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Location Finding in Natural Environments with Biomimetic Sonar
and Deep Learning

Liujun Zhang

(ABSTRACT)

Bats are famous for their capability of navigating in dense forests for hundreds of kilometers

within one night by using their sonar system. Airborne sonar hasn’t been heavily used

in the industrial world compared to other sensors such as lidar, radar, and cameras. In

this study, we applied a biosonar robot to navigate in a dense forest with bat-like FM-CF

ultrasonic signals with deep learning. The results presented show that airborne biosonar

can classify different areas’ plants, in addition to achieving a similar level of navigation

granularity compared to GPS, which is about 6 meters of radius resolution. The time-

frequency representations of echoes from the forest are used as input data to explore the

biosonar navigation ability, and the state-of-the-art CNN deep network (Resnet 152) is used

as the processor to do the echolocation in the dense forest. The navigation ability can be

improved significantly by combining multiple 10 ms long echoes, however, the data size of

the reflected waves is much smaller than the other popularly used sensors, as echo can be

collected at a rate of 40 echoes per second. The results can prove that airborne sonar can

be used to navigate in GPS-denied environments, and can be an important sensor used in a

scenario when other sensors meet constraints, like in the sensor fusion applications.



Location Finding in Natural Environments with Biomimetic Sonar
and Deep Learning

Liujun Zhang

(GENERAL AUDIENCE ABSTRACT)

The ability to identify natural landmarks could contribute to the navigation skills of echolo-

cating bats and also advance the quest for autonomy in natural environments with man-

made systems. The critical sensors used in autonomous robot navigation are camera array,

radar, and lidar, airborne sonar hasn’t been verified for its navigation efficiency. However,

recognizing natural landmarks based on biosonar echoes has to deal with the unpredictable

nature of echoes that are typically superpositions of contributions from many different reflec-

tors with unknown properties. This dissertation intends to explore the bioinspired airborne

sonar navigation ability in dense natural forests. The first part of this project is to use

reflected echoes to navigate on a large scale. Data were collected from different mountains

which are dozens of kilometers away from each other, and we achieved the use of one single

navigator in those locations. The second part is to explore the navigation granularity of

airborne sonar sensors. Data were collected from a small dense forest area, we try to classify

which part of the foliage was based on the echo, and in the end, we achieved GPS accuracy

for navigation. The finding in this work proves that the sonar sensor can play an important

role in the sensing system, with the help of a deep neural network, with a 10 ms long echo,

it can have a similar navigation ability to GPS.
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Chapter 1

Introduction

1.1 Airborne sonar navigation

Autonomous vehicles and drones have been widely used in agriculture and industrial appli-

cations, such as drones in rescue and search missions [134], wildfire detection and monitoring

[105], and planting seeds and shooting plant nutrients in agriculture [111]. Recognizing land-

marks in natural environments is important for outdoor robot navigation [60, 139]. One

of the widely used applications can be the autonomous vehicle for 3D localization mapping

and landmark classification in complex environments [29, 65, 121]. A sensor that can rec-

ognize targets has many potential applications, and this ability is applied well to agriculture

applications. A use case scenario of landmark classification for agriculture is the detection

of weeds in crop rows, selective spraying of herbicides, cutting off branches, and harvesting

fruits [8, 45]. In addition, living assistance robots can be used for indoor environment navi-

gation, and assisting older adults living [104]. Besides the camera, radar, laser scanner, and

IR sensors, airborne biosonar plays a useful role in landmark classifications, and bats are a

good model for us to learn how to utilize airborne sonar.

Conventional approaches to navigation in natural environments include GPS, lidar, radar,

RF, and camera arrays. However, all the sensors have their own limitations. For example,

GPS has limitations: reduced accuracy under foliage, GPS-denied environments the accuracy

is not reliable [53, 103]. Visual sensors [61, 100] rely on objects that can be recognized using

1



2 CHAPTER 1. INTRODUCTION

salient cues, and plants have complex shapes that can not be described in terms of simple

geometrical primitives [20]. For laser sensors [50], processing the millions of 3D coordinates

data produced by these sensors in real-time leads to high computational loads and power

consumption.

Air-based sonar sensors also can be used for target detection, however, air-based sonar

sensors are only applied to detect the distance [102] to the target due to their low angular

resolutions compared to other sensors. Recent applications focus on wider uses such as

landmark-based localization, mapping, and making position prediction more precise [132].

However, airborne sonar has its advantages compared to others: it does not need direct

physical contact and the capability is not easily influenced by the material or obstacles’

optical properties. Consequently, airborne sonar is well-suited for robot operation in terms

of the working environment, such as navigation in unknown structure caves or low-visibility

scenarios. Sonar is a very useful and cost-effective mode of sensing for mobile robots. These

abilities exceed what was achievable with cutting-edge autonomous navigation applications,

where autonomous robots are still challenged by obstacle avoidance and target segmentation

[29, 72, 140], hence making learning from bat biosonar [89, 91] an attractive solution to

meet the challenges posed by autonomous navigation in natural environments [88]. Sonar

sensors were universally applied in autonomous vehicles, such as robots and driverless cars.

Navigation in natural environments presents a multitude of applications opportunities in

forest search and rescue [17, 59, 73], agriculture [8, 45], and surveillance [120].

 In the past, different methods have been proposed for recognizing objects based on the

airborne sonar approach. A few studies directly addressed simple objects [86] classifications

using echolocation, for example, three types of targets (plane, edge, and corner) [6]. This is

usually based on simple cues that can be easily recognized in the time-frequency representa-

tion of the echoes, such as a certain notch arrangement in the frequency domain. Template
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matching has been shown to be a possible solution for target classification and place recog-

nition [132] tasks, which are using the reflected echoes compared to the stored echoes that

represent known objects or known places. Most of the previous work using airborne sonar

to recognize targets is mainly on a single artificial target, or simple shapes [6, 81, 132].

Airborne sonar for classification work is not only useful for simple targets but is also useful

for complex objects. Further research has attempted more complex targets such as artificial

trees, different targets have different reflected spectrograms [123].

However, the reflection echoes have a high degree of complexity from the natural target [81].

Those techniques are limited to the complex natural environment, and the classification

ability will face severe difficulties when the target is changing, or when the reflected echo is

out of the range of stored labeled echoes. Some methods have been applied on classifying

the real/natural targets on the computational side. For example, a few studies try to classify

complex echoes, using a few selected parameters corresponding to the classes, such as the

target from the natural environment [86, 87]. However, the previously determined param-

eters (energy of the echo or impulse response) have strong assumptions related to physical

plausibility, and some of the key features might be overlooked. Plants have complex shapes

that cannot simply be described by the geometrical primitives [93].

At the same time, using airborne sonar needs to avoid more inherent limitations. The

first limitation of a biosonar is its low dimension. Compared to the camera-based sensors,

biosonar does not have a lot of flexibility to change its resolutions like cameras can adjust

lenses for specific environments. Biosonar echoes use a 1D array from the ear to represent

the 3D targets reflections, so a short echo cannot provide enough information to describe

complex natural foliage. In addition, the signal might distort during transmission between

the sonar head and targets. Due to the duration of pulse emission, the reflected echo can

not solely represent the reflection target linearly between distance and time, the echo at the
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same time always overlaps from different parts of the 3D target. To solve those problems,

we need to improve the capability of the bio-inspired robot and use more advanced methods

to quantitatively distinguish the echoes, such as the machine learning approach.

1.2 Sonar sensing inspired by bats

The limitations of the traditional sensing and airborne sonar sensing approaches lead to

an interest in bioinspired techniques, and bats are an ideal example to learn from of their

astonishing flying abilities. Bats are highly adept at using their sonar system, traveling long

distances in dense forest habitats. For example, bats can travel 100 kilometers in a single

night and return to their roosts in the morning [77]. Bat’s sonar navigation capabilities

show that bats could build a detailed map of their environments [29, 65]. In addition,

echolocating bats are capable of navigation in a wide variety of natural environments, such

as dense forest vegetation, using biosonar [114]. Bats have been shown to successfully identify

foraging habitats such as meadows, bushes, trees, etc. which are indicators of specific foods

sources [58, 126].

Bats emit ultrasound pulses through their nostrils or mouth, using the returning echoes

from foliage to navigate [43, 114]. Bats can emit around 14 ultrasonic chirps every second

to navigate and hunt [62], based on the reflected echoes bats can distinguish their prey and

objects. Furthermore, bats can infer the geometrical shape and texture of the object from

returning echoes [31, 35, 44, 115, 117], which allows them to use those acoustical landmarks

for navigation.

 The ability of the bats to navigate in natural environments based on biosonar is of par-

ticular interest because of the special nature of sonar echoes from natural environments

random [86, 141], i.e., unpredictable waveforms. The foliage has complex shapes that can
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not be described in terms of simple geometrical primitives [93]. From an acoustical point of

view, foliage can be approximated as a stochastic array of reflectors formed by plants [76].

Their ability to fly in the completely dark cave and lush foliage, and the ability to recognize

landmarks in nature are important for outdoor robot navigation. The interpretation of that

capability has a critical influence to understand the bat’s sonar system, this insight could

have important implications for the understanding of bat biology, also a better-bioinspired

bat robot.   Inspired by the bats’ biosonar system, some researchers have utilized active

sensing techniques in biomimetic robots and tried to classify different landmarks and tex-

tures using high-frequency echo signals. Biosonar-based feature detection and landmark

classification was a very popular topic in the engineering area; there are plenty of applica-

tions for autonomous vehicles, delivery drones, medical devices as well as agriculture robots.

