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Abstract
This paper presents a novel cloud-edge framework for addressing energy constraints in complex
control systems. Our approach centers around a learning-based controller using Spiking Neural
Networks (SNN) on physical plants. By integrating a biologically plausible learning method with
local plasticity rules, we harness the energy efficiency, scalability of the newtwork, and low latency
of SNNs. This design replicates control signals from a cloud-based controller directly on the plant,
reducing the need for constant plant-cloud communication. The plant updates weights only when
errors surpass predefined thresholds, ensuring efficiency and robustness in various conditions.
Applied to linear workbench systems and satellite rendezvous scenarios, including obstacle
avoidance, our architecture dramatically lowers normalized tracking error by 96% with increased
network size. The event-driven nature of SNNs minimizes energy consumption, utilizing only
about 11.1× 104 pJ (0.3% of conventional computing requirements). The results demonstrate the
system’s adjustment to changing work environments and its efficient use of energy resources, with
a moderate increase in energy consumption of 37% for dynamic obstacles, compared to
non-obstacle scenarios.

1. Introduction

The pursuit of autonomy in next-generation robotic systems faces significant challenges related to task
complexity, energy efficiency, and the latency of control frameworks. Advancements in brain-inspired
computing, such as neuromorphic systems [1], offer promising solutions to these challenges. However, for
dynamical systems leveraging centralized control methods, the limitations of traditional approaches,
particularly in terms of energy efficiency and latency, restrict the implementation of complex control systems.
Cloud-based control systems [2, 3] have been proposed to mitigate these limitations, but they introduce new
challenges, such as the need for continuous communication between the physical plant and the cloud,
leading to potential signal access issues and high energy consumption for data transfer. This necessitates the
development of energy-efficient and fast learning-based controllers that can operate directly on the plant.

Spiking neural networks (SNNs) emerge as an energy-efficient alternative with low latency for complex
data processing and decision-making on the plant [4]. However, the effectiveness of these networks largely
depends on their capability to continuously adapt their learnable parameters. Particularly, for on-chip
implementation, these learning rules must adhere to three principles: (1) adopting event-based computation
through discrete spikes to guarantee superior energy efficiency; (2) facilitating local parallel information
processing for cost-effective, near-memory, and asynchronous computation; and (3) enabling low-latency
inferencing in neurons without the need for dependency on future data [5]. Local learning rules, the focus of
this study, rely solely on locally available information for synaptic weight updates [5–9].
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The application of these local learning rules in SNNs has been instrumental in harnessing the benefits of
neuromorphic structures within robotic systems, leading to enhanced energy efficiency, scalability of the
network, and robustness against neuron silencing. Leveraging supervised local learning rules, SNNs have
been implemented for various applications [1, 10], including adaptive control for robotic arms [11, 12].
Despite their potential, existing local learning rules often fail to simultaneously address the critical factors of
locality, robustness, and spiking efficiency—key aspects for practical deployment in neuromorphic hardware.
To address these challenges, Alemi et al [13] proposed a supervised local learning rule that integrates the
principles of efficient-balanced networks (EBN) [14] with nonlinear adaptive control theories, considering
the nonlinear dendritic computations. Their approach leverages basis functions from adaptive control
theories to accommodate nonlinear dendritic computations, enabling the learning of basis function
coefficients by considering the reductions in the error signal. Consequently, the proposed learning rule not
only benefits from the spiking efficiency and robustness inherent in EBNs but also incorporates the locality
advantages offered by adaptive control theories.

Building upon this perspective and considering recent advancements in neuromorphic computing
applications, such as the SNN-based framework for concurrent estimation and control in linear dynamical
systems [15], we aim to address the limitations of these frameworks by applying them to satellite rendezvous
maneuvers. This approach, an extension of the method by Slijkhuis et al that combines a Luenberger
observer and a linear quadratic regulator (LQR) controller [16], introduces the SNN-based Modified Sliding
Innovation Filter (SNN-MSIF) as a robust neuromorphic estimator for linear systems [17], leveraging the
gain formulation introduced in [18]. Although these frameworks exhibit commendable accuracy and
robustness in the presence of modeling uncertainties, neuron silencing, and measurement outliers, the
absence of a learning mechanism hinders their adaptability and limits their potential for real-time
applications.

Our study aims to harness the advantages of the developments in [13]. Drawing inspiration from
supervised training methods applied to artificial neural network (ANN) for control systems such as the
cartpole [19], we propose a cloud-edge-based, online supervised training framework by employing a
recurrent EBN composed of leaky integrate-and-fire (LIF) neurons. The key feature of our SNN is its ability
to quickly learn the control policy, requiring only a limited number of epochs to replicate the control signal
generated by a controller operating on the cloud. A notable aspect of our approach is that the implemented
SNN is designed to be independent of the underlying dynamics of the system and the controller. As such,
none of the SNN parameters is required to be trained about the adopted controller (source of the desired
signal) or dynamical plant (which receives the control signal reproduced by SNN at the edge). This
independence makes our method highly versatile and applicable to a wide range of systems, regardless of the
complexity of their dynamics. While alternative training methods exist [11, 20], our approach leverages the
novel supervised local learning rule introduced in [13], which combines the benefits of EBNs with nonlinear
adaptive control theories. This unique combination guarantees the spiking efficiency as well as the locality
and robustness which is crucial particularly in the context of complex, real-world applications.

