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Deep Learning-Driven Modeling of Dynamic Acoustic Sensing in
Biomimetic Soft Robotic Pinnae

Sounak Chakrabarti

(ABSTRACT)

Bats possess remarkably sophisticated biosonar systems that seamlessly integrate the physi-

cal encoding of information through intricate ear motions with the neural extraction and pro-

cesssing of sensory information. While previous studies have endeavored to mimic the pinna

(outer ear) dynamics of bats using fixed deformation patterns in biomimetic soft-robotic

sonar heads, such physical approaches are inherently limited in their ability to comprehen-

sively explore the vast actuation pattern space that may enable bats to adaptively sense

across diverse environments and tasks.To overcome these limitations, this thesis presents

the development of deep regression neural networks capable of predicting the beampattern

(acoustic radiation pattern) of a soft-robotic pinna as function of its actuator states. The

pinna model geometry is derived from a tomographic scan of the right ear of the greater

horseshoe bat (Rhinolophus ferrumequinum. Three virtual actuators are incorporated into

this model to simulate a range of shape deformations. For each unique actuation pattern

producing a distinct pinna shape conformation, the corresponding ultrasonic beampattern is

numerically estimated using a frequency-domain boundary element method (BEM) simula-

tion, providing ground truth data. Two neural networks architectures, a multilayer percep-

tron (MLP) and a radial basis function network (RBFN) based on von Mises functions were

evaluated for their ability to accurately reproduce these numerical beampattern estimates

as a function of spherical coordinates azimuth and elevation. Both networks demonstrate

comparably low errors in replicating the beampattern data. However, the MLP exhibits



significantly higher computational efficiency, reducing training time by 7.4 seconds and in-

ference time by 0.7 seconds compared to the RBFN. The superior computational performance

of deep neural network models in inferring biomimetic pinna beampatterns from actuator

states enables an extensive exploration of the vast actuation pattern space to identify pinna

actuation patterns optimally suited for specific biosonar sensing tasks. This simulation-based

approach provides a powerful framework for elucidating the functional principles underlying

the dynamic shape adaptations observed in bat biosonar systems.



Deep Learning-Driven Modeling of Dynamic Acoustic Sensing in
Biomimetic Soft Robotic Pinnae

Sounak Chakrabarti

(GENERAL AUDIENCE ABSTRACT)

The aim is to understand how bats can dynamically change the shape of their outer ears

(pinnae) to optimally detect sounds in different environments and for different tasks. Previ-

ous studies tried to mimic bat ear motions using fixed deformation patterns in robotic ear

models, but this approach is limited. Instead this thesis uses deep learning neural networks

to predict how changing the shape of a robotic bat pinna model affects its acoustic beam-

pattern (how it radiates and receives sound). The pinna geometry is based on a 3D scan of

a greater horseshoe bat ear, with three virtual ”actuators” to deform the shape. For many

different actuator patterns deforming the pinna, the resulting beampattern is calculated us-

ing computer simulations. Neural networks ( multilayer perceptron and radial basis function

network) are trained on this data to accurately predict the beampattern from the actuator

states. The multilayer perceptron network is found to be significantly more computationally

efficient for this task. This neural network based approach allows rapidly exploring the vast

range of possible pinna actuations to identify optimal shapes for specific biosonar sensing

tasks, shedding light on principles of dynamic ear shape control in bats.
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Chapter 1

Introduction

1.1 Bat Biosonar

Sonar, which stands for Sound Navigation and Ranging, is the use of acoustic waves to

navigate and sense a specific environment. There are two main types of sonar: active and

passive. Active sonar involves producing a sound with the intent of reaching or sensing a

target, while passive sonar is used for listening to sounds produced by the target. Sonar is

employed in many contexts, including biological systems, where it is referred to as biosonar.

For example, gleaning bats use passive sonar to localize prey. [76, 91] Biosonar enables

organisms to navigate their environment, allowing them to find, learn, and return to places

of interest. [58].

Of the approximately 1,400 known bat species, around 1,200 [96] employ their biosonar

systems for navigation, obstacle avoidance, and spatial orientation in diverse environments,

enhancing their hunting and foraging abilities in dense vegetation [77]. The greater horsehoe

bat (Rhinolophus ferrumequinum) exemplifies sophisticated biosonar usage, utilizing a com-

bination of CF (constant frequency) segments and FM (frequency modulated) sweeps while

searching for food. This species is exceptionally maneuverable when flying between branches,

environmental clutter, and hanging in trees [26]. In addition, they are known to briefly stop

in front of foliage and even do hovering flight while catching prey [26]. Similarly, insectivo-

rous big brown bats (eptiesicus fuscus) exhibit adaptive echolocation strategies in complex

1
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environments. When approaching prey or navigating cluttered spaces, they increase the rate

of sound production while decreasing pulse length, effectively expanding their acoustic field

of view. [68, 76] They can even adapt their sonar calls according to their own movements by

timing emissions according to their wingbeat rates. [11] While their echolocative behaviors

are well understood, the sensory basis behind these capabilities is not yet well understood.

Technical sonars are typically 100 to 1000 times larger than the wavelengths they operate

on [13, 88]. In contrast, the bat biosonar system is very compact, comprising just three

main components: an emitter (larynx and nostrils) and two ears functioning as receivers,

collectively operating at frequencies up to 80 kHz. From a biological perspective this is

remarkable, especially considering that the total brain mass of many bat species is less than

1 g [10, 39]. One postulate is that the geometry of the outer ear, known as the pinna,

plays a critical role in dynamically sensing their environments, especially for (rhinolophids

and hipposiderids) [18, 64]. During biosonar activity, the pinna assists with localization,

using time delays and binaural cues for horizontal angle localization, and monaural cues for

vertical localization [76]. The linearity in encoding signals with the pinna was proven when

the removal of a flap in the ear of the Brown Long-Eared Bat (Plecotus auritus) drastically

changed the sensitivity of the pinna,known as the gain, which is a function of both direction

and frequency [51]. Moreover, immobilizing the pinna of the greater horseshoe bat caused

a drastic decrease in performance of vertical localization [43]

Early studies demonstrate that the greater horseshoe bat commits to rapidly alternating

ear movements coupled with short orientation pulses near close objects [18]. More recent

findings have uncovered the potential involvement of nonlinear mechanisms in the encoding

process. For instance, the surface velocities of the greater horseshoe bat’s (Rhinolophus

ferrumequinum) pinnae have been shown to create Doppler shifts that encode echoes incident

on the ear canal [98]. The goal of our study is to describe the static changes in the pinna
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using time invariant characteristics (beam patterns) in order to understand how the bat

dynamically encodes signals upon reception.

