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ABSTRACT

The biosonar systems of bats in families of horseshoe and Old-World leaf-nosed bats include peripheral dynamics where the outer
ears undergo fast rotations and deformations during echo reception. These motions impart time-variant linear and nonlinear
effects on the received echoes. In the present study, we have investigated whether such time-variant effects create discriminable
and reliable signatures in clutter, i.e., echoes that are created by a superposition of reflections from multiple, unresolved scatterers.
We have used a laboratory setup with artificial foliage that was agitated by fans to create large data sets of clutter echoes. These
echoes were triggered by pulses with different time-frequency signatures (constant-frequency, frequency-modulated, and a com-
pound of the two) and received by flexible biomimetic pinna that was actuated via strings to create two different motion shapes at
five different motion speeds. Different deep-learning architectures (ResNets, transformers, and a 2D convolutional neural net-
work) were tested for their ability to classify the different motions based on single clutter echoes. The achieved performances (up
to 97% overall correct classifications) demonstrated that the time-variant signatures in the clutter echoes could form a reliable
substrate for the encoding of sensory information that may provide functional advantages for navigating complex natural
environments.

1 | Introduction [8, 9]. Echoes originating from dense clouds of scatterers, such as
leaves in foliage, are known as clutter [10]. The defining feature
of acoustic clutter is that the echo waveforms arise from super-
positions of returns from numerous unresolved scatterers whose
individual positions, orientations, and shapes remain unknown
[11]. Consequently, clutter echoes must be regarded as inherently
random and unpredictable making them difficult to interpret
[11]. Nevertheless, recent work has demonstrated that clutter
echoes can contain task-relevant information that biosonar sys-
tems might exploit: It has been shown that clutter echoes enable
A promising biological model for addressing this challenge is pro-  passageway detection in foliage without requiring resolution of
vided by the sophisticated biosonar systems of bats, particularly  individual scatterers [12, 13]. Similarly, location identification
those species that inhabit densely vegetated environments where has been demonstrated in forest environments—both at large
they routinely navigate through confined spaces among foliage scales (tens of km [14]) as well as at fine spatial resolutions
[5-7] relying on echolocation as their primary sensing modality =~ (sub-10 m accuracy [15]).

Developing engineered systems—such as robots anddrones—
that can reliably navigate and interact with complex natural envi-
ronments remains an unresolved challenge [1, 2]. Much of the
gravity of this challenge arises from the difficulty of obtaining
sensory information that is capable of supporting such operations
[3, 4]. This raises the question of whether, and how, current para-
digms for environmental sensing could be extended—or perhaps
fundamentally reimagined-to meet these demands.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided
the original work is properly cited.

© 2026 The Author(s). Advanced Intelligent Systems published by Wiley-VCH GmbH.

Advanced Intelligent Systems, 2026; 202501339 1 of 14
https://doi.org/10.1002/aisy.202501339


https://orcid.org/0009-0004-7574-2217
https://orcid.org/0000-0002-3765-5479
https://orcid.org/0000-0001-8358-4053
mailto:rolf.mueller@vt.edu
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1002/aisy.202501339
http://www.advintellsyst.com
https://doi.org/10.1002/aisy.202501339
http://crossmark.crossref.org/dialog/?doi=10.1002%2Faisy.202501339&domain=pdf&date_stamp=2026-02-10

The present work is motivated by findings that certain families of
bats (Rhinolophidae [16]) and Old World round-leaf bats
(Hipposideridae [17]), noted for their exceptional ability to navi-
gate dense vegetation [18-20], also exhibit distinctive peripheral
dynamics in their biosonar systems: The animals possess baffle-
like emitter and receiver structures, namely, the noseleaf [21]
and the external ears (pinnae [22]) that can both undergo rapid
deformations during pulse emission and reception respectively.
These deformations are precisely timed to coincide with pulse
emission or echo reception respectively [22-24] and fast enough
to result in substantial shape changes within the duration of
pulse/echo (approximately 10 to 100 ms [22]). Furthermore, the
deformations are actuated by specialized musculatures [25] sug-
gesting the hypothesis that these deformations are a substrate for
active sensing that has been shaped by evolutionary pressure to
improve sensory information encoding in the densely vegetated
habitats that are the hallmark of the sensory ecology of these
species.

To investigate this hypothesis, previous work by the authors [26]
has evaluated the impact of static differences in pinna shape on
the reception of clutter echoes. Changes to the pinna shape result
in different acoustic sensitivity patterns over direction and fre-
quency (i.e., beampatterns [22, 27]). Since beampatterns are lin-
ear system characterizations [28], their impacts on the clutter
echoes can be investigated using a collection of different static
shapes. The primary objective of these prior efforts [26] has been
to determine whether different pinna shapes exert consistent,
i.e., discriminable and reliable, effects on clutter echoes, despite
the inherently random nature of these signals. The rationale of
this approach has been that any functional relevance of different
pinna shapes must rest on their ability to produce acoustic effects
that are both of substantial magnitude as well as reliable. In the
previous work, this was confirmed by the ability of a deep-neural-
network classifier to determine which of ten tested pinna shapes
had been used to record a given clutter echo.

However, in a pinna that is continuously deforming while receiv-
ing the incoming echoes, the linear system characteristics are no
longer stationary, but time-variant. In addition, the acoustic
effects of pinna motions in rhinolophid and hipposiderid bats go
beyond altering the linear characteristics of the pinna: Since the
pinna motions in these species are fast, they impart substantial
Doppler shifts (up to =2kHz) on the received echoes [23]. As
nonlinear phenomena, Doppler shifts may offer a basis for sen-
sory information encoding that extends beyond the linear frame-
work provided by beampattern characterizations. To wit, it has
been demonstrated that Doppler-shift signatures created by a bio-
mimetic deforming pinna could be used to estimate target direc-
tion with sub-degree accuracy [29].

