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Abstract
Spiking Neural Networks (SNN) are becoming increasingly interesting to the space domain due to their energy

efficiency. Indeed, small satellites use devices with low computational power and have a low system power budget
in general. For this reason, SNN represent a promising candidate for the on-board implementation of neural-based
algorithms: among those, the scene classification task is of primary importance for the space community and constitutes
a valuable test case given the abundance of competitive methods available to establish a benchmark. SNN are also
commonly referred to as the third generation of Artificial Neural Networks (ANN), where each neuron in the network
uses discrete electrical pulses (spikes) communicating in an event-based manner. SNN have the potential advantage of
achieving higher energy efficiency than their ANN counterparts. While generally a loss of accuracy on SNN models is
reported, new algorithms and training techniques can help close the gap in terms of accuracy while maintaining a low
energy consumption profile. To evaluate the feasibility of applying SNN onboard spacecraft, this research paper focuses
on a theoretical analysis and comparison of different SNN techniques applied to the task of scene classification for the
EuroSAT dataset. A particular focus is put on information encoding and learning representations for sparse spiking
architectures. A widely adopted encoding method is rate-based coding, where information is encoded by the average
number of spikes fired by a neuron. Several drawbacks, in particular in the context of low energy applications, have
been identified for this method. Instead, temporal coding, where the time signal between spikes drive the encoding, is
here investigated due to its inherent sparsity nature and higher efficiency of the resulting spiking network, i.e. lower
number of spikes for a given information content. Considerable effort is also dedicated to the evaluation of several
competing models, developed following the state-of-the-art in SNN coding (rate and temporal coding) and training
techniques, as well as the study of the impact of different neuron and synapse models on the output performance. In
addition, this research aims at developing and validating reliable metrics and proxies that can be used to compare
different architectures and to establish a clear theoretical dependence between architecture parameters (e.g. number of
neurons and spikes) and the expected energy consumption one could expect on-board the spacecraft.

Acronyms/Abbreviations

ANN Artificial Neural Networks,
BNTT Batch Normalization Through Time,
CNN Convolutional Neural Network,
GNC Guidance, Navigation, and Control,
IFL non-leaky Integrate-and-Fire Linear,
LCL Locally Connected Layers,
LIF Leaky Integrate-and-Fire,
MLP Multilayer Perceptron,
ROC Rank Order Coding,
SG Surrogate Gradient,
SNN Spiking Neural Networks,
TTFS Time To First Spike.

1. Introduction

Easier access to orbit, miniaturization and new opera-
tive concepts like On Orbit Servicing, Active Debris Re-
moval, and reusability of space assets are disrupting the
space industry, as we assist to an unprecedented growth of
the number of spacecraft in flight and a renewed impulse
to exploration. Nevertheless, the operations of space sys-
tems still rely heavily on human intervention and on large,
expensive communication infrastructures. These factors
are quickly becoming bottlenecks that could seriously hin-
der the development of this new space renaissance. A high
level of autonomy is clearly required by future space sys-
tems: Potential applications include, among others, early
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detection of potential failures or catastrophic events [1],
feature detection and tracking in Guidance, Navigation,
and Control [2–5], pre-processing of collected data by
Earth Observation satellites to mitigate bandwidth require-
ments by filtering out invalid or corrupted data, advanced
navigation and signal processing tasks [6–8]. On the other
hand, space systems are traditionally limited in computa-
tional and memory resources, a condition exacerbated by
the recent trend towards extreme miniaturization, such as
CubeSats and other types of micro and pico satellites [9].

