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Abstract

In this paper, a bat-inspired high-resolution ultrasound 3D imaging system is pre-
sented. Live bats demonstrate that the properly used ultrasound can be used to
perceive 3D space. With this in mind, a neural network referred to as a Bat-G
network is implemented to reconstruct the 3D representation of target objects from
the hyperbolic FM (HFM) chirped ultrasonic echoes. The Bat-G network consists
of an encoder emulating a bat's central auditory pathway, and a 3D graphical visu-
alization decoder. For the acquisition of the ultrasound data, a custom-made Bat-I
sensor module is used. The Bat-G network shows the uniform 3D reconstruction
results and achieves precision, recall, and F1-score of 0.896, 0.899, and 0.895, re-
spectively. The experimental results demonstrate the implementation feasibility of
a high-resolution non-optical sound-based imaging system being used by live bats.
The project web page (https://sites.google.com/view/batgnet) contains
additional content summarizing our research.

1 Introduction

Recent improvements in sensor and information processing technologies have made significant
contributions to the progress of numerous unmanned systems (UMS) such as a drone, an autonomous
vehicle, and a robot. In order for UMS to reach full autonomous level that does not require any
human intervention, the collected data from sensors in UMS should suffice to manage the entire
environmental scenarios. Therefore, UMS commonly employs a combination of sensors including
RGB-D cameras, RADARSs, LIDARs, and ultrasonic sensors that are complementary to each other.
Both RGB-D camera and LIDAR provide abundant high-resolution visual information, however, the
visibility and accuracy can be severely compromised depending on environmental/weather conditions
as shown in Fig.[T[a). On the contrary, RADAR and conventional ultrasonic sensors, measuring
the time-of-flight of the reflected signal, are relatively less sensitive to operating circumstances but
merely provide low-resolution ranging information [} 2]]. Consequently, a clear need exists for an
imaging sensor that can precisely visualize 3D space irrespective of environmental conditions.

In this paper, a high-resolution ultrasound 3D imaging system emulating the echolocation mechanism
of a live bat is presented. Among many outstanding features of a bat's sensory system that enables
accurate 3D perception, three following key points are essentials: (1) Bats localize obstacles and
discriminate prey by analyzing the echoes of emitted ultrasound pulses, which is called echolocation
[3H5]]. The emitted ultrasound signal from a bat is frequency-chirped over a wide frequency range,
which plays a critical role in recognizing the shape of an object from the echo spectra [6]. Hence, the
proposed system employs a frequency-chirped broadcasting ultrasound signal in the range of 20-120
kHz as shown in Fig.[T{b). (2) Echolocation is an inverse problem where the spatial information
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Figure 1: (a) Measurement results of a camera, an RGB-D camera, and an ultrasound (US) sensor
in the different brightness/fog level. (b) Overview of a bat-inspired high-resolution ultrasound 3D
imaging system.

of a target is extracted from reflected/scattered echoes. In general, solving an inverse problem is
an extremely laborious and time-consuming task since the problem is often ill-posed and requires
several iterations [[7]]. However, live bats with a real neural network recognize the surroundings in
real time. From these, we can infer the fact that the echolocation problem can be solved efficiently
with the help of the artificial neural network. Therefore, we designed a feed-forward neural network
to inversely reconstruct a 3D image from the collected ultrasound data, referred to as a bat-inspired
graphical visualization (Bat-G) network. (3) The sensory-to-image conversion of bats involves the
neural interactions between the nuclei on the central auditory pathway (through the brainstem and
the midbrain) and the auditory cortex (AC). From the sensory input, it is believed that the auditory
nuclei extract temporal and spectral features needed for the echolocation and then pass them to AC
through monaural, binaural, ipsilateral, and/or contralateral connections. The architecture of Bat-G
net is heavily inspired by the neuroanatomical auditory pathway of bats.

2 Related Work

In the past decades, airborne ultrasonic sensors have been widely used for range detection. These
sensors emit a single frequency ultrasonic signal and calculate the distance to the object in a 2D
horizontal plane by measuring the time-of-flight (TOF) of echoes reflected from an object. Recently,
there have been attempts to localize/classify a target object and/or reconstruct the shape of an object
as shown in table 1. A series of 3D localization strategies have been explored, which includes the
calculation of TOF difference between two pairs of microphones [8]] and the reception of signals from
a designated direction in 3D space using a beamforming (BF) technique [9]. In [10], a biomimetic
sonar system performing spectrum-based 3D localization is proposed. Another line of research
is the classification of target objects by combining different classification parameters such as the

Table 1: Summary of Related Works
[81 [O] [1O] (110 [I2] [13] [14] (150 [16] This Work

3D localization v/ v v v v X v v v v
Classification X X X v v v v v v v
Reconstruction X X X X X X v v v v
TX /RX 1/4 1/32 172 3/3 4/4 11 1/400 1/64 5/3 1/4
Measurement v v v v v v v v X v
1 SC, T, T, NN, SA, NN, T, T, NN,
Method T BF BM AC PCA BM BF HG CS BM

