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ABSTRACT

Many bat species navigate in complex, heavily vegetated habitats. To achieve this)the/@animal relies on a sensory basis that
is very different from what is typically done in engineered systems that are designed for outdoor navigation. Whereas the
engineered systems rely on data-heavy senses such as lidar, bats make do with echoes triggered by short, ultrasonic pulses.
Prior work has shown that "clutter echoes" originating from vegetation can.convey information on the environment they were
recorded in — despite their unpredictable nature. The current work has investigated the spatial granularity that these clutter
echoes can convey by applying deep-learning location identification to an'echo data set that resulted from the dense spatial
sampling of a forest environment. The GPS location corresponding /o the echo collection events was clustered to break the
survey area into the number of spatial patches ranging fromtwo to 100.:A.convolutional neural network (Resnet 152) was used
to identify the patch associated with echo sets ranging from one to ten echoes. The results demonstrate a spatial resolution
that is comparable to the accuracy of recreation-grade GPS operating under foliage cover. This demonstrates that fine-grained
location identification can be accomplished at very low data rates.

Introduction

The ability to navigate autonomously in natural, vegetated environments could enable a multitude of technical applications that
include search and rescue' 3, precision agriculture®33as well as environmental surveillance®. A fundamental ability that is
needed for many of the navigation challenges posed by outdoor applications of autonomous systems is identifying a location,
e.g., for the purpose of building a map of the'environment where the system is supposed to operate.

The most common approach to identifying @ given location is to utilize the Global Positioning System (GPS,”). However,
GPS has its limitations: There are a number of @nvironments where GPS is not available at all, e.g., under water®? or in caves
and mines'%!!. Tn addition, GPS has been'shown to be vulnerable to jamming or manipulation'?. But even under conditions
where an unadulterated GPS signal could be accessed in principle, there can be circumstances that result in a substantially
reduced accuracy, e.g., under dense foliage cover'3, in indoor environments', or in urban canyons with dense foliage cover!>.

An alternative to location identification with GPS is provided by vision-based landmark recognition'®!7. These approaches
typically rely on the recognition of Object shapes by virtue of matching deterministic templates. While it is easy to see how
template matching vould work for man-made landmarks such as buildings that have clearly recognizable shape patterns,
plants in natural vegetation have complex shapes with a large amount of randomness'® that may not be easily captured by a
deterministic image template. Template matching based on three-dimensional optical recordings of an environment, e.g., using
lidar'® 20 aredikely to suffer from the same problem. In addition, navigation based on laser scans requires acquiring, storing,
and processing large amounts of data. A single lidar sensor, for example, can produce data rates of about 23 Mbiys>!-22. The
large computational cost and power consumption associated with handling such data rates may be difficult to satisfy in the
context/of small autonomous systems.

Echolocating bats are capable of navigation in a wide variety of natural habitats that include densely vegetated environ-
ments>>2*In addition, bats have been shown to travel distances as large as 50 km in a single night and then return to their
roosts in the morning?>2°. Hence, bats from these species must be able to create maps of their environments that allow them to
find theirways to their feeding grounds and back to their roosts.

The ability of bats to navigate in densely vegetated environments based on biosonar is of particular interest because of the
spécial nature of sonar echoes from natural vegetation?”-28, A typical foliage is composed of a multitude of leaves and other
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sound-reflecting elements. Each of these elements contributes to the received echoes based on its position, orientation, and
shape. Since all the specific values of the parameters that the determine the reflection from an individual leaf remain.unknown,
a foliage is best approximated as a stochastic array of reflectors?’-?° that results in likewise unpredictable/echo waveforms?’.
For sonar-based navigation, the implication of this randomness is that any sonar system will never see the same echo waveform
again®®. Hence, conventional template-based methods for recognition of a location-specific pattern will not work. Despite these
difficulties, the biosonar abilities of bats demonstrate that sonar-based solutions to the location-finding problem must exist and
can be realized in a highly reliable and parsimonious fashion.