Spiking Neural Networks (SNN) are characterized by
low-power and energy-efficient properties [10–18], due to
their brain-inspired architecture, in which neurons com-
municate by means of discrete spikes. Several neuron
models exist, but all of them share a general behavior in
which input events are somewhat accumulated along time,
increasing an internal state called membrane voltage or
potential, mimicking the membrane voltage of biological
neurons. Whenever the potential exceeds a certain thresh-
old, a spike is released and the voltage is reset. Differently
with respect to traditional ANN, computation is performed
only at the time a spike is received, making the overall
activity inside the network inherently sparse. Their re-
current nature makes SNN particularly suitable to process
time series, just as in navigation systems. Moreover, SNN
can be implemented on neuromorphic hardware, designed
to fully exploit such asynchronous, sparse computation
paradigm to achieve solutions capable to outperform those
based on ANN in terms of power consumption and energy
efficiency [10, 11]. On the other hand, the peculiarities
that make SNN so promising make them also harder to
train than their ANN counterparts, due to the intrinsically
discontinuous nature of the signals flowing inside the net-
work. In fact, no standard training techniques still exist for
SNN. Various forms of unsupervised learning were pro-
posed [19–24]. However, an unsupervised learning rule
alone is not sufficient for decision making, and they can-
not be optimized for a specific target output. Rate-based
conversion between deep ANN and SNN demonstrated a
minimal loss of accuracy [10, 14, 16, 25]. However, the
use of rate-based conversion usually requires high firing
rates and a high number of time steps to provide accept-
able performance [14, 26], largely reducing the energetic
advantages [10, 11, 27, 28]. Methods based on temporal
coding, also called latency-based methods, might achieve
higher efficiency, encoding information in the fire time
of neurons [12, 14, 15, 17, 18, 29]. According to the
Time-To-First-Spike (TTFS) coding, the more a neuron is
activated, the shorter is its firing delay, and more signif-
icant the associated transmitted information [12, 14, 15,
18]. For classification tasks, Rank Order Coding (ROC)
is even more simple, for the attribution class corresponds

to the output neuron that fires first, regardless of the ex-
act spike time. In such encoding schemes, neurons can
be even forced to fire once at most during an inference,
making SNN models based on temporal coding extremely
attractive for energy-constrained applications.

Several development are still needed to achieve practi-
cal implementation on real space systems, for neuromor-
phic research is still a topic in its early development. The
aim of this work is to provide some practical tools needed
for the design of future spaceborne neuromorphic systems.
The primary objective is to estimate the actual gains, in
term of trade-off between accuracy and energy, that can
be expected from SNN with respect to classical ANN. A
novel metric, capable to compare the model complexity of
both ANN and SNN in a hardware-agnostic way, is pro-
posed as a proxy for the energy consumption. The perfor-
mance of several SNN (both rate- and latency-based) and
ANN models is compared on a scene classification task,
using the EuroSAT RGB dataset [30], a land use classifi-
cation tasks representative of a practical use case in Earth
Observation to reduce bandwidth requirements by detect-
ing invalid images onboard. The selection of a classifi-
cation task, for which ANN achieves state of the art per-
formances, constitutes the hardest possible benchmark to
demonstrate SNN capabilities. In order to provide vali-
dation to such approach, the energy trend predicted with
the proposed metric is compared with actual measures of
energy used by benchmark SNN models running on neuro-
morphic hardware. The secondary goal is to analyze the
internal dynamics of SNN models, identifying the most
significant factors which affect the energy consumption,
in order to derive design principles useful in future activi-
ties.

2. Test methodology
Several models, both SNN and ANN, were trained to

assess the impact of different architectures, neuron mod-
els, and encoding schemes on the energy consumption.
The first trade-off consists in the selection of the training
method for the spiking systems. Given the aforementioned
limitations of other methods, Surrogate Gradient (SG) was
selected as the training method of choice for the possibil-
ity to handle different test cases without the need to tailor
the entire training for each of them [26, 31–34]. In fact,
SG has the advantage of being independent of the specific
neuron model and type of encoding, with the ability to
leverage traditional deep learning libraries, making it suit-
able for fast prototyping. In the following, unless explic-
itly stated otherwise, SG, in its SuperSpike [31] variant,
was used as the training method for SNN, leveraging the
Norse library [35] for practical implementation.

