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Generating Ultrasonic Foliage Echoes with Variational

Autoencoders

Michael Goldsworthy* and Rolf Miiller

Navigation through dense foliage presents a fundamental challenge to
autonomous systems, and achieving a performance level similar to echolocating
bats could have important applications in areas such as forestry and farming.
However, the clutter echoes originating from such environments have been
difficult to analyze. To study the problem of sonar-based navigation in dense
foliage in simulation, an artificial generation system for leaf impulse responses
(IRs) based on variational auto-encoders is proposed. The system is to aid the
construction of artificial foliage echo environments. A dataset of leaf echoes was
collected in an anechoic chamber and convolved with the original signal to
estimate the IR of each leaf. A modified version of the conditional variational
autoencoder - generative adversarial network (cVAE-GAN) architecture was
trained successfully on this dataset to produce a generative model that was
conditional on leaf viewing angles, size, and species. The IRs generated by the
model capture quantitative and qualitative similarity to the measured IRs. It
surpasses the previous state of the art foliage echo model based on reflecting
disks. The model’s computational efficiency and its success suggest its potential
use for simulating large environments of foliage to study bat biosonar and aid in

navigation has been successfully tried in
above-canopy drone navigation where it
has been able to deliver a high degree of
localization accuracy.” However, due to
the obscuring effects of dense foliage, it
is difficult to gather substantial amounts
of data on what lies below the canopy based
on images that are taken from above.l
Hence, for tasks which require high preci-
sion observation of features located within
or under a forest canopy, flights through
the foliage under the canopy are likely
necessary.

Any successful attempt to navigate
in large-scale, complex, and GPS-denied
environments would have to overcome four
main obstacles®: 1) Operating on a large-
scale makes generating maps (as needed
by simultaneous localization and mapping
(SLAM) based systems) infeasible, or at
least very difficult, 2) the complexity makes

engineering biomimetic sonar devices.

1. Introduction

Autonomous navigation through complex natural environments
such as dense foliage is a challenging task that could have a
transformative impact if tackled successfully. The ability to navi-
gate through foliage, for example, could enable applications in
areas such as autonomous agriculture and forestry."! GPS-based

M. Goldsworthy

Department of Computer Science
Virginia Tech

Blacksburg, VA 24060, USA
E-mail: michaeljg@vt.edu

R. Miiller

Department of Mechanical Engineering
Virginia Tech

Blacksburg, VA 24060, USA

The ORCID identification number(s) for the author(s) of this article
can be found under https://doi.org/10.1002/aisy.202300697.

© 2024 The Authors. Advanced Intelligent Systems published by Wiley-
VCH GmbH. This is an open access article under the terms of the
Creative Commons Attribution License, which permits use, distribution
and reproduction in any medium, provided the original work is
properly cited.

DOI: 10.1002/aisy.202300697

Adv. Intell. Syst. 2024, 2300697 2300697 (1 of 9)

planning difficult, 3) if the environment is

dynamic, then pre-planning may be impos-

sible, 4) sensors have limited sensing

capacity, detecting all relevant information
for navigation may be beyond what any given sensor is capable
of, so encountering complex cluttered environments may
confuse the unmanned aerial vehicle (UAV). Due to all these
complexities, navigating through environments with cluttered
natural foliage, environments which are large, complex, and
dynamic, is a fundamental challenge for autonomy.

Many species of bats are capable of overcoming the challenges
associated with navigation in complex natural environments
based on sensory information provided by their biosonar
systems. These species are able to hunt prey, avoid collisions,
and return home almost entirely relying on echoes from the
foliage in which they live.*! For engineering, sonar as a sensing
modality has several advantages over vision, such as operation in
darkness and fog, as well as lower data rates and power require-
ments. However, foliage echoes are difficult to understand
since they are typically composed of contributions from many —
potentially hundreds to thousands — unresolved scatterers, i.e.,
leaves and other reflecting facets in a foliage, that each come
in various sizes and shapes as well as present themselves to
the sonar in different orientations. Because of a lack of
knowledge regarding the components of these so-called clutter
echoes, performing estimation tasks of detection, localization,
and classification present substantial computational problems.®