As a first step towards replicating the biosonar-based location-finding skills of bats, prior work by the authors?! has shown
that different habitats identification of different locations in natural environments based on single (15 ms) echoes is possible
using deep learning methods based on time-frequency representations of the echoes. In this study, it was possible to not only
identify ten different locations that were spaced within a 50-kilometer diameter, but also neighboring‘walking trails at the same
habitat. The latter results have hinted at the possibility that biomimetic sonar echoes.can convey location information with
much finer resolution. ~

To examine the spatial resolution for locations that biomimetic sonar could provide‘in natural structure-rich habitats, the
current work has characterized biomimetic echo data that collected to cover a contiguous nataral forest area with a dense set
of echo measurements. The echoes of in the previous study were labelled based on different collection locations that were
separated by distances of several kilometers (in case of the different sites) or at least several ten meters (in case of different
walking trains). Hence, these data sets are likely to have captured large-scale,differences between entirely different vegetation
types or at least distinct local variants of the same vegetation type (e.g.,/due to different soil or exposure).

Hence, the goal of the current study has been to examine the small-scale granularity of the location information that can be
extracted from echoes collected within a contiguous area that was«€overed by the same vegetation type. To this end, each of
the acquired echoes was labelled with geographic coordinates provided by a.GPS. This GPS data was then used to cluster the
locations into small patches and determine the level of spatial granularity can be resolved based on deep-learning classification
of the echoes.

Materials and Methods

Biomimetic sonar

A biomimetic sonar head (Fig. 1A,*") wa§ised to collect allfoliage echoes for the present study. The system consisted of a
sonar emitter and two receivers, a top-level controller, a set of microcontrollers used for digital-to-analog and analog-to-digital
conversion, cameras to record images for/documentation purposes, a GPS, as well as a power system to support all these
devices.

For the sonar system proper, the main cemponents were two electrostatic ultrasonic loudspeakers (diameter 3.8 cm, 600
Series, SensComp Inc., Livonia, ML, /USA)awith a peak response frequency located at ~50 kHz and a -6 dB passband extending
from ~40 up to ~80 kHz. Two capacitive MEMS microphones (Monomic, Dodotronic, Rome, Italy, -6 dB frequency range
from ~2 to ~125 kHz) were‘uséd to receive the returning echoes.

The top-level computer of the sonar head (Raspberry Pi 3, Model B+, RS Components, Cambridge, UK) was used to
control data collection viaa user'interface, store digital data from the microphones, and to visualize the incoming echoes in
approximate real-time. A microcontroller (Arduino Due, Arduino, Somerville, MA, USA, clock frequency 84 MHz) was tasked
with handling digital-to-analog and analog-to-digital conversion of the sonar pulses and the returning echoes respectively. The
emitted pulses were converted toranalog input signals for the ultrasonic transducer with a sampling rate of 1.6 MHz (the device
maximum) and 12 bits amplitude resolution. The conversion of the microphone outputs to digital signal representations were
conducted with a sampling rate of 400 kHz per channel and with an amplitude resolution of 16 bits.

The entire/System was powered by a DC battery (Lithium Polymer RC Battery, 22.2 'V, 4.5 Ah, Floureon, Nantou, Taiwan).
A GPS module (Adafruit Ultimate GPS, Breakout 3, Adafruit Industries, New York, NY, USA) recorded the geographic
coordinates associated with each echo collection site. The GPS had a manufacturer-specified position error of 1.8 m*?. To
assess whether specification was valid for the recording conditions of the experiments reported here, 100 GPS data points were
recorded along a straight paved road that was aligned with the edge of the vegetation in which the echoes were recorded. Under
the assumption that the road edge can be described by a straight line, the root-mean-square error associated with fitting a line to
this position data can be used as a measure for the accuracy of the GPS. This error was found to be about 5.6 m.

Finally;,all data acquisition work was documented with a stereo-pair of two video cameras (HERO 3, GoPro, San Mateo,
CA,USA) that were mounted on the biomimetic sonar head, faced in the same direction as the transducers, and recorded videos
duting echo data collection. None of the recorded videos were subjected to any form of quantitative analysis in this study.
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Data collection

The echo data was collected in a natural wooded area (known as the “Stadium Woods”, Fig. 1D) on the Virginia Tech campus
in Blacksburg, Virginia. The size of the study site was approximately 180 by 150 m. In general, the terrain of the study site was
slightly rolling with a uniform vegetation cover of mature forest and substantial amounts of undergrowth (Fig. 1B). However,
some small spots could not be walked safely due to the presence of local obstacles such as boulders or ravines and were hence
left out of the data acquisition. An estimate of the area covered by the echo recordings has been derived from the measured
GPS positions using a morphological closing operation which consists of a dilation followed by an eresion to determine a
contiguous area covered by points®. The input data for this operation were the geographical positions assoeiated with the echo
recordings as determined by a reading from the GPS receiver. For the closing operation, each GPS location was represented by
a point corresponding to a radius of 1.5 m in the real world. The structuring element of the'morphological closing operation,
i.e., the mask that is used to probe the image, was a circle with a radius that corresponded to 2.5 m.