To assess the efficacy of our approach, we first applied it to a linear workbench problem in which the
SNN successfully learned to reproduce the control signal from an LQR [21]. The SNN then used this learned
signal to control a desired plant by reproducing this signal. Building on this, we extended our approach to a
more complex and realistic scenario: satellite rendezvous with obstacle avoidance maneuver, considering the
dynamic obstacles crucial for real-world problems in space robotics [22] in the presence of uncontrolled
space objects/debris [23]. For this application, the model-based LQR controller on the cloud was designed
using the Clohessy–Wiltshire (CW) equations [24]. Considering the results of [25] on the comparsion
between SNNs and ANNs, and the efficiency of neuromorphic computers in practice, Our findings revealed
that the proposed framework by this research offers a new framework with an acceptable performance in
terms of accuracy and energy efficiency the traditional von Neumann-based architectures. Also, we have
shown that the implemented SNN adjusts its spiking activity with changes in working conditions, and we
have demonstrated that the level of energy consumption of SNN-based frameworks increases with the
complexity of the considered task [26].

This paper is organized as follows: section 2 provides an overview of related works and their
contributions to neuromorphic control and estimation in robotic systems. Then, section 2 delves into the
theoretical foundations of our proposed approach, outlining the preliminaries, underlying theories, and the
proposed framework for addressing the problem of concurrent robust estimation and control in linear
dynamical systems. Section 3 presents the results of numerical simulations, showcasing the performance and
effectiveness of our proposed framework and offering insightful discussions on the obtained results.
Section 4 presents numerical simulations and discussions of the results obtained from these simulations.
Finally, section 4 concludes the paper by summarizing key findings, discussing the implications of our
research, and highlighting potential avenues for future work.
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Figure 1. A schematic representation of a cloud-edge framework employing online supervised learning. The ‘Rover’ serves as an
illustrative example for plant within an edge environment.

2. Theory

This section elucidates the theoretical underpinnings and outcomes of our study, focusing on the application
of SNNs in centralized control systems. Our approach leverages cloud-based computing to address
computational complexities in centralized control systems [2, 3]. In this cloud-centric architecture, control
signals are computed in the cloud and transmitted to the physical plant via various antennae. While this
setup necessitates continuous plant-cloud communication, it also poses a risk of losing control in case of
communication failures or interruptions. To address this challenge, our study introduces an innovative
architecture, as presented in figure 1. This architecture features an SNN-based onboard controller on the
plant, capable of online training to reproduce control signals generated in the cloud. This design significantly
relaxes the need for continuous plant-cloud communication, thereby enhancing the system’s robustness in
signal access denied conditions.

Moreover, our proposed architecture in this study leverages the advantages of neuromorphic computing
such as energy efficiency and network scalability inherent in SNNs, compared to traditional computing
frameworks such ANN.

2.1. SNN and local learning rule
A review of the method and its foundational theories is presented in applying the SNN architecture and
learning rule [13]. SNNs, as brain-mimicking computational models that effectively emulate neural circuitry
in the human brain, in which the neurons communicate via spikes. Given the prevalent use of LIF neurons in
robotics and engineering [5], our focus here is on developing a recurrent EBN comprising these neurons
from the perspective of EBN and spike coding theory. To develop an SNN capable of representing temporal
variation of parameters such as x, two key assumptions are necessary [13, 14, 16]. First, as it has been
expressed in equation (1), using a linear decoder matrix D, it is needed for x to be extracted from the filtered
spike trains.

x̂=Dr. (1)

In this equation, r ∈ RN represents the filtered spike trains, which are the convolution of spike trains with
synaptic kernels, and can be interpreted as instantaneous firing rate [13], and exhibit slower dynamics
compared to s ∈ RN. The dynamics of these filtered spike trains obeys the following expression:

.
r=−λr+ s. (2)

The second assumption is that the network minimizes the cumulative error between the actual value of x
and the estimated x̂, focusing on optimizing spike timing rather than changing the output kernel values D.
So, the network minimizes the cumulative error between the state and its estimate while limiting
computational cost by controlling spike occurrence. To achieve this, it minimizes the following cost function
[13, 14]:

J=
1

t

tˆ

0

(
∥x(τ)− x̂(τ)∥22 + ν∥r(τ)∥1 +µ∥r(τ)∥22

)
dτ. (3)
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Here, ∥·∥22 represents the Euclidean norm, and ∥·∥1 indicates L1 norms. This firing rule ensures that each
neuron emits a spike only when it contributes to reducing the predicted error, a concept akin to predictive
coding [14]. The network’s neurons have membrane potentials and firing thresholds, described by
equations (4) and (5):

σi (t) =D
T
i (x(t)− x̂(t))−µri (4)

Ti =
(
DT

i Di + ν+µ
)
/2. (5)

Here, σi ∈ R denotes the membrane potential of ith neuron. Di is the ith column of the matrix D,
reflecting the neuron’s output kernel and the change in the error due to a spike of ith neuron. The parameters
ν and µ control the trade-off between computational cost and accuracy, with ν encouraging the network to
use as few spikes as possible, while the quadratic term is influenced by µ, which is responsible for a uniform
distribution of spikes among network neurons. Proper tuning of these parameters yields spiking patterns
where neural activity is distributed approximately evenly among neurons. This firing rule operates based on
the concept that the network minimizes the cost function by controlling spike occurrence in response to
excitation and inhibition, ultimately, reducing the prediction error [13, 14]. After differentiating and
simplification of equation (4), the dynamics of membrane potential for a SNN that can mimic any arbitrary
dynamics like