Because of the persistent difficulties in interpreting clutter
echoes, currently existing man-made sonar systems have not
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been able to achieve bat-like performance for sensing tasks in
complex, natural environments. Technical sonar is designed to
minimize beamwidth and hence increase its spatial resolution,
which requires a large ratio of emission/reception aperture size
to wavelength.”! This is typically realized by virtue of an array of a
large number of emitting and receiving elements. In contrast to
this, bats only require three elements (their nose or mouth for
emission, and two ears for reception). As a consequence of the
animals’ small size, the beamwidths of bats are substantially
wider than those of engineered systems, suggesting the involve-
ment of completely different sensing paradigms.® Due to their
resolution-based approach, current technical sonar systems need
to be much larger and require more computational power than
bats. A better understanding of dense foliage echoes and the bat’s
biosonar sensing strategies for interpreting them could hence
help advance sonar engineering techniques to yield more
capable, as well as more parsimonious systems.

Additionally, acoustic/ultrasonic clutter signals appear in
domains other than navigation in foliage, such as in shallow-
water sonar sensing” and in medical ultrasound.'” Hence,
insights into how bat biosonar can take advantage of cluttered
acoustic signals to achieve their goals could motivate the devel-
opment of similar methods that could have a transformative
impact on sensing technology operating in these domains.

It has been shown that echoes from foliage consist primarily
of contributions from leaves rather than branches.['!] Plant leaves
come in an enormous variety of shapes and sizes, and many nat-
ural foliage environments contain multiple constitutive plant
species. Simulating the echoes from foliage realistically therefore
requires a model with an amount of variation in the leaf types
and arrangements that comes sufficiently close to real foliage.
Physical simulations, such as by finite or boundary element
methods, would require a mesh to represent each leaf with its
given shape and size, necessitating the creation of hundreds
or thousands of realistic and varied meshes, and requiring a sub-
stantial computational effort for each mesh and each acoustic
viewing angle. Thus, any attempt to study bat biosonar by a
simulation of acoustic reflections using a physics-based model
in a cluttered natural environment would be hampered by the
time and computational complexity of such a simulation. This
motivates a need for a computationally feasible simulation
environment that still retrains a sufficient degree of quantitative
similarity to real foliage environments.

(a) (b)

Figure 1. Schematic representations of the biological paragon and different echo modelling approaches: a) Example of the biological model: An oak leaf
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Our goal has thus been to create a simulation environment
capable of generating realistic and varied impulse responses
of entire trees which can be used to investigate the question
of which signal parameters would be useful for biosonar and
biomimetic sonar and perhaps discover alternative approaches
to methods already established in fields such as man-made sonar
or biomedical ultrasound. Our approach follows prior work by
simulating impulse responses from individual leaves in a way
that is computationally feasible and enables them to be added
together to simulate entire tree echoes.

Leaf echoes have been previously simulated using determin-
istic methods based on idealized targets, such as point scatter-
ersl'¥ and disks.!"” Clearly, point scatterers lack all of the
features that are due to leaf properties other than location, in par-
ticular size, shape, and viewing angle. Tree echoes depend sub-
stantially upon these leaf properties, for example, the statistical
properties of fig tree echoes versus yew tree echoes have been
found to differ presumable due to the specular nature of the
much larger, planar leaves of the fig tree.”) Modelling leaves
as disks includes size and viewing angle dependencies, but
the entire diversity of shapes found in real leaves cannot be
represented. Both of these methods ignore multiple bounces
between leaves (Born approximation, a commonly used approxi-
mation in ultrasound*'*)) and ignore the shadowing of deeper
layers of leaves from shallower layers. To address the challenges
of modelling foliage echoes in a more realistic fashion while
keeping computational cost low, we propose a machine-learning
approach to generate individual leaf impulse responses. To this
end, we have assessed two recent generative deep learning meth-
ods: Generative adversarial networks (GANs'®)) and variational
autoencoders (VAEs!'”)) (Figure 1).