During data collection, the biomimetic sonar was hand-carried (to approximate the naturalwvariability in the flight paths that
bats might take through the forest) at a distance of about 1 to 1.5 m from the nearest'vegetation. While being moved through
vegetation, the biomimetic sonar head was also rotated by hand in scanning motions| that€overed azimuth as well as elevation.
As for the walking path, these motions were intended to approximate how a bat’s biosonar might scan its surroundings. The
sampling paths were traversed with a constant walking speed of about 0.2 n/s while the data collection rate was about three
echoes per second. The GPS module was used to record the location of theSenar (Fig.\1C) with an update rate of 0.2 Hz. A
second-order polynomial fit was used to interpolate the GPS data for each. instant of echo collection. The interpolated GPS
locations were then attached to each recorded echo as the label for supervised learning.

The pulse waveform that was used to trigger the vegetation echoes was inspired by the biosonar pulses of constant frequency
(CF) - frequency-modulated (FM) bats that combine narrow-band and frequency-modulated portions**. To mimic both of these
signal components, the first 7 ms portion of the emitted pulses consisted'of an.FM chirp that sweeped from 55 kHz down to
45 kHz (Fig. 2, black solid box). The second part consisted of an CF signal cerﬁered at 60 kHz with a duration of 5 ms (Fig. 2,
white solid box). Hence, the FM and CF components of the signals were hence not connected in frequency which does match
the continuity in the time-frequency contours of bat biosonar,pulses, but'made separating the CF and FM components easier.
The total length of each echo recording was 25 ms. Since each echo recording was started with the beginning of the respective
pulse, it including the two direct transmissions from the speaker as well as the reflected echoes. The resulting echoes (Fig. 2,
dashed box) were used as input for data classification:

Clustering of the GPS data
The study area was broken up into a set of coherent spatial patches based on the GPS coordinate data using a clustering approach
(MiniBatch k-means,®, implemented in the sklearn Python library®®). The MiniBatch approach reduces the computation time
from that of k-means by processing random batches of data with a fixed size small enough so that they can be stored in memory.
Clustering is repeated in an iterative process where each iteration is based on a random pick of samples and the iteration
stops once the convergence criterionds reached: Like in regular k-means, the objective of the algorithm is to minimize the
within-cluster sum of squares. For each clustering attempt, the centroids of the clusters were randomly initialized three times,
then the algorithm picked the best of the initialization as measured by the sum-of-square distances to their cluster center. To
prevent premature stopping, the maximum consecutive number of mini-batches that do not yield an improvement on the figure
of merit was set to 10. The size of the. mini-batches was set to 256 sample points, and the maximum number of iterations to 100.
The silhouette value®’ svas used as @ measure of how coherent the generated spatial clusterings were. It measures how
similar the elements within a cluster, are to each other (cohesion) compared to how similar elements are across different
clusters (separation). The silhouette value was calculated by the difference between the average within-cluster and cross-cluster
distances normalizedy the maximum value of these distances. Hence, the silhouette value ranges from —1 to +1, where a high
value indicates that the element§ are well matched to their respective clusters and poorly matched to neighboring clusters(Fig. 3).
Using this approach, the GPS data were clustered into different numbers of coherent spatial “patches” that ranged from
a minimum of two up to @ maximum of 100 in number (Fig. 4). For each desired number of patches, the clustering was
repeated 100(times, and the result with the highest silhouette value was retained for the subsequent analysis. In addition to the
silhouette valueythe distribution of sample (Fig. 5) locations across the different clusters was monitored to ensure that it was
approximately even (Fig. 6).