NOTE: ! T: Time difference of arrival, BF: Beamforming, SC: Spectral Cues, BM: Biomimetics, AC:
Angle Change, PCA: Principal-Component-Analysis, NN: Neural Network, SA: Synthetic Aperture, HG:
Holography, CS: Compressive Sensing
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Figure 2: (a) Operational block diagram of a bat's cochlear block. (b) Illustration of the operation of a
bat's temporal cue analysis (TCA) block. (c) Fine delay determination mechanism of a bat's spectral
cue analysis (SCA) block.

angles/distances between the 3D sensor array and an object [[1L1]] or by utilizing 16 TOF vectors (4
TXSs and 4 RXs) processed by means of the principal component analysis (PCA) [12]. However, such
techniques relying on a lookup table for the classification, distinguish only simple objects such as
plane, corner, and edge. On the other hand, [13] has attempted to categorize cube and tetrahedron by
analyzing the spectrum of echoes with the help of a neural network (NN). However, the approach has
yet to demonstrate the real potential of NN methods due to limited datasets alongside the rudimentary
NN structure. Besides 3D localization and classification of target objects, many efforts have been
made to solve the ill-posed inverse problem for the reconstruction of the 3D shape of an object
from the received echoes. Such attempts adopted either the BF [[14] or holography [15]] techniques
with a large number of TRX array. Compressive sensing (CS) technique, a subset of the inverse
problem approach, has also been tried in a simulation domain with a few cuboids considering the
sparse property of the scenes [16]. However, such inverse problem approaches require tremendous
computation power and time to process the incoming data from such large array. In this paper,
a feed-forward Bat-G network is proposed to solve the ill-posed 3D ultrasonic inverse problem.
The proposed network reconstructs 3D representation of diverse objects from measured 4-channel
ultrasonic signals.

3 Preliminaries

In order to understand the 3D spatial perception mechanism of a bat-inspired imaging (Bat-I) sensor,
it is essential to understand the structure of a bat's auditory system that comprising three principal
components including the cochlear and the temporal/spectral cue analysis block.

3.1 Cochlear Block

The position-dependent frequency selectivity of the basilar membrane in the bat's cochlea can be
modeled by sharply tuned band-pass filters (BPFs) as described in Fig. 2[a). These filters are
typically modeled by 81 parallel constant-bandwidth, 10th-order Butterworth IIR filters whose center
frequencies (f.) are hyperbolic in the range of 20-100 kHz. The transmission process linking the
excitation of hair cells to the primary auditory neurons through synapse is modeled by half-wave
rectification followed by low-pass filtering (LPF) at the output of each 81 BPF [17, [18]. As a
result, the emitted/received sound signal is decomposed into 81 band-pass filtered signals and then
subsequent rectifier and LPF extract the amplitude (or power) of the signals. Consequently, this
process produces the time-frequency representation of the acoustic time-domain signal, which is
analogous to the spectrogram.

3.2 Temporal/Spectral Cue Analysis (TCA/SCA)

The TCA block measures the elapsed time between the emitted sound signal and its echoes over each
repetitive emission time. Delay-tuned neurons operate as tapped delay lines in each frequency channel
as described in Fig.[2[b). The emitted and echo signal travel along these delay lines sequentially.
Coincidence detection neurons in multiple channels detect the coexistence of the emitted signal and



the echo signal in each tapped delay line. The activated position of the tapped delay lines determines
the delay of the echo. When the number of activated channels exceeds the threshold, the location of
the target is declared [[17].

Fine delay, caused by overlapping echoes reflected from two nearby glints, is unresolvable through
direct delay measurements by the TCA block [18]]. These fine delays are resolved by the SCA block
analyzing the spectral cues such as notch and null. Assuming only two glints exist for simplicity
and the echoes r(t) from two glints are reflected back with the same magnitude A but with different
delays 7 and 7o, then the received signal s(t) is given by

s(t) = Ar(t — 1) + Ar(t — 12), (1)
where ¢ denotes time. The frequency spectrum S(f) of s(t) can be written by
S(f) = A- R(f)e 2N L 4 e772mf(mmm), 2)

where f and R(f) are the frequency and the frequency spectrum of the individual echo r(t), respec-
tively. Bats transform the spectral information into a time-delay domain, as shown in Fig.[2|c), by
summing up the |S(fy)|-weighted basis only when the magnitude of the frequency spectrum |.S( fx)|
of k-th frequency channel exceeds the threshold Sip,. [19}[17, 20-22]], namely

N
wpat(T) = > [S(fi)l - cos@mfur) if |S(fu)l > Senr, 3)
k=1

where xp,;(7) and fj denote the time-delay representation of the bats and the center frequency of k-th
channel, respectively, as shown in Fig.[2{c) [17]. The fine delay is eventually determined by finding
the location of the peaks in the time-delay representation. Furthermore, a target can be considered
as an object containing several glints and reflecting surfaces [23H26]. Echoes reflected from these
glints contribute to the spectral cues of an echo [27]. That is, the shape of a target is expressed with a
unique spectral fingerprint. Bats are known to use these spectral signatures to recognize the shape of
a target [[18} 28 129]. Consequently, the sophisticated pattern recognition of the spectral cue is central
to the spatial perception mechanism.