The key innovation of GANs is to combine two neural
networks, one a generator and the other a discriminator, which
are trained alternatively and in a competitive way."'® The aim is
to train the generator to produce simulated samples that are sim-
ilar enough to the samples in a set of real data that the discrimi-
nator fails to distinguish between real and simulated samples.
The generator takes a vector from a random distribution (typi-
cally a Gaussian) as input and outputs vectors that have the same
shape as the target data. The discriminator then takes both the
simulated and real samples as inputs, and is trained to distin-
guish between simulated and real samples. The generator is
trained to make the discriminator guess wrong, thus it is trained

(c)
\

reflecting sound, b) disk model as a simple approximation of a leaf’s acoustic response, and c) VAE model for creating artificial leaf responses.
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to generate samples that are similar to the real elements in the
dataset. GANs have undergone many improvements and an
enormous number of variants exist as a result."*'®) They have
most prominently seen application in the generation of images
and other image-related tasks, such as in-painting, super-
resolution, and image-to-image translation.’” Due to the
periodic nature of audio, naive application of image generation
methods to generating raw audio waveforms typically fails. GANs
frequently fail to capture global dependencies between distant
parts of images, and for periodic signals like soundwaves there
is too high global correlation between all parts of the signal for
naive GAN architectures to reliably generate natural soundwaves,
and for longer signals such as music there are dependencies
within stuctures at multiple timescales,*” however alternative
GAN architectures have been devised to deal with this, such
as ref. [21].

VAEs also use two neural networks but they are arranged like
an autoencoder,!'”! where one network encodes samples into a
latent space and the other samples from the latent space and
reconstructs the original samples, both networks trained to
reduce the reconstruction error. The innovation of VAEs is to
shape the latent space towards a prior distribution (typically a
Gaussian) and thus new unseen samples can be drawn from
the latent space and “decoded” into new samples that did not
exist in the original dataset. Like GANs, VAEs have seen a rich
diversity of recent developments and applications. They are typi-
cally used for image tasks, but also have been used for protein
design,*?! language models,'*?! source separation,**! finance,**!
and many others.

Both methods come with common well known shortcomings
and failure modes: GANs frequently fail to capture the full variety
of the real data and focus on generating samples that are similar
to only a small subset of the data, a failure mode known as mode
collapse.l'® VAEs are less likely to suffer from this problem, but
are known to produce samples that are blurrier than the sharper
images produced by GANs.*?! Another problem known as

(@)

—
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entanglement® arises when training conditional models, where
generators or decoders learn to ignore class labels and let the
latent space contain all information, entangling the known labels
with the general unknown generative factors.

In order to ameliorate the shortcomings of both methods, the
current work has employed a deep-learning generative method to
produce simulated leaf impulse responses that closely follows the
conditional variational autoencoder - generative adversarial net-
work (CVAE-GAN,””)). This method combines VAEs and GANs
in order to overcomes some the problems associated with each of
the combined methods. The cVAE-GAN has been trained with a
dataset of leaf impulse responses (IR) samples that were collected
with a sonar head that mimicked the basic function of bat bio-
sonar. The output of the model has been evaluated quantitatively
against statistical features of the measured leaf impulse
responses.

2. Experimental Section

2.1. Data Acquisition

In order to gather the large experimental dataset that is needed
for training a deep-learning model, single leaves were placed in
an anechoic chamber (4.5 x 2.2 x 2.5 m) and suspended in open
space by two parallel thin fishing lines to minimize any acoustic
reflections not originating at the leaf (Figure 2).