Acoustical signal processing

In the first step of processing the echoes, a bandpass filter (finite impulse response, FIR, filter design based on a 256-point
Hamming - window with 50% overlap) was used to extract the frequency band occupied by the employed pulses from the echo
recordings. For the FM pulses, this passband ranged from 40 to 58 kHz (-3 dB corner frequencies). The same bandpass filter
design was used for the CF pulses, but in this case, the -3 dB passband covered the frequency range from 58 to 62 kHz.
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The bandpass-filtered echoes were converted into spectrogram representations (Hanning window with a length of 256
samples, FFT length 256 samples, 50% window overlap). The spectrogram representations were cropped along the frequency
axes to the passband of the respective pulses. Hence, for the FM pulses (frequency range from 45 to 55 kHz), the spectrogram
matrix size was 18 x 15 whereas for the CF pulses (58 to 62kHz), it was 7 x 11. For each time-frequency bin, i.e., pixel, in the
spectrogram representation, the respective power spectral density was represented by an eight-byte floating-point number. The
cropped spectrogram images served as input for classifying the echoes into the corresponding spatial patches.

Deep-learning for location classification

The network used for patch classification was inspired by a state-of-the-art convolutional deep neural network for image
classification (ResNet152,38). For the current work, the published ResNet152 architecture was modified by reducing the initial
kernel size from 7x7 to 33 pixels, removing the stride, and adjusting the pooling layers size from 3 x3 to 2x2 pixels. The
deep neural network was implemented in TensorFlow (version 1.13.2, Google Brain Team,>”) via the Keras interface library
(version 2.3.1, F. Chollet,*’) and the Python programming language (version 3.7). ~

The deep neural network used (Fig. 7) started with the full input spectrogram 'size{(18 x 15 pixels for FM pulses, 7x11
pixels for CF pulses), followed by an initial convolution layer, batch normalization®'yan activation function (rectified linear unit,
ReLu,*?), and a single maximum-pooling layer (2x2 pixels for FM only,*?). These initial layers were followed by 50 serial
repetitions of a basic unit that contained a parallel arrangement of an identity<block and a'‘convolution block. The identity block
insured that the original image features were also passed along into the network. The outputs of the identity and convolution
blocks were concatenated as they were passed on from unit to unit. The convelution block of each unit consisted of three
convolutional layers, each followed by batch normalization and a ReLus The final layers of the network consisted of an average
pooling layer followed by a 1000 nodes fully connected (fc1000) layer and finally an output prediction layer based on the
Softmax function** that produced the estimated numbers of the spatial patch tlp respective echo originated from.

Since bats produce pulse trains with repetition rates up to at/least/14 pulses per second **~#’and hence should have ready
access to multiple echoes to determine their location. Tomimic this, deep-learning classification has been attempted on sets of
echoes that contained 2 to 10 echoes subsequently recorded in the same spatial patch. To this end, a deep neural network has
been designed for integrating multiple inputs (Fig. 8. The first part.of this network has been based on ResNet152 and served to
extract the features from the spectrograms as was done for classification based on single echoes. To enable the processing of
multiple echoes, the outputs from the SoftMax layer of the initial ResNet152 for each of the echoes were concatenated for all
echoes processed in a given batch (i.e., 2 to 10 echoes) into a single vector. These concatenated vectors were then fed into a
multilayer perceptron (MLP, “®), which performed the classification of the spatial patch based on this aggregate vector. The
MLP contained three layers, the first layer had.a dimension of 512 nodes, the second had 256 nodes, and the final layer was the
SoftMax layer with one node for each spatial patch. The maximum across the outputs from the SoftMax layer was used to
estimate the spatial patch that a given set of echoes originated from.

For performing the deep-learning experiments, 'the entire echo data set was randomly partitioned so that 85% of the
recorded echoes were used for training and'the remaining 15% were used for testing. During the entire process, a five-fold
cross-validation*” was used for characterizing the classification performance of the respective network. Cross-entropy loss>’
was used as the loss function for training the deep neural networks. This loss was monitored along prediction accuracy during
the training process to establish‘convergenceand check for overfitting (Fig. 9).

Confusion matrices showing the distribution of pairs of estimated and actual patch numbers were used to compare the
results across different numbers of spatial patches. In these experiments, the number of spatial patches ranged from 2 to 100
and the number of echoes used to classify any given patch from one to 10. (Fig. 10).