1.2 Biomimetic Soft Robot

Pinna motions made by the greater horseshoe bat are of high interest due to the high

variability in their dynamics including both rigid rotations as well as nonlinear deformations

[100]. In particular, rigid rotations are known to have a large amount of variability [66],

and are instrumental in reducing background clutter while increasing target localization

abilities. Studies have shown that the pinna motions in horseshoe bats are non-rigid as well,

resulting in noticeable geometrical changes to the pinna shape, and affecting beampatterns

on reception. Importantly, the extent of these non-rigid shape deformations has been found

to be comparable in magnitude to the ultrasonic wavelengths used by these bats [14]. This

amount of variability is to be expected in bats based on qualitative observations. From

a quantitative standpoint it’s tantamount that the bat pinna contains a large number of

muscles around 20 [73].

Given the number of degrees of freedom in the musculature of the original pinna, it is difficult

to repeat all of the flexible behavioral patterns of these bats in real time [59]. In addition,

there are physical limitations to how many pinna motions that can be extracted from this

species of bats in a lab environment to understand how they echolocate. Moreover, obtaining

substantial quantitative results from natural sensory behaviors in complex natural environ-

ments proves exceedingly difficult. Further complicating matters, bats might be generating

additional types of deformations in their natural habitats. Studying such deformations in

the wild presents its own set of challenges and experiments with live animals have to be

limited in scope due to ethical considerations.
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To simplify the search for pinna deformations, [52] identifies four major characterizations

describing the impact of the pinna dynamics on encoding of sensory information: emission

amplitude, direction angles, and frequency. Unfortunately, acquiring accurate data on these

attributes from live bats is particularly challenging. Given these limitations, the need for

more quantitative data necessitates a biomimimetic approach, the study of nature as a model

for understanding special physical phenomena [9].

In this case, the bat’s biosonar system employs a cyclical perception and action model [82].

The process is initiated by transmitting sound pulses outward from the larynx or nostrils into

the surrounding environment. These transmitted pulses then encounter objects, generating

echoes that propagate back towards the organism. The outer ears capture these returning

echoes, transducing them into neural signals within the inner ear structures. Subsequently,

the neural system then extracts all pertinent information from the encoded signals. Based

on this extracted information the bat dynamically modulates various components involved

in sonar operation by issuing control signals to the appropriate motor pathways. Hence we

have this closed-loop architecture that incorporates feedback at various stages allowing the

opportunity for optimization of the bat’s sonar capabilities in response to echoes received

and the data gleaned from them [48]. Within this loop, the bat pinna can be considered

as a complex robotic sensor, where the function of the actuation is sensing the external

environment. Given the intricate and flexible nature of this biological sensor, replicating its

structure and function for research purposes presents a unique challenge.

To address this challenge, soft robotics offers a promising solution. This field, which focuses

on the usage of flexible ’soft’ materials for modelling real life objects [89], is necessary for

replicating the bat’s pinna. Soft robotic models allow researchers to understand the dynamic

effects without harming live bats, providing an ethical and practical approach to studying

these complex structures [3, 82].
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1.3 Deep Learning Methods

Modelling the controls of a redundant continuum soft robot with many degrees of freedom,

and retaining the function of acoustical sensing is no easy task. Leveraging deep reinforce-

ment learning has emerged as the cutting-edge methodology, enabling robots to iteratively

explore and uncover optimal behavioral patterns through a process of trial and error inter-

actions within their operational environments. [33] Obtaining realistic experience through a

physical system is arduous, costly, and challenging to replicate in real time settings [33].

This issue is compounded by the large dimensionality of the state and action spaces inherent

to such systems. For example, the greater horseshoe bat’s noseleaf involves around 14 mus-

cles [92], while each of its pinnae (outer ears) requires approximately 20 muscles to function

[73]. As a result, replicating the intricate complexity of this biological system, with its two

pinnae, in a robotic platform could demand the integration of nearly 50 actuators. A model

based approach with a reduced number of controllable parameters is necessary to address

the overall control problem [33, 86, 93].

Otherwise, defining the search space containing all possible configurations for controlling a

robot with many degrees of freedom is a difficult task. As an illustrative example, learning

hand-eye coordination for grasping tasks with a robotic manipulator featuring seven degrees

of freedom and a two-finger gripper necessitated executing over 800,000 grasping motions over

a period of two months, employing six to 14 manipulators operating in parallel [37]. Similarly

training a three fingered Jaco robot arm on a pixel-to-action learning task: reaching to a

randomly placed target from a random start location would take 53 days on a real robot with

continuous training for 24 hours a day [86]. Meanwhile, the MuJoCo simulator employing

an Actor Critic method [42], has demonstrated higher efficiency in training the Jaco robot

arm. This approach enables the arm to perform effectively just after 24 hours of training on

a CPU compute cluster.
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These advancements highlight the necessity of applying a deep-learning method to the prob-

lem of controlling the biomimetic bat ear [53]. The challenge lies in efficiently testing a vast

number of dynamic shape conformation sequences. While physical simulation software could

theoretically handle this task, the sheer number of possible conformations makes computa-

tional methods impractical due to time and resource constraints. To address this issue, a

novel approach is required–one that can instantaneously evaluate the acoustic characteristics

of each shape conformation.

In response to this challenge, this research investigates the application of deep learning

techniques to model the full acoustic characteristics of a biomimetic pinna as a linear time-

invariant system. Specifically, the aim is to characterize the receiver’s directional sensitivity,

commonly referred to as its acoustic gain, as a function of both the far-field angle of incidence

and the frequency of the incident sound waves. This characterization effectively captures

the beam patterns associated with the biomimetic pinna’s reception capabilities.