The ultrasonic emitter-receiver unit was placed at a distance of
1m from the leaf. The emitted pulse consisted of linear-
frequency modulated carrier that was swept down from 105 to
5kHz over a duration of 2 ms. The pulse was converted to an
analog signal with a conversion frequency of 1.6 MHz and a res-
olution of 12 bits (Arduino DUE, Arduino SA, Chiasso,
Switzerland). The analog pulse was then emitted from an elec-
trostatic ultrasonic transducer (Series 600, SensComp Inc.,
Livonia, USA). The echo from the leaf was recorded by an

(b) f ! ()
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Figure 2. Experimental setup for measuring leaf impulse responses: a) ultrasonic emitter-receiver unit, b) leaf suspended with parallel fishing lines and

rotated by a stepper motor, and c) anechoic chamber wall.
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Figure 3. An example of a time-frequency plot of a chirp echo from a leaf
before preprocessing.

ultrasonic microphone (Momimic, Dodotronic, Castel Gandolfo,
Italy) over a recording duration of 25 ms, and then digitized with
a sampling rate of 400 kHz and a resolution of 12 bits (Arduino
DUE, Arduino SA, Chiasso, Switzerland). While recording each
echo, the respective leaf’s azimuth angle, elevation angle, size,
and species were noted to generate the label set for the data
(Figure 3).

The recorded echoes were subjected to matched filtering, i.e.,
convolved with the time-reverse of the digital chirp template to
obtain an estimate of the leaf’s impulse response, and clipped to
a duration of 1 ms (i.e., 400 samples) centered on the maximum
amplitude of the estimated impulse response. Amplitudes were
normalized to fall in the range from —1 to 1 based on the mini-
mum and maximum values in the overall data set. Similarly, all
continuous labels (azimuth angle, elevation angle, size) were nor-
malized into the range of 0 to 1. Leaf impulses that were in the
bottom 10" percentile of energy were discarded.

2.2. Generative Modelling

Since the chosen VAE architecture (i.e., cVAE-GAN) needed to
be conditional, i.e., it needed the ability to generate impulse
responses that depend on plant species and viewing direction,
it was necessary to avoid entanglement in the latent space.
Entanglement means that the latent dimensions are not indepen-
dent of the factors that should control the generated outputs. This
is especially a problem for conditional models where the condi-
tional factors are at risk of getting subsumed by the latent space.
For example, a possible case of entangling in the present work
might be that the generational information for the azimuth angle
is encoded by variations in the latent dimensions and hence the
conditional information on azimuth given to the decoder net-
work is ignored (i.e., is given zero weight in the network). To
deal with entanglement, the chosen architecture was based on
the disentangling version of the cVAE-GAN!®®! that can be found
in ref. [25]. In this architecture, an adversarial classifier was
applied to the latent space and trained to classify the latent-space
representations according to leaf species. Similarly, an adversar-
ial regressor was trained to predict the other, continuous sample
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Figure 4. Overview of the components in the cVAE-GAN-based network
used to generate the leaf impulse responses: E: encoder network, ¢ and p:
standard deviation and mean of the normal distribution from which the
latent vector z is drawn, D: decoder network, AR: auxiliary regressor, AC:
auxiliary classifier, Disc: discriminator. All component networks were used
in training. For generation, only the decoder network was used.
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Figure 5. Accuracy of the neural networks used for classifying leaf species
and estimating the azimuth angle of the training data: a) ROC curves of a
neural network classifier trained to predict leaf species from the measured
impulse responses, the four curves each correspond to one of the four
species. b) Azimuth angles of measured IRs estimated by a regression
network plotted against the respective true values.

labels (azimuth, elevation, and leaf size). The encoder contained

a corresponding regularizing loss term which was opposed to the
classifier and regressor, meaning that it was trained to make the
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latent space unclassifiable. Instead of using a second latent code
for the conditional information, following ref. [25], where the
conditional information is mapped to its own latent space
and trained to follow a multivariate Gaussian distribution, the
conditional information was simply passed to the decoder in
its original form (as in ref. [26]). The presence of these auxiliary
networks was meant to ensure that the latent space did not con-
tain this information and that the conditional information was
passed to the decoder.