Classification visualization

Saliency maps®! were uséd to Visualize,which parts of the spectrogram were most important to the classifier networks in making
a decision on the spatial patch a given echo or set of echoes came from. These maps are derived from the gradients of the
network output over its input®'. Here, the saliency values were computed from the final convolution layer that preceded the
computation of the SoftMax weights. An average saliency map was compiled from the maps obtained across the different
spatial patehes (Fig. 11). The spectrogram input was from the pure echo part (Fig. 2, dashed black box), and the average was
taken oyer all 2,000 echoes in each patch. For each echo, the absolute value of the weight matrix in the final convolution layer
was used to calculate the average saliency map and the average saliency map was normalized to compare the differences from
each patch:

In order to test whether the time-frequency bins with high saliency values contained indeed more information that was
relevant to.classification of the spatial patches than those bins with low saliency values, the spectrograms were portioned into
bins@ssociated with high and low saliency values. In particular, the time-frequency bins associated with the top 50% and the
bottom 50% saliency values for the classification of six different patches were selected from the spectrograms (Fig. 12). Since
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the saliency maps were calculated separately for the echo set from each patch, they were combined here using an intersection,
i.e., the set of time-frequency bins where all individual maps had an above 50 % threshold saliency value. A multi-layer
perceptron was trained in a supervised learning paradigm to estimate the spatial patches associated with each,echo based
on the spectrogram values in the time-frequency bins associated with either high or low saliency values. The utilized MLP
architecture had the following layers: first, the spectrogram amplitudes in the selected time-frequency region were flattened a
vector. Second, upsampling the time-frequency bins to 256 nodes. Then followed by a downsampling layer with 128 nodes.
The last layer has the same node number with the number patches with the SoftMax as the activation function.

Results

During the foliage scans, a total of 37,136 echo recordings were collected from each microphone ¢hannel along with 2,280
GPS unique locations. The area covered by this data collection was estimated to cover approximately 13,400 m?, based on the
morphological closing method. g

The GPS locations could be clustered into coherent spatial patches. The uniformity in«he size of these patches in terms of
the number of GPS locations they contained depended on the number of patches with configurations containing fewer patches
being more uniform with a smaller number of patches resulting in a greater uniformity.»Hence, the ratio between the maximum
and the minimum number of locations per patch tended to increase with the number of patches used to divide the experimental
area. For example, when classifying GPS data into 2 patches, this ratio was about 1.14:0.15 with 100 repetitions, and when
the number of patches was increased to 100, and the average ratio increased to 5.84£2.7 with 100 repetitions (Fig. 5). It was
possible to obtain clustering results with spatial patches that were uniform in size'as,well coherent by repeating each clustering
100 times and picking the minimum ratio between the largest and smallest cluster while at the same time ensuring that the
silhouette value did not go below a threshold value of 0.4 that was‘set empirically to achieve this goal(Fig. 3).

The training of the ResNet152 converged after about 50 epochs. Thie loss:décreased very sharply in the first 20 epochs and
then started to level out and slowly converge with additional epochs/The training was stopped at 100 epochs due to a lack of
clear improvements beyond this point for both training andwvalidating data. Over-fitting was not evident in the training results
since the accuracy difference between training and testing data remained less than 3% after 50 epochs (Fig. 9).

The classification performance for the deep neural network that was set up for processing multiple echoes depended on both
the number of patches and on the number of echoes.and in a systematic manner (Fig. 10): Providing the network with larger
numbers of echoes resulted in a monotonic increase in prediction accuracy over the range of echo set sizes tested. However, this
effect showed signs of saturation, especially for small numbers of patches (Fig. 10b). Similarly, the classification performance
showed a monotonic decrease as the number. of spatial patches to be classified increased (Fig. 10c). For the smallest number of
patches (two) and a single-echo input, the network achieved 94.6% accuracy. When more echoes were added to the input, the
performance quickly approached 100% accuracy (Fig. 10b). For the largest number of spatial patches tested (100), classification
accuracy increased from 44% for a single'echo to 83% accuracy for ten echoes.