Traditional modeling approaches that establish connections between the actuation inputs

of a biomimetic pinna and the resulting acoustic characteristics require a two step process:

(i) forecasting the pinna’s shape based on actuator inputs, and (ii) predicting the acoustic

characteristics stemming from that specific shape [14] As mentioned earlier, both steps can

be computationally expensive to produce the desired results. While numerical methods such

as finite elements [48] or boundary elements [40] can be optimized for efficiency, enabling

higher angular resolution and the ability to evaluate the pinna’s acoustic response across a

broad range of frequencies for a larger dataset of pinna shapes, the overall computational

process can still demand up to several hours of computation time on a PC [38]. This

computational burden is particularly pronounced when evaluating the Helmholtz equation

at low to moderately large wavenumber ranges betweenm−1 to m−1 which correspond to CF

component in the biosonar pulses of horsehoe bats [78, 87]. To address these computational
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challenges, researchers have turned to alternative approaches. DL neural network-based

regression methods provide a data-driven yet meshless avenue to capture the physics of

traditional numerical methods [30, 95]. This fusion of numerical methods and machine

learning offers unique advantages. Utilizing the numerical method as a data augmentation

step for training the machine learning system, the actuator states can be linked to beam

patterns directly addressing any observational biases [30].

Although training a deep neural network (DNN) can be computationally expensive and

resource-intensive, once the training is complete, the process of inference or making predic-

tions using the trained model is significantly more efficient and cost-effective. This charac-

teristic makes DNNs well-suited for applications involving pinna motions, where the model

needs to be trained only once, but the inference process must be repeated numerous times

to generate predictions or classifications for new input data. Additionally, any inductive

biases such as the use of boundary conditions or any other prior knowledge is also explored

by designing a specialized neural network architecture using radial basis functions [2, 30].

In this study, two approaches have been tested, using a black box deep neural network to fit

the data, and utilizing prior knowledge of the shape of the beampattern to train a specially

curated network.The black box methodology uses multi-layer feed-forward networks, which

are assumed to be well universal function approximators utilizing a combination of weights

and activation layers which can easily find the relationship between the actuator states of

the pinna and the associated beam patterns through back propagation [22, 69, 84]. The

traditional RBFN assumes that the training data at hand is nonlinearly separable, and makes

use of prior knowledge of the data in the form of weighted nonlinear basis functions such

as the distances from center mean values of multiple gaussian distributions to approximate

a smooth function [2]. Additionally, one convenient aspect is that when fitting data to

the RBFN, the number of degrees of freedom is required, which is known. The maximum
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number of basis functions is constrained to the number of data points which would lead to

overfitting.

During the 1990s radial basis function neural networks (RBFNs) gained popularity as an

alternative to deep neural networks (DNNs) due to their superior performance and lower

network complexity compared to DNNs [81]. Multilayer perceptrons (MLPs), had higher

sensitivity to initial conditions due to their numerous parameters,and often struggled to

converge to global minimums, instead becoming trapped in undesirable local minima [20,

63]. However, powerful modern machine learning frameworks have made training black-box

models more convenient compared to the effort of injecting prior knowledge through basis

functions in RBFNs [60, 61].

To investigate whether a RBF network, that uses basis functions that are a match for the lobe

structure of beampatterns, can improve the quality and efficiency of beampattern estimates,

a deep RBFN using von Mises basis function [25] is implemented and tested. Unlike most

RBF networks, which are symmetric around a 2D point, the von Mises basis function is

symmetrical about a point in 3D spherical coordinates. The expression is given below.

The input parameters are azimuth and elevation (θ,φ) while the centroids in azimuth and

elevation are (α,β). There’s a concentration parameter κ which is also known as a shape

parameter, and the larger the value is the narrower the function width is after transformation

by the expansive function e.

VM(θ, φ, α, β, κ) = e(κ[sin θ sinβ cos(θ−α)+cos(θ) cos(β)]

To assess whether the injection of this prior knowledge into a deep neural network could

enhance inference and training performance, a comparative study is conducted. This study

contrasts the performance of the deep von Mises basis function network against a standard

’vanilla’ black-box multi-layer network.



Chapter 2

Deep Learning-Driven Modeling

2.1 Executive Summary

Biological function often depends on complex mechanisms of a dynamic, time-variant nature.

An example are certain bat species (horseshoe bats - Rhinolophidae) that use intricate pinna

musculatures to execute a variety of pinna deformations. While prior work has indicated

a potential significance of these motions for sensory information encoding, it remains un-

clear how the complex time-variant pinna geometries could be controlled to enhance sensory

performance. To address this issue, the present work has investigated deep neural network

models as digital twins for biomimetic pinnae. The networks were trained to predict the

acoustic impacts of the deformed pinna geometries. A total of three network architectures

have been evaluated for this purpose using physical numerical simulations (boundary element

method) as ground truth. The networks predicted the acoustic beampattern function from

pinna shape or even directly from the states of actuators that were used to deform the pinna

shapes in simulation. Inserting prior knowledge in the form of beam-shaped basis functions

did not improve network performance. The ability of the networks to produce beampattern

predictions with low computational effort (in about three milliseconds each) should lend it-

self readily to supporting learning methods such as deep reinforcement learning that require

many such functional evaluations.

9
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2.2 Introduction

Autonomous navigation in complex natural environments remains an unresolved technical

challenge at present [23, 41, 56]. The current technological shortcomings apply to mobility

as well as to the capability of sensing important features of the environment. However, there

are a number of potential biological model systems provided by highly mobile animals that

thrive in densely vegetated habitats and could hence offer new approaches to this problem.

For example, there a few groups of bat species that stand out for their ability to navigate and

hunt their prey in dense vegetation [11, 26, 68, 76, 77]. While the sensory basis for many of

the capabilities of these bats is not yet understood, it is known that bats with sophisticated

biosonar systems can accomplish such tasks based on biosonar echoes as their sole source

of information on their environments [12, 17]. In at least two bat groups with particularly

sophisticated biosonar systems – horseshoe bats (Rhinolophidae) and Old World leaf-nosed

bats roundleaf (Hipposideridae), a number of unique features that have been interpreted as

adaptations for detecting prey in dense vegetation [54, 68, 75]. In addition, a conspicuous

pinna dynamics appears to be an integral part of biosonar function. Animals from these

bat species frequently carry out rigid pinna motions as well as pinna deformations while

the biosonar echoes are received [14, 18, 64, 65, 100]. The frequency of occurrence of these

motions along with the presence of an unusually differentiated pinna musculature [73, 74]

suggests that the hypothesis that the pinna dynamics play a critical role for the biosonar

performance. To support this hypothesis, the pinna motions have been shown to encode

additional information through linear [51] as well as nonlinear mechanisms [97].

