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ABSTRACT

Micro air vehicles (MAVs) operate under strict
size, weight, power, and computational con-
straints, which make heavy deep neural con-
trollers challenging for onboard deployment.
Spiking neural networks (SNNs) and event-
based vision have recently emerged as promising
approaches for energy-efficient aerial autonomy.
Existing studies mainly focus on low-level con-
trol or direct event-driven sensing, while the gen-
eration of high-level velocity commands from
visual observations remains insufficiently ex-
plored. This paper proposes a rate-decoded SNN
imitation-learning controller for vision-guided
MAV velocity control. The proposed controller
maps compact visual-state observations, includ-
ing target offsets, apparent scale, and motion
cues, to continuous three-axis translational ve-
locity commands using leaky integrate-and-fire
neurons and spike-rate decoding. The controller
is trained through imitation learning from a priv-
ileged PID expert that has access to vehicle posi-
tion and velocity feedback, whereas the SNN re-
ceives only visual observations. The training ob-
jective combines behavioral cloning, command-
smoothness regularization, and spike-rate reg-
ularization. Experimental results in a visual
target-approaching task show that the learned
SNN reproduces the dominant target-following
behavior of the expert controller, continuously
reduces tracking error, and maintains stable spik-
ing activity during closed-loop execution. The
results demonstrate the feasibility of compact
rate-decoded SNNs for high-level vision-guided
MAV control.

1 INTRODUCTION

Micro Air Vehicles (MAVs) are increasingly expected to
perform autonomous navigation and decision-making tasks
under strict constraints in size, weight, power, and onboard
computation. This makes efficient perception and control
a central challenge for sustained autonomous flight. Re-
cent studies have demonstrated that autonomous MAVs can
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perform highly dynamic tasks, such as deep-learning-based
MAV racing and real-time visual navigation [2]. How-
ever, deploying computation-intensive neural controllers on
resource-constrained MAV platforms remains challenging in
practice. Therefore, perception and control algorithms for
MAVs must satisfy stringent requirements in terms of com-
putational overhead, memory footprint, inference latency, and
energy consumption [3,4]. These constraints make the design
of lightweight and energy-efficient neural control architec-
tures a central challenge for enabling practical autonomous
MAV flight.

To address the computational and energy constraints
of MAV autonomy, spiking neural networks (SNNs) have
emerged as a promising alternative to conventional Artifi-
cial Neural Networks (ANNs). SNNs are commonly regarded
as the third generation of neural network models, where in-
formation is represented by temporally sparse spike events
rather than continuous-valued activations [S]. By maintain-
ing internal neuronal states, such as membrane potentials and
synaptic currents, SNNs perform event-driven temporal com-
putation and transmit information only when firing thresholds
are reached. This sparse communication mechanism makes
SNNs naturally compatible with event-based sensors, tem-
poral sensory streams, and neuromorphic processors. More-
over, surrogate-gradient learning enables SNNs to be opti-
mized with gradient-based methods while preserving discrete
spike-based forward dynamics [6,7]. Because SNNs rely on
sparse event-driven computation, they can reduce computa-
tional overhead compared with dense activation-based neural
models, which make them suitable for resource-constrained
onboard MAV systems with limited latency, memory, and en-
ergy budgets.

Recent studies have demonstrated the potential of SNNs
for MAV control. Fully neuromorphic vision-to-control sys-
tems have shown that raw event-camera data can be pro-
cessed by SNNs to generate low-level control commands for
autonomous MAV flight [8]. Neuromorphic attitude estima-
tion and control has further shown that modular SNNs can
map raw inertial measurements to motor-related control com-
mands on an MAV platform [9]. In addition, fully spiking
actor—critic control trained with proximal policy optimization
has been applied to high-speed continuous MAV control [10].
These studies demonstrate the feasibility of SNN-based MAV
autonomy, but existing methods mainly focus on low-level at-
titude control, event-camera-based control, or reinforcement-
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learning-based agile flight. For MAV visual servoing, it re-
mains necessary to investigate whether a compact SNN policy
can learn high-level velocity commands from visual observa-
tions while maintaining stable closed-loop tracking behavior.