The averaged saliency maps obtainedsrndicated that the regions near the beginning (i.e., within the first 3 milliseconds of the
echo) where the most important to the classifiers (Fig. 11). Beyond this commonality, the maps also showed patterns that were
at least somewhat specific to the respective patch (Fig. 11). These patch-specific differences were found to be in the location of
the most salient regions alongithe frequency axis as well as in the different spread of these regions in time as well as frequency.

The results from the classification experiments based on the parts of the spectrogram that had either particularly or
particularly low saliency valuesi(Fig. 12) confirmed that the saliency maps did capture some of the distribution of classification-
relevant information in the joint time-frequency domain. For example, using a three-layer MLP, five patches, and a single
echo input resulted in 91% classification accuracy when the power-spectral density in the intersection of the top 50% saliency
values were used. By eomparison, the Resnet152-based classifier that was trained on the entire spectrogram matrix as its input
performed only about 2% better than the three-layer MLP while taking much longer to train. For the intersection of the bottom
50% saliency values across the five patches, the accuracy of the MLP was just 62%.

Results

During the foliage scans, a total of 37,136 echo recordings were collected from each microphone channel along with 2,280
GPS unique locations. The area covered by this data collection was estimated to cover approximately 13,400 m?, based on the
morphological closing method.

The GPS, locations could be clustered into coherent spatial patches. The uniformity in the size of these patches in terms of
the number of GPS locations they contained depended on the number of patches with configurations containing fewer patches
being more uniform with a smaller number of patches resulting in a greater uniformity. Hence, the ratio between the maximum
and the minimum number of locations per patch tended to increase with the number of patches used to divide the experimental
area. For example, when classifying GPS data into 2 patches, this ratio was about 1.1£0.15 with 100 repetitions, and when
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the number of patches was increased to 100, and the average ratio increased to 5.84+2.7 with 100 repetitions (Fig. 5). It was
possible to obtain clustering results with spatial patches that were uniform in size as well coherent by repeating eachiclustering
100 times and picking the minimum ratio between the largest and smallest cluster while at the same time ensuring that the
silhouette value did not go below a threshold value of 0.4 that was set empirically to achieve this goal(Fig. 3).

The training of the ResNet152 converged after about 50 epochs. The loss decreased very sharply in the first 20 epochs and
then started to level out and slowly converge with additional epochs. The training was stopped at 100 epochs due'to a lack of
clear improvements beyond this point for both training and validating data. Over-fitting was not evidentiin the training results
since the accuracy difference between training and testing data remained less than 3% after 50 epochs (Fig. 9).

The classification performance for the deep neural network that was set up for processing multiple echoes depended on both
the number of patches and on the number of echoes and in a systematic manner (Fig. 10):Providing the network with larger
numbers of echoes resulted in a monotonic increase in prediction accuracy over the range of echo set sizes tested. However, this
effect showed signs of saturation, especially for small numbers of patches (Fig. 10b). Similarly, the classification performance
showed a monotonic decrease as the number of spatial patches to be classified increased (Fig.-FO¢):'For the smallest number of
patches (two) and a single-echo input, the network achieved 94.6% accuracy. When more‘echoes were added to the input, the
performance quickly approached 100% accuracy (Fig. 10b). For the largest numbet of spatial patches tested (100), classification
accuracy increased from 44% for a single echo to 83% accuracy for ten echoes.

The averaged saliency maps obtained indicated that the regions near the beginning (i.e., within the first 3 milliseconds of the
echo) where the most important to the classifiers (Fig. 11). Beyond this commonality, the maps also showed patterns that were
at least somewhat specific to the respective patch (Fig. 11). These patch-gpecific.differences were found to be in the location of
the most salient regions along the frequency axis as well as in the different spread of these regions in time as well as frequency.

The results from the classification experiments based on the parts of the spectrogram that had either particularly or
particularly low saliency values (Fig. 12) confirmed that the saliency maps,did eapture some of the distribution of classification-
relevant information in the joint time-frequency domain. For example, using’a three-layer MLP, five patches, and a single
echo input resulted in 91% classification accuracy when the power-spectral' density in the intersection of the top 50% saliency
values were used. By comparison, the Resnetl52-based ‘classifier that was trained on the entire spectrogram matrix as its input
performed only about 2% better than the three-layer MLP while taking much longer to train. For the intersection of the bottom
50% saliency values across the five patches, the accuracy of the MLP,was just 62%.