However, a detailed analysis of the function of the pinna motions in vivo is complicated by the

complexity of the involved geometries and the associated acoustic diffraction processes [48,

50]. In addition, a large amount of variability has been demonstrated in rigid rotations [66]

and qualitative observations suggest a high variability for the deformations as well [99, 100].
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This raises the question whether and how this variability could be used to support different

sensing tasks and conditions under which they have to be performed.

To reduce the complexity of studying this problem, a biomimetic approach based on robotic

reproductions of the periphery of bat biosonar has been pursued [3, 82]. However, this line of

inquiry has also proven to pose demanding challenges: Each bat pinna can be considered a

complex “robot” where the function of the actuation is to enhance sensory function. Repli-

cating this function requires designing and controlling a redundant continuum soft robot

with many degrees of freedom which poses a major challenge to the state of the art in (soft)

robotics and controls [36, 93]. The most prominent current approach to address the control

part of this problem is deep reinforcement learning (RL) [28, 33, 83]

However, the high dimensionality of the state and action spaces of such a biomimetic soft

robot presents a significant challenge: A greater horseshoe bat has about 20 muscles on each

pinna [73]. Hence, a robot emulating the full complexity of such a biological model system

(with two pinnae) could require about 40 soft-robotic actuators in total. Unless a model

can be formulated that reduces the controls problem to a much smaller number of parame-

ters [33, 86, 93], the enormous size of the search space spanned by all potential solutions to

controlling a robot with that many degrees of freedom poses a serious problem. For example,

learning hand-eye coordination for grasping with a robotic manipulator with seven degrees

of freedom (including a two-finger gripper) required more than 800,000 grasping motions

that were executed over a period of two months by running six to 14 manipulators in paral-

lel [37]. Based on this and similar examples, applying a deep-learning method to the problem

of controlling a biomimetic bat ear [53] could be expected to require testing a prohibitively

large number dynamic shape conformation sequences. Hence, the most promising option for

successfully completing a search for successful actuation patterns are simulation approaches.

Nevertheless, even in simulation, the extremely large numbers of possible conformation se-
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quences to be evaluated would still require a highly efficient computational to evaluate the

functional (i.e., acoustic) characteristics of each shape conformation.

To address this critical issue on the road towards controlling a biomimetic pinna robot for

an enhanced sensing performance, we have evaluated a deep-learning approach aimed at

a complete linear acoustic characterization of a biomimetic pinna. Specifically, we have

aimed at predicting the acoustic gain as a function of direction and frequency, i.e., the

beampattern of a given pinna shape under actuation. Conventional modelling techniques

that could be used to link the actuation inputs into a biomimetic pinna to the resulting

acoustic characteristics are based on numerical approximations of the respective physics.

Hence, such approaches would require two steps for (i) predicting the pinna shape from the

actuator inputs and (ii) predicting the acoustic characteristics from the pinna shape [14].

Both of these steps can be computationally expensive:

Predicting the acoustic characteristics of shape via traditional numerical methods such as

finite element [48] or boundary elements [40] could take many minutes to a few hours on a

PC [38] for the low to moderately large wavenumber ranges (from 1.400m−1 to 1.500m−1)

that correspond to the frequencies of the CF component in the biosonar pulses of horsehoe

bats [78, 87].

To radically cut down on this computational overhead, the current work has explored deep-

learning-based methods that directly capture effects of the physical mechanisms [30, 95] that

link actuator states to beampatterns. While training a powerful deep neural networks (DNN)

is also computationally expensive, using the network to make predictions (inference stage) is

much cheaper. The disparity between the cost of learning and inference is a good match for

the purpose of evaluating a large number of pinna motions since the DNN has been trained

only once for this task, whereas the inference needs to be repeated many times.
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In order to assess which DNN approach is the most suitable for the task at hand, two

different networks have been tested: a black box DNN and a DNN that included prior

knowledge about shape of the beampatterns to be predicted. The black box approach used a

multi-layer feed-forward network (i.e., a multi-layer perceptron) [84] as a universal function

approximator [7, 22]. The network that was used for incorporating prior knowledge on the

beampattern shapes was a radial basis function network (RBFN, [2]). In the 1990s, RBFNs

were popular alternatives to black-box DNNs because they offered better performance and

required less network complexity than DNNs [81]. In addition, MLPs with their many

parameters and sensitivity to initial conditions tended to get trapped in undesirable local

minima, hence failing to converge and reach the global minimum of the problem [20, 63].

However, since then powerful modern machine learning frameworks have developed that

made training black-box models more convenient and reliable [57] and hence have made the

effort of injecting prior knowledge through basis functions in an RBFN less worthwhile. To

investigate whether an RBFN that uses basis function that are a match for the lobe structure

of beampatterns can improve the quality and efficiency of beampattern estimates, a deep

RBFN using von Mises basis function [25] was implemented and tested.

By finding a good, workable solution to the problem of estimating the beampattern prop-

erties of a simulated pinna as a function of actuator inputs, the present work could lay the

foundation for training complex behaviors in biomimetic soft-robots designed to mimic the

superior sensing skills of bats.

2.3 Methods

The current research was based on a digital shape representation of a horseshoe bat pinna

that had been previously generated by virtue of a micro-computer tomographic scan of a
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male greater horseshoe bat (Rhinolophus ferrumequinum, right ear). The pinna model was

represented by a polygonal surface mesh that contained approximately 20,000 triangular

elements. To match the dimensions of a biomimetic bat robot that has been based on the

same pinna model [82], the mesh was resized to about twice the original size of the bat’s pinna

resulting in a total model height of 5.8 cm [97] from the base to the tip). The frequencies

simulated were scaled accordingly. The mesh was modified to add an artificial ear canal (i.e.,

cylindrical pipe) that interfaced with the opening of the ear canal of the pinna model. The

diameter of the canal (4.5mm) was smaller than the shortest studied wavelength (8.6mm at

40 kHz) and its length (length 16mm) of its diameter was about 1.5 times the largest studied

wavelength (11.4mm at 30 kHz). Hence, it can be expected that the wavefront exiting ear

canal will be planar, regardless of the type of sound source used [47].