In the cVAE used here for the task of impulse response gen-
eration, the primary components were 1) an encoder that was
trained to map signals to a Gaussian latent space and 2) a decoder
to reconstruct the original signal. In addition, the cVAE con-
tained two other networks designed to shape the latent space
to avoid entangling: the auxiliary classifier and the regression
network as described above. Since VAEs are known to produce
blurrier images than GANs, there was an additional discrimina-
tor after the decoder to aid in the sharpness of the generated
impulse responses by distinguishing between measured and
generated samples (Figure 4). The decoder loss includes another
term, which seeks to minimize the final discriminator‘s classifi-
cation accuracy between generated and measured samples. The
reconstruction error component of the loss function includes a
weighting factor (y), following,””! which balances the reconstruc-
tion error with the regularization of the latent space. The specif-
ics of the cVAE-GAN network architecture used were as follows:
1) Encoder: multilayer perceptron (MLP) with 3 hidden layers
containing 300, 200, 100 nodes, respectively. 2) Decoder: MLP
with 4 hidden layers containing 100, 200, 300, 400 nodes, respec-
tively. 3) Discriminator: MLP with 2 hidden layers containing 200
and 10 nodes, respectively. 4) Auxilliary classifier and regressor:
MLP with 2 hidden layers containing 100 and 5 nodes, respec-
tively. 5) Activation functions: All hidden unit activation

www.advintellsyst.com

functions were rectified linear unit (ReLU), activation functions
on the final layer we either sigmoid or softmax where appropri-
ate. 6) Loss functions: Followed the method of ref. [25], with the
addition of the a weighting factor () applied to the reconstruction
loss. 7) Optimizer: Adam.*®!

2.3. Analytical Metrics

For generation of impulse responses that are conditioned on the
labels to be successful, the conditional information on the respec-
tive target property must be present in the samples from the
experimental recordings. To establish whether this was the case,
a deep-learning classifier was trained to determine the leaf
species for the experimental samples, Similarly, a regression net-
work was trained to predict the azimuth angle from the experi-
mental estimates of the impulse responses. Success of these
classification or regression experiments would establish that
the experimental recordings contain the information that is
necessary for a training a conditional VAE. Failure could mean
that the information is either not contained in the data or the
networks were not able to utilize it.

A standard one-dimensional convolutional neural network
(CNN) classifier (6 layers of convolution with batch normaliza-
tion, followed by 3 dense layers with dropout) was used on
the training data to determine whether it can be classified by leaf
species. Likewise, a straightforward MLP regression network (3
hidden layers consisting of 400, 20, and 10 neurons, respectively)
was used to perform regression on the training data to predict the
azimuth angle. After determining whether conditional informa-
tion is accessible in the experimental recordings, the cVAE
generator was trained to create synthetic impulse response data.

Based on this synthetic data, a number of metrics were used to
analyze the generated samples and measure the performance of

Amplitude (nrm.)

1.0
0.0 '
-0

Time [ms]

Figure 6. Examples of the waveforms for measured (top row) and cVAE-GAN-generated leaf impulse responses (bottom row).
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the generative method, both qualitatively and quantitatively:
As a first step, the generated IRs were visually inspected and
compared qualitatively to the real IRs. Major failures of the gen-
erative method (e.g., mode collapse, excessive noise) could be
detected qualitatively in this inspection.

Next, the variation in the signal energy (estimated as a sum of
squares of the IR amplitudes) as a function of azimuth angle was
compared across measured and generated IRs. Comparing the
relationship between energy and azimuth angle was meant to
ensure that meaningful and realistic conditioning is happening
on the input azimuth angle label to the generator.

Furthermore, the cVAE generator was compared to the previ-
ous state of the art method of conditional leaf IR generation that
used a disk model for the leaves."*! To this end, the first three
standardized moments (variance, skewness, and kurtosis) of the
amplitude distributions of the IRs generated by the cVAE were
compared to those associated with those of real IRs and simu-
lated IRs generated with the disk model.

Finally, a regression network was trained to predict the
azimuth angle for the real IRs in the training data, and was then
used to predict the azimuth angle of the conditionally generated
IRs. This experiment was intended to measures whether the
azimuth-angle information contained in the signals is being
meaningfully imparted on the synthetic impulses responses
through our conditional generation approach. This process
was also reversed, i.e., a regression network was trained on
the generated IRs and then used to predict the azimuth angle
of the measured data.