Visual-based sensors have been widely used for relative applications. Here we show that air-

borne sonar can play an important role in object classifications. The prior art has achieved

landmark findings based on a bat-like sonar system, using reflected echo with the neural

network to do the binary classification: open space or obstacles [29], or distinguish different

target geometries (disc, cylinder, and hollow hemisphere). [65]. However, no researcher has

used the airborne sonar sensors to do target classification in a complex environment, such as

natural forest landmarks, or try to navigate in GPS denied environment, one of the reasons

would be a short one dimension wave is hard to interpret the 3 D space foliage detail infor-

mation. In order to achieve this, we either need to have more information from the forest,

like adding more visual information then use sensor fusion to recognize landmarks, which

will add more latency for signal processing, and cost more money and computing power. Or

use an advanced algorithm to understand the spatial information from a short pulse, such

as the deep neural network.  
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1.3 Deep learning algorithm applied on nature envi-

ronment navigation

Deep neural networks (DNN) are employed as classifiers for airborne sonar-based target

classification. DNN have weaker assumptions for the distribution of input data, compared

to traditional statistical methods, but performance is more robust for classification. The

motivation behind the use of the DNN sonar classifier is to emulate the remarkable pattern

recognition capability of humans and animals/bats [116]. Neural networks have been em-

ployed efficiently for pattern classifications in numerous applications [71]. For example, the

convolutional neural network (CNN) started to play a role in classifying targets based on

echoes, such as sphere objects with different diameters by using the reflected spectrogram

[26] and binary obstacle classification (“plant/no plant”) for robot navigation using a generic

feature from audio processing [29]. The feature of the reflected echoes here is the prepro-

cessed data and uses DNN for learning and recognizing different features [40, 46, 145, 146].

In this research, we have explored the capabilities of airborne sonar used for landmark

classifications. Furthermore, after achieving the large-scale navigation, then we take the

sonar head into the dense forest in our Virginia Tech stadium wood to verify the sonar

robot navigation granularity. For the first step of work, we take the biomimetic sonar robot

[123] into the real forest distributed in a large area to navigate, by imitating real bats flying

through the real forest. A biosonar robot navigation system equipped with sonar sensors is

presented for natural foliage, and big data has been collected from different locations, which

supposedly cover a variety of natural landmarks. We apply the machine learning approach

to classify different natural landmarks, using the reflected echoes spectrogram as the input.

The expectation for this work would be that our biosonar robot would be able to distinguish

different data collection locations/targets based on a single echo with the help of a neural
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network and big data.

After we combined the sonar device and the deep neural network, prior work has shown that

large-scale identification of different locations in natural environments based on single (15 ms)

echoes is possible using deep learning to determine ten different locations that were spaced

within a 50-kilometer diameter, but also neighboring walking trails at the same location, this

could indicate that not only different habitats can be distinguished, but finer discrimination

is possible building on these findings. Then the second part of the work sought to determine

the granularity of natural habitats to sonar-based location findings i.e., how finely different

locations can be distinguished based on biosonar echoes in natural habitats. In order to do

this, we take our sonar head to scan the entire stadium wood forest area on the Virginia

Tech campus. The stadium wood is a dense forest with a size of 150 m wide by 180 m in

length, we take our sonar robot to scan the entire area. The entire area is separated into 70

rows in the horizontal direction. We start from one corner of the first row, used ultrasound

to scan the edge, then move about 2 m into the forest to the second row, scan it again and

keep doing it until finish scan the entire 70 rows.



Chapter 2

Rationale of the approach

2.1 Natural forest data collection

A huge amount of data was collected from the natural forest by using the biosonar robot.

The data included the large-scale forest area distributed around the Virginia Tech campus

with a 50 km diameter, and additionally from a small forest area which is about 150 m in

width and 180 m in length located on the campus.

For the large area data collection, 10 sites (Pandapas Pond, Mountain Lake, Cascades,

etc. about dozens of kilometers away from each other (Table. 3.2)) were selected which

have different plants, including pine trees, apple trees, bamboo, etc. At each site, students

collected data from two tracks. The tracks were about a few hundred meters apart and

approximately 500 m long. Collecting data from the two tracks not only enabled us to have

more data used for DL location classification, but also allowed us to classify the tracks within

the same site.

During data collection at each track, students hold the sonar head (Fig. 3.1, describe more

in Chapter 3) by hand and let the sonar head face the trees. Students hold the sonar head

from top (around the same height as the head) toward to the trees, then move downward to

the bottom (around the height of the thigh), and then walked slowly along the trail around

the speed of 360m h−1. Because trees are randomly located along the trail, and the sonar

8
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head always faces the trees, the reflected echoes’ direction is also randomly oriented. Here,

the random case is only in a horizontal direction. No data is in a case of the sonar head

[90] emitting the ultrasound face to the sky or soil. The student tried to keep the foliage

at a distance from the sonar head in a range of 1 m to 1.5 m. The reason is that to keep a

small distance, which would give us a good SNR. The sonar head also can not be too close,

otherwise the original emission would have a big overlap with the echo, and it would be hard

for us to separate those two signals.

However, because of the randomness of the trees, some data was from a distance outside of

this range. For example, some areas of the foliage are very dense, so it’s hard to maintain

a distance of exactly 1 m, but the majority of the data is in that range. At each track, at

least 2000 echoes were collected.

In natural environments such as forests, the trees are randomly distributed by different

species, sizes, textures, and densities. The reflected echoes collected from such environments

also proved to not be correlated with previous research [14]. Here, the echoes have been

verified to contain invariant information during the one-track data collection (Fig. 3.4). A

continuous path that included 50 echoes were picked out, and the correlation coefficient

between different echoes was estimated at a mean of 0.13 with a standard deviation of 0.04.

This means for the random forest location classification, the foliage target responds without

discernible deterministic patterns.

2.2 Time - frequency representation of the echoes

In the present work, time-frequency representations, i.e., spectrograms (Fig. 2.4), were used

for representing the echoes. This has been common practice in the classification of audio

signals [39, 131] and is based on the hypothesis that the relevant features are particularly
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accessible in the time-frequency plane, as is the case in speech, where part of the information

(e.g., different vowels) exists in the frequency domain and syllables can be recognized from

changes over time.
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Figure 2.1: Audio signal representation: a) Shows the traditional sound wave rep-
resentation, the sound pressure amplitude changes over time (Fig. 4.2a). b) Shows the
time-frequency representation, the X dimension represents time, the Y dimension repre-
sents frequency, and the color represents the energy contained at each time-frequency bin
(Fig. 4.2b).

The computation of a spectrogram has several parameters that can be used to control the

properties of the representation: sampling rate, which is fixed for the hardware; FFT/window

length, which decides how many samples are used to calculate the frequency information;

and the overlap used to decide how many samples are reused to calculate the FFT in the
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next time window.

Not all spectrograms are represented in the same way. An algorithm known as the “Fast

Fourier Transform,” (FFT) is used to compute the three dimension display (Fig. 2.2). Many

parameters that feature a spectrogram display allow to adjust the size of the FFT, changing

the FFT window size or overlap between the windows will change the way the algorithm

computes the spectrogram. This causes a different time-frequency resolution. Depending

on the type of audio that one is working with and visualizing, changing the FFT size may

help to understand the audio signal. The FFT process (Fig. 2.2) uses an input vector of

amplitude along time. The algorithm selects a piece of the signal in a window with a certain

length, then calculates the spectrum by using the FFT, which gives the frequency information

inside of this time window. Then, the window is moved to the next time period, and the

FFT repeated until the end of the sample to have all the spectra. In the end, all of the

spectra plotted against time will give us the spectrogram.

As a rule, the time bin width of the spectrogram is equal to the sampling rate divided by

the FFT window size, so higher FFT window sizes give more detail in frequency direction,

referred to as frequency resolution, while lower FFT window sizes give more detail in time,

referred to as time resolution. The time and frequency resolutions are inverses of each other

(Fig. 2.3). Here we use a Gaussian example to demonstrate the relation between the time and

frequency resolutions. When a waveform is in temporal domain, its amplitude has a standard

deviation of 0.1 s. When the signal is in frequency domain, its amplitude has a standard

deviation of 10 Hz, which means the time resolution is the inverse of the frequency resolution.

Another example of the time-frequency representation is 0.5 s STD in time domain, while

the STD is 2 Hz in frequency domain. The resolution can be changed by interpolating one

of the parameters while the other is fixed; however, the default setting of the time-frequency

resolution is inverse as required by the Matlab spectrogram function.
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This relationship between temporal and frequency resolution has been verified by applying

the FFT to the same FM signal. The chirp signal sweeps from 40 kHz up to 60 kHz with

a duration of 20 ms. The sampling rate is fixed at 400,000. For simplification, we set the

overlap to zero, then modified the FFT window size from 600 to 400 and 200 samples, which

corresponds to the time bin width which is 1.5 ms, 1 ms, and 0.5 ms. As the results show here,

as the FFT window length decreases, the time resolution is worsening, while the frequency

resolution is improving.

If trying to identify a piece of muddy low-frequency information, a higher FFT window size

in the spectrogram settings will help. If trying to identify a high-frequency event, choose a

lower FFT window size.
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Figure 2.2: Formation of a spectrogram representation from short-time Fourier
transform (STFT). a) Original audio waveform in time domain. b) A time segment FFT
window used to calculate the contain frequencies within this time window. c) Pulse segment
after window multiplication. d) Spectrum of the selected time window waveform.
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Figure 2.4: Spectrograms with different time-frequency resolution. The same sound
wave spectrogram representation with different FFT window length. a) The FFT window
length is 600, each time bin width is 1.5 ms. b) The FFT window length is 400, each time
bin width is 1 ms. c) The FFT window length is 200, each time bin width is 0.5 ms.