The second major factor impacting SNN dynamics and
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performances is the selection of the proper neuron model
[36]. Energy efficiency (rather than biological plausibil-
ity) was the main parameter of interest in the adoption
of SNN in space applications. Hence, two of the most
simple neuron models were considered to minimize com-
putation: the leaky integrate-and-fire (LIF) and the non-
leaky integrate-and-fire linear (IFL) neurons. Three main
types of network architectures were included in the test
cases: Multilayer Perceptron (MLP), Convolutional Neu-
ral Network (CNN), and MLP with locally connected lay-
ers (MLP/LCL). MLP/LCL is a MLP whose first layer
takes 2D tensors (e.g., image data) as input while limit-
ing the receptive field of each neuron in a way that mim-
ics convolutional layers, a possible method to circumvent
limitations currently present on some neuromorphic pro-
cessors which do not support convolution.

2.1 Energy estimation method
The goal of this work is not to develop a method to

estimate absolute energy consumption, being the number
of the unknown parameters too high for such a task, but
rather to achieve a credible way to perform relative com-
parison among models (both SNN and ANN), useful in
trade-offs and during the prototyping phase.

When dealing with ANN running on traditional com-
puting hardware (CPU and GPU), data movement dom-
inates energy consumption at inference, reaching up to
90 % of the total for certain architectures [37, 38]. While
the computational energy is directly dependent on the ac-
tual number and type of floating point operations, the esti-
mation of the memory energy is more complex, for mod-
ern hardware organizes memory in a hierarchical manner,
with different speed and cost of access. Hence, even if
widely used, the number of floating-point operations and
the number of weights in the model might not be ideal met-
rics for energy computation. It would seem reasonable
to adopt a black-box approach as in [39], an attempt to
take into account the average contributions of both com-
putational and memory energy. Nevertheless, this ap-
proach comes with its own limitations. Machine learning
hardware has recently seen an impressive improvement in
absolute performance and power efficiency, mostly due
to specialized computing units (tensor cores, TPU, etc.).
But such performance figures are achieved by means of
massive parallelism, achieved by batch computation [40].
Then, energy efficiency drops quickly far from nominal
values whenever the hardware capacity is not saturated,
due to the relatively high power consumption in idle mode.
Conversely, the most adopted metrics for SNN are the
number of emitted spikes and the number of synaptic op-
erations [41, 42]. Even if a certain increasing trend in en-
ergy can be expected with increasing number of spikes,

different internal connectivity can lead to a very different
number of synaptic operations, making such metric only a
very rough estimation. Moreover, such metrics are incom-
patible with ANN. Some methods have been developed to
take into account the memory energy: however, they still
require some knowledge about specific hardware features,
like the size of the I/O buffer in [43] or the fraction of data
reuse in [44].

The number of Equivalent Multiply and Accumulate
Operations (EMAC) is proposed as a hardware-agnostic
method suitable for comparing the computational load of
both SNN and their ANN counterparts. EMAC is intended
as a dimensionless generalization of MAC operations, tak-
ing into account both computation and memory costs. In
fact, all the floating-point operations performed in stan-
dard ANN are of the Multiply and Accumulate (MAC)
type, while a significant part of the computation in SNN is
made up by Accumulate (AC) operations. Then, different
relative weights need to be assigned to AC and MAC in
the estimation of the related computational burden. It is
here assumed that moving data in memory is the dominant
factor in the determination of the energy performance: as-
suming a unitary weight for MAC (1MAC = 1EMAC),
a conservative weight value of 2/3 assigned to the AC
(1AC = 0.667EMAC), for only 2 numbers are involved
in AC, w.r.t. 3 in the MAC. No overhead related to in-
put/output operations, system idle power consumption, or
computation overhead due to actual implementation are
taken into account. Finally, it is assumed that the net-
work is implemented digitally. Although analog neuro-
morphic processors promise even lower energy consump-
tion [45–47], their performances are dependent on the spe-
cific technological solution, often tailored to a specific
neuron model. The assumption of a digital implementa-
tion allows a more reliable comparison between different
architectures. To simplify the notation. in the following
sections the terms energy consumption and computational
load both refer to the value of EMAC required by the net-
work to perform a single inference.