In this work, we propose an SNN-based imitation learn-
ing framework for high-level MAV velocity control. The pro-
posed method focuses on designing a compact spiking neu-
ral controller that maps low-dimensional visual observations
to translational velocity commands. The controller is imple-
mented using leaky integrate-and-fire neurons, which allow
temporal information to be represented through internal neu-
ronal states and sparse spike activity. Given the visual obser-
vation vector, the SNN generates bounded velocity outputs
along the x, y, and z axes for closed-loop target approach-
ing. The SNN controller is trained through imitation learning
from a privileged PID expert. The expert has access to ve-
hicle position and velocity feedback and provides reference
translational velocity commands, whereas the SNN learns to
approximate the expert policy using only compact visual ob-
servations. A rate-decoding mechanism is adopted to convert
spike activity into continuous control commands. To improve
control accuracy and temporal stability, the training objective
combines behavioral cloning loss, command-jerk regulariza-
tion, and spike-rate regularization. This design encourages
the SNN to produce accurate, smooth, and biologically plau-
sible spiking control outputs. Experimental results demon-
strate that the trained SNN can reproduce the main target-
approaching behavior and achieve stable closed-loop visual
tracking.

The main contributions of this work are summarized as
follows:

* A rate-decoded leaky integrate-and-fire SNN controller
is proposed for high-level MAV velocity control, which
enables continuous three-axis translational velocity
generation from compact visual observations.

* An imitation-learning framework is introduced that
combines expert-command supervision, temporal
command-smoothness regularization, and spike-rate
regularization to improve tracking accuracy, control
smoothness, and spiking stability.

¢ Closed-loop simulation experiments demonstrate that
the proposed controller reproduces the dominant
target-approaching behavior of a physical-feedback ex-
pert while maintaining stable spiking dynamics during
visual servoing.

2 METHODOLOGY

2.1 Pipeline Overview

Fig. 1 illustrates the overview of the proposed closed-loop
SNN imitation-learning pipeline for vision-guided MAV ve-
locity control. The pipeline consists of four main compo-
nents: visual observation, expert demonstration and imita-
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tion training, the rate-decoded SNN controller, and the con-
trol output applied to the MAV. The simulation environment
provides vehicle odometry and visual target observations for
closed-loop interaction. During training, a conventional ex-
pert controller computes reference translational velocity com-
mands from the physical tracking error, while the SNN learns
to predict corresponding velocity commands from compact
visual observations. In the current training configuration, the
expert command is used to drive the vehicle, and the SNN
is optimized in parallel through supervised imitation. During
evaluation, the trained SNN policy is deployed as the con-
troller and directly sends its predicted velocity commands to
the vehicle velocity-control interface.

The task is formulated as vision-guided target approach-
ing for an MAV. The vehicle is required to approach a vi-
sual reference target and maintain stable tracking behavior
through translational velocity control. Instead of using high-
dimensional image inputs, the controller receives a compact
observation vector obtained from the visual target feature
stream:

O = [qtvdm,tvdy,tashg:i,tag;t]—r' (1)

Here, g; denotes the marker-identifier channel provided by
the visual feature message, d, ; and d, ; denote the normal-
ized horizontal and vertical image-plane offsets of the vi-
sual target, and s; represents the normalized apparent target
scale. The terms g7 , and g, , denote the horizontal and ver-
tical components of the time-surface motion vector. The re-
sulting six-dimensional feature vector is directly used as the
SNN observation. In the implementation, the horizontal im-
age coordinate is inverted to match the vehicle lateral-control
direction. The image-plane offsets, apparent target scale,
and motion-vector components are normalized and clipped
to bounded ranges to improve numerical stability and reduce
the influence of outlier visual measurements during training.

The SNN policy maps the observation vector o; to a
bounded translational velocity command:

ngd _ [U;I,Itld7 Z(;l:l;d7 Z?d]T. (2)

Throughout this paper, v§™< denotes the velocity command

predicted by the SNN, and v denotes the reference velocity
command generated by the expert controller. The yaw-rate
command is fixed to zero in the current setting; therefore, the
learning problem focuses on three-axis translational velocity
control. The SNN controller consists of a continuous feature
encoder, a leaky integrate-and-fire spiking layer, and a linear
readout layer. Spike activity is accumulated over multiple in-
ternal simulation steps and converted into continuous control
outputs through rate decoding. The decoded command is fur-
ther bounded by a hyperbolic tangent function and axis-wise
velocity limits of [0.35,0.35,0.25] " m/s for the z, y, and z
axes, respectively, to match the expert command range.