Chapter 3

Large-scale recognition of natural

landmarks

3.1 Title

Large-Scale Recognition of Natural Landmarks with Deep Learning Based on Biomimetic

Sonar Echoes

3.2 Abstract

The ability to identify natural landmarks on a regional scale could contribute to the naviga-

tion skills of echolocating bats and also advance the quest for autonomy in natural environ-

ments with man-made systems. However, recognizing natural landmarks based on biosonar

echoes has to deal with the unpredictable nature of echoes that are typically superpositions

of contributions from many different reflectors with unknown properties. The results pre-

sented here show that a deep neural network (ResNet50) was able to classify 10 different field

sites and 20 different tracks (2 at each site) distributed over an area about 40 kilometers in

diameter. Based on spectrogram representations of single echoes, classification accuracies up

to 99.6% for different sites and 94.7% for different tracks have been achieved. Classification
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performance was found to depend on the used pulse component (constant-frequency - CF

vs. frequency-modulated - FM) and the trade-off between time and frequency resolution in

the spectrogram representations of the echoes. For the former, classification performance in-

creased monotonically with better time resolution. For the latter, classification performance

peaked at an intermediate trade-off point between time and frequency resolution indicating

that both dimensions contained relevant information. Future work will be needed to further

characterize the quality of the spatial information contained in the echoes, e.g., in terms of

spatial resolution and potential ambiguities.

3.3 Introduction

The ability to recognize and map landmarks in natural environments [13, 24] is considered

an important prerequisite for outdoor navigation whenever relying on GPS is not an op-

tion [9, 60, 75, 112, 139]. In addition to navigation, sensory systems capable of recognizing

natural vegetation targets could support applications in the areas of environmental surveil-

lance and precision agriculture [8, 45]. Most prior attempts to provide the necessary sensory

information for navigation in natural environments have relied on sensory modalities that

are commonly used in autonomous systems such as (stereo)vision [63, 119], radar [4, 15, 98],

laser scanning [12, 16], infrared sensing [23, 33], and thermal imaging [113]. In contrast

to these more commonly considered sensory modalities, sonar has only been investigated

in a few studies that were aimed at landmark classification [29, 65]. Prior work has often

focused recognizing simple geometrical shapes [65] or building maps from individually cat-

egorized natural objects [29]. It is not clear whether such approaches can work with the

full complexity of natural environments and at the scales on which bats are known to nav-

igate. However, the exceptional potential of sonar is continuously being demonstrated by
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the ability of echolocating bats to navigate in complex natural environments [84, 94] based

on biosonar as their primary far sense [42, 127].

Laboratory experiments have already shown a range of target classification abilities in bats:

At the most basic level, discrimination between different reflector spacings [115] and sim-

ple deterministic geometries [35] has been demonstrated. Biomimetic sonar systems have

been able to achieve classification abilities for targets with deterministic geometries that

resemble those seen in bats [11, 26, 65, 118]. At the next higher level of complexity are

classification tasks that involve more intricate patterns and greater levels of variability such

as discrimination between different wing-beat patterns associated with different species of

insect prey [133] and natural objects [117] that still have deterministic shapes but exhibit

greater complexity and variability than the geometric primitives commonly used in classifi-

cation experiments. A different class of target identification problems known to be solved

by bats involves target responses without discernible deterministic patterns such as echoes

from random textures [31] and signals that are realizations of random processes with simple

parametric structures and differences [44]. However, none of the target classification exper-

iments carried out with bats so far has come anywhere close to the level of complexity and

variability that can be expected to be found in echoes from natural environments such as

forests [86]. Recognizing a location based on echoes from natural targets has been previously

attempted using templates estimated from recordings obtained for different sonar positions

and orientations [132]. This approach was aimed at accomplishing short-range landmark

recognition, i.e., over distances less than one meter. By comparison, certain bat species

have been shown to navigate over round-trip distances of about 100 km in a single night [77]

and hence must be able to recognize sites or habitat types over much larger distances. Fur-

thermore, a neural substrate for spatial memory over a distance of 200 meters has been

demonstrated in bats [30].
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Navigation over large distances based on echoes from natural landmarks could pose a partic-

ularly tough challenge, because such echoes are typically superpositions of many scattering

facets such as leaves in foliage. In such situations, even small changes in position and orien-

tation of the sonar relative to facets in the targets result in alterations to these components

and their relative weights in the echoes. This makes the waveforms of individual echoes

exceedingly hard to predict. As a result of the unpredictable and irreproducible nature, a

traditional correlation analysis of natural foliage echoes did not pick up any common pat-

terns in echo waveforms recorded from forests beyond the pulse that elicited them [14].

These findings do not bode well for traditional pattern recognition methods that depend

on deterministic templates and linear dependencies that can be picked up by correlation

measures. For a bat or an autonomous drone, finding the exact location where a particular

echo signature may be reproduced after many kilometers of flight is likely either impossible

or at least highly impractical.

Deep neural networks (DNN, [71]) have been used extensively to emulate acoustic pattern

recognition capabilities in humans, especially with respect to speech [25]. Similarly, DNNs

such as convolutional neural networks (CNN, [66, 67]) have been used previously to classify

sonar targets, such as sphere objects with different diameter [26] or perform binary obstacle

classifications (“plant/no plant” [29]) based on echo spectrograms. However, to the best of

our knowledge, DNNs have not been used to investigate the problem of landmark recognition

over long distances based on biosonar or biomimetic sonar echoes. Nevertheless, the proven

ability of DNNs to pick up patterns in data that have eluded traditional approaches to

pattern recognition [82, 97] makes it worthwhile to investigate whether the power of these

methods can also shed light on the problem of large-scale landmark-based navigation based

on biosonar.

In the current work, large-scale identification of landmarks has been attempted based on a
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set of echoes that had been collected with a biomimetic sonar system across vegetated field

sites distributed over an area with a radius of about 20 km. If successful, this experiment

would demonstrate that bats – and man-made systems mimicking them – could have access

to location information based on a single echo from the respective site. This could not only

lead to new hypotheses for the sensory biology of bats, but could also provide new navigation

paradigms for autonomous systems that have to navigate in natural environments without

GPS.

3.4 Methods

3.4.1 Biomimetic robot

Echo data was collected with a biomimetic sonar head (Fig. 3.1b,c) that was modeled after

greater horseshoe bats (Rhinolophus ferrumequinum). In this system, ultrasonic pulses were

generated by two electrostatic ultrasonic loudspeakers (600 Series, SensComp Inc., Livonia,

MI, USA, Fig. 3.1a) with a peak response frequency around 50 kHz and a −6 dB passband

that covered a frequency range from approximately 40 to 80 kHz. The generated pulses were

conveyed via waveguides (conical horns, length 7.6 cm) that facilitated the transition from

the loudspeaker (diameter 3.8 cm) to the outlets (diameter 3 mm) which represented the

nostrils of the bat. The waveguide outlets were surrounded by a concave silicone baffle

(height 2.1 cm, width 1.3 cm) which mimicked the noseleaf of horseshoe bats and included

all major anatomical features (anterior leaf, sella, and lancet, [22]) found in these animals.

The returning echoes were received through silicone baffles designed to mimic the pinnae

of horseshoe bats. These baffles were coupled to capacitive MEMS microphones (Monomic,

Dodotronic, Rome, Italy, approximately flat frequency response from 2 to 125 kHz, one per
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Figure 3.1: Experimental setup: (a) Sonar data collection paradigm for foliage echoes,
(b) Biomimetic sonar head used for the data collection, (c) Block diagram with the main
functional components the sonar head.

pinna) via short (length 2 mm) cylindrical pipes that served as “artificial ear canals”. The

sizes of the noseleaf (height 2.1 cm) and the pinnae (height 5.8 cm) were scaled up by a factor

of approximately two relative to the respective structures in greater horseshoe bats.

Pulse generation and echo digitization were handled by an onboard microcontroller (Arduino

Due, Arduino, Boston, MA, USA, clock frequency 84 MHz). The microcontroller digital-to-
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analog conversion of the pulses was conducted with a sampling rate of 1.6 MHz and 12 bit

resolution that were fixed by the hardware. For echo digitization, the sampling rate of each

microphone channel was 400 kHz with a resolution of 16 bit. Since the input bandwidth was

limited to 80 kHz by the emission (no other ultrasonic sound sources were present during

the experiments), no anti-aliasing was necessary. A GPS module (Adafruit Ultimate GPS,

Breakout 3, New York, NY, USA) recorded the positions during echo collection with an

absolute error of less than 1.8 m [2]. In addition, videos were recorded along each track

(HERO 3, GoPro San Mateo, CA, USA) for documentation purposes. An onboard computer

(Raspberry Pi 3 Model B+, RS Components, Cambridge, UK) provided top-level control

of the experiments as well as a user interface for the experimenter. The entire system was

powered by a DC battery (Lithium Polymer RC Battery, 22.2 V, 4.5 Ah, Floureon, Nantou,

Taiwan).

The emitted ultrasonic pulses were designed to mimic the constant frequency – frequency

modulated (CF-FM) biosonar pulses that are typical of hipposiderid and rhinolophid bats [56].

The pulses consisted of a CF component that was located at 45 kHz in frequency which placed

it near the resonance frequency of the transducers as well as at a bit more than half that

of greater horseshoe bats (sim 82 kHz, [133]). Together with the scaling of the noseleaf and

pinna, this resulted in ratio of noseleaf/pinna size to wavelength that was similar to that of

horseshoe bats [22].

The CF component of the pulses had a duration of 8 ms (Fig. 4.1C, black solid box) and

was followed by an FM component that swept down from the CF frequency to 30 kHz over

a duration of 7 ms (Fig. 4.1C, white solid box). Each ultrasonic recordings was started with

the beginning of the emission and lasted for a total duration of 25 ms. This means each

recording contained the entire duration of the pulse (15 ms) with any overlapping echoes as

well as a 10 ms-segment consisting only of echo recordings.
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To establish whether CF or FM signals differed in their ability to support echo classification,

these component were separated in frequency range and in time. For example, the CF signal

frequency were designed at 45 kHz, and the emission time was from 0 to 8 ms; the FM signal

frequency were swiped between 30 to 40 kHz, and the emission time was from 8 to 15 ms

(Fig. 4.1C).