Furthermore, ample evidence highlights the importance of
Doppler shifts in the biosonar systems of rhinolophid and hippo-
siderid bats. The time-frequency structure of the biosonar pulses
emitted by these species includes narrow-band components that
are particularly well suited for detecting and characterizing
Doppler shifts [30, 31]. To achieve the necessary frequency reso-
lution, these bats possess an acoustic fovea—a frequency region
with neural overrepresentation due to a large number of nar-
rowly tuned frequency channels [31, 32]. This specialization is
complemented by an auditory-vocal control loop that compen-
sates for Doppler shifts caused by the bat’s own motion, thereby

maintaining the narrow-band components of returning echoes
within the acoustic fovea [30].

So far, sensory information conveyed by Doppler shifts has only
been investigated in the context of small, deterministic targets,
e.g., for direction-finding [29], acoustic flow [33], or characteri-
zation of insect prey [30]. The potential role of Doppler shifts in
extracting sensory information from clutter echoes has received
little attention as of now.

In the present work, the suitability of Doppler-shift patterns cre-
ated by pinna motions for encoding sensory information into the
waveforms of clutter echoes has been investigated. The approach
taken for this purpose closely followed that used previously to
evaluate the effects of pinna shape on the system’s linear acoustic
characteristics. In this study, deep-learning classifiers were
trained to identify different pinna motion shapes and speeds from
the distinctive signatures they imposed on the clutter echoes.
Success in doing so can be seen as experimental confirmation
that these nonlinear signal transformations have consistent
effects on the clutter echoes.

Whereas the linear effects of different static pinna shapes can be
characterized completely in the frequency domain, the time-
variant and Doppler-shift signatures produced by deforming
pinnae exhibit inherently joint time-frequency properties. This
suggests that the time—frequency structure of the emitted pulses
may influence how sensory information is encoded in the result-
ing echoes. To examine this hypothesis, the present study
employed pulses with distinct time-frequency profiles to classify
the corresponding pinna motion patterns.

As in the previous study, the results can be interpreted as follows:
If different motion shapes and speeds cannot be reliably identified
by a state-of-the-art deep neural network, then consistent signa-
tures capable of supporting the encoding of useful sensory infor-
mation are either absent or were undetectable by state-of-the-art
deep learning classifiers. Conversely, successful classification
would indicate the presence of a reliable substrate for nonlinear
encoding of information into clutter echoes—although its func-
tional utility would still require further demonstration.

2 | Experimental Section
2.1 | Acoustic Setup

The acoustic elements of the biomimetic sonar system used in this
research were a single emitter and a single receiver, each sur-
rounded by a biomimetic baffle that was designed to mimic the
respective interfaces in horseshoe bats (family Rhinolophidae).
The emitter structure was designed to mimic the noseleaf,
i.e., a “megaphone-like” emission baffle, of the greater horseshoe
bat (Rhinolophus ferrumequinum [16]). The noseleaf was scaled up
in size by a factor of approximately 1.7 relative to the biological
model. As a result of this scaling, the noseleaf had a total height
(tip of lancet to base of anterior leaf) of approximately 50 mm and
the “nostrils,” i.e., the outlets for the ultrasound, were approxi-
mately 3.5mm in diameter and spaced 5.5 mm apart.

Two electrostatic ultrasonic transducers (Series 600 open-face
ultrasonic transducer, diameter 38 mm, SensComp, Livonia, MI,
USA) with a —6 dB passband from approximately 45 to 75kHz
and a maximum response at approximately 55 kHz were used
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to generate the ultrasonic emissions. One transducer each was
connected to the nostrils of the biomimetic noseleaf via a conical
waveguide approximately 10 cm in length. Both pulse generation
(digital-to-analog conversion) and echo recording (analog-to-
digital conversion) were performed using a single data acquisi-
tion system (PXIe-6356, National Instruments, Austin, Texas,
USA) operating at 1.25 MHz with 16-bit resolution.

The receiver structure was a reception baffle designed to mimic
the pinna, i.e., the outer ear, of a horseshoe bat. The geometry of
the pinna model was adapted from previous simplifications of
the pinna geometry in greater horseshoe bats (Rhinolophus
ferrumequinum [27]). The physical realization of the pinna model
was manufactured from silicone elastomer (Dragon Skin 30,
Smooth-On Inc., Macungie, PA, USA), which provided the durabil-
ity and flexibility that are required for repeated dynamic actuation.
The aperture of the pinna, which represents the sound-receiving
region relevant for diffraction toward the ear canal, measured
approximately 50 mm in height, representing a 1.7 x scaling rela-
tive to the biological pinna of greater horseshoe bats (approximately
29 mm aperture height). The ultrasonic echoes were recorded
with MEMS capacitive microphones (Monomic, Dodotronic,
Rome, Italy) placed at the end of an artificial “ear canal” (length
10 mm) that was attached to the pinna model.

To replicate the dynamic nature of pinna motions observed
inhorseshoe bats [22], the pinna model was fitted with an actu-
ation system that produced deformations to coincide with echo
reception. The actuation system was set up to produce two dis-
tinct motion types at five different speeds each (Figure 1).
Deformations were generated by virtue of motor-driven tendon
actuation with two Kevlar strings (diameter, 2 mm) attached to

(a) Undeformed

Physical Model CAD Model

4 y
Motion 1: Motion 2:
Downwards Pull Sideways Pull

FIGURE 1 | [Illustration of the two motion types applied to the bio-
mimetic pinna model: (a) undeformed configuration showing physical
model (left) and CAD geometry (right); (b) downwards deformation;
and (c) sideways deformation. The arrows superposed on the photos indi-
cate the actuation force applied to deform the pinna.

the pinna tip: one oriented to produce a straight downwards
motion (“downwards”) when pulled, and the other to create a
diagonal, downward-sideways motion trajectory (“sideways”).
The maximum deformation amplitude for both motion types
was approximately 2.5 cm.

