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Locomotor control is facilitated by mechanosensory inputs that report how the body
interacts with a physical medium. Effective representation of compliant wing defor-
mations is particularly challenging due to the many degrees of freedom. Structural
configurations can constrain the stimulus space, and strategic placement of sensors can
simplify computation. Here, we measured and modeled wing displacement fields and
characterized spatiotemporal encoding of the wing mechanosensors. Our data show
how dragonfly wing architecture prescribes deformation modes consistent across models
and measurements. We found that the wing’s state under normal flapping conditions
is detected by the spike timing of few sensors, with additional sensors recruited under
perturbation. The functional integration of wing biomechanics and sensor placement
enables a straightforward solution for information transfer.

mechanosensation | deformation | dragonfly | flight | wing

To produce effective outputs during fast behaviors, where time constraints limit the
amount of information that can be detected, nervous systems must have efficient and
robust mechanisms in place for processing sensory inputs. An extreme example of this is
the wing sensory systems of flying animals. Wings experience high loads at high speeds,
which are complex but crucial for propulsion, stability, and control. The unsteady aero-
dynamics of gliding and flapping flight interact with the wing’s structural properties,
resulting in passive wing deformations. Dramatic wing deformation is characteristic of
animal flight and has been tied to inertial loads, lift generation, steering, and stall preven-
tion (1-3). But with so many degrees of freedom and dynamic states, how do flying
animals extract sufficient information from aeroelastic wings in real-time? Insect wings
are often used as a model to study this problem because there is no actuation beyond the
wingbase, so deformation can be attributed to passive effects. Insect wings also have a
large range of mechanosensors, with dragonfly wings being among the most sensor-dense
(4, 5). Wing mechanoreceptors can also convey information from multiple sources, high-
lighting the potential complexity of wing sensory systems (6).

In the context of behavior, it is not always necessary to represent every possible input
condition constantly. In general, the precise tuning of insect sensors results from anatomy
and neural encoding mechanisms that have evolved to extract only relevant information
from the environment (7-13). Sensor tuning is modulated at multiple stages of the nervous
system to allow dynamic and context-specific sensorimotor control (14—16). The stimulus
space can be reduced prior to transduction by “morphological computation,” where infor-
mation is filtered by structural mechanics, sensor location, or both. Sensor specificity is
already well-documented for mechanosensation at the level of individual sensor morphol-
ogy (17); for example, shape determines directional selectivity of strain-sensing campan-
iform sensilla (CS) (4, 18-21). Structural and location-based spatiotemporal filters for
relevant mechanical inputs including cuticular strain, fluid flow, and sound are known
across taxa (17-20, 22-25).

Similar mechanosensory encoding mechanisms and sensor distributions have been
observed across insects (4, 5, 21, 26), but what are the features that determine optimal
sensor locations? Thin rectangular plate wing models have previously identified sparse
sensor placements for optimal representation of body rotations (27-29), but
three-dimensional geometry is likely to have dramatic effects on deformations and hence
sensor placement for optimal detection of the loading state during flight (2). To investigate
this, we took a multipronged approach, measuring and modeling local and global defor-
mation displacements and strains across the surface of the wings of tethered and freely
flying dragonflies. We describe the effective stimulus space (the natural range of defor-
mations that wings encounter) using dimensional reduction techniques and then charac-
terize how only certain features are encoded (and are therefore available to the flight
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controller). Using information theory, we identify the most
information-rich areas on the wings in relation to the actual sensor
distribution (30, 31). With this synthesis (summarized in Movie
S1), we demonstrate an elegant mechanism of morphological
computation for mechanosensory representation in a biological
system. The general principle, based on insects” ability to monitor
instantaneous aeroelastic loading conditions via deformations
during flight, is likely to be applicable across sensory systems in
nature and could form the basis of guidelines for the design of
sensor arrays for artificial neural networks used to control diverse
dynamical systems.

Results

Free-Flight Control. Steering control has been extensively studied
in insects (32-36). However, wing elevation, sweep, and pitch
are typically the only kinematic variables considered, despite
documentation of considerable variation in deformations,
consistent with a role in flight control (2, 3, 37). To demonstrate
that wing deformations are significant and correlated to flight
maneuvers, we used a nine-camera, high-speed, free-flight arena
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to measure wing kinematics throughout the stroke cycles of freely
flying dragonflies (Sympetrum striolatum; Fig. 1A). We found that
even relatively straight flight trajectories result in differences in the
patterns of deformation between wing strokes; for example, bend
amplitude (displacement from resting state = 0) varied between
the two forewings, though the phase relationship between them
remained stable (Fig. 1 B-D). During a rolling turn (highlighted),
there were changes to the deformation patterns compared with
straight flight; and clear asymmetries in the left and right forewing
twist and bending patterns (Fig. 1E). Given the mechanosensory
array at their disposal, these results suggest that strain patterns
would be encoded differently by each wing’s sensory system.