Discussion

Prior work has already established that ‘‘clutter echoes™ from natural vegetation contain information about the targets that
produce them. This is true despite the profoundly unpredictable and unrepeatable nature of the individual waveforms®’. Early
on, it was demonstrated that different tree speciesican be distinguished based on echoes of their foliages>’->2. Furthermore,
prior work by the authors has already demonstrated thatiten different locations in natural environments distributed over an area
with a diameter of about 50 kilometers coul\d be recognized reliably based on single clutter echoes®!. It is possible that the
differences in the echoes obtained across at least some of these sites were due to very dissimilar vegetation such as deciduous
versus pine forest. In these cases, it can be expected that foliage types with large differences in parameters such as leaf size
and density also give rise to yery, different echo waveforms. However, the same study has also demonstrated identification
of two different tracks that were walked for echo collection at each of the ten sites®'. The latter finding could be seen as an
indication that location identification based,on clutter echoes could be possible on a finer scale than would be defined based on
fundamentally different vegetationitypes. Still, the different tracks of the previous study could reflect somewhat large-scale
changes in the vegetation; e.g., due to differences in soil, exposure, or the level of maturity of a forest.

The ability to recognize locations on a large scale, e.g., by virtue of different vegetation types, is likely not enough to
support an efficient navigation which should be able to chart a path to the destination in a continuous fashion and hence requires
frequent, accurate, and precise updates on location. In this context, the results of the current study are significant because
they demonstrate.a much finer resolution that could very well support efficient navigation and hence explain how bats can
find their way through the forest. They could also offer an interesting solution to the problem of navigation in GPS-denied
environments'* 1> for man-made systems.

In thedatter context, it is interesting to note that the spatial resolution achieved by the location patches that could be
correctly identified here is not far from what has been reported for GPS operating under foliage cover: An evaluation of a
recreation-grade GPS device (Suunto Ambit 3 Peak device) operated under foliage cover'> has yielded RMS errors for location
of 10.06 m for coniferous forest and 15.81 m for deciduous forest>>34. If the total area covered in the current work is broken up
into 100 equal-area spatial patches, each patch would have a radius error of about 6 m. For this scenario, an accuracy higher
than 85%was achieved based on sets of ten echoes. While it is difficult to do an exact comparison of these numbers and some
of the scatter in the results presented here may actually go back to errors in the GPS reference, it appears that the biomimetic
sonar-based localization explored here could achieve a similar accuracy than GPS.

6/22



Page 7 of 22 AUTHOR SUBMITTED MANUSCRIPT - BB-103207.R1

oNOYTULT D WN =

Besides the spatial resolution for different locations, it is also worth considering the effort that is required for dealing with
the data from different sensory modalities. State-of-the-art lidar systems, for example, can generate data rates between 20 and
100 Mbiys (for systems with one to five sensors,??). Even higher data rates of 500 to 3,500 Mbits been reported forarraysof six
to 12 cameras®>. By comparison, each of the echo waveforms that were analyzed here just required 64 Kbit of data (at 10 ms
duration, 400 kHz sampling rate, and 16 bits resolution) to be represented without any compression. If the ten echoes that
were used in the largest classification data sets in the present work were to be collected within onessecond, thisswould result
in a data rate of 640 kbis. This would be just less than one thirtieth of the 20 Mbifs data rate generated by.a single lidar sensor.
Hence, bioinspired approaches like the one explored here could offer much more parsimonious ways to'sapport navigation
than data-intensive sensors such as lidar. Operating on such low data rates could enable small, agile platforms that consume
little power and are capable of fast reactions. In addition to the Low-SWaP (Low Size, Weight and Power), work on a different
navigation problem, passageway finding>>, has found that the computationally expensive deep-ledtning methods could be
replaced by a simple neuromorphic approach. This approach could be implemented in.analeg hardware and would hence be
extremely fast and power-efficient. For the current task, location identification, the feasibility«of such an approach has yet to
be established. However, the localized nature of the relevant information in the time-frequency plane that was evident in the
saliency maps could be conducive to encoding information that exists in a certain frequency channel and in a certain time
interval using a simple spike code.