The privileged PID expert generates reference veloc-
ity commands using vehicle position and velocity feedback,
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SNN Imitation-Learning Pipeline for Vision-Guided MAV Velocity Control
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Figure 1: Overview of the proposed closed-loop imitation-learning pipeline. During training, the expert controller provides
reference velocity commands for supervised imitation, while the rate-decoded SNN learns to map compact visual observations
to three-axis velocity commands. During evaluation, the trained SNN is deployed as the closed-loop velocity controller.

which are not available to the SNN policy. These expert com-
mands serve as supervised targets for the SNN. The training
objective combines axis-weighted behavioral cloning loss,
command-jerk regularization, and spike-rate range regular-
ization. The behavioral cloning term encourages the SNN
output to match the expert velocity command, the jerk term
penalizes abrupt temporal variations in the predicted com-
mand sequence, and the spike-rate term constrains the firing
activity within a desired range. This formulation enables the
SNN controller to learn accurate, smooth, and stable spiking
control outputs for closed-loop target approaching.

2.2 Implementation of Spiking Neural Networks

The proposed control policy is implemented as a rate-
decoded spiking neural network (SNN) composed of leaky
integrate-and-fire (LIF) neurons. Unlike conventional artifi-
cial neural networks that transmit continuous activations at
each layer, the LIF-based SNN maintains an internal tempo-
ral state through membrane-potential dynamics and commu-
nicates information using binary spike events. Such temporal
dynamics allow the controller to encode short-term variations
in visual observations while preserving the event-driven com-
putational characteristics of spiking neural networks.

The policy maps a compact visual observation vector oy
to a continuous translational velocity command. The observa-
tion vector contains the normalized visual and motion-related
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features extracted at control step t. The overall network con-
sists of an input projection module, an LIF spiking computa-
tion layer, a rate-decoding module, and a continuous velocity
readout. First, the observation is embedded into a hidden fea-
ture representation through a multilayer projection function:

ht = fproj (Ot)7 (3)

where fi,105(-) is composed of fully connected layers with
normalization and nonlinear activation. This projection trans-
forms the low-dimensional observation into a latent represen-
tation suitable for subsequent spiking computation.

The projected feature h, is then injected into the LIF spik-
ing layer over a short internal time window of length 7". In
the reported experiments, the internal spiking window is set
to T' = 8. According to the implementation, the LIF layer
contains 128 neurons, with 7,1 = 10.0, ng,l}l =5.0,and a
firing threshold of ¥y, = 0.30. At each internal spiking step
k, the LIF neurons update their membrane potential accord-
ing to the incoming current and their previous hidden state.
When the membrane potential exceeds the firing threshold, a
binary spike is generated and the neuron state is reset. The
spike-generation process can be written as

O't,lmﬁt,k = fLIF (hta£t7k—1) )

where o, ;, denotes the binary spike vector at the k-th internal

k=1,....,T, @4
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step, and &, . represents the corresponding LIF neuron state,
including the membrane potential and synaptic current. The
generated spike sequence within one control step is denoted
as

Bt = {o-t,luo-t,27~-‘70-t,T}' (5)

This internal temporal unfolding enables the policy to convert
a compact visual feature into a spike-based temporal repre-
sentation before producing the final velocity command.

Since the quadrotor requires continuous velocity com-
mands, a rate-decoding strategy is adopted to bridge the dis-
crete spike representation and the continuous control space.
Specifically, the spike-rate vector is computed by averaging
the binary spike sequence over the internal time window:

1 T
o= ; Ok (6)

The decoded spike-rate vector o provides a continuous rep-
resentation of the spiking activity and is used as the input
to the final velocity readout layer. The translational velocity
command is obtained by

veimd — v .k © tanh (W, + b,), 7

where W, and b,, are the learnable parameters of the linear
readout layer, tanh(-) bounds the output range, v,,.x denotes
the maximum allowable velocity for each axis, and ® repre-
sents element-wise multiplication.