3. Results

The regressor for azimuth angle and the classifier for leaf species
were successfully trained on the measured data in the training
dataset. Both networks were found to perform with a high
degrees of accuracy (Figure 5): The azimuth-angle regressor
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Figure 7. Standardized moments of the amplitudes in the measured and generated impulse responses. Histograms of 1000 samples taken from each
dataset. Histograms show the distributions of the moments from column a) cVAE-GAN generated IRs, column b) measured IRs, and column c) IRs

obtained from the disk model.
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had a training accuracy of £3.8° and a test accuracy of £5.3°. The
receiver operating characteristic (ROC) of the leaf-species
classifier had an area under the curve (AUC) (averaged over
all four leaf species) of 0.98.

After the cVAE-GAN system was trained on the measured
dataset, impulse responses were generated to be compared to
the measured data qualitatively. In these comparisons, substan-
tial similarity was observed between measured and generated
impulse responses (Figure 6): The general shape and pattern
of the impulse responses were observed to be similar. At first
it appeared that there was more noise present in the generated
IRs compared to the measured IRs, but after taking the standard
deviation (¢? of the first 50 samples of each IR in the measured
dataset (where the meaningful signal is less likely to be present),
and taking the ¢ of the first 50 samples of generated IRs condi-
tioned by the same labels as the measured data, there was found
to be less noise in the generated IRs compared to the measured
(the mean o” for measured data was 0.00152, while for generated
it was 0.00051, the higher level in the measured data being due to
more outliers).

The first quantitative comparison was performed by comput-
ing the standardized moments of the waveform amplitude val-
ues. All three standardized moments (variance, skewness, and
kurtosis) of the impulse responses were more similar between
the cVAE-GAN model and measured data, compared to the pre-
vious state of the art disk model and real data (Figure 7). Taking
the distributions of these moments, the KL divergence was com-
puted. The KL divergence between the variances of the measured
and the cVAE-generated IRs was 0.10, while the KL divergence
between the measured IRs and those obtained from the disk
model was 1.91, i.e., 19 times larger than for the cVAE-generated
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Figure 8. Signal energy (estimated as the sum of the squared signal
amplitude) in the IRs as a function of the azimuth angle under which the
leaf is being ensonified. a) Measured IRs and b) cVAE-GAN-generated IRs.
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IRs. For the distribution of skewness, the KL divergence for mea-
sured vs. cVAE-generated was 0.18, while for the comparison
with the disk-model IRs it was 0.64, i.e., 3.6 times larger than
for the cVAE-generated IRs. Finally, the Kl divergence of the dis-
tributions of the kurtosis was 0.77 for the cVAE-generated IRs,
compared to 3.94 for the disk model, i.e., the divergence was 5
times larger for the disk model.

Next, a total of 10 000 IRs were generated with the cVAE-GAN
for a variety of azimuth angles ranging from 0° to 90°. The total
signal energy (represented by a sum of squares of the signal
amplitudes) of the generated IRs varied with azimuth angle in
a similar way to what was seen in the measured IRs. There
was a peak at 0°, a hump’ between 0°and 45°, and a flatter energy
level between 45° and 90° (Figure 8).

Two regressors were then trained to predict azimuth angles
from the IRs, one was trained on cVAE-generated IRs and the
other trained on the measured IR dataset. The regressor trained
on the cVAE-generated IRs then predicted the azimuth angle of
both cVAE-generated and measured IRs. The regressions
showed similarly low errors for both test cases. The mean test
error for the cVAE-generated IRs was 11.7°, while the test error

(@ 1 ——

Proportion (nrm.)