The pinna model was deformed digitally using a 3-D animation technique (Blender, Blender

Foundation, Amsterdam, Netherlands): To create the deformations, the mesh model was

rigged with an animation skeleton that mimicked a soft-robotic biomimetic ear with three soft

bending actuators spreading out from the base on the backside of the pinna (Figure 2.1, [82])

A bending trajectory was designed for each of the actuators to deform the pinna from an

upright state to a fully bent state in a way that was qualitatively similar to the open-close

deformation patterns that were visible in slowed-down high-speed video footage of real-life

pinna deformations in a greater horseshoe bat [98]. For each actuator, 11 conformation

states were selected by virtue of an even spacing along each actuator’s bending trajectory.

By combining different bending states across the three individual actuators, a total of 1,331

different pinna conformation states (i.e., all 113possible combinations) were generated.

The meshes representing the different pinna shape conformations were used to define an

acoustic boundary element model (COMSOL Multiphysics v5.4 Acoustics Module, COM-

SOL AB, Stockholm, Sweden) to solve the Helmholtz equation [6, 44, 62]. To ensure a
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sufficient mesh resolution for geometric features of potential acoustic relevance and increase

computational efficiency at the same time, a physics-controlled remeshing strategy that

adapts to the geometry and the physical process to be simulated (’physics-controlled free

triangular remeshing’, COMSOL Multiphysics v5.4 Acoustics Module, COMSOL AB, Stock-

holm Sweden, [5], maximum element growth rate 1.5mm−1, curvature factor 0.5, resolution

parameter 0.6) was applied to deformed meshes.

To simulate free-field sound propagation away from the pinna, the pinna surface mesh was

surrounded by an unbounded air space (’air material’, COMSOL Multiphysics v5.4 Acous-

tics Module, COMSOL AB, Stockholm Sweden, [5], density 1.204 kg m−3, bulk modulus

141.814 kPa, temperature 293.15K, resulting in a sound speed of 343.2m s−1). The surface

of the pinna was modeled as a sound-hard boundary, i.e., all incident sound energy was

reflected; the initial pressure values on the pinna’s surface were set to the ambient atmo-

spheric pressure (1.013 hPa). For computationally efficient modeling of reflection-free sound

propagation, a mapping-based approach to infinite elements was utilized where a mapping

function transformed the infinite domain into a finite computational one, resulting in an

outgoing-wave boundary condition [101]

Acoustic reciprocity [62], a fundamental property of wave propagation, allows for the in-

terchangeability of source and receiver locations without altering the observed waveform.

Hence, it is possible to obtain a densely-sampled acoustic characteristics of a pinna, i.e., a

receiver, by operating the same structure as an emitter. This is advantageous, because it

allows to determine the gain of the pinna for a large set of directions from a single simula-

tion, whereas achieving this by simulating reception of an incoming waveform would require

one simulation for each direction [72]. To realize this, a monopole source, embodied by a

sphere with a radius of 0.1mm was positioned 0.5mm away from the terminal end of the

artificial ear canal. Harmonic oscillations were induced in the sphere through a maximum
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inward normal displacement of 0.05mm on the boundary of the sphere generating waves of

consistent amplitude at a single frequency.

To align the simulations with prior physical replicas of greater horseshoe bat pinna, the

model was scaled 2× over the biological paragon and the emitted ultrasonic frequencies were

halved in order to preserve the ratio of the pinna dimensions to the acoustic wavelengths.

The strongest (second) harmonics in the biosonar pulses of greater horseshoe bats have

narrowband portions around 80 kHz with frequency modulated pulse portions sweeping down

over a bandwidth of about 20 kHz [55]. In the current numerical simulation, the scaled model

was analyzed for frequencies of 30, 35, and 40 kHz, i.e., frequencies that would cover most of

the second harmonic of a greater horseshoe bat if scaled to the pinna size of these animals.

Figure 2.1: Workflow for the numerical beampattern predictions: (a) 3D tomographic scan
of a greater horseshoe bat’s right ear used to create the pinna-shape model; (b) Digital
pinna model rigged with actuators used to generate the different shape conformations; (c)
Pinna surface mesh used for the BEM simulations; (d) Numerical beampattern prediction
from the BEM model for a frequency of 40 kHz.

To solve the large linear systems associated with the BEM formulation of the Helmholtz

equation, the left-preconditioned generalized minimal residual (GMRES, [15, 70]) algorithm

was utilized. This solver was run until the residual norm, a dimensionless measure of solution

error, fell below a value of 0.1 or until a maximum of 10,000 iterations was reached.

To enhance the solver’s performance and reduce the likelihood of convergence to a local
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minimum, the Sparse Approximate Inverse (SAI) preconditioning method [4, 71] was applied

every two iterations to the left side of the linear system matrix (COMSOL Multiphysics

v5.4 Acoustics Module, COMSOL AB, Stockholm, Sweden, maximum column size factor 5,

preconditioner adapted based on the detected symmetry properties of the system matrix,

relaxation factor one).

The directivity pattern of the pinna was estimated from the simulation results by collecting

sound pressure level values on a sphere with a radius of 3m, i.e., well beyond the Fraunhofer

distance associated with the highest studied frequency and the largest pinna dimension (0.6m

at 40 kHz [34]). The sphere’s surface was discretized into 3,072 uniformly distributed points

by virtue of a hierarchical equal area iso-latitude pixelization (HealPix with grid resolution

parameter of 16 (Figure 2.2, [19])). The sound pressure amplitudes were then obtained by

virtue of piecewise linear interpolation at the points on the sphere from a cubic grid with

dimensions of 6m and a minimum resolution of 2mm centered on the pinna model.

To facilitate the visualization of the 3D beam patterns, a surface representations of the beam

gain (logarithmic sound-pressure-level values normalized to a maximum of 0 dB and clipped

at minimum of −40 dB) as a function of direction was created using Delaunay triangula-

tions [8] (Matlab, [24]).

The widths of the main-lobes of the 3D beam patterns were measured using threshold value

that was half-power down from the maximum (i.e., −3 dB). The sidelobes were counted based

on prominence, i.e., the number of peaks beyond the −6 dB threshold down to −20 dB.

For the deep learning experiments, the entire dataset of 1,331 beampatterns was partitioned

into 60% training data, 20% validation data, and 20% testing data [27, 35].