The final output of the policy is defined as

; ®)

which corresponds to the translational velocity commands
along the x, y, and z axes. In the current setting, the yaw-
rate command is not learned by the SNN and is fixed to
zero during policy execution. Different from approaches that
rely on an additional output low-pass filter, the proposed pol-
icy directly uses the rate-decoded SNN output as the control
command. Therefore, the temporal smoothness of the gener-
ated velocity command is mainly determined by the intrinsic
LIF dynamics, the spike-rate decoding mechanism, and the
smoothness-aware training objective.

vy v v

cmd __ [ cmd ,.cmd ,.cmd
- Ua:,t » Yy, 0 Yzt

]T

2.3 Expert-Guided Imitation Learning

The proposed SNN controller is trained using expert-
guided imitation learning. During training, an expert policy is
used to provide reference translational velocity commands for
the visual servoing task. The expert policy is implemented as
a privileged PID-based outer-loop velocity controller, which
computes stable velocity demonstrations from vehicle posi-
tion and velocity feedback according to the tracking error be-
tween the vehicle and the target. These expert commands
serve as supervised labels for training the SNN policy.

At each control step, the perception module extracts the
visual observation o;, and the SNN predicts a velocity com-
mand v§™ from this observation. In parallel, the expert
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Algorithm 1 Closed-loop rate-decoded SNN imitation learn-
ing
Initialize environment, expert, and SNN policy
for episode = 1 to 1000 do
:  Randomize the initial MAV pose

1:
2:
3
4:  Reset expert integrator and SNN hidden state

5 Setrollout length by curriculum schedule

6:  for step =1 to T, do

7 Extract and normalize visual observation oy

8 Compute expert command v

9 Predict SNN command v§{™¢ by rate decoding

10: Accumulate losses after warm-up steps

11: Apply the expert command to the simulator
12: if step is divisible by 20 then

13: Detach SNN hidden state from the graph
14: end if

15:  end for

16:  Backpropagate the accumulated loss and update SNN
parameters

17: end for

policy generates the reference command vF. The SNN is
optimized to imitate the expert command while preserving
smooth and functional spiking behavior. During the early
training stage, the simulator is driven by the expert command
rather than the SNN output. This prevents unstable com-
mands from an untrained SNN from destabilizing the vehicle
and allows the model to learn from stable closed-loop trajec-
tories.

The training process follows a closed-loop rollout proce-
dure. For each episode, the vehicle is initialized from a ran-
domized pose, the expert and SNN hidden states are reset,
and the system is rolled out for a fixed number of control
steps. After an initial warm-up period, the SNN prediction
and expert command are collected to compute the imitation
loss. The SNN hidden state is periodically detached from
the computational graph to avoid excessively long backprop-
agation histories while preserving its temporal state during
execution. After each episode, the accumulated loss is back-
propagated through the SNN using surrogate gradients, and
the network parameters are updated with gradient-based op-
timization.

The rollout length follows a curriculum schedule from
100 to 600 control steps. For an episode of length T¢,,, the
warm-up duration is set to N, = min(50, [0.37,]) control
steps. These initial steps are excluded from loss accumula-
tion to reduce the influence of reset transients in the LIF state
and visual-motion features. Adam optimization is used with
a learning rate of 10~ and weight decay of 107°.

2.4 Loss Function

The SNN policy is trained by minimizing a composite
loss that combines expert imitation, command smoothness,



.org/

1Mmavs

[[WWW

http

IMAV2026-18

and spike-activity regularization. The total loss is defined as
ACtotal = )\bcﬁbc + )\jerk‘cjerk + )\rateﬁrate- (9)

In the reported experiments, the loss weights are set to A\pe =
1.0, Ajerk = 0.02, and Arae = 0.01. An additional task-
direction metric is computed during training for monitoring
purposes, but its weight is set to zero and it is not used for
parameter optimization.

The primary learning objective is axis-weighted behav-
ioral cloning, which penalizes the discrepancy between the

SNN command v§™9 and the expert command vF:

1 2
Loe = g0 ST w (st —oF)T, o)

teT je{z.y,2}

where 7 denotes the set of training steps after the warm-
up period, and the axis-weight vector is set to w =
[1.0,6.0,3.0]T. Larger weights are assigned to the lateral
and vertical axes because these channels are more sensitive
to visual-servoing errors and were observed to be more diffi-
cult to fit during training.

To suppress abrupt command variations, a command-jerk
regularization term is introduced. It penalizes the second-
order temporal difference of the predicted velocity commands
over a rollout:

Tep
Lo = ——= > [vimd —avemd 4 vemd| (1)
Tep 2t:3

This term encourages temporally smooth velocity outputs
without applying an explicit low-pass filter to the final com-
mand.