Five discrete speed levels (labeled “1” through “5” from slow to
fast) were established for each motion type by varying the motor
rotation amplitude, which directly controlled the magnitude of
string displacement. The speeds were calibrated to produce max-
imum Doppler shifts in increments of approximately 400 Hz,
ranging from 400 Hz (speed “1”) to 2 kHz (speed “5”) for a carrier
frequency of 50 kHz. The maximum of this range was selected to
match the maximum Doppler shifts (up to +2kHz) previously
observed in these species [23]. A static baseline condition (no
motor actuation) was included as a reference, yielding a total
of eleven motion profiles for classification: two motion types,
each at five speeds, plus the static reference.

All pinna deformations were driven by brushed DC motors
equipped with 64 counts-per-revolution encoders (37D series,
Pololu Corp., Las Vegas, NV, USA, 24V, 10,000 RPM no-load
speed, 0.55 kg-cm stall torque) for feedback. Motor control was
accomplished by virtue of a dedicated controller (RoboClaw,
BasicMicro Inc., Lake Forest, CA, USA) with a tuned PID loop
(P =52.62,1=0.0, D =25.0). The motor controller was interfaced
with the host computer via a microcontroller (Teensy 4.0, PJRC,
Sherwood, OR, USA). Actuation and ultrasonic transmission
were synchronized via a trigger signal (transistor-transistor logic,
TTL) from the digital to analog converter (PXIe-6356 DAQ,
National Instruments, Austin, Texas, USA). A single transmit
pulse was transmitted per deformation cycle.

To ensure that the echo recordings coincided with the maximal
Doppler shifts, preliminary calibration experiments were con-
ducted. For these experiments, a speaker was placed approxi-
mately 1.4 m downrange to transmit continuous-frequency
(CF) signals (carrier frequency 50 kHz, duration 300 ms) directly
at the receiver (Figure 2). In the recorded signals, the highest
Doppler shift frequency was defined as the highest frequency
in the spectrogram that was associated with a power-spectral
amplitude of not less than 20dB below maximum. For each
motion type and speed, the time of occurrence of the largest
Doppler shift defined in this way was noted. Based on this data,
pulse transmission was timed to account for both the deforma-
tion kinematics and the round-trip acoustic propagation delay
such that the maximum Doppler shift occurred during the cen-
tral portion of the 6 ms echo recording window.

Three types of ultrasonic transmit pulses were employed, each
with a duration of 6ms and tapered in amplitude with a
Hamming-window envelope: The constant-frequency (CF)
pulses contained only a single carrier frequency at 50 kHz. The
carrier signal of the frequency-modulated (FM) pulses was a lin-
ear downward sweep from 50 to 35 kHz. The combined CF-FM
pulse consisted of a 4 ms CF tone at 50 kHz immediately followed
by a 2 ms FM sweep from 50 kHz to 35 kHz. The CF-FM structure
mimics the general time—frequency shape of the echolocation
pulses seen in horseshoe bats [34].

The choice of a center frequency of 50 kHz for the CF component
was informed by both morphological scaling and comparative data
from horseshoe bats. The greater horseshoe bat (Rhinolophus
ferrumequinum) typically emits a CF component near 80kHz
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FIGURE 2 | Doppler-shift patterns associated with the two motion shapes and six speeds tested: The top set of spectrograms (a—f) corresponds to the
“downwards” deformation and the bottom set (g-1) corresponds to the “sideways” deformation. Within each spectrogram set, Doppler patterns for speeds from
static (a,g) to the largest tested speed (“speed 57, f,1) are shown. Doppler patterns were created using a CF pulse (50 kHz, duration 300 ms) directly transmitted
from a loudspeaker to the biomimetic pinna. The time window varies between speeds: For slower motions (b—d, h—j) more time is needed to fully develop both
positive and negative Doppler shifts, while for faster motions (e,fk,l) shorter windows are sufficient, so the time axis was adjusted accordingly.

[35]. Since the biomimetic pinna was scaled up by a factor of
approximately 1.7, direct allometric scaling [36, 37] would yield
a proportionally lower CF frequency of approximately 47 kHz
(80kHz divided by 1.7). The selected center frequency of
50 kHz that was picked for convenience falls within the deviations
from strict allometric scaling that have been observed across dif-
ferent rhinolophid bats: Several species (e.g., R. luctus, R. clivosus,
R. mehelyi) exhibit CF frequencies that differ by up to 50% from
their size-based predictions [37]. The 15kHz FM bandwidth

similarly corresponds to typical biological values when scaled
according to the 1.7 x size factor.

2.2 | Clutter Environment

The sonar setup was placed in an enclosure with approximate
dimensions of 2 X 2 X 2m (length X width x height) that was
surrounded by artificial foliage on three of the side walls (Figure 3).
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FIGURE 3 | Data collection setup: (a) view of the physical setup; (b) control scheme for the experiments; and (c) system control hierarchy from the

user interface to the low-level motor drivers.

The artificial foliage consisted of plastic leaves that were approx-
imately elliptical in shape, with an average length of 5cm, a
width of 3cm, and a thickness of 0.2 mm. Since the specific
acoustic impedances of plastic materials are similar to those of
biological soft tissues (one to a few MRayl [38, 39]) and hence
four orders of magnitude larger than air (413 Rayl [40]) for
any of these materials, the diffraction behavior of the plastic
leaves can be expected to be identical to that of biological leaves
to a very good approximation.