To determine whether wing sensors are important for flight
control, in a separate experiment, we ablated the wing sensors by
lesioning the anterior wing nerves. These nerves contain the wing
mechanosensory afferents and project to wing motor neurons
(SI Appendix, Fig. S9B). We measured how sensor ablation affected
the animals” ability to perform take-offs—a key flight maneuver
that has been described in detail and can be broken down into
stereotypic components (38). Here, we focused on the first four
full wingbeats, during which time the fore- and hindwings move
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Fig. 1. Free-flight kinematics. (A) Nine synchronized high-speed cameras captured free-flight wing deformations at 2,000 fps. (B) Body orientation over time
of freely flying dragonfly (Movie S2). Orientation is relatively straight for initial two wingbeats. Roll maneuver highlighted in red occurs during the third stroke
cycle. (C) Wing stroke angle (calculated relative to mean stroke plane) showing comparative wing timing across three wingbeats. (D) Wing bend amplitude change
across wing strokes. (E) Forewing twist pattern changes during roll maneuver. (F) Ablated WBF was significantly lower than intact (P = 0.00002) and sham (P =
0.0024) conditions during takeoffs filmed with one camera at 1,000 fps. There was no significant difference between intact and sham WBF, and no significant

phase difference between all conditions (S/ Appendix, Table S1).
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in synchronous phase. Nerve-ablated take-off attempts resulted
in lower elevation gains than nerve-intact and sham-ablation
take-offs (SI Appendix, Fig. S1A). Nerve-ablated dragonflies also
frequently abandoned take-off attempts once airborne and would
glide or fall to the ground (Movie S3).

Within individual conditions (either intact, sham, or nerve-
ablated), there were no significant differences between each con-
secutive wingbeat (S Appendix, Fig. S1), so all four wingbeats
were pooled for comparisons between conditions. There were no
differences in forewing-hindwing phase between all conditions
and there were no differences in wingbeat frequency (WBF)
between intact and sham. However, nerve-ablated animals did
have significantly lower WBFs compared to both intact and sham
animals (Fig. 1F). This is consistent with a previous study where
it was shown that the central nervous system contains all the
neuronal machinery required to produce the flapping motion but
sensory feedback (including information from the wings) is
required to maintain appropriate flapping frequency (39). Having
confirmed that wing sensors are necessary to maintain frequencies
that generate adequate lift during take-off, we moved on to iden-
tifying inputs that the wing sensors are monitoring,.

Wing Deformation Patterns. To understand how dragonflies
monitor wing structural deformations, we characterized
the natural range of wing deformation patterns using three
parallel experimental approaches. Each approach was designed
to measure displacement of the wing relative to the wingbase
reference frame, ensuring that deformation within the wing was
captured independently from displacements due to wing hinge
articulation (i.e., flapping). First, we drove a wing into acroelastic
flutter (40) using an unsteady wind stimulus. The fluttering wing,
immobilized at the hinge, was filmed using a high-speed camera.
A digital image correlation (DIC; see Materials and Methods)
analysis was then used to reconstruct the wing’s displacement field
(Fig. 2B). Second, we reprocessed the wing deformation from
the nine-camera free-flight data in the same format as the flutter
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displacement field maps (Movie $4). Finally, we produced a high-
fidelity wing model incorporating fine details of vein geometry for
finite element analysis (FEA) and fluid—structure interaction (FSI)
gliding simulations (Fig. 2C). FEA also yielded high-resolution
strain fields, which we use later to assess the efficacy of the CS
strain sensor distribution.

To characterize the natural wing deformations, we sought to
represent the overall wing motion with the fewest necessary vari-
ables by dimensional reduction. A principal component analysis
(PCA) of the fluttering wing data revealed that 99% of the wing’s
displacement variance can be described by the first three compo-
nents, interpreted as bending, twist, and camber structural modes
(“Flutter,” Fig. 2 D, 7). The same modes were also present in our
flapping flight measurements (“Flapping,” Fig. 2 D, 77) except for
the mode representing camber, which is not currently measurable
in free-flight as the voxel carving method only reconstructs the
leading and trailing edges. However, camber has previously been
documented in free-flight in dragonflies (41) and is a known fea-
ture of insect wing deformation (2, 35, 42). Nevertheless, the bend
and twist modes represented 96% of the displacement variance.
PCA of FSI simulation (Movie S1) revealed the same modes
(“FS1,” Fig. 2 D, iii), and they also emerged as natural modes in
FEA simulations (Fig. 2E) demonstrating that our high-fidelity
wing geometry model captures the physics of deformation
(SI Appendix, Fig. S2). Together, they show that a linear decom-
position of wing displacements reveals a handful of modes inher-
ent to the wing structure that are excited during gliding and
flapping flight. Could the wing sensory system leverage the struc-
tural properties to encode the wing deformation using a handful
of modes? We investigated this possibility by characterizing the
mechanosensor encoding mechanisms.