3.4.2 Field sites and data collection

The echo data was collected from vegetated areas around the campus. Ten different field

sites (Fig. 4.1B) were selected to represent different regional habitat types (Fig. 4.1A). The

largest distance between any two of these 10 sites was 40 km while the smallest distance was

2 km. Each site was labeled with a letter code (’a’ to ’j’). At each site, data was collected

along two separate tracks that were labeled as ’1’ and ’2’ for each field site. The tracks

belonging to one site were selected to be qualitatively similar in terms of their vegetation

cover and to allow for data collection along a path of at least 200 m in length. All tracks

were located in flat terrain. During data collection, the sonar head was hand-carried along

the track (Fig. 3.1b) with an approximately constant walking speed of around 0.2 m/s. The

sonar head collected echoes with a rate of approximately three per second. During the entire

field data acquisition, the sonar head was moved slowly up-down and left-right to scan the

foliage while being moved along the walking tracks. The distance between the sonar head

and the foliage was kept in a range from approximately 1 to 1.5 m (Fig. 3.1a) to minimize the

overlap between the emitted signal and the returning echoes while maintaining a favorable

signal-to-noise ratio for the echoes. All data collection sites have a similar distribution of

the trees in terms of density and roughness, which reduced the variance of the data cased

by the different targets, and also allowed a safe data collection process.
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3.4.3 Data sets

In total, 41,000 echoes were collected across all 10 field sites. For each track, about 2,100

echoes (minimum 1,710 echoes) were collected, i.e., the minimum number of echoes collected

per field site (two tracks each) was 3,500. Echo signals with evidence of amplitude clipping

defined as saturated envelope amplitudes for at least 20 consecutive samples were eliminated

from the data set. Based on this criterion, less than 5% of the original echo recordings were

removed from the data set.

3.4.4 Signal processing

To reduce out-of-band noise, the recorded echo signals (Fig. 4.1C) were pre-processed with a

bandpass filter that covered the entire band of the employed pulses (-3 dB corner frequencies

at 25 and 50 kHz, finite impulse response (FIR) filter design based on a 256-point Hamming

window. For all further processing, only the time segment of the recorded signals that

contained solely echoes, i.e., a 10 ms time window starting from 15 to the end of the recording

at 25 ms was retained.

An average signal-to-noise ratio (SNR) was estimated based on 1,000 randomly selected echo

recordings for the band covered by the FM pulses. For each selected echo, the root-mean-

square (RMS) value of the noise was estimated from the first millisecond of the recording,

i.e., before the start of any echoes. Separate RMS values of the signal were obtained from

the first and last millisecond of the FM echo respectively, i.e., right after the end of the pulse

and at the end of the recording.

To carry out echo classification based on energy, the root-mean-square (RMS) value of each

echo spectrogram was calculated, and each track was represented by the overall mean and

standard deviation of the RMS values across all echoes . The deep-learning classifiers were
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presented with spectrograms that were either normalized by their respective RMS value or

were left in their original, i.e., unnormalized, condition.

The echo segments used in this analysis were defined differently for the CF and FM com-

ponents to account for their different locations in time and frequency. The CF echoes were

taken from the time window from 8 to 18 ms since the start of the pulse and the frequency

band from 42 to 47 kHz whereas the FM echoes were taken from the time window 15 to 25 ms

and the frequency band from 27 to 42 kHz (Fig. 4.1C). Hence, the echo segments for both

components each covered a duration of 10 ms and maximum frequency range respectively.

Correlation coefficients between the recorded echo waveforms were calculated to make sure

the echoes contained invariant information during the site’s data collection. A confusion

matrix used to show the correlation between each pair of echoes along the foliage trial

recordings, 50 continued recording echo examples correlation coefficient (mean and standard

deviation) were calculated along one of the trail, about 10 m. As a reference for the exper-

imental correlation data, simulated echoes were used to calculate the correlation coefficient

for random independently distributed impulse responses that were convolved with the same

pulse template that was used to generate the foliage echoes in the field experiments [14].

The waveforms of the simulated echoes had the same assumed sampling rate (400 kHz) and

duration (10 ms) as the physical echo data. The impulse responses were generated from a

superposition of delta pulses that were taken to represent individual reflection in the echoes,

e.g., from an individual leaf. In time, these delta pulses were distributed by virtue of a

200-point Poisson process. The amplitude of each delta impulse was weighted with a scalar

value that was drawn from a zero-mean Gaussian distribution. Spectrograms with different

trade-offs between time and frequency resolutions were used to evaluate the contribution of

time and frequency domain signal features to the classification performance. For this inves-

tigation, the CF and FM echoes were represented by six different time resolutions, ranging
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from 1/5 ms to 10 ms where the upper limit equals the length of the analyzed echo segments.

Since the time resolution of a spectrogram is the inverse of its frequency resolution [108],

the corresponding frequency resolutions ranged from 100 Hz to 5 kHz where the upper limit

equals the analyzed frequency range. The spectrograms were represented by images that

ranged from 15 to 25 ms pixels along the time dimension and from 25 to 50 kHz pixels along

the frequency dimension. All spectrograms were computed using a Hamming window with

50% overlap. For each pixel of the spectrogram, the power spectral density in the respective

time-frequency bin was represented by an eight-byte floating point number.

Combining the two different signal components (i.e., CF and FM) and the normalized and

original conditions of the echo amplitudes, resulted in four different input types with different

trade-offs in the time-frequency resolution being evaluated for all of them. For each of the

data sets resulting from these signal transformations, a DNN was trained individually. While

each DNN was trained with different inputs, they all used an identical architecture.

3.4.5 Echo classification

As a reference, the echoes were classified according to their location based solely on their

respective energy content using maximum-likelihood estimation. For this purpose, each echo

was represented by an RMS spectrogram amplitude value of the time-frequency region that

contained (dashed boxes, Fig. 4.1C). The means and standard deviations of the RMS values

from each site were used as parameters for a Gaussian model that described each site’s

spectrogram RMS distribution. The maximum likelihood criterion was then used to assign

each echo to a location based on its RMS spectrogram amplitude value. In addition, a t-test

(with Bonferroni correction) was used to determine whether the distributions of echo energy

differed between the ten field sites or the 20 tracks.
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The deep-learning approach used to classify echoes from different landmarks and differ-

ent tracks was based on a convolutional neural network (CNN, [48, 64, 66]) operating on

the echo spectrograms described above. The architecture of this network was inspired by

ResNet50 [48]. The network was implemented in TensorFlow [1] via the Keras [19] in-

terface library (version 2.4.3) and the Python programming language (version 3.7). In this

implementation, a modified network architecture (Fig. 3.3) was used where the convolution

kernel size was reduced from 7×7 to 3×3 to account to the smaller input data size of the

spectrograms compared with the high-resolution images processed by ResNet50. Similarly,

the kernel size of the max-pooling layers was reduced from 3×3 to 2×2 kernel. The central

portion of the network (Fig. 3.3a) was made up of four groups each containing a convolution

block (Fig. 3.3b) followed by an identity block (Fig. 3.3c). The convolution and identity

blocks contained three convolution layers each. All individual convolution layers were each

followed by a rectified linear unit (ReLU) activation function [38]. An average pooling layer

connected the final identity block of the network to a soft-max location estimate (Fig. 3.3a).

In training the network, the Adam optimization algorithm was used to update the network

weights and cross entropy was served as a measure for training loss. Network performance

was found to converge within 20 epochs. Training the network for 20 epochs took about 12

hours on an Intel Core i5-7200U CPU with a clock rate of 2.5 GHz and 8 GB of RAM.

Because of the size of the input data was three times smaller for the CF than the FM

spectrograms along frequency dimension, the kernel size was reduced from 3×3 for FM to

2×2 for CF. In addition, the maximum pooling layer was not included because of the smaller

size of the CF spectrograms.

The data set used for deep-learning classification consisted of 1,700 echoes from each track

that were randomly divided into subsets for training (1,500 echoes per track) and testing (200

echoes per track). A ten-fold cross-validation was used to reduce the error in the prediction
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error estimate, where the average prediction accuracy and the associated standard deviation

were calculated across ten repetitions.

3.5 Results

The recorded echo data showed little correlation between different echo samples. The av-

erage correlation coefficient between different echoes was estimated at a mean of 0.13 with

a standard deviation of 0.04 (Fig. 3.4). The simulated echo data that was based on sta-

tistically independent random impulse responses yielded similar values (mean correlation

coefficient 0.16 ±0.11 standard deviation). All recorded echoes were clearly distinguishable

from recording noise. The signal-to-noise ratio (SNR) at the beginning of the echoes was

23 ± 5.3 dB (mean ± standard deviation). At the end of the echoes, it was reduced to 15.2

± 4.3 dB (N=1,000 echoes). The recorded echoes were found to differ significantly in their

energy across the different sites (43 out of 45 pairwise site comparisons had p-values less

than 10−5, one less than 0.05, and one greater than 0.1, t-test with Bonferroni correction)

as well as across the different tracks of all sites (185 out of 190 pairwise track comparisons

with p-values less than 0.001, three less than 0.01, and the remaining two pairings showed no

significant differences, t-test with Bonferroni correction, Fig. 3.5). A maximum-likelihood

estimator based on the echo energy distributions associated with the different sites and tracks

was able to distinguish fairly well between two site groups (sites 1 to 6 versus sites 7 to 10 and

the associated tracks, Fig. 3.6a,d), but performed poorly on making distinctions within these

groups. This matched the pairwise similarities between the distributions of the echo energy

between the respective sites and tracks where a t-test showed the amplitude distributions

between sites 1 to 6 and 7 to 10 to differ with a p-value of less than 10−4. For comparisons

within each of these site groups, the p-values were much larger. For example, the p-value
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for t-test between the energy values for track 2 of site d and track 2 of site f was 0.955.