The spike-rate regularization term is designed to maintain
functional spiking activity in the hidden LIF layer. Instead of
enforcing a fixed target firing rate, a range-based penalty is
used:

Lrate = [max (0, Mow — F)]2 + [max (0,7 — 7‘high)]2 ,
(12)

where 7 denotes the mean spike rate of the hidden LIF layer.
The lower and upper bounds are set to 7, = 0.05 and
Thigh = 0.18, respectively. This formulation prevents silent
neurons and saturated firing activity while allowing the net-
work to learn a flexible range of effective spike rates.

3 EXPERIMENTAL SETUP

The experiments are conducted in a ROS2-Gazebo sim-
ulation environment based on the Crazyflie nano-quadrotor
platform. Following the software-in-the-loop simulation
idea of CrazySim [12], the environment is implemented us-
ing ROS2, Gazebo, and the open-source Crazyflie ROS2-
Gazebo package'. The package provides a Gazebo-based

'https://github.com/bitcraze/crazyflie-simulatio
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Crazyflie model, ROS2 communication interfaces, and
velocity-command interaction, enabling repeatable closed-
loop evaluation of vision-guided MAV control.

The perception and control pipeline is implemented as
ROS2 nodes. The onboard camera stream is processed using
OpenCV, and an ArUco marker is used as the visual refer-
ence. Compact visual features, including marker center, ap-
parent scale, and short-term image-space motion cues, are ex-
tracted and used as the input to the SNN controller. The SNN
is implemented with PyTorch and Norse [11], where leaky
integrate-and-fire neurons and surrogate-gradient-compatible
spiking computation are used. Velocity commands are pub-
lished to the Crazyflie simulation interface, while odometry
feedback is obtained through the ROS2-Gazebo bridge.

The task is defined as vision-guided target approaching
in a three-dimensional workspace. A floating visual refer-
ence marker is placed at [2.2,0,0.8]T m, while the desired
target position is set to p* = [2.0,0,0.8] " m. This offset
reflects a practical visual-servoing setting, where the marker
provides perception guidance and the UAV is expected to sta-
bilize at a desired relative position rather than directly collide
with the marker. At the beginning of each rollout, the UAV
is initialized from a randomized position sampled from zy €
[—2.0,0.0] m, yo € [—1.0,1.0] m, and 2y € [0.75,0.95] m.
The range is chosen to ensure that the marker is visible in
most initial states while still providing sufficient variation in
distance and lateral offset.

For evaluation, the trained SNN controller and the ex-
pert reference controller are tested from the same initial poses
over a fixed rollout length of 600 control steps. The compar-
ison considers 3D trajectory, tracking error, per-axis velocity
command, command jerk, and spike activity. Command jerk
is computed from the discrete second-order difference of the
velocity command, while spike activity is measured by the
mean hidden-layer spike rate. These metrics jointly evalu-
ate target-reaching performance, control smoothness, and the
functional spiking behavior of the proposed controller.

4 EXPERIMENTAL RESULTS

This section evaluates the learned SNN controller in the
vision-guided target-approaching task. The expert controller
uses physical position and velocity feedback, whereas the
SNN controller generates three-axis velocity commands from
compact visual observations. Therefore, the evaluation fo-
cuses on whether the SNN can reproduce the dominant target-
approaching behavior rather than exactly match the expert
trajectory at every time step.

Fig. 2 presents a representative individual trajectory pro-
duced by the rate-decoded SNN controller. The strobo-
scopic sequence in panel (a) visualizes the complete target-
approaching motion. Panels (b) and (c) show the trajectory
projected onto the x—z and x—y planes, respectively, with
color encoding the elapsed time. Starting from the light-
colored square, the MAV progresses toward the target while
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Figure 2: Visualization of the MAV target-approaching tra-
jectory and convergence behavior.

correcting its lateral position and altitude. The trajectory con-
verges toward the dashed target region, demonstrating stable
target-approaching behavior during closed-loop visual servo-
ing.

The tracking-error curves in Fig. 3 show that both con-
trollers continuously reduce the initial position error during
the 600-step rollout. The SNN follows the same decreasing
trend as the expert, indicating that the learned controller can
generate effective closed-loop velocity commands from vi-
sual observations.