.
x= f(x)+ c(t) has been achieved [13]:

.
σ =−λσ+DTc−

(
DTD+µI

)
s+DT (λx+ f(x)) . (6)

The above expression shows that the optimal weight matrix for fast connections isΩf =D
TD+µI and

also, the optimal encoding matrix is DT. As it is stated in [13], to be able to implement any arbitrary
dynamics in this framework, two approximations are made. Firstly, inspired by theories of adaptive
nonlinear control, the last term λx+ f(x) is approximated by a weighted sum of basis functions such as
λx+ f(x) =

∑
i
Ωiϕ i (x), whereΩi is ith column ofΩ and ϕ i (.) can be any sigmoidal nonlinearity that here

is set to tanh(⬚) . Second, based on equation (1), the state x is replaced by its estimate Dr, culminating in a
refined expression for the dynamics of membrane potential, as follows:

.
σ =−λσ+DTc−Ωfs+D

TΩTϕ (Dr) . (7)

Biologically, in the above expression, the last term corresponds to the nonlinear and highly structured
dendrites that perform nonlinear operations in the biological brains. So, to relax the constraints that are
caused by the fact that, while the dendrites are often nonlinear their inputs are stochastic, the term ϕ (Dr) is
replaced by ψ i (r) = ϕ i

(
MT

i r+ θi
)
which is a highly unstructured nonlinear dendrite that can receive

stochastic inputs from other neurons. WhereM is the random fixed matrix, and θi is a parameter that
determines where the tanh (.) changes its sign in a dendritic branch. This substitution is justified by the fact
that the internal dynamics of the network are highly robust to great amounts of noise when the inequality
N> 2K is met [13]. The network dynamics are thus defined by the following expression:

.
σ =−λσ+ Fc−Ωfs+Ωsψ (r) . (8)

Here, λ represents the leak rate for the membrane potential, and F=DT encodes the transformation of
dynamics external stimulation into a spike sequence interpretable by the network. The synaptic weights,Ωs

andΩf correspond to slow and fast connections, respectively. Slow connections typically govern the
implementation of the desired system dynamics, whereas fast connections are crucial for uniformly
distributing spikes across the network [13–15]. To incorporate a local learning rule based on adaptive control
theories, the error e(t) = x(t)− x̂(t) is not fed back into the whole network via the input c(t). Instead, the
error is directly injected into each neuron using the optimal encoder DT. Consequently, with such
neuron-specific error feedbacks, the network equation is reformulated as:

.
σ =−λσ+ Fc−Ωfs+Ωsψ (r)+ kDTe. (9)

As indicated earlier,Ωs plays a crucial role in executing the desired dynamics, necessitating its learning
from example trajectories of an external unknown dynamic in a teacher-student fashion. To this aim, the
following expression from [13] outlines this learning process:

.

Ωs = ηψ (r)
(
DTe

)T
. (10)
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Figure 2. Block diagram of the constrained weight update rule.

This expression demonstrates that the proposed weight update relies on pre-synaptic inputs, which will
be provided via dendritic nonlinearities, and the projection of network error both from the last time step of
implementation. Therefore, it can be inferred that the learning rule is both spatially and temporally localized
[7, 13].

2.2. Online supervised learning architecture
As depicted in figure 2, the architecture for online supervised learning of SNNs utilizes a specific learning rule
where the SNN, positioned on the plant, receives a control signal from cloud-based algorithms. The SNN’s
objective is to learn and replicate this signal until the error eu = u− û drops below a predefined threshold
eth. Once this threshold is reached, the SNN continues to control the plant independently, without further
weight updates. Here, u represents the cloud-provided control signal, and û denotes the SNN-reproduced
signal. It is notable that, in the considered strategy, the SNN-based edge controller maintains
communication with the cloud for the initial 50-time steps. Subsequently, in the post-learning time period,
the edge-controller reduces communication with the cloud for all the next time steps, and to avoid the large
deviations of û from the desired signal u, every 5-time steps, the SNN-based controller recieves the signal u
from the cloud to update eu then checks the threshold crossing for the weight update with the updated error
eu. In this manner, for any practical setup, after 50 initial time steps, the required energy for communication
and data transfer between cloud and the edge will be reduced by the amount of almost 80%.

A key aspect of this approach is the SNN’s independence from both the source of the control signal and
the target plant. This means the SNN requires no training about the adopted controller on the cloud or the
dynamical plant, enabling easy implementation on various plants with different control methods.

3. Numerical simulations

In this section, we first apply the proposed framework to a linear workbench problem, evaluating its
performance in terms of accuracy and energy efficiency. We then extend the analysis to a real-world scenario,
focusing on the optimal control of satellite rendezvous maneuvers.

3.1. Linear workbench system
The performance investigation begins with applying the proposed strategy to the following linear system:

.
x= Ax+Bu (11)

u=−Kcx (12)

5
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Table 1. Linear system simulation parameters.