Three deep neural networks (DNN) approaches to beampattern prediction were tested: Two

multilayer perceptrons (MLP, [69]) and a deep radial basis function neural network that in-
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corporated Von Mises functions (“acoustic VMBFNN”, [25]). Of the two MLPs, the “acous-

tic MLP”, predicted the beampatterns based on the respective shape of the model pinna,

whereas the other, the “comprehensive MLP”, predicted the beampattern based on the ac-

tuator states. Hence, whereas the acoustic MLP covered only the outcomes of the acoustic

diffraction process, the predictions of the comprehensive MLP spanned the mechanics (as

represented by the skeletal animation technique used) as well as the acoustic diffraction

process. The performance of the two MLPs was compared to gain insight into whether pre-

diction of the entire causal chain from actuator input to beampattern is more difficult than

predicting only beampattern from the pinna shape. Like the acoustic MLP, the acoustic

VMBFNN was limited to predicting beampatterns from the pinna shape conformation. Its

performance was compared to the acoustic MLP to assess the potential advantages of using

basis functions in terms of accuracy or efficiency of the predictions.

Inspired by the Inception network, a deep convolutional neural network that extracts features

at multiple scales using varying kernel sizes [85, 90], the network architectures in this study

were fully connected variants, employing linear layers instead of convolutional filters for both

upsampling and downsampling. This design choice is aimed at enhancing feature learning

and overall performance [85, 90]. Hyperbolic tangent (tanh) activation functions were in-

serted between linear layers, given their proven efficacy with physics-informed datasets in

general [29, 67] and to solve problems governed by partial differential equations (PDEs), such

as the Helmholtz equation in this study, in particular. To address the vanishing/exploding

gradient challenge through weight initialization, the Kaiming uniform method was adopted,

a standard technique that is well suited for tanh activation functions (among others, [21]).

All DNNs tested in this study produced an output of predicted sound pressure levels on

a normalized decibel scale as a function of spherical coordinates that ranged over 360 °in

azimuth and from 0 to 90°in elevation. Training was based on an L2 mean squared error
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(MSE) as the loss function. All models were implemented in Pytorch (v1.9, [60, 61]).

The acoustic networks (MLP and VMBFNN) were relatively shallow with three hidden layers

whereas the comprehensive MLP had eight fully connected layers. In either case, each layer

was succeeded by a hyperbolic tangent (tanh) activation function (Figure 2.4). The acoustic

DNNs (VMBFNN and MLP) started with an input size of two (azimuth and elevation values)

and immediately expanded to a maximum node count of 128, followed by two downsampling

layers, ending in a single output layer (Figure 2.3). In contrast to this, the comprehensive

MLP network had an input of length five (three actuator states, azimuth, and elevation) and

employed a hierarchical upsampling scheme, expanding the feature space through the layers

to sized of 16, 32, 64, and 128 neurons respectively, followed by a symmetrical downsampling

process ultimately leading to a single output neuron [85, 90].

The von Mises basis functions were incorporated into the initial activation layer of the

acoustic VMBFNN (Figure 2.3) as has been previously done for a single-layer neural network

with von Mises basis functions that was designed to model head-related transfer functions in

humans [25]. Each von Mises basis function in the network was characterized by three tunable

parameters: two location parameters (α, β), corresponding to the azimuth and elevation of

the function’s centroid on the sphere, and a concentration parameter (κ) that controls the

function’s width [25]. The two location parameters of the von Mises basis functions in the

acoustic VMBFNN were initialized using a normal distribution

while the concentration parameter was initialized with a constant value of zero signifying a

function with a constant amplitude across the entire sphere.

Due to the differences in the number of hidden or initial activation layers, each DNN model

type had a unique number of trainable parameters for which varying optimization strate-

gies were used: The shallower acoustic VMBFNN and acoustic MLP architectures contained
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10,881 and 10,753 parameters respectively, that were trained over 10,000 epochs across five

independent trials, leveraging the Adam optimization algorithm (learning rate 10−3, weight

decay 10−8) for L2 regularization [32]. The cumulative sequential training duration for the

39,930 acoustic VMBFNN and acoustic MLP networks (1,331 shape conformations × 3 fre-

quencies × 2 network types × 5 repetitions) of approximately 300 hours. Using parallel

computing distributed over three NVIDIA A100-80G GPUs, the training could be com-

pleted in less than a day. Meanwhile, the comprehensive MLP architecture contained 88,017

trainable parameters which were trained using an identical Adam optimizer [32] with a new

initial learning rate of 5×10−4, weight decay of 1e-8 and a batch size of 1,024 for faster

convergence within 200 epochs and 5 trials. To overcome the comprehensive MLP’s ten-

dency to get trapped in undesirable local minima during the early training phase, a linear

learning rate scheduler with a start factor of 1e-3 for a total of 200 iterations was tested

for estimating reasonable bounds. This approach proved sufficient, obviating the need for

further employing a cyclical learning rate [80].

2.4 Results

For both the upright and the bent pinna shape conformations, the width of the mainlobes of

the numerical (BEM) beampattern estimates appeared to decrease with increasing frequency

(Figure 2.5. At 30 kHz, the −3 dB widths of the mainlobes were 19 and 14 degrees for the

upright and bent shape conformations, whereas the respective values were 12 and 6 degrees

for 40 kHz. Across all three studied frequencies (30, 35, 40 kHz), the numerical (BEM)

beampattern estimates associated with the bent shape conformation had noticeable stronger

sidelobes than those associated with the upright shape conformation (Figure 2.5b). For the

bent shape conformation, the average gain of the sidelobe maxima was −12.4 dB, whereas
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for the upright shape conformation, it was −21.4 dB. However, due to the small sample

size (N=9), this difference was not statistically significant (paired t-test, p=0.17). Another

effect that occurred consistently across all three frequencies was that the orientation of

the beampattern’s mainlobe shifted from the upright to bent shape conformation by 11°in

azimuth and 9°in elevation on average (N=3).

All three deep neural networks were able to learn the function approximation task of predict-

ing the beampatterns for the different frequencies and pinna shape conformations without

any evidence of overfitting (Figure 2.6). The beampattern predictions obtained by virtue

of each of the three deep neural networks (acoustic MLP, acoustic VMBFNN, and compre-

hensive MLP) overall matched the numerical (BEM) predictions well for all pinna shape

conformations and studied frequencies (Figure 2.8).