In a spiking neuron, part of the operations (i.e. the
synaptic operations) are performed whenever a spike is
received, while other operations are executed at each time
step while updating the neurons internal states. Then, the
total number of EMAC operations Etot depends on two dis-
tinct contributions:

Etot = Esyn + Eupd [1]

where Esyn is the synaptic operation contribution, and Eupd
is the neuron update. The terms can be further explicited:

Etot = sesyn + nTeupd [2]

where s is the total number of synaptic operations per-
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formed, n is the number of neurons in the network, and
T is the number of time steps. The two terms esyn and eupd
are respectively the energy per synaptic operation and the
energy per neuron update and they depend on the specific
neuron model. The general form of Eq. [2] remains valid
even for ANN, in which there is no update in time and
connections between layers are synapses with eupd = 0
and esyn = 1EMAC. The procedure to identify the two
parameters for a specific neuron model is:

1. Write the neuron’s dynamics in its discrete-time form
(as in its digital implementation);

2. Identify each operation as MAC or AC;

3. Operations processed at each time instant are related
to neuron update and contribute to eupd;

4. Operations performed only whenever a spike is re-
ceived are synaptic operations and contribute to esyn.

The contribution of spike generation/voltage reset is ne-
glected, as is can be considered just a variable assignment
operation. As an example, in the following the procedure
is shown for the LIF neuron, whose continuous dynamics
is represented by the system:

di(t)

dt
= − i(t)

τsyn
+

∑
j∈P

wjSj(t)

dv(t)

dt
=

−v(t) + i(t)

τmem
− vthSo(t)

[3]

where i is the current, v the potential, and P denotes the
domain of the presynaptic neurons. Sj(t) =

∑
k δ(t− tkj )

is the input spikes train from the j-th presynaptic neuron,
where δ is the Dirac’s delta and k is the index of the spikes
times. −vthSo(t), where So(t) = δ

(
vth − v(t)

)
and vth is

the threshold potential, represents the neuron reset mech-
anism. Once discretized, it takes the form:

ik+1 = ik − ik
∆t

τsyn
+

nS∑
j=1

wjSjk + b

vk+ 1
2
= vk + (ik+1 − vk)

∆t

τmem
vk+1 = vk+ 1

2
− vthSk+1

[4]

taking to the final estimation:
esyn = 1AC = 0.667EMAC
eupd = 2AC + 2MAC = 3.333EMAC [5]

For the sake of completeness, Eqs. [6] and [7] reports the
continuous dynamics and the identified energy parameters
for the IFL neuron, also considered in this work.

di(t)

dt
=

∑
j∈P

wjSj(t)

dv(t)

dt
= i(t)− vthSo(t)

[6]

esyn = 1AC = 0.667EMAC
eupd = 2AC = 1.333EMAC [7]

The identification of the remaining parameters in
Eq. [2] completes the energy estimation. The number of
neurons n is immediately known, given the specific net-
work. In case of TTFS/ROC encoding, the latency is de-
termined by the time the first spike is emitted by the output
layer. This implies also that the number of time steps T
can different in each inference: performances can still be
assessed in terms of mean and standard deviation, while
for rate-based encoding the time of inference T is known
and predefined. The number of synaptic operations s is
estimated layer-wise. The number of synaptic operations
between a layer l and the previous layer l − 1 is:

s(l) = ns(l) nn(l) T P(l−1)(S) [8]

where ns is the number of pre-synaptic connections in
each neuron receptive field and nn is the number of neu-
rons in the layer, both of which are dependent on the layer
type (convolutional, fully connected etc.). P(l−1)(S) is
the probability that a pre-synaptic neuron emits a spike,
and it can be estimated as:

P(l−1)(S) ∼
Ns(l−1)

T nn(l−1)
[9]

in which Ns(l−1) is the total number of spikes emitted by
the previous layer at inference. Substituting [9] into [8],
and simplifying the obtained equation, we achieve:

s(l) = ns(l) nn(l) f(l−1) [10]

where fl−1 is the average spiking rate of the previous layer.
In case of ANN, f(l−1) = 1. In case of recurrent layers,
the additional recurrent synaptic operations can be simply
computed by:

sr(l) = ns(l) nn(l) f(l) [11]

which is similar to Eq. [10] except that the spiking rate of
the same layer f(l) is used.