Parameter Value

x0 [5,2]T

Qc (1e− 6) I6
Rc I3
Kc [0.2361, 1.2133]T

N 30
eth (1,1)/10
λ 0.001
µ 0.001
ν 0.001
k 500
η 0.001

where:

A=

[
0 1

−2 0

]
;B=

[
0
1

]
. (13)

In this system, Kc represents the controller gain, designed using LQR optimal control theories. Thus, the
Kc needs to be designed to minimize the cost function, Jc, in equation (14) [21]:

Jc =

∞̂

0

(
xTQcx+u

TRcu
)
dt. (14)

In the above expression, Qc and Rc are the weight matrices that can be determined through trial and
error satisfying the conditions Qc > 0 and Rc ⩾ 0. Finally, the LQR controller gain can be computed using
KLQR = R

−1
c B

TS, where S is the unique positive semidefinite solution of the algebraic Riccati equation:

ATS+ SA− SBR−1
c B

TS+Qc = 0. (15)

After, designing the LQR controller, simulations ran for a 10 sec duration with a 0.1 sec timestep,
employing parameters from table 1. The decoding matrix D’s elements were sampled from a zero-mean
Gaussian distribution with a covariance of 10. It is noteworthy that the tunning parameters of the proposed
network structure in this research such as the mentioned Gaussian distribution variance, λ, µ, ν, η, k and eth
have been tuned using a trial-and-error fashion based on the imposed limitations regarding our design
which is a trade-off between accuracy and energy efficiency. Some investigatins on the parameters µ, and ν
have been provided in our previous work [15].

Figure 3 presents the controlled states obtained from the physical plant under the SNN-reproduced signal
û for N= 5, 15 and 30, compared with states from the cloud’s dynamical model using the LQR-provided
control signal u. Figure 3(a) reveals that the obtained results for the state x1 of the physical plant using û have
different accuracies for various N. The result for N= 5 exhibits some deviation from the cloud-provided
state, indicating that larger N values enhance tracking accuracy. Increasing the N has increased the tracking
accuracy in a way that for N= 30, the result from the physical plant almost aligns with the dynamic model
on the cloud, considering the expected values for x1. Thus, it can be deduced that the network size influences
controller accuracy. Also, the physical plant satisfactorily follows the expected state trajectory using û.
Figure 3(b) demonstrates similar observations for the state x2. The zoomed inset highlights deviations from
the desired values, confirming a 5 times higher deviation for N= 5 in the considered area, compared to
N= 30 for both the states x1 and x2. These observations underscore the impact of network size on controller
accuracy and the effective tracking of desired state trajectories.

Figure 4 compares the control input û reproduced by the SNN with the original input u provided by the
cloud, albeit with noticeable fluctuations, which vary depending on number of neurons, N. These
fluctuations are more pronounced in regions where the desired signal exhibits higher nonlinearity.
Specifically, with a neuron count N= 5, the fluctuation domain is significantly larger between 0.54 sec
compared to the behavior of SNN tracking signals after t= 8 s, where it significantly dampens. The inset
shows the region where the signal changes the rising to declining trends, corresponding to the most
nonlinear region of the curve. It becomes clear that an increase in neuron count N leads to improved
tracking performance by the SNN, characterized by reduced fluctuation domains in these critical regions.
For instance, in the magnified area, the fluctuation domain at N= 5 is about 10.5 times larger than at

6
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Figure 3. Time history of controlled states obtained from the plant for N= 5, 15 and 30 compared with expected states provided
by cloud for (a) state x1 and (b) state x2.

Figure 4. Time history of control input reproduced by SNN on the plant for N= 5, 15 and 30 compared with expected input
provided by the cloud. Notice, that vertical dashed lines specify where the behavior of the desired signal changes.

N= 15, and nearly triple that of N= 30. This observation suggests that a higher neuron count is required to
respond to any abrupt maneuver, enhancing the accuracy of the SNN’s signal reproduction relative to the
cloud-provided signal, and consequently improving the control performance of the system. For clarity,
figure 4 only displays the results for N= 5, 15 and 30.

Further investigation into the effect of neuron count on accuracy is presented in figure 5. In figure 5(b),
the variation of normalized tracking error reconfirms that an increase in N leads to enhanced SNN
performance, with a notable normalized error reduction of 96%. However, beyond N= 30 (Region 2 in the
figure), the increase in neuron count does not significantly affect accuracy, which remains nearly constant for
the remaining simulation cases. This behavior reflects the intrinsic network scalability of SNNs. This means
that they can maintain a redundant resource of spiking neurons that ideally do not consume energy when
not in use, remaining in standby mode and ready to engage in data processing for more complex conditions
as needed. Thus, for the conventional design, it is better to consider more neurons than the N which
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Figure 5. (a) Spiking activity as a function of time for 30 neurons, vertical dashed lines specify where the spiking pattern regime
changes (b) normalized tracking error versus N, (c) energy consumption vs. N.

corresponds to minimal error to maintain neuron silencing in the neuromorphic system for the conditions
in which the SNN encounters more complex problems.

Figure 5(a) demonstrates that the SNN, in accordance with the EBN theory, operates with minimal spike
usage. In this problem, the SNN utilized 1444 spikes during the simulation period, which is only 4.81% of
the potential 30 000 spikes (for 30 neurons across 1,000 time steps). With an energy consumption of 23.6 pJ
per spike in neuromorphic hardware (e.g. intel’s Loihi neuromorphic chip) [27], the SNN would consume
only 3.4078× 104 pJ of energy for the task considered here and this is much more efficient in terms of
energy consumption.

Moreover, it is noticeable that each vertical dashed line on the spiking pattern corresponds to the vertical
dashed lines exhibited in figure 4. It is clearly apparent that when the graph of desired input presented in
figure 4 passes from the vertical dashed lines, the changes in the direction of desired values cause the change
in the spiking activity regime between the vertical dashed lines demonstrated in figure 5(a). Thus, it can be
deduced that corresponding to any change in the desired value, the SNN adjusts its neural activity.