Furthermore, the deep-neural-network predictions showed the same basic behaviors of the

mainlobe and sidelobes across the different shape conformations and frequencies that had

been been observed in the numerical (BEM) results (Figure 2.7). The differences seen when

comparing the deep-learning and numerical (BEM) predictions were typically in the shape

detail such as the shape of the peaks or the depth of the notches (Figure 2.8a). Major

deviations, e.g., in the number of lobes were found occasionally, but were typically limited to

lower gain amplitudes (Figure 2.8a). The two types deep neural networks that were used to

predict acoustic properties from shape differed substantially in the amount of time that was

needed for training and making inferences (Figure 2.10): The median training time of the

acoustic MLP was found to be 25% faster than that of the acoustic VMBFNN (27.6 versus

34.6 seconds, Figure 2.10a). Similarly, the median inference time for the acoustic MLP was

24% faster than the median inference time of the acoustic VMBFNN (3.6 versus 2.9 seconds,

Figure 2.10b). The training time for the comprehensive MLP was on average 1.76 hours

while the inference time took merely an average of 0.0231 seconds for each model.
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2.5 Discussion

The numerical (BEM) and deep-learning beampattern predictions obtained in the current

work were in line with expectations from the acoustic fundamentals of diffraction of sound

by a finite aperture [91]: Qualitatively, the beampatterns were composed of a mainlobe

surrounded by sidelobes that behaved as expected from basic acoustics. Specifically, the

widths of the mainlobes were reduced as the simulated acoustic frequencies were increased

and the sidelobes became more numerous. Hence, it can be assumed that all numerical

predictions made in this work (by virtue of BEM as well as deep neural networks) are

representative of physical systems – even if the specific modelled systems may not have an

exact physical counterpart. Furthermore, the beampattern predictions shared a feature that

had been previously predicted with different numerical methods for bat pinna shapes [14]

or observed in biomimetic pinnae [59] in that the strength of the sidelobes increased with

bending of the pinna. This demonstrates that the numerical model studied here is close to

not only the fundamental physics of an aperture similar to a bat pinna but shares at least

one non-trivial property associated with the dynamics of bat and biomimetic pinnae. Taken

together, these findings can be regarded as strong indications that the system simulated here

is representative of its physical peers, both biological and biomimetic.

The first major finding of the current work is that all tested deep neural networks could

reproduce the numerical (BEM) beampattern predictions fairly well. While there were de-

viations between the BEM predictions and their deep-learning approximations, qualitative

inspection of the results indicates that the major features of the beampatterns, e.g., the

peaks and notches at high gains, were pretty much always reproduced correctly. The differ-

ences between the estimates were in details such as the exact location of the notches and

their depth as well as in the shapes of the peaks. To understand the potential uses of a

beampattern, its major qualitative features are probably much more important than these
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details. For example, an estimation approach that relies on the presence of a notch could

function all the same if the notch was shifted by a small angle, it would just have to be

recalibrated for the new notch location. Hence, any robust functional concepts developed

from experimenting with a deep-learning representations of a biomimetic pinna could in all

likelihood be also realized with a physical system.

The comparison of the acoustic MLP and the acoustic VMBFNN indicates that adding

the basis functions into the estimator network did not result in any improvements for the

current work – neither in terms of accuracy, nor in terms of training and inference times.

Hence, the current attempt to improve estimator performance by inserting prior knowledge

of the beampattern functions in the form of the von Mises basis functions can be regarded

as a failure. However, von Mises basis functions have been previously used successfully in

conjunction with a shallow three layer neural network to model beampatterns associated

with human hearing [25]. This difference in the outcome could have several, non mutually

exclusive reasons: It could be that the employed basis functions were too far from the

actual peak shapes in the bat-like beampatterns to be useful. Alternatively, it could be that

the deep neural network could not take advantage of the prior information because of its

architecture or the way in which it had been initialized and trained. Finally, it may be the

case that the much greater adaptability of current deep neural networks is in itself sufficient

to approximate the beampattern shapes quickly and accurately.

The second major finding of the current research is that the comprehensive MLP was able

to establish a direct link between actuation parameters and acoustic properties, thereby

skipping the physical complexities of the mechanics of the soft robotic pinna as well as those

of the acoustic diffraction process. This finding holds considerable potential for creating a

digital twin [16] of a deforming biological or biomimetic pinna that could be used to discover

strategies for employing the time-variant acoustical properties of these structures to improve
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sensing performance. The present results indicate that a DNN model is capable of capturing

the outcomes of all physical processes (i.e., mechanical deformation of the geometry and

acoustic diffraction). The computational effort associated with these predictions is readily

compatible with the needs of deep-learning methods such as deep reinforcement learning

that require a vast number of model evaluations.

To further improve performance, especially with respect to accuracy, it could be of interest to

test other types of networks against the comprehensive MLP on the current dataset such as

physics informed neural networks. These network could use the nature of the wave solutions

from the Helmholtz differential equation as part of their loss function to improve the physical