The total thickness of the foliage layer was approximately 0.30 m.
The density of the foliage was estimated by manually counting
the number of leaves within representative 10 X 10 cm segments
of the foliage layer, yielding an estimated density of approxi-
mately 6 leaves per 100 cm?, corresponding to 6,000 leaves per
cubic meter. Based on the measured beampattern characteristics
of the pinna models, the —6 dB beamwidth illuminated a circular
footprint with radius approximately 1 m on the foliage surface.
With the foliage depth of 0.30m, an estimated 16,000 leaves
could contribute to each echo at this gain level.

The floor and ceiling were not covered with artificial foliage due
to the low sonar gains observed in these directions. In this setup,
the noise floor in the ultrasonic recording was around —66 dB
relative to the maximum amplitude of the echoes. The minimum
and maximum Fraunhofer distances [41] of the biomimetic sonar
emitter were estimated as 0.5 and 0.75 m, respectively, based on a
receiver aperture width of 5 cm and the operating frequency range
from 35 to 50 kHz. The sonarhead was placed at a distance of 1.5 m
from the artificial foliage, ensuring that all reflections were
received under far-field conditions. All ultrasound recordings were

made under laboratory conditions (temperature ~20°C, relative
humidity ~30%).

The complete biomimetic sonar assembly (emitter, receiver, and
pinna actuation) was mounted on a pan-tilt unit (PTU-46-17.5,
FLIR, Wilsonville, Oregon, USA) that was used to vary the orienta-
tion of the sonarhead systematically. Data was collected across a
grid of orientations by stepping the azimuth from —10° to +10°
in increments of 1°, and the elevation from —3° to +3° in incre-
ments of 1°, yielding a total of 147 unique angular positions (21
azimuth X 7 elevation). This dense spatial sampling ensured that
the majority of reflections originated from the foliage layer rather
than from the enclosure boundaries (Figure 4).

Data acquisition was controlled (Figure 3) so that between each pair
of subsequent echo recordings, three large high-velocity drum fans
(fan diameter 50.8 cm, Hyper Tough, SFDE-500B3-1, Libertyville,
Illinois, USA), with an air throughput of 3.3 m? s ~! each, were acti-
vated to perturb the positions and orientations of the leaves in the
foliage. This randomization procedure ensured that sequential echo
recordings sampled different foliage configurations, creating uncor-
related clutter echoes. Previous work [26] has demonstrated that
this fan activation reduces the average off-diagonal correlation
between sequential echoes from 0.76 (static foliage) to 0.22 (agitated
foliage), approaching the correlation structure observed in field
recordings from natural vegetation [12, 14].

2.3 | Data Collection

For the clutter echo experiments, a total of 11,000 individual echo
samples were collected, equally distributed across all 11 motion
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FIGURE 4 | Example clutter-echo recordings obtained for the three studied signal types: constant frequency (CF 50 kHz carrier frequency, 6 ms
duration, top row), frequency-modulated (50-35 kHz sweep, 6 ms duration, middle row), and combined CF-FM (50 kHz CF carrier, 4 ms duration,
followed by a 50-35 kHz sweep with a 2 ms duration, bottom row). Spectrograms are shown for (a) the static-pinna condition and (b) a motion condition
(downward, speed 5). Each panel shows the spectrogram of the received clutter-echo segment (approximately 6 ms duration). Clutter-echo segments like
these examples were used as input to the deep learning classifier for the pinna motion.

profiles (1,000 samples per profile). Data collection proceeded sys-
tematically through the angular position grid. The recording
sequence was as follows: (1) The sonarhead was positioned at suc-
cessive azimuth-elevation angles from the 147-position grid, fol-
lowing a systematic raster scan from —10° to +10° azimuth and
—3° to +3° elevation, (2) for nonstatic motion profiles, the pinna
motion was initiated and allowed to stabilize for one complete
deformation cycle before pulse transmission, (3) echoes were
recorded sequentially for all three signal types (CF, FM, CF-
FM) at that angular position with the pinna motion synchronized
to each pulse, (4) the pinna motion was stopped, (5) the fans were
activated for 5 s to alter the foliage configuration, (6) the fans were
deactivated for 2s to allow the foliage motions and setup vibra-
tions to die down, (7) the sonarhead was repositioned to the next
angular location in the grid, and (8) Steps 2-7 were repeated. This
procedure cycled through the angular grid repeatedly until 1,000
echo samples were collected for each motion profile. Metadata
were logged for each echo, including: motion profile (static, down-
wards speeds 1-5, or sideways speeds 1-5), azimuth angle, eleva-
tion angle, signal type (CF, FM, or CF-FM), acquisition timestamp,
and environmental conditions (temperature, humidity).

2.4 | Signal Processing and Representation

Echo segments for classification were extracted from the
recorded signals with temporal alignment to the time of occur-
rence of the maximum Doppler shift. Each echo segment was
clipped to a duration of 6 ms, corresponding to the transmitted
pulse duration, beginning at the expected echo arrival time based
on the round-trip acoustic propagation delay (1.5m distance,
~9 ms round-trip time). This ensured that all analyzed echo seg-
ments captured the portion of the received signal with the maxi-
mum motion-induced Doppler modulation.

Bandpass filters (6™-order IIR Butterworth design) were applied
to the echo signals to filter out frequencies not covered by the
spectrum of the employed pulses and the expected maximum
Doppler shifts induced in the experiments: 48-52 kHz for CF sig-
nals, and 32-52 kHz for both FM and CF-FM signals. As input for
the motion classification experiments, the bandpass-filtered ech-
oes were converted into spectrogram representations using short-
time Fourier transforms (STFT) with a Hanning window (length
varied from 250 to 6,250 samples, corresponding to frequency res-
olutions from 200Hz to 5kHz) and 90% overlap between
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adjacent windowed segments. Spectrograms for all employed
time-frequency resolution settings were used separately in the
data analysis to investigate the impact of time-frequency resolu-
tion on classification accuracy.