Overall, 35.2% of the site classifications and 19.5% of the track classifications performed by

the energy-based classifier were correct. While a poor performance, these results were still

well above the respective chance level performances of 10% and 5% respectively.

The DNN classifier was found to be much more accurate than the energy-based classi-

fier (Fig. 3.6a,b) for all tested echo types. However, the classifier performance did depend

strongly on the type of the input signals used (Table. 3.1). Classification performance based

on the FM signals was higher than for the CF signals and for both signal types, raw sig-

nals supported better classifier performance than amplitude-normalized signals. The best

performance was hence achieved for raw FM-signals with an accuracy of 99.6% (standard

deviation 0.7%, N=10 cross-validation runs) and the worst performance was achieved for

amplitude-normalized CF-signals with an accuracy of 83.3% (standard deviation 0.5%, N=10

cross-validation runs). The differences between the classification accuracy values achieved

for the different input signal types were all found to be highly significant (all p-values less

than 0.001, t-test with Bonferroni correction). In addition, the type of the pulse signals used

as input affected the speed of learning (Fig. 3.7, Table. 3.1). The differences in the learning

speeds that were achieved with the different signal types matched the ordering obtained in

terms of classification accuracy with the fasted learning occurring for raw FM signals and

the slowest for amplitude-normalized CF signals.

The time-frequency resolution of the echo spectrogram was found to exert an influence on

the target classification performance of the CNN (Fig. 3.8). For the FM echoes, an optimum

time-frequency resolution (1 ms and 1 kHz) was found that yielded a classification accu-

racy of 95% (Fig. 3.8a). Above and below this resolution, the performance decreased with

the lowest classification accuracy for FM echoes (71%) being recorded for a time-frequency

resolution of 10 ms and 100 Hz, i.e., the lowest time resolution tested. The dependence
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of classification performance on a time-frequency resolution for the CF-echoes (Fig. 3.8b)

was qualitatively different from the situation in the FM-echoes. In the latter, classification

performance showed a monotonic decay with decreasing time resolution, i.e., the best per-

formance (87% correct) was achieved for the highest time resolution (1/5 ms) and the worst

performance (40% correct) occurred with the lowest time resolution (10 ms).

3.6 Discussion

The results presented here demonstrate that bat biosonar and its technical mimics can pro-

duce sensory information that could support landmark-based navigation on a large scale,

i.e., tens of kilometers. In situations where the classification results obtained here are repre-

sentative, it should be possible for a bat or an autonomous system equipped with biomimetic

sonar to determine its location based on a single recorded echo. This was not necessarily an

expected outcome since the echo waveforms from all field sites were found to be profoundly

unpredictable in nature and hence no location-specific patterns were obvious in the echo

waveforms to the human observer. The success achieved with the DNN classifiers indicates

that some patterns must exist in the echoes albeit in a way that is not accessible to the

human observer. The interpretation of those information might have a critical influence to

understand the bat’s sonar system, this insight could have important implications for the

understanding of bat biology since there are a number of bat species [52, 83, 129] that are

known to travel over distances as large as – or even larger – than the distances between

the field sites of the present study. Similarly, the current results could provide a sensory

foundation for autonomous navigation in natural environments by man-made systems with-

out GPS. Compare with the traditional vision-based which has the deterministic template

matching method, the sonar can use for an even more complex environment with smaller
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data sizes, especially camera or lidar/radar-based navigation. A smaller data size would

be more applaudable in the application which needs to navigate in real-time such as au-

tonomous vehicle driving. Here we also achieved higher landmark classification accuracy

with a more challenging environment compared to some previous work. [29, 65, 121]. Fi-

nally, it is noteworthy that the echoes were collected with a hand-carried system that did

not include any controls for directing the sonar beam. Hence, bats or man-made systems

could utilize the same location information without the need for intricate control.

The results demonstrate that a – very modest, but above chance-level – location identifica-

tion performance can be achieved based simply on echo energy. This modest performance

is not surprising since echo energy can be linked to features such as overall foliage density

and leave size [80, 86, 141]. However, it is also not a surprise that this approach does not

yield reliable location information since there is substantial overlap between the distributions

from the different sites and similar overall echo amplitudes could be achieved in different

ways, e.g., by virtue of a high leaf density or large leaf sizes in case of high echo ampli-

tude. The low reliability of the energy approach to natural landmark identification would

almost certainly require compensatory measures such as integration with other information

sources. This additional information can come from time-frequency structure of the echoes

as demonstrated by the present results from the CNN classifier. The comparison of the

classification performance achieved for different time-frequency resolutions in the underlying

spectrogram signal representation casts some light on the nature of the features that have

been used by the DNN classifiers. For echoes elicited by CF-pulses, all information must

be encoded in the time domain since these narrowband signals leave very little room for

information encoding along the frequency axis. Hence, it is not a surprise that classification

performance decreased as the time resolution was reduced. The results for the FM-echoes

indicate a mixed encoding of location information in the time and frequency domain since
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an optimum weighting between the resolutions along the two dimensions was found to exist.

While the current result indicates that a DNN approach can find patterns in apparently

unpredictable biosonar echoes from natural foliages that can convey location information,

more work is needed to thoroughly evaluate the nature of these features and their potential

utility for navigation in bats or man-made systems. To better understand the nature of the

encoded location information, future work should hence try to uncover more information

about the echo features that are being used by the DNN. The current results obtained by

varying the time-frequency resolution of the echo spectrograms indicate that the location

information is encoded in the time as well as in the frequency dimension of the signals. In a

recent study of passageway finding based on vegetation echoes [135], it was possible to use

a transparent AI method (class activation mapping [135] to narrow down the encoding of

the relevant sensory information to the rising flank of the echo. It remains to be seen if a

similar approach could be used for the location-finding problem studied here. For a gap in

vegetation, the critical geometrical feature is the rim of the gap which is spatially localized

and could hence be hypothesized to give rise to echo features that are likewise localized in

the spectrogram. For the location-related echo features, no a priori reasoning in favor of

such a localization is obvious. To assess the utility of the echo features that carry location

information, research should be conducted to establish the spatial resolution that can be

achieved with these features and also evaluate the existence of ambiguities that could arise

from similar habitats occurring within the range of a bat or an autonomous drone.
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Figure 3.2: Data collection sites and example echo: (A) Location of the field sites in
the area that surrounds the campus. The sites are indicated by dots labeled with the letter
code of the respective site in the main map. At each site, echoes were sampled along two
tracks (shown in the inset for site d as an example), (B) Example photos of vegetation at
the 10 different field sites of the study (alphabetical labels correspond to (A)), (C) Example
recording of a pulse-echo pair. The emitted pulse consisted of a CF part (box with black
solid lines) with 45 kHz carrier frequency that occupied the first 8 ms of the pulse and an
FM part with a linear frequency modulation from 40 to 30 kHz that occupied the last 7 ms
(box with white solid lines). The echoes components that follow each pulse component are
enclosed in boxes marked with dashed lines and with the same line color as the respective
pulse components.
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Figure 3.3: Neural-network architecture used for landmark identification. The
architecture of this network has been inspired by ResNet50. At the center of the overall
architecture (a) is a repeated sequence of convolution (b) and identity blocks (c). The 1×1
convolution layers in these blocks perform cross-channel pooling to reduce the number of
channels from 256 to 64.
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Figure 3.4: Cross-correlation structure of the recorded echoes. a) Correlation matrix
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Figure 3.6: Accuracy of the location predictions. Confusion matrices for the classi-
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Figure 3.7: Classifier training results for different input data. Validation accuracy
for site classification based on raw FM-echoes (solid black line), raw CF-echoes (solid gray
line), normalized FM-echoes (dashed black line), and normalized CF-echoes (dashed gray
line). The dash-dotted line denotes the chance level for site classification (10%).
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Figure 3.8: Landmark identification accuracy as function of time-frequency reso-
lution in the spectrogram representation of the echoes. Classification based on a)
echoes elicited by FM pulses and b) echoes elicited by CF pulses.
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Table 3.1: Prediction accuracy and learning time for the different input signal types tested.

Signal Sites (%) Tracks (%) Time (nrm.)
FM (raw) 99.6 ± 0.7 94.7 ± 0.5 1
CF (raw) 87.1 ± 0.5 81.2 ± 0.6 1.7

FM (nrm.) 97.2 ± 0.7 91.2 ± 0.5 4.1
CF (nrm.) 83.3 ± 0.5 78.6 ± 0.5 4.6

Table 3.2: GPS coordinates of the start points for all data collection sites.

Site Latitude (◦) Longitude (◦)
a 37.2833 -80.5208
b 37.2813 -80.4924
c 37.2884 -80.4722
d 37.2883 -80.4610
e 37.3266 -80.5771
f 37.3400 -80.5450
g 37.3581 -80.5345
h 37.3547 -80.5976
i 37.2684 -80.4723
j 37.2141 -80.1908



Chapter 4

Small-scale acoustic granularity of a

natural environment

4.1 Title

Deep-learning exploration of the acoustic granularity of bat habitats

4.2 Introduction

The ability to navigate autonomously in natural, vegetated environments could enable a

multitude of technical applications that include search and rescue [17, 59, 73], precision

agriculture [8, 45], as well as environmental surveillance [120]. 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 a given location is to utilize the Global Positioning

System (GPS, [51]). However, GPS has its limitations: There are a number of environments

where GPS is not available at all, e.g., under water [69, 125] or in caves and mines [10, 57]. In

addition, GPS has been shown to be vulnerable to jamming or manipulation [41]. But even

41
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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 [78], in indoor environments [103], or in urban canyons with dense foliage cover [53].

