reduced sensor inputs. Each model is tested on the test set, with random sensors of the 6 x 5 sensor network dropping out. Dropped-out sensors were

interpolated linearly based on the remaining sensors.
Appendix C. Model parameters

Parameters of the GDD model are displayed in Table 3. Likewise,
parameters of our implementations of Kernel DM+V, GMRF, and ESM
are displayed in Table 4, Table 5, and Table 6.

Appendix D. Robustness analysis

D.1. Sensor dropout

To assess the performance of the GDD model with fewer sensors,
we simulate sensor dropout by randomly removing pixels from a 6 x 5
grid matrix. However, due to the structure of our CNN, we must
input a matrix of the same size into the model. Therefore, we cannot
directly feed the CNN fewer pixels. To address this issue, we interpolate
bilinearly, using the values of the four nearest known pixels to estimate
the value of the missing pixel to generate the input data for the CNN.
We evaluated dropout rates ranging from 0% to 50% in increments of
10%. The pseudocode is described in Algorithm 1. We also input the
interpolated data into the Kernel DM+V and GMRF models to ensure a
fair comparison between models.

The results, which are shown in Fig. 7, indicate that as the number
of dropped sensors increases, the performance of the various models
becomes more similar, as expected due to the bilinear interpolation of
the missing values. In this case, the error is increasingly governed by
the accuracy of the interpolation.

Algorithm 1 Dropping out and bilinear interpolation of input matrix

input: matrix x of size 6x5, dropout rate r
output: matrix x with dropped out values interpolated

for row in 1 to 6 do
for column in 1 to 5 do

p~U(@,1) > generate random number between 0 and 1
if p <r then
x[row, column] = NaN
end if
end for
end for

x =interpolate(x) > interpolate with radial basis function?

Table 7
Results on the test set with Gaussian white noise applied to it. The GDD was trained
once without and once with Gaussian white noise added to the training data set.

RMSE KLD
GDD (trained without noise) 1.22x 107! 5.96 x 1073
GDD (trained with noise) 7.34 % 1072 349 %1073
GMRF 1.10x 107! 7.80 x 1073
Kernel DM+V 1.14 x 107! 8.61 x 1073

D.2. Noise robustness

We added Gaussian white noise on every test set sample to test the
noise robustness and predicted the gas distribution with all models.
This procedure was previously described in Section 3.4, where we also
describe training a GDD variant with noisy data. As shown in Table 7
and Fig. 8, this GDD variant scores better regarding RMSE and KLD than
Kernel DM+V and GMRF, whereas the original GDD performs slightly
worse than the state-of-the-art models in terms of RMSE. Loosely
speaking, the original GDD may be trying to find patterns in the data
that are not there. We link this to the specific structure of our model
(see Fig. 2).

Tested on the standard test set, the denoising variant achieves
slightly worse results than the original model (Table 1a). As training a
denoising model was not the main objective of this research work, we
did not focus on implementing regularization techniques like dropout,
max pooling, or batch normalization on the architectural level.

D.3. Multiple gas sources

All previous scenarios have assumed a single gas source, which
was an assumption made before training the neural network model.
However, we are interested in examining how the model performs
when faced with multiple gas sources. To investigate this, we did not
generate new synthetic data but rather combined the plumes from dif-
ferent gas source positions under the assumption of neutral buoyancy.
Our original synthetic data contains only one source at a time, with

1 https://docs.scipy.org/doc/scipy/reference/generated/scipy.interpolate.
Rbf.html.
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Fig. 8. Results of the GDD with Gaussian white noise applied to the input. The model in the center was trained without noise, while the model to the right columns was trained

with random Gaussian white noise applied to each sample.
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Fig. 9. Exemplary GDD and Kernel DM+V predictions on samples with two gas sources. Although GDD was only trained on data containing single gas sources, it can recognize

and reconstruct two plumes in a single image.

one of three wind sets being used to simulate each source position
(see Fig. 1(c)). We added two simulation results with the same wind
data to obtain gas distributions with two sources. It is worth noting
that this approach does not account for random components handled
by the simulation. Accordingly, this experiment is just a preliminary
demonstration of the model’s capabilities to handle multiple sources
after training with single source examples.

Results are displayed in Fig. 9. We see that the GDD can handle the
input quite well, even though it was only trained with data from single
gas sources.
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