Each spectrogram was computed over the full 6 ms signal seg-
ment, corresponding to 7,500 samples at the employed 1.25 MHz
sampling rate. At the highest frequency resolution (200 Hz), each
window covered approximately 5 ms of data, stepping forward in
0.5ms increments, effectively creating an approximation of a
pure frequency-domain representation with minimal temporal
resolution. At the lowest frequency resolution (5 kHz), each win-
dow covered approximately 0.2 ms, stepping forward in 20 ps
increments, approximating a pure time-domain representation.
Intermediate resolutions (500 Hz, 1 kHz, 2 kHz) were also tested.

To investigate whether Doppler-induced spectral broadening con-
tributed to motion classification, a second set of spectrogram rep-
resentations was prepared for the FM and CF-FM echoes only. In
these representations, the echoes were subjected to bandpass fil-
tering (6-order IIR Butterworth design, passband 35-50 kHz) in
order to restrict the spectral representations of the echoes to the
frequency band of the original pulses.

All spectrograms were standardized to a fixed size of 120 x 35 pixels
using linear interpolation. Since different time-frequency reso-
lutions produce spectrograms of varying native dimensions
(e.g., 114 x 11 for 200 Hz, 1 x 31 for 5 kHz), this standardization
ensured all neural network models received identical input
dimensions. Following interpolation, min-max normalization
was applied to scale the power-spectral density values of each
spectrogram into the range [0, 1].

2.5 | Data Analytics

Deep-learning network architectures with varying complexity
and numbers of parameters were evaluated for their ability to
identify the motion type and speed from the spectrogram repre-
sentations of the clutter echoes (Figure 5). The tested architec-
tures included residual networks (ResNet-18, ResNet-34,
ResNet-50, and ResNet-152 [42]), a simple 2D convolutional neural
network (2D-CNN) [43], and several transformer variants (Basic
Transformer, Vision Transformer, Lightweight Transformer,
Hybrid CNN-Transformer, Tiny Transformer).

All tested ResNet architectures (Figure 5a) incorporated the stan-
dard convolutional neural network design with groups of convo-
lution blocks (Figure 5b) and identity blocks (Figure 5c). Each
convolution block employed either a basic block (used for
ResNet-18 and ResNet-34) or a bottleneck block (used for
ResNet-50 and ResNet-152). The basic block contained two con-
volutional layers with kernel sizes of 3 3 and 1 x 1, followed by
batch normalization and ReLU activation [44]. The bottleneck
block included three convolution layers: a 1x1 convolution
for channel reduction, a 3x3 convolution for spatial feature
extraction, and another 1 X 1 convolution for channel expansion.
The identity blocks mirrored the convolution block structure but
retained the input dimensions via skip connections, ensuring
that the residual learning path propagated through the network.
To provide a reference for the performance of the deep-neural
networks, a simpler 2D-CNN (Figure 5d) was tested as well.
This network consisted of a 3x 3 convolution stage, followed

by 2x2max pooling, and a series of dense layers leading to a
softmax classifier with eleven outputs (one per motion profile).

Several transformer-based architectures (Figure 5e) were evalu-
ated to assess the suitability of alternative processing strategies
including attention mechanisms for motion classification based
on clutter echoes. The Vision Transformer [45] followed a patch-
based architecture, dividing input spectrograms (120 x 35 pixels)
into 8 x 8 patches, yielding 60 patches with 64-dimensional repre-
sentations each (Figure 5g). The patches were linearly embedded
into 512 dimensions and augmented with learnable positional
encodings to preserve spatial structure. Four transformer blocks
[46] processed the patch sequence, each containing multihead
attention layers (implemented as dense transformations with
residual connections) followed by feed-forward networks with
512-dimensional hidden layers, concluding with global average
pooling and a classification head. The lightweight transformer
(Figure 5f) employed a frequency-focused design: Spectrograms
were transposed from the standard time-frequency representation
(120 time steps X 35 frequency bins) to a frequency-time repre-
sentation (35 x 120) and processed through three 1D convolutional
layers (64, 128, 256 channels respectively, kernel size 3 for all
layers) to extract frequency-domain features along the 120-sample
temporal axis, treating each of the 35 frequency bins as a sequence
element. The resulting 35-length frequency sequence was aug-
mented with learnable positional encodings, where each of the 35
frequency bins received a position-specific embedding to preserve
frequency-domain structure, and processed by three transformer
blocks with 256-dimensional embeddings, residual connections,
and feed-forward networks. The Hybrid CNN-Transformer
(Figure 5h) combined spatial feature extraction with attention
mechanisms: three 2D convolutional layers (32, 64, 128 channels
respectively with 3x 3 kernels and 2x 2 max-pooling between
layers) extracted hierarchical features, which were flattened to
convert spatial positions into a sequence format (each spatial loca-
tion in the downsampled feature map became a sequence element)
augmented with learnable positional encodings that encoded the
spatial position of each feature within the downsampled feature
map, and processed through three transformer blocks (Figure 5i)
with 128-dimensional embeddings, attention layers, and feed-
forward networks. Two simpler dense network architectures
provided baseline comparisons. The basic transformer flattened
spectrograms into 4,200-dimensional vectors and processed them
through dense layers with 512 and 256 neurons, followed by global
average pooling and a classification head. The Tiny Transformer
employed a similar but more compact design with dense layers of
128 and 64 neurons to test the minimal viable architecture com-
plexity. All transformer-inspired architectures used ReLU activa-
tions, dropout (rate =0.2), and softmax classification.

All networks were implemented in TensorFlow ( [47], version
2.20.0) via the Keras interface library ([48], version 3.10.0) and
the Python programming language (version 3.12.11). All training
and inference were conducted on a graphics card (H200 Tensor
Core GPU, NVIDIA, Santa Clara, California, USA) with the
CUDA application programming interface ([49], version 12.7)
on the Virginia Tech Advanced Research Computing high-
performance computing cluster [50].