Figures 5(b) and (c) demonstrate the changes in the tracking accuracy of the SNN and its energy
consumption versus the number of neurons respectively. The obtained results, reconfirm that the reduction
of number of neurons will lead to declination in energy consumption of the SNN. They demonstrate that for
the considered system in this part, we can reduce the number of neurons from 50 to 30 to decline the energy
consumption without experiencing significant change in the tracking accuracy in region 2 of figure 5(b), but
the further reduction of number of neurons below 30 in Region 1 of figure 5(b) will lead to energy efficiency
at the cost of network tracking accuracy. Moreover, from the perspective of neuron silencing which is
sometimes an inevtiable condition in practice, figure 5(b) and is demonstrating that in the condition of
neuron silencing in which the neuromorphic chip will lose some of its neurons, the proposed architecture
will keep working without any signifucant loss in its accuracy from N= 50 to N= 20.

Figure 6 illustrates the weight update of a single neuron (elements of the 1st row ofΩs) for two different
cases of N= 10 and N= 50 over the simulation time period. In the presented graphs in figure 6 each line
corresponds to the temporal variations of a synaptic weight. Figures 6(a) and (b) reveal the temporal
variations for the cases of N= 10 and N= 50 respectively. The depicted graphs confirm that, owing to the
update rule presented in figure 2, for both cases the weight update rule was not implemented continuously
over the simulation time. In contrast to what it has been shown for the case of N= 50 which its weights have
immediately converged to a constant set and it continues without any weight update until the end of the
simulation, for the case of N= 10 the update rule is implemented continuously for the first 50 time steps
(until t= 0.5s), then it continued with constant weights until almost t= 1.8s which it has updated its
weights that demonstrate the proposed framework encountered to a tracking error threshold crossing.
Furthermore, a comparison between these figures demonstrates that, in comparison with the obtained
results for the case of N= 10, although the synaptic weights have converged to constant values in almost
t= 0.5s, for the case of N= 50 the synaptic weights exhibited the faster convergence to constant values I
which they have converged in a time less than t= 0.1s. therefore, it can be inferred that, increasing the

8
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Figure 6. Temporal variation of synaptic weights of a single neuron (elements of the 1st row ofΩs) for the case of (a) N= 10 and
(b) N= 50.

Figure 7. Schematic of satellite rendezvous problem. By permission from [15], Reproduced from [28]. CC BY 4.0.

number of neurons will increase the rate of convergence of synaptic weights. Besides, figure 6 shows the
ability of the proposed controller on the edge to work without continous communication and weight update
per each time step. Moreover, the graphs depict almost symmetrical patterns around zero, which indicates
that the level of excitation (E: positive weights) is approximately equal to the level of inhibition (I: negative
weights) in the EBN which is an evidence of having one of the necessary conditions for E–I balance [13]. It is
notable that, we are not using the standard definition of E–I balance, which is based on the balance of
excitatory and inhibitory synaptic inputs to a neuron; instead, we rely indirectly on the symmetry of the sign
of the learned weights to hint at E–I balance.

Conclusively, the results in this section have demonstrated the ebergy efficiency of the proposed
framework. Notably, it excels in accuracy and significantly mitigates the need for continuous plant-cloud
communication during all operational steps. This reduction in data transfer between the plant and cloud
substantially lowers energy consumption, a crucial benefit in today’s energy-constrained systems.
Additionally, the findings underscore that, unlike conventional methods, the integration of neuromorphic
architectures, owing to the scalability of the network and energy efficiency of SNNs, facilitates more reliable
and energy-efficient control systems on the plant. Moreover, the versatility of our proposed framework
allows for its easy adaptation to centralized control scenarios in dynamical systems manipulation.

3.2. Satellite rendezvous without obstacle
In this section, the proposed framework has been applied to the problem of satellite rendezvous as one of the
fundamental challenges for various space missions, including assembling, servicing, or refueling spacecraft in
orbit [22]. As it has been shown in figure 7, the satellite rendezvous is a multi-object maneuver between two
satellites in which the chaser satellite approaches the target and reaches together on the rendezvous point.

This study aims to implement the LQR controller on the cloud, utilizing CW equations. First, we will
introduce the state space model for the satellite rendezvous problem to facilitate the development of the LQR
controller. Following this, we will present the simulation results and discussions to demonstrate the
effectiveness of the implemented controller.

9
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Table 2. Paremeters for satellite rendezvous.

Parameter Value

r0 (m) [70,30,−5]T

v0
(
ms−1

)
[−1.7,−0.9,0.25]T

x0 [r0,v0]
T

µearth

(
km3 s−2

)
398600

Ro (km) 6771
N 50
eth (1,1,1)/10000
λ 0.0001
µ 0.0001
ν 0.0001
k 250
η 0.001

The following system of differential equations represents the linearized CW equations which describe the
relative motion in the target frame [24]:

..
x−2nż= fx (16)

..
y+n2ẏ= fy (17)

..
z+2nẋ− 2n2ż= fz. (18)

Here, n=
√
µearth/R3

o, where µearth is the earth’s gravitational parameter, and Ro represents the orbital

radius of the target spacecraft, and n is the mean motion. Considering the state vector as x= [x,y,z, ẋ, ẏ, ż]T,
an input vector u= [u1,u2,u3] =

[
fx, fy, fz

]
, the state space form of the CW equations is:

.
x= Ax+Bu (19)

where matrices A and B are given by the following equations:

A=



0 0 0 1 0 0
0 0 0 0 1 0
0 0 0 0 0 1
0 0 0 0 0 2n
0 0 0 0 −n2 0
0 0 0 −2n 0 2n2

 ; B=



0 0 0
0 0 0
0 0 0
1 0 0
0 1 0
0 0 1

 . (20)

Generally, for any pair (A,B) which met the controllability condition, the LQR control input can be
computed using the predecure presented in previous section. After designing the controller gain, we
integrated the cloud-based control system for satellite rendezvous as shown in figure 1. This integration
utilized the strategy outlined in figure 3, employing an SNN with N neurons in the proposed cloud-based
online supervised learning architecture. In this scenario, the chaser satellite acts as the desired plant,
receiving the control signals generated by the SNN.