Temporal Selectivity. Does the sensory array detect the spatial
modes excited during flight? To test this, we recorded neural
activity simultaneously with airflow stimulation (Fig. 24). The
wing deformed periodically in response to the airflow and the
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Fig. 2. Wing deformation parameters. (A) Wings were mounted in fluctuating airflows. Surface deformations were filmed with a high-speed video camera at
1,000 fps and the neural activity of the wing mechanosensory afferents was recorded simultaneously. (B) Wings were filmed at an angle to maximize visualization
of dorso-ventral (V) displacements [distal-proximal (D) and anterior-posterior (A) displacements were negligible; see Fig. S3A). After perspective correction, DIC
was used to measure displacement. (C) A 3D external morphological model of a dragonfly forewing reconstructed by hybridizing the live wing vein pattern
(determined by DLT of stereoscopic views) with vein cross-sectional geometries (isolated from pCT scans; Top). The Bottom shows rotated close-up view. (D)
PCA results. (/) Deformation modes during flutter, representing 99% of overall variance (N = 5 animals, 14,000 to 49,000 frames/animal). (ii) Deformation modes
during free flapping flight (base/tip interpolated from measured displacements) representing 96% of overall variance (F, = 2nd harmonic). (iii) FSI (15°, 2.6 m/s)
deformation modes representing 99% of overall variance. (£) FEA deformation modes ranked by oscillation frequency (Movie S5). FEA camber modes have
similar patterns & frequencies (dominated by deflections in both directions along the trailing edge) and are likely represented together within camber mode of

the fixed wing preparation flutter experiments and FSI simulations.
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frequency of deformation contains information about the system’s
mechanical behavior (43—46). We anticipated that deformations
could be phasically encoded and looked for phase information
in afferent signals passing into the thoracic ganglia through
the wing’s anterior nerve. A template-matching custom spike
sorting application (47) was used to separate the responses of
sensory neurons into individual “units” within each tethered
recording; typically, recordings contained 1-3 distinguishable
units. To identify the primary deformation features driving each
unit, we first performed PCA on the high-dimensional wing
displacement data to extract the most significant modes for each
unit. Spike-triggered averages (STA) were then computed and
visualized along these PCA-derived modes (Fig. 34), providing an
intuitive representation of the temporal response while preserving
the underlying multidimensional feature structure. Covariance
analysis also confirmed that PCA accurately captures the dominant
response features (S Appendix, Fig. S4D). The recorded sensors are
sparsely activated and cannot be recorded for long periods due to
their proximity to the mechanical stimulation. As a result, applying
nonlinear models such as maximum noise entropy (MNE) or
maximally informative dimensions (MID) led to overfitting and
unintuitive results. In general, STA combined with simple feature
identification methods (e.g., PCA) are sufficient for describing
signals in peripheral neurons, especially mechanosensors (48), and
serve the purpose of this study. Due to the high dimensionality of
our data, we performed feature extraction prior to STA. However,
covariance analysis of the spike-triggered raw displacements was
also performed on the trial shown in Fig. 2 and two features were

identified: bend and twist (SI Appendix, Fig. S4D).
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Across trials, the 1 to 2 largest units (signal to noise ratio > 4)
dominated the overall activity of the recording and were consist-
ently phase-locked to the bending and twisting modes (and, less
strongly, to camber) at the wing’s natural frequency (Fig. 3B). It
should be noted that these modes are always present simultane-
ously and were only separated here to simplify analysis and allow
2D visualization of the STA. When all three features are recom-
bined, we still find that these units responded to the same patterns
of deformation at different phases (Fig. 3C); the phase of activa-
tion for these units was observed to shift depending on the dis-
placement magnitude (Fig. 3B). These responses enable the
dragonflies to encode derived conditions: for example, asym-
metries between contralateral wings, or bending mode magnitude
at different points within the stroke cycle. To avoid misrepre-
senting responses to cyclical stimulation using STA, units that
were not phase-locked were excluded in the analysis (Fig. 3C).
Phase-locked units are defined by vector strength (S7 Appendix,
Fig. S4) (49, 50). Importantly, in our tethered preparation the
wing base is fixed, eliminating inertial rotations relative to the
body and isolating aecrodynamic and structural forces. Though,
the animal itself may not make this distinction and could poten-
tially use these aeroelastic inputs as a proxy for inertial loading.