The classification results were obtained using a k-fold cross-
validation paradigm [51] with k=5, whereby the data were par-
titioned into five equal parts (i.e., “folds”). The samples in each
fold were split into five subsets, four of these subsets (i.e., 80% of
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FIGURES5 | Deep-learning network architectures used to identify the pinna motion given the spectrogram of a single clutter echo: (a) overall ResNet

architecture; (b) architecture of an individual convolution block showing the basic block used for ResNet-18 and ResNet-34 and the bottleneck block
used for ResNet-50 and ResNet-152; (c) the identity block architecture with three convolutional layers and the original input propagated in parallel;
(d) the 2D convolutional neural network architecture used as a reference; (e) general transformer architecture showing the general encoder structure
with input embedding, positional encoding, stacked transformer blocks, and classification head; (f) Lightweight Transformer with frequency-focused 1D
convolutions processing frequency bins as sequence elements; (g) vision transformer (ViT) architecture used showing patch embedding, positional
encoding, and transformer blocks; (h) hybrid CNN-Transformer architecture used combining 2-D convolutional feature extraction with transformer
processing; and (i) transformer block architecture with multihead self-attention, layer normalization, and feed-forward network with residual

connections.

the data) were used for training and the remaining subset
(i.e., 20% of the data) for testing. In each fold, a different subset
was designated for testing. This ensured that all samples contrib-
uted to both training and testing. The average classification accu-
racy was computed across the five folds to provide the reported
performance metric.

Model training used the Adam optimizer [52] with an initial
learning rate of 0.001 and categorical cross-entropy loss [53].
Networks were trained for up to 500 epochs with a batch size
of 64. Dropout (rate =0.2) was applied in the classifier heads
and transformer blocks to mitigate overfitting. Early stopping
was employed based on validation accuracy, with patience set
to 100 epochs; upon triggering, model weights were restored
to the epoch with the highest validation accuracy rather than
retaining the final epoch’s weights. Adaptive learning-rate sched-
uling was implemented whereby the learning rate was reduced
by a factor of 0.5 when validation loss failed to improve for 25
consecutive epochs, with a minimum learning rate floor of

1x10°. Model checkpointing was enabled to save the best-
performing model from each fold based on validation accuracy,
and the saved model was then evaluated once on the correspond-
ing held-out test set.

To investigate the separability of motion-induced signatures at
different stages of processing, three different uniform manifold
approximation and projection (UMAP) analyses were performed
[54] to produce 2D representations of the samples (Figure 6):
First, unsupervised UMAP was applied directly to the raw input
spectrograms (CF-FM signal type at 400 Hz frequency resolution,
corresponding to the optimal configuration for ResNet-18 with
97.19% overall classification accuracy) to assess whether motion-
related patterns were readily accessible in the raw inputs. This
baseline analysis revealed the natural clustering structure of
the clutter echoes before any learned transformations. Second,
supervised UMAP [54] was applied to the same input spectro-
grams, incorporating motion profile labels to examine the maxi-
mum achievable separation when the dimensionality reduction
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FIGURE 6 | Separation of the clutter-echo dataset for the CF-FM signal type of the different pinna motions based on uniform manifold approxi-
mation and projection (UMAP) analysis: (a) spectrogram inputs without supervision; (b) spectrogram inputs with supervision; and (c) feature repre-

sentations at the final layer of the deep neural network, showing distinct cluster separation for the classes in two dimensions without supervision.

was informed by the ground truth. Finally, unsupervised UMAP
was applied to the activations from the final hidden layer of the
trained ResNet-18 network to visualize how the deep learning
model transformed the input space.

The UMAP algorithm was configured as follows: The neighbor-
hood size parameter (15) determined the number of neighboring
points considered when constructing the high-dimensional topo-
logical representation, with this moderate value balancing pres-
ervation of local structure (fine-scale relationships between
similar samples) against global structure (broad organization
of clusters). The minimum distance parameter (0.1) controlled
how tightly UMAP was permitted to pack points together in
the two-dimensional embedding, with this relatively small value
encouraging tight clustering of similar samples while allowing
some separation for visualization clarity. The number of compo-
nents (2) specified the dimensionality of the output embedding
space, set to two dimensions to enable visualization. Euclidean
distance was used as the metric for computing distances in the
high-dimensional input space.

3 | Results

The motions of the deforming biomimetic pinna were found to
impart distinct Doppler signatures on the narrowband signals
that were received via direct transmission from a speaker
(Figure 2): For the downward deformations, fairly clear sinusoi-
dal modulation patterns were observed, with positive and nega-
tive frequency shifts approximately equal in magnitude, and the
maximum positive Doppler shifts scaling linearly with actuation
speed as configured in the calibration: approximately 400 Hz
(Speed 1), 800 Hz (Speed 2), 1.2kHz (Speed 3), 1.6 kHz (Speed
4), and 2 kHz (Speed 5). The Doppler patterns that were observed
for the sideways deformations had a similar general shape, but
appeared less symmetric. Likewise, the maximum Doppler shifts
(above the —20 dB threshold) followed the same linear scaling
from 400 Hz to 2 kHz. However, high power-spectral amplitudes
tended to be concentrated in narrower frequency bands than was
the case for the downward motions.

In the spectrograms of the clutter echoes (Figure 4), the observ-
able impact of the pinna motions varied with the type of the pulse
that was employed to trigger the respective echoes: The spectral
broadenings due to the Doppler shifts (up to the maximum of
+2kHz) were obvious in echoes triggered by the CF pulses
(Figure 4b, top), but were much less discernible in the FM
and CF-FM echoes (Figure 4b, center and bottom) due to the ran-
dom distribution of the signal energy across the time-frequency
plane. However, the spectral broadenings were still detectable at
edges of the signal band upon careful inspection.