4 Data Acquisition

Bat-inspired imaging (Bat-I) sensor (see Fig.[I[b)) emits broadband FM signals and records echoes
reflected from the target object. The recorded data transformed into spectrogram are fed into the
Bat-G network for training and the network eventually infers the object’s 3D representation. In
order to train the network, we have adopted a supervised learning algorithm and created 4-channel
ultrasound echo dataset, ECHO-4CH (49 k data for training and 2.6 k data for evaluation). Each
echo data consists of eight spectrograms (256 grayscale image) and one 3D ground-truth label (64>
voxels).

4.1 Data (4-channel Ultrasound Echo)

System Setup The ultrasonic electrostatic speaker (UES) (see Fig. [3(a)), placed at the center of
a sensing module, broadcasts the ultrasonic chirp in the frequency range of 20-120 kHz with the
maximum power of 78 dB SPL at 1 m. The UES is driven by a class AB speaker driver with a
maximum power of 10 W. Four ultrasound condenser microphones (UCMs) are placed right, left,
up, and down of the UES with the separation of 6 cm. The UCMs have a broad and flat frequency
response in 20-150 kHz with the attenuation less than -6 dB. The recorder amplifies the received
signals from the UCMs with the maximum gain of 40 dB and digitizes at a sampling rate of 750
kSample/s.

Broadcasting Signal Bats use a hyperbolic frequency-modulated (HFM) chirp containing multi
harmonics, which has the effect of pulse compression increasing the spatial resolution as well as the
receiver sensitivity assuring robust performance in environments with heavy reverberation [30-35].
Compared to the linear FM chirp, the HFM chirp is less sensitive to the frequency shifts caused by
the movement of subjects because of its Doppler tolerance [36]. The waveform of the HFM chirp



Figure 3: (a) Custom-made bat-inspired imaging (Bat-I) sensor for ultrasound data acquisition. (b)
Polar plot of signal-to-noise ratio (SNR) of a sphere and a triangular pyramid. (c) The region-of-
interest (ROI) pooling of the raw echo data. (d) Conversion of the echo signal into two spectrograms.

s With pulse duration Tz, chosen as the broadcasting signal format in our Bat-I sensor, can
be expressed as

e (t) = A(t) - sin[%” (1 +€f8), 0<t< Thm 4

where £ = (f1 — fn)/fifnNTura and f1 and fy are the first and the last carrier frequency, respec-
tively, and A(t) denotes a rectangular function given by A(t) = a-rect[(t—Trurar/2)/(Trra)|[37].
The selected HFM parameters are a = 0.3, Ty ppr = 6 ms, f1 = 120 kHz, and fn =20 kHz.

Objects and Data Acquisition We have chosen 16.2 k geometric object configuration (such as
cube, cone, sphere, and so on) as shown in Fig. 1(b), and created the objects using the building blocks
and a 3D printer. The geometric objects are randomly placed in a 64> cm® space with a distance of
1.48 m from the Bat-I sensor. Each target object is measured five times to desensitize the network to
the ambient noise (e.g. noise from electronic equipment, footsteps, voice and so forth). We eventually
acquired 81 k measured echo data.

Data Processing (1) Thresholding - An object reflects a limited portion of ultrasound energy back

to the UCM. The backscattered power fOTS |z, (t)|?dt with scan duration T} received by the i-th
UCM of a RADAR/SONAR system is

/TS |z, () |2dt = foTHFM |wgrar(t)2dt - Gy Apoe=22k
0 T, (47T)2R21 s

i=1,2,..,4 (5)

where fOTHFM |77 Far(t)|?dt and G are the power of the transmitted HFM chirp and the gain of the
UES, respectively [38, 39]. A, is the effective area of the UCM, o is the sonar cross section (SCS), a
is the atmospheric attenuation constant, and R; is the distance from the UES/i-th UCM to the object.
The SCS depends on the object’s geometric shape, and orientation of the ultrasound source. In case an
object has a small SCS (e.g. the most of the reflective surfaces of an object cause specular reflection),
the SNR of the received signal drops below the minimum detectable SNR threshold (see Fig. 3(b)).
As such, we have constructed training datasets with only reliable data that meet the threshold criteria

such as
Xinr = {af;(t) | Aaplzfy(t)] > -6 dB}, 0<t<T, i=12,..,4 (6)

where object-to-sphere power ratio (OSPR) of the k-th measured data of the i-th UCM A, [x’,fl )] =
10log| OTS |k ;(4)|2dt/ fOTS |z spn (t)]2dE]. OTS |zspn (t)|?dt is the backscattered power of an
isotropic sphere (radius = 9 cm).

(2) Pooling - 70.5 k-Sample data recorded by the Bat-I sensor covers a scan depth of 17.17 m
(the speed of sound ¢ = 343.42 m/s) as described in Fig. 3(c). Processing raw data requires large
computational resources. In order to reduce the input dimension, preliminary information reflecting
