If bats are able to exploit the location information contained in the clutteriechoes, it would provide an explanation for how
the animals are able to find their way in densely vegetated environments without the need of reconstructing any deterministic
features in their surroundings. Given the small size of brains in bats is about 0.82 £0.21 g® demonstrating this skill in bats
would also be a strong indication that parsimonious implementations of the location,estimates on clutter echoes are possible.

Future work on the ability to identify locations from clutter echoes should investigate the use of a better reference than
consumer-grade GPS to better reference to evaluate resolution andccuracy that can be achieved. Ideally, such a detailed study
of the resolution of the approach should be repeated across different habitats to ste if some of them are better suited than others.
An additional aspect that should investigated is the stability of location information over time. Since the informative echo
properties do not rely on any deterministic spatial pattern, it could be hypothesized that they are very robust against changes to
the positions of individual reflecting facets (e.g., leaves). However, seasonal changes to a foliage could disrupt identification.
This is very obvious when considering a deciduous forest in summerand in winter, but even much more gradual changes may
eventually degrade location identification. Finally;ifilocation identification based on biomimetic echo is found to be sufficiently
accurate and stable, it could be investigated how the specific nature of these echoes could be best integrated into state-of-the-art
map-building approaches such as SLAM?’.
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Figure 1. Biomimetic sonar robot and field site used for data collection. (a) Front view of the biomimetic sonar robot
consisting of two ultrasonic loudspeakers to produce the pulses and two microphones mounted into the ears for echo reception,
the screen in the back of the device provides the user interface. (b) Forest habitat at the field site. (¢) GPS locations associated
with the collected echo data set. (d) Satellite image of the entire data collection field site (size: 150 m by 180 m).
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Figure 2. Spectrogram of an example of the echoes that have been used for location identification. The emitted signals
48 consisted of a €F-FM pulse.pairs where the FM pulse swept from 55 kHz down to 45 kHz over a duration of 7 ms (solid black
box) and was/followed by a CF pulse centered at 60 kHz and a duration of 5 ms (solid white box). The echoes to both pulses are
shown in the 'dashed boxes (black dashes: FM echoes, white dashes: CF echoes).
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Figure 3. Silhouette value distribution for nine clusters. For each of the clusters, the silhouette values are shown for all the
points within the respective cluster.
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Figure 5. Ratio of the maximum to.maximum number of locations per cluster for different number of patches
(N=100 repetitions).
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Figure 6. Clustering the GPS locations into spatial patches while avoiding heavily skewed allocations across clusters.
(a) Map of the allocation of the GPS locations to different clusters (nine in this example, each marked by a different gray level).

(b) Number of the GPS locations included in each cluster (spatial patch) with a maximum-to-minimum ratio for the number of
locations per cluster of 1.38 in this example.
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Figure 7. Deep convolutional neural network architecture for classification of spatial patches based on biomimetic
echoes. (a) Overall architecture of the ResNet152 with four convolution blocks and 46 identity blocks), (b) architecture of an
individual convolution block with three convolution stages and one layer convolution used to adjust the number of filters. (c¢)
identity block architecture with three convolution layers and the original input propagated in parallel.
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Figure 8. Network architecture for the i&ntiﬁcation of spatial patches based on sets of multiple echoes. The
spectrogram representations of all echoes/n the set are fed into a ResNet152 to extract time-frequency features from the entire
echo set. The feature vectors derived from the output of the final SoftMax layer of the ResNet152 were concatenated into a
single vector containing the feature maps for all individually echoes. The concatenated feature vector is passed into a
multi-layer perceptron (MLP).to perform the supervised identification of the corresponding spatial patches.
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Figure 9. Training (solid line) and validation (dashed line) performance of the deep neural network for location
identification, one echo used to.classify two patches. (a) Prediction accuracy curve along the number of epochs. (b)
Cross-entropy loss curve alongithe number of epochs.
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Figure 41. Classification features in the time-frequency domain. Average of 2,000 saliency maps for nine different spatial
patches. The data'set sizes for this figure ranged from 2,500 to 4,600 saliency maps. For data sets greater than 2,000, the
averaged saliency maps were randomly picked to yield an equal sample size. Each saliency map has the same size as the input
spectrogram.
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52 i.e., a time-frequency bin belongs to the top 50% values if the saliency values in all individual maps belong to that value range.
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