The tested classifier architectures differed in their ability to iden-
tify the different pinna motion conditions (Figure 7). The four
tested ResNet architectures consistently delivered some of the
highest classification performances. For example, when trained
on CF-FM signals and the most favorable time-frequency reso-
lution of the spectrograms, the ResNet-18 architecture achieved
the highest classification accuracy (97.19%), followed closely
by ResNet-34 (97.09%), ResNet-50 (97.08%), and ResNet-152
(96.05%). The simple 2D-CNN architecture achieved 90.82%.
Transformer-based architectures yielded widely varying perform-
ances: the Vision Transformer achieved 96.05%, the Hybrid
CNN-Transformer reached 93%, and the Lightweight Trans-
former attained 92.21%, while the Tiny Transformer and the
Basic Transformer architectures failed to perform as effectively
(below 40%).

In general, the performance level of the tested classifier architec-
tures tended to increase with the number of model parameters
(Figure 8): On the high end, the tested ResNet architectures
had the highest number of model parameters and also achieved
the highest levels of performance. On the opposite end, the trans-
former architectures with the least number of parameters also dis-
played the lowest levels of performance. However, there were
exceptions from this trend: Within the different ResNet architec-
tures, there was no discernible trend for an improved performance
with increased model size. Several lightweight architectures were
able to match architectures with higher parameter count in terms
of the achieved classification performances: The Hybrid CNN-
Transformer and Lightweight Transformers architectures, for
example, achieved 92% to 93% accuracy for CF-FM signals with
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less than one million parameters. This represents a 14-41X
parameter reduction when compared with ResNet-18 (97.19%).
Similarly, the Vision Transformer matched the performance of
ResNet-152 (96% accuracy) using 94% fewer parameters.

Classification accuracy varied substantially across the three sig-
nal types tested. With the best-performing network architecture
(ResNet-18) and the most favorable frequency resolution
(400 Hz), CF signals achieved 48.31% overall accuracy, FM sig-
nals reached 92.78%, and CF-FM signals attained 97.19%
(Figure 9).

Classification accuracy versus model parameter count for the different tested classifier architectures (colors, legend) and signal types:

While the CF echoes supported the lowest motion identification
accuracies, the performance level achieved (48.31% overall) was
still well above chance level (9.1% for the 11 motion classes). The
confusion matrix revealed systematic patterns in this perfor-
mance (Figure 9a): The static shape achieved the highest individ-
ual accuracy at 93.7%, followed by some of the conditions with
the highest speeds (downwards at speed 5, 67.3%; sideways at
speed 4, 55.5%). Mid-range speeds showed substantially lower
accuracies (30-45%), with the highest confusions between adja-
cent speed levels of the same motion type. Confusions within
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FIGURE 9 | Performance of the pinna motion classifier for different
signal types. Average confusion matrices for the best performing network
architecture (ResNet-18), operating on the 6 ms clutter-echo segments
(Figure 4) using k-folds validation, with k=5: (a) CF (50 kHz carrier,
6ms duration), with an average accuracy of 48.31%; (b) FM (50-
35kHz sweep, 6 ms duration), with an average accuracy of 92.78%;
and (c) CF-FM (50kHz tone, 4 ms duration followed by a 50-35kHz
sweep, 2 ms duration), with an average accuracy of 97.19%.

motion types (i.e., downward versus sideways) tended to be
greater than between motion types, but this difference was
not statistically significant (average confusion 7.20% within
motion types vs. 5.26% between motion types, two-sample ¢-test:
t(88) =1.80, p>0.05). Confusion between neighboring speeds
(i.e., one level apart) was significantly higher than between
speeds that were two or more levels apart (average confusion
11.94% for neighboring speeds vs. 4.04% for distant speeds,
two-sample t-test: #(38) =5.03), p <0.001).

For FM signals, true positive rates ranged from 89.6% to 100%
across motion types and speeds, with the static shape achieving
perfect classification (Figure 9b). Misclassifications occurred pri-
marily between adjacent speeds within the same motion type,
similar to the results for the CF signals, but at overall substan-
tially reduced rates of confusion. Within-motion-type confusion
averaged 1.63%, significantly higher than cross-motion-type con-
fusion (0.28%; two-sample ¢-test: t(88) = 6.75, p <0.001).

The classifier performance for CF-FM signals was only slightly
better than for FM signals: The overall accuracy was 97.19%, with
true positive rates ranging from 95.1% to 100% across all motion
types and speeds (Figure 9c). The static condition again achieved
perfect classification. Errors were confined almost exclusively to
neighboring speed levels within the same motion type, with the
largest confusions (1.8%) occurring between speed levels 3 and 5
for the sideways deformation. Within-motion-type confusion
averaged 0.60%, significantly higher than cross-motion-type
confusion (0.12%, two-sample t-test: £(88) = 5.40, p < 0.001), dem-
onstrating robust motion-type discrimination with errors con-
fined to fine-grained speed differentiation within each motion
category.

Bandpass filtering the spectrogram representation of the FM and
CF-FM clutter echoes to restrict their passband to that of the orig-
inal pulses resulted in only negligible changes to the classifica-
tion performance: When using the ResNet-18 classifier with a
spectrogram frequency resolution of 400 Hz, the estimated over-
all classification accuracy after bandpass filtering changed from
92.36% to 92.15% for the FM signals and from 97.19% to 97.20%
for the CF-FM signals.