An important feature of biological control systems is that they
should be robust to novel stimuli. To understand how wing sensors
respond to deformations outside the observed spatial modes and
frequencies, we presented unnatural perturbations using a lever
arm attached at a single point, the nodus, vibrating with uniform
white noise (0 to 500 Hz). Vibration-induced displacements were
confirmed to be outside of the range observed in our tethered and
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Fig. 3. Phase encoding. (A) PC displacement scores and the associated afferent spike response to airflow-induced wing deformations were used to calculate
STA for each unit (S/ Appendix, Fig. S4A). Vertical black bars represent spike times for unit 2. (B) Activation timing of phase-locked units for each PC (S/ Appendix,
Fig. S4B). Vertical bars show spike time relative to PC oscillation. Thick and thin bars represent strong (vector strength > 0.6) and weak (0.6 > vector strength > 0.5)
phase-locking, respectively, and bar height corresponds to displacement amplitude (1 to 4 mm). Phase timing shifts with displacement amplitude. (C) Heatmap
reconstructions of PC1-3 STA for airflow induced deformations with 4 mm mean absolute displacement of the entire wing. Each image represents a single frame
(1 ms). Images highlighted in black show the spike time. (D) White noise vibrations result in novel displacement modes (colormap as in Fig. 2). (E) White noise
induced displacements (above) result in greatly increased neural activity compared to airflow induced displacements (below). Colors indicate different units.
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Fig. 4. Sensor localization. (A) Coherence between the activity of a single sensory unit and the displacement of the wing for three example spatial bins and the
mean peak coherence for all bins across the wing surface (black) between 0 Hz and 500 Hz. Unit 2 peak coherence for the mean of all bins is 171 Hz. (B) Peak
coherence values of all bins. Darker regions show higher coherence. (C) Frequencies at which the peak coherences shown in panel B occurred. For this unit,
most peaks occur at 171 Hz. (D) Information rate of unit 2 estimated from coherence between 0 Hz and 500 Hz of all bins using the lower bound method. (E)
Wing regions with the highest normalized displacement information rates for each of the recorded units previously shown in Fig. 3. The darkest region in D
corresponds with the dark blue region shown here (unit 2). (F) Wing regions with the highest normalized displacement (Top) and strain (Bottom) information rates
across animals (N = 5 animals, n = 3,3,2,2,1 cells respectively). Colors correspond to individuals and shade variations show different units recorded from the
same individual. Data in (A-£) are from animal 1 (A1). (G) FEA spanwise strain for key deformation modes (green-compressive, purple-tensile) showing regions
of high strain. (H) Locations of CS on major veins. Dorsal and ventral denoted by marker color. Shaded regions show high strain information rates from (f).
Sensors located in these regions represent likely candidates for the recorded units. (/) Lower bound estimates of information rate for dragonfly CS (mean of all
cells" maximum rate across the wing surface) compared with other spiking sensory systems (48, 51-59).

free-flight experiments by comparing spatial modes (Fig. 3£) and
frequencies (SI Appendix, Fig. S6) to those previously identified
(Fig. 2E). These differences were also reflected in the neural signal;
white noise vibration resulted in increased spike frequency, and
the recruitment of additional units at lower displacement ampli-
tudes (Fig. 3F). In airflow stimulus recordings, all large units were
phase-locked (vector strength > 0.5) with good signal to noise
ratio (>2). These units were also activated in response to lever-arm
stimuli, but reliable unit identification was not possible due to
additional overlapping units that emerged. Though these new
units could not be characterized here, our results suggest that the
large number of strain sensors may be critical for monitoring
unexpected deformations (e.g. due to perturbations).

PNAS 2025 Vol.122 No.46 2518032122

Spatial Selectivity: Sensor Localization. Extracellular recordings do
not allow direct identification of the neurons. However, due to the
causal effect, the mechanosensor activity should maximally correlate
to the wing area where the strain sensors are located. To identify
candidate sensors, we calculated coherence between the activity
of each unit and the displacement or strain within small spatial
bins (akin to pixels) across the wing surface (Fig. 44). Coherence
is a measurement of the correlation between two signals across
frequencies and represents how well one signal predicts another.
High coherence represents more accurate predictions, in this case
how well a unit predicts the wing’s deformation or vice versa. The
coherence and peak coherence frequency of a single unit and the
displacement of the wing across spatial bins is shown in Fig. 4 A-C.
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Coherence was high across a range of frequencies, so to capture
the stimulus—response correlation for all frequencies, we converted
coherence to information rate using information theory
(SI Appendix). Unsteady airflow stimulation is inherently unre-
peatable so we used the most conservative lower bound method
(31) to estimate the information rate for each bin (Fig. 4D). Bins
with the highest information rates normalized by spike count are
shown for each recorded unit within an animal for both displace-
ment and strain measurements (Fig. 4E). Regions of maximum
information rate are broadly consistent for multiple individuals
(Fig. 4F), corresponding to the same areas of the wing that our
FEA modeling identified as experiencing the largest strains from
bend, twist, and camber (Fig. 4G). Overlaying these regions onto
a wing sensor distribution map suggests individual CS candidates
for the units recorded (Fig. 4H). The highest sensor densities are
found where there is the highest information transfer between
strain measurement and sensor response (SI Appendix, Fig. S7).
Sensor activity also remains when the distal portion of the wing
is removed (SI Appendix, Fig. S8). These are particularly effective
locations for observing the strains associated with key wing defor-
mation modes, and away from the wing margins where damage
occurs throughout the animal’s life (60). The information rate of
dragonfly wing CS is broadly comparable with other spiking sen-
sory systems (Fig. 4/). This is expected, as all mechanosensors
abide by the same biophysical principles.