(b) T T T T T T T T T

90
Error in regression prediction [°]

Figure 9. Distribution of regression errors for the estimation of azimuth
angle. a) Errors of a regressor trained on cVAE-GAN-generated data and
evaluated on cVAE-GAN-generated data (solid line) and measured data
(dashed line). b) Errors of a regressor trained on real data and evaluated
on real data (solid line) and fake data (dashed line).
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for real IRs was 13.2°. The regressor trained on the real IRs which
then predicted the azimuth angle of both generated and real IRs
similarly showed low errors and similar amounts of error for
both test cases (Figure 9). The mean test error for the generated
IRs was 14°, while the test error for real IRs was 11.9°.

4. Conclusion

The results of the current study demonstrate that a VAE-GAN-
based generative method is capable of producing synthetic
impulse responses that mimic those of leaves: For a human
observer, it was very difficult to decide whether any of the signals
in this study was measured or generated. There were no obvious
distinguishing features in the duration, magnitude, and wave-
form shape of the signals. The presence of noise in VAE gener-
ated images is a known perennial problem with many VAE-based
methods,” but by comparing the noise levels at the start of the
signals we have shown that this is not an issue for our model.

The finding that classification by leaf species and regression by
azimuth angle were both readily possible (Figure 5) demon-
strates that the measured impulse responses contained this kind
of information. A good foliage model should hence also repro-
duce the influence of these variable on the acoustic characteris-
tics of the leaves. The results from the current study show that a
cVAE-GAN generator is capable of achieving this. The result that
aregressor trained on the measured data and tested on the cVAE-
GAN-generated data, and vice versa (Figure 9), produced low
regression error provides solid evidence that our generation
method is incorporating this conditional information into the
generated IRs. The same argument can be made for the similar-
ity of the energy levels as a function of viewing azimuth angle
(Figure 8) as energy was not explicitly given to the generator,
but had to be learned implicitly.

The first three standardized moments of the signal amplitude
distributions for signals produced by our method were much
closer to the respective parameters of the measured data than
was the case for the previous state of the art (Figure 7). This
can be taken as quantitative evidence that our method generates
more realistic impulse responses than what had been achieved
previously. The moments were not provided as training informa-
tion explicitly, but had to be learned indirectly through the train-
ing process. The similarity that was achieved demonstrates that
this learning has taken place. However, since the distribution of
the kurtosis for the cVAE-GAN-generated data was less close to
the value obtained for the measured IRs than was the case for the
second and third moments (although still more similar than the
previous state of the art), there is clearly room for improvement,
and future methods or modifications to our method may be able
to generate IRs that are even more similar to measured IRs in
this and perhaps other respects.

Our generative leaf model, being based on brief impulse
responses, is computationally efficient enough to recreate
large-scale acoustic environments of trees. From the qualitative
inspection and the moment analysis conducted here, it also
appears that the echoes would be similar enough to real foliages
in their statistical properties and how vary as a function of
parameters such as leaf species and viewing angle to make exper-
imenting with such a virtual environment worthwhile. Like the
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prior state of the art, our model follows the Born approximation
(ignores multiple bounces between leaves) and ignores shadow-
ing of deep leaves from shallow leaves. While these effects cer-
tainly exist, and we believe them to be of minimal importance,
future work may take these into account when using deep learn-
ing based generated impulse responses to implement full foliage
environment simulations.

These environments would be useful for modelling bat bioso-
nar navigation strategies and aid in engineering biomimetic
sonar devices to add new sensing modalities for autonomous
drones in dense foliage settings. Hopefully this work will inspire
generative machine learning approaches to the simulation of
other complex signals in domains such as underwater sensing,
radar, and medical ultrasound.

Any application of deep generative modelling methods cannot
be an exhaustive search of all methods and all possible settings of
hyper-parameters, thus it is likely that superior modelling using a
tweaked version of this method or an entirely different architec-
ture may be have results superior to ours, especially given our
failure to perfectly capture the distribution of kurtosis values
of real IRs. A principled approach to find such a superior method
is an interesting open question in machine learning.

Since our model does not correspond to any particular
realisation of foliage geometry, a comparison with numerical
methods based on individual leaf echoes, such as finite-
difference time-domain (FDTD) or finite element methods
(FEM), is not feasible. We have used real leaf echoes for compari-
son to our method, which is the ultimate measure of success.
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