To validate our approach, we conducted simulations, based on parameters from table 2, over a time
duration of 360 s with a time step of 0.1 s.

It is important to note that in these simulations, the elements of decoding matrix D are sampled from a
zero-mean Gaussian distribution with a covariance of 1/1000. Figure 8 reveals the trajectories for the case of
satellite rendezvous without obstacles. The comparison between the obtained trajectory from the plant with
the trajectory expected from the cloud in the ideal condition confirms that the trained SNN could
satisfactorily perform the considered task. Figure 9 demonstrates the proposed framework, and how
effectively it controls the states of the chaser satellite. The satellite’s actual performance, guided by the
SNN-generated control inputs, closely followed the expected state values calculated on the cloud.

To provide a quantitative comparison for the effectiveness of the proposed method and obtained
accuracy from the SNN-based controller and the LQR on the cloud in the ideal condition, table 3
demonstrates the obtained mean on the erros for the last 60 s of the simulation after t= 300s. although the
obtained errors for the SNN-based framework are greater by small amounts but they are in the same order

10
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Figure 8. Comparison of obtained trajectory in 3D space for the plant under the SNN control with the expected trajectory
provided by cloud for satellite rendezvous without obstacle. Note: the supplementary video provides a visual demonstration of
the satellite’s control with respect to spiking activities and energy consumption in figure 11.

Figure 9. Time histories of obtained results for the controlled states from the plant (red dashed line) in comparison with cloud
(blue solid line) for satellite rendezvous without obstacle.

Table 3. Obtained errors for the different controllers in the presence of dynamic obstacle.

State LQR SNN

x(m) 0.0224 0.0568
y(m) 0.0058 0.0508
z(m) 0.0049 0.0945
vx
(
m s−1

)
0.0012 0.0018

vy
(
m s−1

)
5.5356× 10−04 4.5175× 10−04

vz
(
m s−1

)
5.1916× 10−04 4.1582× 10−04

with the obtained results for the LQR in the ideal condition that is an acceptable performance for the
SNN-based framewrok in the terms of effectiveness and accuracy.

Figures 10(a)–(c) illustrate the results for the control input û elements reproduced by the SNN on the
plant, compared with input u provided by the cloud. These figures show that the SNN closely tracked the
cloud-provided signal across all input vector elements, suggesting effective control of the physical plant.
Figures 10(d)–(f) show the tracking errors corresponding to each input element for the first 5 sec. This early
time frame is highlighted for a clear visual representation of error convergence. Notably, the errors converge
to nearly zero around 2 sec and the system maintains minimal fluctuations thereafter. This rapid error
convergence suggests the SNN’s high responsiveness and precision in mimicking the control inputs,
underlining its suitability for dynamic and time-sensitive applications like satellite rendezvous.

Figure 11(a) shows the spiking pattern of the SNN for the given task, demonstrating efficient task
execution with minimal spike usage. The spiking pattern indicates three distinct spiking regimes
corresponding to changes in control input behaviors: a shift in input direction around t= 40s and input
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Figure 10. Comparative time histories and error analysis in satellite rendezvous without obstacle. This figure presents a detailed
comparison of the control signals as reproduced by the satellite system against those provided by the cloud. Subplots (a) to (c)
depict the control input vectors, highlighting the alignment and accuracy of the satellite system in following the cloud directives
in an obstacle-free environment. Subplots (d) to (f) focus on error convergence, showcasing the system’s precision and ability to
closely match the cloud’s control signals, illustrating its energy efficiency in a clear trajectory scenario.

Figure 11. (a) Spiking activities in SNN, (b) energy consumed per time step, and (c) accumulative energy consumption for
satellite rendezvous without obstacle.

convergence to near zero at t= 200s. The SNN emitted 3434 spikes across 50 LIF neurons, just 0.19% of the
potential 1800 000 spikes. Figure 10(b) shows the temporal variation of the consumed energy per time step
for spike emission. It reveals that most of the energy is consumed before t= 150s where the elements of the
input vector are significantly greater than zero and after t= 150s, where the input vector elements are almost
near to zero the consumed energy is considerably reduced, and this is vividly apparent in the obtained
spiking pattern.

Figure 11(c) demonstrates the energy consumption versus time for performing the considered task. It
exhibits that the energy consumption has drastically increased to 8.1× 104 pJ at t= 150s, then it remained

12



Neuromorph. Comput. Eng. 4 (2024) 044004 R Ahmadvand et al

Figure 12. Comparison of obtained trajectory in 3D space for the plant under the SNN control with the expected trajectory
provided by cloud for satellite rendezvous with a dynamic obstacle. Note: the supplementary video provides a visual
demonstration of the satellite’s navigation for dynamic obstacle avoidance with respect to spiking activities and energy
consumption in figure 15.

almost constant. This pattern of energy usage underscores the SNN’s energy efficiency, particularly in the
latter stages when control inputs stabilize and all LIF neurons are in standby mode. Note that the energy
consumption analysis is based on the characteristics of Intel’s Loihi chip, a benchmark for energy-efficient
neuromorphic computing.