Discussion

Here, we reaflirm that insect wings, in common with all structures,
have finite spatial patterns and ranges of deformation that are
excited at particular frequencies. The naturally occurring range of
spatial states can be simplified by dimensional reduction methods
and are dominated by bending and twisting. When wings are
discretized to finite elements with sufficient geometric fidelity,
simulations reproduce the same patterns as their primary modes.
This FEA model therefore enables detailed analyses of the effect
of architectural features and their relationship to sensor distribu-
tion (Fig. 4). While bend, twist, and camber may be mechanically
inevitable responses for any flexible thin blade, the specific 3D
morphology of dragonfly wings shapes the unique bend, twist,
and camber lines. Wing veins, corrugations, and material hetero-
geneities collectively enhance and concentrate deformations to
specific locations. Placing sensors within these regions of high
strain enables more precise tuning and efficient detection of wing
loading. Thus, although the presence of these modes (bend, twist,
and camber) may be a general mechanical property of flexible
wings, our data show how the dragonfly wing’s detailed architec-
ture facilitates effective sensing and control. Sparse sensors cap-
turing wing deformation is a well-established principle, but our
results demonstrate exactly how the dragonfly’s 3D wing geometry
shapes the strain patterns and sensor placement on a real wing
blade.

Mode-specific strain detection has been observed in other sys-
tems. Fly halteres (modified hindwings that detect inertial forces)
also demonstrate how biomechanical constraints can shape sensor
placement and specificity (10, 13, 14, 18, 48, 61). Whereas haltere
mechanosensors are arranged to detect Coriolis forces arising from
body rotations, wing mechanosensors also capture the FSIs that
shape aeroelastic deformations which underlie force production
and flight control. This is true for all insect wings, where specific
morphologies and sensor distributions have arisen as a result of
individual behavioral, ecological, and control demands. While our
tethered preparation isolates aerodynamic and structural forces
from the inertial and gyroscopic effects that result from flapping
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or body rotations, the capacity to encode aeroelastic deformations
does not necessarily imply that these signals are functionally or
evolutionarily independent. Sensory responses to wing deforma-
tions may represent a common mechanism for detecting the inte-
grated effects of all force regimes relevant to flight. In dragonflies,
we found that the wing’s structural properties act as a computa-
tional device that prescribes and constrains deformations into
predictable oscillatory patterns, reducing the effective stimulus
space prior to neurophysiological transduction. The amplitude of
these deformations changes appreciably during free-flight maneu-
vers (Fig. 1) and these changes are reflected in the timing of the
recorded sensors’ activation (Fig. 3). Comparing the timing of the
sensors between wings or relative to the wingbeat cycle would
allow dragonflies to monitor the instantaneous loading conditions
during these maneuvers. The timing of these units is not as precise
as some other systems, such as dipteran halteres (S/ Appendix,
Fig. S4B; 49), but the decreased timing precision might be
explained by dragonfly wings having slower dynamics than fly
halteres, more degrees of freedom, and being exposed to less pre-
dictable acrodynamic forces in addition to inertial forces. Despite
the added complexity of the wing’s stimulus space, we show that
these sensors are nevertheless capable of monitoring the natural
range of deformations using a simple phase-dependent encoding
strategy.

Strain sensors (CS) are most densely clustered in a region of the
wing found proximally along the major wing veins where aeroe-
lastic loads give peak strains during gliding and flapping flight.
Moreover, this evolved sensor placement was predicted by the areas
offering the highest information rates for the recorded units. There
is strong spatial correlation across the wing, so sensors could
potentially be placed in many different locations and extract sim-
ilar information. However, small differences in sensor accuracy
can have a huge impact when monitoring complex behaviors like
flight, and it is unlikely that these sensors are placed by chance in
the region which contains the most accurate information. Prior
work on generic deformable wings produced optimal sensor place-
ments and information patterns that differ from what we observed
in dragonflies (28, 29). These locations were influenced by wing
stiffness and neural threshold, but in general, modeled sensors
tended to cluster along the outer edges of the wing tip or base. In
contrast, insect wing strain sensors are most often concentrated
at the wing base along the interior veins (4, 6, 62). This compar-
ison supports the idea that natural wing morphology specifically
shapes sensor placement and information encoding in ways that
cannot be captured by simplified flat wing models.