An alternative to location identification with GPS is provided by vision-based landmark

recognition [61, 100]. These approaches typically rely on the recognition of object shapes

by virtue of matching deterministic templates. While it is easy to see how template match-

ing would 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 [20] that may not be easily captured by a deterministic image template. Tem-

plate matching based on three-dimensional optical recordings of an environment, e.g., using

lidar [21, 37], are likely 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 Mbit/s [7, 49]. The large computa-

tional 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 in-

clude densely vegetated environments [36, 95]. 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 morn-

ing [79, 106]. Hence, bats from these species must be able to create maps of their envi-

ronments that allow them to find their ways to their feeding grounds and back to their

roosts.

The ability of bats to navigate in densely vegetated environments based on biosonar is of par-

ticular interest because of the special nature of sonar echoes from natural vegetation [86, 141].

A typical foliage is composed of a multitude of leaves and other sound-reflecting elements.

Each of these elements contributes to the received echoes based on its position, orientation,
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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 [76, 86] that results in likewise unpredictable echo waveforms [86]. 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 [144] has shown that large-scale 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 collected

in a natural forest. This was done by combining GPS-based clustering of the echo-sampling

locations and deep-learning classification of the corresponding echo waveforms to see which

level of spatial granularity can be resolved based on the echoes.
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4.3 Materials and methods

4.3.1 Biomimetic sonar

A biomimetic sonar head (Fig. 4.1A, [144]) was used to collect all foliage 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 components were two electrostatic ultrasonic loud-

speakers (diameter 3.8 cm, 600 Series, SensComp Inc., Livonia, MI, USA) with 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 used to receive the returning echoes. The

loudspeaker and the microphones were each coupled to silicone baffles that were designed

to mimic simplified, generic versions of the noseleaf and pinnae shapes seen in bat groups

such as the horseshoe bats (Rhinolophidae) and the closely related Old World leaf-nosed

bats (Hipposideridae). The silicone noseleaf had a height of 2.1 cm and a width of 1.3 cm.

The silicone pinnae were about 5.8 cm tall, i.e., about two times of the length of a large hip-

posiderid bat’s pinna (e.g., ∼30 to 35 mm in Pratt’s roundleaf bat, Hipposideros pratti [142]).

The noseleaf was coupled to two electrostatic loudspeakers (one per nostril) via conical-horn

waveguides with a length of 7.6 cm. The diameter on the loudspeaker end of the waveguide

matched that of the electrostatic loudspeaker (3.8 cm) and the diameter on the opposite end

matched that of the nostrils outlet(diameter 3 mm). The pinnae were each coupled to the

respective MEMS microphone via a short artificial ear canal (length 2 mm, diameter 3 mm).
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The top-level computer of the sonar head (Raspberry Pi 3, Model B+, RS Components,

Cambridge, UK) was used to control data collection via a 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 to analog 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 was 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 power supply unit (picoPSU-120-WI-25, 12-25V, 120

Watt, ATX Power Supply, Fremont, CA, USA) converted the battery output to the different

DC voltages need by the onboard computer, the microcontroller, and the microphones (5 V

each) and the user display (12 V). A separate high-voltage amplifier (APEX PA98, 1000 V/µs,

maximum output voltage 450 V, Apex Microtechnology Corporation, Tucson, AZ, USA)

converted the battery voltage to a 400 V bias voltage for the electrostatic transducers.

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 [3]. 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
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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 during echo data collec-

tion. None of the recorded videos were subjected to any form of quantitative analysis in this

study.

4.3.2 Data collection

The echo data was collected in a natural wooded area (known as the “Stadium Woods”,

Fig. 4.1D) on the Virginia Tech campus in Blacksburg, Virginia. The size of the study site was

approximately 180 m by 100 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. 4.1B). 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 erosion to determine a contiguous area covered by points [27]. The input data for this

operation were the geographical positions associated 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 natural

variability in the flight paths that bats might take through the forest) at a distance of about 1
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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 covered 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 m/s while the data collection rate was about three echoes per

second. The GPS module was used to record the location of the sonar (Fig. 4.1C) 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 [56]. To mimic both of these signal compo-

nents, the first 7 ms portion of the emitted pulses consisted of an FM chirp that sweeped

from 55 kHz down to 45 kHz (Fig. 4.2, black solid box). The second part consisted of an CF

signal centered at 60 kHz with a duration of 5 ms (Fig. 4.2, 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 which including

the two direct transmissions from the speaker, and also the reflections. The resulting echoes

(Fig. 4.2, dashed box) were used as input for data classification.
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4.3.3 Clustering of the GPS data

The study area was broken up into coherent patches based on the GPS coordinate data

using a clustering approach (MiniBatch k-means, [96], implemented in the sklearn Python

library [99]). 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 criterion is 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 [109] was used as a 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 normalized by the maximum value of these distances. Hence, the

silhouette value ranges from −1 to +1, where a high value indicates that the elements are

well matched to their respective clusters and poorly matched to neighboring clusters.

Using this approach, the GPS data were clustered into different numbers of spatial “patches”

that ranged from a minimum of two up to a maximum of 100 in number (Fig. 4.3). For each

desired number of patches, the clustering was repeated 100 times, and the result with the
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highest silhouette value was retained for the subsequent analysis. In addition to the silhouette

value, the distribution of sample locations across the different clusters was monitored to

ensure that it was approximately even (Fig. 4.4).

4.3.4 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 the -3 dB passband covered the

frequency range from 58 to 62 kHz in this case.

The echoes were converted into spectrogram representations (Hanning window with a length

of 256 samples, FFT length 256 samples, 50% overlap). The spectrogram images served

as input for classifying the echoes into the corresponding location patches. For the FM

pulses, the spectrogram matrix size was 18×15 with the frequency range from 45 to 55 kHz.

For CF pulses, it was 7 × 11, with the frequency range 58 to 62 kHz. For each pixel of the

spectrogram, the power spectral density in the respective time-frequency bin was represented

by an eight-byte floating-point number.

4.3.5 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, [47]). For the current work, the

published ResNet152 architecture was modified by reducing the initial kernel size from 7×7

to 3×3 pixels, and the stride of the pooling layers from 3×3 to 2×2 pixels. The deep neural
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network was implemented in TensorFlow (version 1.13.2, Google Brain Team, [1]) via the

Keras interface library (version 2.3.1, F. Chollet, [19]) and the Python programming language

(version 3.7).

The network started with the full input spectrogram size (18×15 pixels for FM, 7×11 pixels

for CF , followed by an initial convolution layer, batch normalization [54], an activation

function (rectified linear unit, ReLu, [38]), and a single maximum-pooling layer (2×2 pixels

for FM only, [124]). These layers were followed by a parallel identity block and a convolution

block. The identity block is the key feature of residual networks, it was used in a deep

network for keeping the original feature information. Its output is appended to the output

of the convolution block. The convolution block had three convolutional layers, each followed

by batch normalization and ReLu. The ResNet152 repeated the parallel network 50 times

in series. The final layers of the network consisted of an Average Pooling layer connected to

a fully connected (fc1000) layer and the output Softmax [40] prediction layer.

Since bats have ready access to multiple echoes to determine their location, integrating the

multiple inputs with the networks (Fig. 4.6) was important for the navigation task. The

first network was based on ResNet152, to extract the features in the spectrogram. However,

the outputs of the Softmax layers for between 2 and 10 echoes from the same patch (bats

can easily emit 10 pulses within 1 s) were concatenated and fed into a multilayer perceptron

(MLP) [107], which performed the aggregate supervised classification. The MLP included

three layers, the first layer has a dimension of 512, then the next layer has 256, and the last

layer was the SoftMax. The Arg max was used to do the patches classification based on the

SoftMax layer.

The entire data set was separated so that 85% was used for training and the remaining 15%

was used for testing. During the entire process, a five-fold cross-validation [122] was used

for network evaluation. For the ResNet152 training and evaluation (Fig. 4.7), the prediction
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accuracy curve for training and test data with a different number of epochs used to visualize

the training process. Cross-entropy loss [92] was used as the loss function. The network

generally converged after 20 epochs, and the overfitting problem was minimized after the

network optimization.

A confusion matrix was used to compare the results from different numbers of echoes and

different numbers of patches. For the former we have the results from 2 patches up to 100

patches and from for the latter 1 echo up to 10 echoes, as mentioned before. The X-axis

shows the number of echoes, while Y-axis shows the number of patches, a grayscale color

bar was used to represent different prediction accuracy values.

4.3.6 Saliency map for visualization and understanding the echo

To understand the inside of the network and interpret the spectrogram for feature extraction,

saliency maps [5] were used to visualize the network. A saliency map is a way to measure the

spatial support of a particular class in each input matrix. For example, the time or frequency

domain intensity in a particular patch of the foliage might give a unique saliency map. The

saliency map was built using gradients of the output over the input. This highlights the areas

of the spectrograms which were relevant for the location classification. The last convolution

layer before the SoftMax weight matrix was saved as the saliency, and the average saliency

map from different patches was calculated (Fig. 4.8). The region was from the pure echo part

(Fig. 4.2, dashed black box), and the average was from 2000 echoes in each patch. For each

echo, the absolute value of the weight matrix was used to calculate the average saliency map

and the average saliency map was normalized to compare the differences from each patch.

After getting the average saliency map, each patch showed a different high-weight spatial

region. To know if the high weight value was more important for feature classification than
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the low weight pixels, the intersection of the high saliency value from different patches was

selected for the comparison, as well as the intersection of the low saliency pixels. The top

50% saliency value and the bottom 50% saliency value from 6 different patches were selected

from the spectrogram. The white part showed the high-value intersection (Fig. 4.9), while

the black part showed the low-value intersection. An MLP was used to do the supervised

learning classification based on respect for selected regions. The process steps were as follows:

first, flatten the selected region to a vector, second, do the patches classification based on

the input vector, finally, compare the classification results based on high and low saliency

intersection regions.