2.2 Discussion
The use of EMAC presents some advantages with re-

spect to other, traditionally used, metrics, starting with the
possibility to compare SNN with ANN, and the capability
to compare different neuron models. At the same time,
the discrimination between synaptic operations and neu-
ron updates contributions allows to take into account the
impact of the model size, latency, and internal connectiv-
ity, indistinguishable by other methods, useful for model
energy optimization in design phases. Being hardware-
agnostic, it allows relative comparisons between mod-
els, enabling at least preliminary information for trade-off.
Moreover, the followed approach is intentionally conser-
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vative in treating SNN. First, the number of time steps of
the model (which impacts significantly the Eupd term in
Eq. [1]) in SNN is not here optimized. Second, data lo-
cality is not considered, assigning the relative weights of
MAC/AC operations basing only on the number of quan-
tities involved in the computation. On neuromorphic pro-
cessors, tailored for asynchronous, parallel computation,
weights are stored locally to the single neuron (or to small
groups of neurons), further favoring SNN over ANN once
on hardware. Any energy consumption contribution but
the operations strictly necessary for the inference is not
taken into account. Idle power consumption and other pos-
sible overhead can have a very large variability depend-
ing on the actual hardware platform and should be consid-
ered in actual trade-off. Finally, the specific representa-
tion of the numerical quantities (i.e. the bit depth) is not
considered. Energy consumption can drop dramatically
with simpler representations, or by switching to fixed point
arithmetic, but it is assumed that model quantization can
be performed in both ANN and SNN alike. However, if
required EMAC can be easily adapted to include different
number formats, simply by proper tailoring of the relative
weights attributed to MAC/AC operations.

3. Results
Following the methodology expounded above, 82 test

models were trained, with different combinations of neu-
ron models and network architectures. Three neuron mod-
els are considered: a) LIF spiking neurons with rate en-
coding (RATE); b) IFL spiking neurons with Rank Or-
der Coding (ROC), allowed to spike once at most dur-
ing the inference; c) non-spiking ReLu neurons (ANN).
Four general architectures are included: A) Multilayer Per-
ceptrons (MLP) B) MLP architecture with Locally Con-
nected Layer (MLP/LCL); C) Convolutional Neural Net-
works (CNN); D) MLP with a single recurrent hidden
layer (MLP/REC). All the model were trained with SG.
The naming convention of the test cases is summarized in
Table 1. Several hyperparameters affecting both the model
and the training process concur to determine each specific
case: only the main ones are synthesized in the naming
scheme.

3.1 Accuracy vs energy
The achieved accuracy vs the energy consumption,

shown in Fig. 1 is the main figure of merit in this analysis.
Just the cases which attain the best performance for each
of the groups mentioned are shown, to highlight a sort of
Pareto front of the achievable performance.

SNN are able to reach performance comparable of
ANN, with significantly lower energy values. This is
particularly evident looking at the latency architectures

Table 1. Test case naming convention.

ID_ + Type + Architecture + Nlayers + [SpecialProperty]
ID Unique numeric ID

Type R (rate coded SNN) |
T (rank order coded SNN) |
A (ANN)

Architecture M (Multilayer Perceptron) |
C (Convolutional)

Nlayers Number of network layers

SpecialProperty (opt.) L (Locally connected Layer) |
R (Recurrent) |
B (BNTT reg.) |
F (Spike rate reg.)