Dragonflies have hundreds of wing mechanosensors (5), yet we
found just a few large amplitude units are activated and dominate
the signal in the wing nerve under natural conditions (in the
absence of perturbation). The additional sensors recruited during
white noise perturbations may be necessary under circumstances
where unusual temporal and/or spatial deformations occur and
are likely tuned to higher velocity changes, consistent with the
fact that white noise perturbations contain higher frequency dis-
placements than airflow-induced flutter. Our results suggest that
while the wing sensory system uses few sensors to monitor the
wing state, many additional sensors are present and poised to
detect deviations from the normal expected modes—i.e., contin-
uous oscillations primarily composed of bend and twist. The speed
at which dragonflies must react to changes in their expected sen-
sory environments and the number of sensors recruited during
these perturbations indicates that deviations from the natural wing
state are likely represented as a population code. This population
code may also be adaptable. Sensor locations and even axonal
paths can vary between individuals (5) and dragonflies can
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experience significant wing damage throughout their lives (60).
We hypothesize that when wing mechanics change—either during
development as they harden over time, or if they are damaged—
adaptation is accomplished further downstream by integrating
interneurons that receive inputs from multiple modalities. In this
case, visual, ocellar, or proprioceptive information would also be
necessary to augment the wing sensory inputs when the wing
mechanics change. Other senses could provide a ground truth
comparison for the animal’s perception of self-motion which
would allow recalibration of their sensorimotor control internal
models (63, 64).

Invertebrates have historically provided a significant source for
bioinspiration in engineered technologies (65-71). There have been
many studies on dragonfly wing acrodynamics and some on material
properties, yet 3D anatomy has rarely been addressed with sufficiently
high fidelity for accurate structural analysis and assessed in the context
of free-flight. Similarly, the distribution of mechanosensor types have
been identified (5), but how loading states are monitored has not yet
been characterized. Accurate state estimation using wing-mounted
strain sensors has recently been demonstrated as a promising avenue
for the development of “fly-by-feel” biomimetic aerial vehicles (72,
73). Other deformable objects, from bridges to prosthetics, have been
extensively studied across fields with much effort placed on displace-
ment and strain field measurement and reconstruction techniques
(74-81). Here, we have shown how morphology dictates and limits
the range of the stimulus space, and strategically placed sensors enable
sufficient sensitivity, while reducing detection of redundant signals.
‘The dragonfly’s morphology and sensor distribution allow their rela-
tively small nervous systems to produce simple and scalable representa-
tions of natural deformations.

Materials and Methods

Free-Flight Kinematics. S. striolatum were filmed taking off from a vertical
perch using nine high-speed cameras (five Photron AX200 and four Photron
SA3, Photron Ltd) recording at 2,000 frames per second (fps) and 1,024 x
1,024 px. Sequences were trimmed to exclude time when the body was within
approximately one body length of the perch and all four wings were engaged
in stereotypical flapping flight. A voxel-carving method was used to measure
the six degrees of freedom of the body and wingtip spherical coordinates (82).
Fifth order polynomials were fitted to the voxels corresponding to the leading
and trailing edge of the wing (from 10 to 90% wing length), which were then
transformed into the wingbase reference frame, aligned with the basal twist of
the wing. Wing deformations (Movie S4 and Fig. 2 D, i) were then calculated by
fitting a 80 x 50 point surface to the leading and trailing edge polynomials. In
total, 14 sequences were processed, including 99 wingbeats (pooling left and
right forewings).

Nerve Ablations. S. striolatum were collected from artificial ponds at Imperial
College London Silwood Park campus. Animals were kept at 7 °C prior to experi-
ments and restrained on a 13 °C Peltier during surgery. Animals were subjected
to either a sham surgery where the anterior nerves were exposed but kept
intact or an ablation surgery where the anterior nerves were lesioned. After
surgery, parafilm was used to cover the incision site and secured with beeswax.
Animals were allowed 20 to 30 min recovery time and were screened prior to
and after surgery to ensure they were healthy and capable of sustained lift in
free-flight. This was defined by whether, when dropped, individuals were able
to navigate to the ceiling or wall of the filming tent at or above the initial drop
height. To encourage animals to take off, they were placed ona 75 x 75 mm
platform with a Peltier heating element underneath. The Peltier warmed to
a maximum of 59 °C over 1.5 min. Take-offs were filmed at 1,000 fps using
two Chronos 2.1-HD cameras (Kron Technologies Inc., Canada) and digitized
using DLT DataViewer (83). Data were not normally distributed, so comparisons
were made using Kruskal-Wallice (WBF) or Multisample test for equal median
directions (phase) with Bonferroni correction for six comparisons (S/ Appendix,
Table $1)(50).
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Deformations. To identify the global motion patterns of the wing, we aimed to
represent the overall wing state with few variables. To measure local motion and
strain, we filmed the fluttering wing during electrophysiological recordings at
1,000 fps using a Chronos 2.1-HD camera (Kron Technologies Inc., Canada) and
performed DIC (84) on the recorded video frames (Fig. 2B). DIC requires a mate-
rial's surface to be patterned, typically by painting with a splatter coat, however
painting the wing would alterits mechanics and we found that the wing venation
pattern alone provides sufficient visual patterns for DIC to extract displacement
and strain. To accommodate electrode and stimulus while maximizing visualiza-
tion of the largest deflections (dorso-ventral), animals were positioned on their
side and angled upward at 40° with the camera placed approx. 20° behind the
animal. Perspective correction, cropping, and contrast enhancement were per-
formed on each frame prior to DIC analysis. Subset window sizes varied slightly
between animals depending on the wing size and amount of motion blur but
were typically 1% of the total wing size. Single camera (2D-DIC) measurements
with perspective correction were sufficient to capture the same measured dis-
placements as two camera (3D-DIC) measurements (85) (S Appendix, Fig. S3A).