Classification accuracy exhibited a strong dependence on the
time-frequency resolution of the spectrogram representations
(Figure 10) that followed a similar pattern across all three signal
types: Classification accuracies tended to peak in the region of
high frequency resolutions and to decrease monotonically from
there as the frequency resolution decreased. Exceptions from this
trend were only found in the lowest-performing architectures.
For FM and CF-FM signals, the peak performances occurred
at frequency resolutions that were reduced from the maximum
values tested, whereas for the pure CF signals, performances
tended to decrease monotonically from the highest frequency res-
olutions tested.

UMAP analysis displayed a three-stage progression in motion sig-
nature separability from raw spectrograms to learned network
representations (Figure 6): Unsupervised UMAP applied to
raw CF-FM spectrograms showed heavy overlap between the
different motions with no apparent structure (Figure 6a).
Supervised UMAP based on motion-labels resulted in improved
separation between different motion. However, the clusters
remained closed together and a substantial number of samples
were scattered outside of their respective clusters (Figure 6b).
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FIGURE 10 | Effect of the time-frequency resolution of the clutter-echo spectrograms on classification accuracy for the three signal types: (a) CF

(50 kHz carrier frequency, 6 ms duration), (b) FM (50-35 kHz sweep, 6 ms duration), and (c) CF-FM (50 kHz carrier frequency with 4 ms duration

followed by a 50-35kHz sweep with 2 ms duration).

Unsupervised UMAP applied to final hidden layer activations
from the trained ResNet-18 network demonstrated separation
of the different motions into compact regions with large inter-
cluster distances (Figure 6¢).

4 | Conclusion

The successful classification of pinna motion types and speeds
from clutter echo spectrograms demonstrates that dynamic pinna
motions create consistent, i.e., discriminable and reliable, signa-
tures despite the inherently stochastic nature of the clutter echoes.
These fundamental properties should allow these motion-induced
effects to serve as a suitable substrate for the encoding of sensory
information. Furthermore, the fine-grained discrimination of both
motion types and speeds could offer an opportunity for informa-
tion encoding in subtle differences as well as give fine control over
the process of information encoding. Hence, the current research
extends previous findings on the potential role of pinna mobility in
bats. Whereas prior work has been limited to rigid rotations that
reorient the beampattern [55, 56] or static differences in beampat-
tern [26], the current work covers nonstationary linear as well as
nonlinear (Doppler) effects associated with the fast, continuous
deformations of the pinnae.

The classification results revealed marked differences in perfor-
mance across the three signal types, with implications for under-
standing how motion information is encoded in clutter echoes:
The comparatively poor performance of pure CF signals (48%
overall accuracy) appears to be counter to prior findings and
expectations in the context of deterministic targets, where the
task has been to detect small Doppler shifts [29, 33]. In these
cases, a narrowband CF signal provides a well defined marker
along the frequency axis that is conducive to high accuracy.
However, the stochastic distributions of the reflectors (leaves)
in a foliage over a wide angular range will degrade the efficiency

of any narrow frequency marker. Regardless of the input signal
type, the echo generated by such a scatterer arrangement will
always be blurred out by the random distribution of the
Doppler shifts created by the different scatterers. This may have
been the reason why CF signals supported reliable detection of
motion (evident in the 94% correct classification of the static ref-
erence), but allowed only for a poor resolution of motion types
and speeds, particularly when dealing with adjacent speeds.

The superior performance of the FM and CF-FM echoes (93% and
97% overall classification accuracy respectively) indicates that
these signals conveyed more information about the different
motions to the classifier networks. This is presumably due to
these signals filling a much wider area in the time-frequency
plane. The finding that restricting the echoes to the original pass-
band of the pulses did not degrade performance for the FM and
CF-FM echoes further corroborates that the classifiers were not
looking at an overall spectral broadening due to the Doppler
shifts. Instead, motion discrimination appears to rely on spectro-
temporal structure distributed across the time-frequency repre-
sentation. Similarly, the results of experimenting with different
time-frequency resolutions of the echo spectrograms provided
indication that some time resolution did contribute to the
improved classification performance associated with the FM and
CF-FM signals: For both of these signal types, the maximum per-
formance was not achieved for the highest frequency resolution,
but for a frequency resolution (300-500 Hz) that was somewhat
lower than maximum (200 Hz). This finding could point to either
nonlinear effects arising from Doppler shifts or linear time-
variant effects evident in the time-frequency plane being impor-
tant for the superior classification performance associated with
the FM and CF-FM signals.

The comparisons of the results obtained with the different clas-
sifier architectures revealed that accurate classification of the
motion signatures could be accomplished with comparatively
small networks (277-807 K parameters). This finding supports
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the notion that the motion-induced signatures are readily acces-
sible in the spectrotemporal representations and should make
utilizing them on resource-constrained platforms possible.
However, the failure of unsupervised UMAP to separate motion
classes in raw spectrograms and the poor performance (down to
below 40% overall accuracy) of some of the smallest networks
(Tiny and Basic Transformers with less than 270K parameters)
suggests that a certain level of effort and sophistication may
be required to extract sensory information from the motion-
induced signatures. The much smaller spread between the worst
and best performing classifier architectures for CF signals
(5.02x) on one side and FM and CF-FM signals on the other
(10.14 x and 9.91 %, respectively) could be taken as an indication
that the performance in the case of the CF signals is more likely
limited by the information content of the signals than the capac-
ity of the classifier networks.

While the present work has demonstrated that motion signatures
exist in clutter echoes and are readily discriminable by deep-
learning classifiers, a critical gap remains: Discriminability does
not establish functional utility. Future work should evaluate
pinna motions in actual sonar tasks by comparing static versus
dynamic receiver configurations on ecologically relevant chal-
lenges such as target detection, localization, or classification in
clutter. Such experiments would establish whether motion-
induced signatures translate to measurable performance
improvements beyond classification benchmarks, thereby bridg-
ing the gap between demonstrating that motion information
exists in clutter echoes and establishing its functional value
for biosonar-based sensing in complex acoustic environments.
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