4.4 Results

During the foliage scans, a total of 37,136 echo recordings were collected from each micro-

phone channel and 2,280 GPS points were saved. The area covered by this data collection

was estimated to cover approximately 13,400 m2, based on the morphological closing method.

The ratio between the maximum and the minimum number of echoes per cluster would

change depending on the number of patches, with higher patches numbers resulting in larger

ratios. For example, when classifying GPS data into 2 patches, the ratio was about 1.1, and

when the number of patches was 100, the ratio was 6.8. Repeating the clustering 100 times

allowed us to minimize the ratio. At the same time, a threshold of the silhouette value was

set to 0.4 to optimize the classifications.

The training converged after 50 epochs. The loss decreased very sharply in the first 20

epochs and then started to level out and slowly converge with additional epochs. Training

was stopped at 100 epochs due to a lack of clear improvements beyond this point for both

training and validating data. The over-fitting was minimized with optimization methods,
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including five folders cross-correlation and batch normalization, which resulted in an accuracy

difference between training and testing after 50 epochs of less than 3 % — meaning the

module was trained properly (Fig. 4.7).

The results for the two networks with a different number of patches and a different number

of echoes have shown a pattern (Fig. 4.10), in which more echoes always resulted in better

prediction accuracy and more patches always resulted in worse prediction accuracy. For the

easiest case where the foliage was clustered into two parts, classification of one echo achieved

94.6% accuracy — 44.6% better than the chance level. With more echoes, the performance

easily approached 100% accuracy. For the most challenging navigation resolution tested,

which was 100 patches, classification with one echo resulted in 44% accuracy, while with

ten echoes (which should be within one second), the two network modules achieved 83 %

accuracy — 82 % higher than the chance level.

The comparable results showed the results from 10, 40, and 80 patches with different num-

bers of input echoes. More echoes gave higher classification accuracy; however, the curve

converged beyond a certain number of echoes. At the same time, the results with 2, 5, and

10 echoes classify on different numbers of patches, when the patches number was the same,

more echoes get better; it can be imagined, with more echoes, the results can be better.

Even if the accuracy got dropped when having more patches, the network still can do better

jobs, which was much higher than the chance level.

The average saliency map from nine different patches shows somewhat different patterns

(Fig. 4.8); for example, the first patch had high saliency pixels more spread out than the

other patches, especially in the time direction. One hypothesis to interpret the features

hidden in the echo’s spectrogram would be that the patch one region had more layers, which

caused a long duration of reflections. Another clear difference we can see was the high

saliency region was also different in frequency direction in the spectrogram. For instance,
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patch four had a higher frequency than patch seven. This might be caused by the structure

of the foliage, like the reflection target’s shape or size. However, it’s hard to prove which

feature caused the echo’s difference. This feature visualization method showed how the DNN

does the classification based on the time-frequency intensity maps.

The results from the intersection of the saliency pixels are shown in Fig. 4.9. For example,

using a three-layer MLP, five patches, and one echo input resulted in 91% accuracy when

using the top 50% intersection and 62 % accuracy with the bottom 50% intersection. This

showed the saliency highlights the important features for the classification, resulting in a

29 % difference in terms of the classification performance. In addition, the Resnet152 with

raw input spectrogram perormed only only about 2 % better than a three-layer perceptron

while taking much longer to train. The saliency not only pointed out which part of the

input the network was focusing on, but also selected the most important information for the

classification task and helped a lot in saving time with almost the same performance.

4.5 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 un-

predictable and unrepeatable nature of the individual waveforms [86]. Early on, it was

demonstrated that different tree species can be distinguished based on echoes of their fo-

liages [85, 86]. Furthermore, prior work by the authors has already demonstrated that ten

different locations in natural environments distributed over an area with a diameter of about

50 kilometers could be recognized reliably based on single clutter echoes [144]. 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



4.5. DISCUSSION 55

c

a

d

b

Figure 4.1: 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. (c) 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).

that foliage types with large differences in parameters such as leaf size and density also

give rise to very 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 [144]. 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 vegetation types. Still, the different tracks of the previous study
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Figure 4.2: Spectrogram of an example of the echoes that have been used for
location identification. The emitted signals consisted of a CF-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).

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,
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50 Patches

2 Patches 10 Patches

100 Paches

Figure 4.3: GPS location data clustered into different numbers of spatial patches
using the MiniBatch k-means method. The clustering examples shown are 2, 10, 50,
and 100 spatial patches (the locations belonging to each patch are shown in different gray
levels).

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
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Figure 4.4: Clustering the GPS locations into spatial patches while avoiding heav-
ily skewed allocations across clusters. (a) Allocation of the GPS locations into different
clusters (nine in this example, each marked by a different gray level). (b) Number of the
GPS locations included in each cluster showing a maximum-to-minimum ratio of 1.41 in this
example.

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 [53, 103] for

man-made systems.
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Figure 4.5: 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 con-
volution 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 orig-
inal input propagated in parallel.

In the latter 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 [78] has yielded RMS errors for
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Figure 4.6: Network architecture for the identification of spatial patches based
on sets of multiple echoes. The spectrogram representations of all echoes in 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.

location of 10.06 m for coniferous forest and 15.81 m for deciduous forest [68, 130]. 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.

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 Mbit/s (for systems
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Figure 4.7: 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 along the number of epochs.

with one to five sensors, [49]). Even higher data rates of 500 to 3,500 Mbits been reported

for arrays of six to 12 cameras [49]. 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 one

second, this would result in a data rate of 640 kbit/s. This would be just less than one thirtieth

of the 20 Mbit/s data rate generated by a single lidar sensor. Hence, bioinspired approaches like
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the one explored here could offer much more parsimonious ways to support 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 data rates, work on a different navigation problem, passageway finding[136], has found

that the computationally expensive deep-learning methods could be replaced by a simple

neuromorphic approach. This approach could be implemented in analog 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 clutter echoes, 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 sur-

roundings. Given the small size of brains in bats is about 0.82 ± 0.21 g [28] 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 and

accuracy that can be achieved. Ideally, such a detailed study of the resolution of the approach

should be repeated across different habitats to see 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
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identification. This is very obvious when considering a deciduous forest in summer and in

winter, but even much more gradual changes may eventually degrade location identification.

Finally, if location 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[101].
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Figure 4.8: 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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Figure 4.9: Breakdown of the echo time-frequency plane into regions of different
saliency. Top 50% salience intersection (light gray), bottom 50% (black) . The regions
were determined as the intersection of the individual saliency values, 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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Figure 4.10: Location identification performance for different numbers of spatial
patches and echoes. (a) Performance as a function of both variables (number of patches
and echoes). (b) Prediction accuracy as a function echo data set size for three different
number of spatial patches (circles: 10 patches, stars: 40 patches, diamond: 80 patches). (c)
Prediction accuracy as a function of the number of spatial patches for different echo set sizes
(circles: 2 echoes, stars: 5 echoes, diamonds: 10 echoes).



Chapter 5

Conclusions

5.1 Research accomplishments and findings

I have utilized a bioinspired sonar robot for localization in a natural forest. The sonar robot

uses the sonar system to classify different reflection targets and distinguish the different

patches of a dense forest area. The use of the deep neural network provided more than

95% accuracy for large-scale airborne sonar navigation and also achieved higher accuracy for

small patches localization compared to the GPS system. The detailed findings are here:

• Pioneered deep-learning analysis of clutter echoes from natural environments. Bat’s

biosonar systems can achieve higher navigation ability than GPS, making bat-inspired

sonar a navigation sensor choice in GPS-denied environments.

• Demonstrated large-scale identification of locations – between different locations, and

also at the same location but different tracks.

• Demonstrated small-scale resolution comparable to recreation-grade GPS.

• Explored the nature of echo features with trading off time-frequency resolution, which

showed that CF and FM signals encode location information differently.

• Discovered that airborne sonar achieved better navigation resolution than the GPS,

which is about a 6 m radius under the dense forest.

67
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• Developed a method for combining multiple echoes. Multiple echoes, combination

leads to better performance for echolocation. Here, we found that, with 10 echoes,

we can classify the area into 100 patches with more than 85% accuracy. Therefore,

utilizing multiple 10 ms long echoes for biosonar navigation would not take too long,

but would produce a better performance.

• Utilized the Saliency maps to visualize the different locations have different time-

frequency signatures.

5.2 Identification without deterministic template

The key novel insight from the research of this thesis is that, although the vegetation echoes

are random due to lack of knowledge and show no similarity in terms of correlation beyond

what is introduced by the common input pulses, it is possible to extract location-specific

information from them. In order to demonstrate that classification of random processes

without correlation or the presence of a deterministic pattern is possible, we present a simple

“toy problem” based on simulation data: In this case, we consider an environment that

consists of two spatial patches (Fig. 5.1A). The echoes recorded from both patches are

random processes where the individual sample amplitudes are drawn from independent and

identically distributed (IID) Gaussian processes with zero mean (Fig. 5.1B). Hence, the

simulated echoes from the two fictive patches only differ in their standard deviation which was

one for the first patch and 1.5 for the second (Fig. 5.1C). Since the echoes were realizations

of IID processes, the correlation coefficients between any two echoes within and between

patches can be expected to be zero. In accordance with this expectation, the experimentally

determined values of correlation coefficient were found to be 0.000036 ± 0.0158 for echoes

drawn from the process of standard deviation 1 (Fig. 5.2B), 0.00009 ± 0.0158 for echoes
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drawn from processes of standard deviation 1.5, and 0.00089 ± 0.0156 for echo pairs drawn

from across the two different processes. In each case, 5,000 echo pairs were used for the

respective estimate. The results from the simulation data is smaller with our foliage echoes

(Fig. 3.4), for which the average cross correlation coefficient is 0.13 with a standard deviation

of of 0.04. This means the echoes collected from foliage is not entirely random, for example,

the beginning part of each recording has a higher amplitude than the end of the echo. This

a pattern exists in the real foliage data; however, the correlation coefficient is still very small

which is 0.13.
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Figure 5.1: Simulated foliage echoes. A) Artificial environment (consisting of two
patches. B) Gaussian probability distribution of the two groups of simulated echoes as-
signed to the two patches. C) Two simulated echoes, both from IID Gaussian processes with
zero mean, but different standard deviations: a) standard deviation 1, b) standard deviation
1.5.