fidelity of the results produced.
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Figure 2.2: Orthographic view of a spherical mesh used to sample beampattern gains in
the far field (at a radius of 3m), sampling elements of partition generated by the HEALPix
discretization [19].
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Figure 2.3: Comparison of the deep neural network architectures used to approximate the
beampattern functions: (a) multi-layer perceptron, (b) deep radial basis function neural
network with von Mises basis functions in the first activation hidden layer that represent
the three parameters of the respective basis function in each node. For both neural network
architectures, the inputs were azimuth and elevation and the output was beam gain (on
either a linear or on a dB scale).
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Figure 2.4: Comprehensive MLP surrogate model of the pinna for used for beam-pattern
prediction: The neural network’s input takes the actuation state of three soft actuators
(T1, T2, T3) alongside the spherical coordinates (θ, φ) to output the respective acoustic beam-
pattern gains.
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Figure 2.5: Impact of acoustic signal frequency and pinna shape conformation on the numer-
ical (BEM) beampattern estimates: a) upright (dashed line) versus bent pinna (solid line)
at 30 kHz; b) different frequencies, 30 kHz (dashed line) versus 40 kHz (solid line), for the
upright pinna shape conformation. The visualizations of the beampatterns on the sphere are
shown below with the cutting planes for the respective polar plot indicated.
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Figure 2.6: Learning curve of the comprehensive MLP trained on the BEM simulation and
actuator inputs. Average root mean square (RMSE, in dB) for training (solid black line) and
validation (dashed gray line) over 15 trials conducted at frequencies of 30, 35, and 40 kHz.
Standard deviations are denoted by the thinner dashed lines in the respective gray level.
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Figure 2.7: Example beampattern predictions from the MLP as a function of pinna shape
conformation and acoustic frequency: In this set of example shape configurations, the middle
actuator transitions from moderately bent (2) to fully bent (10) in three intermediate steps.
For each shape configuration, MLP beampattern predictions for 30, 35, and 40 kHz are
shown.
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Figure 2.8: Comparison of numerical and deep-learning-based beampattern predictions:
Deep-learning-based estimates (left-hand column: acoustic MLP, right-hand column: acous-
tic VMBFNN) versus numerical predictions (BEM, middle column) for an example pinna
deformation due to actuator states 0,6,0 and acoustic frequencies of 30, 35, and 40 kHz.
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Figure 2.9: Comparison of example numerical (BEM) and deep-learning based comprehensive
MLP predictions: cross-sectional plots of numerical (BEM, dotted line) and comprehensive
MLP (dotted-dashed line) estimates. The examples shown are for (a) an upright shape
conformation and (b) a bent shape conformation. In both cases, the acoustic frequency
is 30kHz. The insets show the orientations of the cutting planes used to create the cross
sections relative to the respective beampatterns.
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Figure 2.10: Training and inference times for the acoustic neural network architectures
evaluated: a) Distribution of training times for the acoustic MLP (dark gray) and the acoustic
deep von Mises basis function neural network (VMBFNN, light gray); b) Distribution of
inference times. Each box-and-whisker plot represents 15 data points from five trials for
each of the three frequency (30, 35, and 40 kHz) that were based on 1,331 deformation
models that were split into 60% for training, 20% for validation, and 20% for testing.
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General Discussion and Conclusions

This research makes significant contributions to several interconnected fields, demonstrating

the power of interdisciplinary approaches in advancing robotics and artificial intelligence.

In the realm of biomimetic sonar, the study provides valuable insights into the biosonar

system of bats by verifying the variable dynamics and acoustics of the bat’s pinna [14, 66].

The process involves creating a biomimetic continuum soft robotic replica in Blender soft-

ware for exploring the complex deformable pinna structures, thus bridging the gap between

biomimetic sonar and soft robotics [1, 46]. Soft robots, characterized by their adaptability

and shape-changing abilities, face challenges in modeling and controlling complex, non-linear

behaviors. This study’s approach to linking actuation parameters with acoustic properties

addresses these challenges directly, contributing to the growing integration of AI and machine

learning in soft robotics for improved sensory capabilities and closed loop control [31].

This work is particularly relevant as it aligns with ongoing efforts to integrate biomimetic

sonar with AI for enhanced sensing capabilities [94, 97]. By focusing on pinna dynamics

and their impact on beampatterns, the research lays groundwork for more sophisticated,

nature-inspired sonar systems [45].

The application of deep neural networks (DNNs) to predict beampatterns and establish

direct links between actuation parameters and acoustic properties places this work at the

forefront of machine learning integration in robotics. By comparing different neural network

architectures, the study contributes to ongoing research in optimizing AI models for specific

34
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intelligent soft robotic design applications [79]. This approach aligns with the broader trend

of using AI to simplify complex physical models [30, 95].

The concept of creating a digital twin [16] for deforming pinnae, with potential applications

in reinforcement learning, enables real-time control and adaptation in the biomimetic bat

robot. The computational efficiency achieved with the DNN models is crucial for real-

time applications in robotics, especially in soft robotics where rapid adaptation to changing

environments is often required. This efficiency highlights the practical applicability of the

research findings.

Overall, this research showcases the effectiveness of interdisciplinary integration, combin-

ing acoustics, soft robotics, and machine learning. Such a biomimetic design approach of

advanced robots is necessary for moving autonomous systems from constrained to natural

environments in applications such as agriculture, environmental surveillance, and defense

[49].

3.1 Research Accomplishments

This research significantly advances our understanding of bat biosonar systems, particularly

the complex role of the pinna. By characterizing pinna dynamics through beampatterns,

we’ve developed a time-invariant system that provides crucial insights into bat echolocation.

The significance of this work lies in its potential applications for biomimetic sonar systems

and our deeper comprehension of biological adaptations. Key research accomplishments

include:

• Validation of Blender simulations against physical replicas of greater horseshoe bat

pinna, enhancing the accuracy and reliability of future computational models
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• Development of a novel numerical boundary element method for evaluating pinna

directivity, providing a powerful tool for future acoustic studies

• Creation of a comprehensive pipeline to analyze pinna deformation variability, utilizing

1332 beampatterns across multiple frequencies, which offers unprecedented insights

into pinna functionality

• Pioneering investigation of deep neural networks as digital twins for biomimetic pinnae,

paving the way for advanced reinforcement learning algorithms in pinna control

3.2 Major Findings

• All tested deep neural networks were capable of reproducing the numerical (BEM)

predictions well. For instance, the peaks and notches of the numerical beampatterns

were almost always reproduced correctly

• The comprehensive MLP was established as a linear time invariant model between

actuation parameters and acoustic characteristics of the pinna. This way, a surrogate

model was produced that skipped the physical complexity of the soft robot’s mechanics

as well as the acoustic diffraction upon the pinna surface

• a simple actuation model of the pinna with three degrees of freedom was created and

utilized to extract 1,332 meshes that correlated with the actuator states.

3.3 Suggestions for future work

• A linear time invariant model using the Helmholtz equation was made in this work.

However, studies show that there are time variant properties in non rigid pinna defor-
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mations. Hence, a linear time variant model using the nonlinear Westervelt equation

could be devised

• In this study, the shallow three layer von mises basis function was tested as a spherical

function approximator of beam patterns. A deeper multi-layered radial basis function

network using von mises basis functions as the intermediate layers could be tested.

• A physics informed neural network utilizing the helmholtz equation as a part of the

deep neural network’s loss function could be implemented to create a physical surrogate

model of the bioimimetic pinna.
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