Electrophysiology. The wing was stimulated using either airflow or direct
mechanical vibration. The airflow stimulation apparatus consists of an axial fan
and airflow straightener to blow air across the wing at behaviorally relevant
speeds (1 to 3 m/s) and angles of attack (—/+20°& 0° relative to the chordwise
plane between the costa and arculus veins; S/ Appendix, Fig. S3). The direct
mechanical stimulation was provided by a precision lever-arm system (Aurora
Scientific 300C: Dual-Mode Muscle Lever). The lever was attached at the nodus
on the wing, and vibration stimuli included uniform white noise (0 to 500 Hz) or
aeroelastic flutter playback (S/ Appendix, Fig. S5). The flutter displacement data
were derived from digitizing the nodus during airflow stimulation using DLT
DataViewer (83). This stimulus replicated the natural nodus motion in the absence
of airflow. The forewing was fixed at the hinge in a natural (gliding) flight position
using a 50/50 mixture of paraffin and beeswax. Fixing the hinge largely excludes
internal proprioceptors from stimulation, allowing only wing surface sensors to
be activated. The airflow stimulation apparatus or lever-arm system was aligned
to the fixed wing sample rather than to the body axis to account for any difference
across specimens. Hindwings were folded dorsally out of view of the camera
and restricted with a folded strip of paper and paper clip. To record the activity
of wing mechanosensors, we performed a side entry dissection and removed
a single layer of trachea to access the anterior wing nerve. A borosilicate glass
suction electrode was pulled using a Sutter P-2000 Laser-Based Micropipette
Puller, cut with a ceramic tile to match the diameter of each nerve (30 to 50 pm),
and used to record extracellularly from anterior nerve primary afferents. Anterior
nerves receive inputs from all wing vein CS (Fig. 4H). The posterior wing nerve
only receives inputs from the wing hinge, so posterior nerve recordings were
not included here. Recordings where muscle contractions occurred were easily
identified from the large movement artifacts and were subsequently discarded.

Finite Element Analysis and Fluid-Structure Simulation. The wing's struc-
tural properties largely dictate the modes of deformation. Combes and Daniel
found that the hawkmoth's wing deformation patterns are still sufficiently pre-
dicted when fluid-dynamic forces are excluded from damped finite element mod-
els (86, 87).Thus, we also performed a modal analysis simulation for a dragonfly
forewing model retaining realistic corrugation with Ansys Mechanical 2024 R2
(Movie S5). The wing model geometry was constructed by combining the uCT
scanning fora S. striolatum wing for vein cross-sections and the 3D venation from
the direct linear transform (DLT) from a pair of stereo photos. See Fabian etal. for
the details of the model construction method. The wing density (except for the
pterostigma) was assumed to be 1,200 kg/m?, while the pterostigma mass was
setto be 9% of the total wing mass (88). The Young's modulus was 4.9 GPa for the
entire wing (89). Using the same wing model, we performed an FSI simulation
on a gliding dragonfly forewing. The fluid dynamics solver (Ansys Fluent) for
unsteady laminar simulation and structural dynamics solver (Ansys Mechanical)
fortransient structural simulation were loosely coupled (Ansys System Coupling)
to obtain the converged solution for each time step. The example sequence shown
in Movie S1 is a gliding simulation where wind speed is 2.6 m/s and angle of
attack is 15° (Reynolds number is approximately 970).