3.3. Satellite rendezvous with dynamic obstacle
This section presents the results of our framework’s performance in scenarios involving dynamic obstacles,
building upon the previous section which focused on static obstacles. Figure 12 showcases the trajectory of a
satellite rendezvous maneuver in the presence of a dynamic obstacle within a three-dimensional space. The
figure indicates that the trajectory followed by the satellite, as directed by the SNN, aligns closely with the
expected trajectory computed by the cloud. Our findings demonstrate that the satellite successfully executed
the obstacle avoidance maneuver. This maneuver began at t= 19s and continued until t= 27s, effectively
navigating around the dynamic obstacle. Notably, a supplementary video file is available, providing a clear
visual representation of the satellite’s navigation during the obstacle avoidance maneuver. This video vividly
illustrates the satellite’s response to the dynamic obstacle, offering a more comprehensive understanding of
the framework’s capabilities in real-time scenarios. This detailed view offers valuable insights into the
effectiveness of the SNN in ensuring both the successful execution of the planned path and the avoidance of
dynamic obstacles, thereby illustrating the practical applicability and robustness of our framework in
dynamic space navigation scenarios.

Figure 13 further elaborates on the dynamics of the satellite’s interaction with the moving obstacle. It
graphically represents the control inputs and trajectory adjustments as the satellite navigates the dynamic
obstacle in real time. This figure provides a detailed analysis of how the satellite, under the guidance of the
SNN-based controller, dynamically adjusts its path to maintain the planned trajectory while avoiding
obstacles. Similar to the previous case of a static obstacle, the obtained results demonstrate the SNN’s
adaptability and precision in managing complex, changing scenarios, affirming its capability to modify the
satellite’s path. The figure highlights key moments of trajectory adjustment with regard to figure 12 and
showcases how the control inputs vary in response to the obstacle’s movement.

In order to have a quantitative comparison between the obtained accuracies for peoposed architecture
and the LQR framework which is almost a standard and widely adopted method in the space robotics, table 4
compares the obtained mean on the control residuals fo the time periof after t= 300 in that almost both the
frameworks are converged to their final results. Table 4 demonstrates that, although the obtained errors for
the SNN-based framework are greater by small amounts but they are in the same order with the obtained
results for the LQR in the ideal condition that is an acceptable performance for the SNN-based framewrok in
the terms of effectiveness and accuracy.

Figures 14(a)–(c) display the comparison between the control inputs reproduced by the SNN on the
satellite and those provided by the cloud. These results exhibit a performance akin to the static obstacle
scenario, with the SNN’s signals closely tracking those from the cloud. A notable difference in this dynamic
obstacle scenario is the extended duration of interaction between the satellite and the moving obstacle,
starting at t= 19s and continuing until t= 72s. This prolongs the obstacle avoidance maneuver by
approximately 13.5 s compared to the static obstacle case. Figures 14(d)–(f) present the tracking errors for
the control inputs derived from the SNN relative to the cloud’s signals. The results show that tracking
convergence occurred in less than 2 s, indicating satisfactory performance.

13



Neuromorph. Comput. Eng. 4 (2024) 044004 R Ahmadvand et al

Figure 13. Time histories of obtained results for the controlled states from the plant in comparison with cloud results for satellite
rendezvous with dynamic obstacle.

Table 4. Obtained errors for the different controllers in the presence of dynamic obstacle.

State LQR SNN

x(m) 0.0990 0.2720
y(m) 0.0316 0.0849
z(m) 0.0301 0.0951
vx
(
m s−1

)
8.0106× 10−04 0.0017

vy
(
m s−1

)
4.6160× 10−04 7.9314× 10−04

vz
(
m s−1

)
5.1709× 10−04 1.9276× 10−04

Figure 14. Comparative analysis and error convergence in satellite rendezvous with a dynamic obstacle. This graph presents the
time histories of the reproduced control signals versus those provided by the cloud. Subplots (a) to (c) depict the comparison of
control input vectors, illustrating the responsiveness of the SNN-based system to the cloud-generated directives. Subplots (d) to
(f) focus on error convergence, showcasing the precision and accuracy of the SNN in tracking the provided control signals, and
highlighting the efficacy of the system in real-time adjustment and navigation in the presence of a dynamic obstacle.

Figure 15(a) illustrates the spiking pattern of the SNN in the dynamic obstacle scenario. The spiking
pattern during the interaction phase is highlighted to facilitate analysis. Compared to the without obstacle
scenario in figure 11(a), there’s an increase in interaction length and a shift in spiking activity, demonstrating
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Figure 15. (a) Spiking pattern, (b) energy consumed per time step, and (c) total energy consumption for satellite rendezvous with
a dynamic obstacle.

Table 5. Obtained errors for the different controllers in the presence of dynamic obstacle withΩs = 0.