To demonstrate that classification based on random processes without a deterministic tem-

plate is possible, a simple neural network was trained using supervised learning to classify

the two fictitious patches. The network (Fig. 5.3A) consisted of an input layer with 4,000

elements to match the length of the simulated echoes followed by three fully connected lay-

ers with dimension of 128, 64, and 32 to reduce the size of the input. Finally, a Softmax
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Figure 5.2: Simulated echo classification A) Joint amplitude distribution for two random
echoe examples with an estimated correlation coefficient of 0.0028. B) Example correlation
matrix for 100 simulated echoes from the Gaussian IID process with zero mean and a standard
deviation of one.

function was used to convert the network output into a class estimate. To train and test the

network, a total 6,000 simulated echoes, 3,000 for each of the two patches, were generated as

described above. This data set was randomly split into training data (80%) and validation

data (20%). The training curves (Fig. 5.3B) demonstrated that even a simple three-layer

network can converge to a working estimator after six epochs. The classification accuracy

was found to be 96%.

While the foliage echoes that were acquired in this research were certainly much more com-

plicated signals than the IID Gaussian processes of this toy problem, the example problem

demonstrates the results that have been achieved with these echoes do not violate any fun-

damental limits on classification or the capabilities of deep neural networks.
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Figure 5.3: Multilayer perceptron used to classify the model echoes created by iid
Gaussian processes with different standard deviations. A) Network architecture used
to classify the different simulation echoes. B) Training and validation accuracy performance
curves for the model echoes.

5.3 Discussion

Our biomimetic sonar robot demonstrates that robots can navigate in the natural forest,

using a single 10 ms long ultrasonic echo. On a large scale, biosonar is able to classify

different tree species, which can help bats navigate based on landmarks to fly long distances.

In addition, we also explore how the airborne sonar can achieve a high navigation resolution,

which is similar to GPS devices. Based on this, our sonar robot can build a map inside of a

dense forest area. As a result, a large map can be built for navigation based on the small

maps and the large-scale landmark differences. As with the other sensors, airborne sonar

also can be used in navigation tasks with the map built in.

Experiments have been done to integrate the airborne sonar and landmark classifications,

however, previous methods are limited in applying simple artificial target classifications [35],

such as the different size of sphere [26], and different indoor edges and cylinders [11].

There are also a few studies done with more complex targets classifications, like using the
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echo to classify artificial trees and flowers [118]. However, all of the bat-inspired landmark

classifications were not as close as real bats in navigating and finding landmarks in the

natural forests. Here, our data was collected from the complex natural forest which covers

20 tracks in a 25 km radius area, instead of using sonar equipment to scan a few artificial

trees.

In contrast to previous approaches, we did not classify the landmarks relying on the features

from biological or practical plausibility assumptions [118]. Instead, we used the raw spectro-

grams at a fixed frequency range, and a convolutional neural network to detect the potential

features. When we tested the classifiers on a single echo from the test data set, we got a

classification performance of 99.6%. This indicates that the biomimetic echoes created by a

FM/CF ultrasonic sweep can be highly informative about the landmark compositions. This

might one of the explanatory bases for some of the observed abilities of bats in classifying

complex targets such as vegetation landmarks or food sources. The fact that the neural

network was able to classify more complex targets with better classification performance

indicates that the neural network must be making more effective use of the available data

than the methods used before.

Although the classification task was more difficult, the performance was better than previous

methods [143], making the airborne sonar sensor more able to perform real-world experiment

and applications. In addition, we provide experimental evidence that passive in-air sonar

landmarks can indeed be perceived in dense clutter. Airborne sonar sensors communicating

with bio-inspired sonar landmarks could work as important backup systems, which would

support navigation capability of visual-based sensors [18, 34, 110] as they also work under

visually challenging conditions such as in glass-rich, dark, or dusty environments.

Both broadband and single-band frequency spectrograms are applied to the classification

tasks, and the results show the spectrogram was a reasonable descriptor. Broadband would
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be suggested for the landmark classification task as it achieves higher prediction accuracy

and less time consumption. This provided a reference to use broadband as a better option

for future sonar based object classification tasks. Here, we have shown the resolution of

the spectrogram was an optimized parameter in terms of echo representation. For the sig-

nal processing and signal classification, the time-frequency resolution of the spectrogram can

provide new dimensional information of the CF and FM frequency signals. Here, we achieved

the best echolocation prediction accuracy in the middle of the resolution range for the FM

spectrogram, which was a 30% improvement from the worst resolution case; for CF spec-

trogram the best resolution prediction accuracy is twice of the worst resolution. Therefore,

there is a necessary step to optimize the spectrogram’s resolutions before use.

Previous research has measured the GPS navigation errors with a Suunto Ambit 3 Peak

device, and has found differences when testing it in the foliage-covered areas or in open

spaces [68]. Under the seasonal forest and leaf conditions (Fig. 5.4), the average RMS error

for navigation is 10.06 m in coniferous forests, 15.81 m in deciduous forests, and 15.01 m in

areas with no foliage [68, 130]. In our sonar device, the results show the accuracy will be

higher than 85%. With the input being 100 patches with 10 echoes (each echo is 10 ms), the

navigation radius error is about 6 m.

 

In addition, the performance based on sonar is much better than the expectation. The

one-dimensional echo superposition can encode more information with the random forest

reflection. The previous work [144] has shown no single pair of echoes are the same, based

on the cross-correlation. With the help of the DNN, the foliage echos can be decoded into

small pieces with high accuracy. For the sonar system shown here, the navigation precision

from echoes could be as precise or even more precise than GPS.
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Figure 5.4: GPS devices navigation accuracy (reprinted with permisson from the
copyright holder [68]). A) recreation-grade GPS (GPS watch) during the leaf-on season.
B) Mapping-grade GNSS receiver during the leaf-on season. C) GPS watch during the
leaf-off season. D) Mapping-grade GNSS receiver during the leaf-off season. The dashed
horizontal maroon lines indicate the estimated accuracy achieved in the current work based
on biomimetic sonar echoes.

We not only found that airborne sonar can be used for navigation, but we also proved

that multiple concatenated echoes would also improve the performance. Using multiple

echoes didn’t increase the data size dramatically, and it is still within a few hundred kb per

concatenated sample. Thus, using multiple echoes this is one way to avoid the low accuracy,
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and can allow the sonar system to have reliability.  With the results shown (Fig. 4.10), the

performance can be much better with more echo input.

Current work on autonomous vehicles heavily relies on vision-based sensors [119] and lidar

systems [12], however, cameras aren’t reliable in obscured-visibility scenarios [61, 100] like

dark nights and bad weather. Furthermore, cameras are also not efficient for processing

huge data sets in real time, as previous papers show that cameras array (including between

6 and 12 cameras) need another 500 to 3,500 Mbit/sec [49]. While lidar makes up for some

of these shortcomings, collecting thousands of 3D coordinate data points and creating huge

data sets [21, 37] make real-time processing (required for navigation) very computationally

expensive. For lidar sensor (including between one and five lidar components), it is 20 to

100 Mbit/sec [49]. Sonar sensors could work as an alternative/backup system for cameras

and lidar navigation sensors, resistant to the challenges of low-light conditions, and limited

computer resources. The sonar waveform for each echo is only 40 kb. Even though multiple

echoes are needed to perform accuracy the localization, data collection can be done very fast

because each echo is 10 ms long. For example, collecting 10 40 kb echoes, would take 1 s and

require storing only 400 kb of data. With the help of deep networks [48], 10 ms long echo

results in nearly 100% accuracy [144] at large-scale landmarks classifications.  

Results indicate that the echo features carry location information, and suggest sonar sensor-

based navigation is applicable to man-made robot systems, such as autonomous vehicles [55,

70]. It can help for map building and navigation in a GPS-denied environment (e.g., under

dense vegetation [137], underwater [74, 138]) as long as there is sufficient texture.

The findings of the current work could also inform new directions in the development of

autonomous drones that navigate in dense forests. A common approach to providing the

sensory foundation for autonomous systems is to achieve high spatial/angular resolutions,

e.g. by using large sonar arrays [32] or lidar scanners [137]. The current results indicate that
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high spatial resolution may not be a necessity, at least for the studied task of navigating in

dense forests. It could mean that sensory systems for autonomous drones do not need to be

designed for high angular resolution. Without this specification, sensory systems are much

smaller, lightweight, and require much less power for signal conditioning and computations.

The current work shows that, with more echoes in each patch, the localization accuracy can

be higher. However, the limited data only separates the entire area into 100 patches, making

the resolution about a 6 m radius. Better performance and more precision can be achieved

with more data. The research takes advantage of the perceived properties of bats, landmark

identification, and prey identification strategies and mechanisms. In addition, the machine

learning approach achieved a better classification ability than the traditional methods, but

it’s hard to explain the reason mathematically. In the future, it is hoped that sonar sensors

integrate with machine learning methods, such as transfer learning [128], which can help

robots navigate in a natural forest in real-time.
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