Fig. 4 reports the position responses along the z, y, and z
axes. The z-axis response shows that both controllers move
consistently toward the target, indicating that the SNN learns
the dominant forward target-approaching behavior. The y-
axis response indicates that the SNN can reduce the lateral
deviation, although its convergence profile differs from that
of the expert controller. The SNN z-axis response remains
bounded around the target altitude but shows a larger resid-
ual offset than the expert response. The vertical dashed line
indicates the time step at which the camera temporarily loses
the visual target. This loss of visual reference may reduce the
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Figure 3: Position tracking error comparison over the evalua-
tion rollout.

reliability of the compact visual observation and contribute to
the subsequent lateral and vertical deviations. These results
suggest that the SNN learns a usable visual servoing policy,
while axis-level precision is still affected by visual-target vis-
ibility and closed-loop dynamics.

The velocity-command comparison in Fig. 5 further ex-
plains the observed motion. Along the z axis, the SNN pro-
duces a forward velocity close to the dominant expert com-
mand. Along the y and z axes, the SNN commands are less
adaptive and show local fluctuations. Nevertheless, the gen-
erated commands remain sufficient to guide the MAV toward
the target region.

Command smoothness is evaluated using discrete com-
mand jerk, as shown in Fig. 6. The SNN produces a short
initial jerk peak after rollout begins, but the jerk remains low
for most of the trajectory. Since no output low-pass filter is
applied, this result suggests that the rate-decoding mechanism
and smoothness-aware training provide usable command con-
tinuity.

Fig. 7 shows the hidden-layer spike activity during SNN
evaluation. The spike rate increases at the beginning and then
remains stable, indicating that the LIF layer stays active dur-
ing closed-loop control and that the velocity command is pro-
duced through functional spike-rate representations.

To evaluate robustness under randomized initial condi-
tions, the SNN controller was tested from different randomly
sampled initial positions, as shown in Fig. 8. The resulting
trajectories show that the SNN consistently drives the MAV
toward the target region from different initial states. The
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Figure 4: Position-axis comparison for the expert controller
and the SNN controller.

trajectories exhibit clear forward progress along the x direc-
tion, lateral correction from both sides of the workspace, and
bounded vertical motion around the target altitude with small
residual offsets. These results demonstrate that the learned
controller preserves a consistent target-approaching tendency
under randomized initial conditions.

Overall, the experimental results show that the rate-
decoded SNN controller can reproduce the main visual target-
approaching behavior of the expert controller. The learned
policy reduces tracking error, generates bounded velocity
commands, and maintains stable spike activity during closed-
loop execution. Remaining lateral and vertical deviations
indicate that axis-level precision can be further improved
through better visual-state representation, smoother readout
dynamics, and closed-loop fine-tuning.

5 CONCLUSION

This paper presented a rate-decoded SNN controller for
vision-guided velocity control of an MAV. The proposed
method uses compact visual-state observations as input and
learns continuous three-axis translational velocity commands
by imitating a privileged PID expert with access to vehicle
position and velocity feedback. The SNN policy is built
with leaky integrate-and-fire spiking dynamics, where hid-
den spike activity is converted into continuous control out-
puts through spike-rate decoding. To improve learning stabil-
ity and control quality, the training objective combines axis-
weighted behavioral cloning, command-jerk regularization,
and spike-rate regularization. Experimental results demon-
strate that the learned SNN controller can reproduce the dom-
inant target-approaching behavior of the expert controller.
The vehicle is driven toward the target region, the tracking er-
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Figure 5: Velocity command comparison along the z, v, and
z axes.

010
0.8
0.06

0.04 4

licllz (m/s/step?)

0.02 -

0.00 -

Time (s)

Figure 6: Command-jerk comparison between the expert con-
troller and the SNN controller.

ror is gradually reduced, and the overall convergence trend is
comparable to the expert reference. The spike-activity anal-
ysis further validates that the hidden spiking layer remains
active during closed-loop execution, which indicates that the
controller preserves functional spiking dynamics while pro-
ducing continuous velocity commands. Overall, the results
show that rate-decoded SNN imitation learning provides an
effective and compact control framework for vision-guided
MAV target approaching. Future work will extend the frame-
work toward attitude-aware control and richer motion-cue
representations to better handle coupled translational and ro-
tational visual dynamics, together with onboard deployment
on resource-constrained hardware.
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