State SNN SNN (Ωs = 0)

x(m) 0.2720 1.9420
y(m) 0.0849 0.7700
z(m) 0.0951 0.2136
vx
(
m s−1

)
0.0017 0.0024

vy
(
m s−1

)
7.9314× 10−04 6.3615× 10−04

vz
(
m s−1

)
1.9276× 10−04 6.1752× 10−04

the SNN’s adaptability to changing conditions. In this scenario, the SNN utilized 4704 spikes, about 0.26% of
its potential spiking capacity, resulting in an additional energy consumption of 29 972 pJ on Intel’s Loihi chip
for 1270 additional spikes compared to the scenario without obstacle. Figure 15(b) shows the energy
consumption per time step of the SNN in the dynamic obstacle scenario, clearly visible, there is a significant
rise in energy use to 170 pJ at t= 19s, when the satellite enters the interaction zone, followed by a decrease
until the end of the interaction phase. After exiting the interaction zone, the energy consumption spikes
again as the SNN adjusts to the new conditions.

Figure 15(c) depicts the cumulative energy consumption, reaffirming the observations from previous
analyses. The graph’s slope increases at the start and end of the interaction period, indicative of heightened
energy use, followed by a steady decline. Around t= 230s, the slope stabilizes, reflecting a consistent spiking
pattern and convergence of energy consumption at approximately 11.1× 104 pJ.

Furthermore, at the final step of the presented study, to show the effectiveness of theΩs we have
compared the obtained errors from the simulations of this part (Reported in table 4) with same scenario in
the presence of moving obstacle consideringΩs = 0. Obtained results are tabulated in table 5. Results
demonstrate one-order rise in the errors obtained for the states describing the position of the satellite which
is so critical in the space robotics and almost an acceptable performance in the obtained results for the
satellite velocity vector which will lead to a small rise in the velocity. Thus, the presence of theΩs in our
proposed network structure is vital.

Moreover, to assess the robustness of the proposed architecture in encountering with real-time neuron
silencing which is inevitable in real-world applications, considering this situation, the rendezvous problem in
the presence of dynamic obstacle has been repeated. Figure 16 shows the spiking pattern for this scenario.
Shadowed areas, demonstrate two stages of neuron silencing. In the region 1, the SNN loses 20 neurons, and
in the region 2, the SNN loses 15 of the remaining neurons and the control process continuous with only 15
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Figure 16. Spiking pattern of obtained for the rendezvous problem in the presence of dynamic obstacle with neuron silencing.

Table 6. Obtained errors for the case studies with-/without- neuron silencing.

State Without Silencing With Silencing

x(m) 0.2720 0.4885
y(m) 0.0849 0.2359
z(m) 0.0951 0.1075
vx
(
m s−1

)
0.0017 0.0017

vy
(
m s−1

)
7.9314× 10−04 4.0112× 10−04

vz
(
m s−1

)
1.9276× 10−04 4.3436× 10−04

neurons after t= 150s. As it has been depicted in figure 16, it is vividly visible that after each time of neuron
silencing in two regions, to compensate the lack of neurons, the SNN activates the standby neurons and
raised the spiking rates of the active neurons which confirms the robustness of the SNNs in encountering
with real-time neuron silencing. Note that, to avoid multiple similar figures, for this case, just the spiking
pattern has been provided.

Similar to the previous cases, for a quantitative comparison of the obtained accuracies in the case studies
with-/without- real-time neuron silencing table 6 compares obtained accuracies for the time-period after
t= 300. Compared to the obtained results for the case study without neuron silencing (reported in table 4),
results, demonstrate an acceptable accuracy of the proposed structure considering real-time neuron silencing
which confirms the robustness of the proposed method to the loss of neurons.

Finally, to assess the proposed discontinuous communication strategy in terms of energy efficiency, the
last scenario (real-time neuron silencing in the presence of dynamic obstacle is considered) has been repeated
considering continuous and discontinuous communication approach. Figure 17 compares the
communication methods. In this figure, ‘1’ refers to the active antenna for communication (data
transmission mode), and ‘0’ refers to the time steps in which the antenna is in the standby mode. So, if the
edge device uses any conventional antenna with a predefined energy consumption per each communication
cycle, our proposed approach will lead to 80% reduction in the required energy for cloud-edge
communication.

Furthermore, to check the performance of the proposed method in terms of control accuracy, table 7
compares the accuracy obtained for two different methods of communication. Obtained results demonstrate
an acceptable accuracy for the proposed method compared to the continuous communication. Also, the
results shows that even real-time neuron silencing cannot affect the performance of our proposed
communication strategy.

It is notable that all the reported results in the presented research are obtained from numerical
simulations in the MATLAB environment.

4. Conclusion

Addressing the challenge of resource-intensive control systems, our research presents an innovative approach
to dynamic system control using SNNs for energy efficiency. Leveraging cloud-edge-based learning, SNNs
accurately replicate control signals for autonomous plant operation, reducing the need for constant
plant-cloud communication. The architecture demonstrates a 96% reduction in tracking error with
enhanced neuron count and adapts computational resources effectively to varying complexities. Notably,
energy consumption increases only moderately under challenging conditions. This study underscores the
potential of SNNs in real-time applications, offering a pathway for efficient and scalable control systems in
robotics and beyond.
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Figure 17. Comparison of proposed discontinuous communication with the.

Table 7. Obtained errors for the case studies with continuous and discontinuous communication.

State Continuous Discontinous

x(m) 0.5631 1.2818
y(m) 0.2180 0.3572
z(m) 0.0778 0.0538
vx
(
m s−1

)
0.0068 0.0015

vy
(
m s−1

)
0.0028 5.2669× 10−04

v
(
m s−1

)
1.5703× 10−05 4.1079× 10−04
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