Temporal Analysis. In this study, STA was sufficient in providing an initial
approximation to the sensory encoding especially when the input information
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was linearly represented. Nonlinear models such as MNE and MID were not
applicable for several reasons. First, the recorded sensors are sparsely activated,
and the recording cannot be maintained for long periods due to their proximity
to the mechanical stimulation. The limited spikes led to overfitting in MNE and
MID with uninterpretable results. Second, the stimulus space dimensionality of
a fast deforming wing is an order of magnitude larger than what is typically
used for nonlinear models (90). To accurately represent the local deformations
across the wing surface requires ~30,000 variables (bins) per time point (frame).
Typically, only 1 to 2 variables are used in these models, so the computational
requirements for 30,000 are not realistic. To reduce computational requirements,
dimensionality reduction techniques can be performed prior to modeling, but
this requires making more assumptions about the data. Units which were not
phase-locked with the periodic stimuli were excluded from STA analysis (see
Sl Appendix, Fig. S4B for further explanation). Phase-locked units were classified
using vector strength (SIAppendix, Fig. S4) (49, 50). Phase () was calculated for
each unit relative to PC scores by measuring the time between oscillation peaks
(2x) and normalizing this to radians. The time point between peaks where the
spike occurs is the phase value in radians. Phase-locked units were identified
by calculating vector strength (Eq. $1), where ©=¢/2x and N is the number of
cycles. Units with vector strength >0.6 were considered phase-locked and vector
strength between 0.5 and 0.6 were classified as weakly phase-locked. Units that
were not phase-locked were likely a result of inaccurate sorting due to the low
signal to noise ratio of smaller units.

Vector strength = %\/< Zl_cose,z) + < Z’_sineiz). [s1]

Perturbations. In addition to white noise vibrations, we also replayed natu-
ral deformations generated from airflow-induced oscillations. Airflow-induced
oscillations and airflow playback vibration PCs are the same, but with different
rank orders (S/ Appendix, Fig. S54). Airflow playback resulted in an intermedi-
ate sensory response with more recruitment than airflow, but less than white
noise vibration (S/ Appendix, Fig. S5B). These differences were likely a result of
the frequency content (S Appendix, Fig. S6) of vibration-induced deformations
being different from airflow-induced and free-flight. The amplitudes tested were
initially matched to airflow-induced oscillations. However, smaller amplitudes
activated many more units for vibration-driven experiments, so while a similar
range of amplitudes were covered, on average, lower amplitudes were tested
for perturbation experiments. The mean displacement from baseline (in either
direction)for airflow-induced deformations was 2.6 = 1.2 mm and the maximum
displacement tested was 13.6 mm. The mean displacement from baseline (in
either direction) for vibration-induced deformations was 1.2 = 1.1 mm and the
maximum displacement tested was 15.4 mm.The maximum (positive direction)
displacement measured across trials for free-flight deformations was 2.5 = 0.5
mm and the minimum (negative direction) was 2.1 = 0.5 mm.

Neural Information. The neural response variable x represents the mech-
anosensory spike train converted to a binary vector at the video frame rate (1 =
spike, 0 = no spike), aligned to video frames and mean subtracted prior to coher-
ence analysis. This approach preserves spike timing at the video frame resolution
without additional smoothing. The magnitude-squared coherence (C, ) was esti-
mated between each unit's activity (x) and the displacement or strain change from
baseline of each bin (y) as a function of their power spectral densities, Pxx and Pyy,
and cross power spectral density, Pxy between 0 Hzand 500 Hz (91). Numerical
approximation error was reduced by increasing the number of segments (dividing
the inputsignals into smaller, overlapping 100 ms sections). This allows for better
averaging and reduces the influence of random fluctuations within individual sec-
tions. Averaging across many segments decreases the frequency resolution, which
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is reflected in Fig. 44 where the frequencies measured appear smoothed. This can
also result in a loss of information for slowly varying components of the signal;
however, these components are not behaviorally relevant as the forces acting on
the wing during flight are not slowly varying. Coherence calculations using few
segments did produce similar spatial maps but also amplified DIC measurement
errors resulting in unreliable coherence and information rate estimates.

Pyl
ny - PxxPy : [$2]

Airflow stimulation is generally only statistically repeatable, so the more conserv-
ative lower bound method was used to estimate information rate (1) in bits/s from
coherence, which assumes linearity and stationarity (31, 92). For most analyses,
we used displacement as a more direct representation of the wing movement.
However, for the sensor localization (Fig. 4), strain was the more appropriate
choice as the local strain pattern is what activates these sensors. Occasionally,
DIC analysis could not resolve wing edges due to motion blur, so those pixels
were not included in coherence estimations. We did not remove entire frames,
only the individual pixels that could not be resolved. These pixels tended only
to occur along the lateral trailing edge of the wing where sensor density is far
lower. To normalize for spike rate, high information regions were defined as the
bins with information rates within the top 1to 5% (depending on the number of
unresolvable pixels removed) for each individual unit.

500 Hz
= — J log, (1-C,)df. [S3]

OHz

The mean information rate for dragonfly wing mechanosensors was found to be
higher than other systems (Fig. 4/), in part because we used turbulent airflow
instead of white noise (which covers a larger range and more even distribution
of frequencies).

Imaging. See Fabian et al. for neural imaging and sensor distribution mapping
protocols.

Data, Materials, and Software Availability..m .mat .xIsx .stl data have been
deposited in [Dryad] (DOI: 10.5061/dryad.41ns1mgh) (93).
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