45_TC5B, 49_TC5B, and 52_TC6B, corresponding re-
spectively to the ANN cases 74_AC5, 71_AC5, and
72_AC6: a ∼ 2.5% drop in efficiency corresponds to a
∼ 60% decrease in the EMAC per inference. The same
happens for rate-based networks trained from scratch with
SG, with the architecture 75_RC4 that hits better perfor-
mance than latency ones on both accuracy and EMAC.
The opposite can be observed for simpler networks: spik-
ing MLP and MLP/LCL present increased accuracy w.r.t.
their ANN counterpart. However, for such simple net-
works, this is achieved at the expense of a larger EMAC
value. Moreover, the accuracy of such networks still re-
mains relatively low, under 75 %, a value noncompetitive
with convolutional architectures, albeit better than their
ANN counterparts. It is worth noting that the number of
time steps in the simulation, a hyperparameter not specifi-
cally optimized, plays a major role in determining the over-
all energy performance, especially in MLP in which the
low number of neurons forces the information to be com-
pressed, reducing in this way the sparsity of the computa-
tion. The Locally Connected Layer, applicable only to the
first layer in the network to cope with this specific prob-
lem, seems not sufficient to significantly limit the impact
of the subsequent fully connected layers. Conversely, con-
volutional layers seem particularly effective in exploiting
the sparsity of the spiking computation.

Fig. 2 compares the EMAC with the most simple met-
ric often adopted in literature to estimate energy, that is the
number of spikes emitted at inference. The average values
evaluated on the test set are used to build the chart. Even
if a general correlation trend is present it can be seen how
the use of the number of spikes could lead to large errors
with a large variation of computational load among cases
with almost the same number of spikes, and vice versa.
The reason of this behavior is due to the significant part of
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Fig. 1. Accuracy vs dimensionless energy (EMAC).
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Fig. 2. Dimensionless energy (EMAC per inference) w.r.t.
total emitted spikes per inference, average values over
the test set.

the energy consumption related to synaptic operations de-
termined by the actual pattern of connection between lay-
ers. Fig. 3 shows the breakdown of EMAC among neuron
update, synaptic operations, and recurrent synaptic opera-
tions for some test cases, while Fig. 4 shows their respec-
tive number of emitted spikes. Cases 17_TC5 and 18_TC5
share the same convolutional architecture, in terms of neu-
ron types, latency encoder/decoder, and number and size

of spiking layers. The only difference between the twos
is the connection pattern between convolutional layers: in
17_TC5 convolution is performed with kernel size k = 3
and stride s = 1, and dimensional reduction is achieved
with standard maxpool layers; conversely, in 18_TC5 con-
volution is performed with k = 5 and s = 2, with no
maxpooling. Due to the larger receptive field of neurons,
18_TC5 exhibits a ∼ 45% increase in energy, even with
∼ 10% less spikes. With the same number and type
of neurons, and with an almost equal average number of
time steps at inference (38.1 ms and 37.1 ms) 17_TC5 and
18_TC5 it can be seen how the increase is completely due
to a large difference in the energy spent for synaptic opera-
tions. From the energy consumption perspective, it would
appear advisable to privilege a low level of internal con-
nectivity. However, it must be said that a larger receptive
field in the convolution seems to bring significant benefit
to the system performance, with 18_TC5 scoring a+5.3%
in the absolute test accuracy w.r.t. 17_TC5. The dis-
crepancy is even more evident in the case 75_RC4, still
a convolutional architecture. Being a rate-based network,
the number of emitted spikes almost doubles the values
achieved by 17_TC5 and 18_TC5. Nevertheless, the lower
number of time steps (32 ms instead of 64 ms), and the
lower size and number of layers make the average energy
almost a third w.r.t. 18_TC5. 43_TM2B and 82_RM2R are
another notable example showing the importance of the
internal connectivity. They both share the same MLP ar-
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Fig. 3. EMAC per inference for selected test cases: break-
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set. Error bars represent the standard deviation.
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Fig. 4. Total emitted spike per inference, average value
over the test set. The standard deviation value is indi-
cated by black error bars.

chitecture with one hidden layer of 100 neurons, but while
43_TM2B is a spiking MLP with ROC encoding, the hid-
den layer of 82_RM2R is made by recurrent LIF neurons
with rate encoding. Again the neuron update contribution
is practically the same in the two cases. But recurrence in-
volves a higher number of synaptic operations, leading to
a total EMAC 5 times higher, despite the higher efficiency
in storing information presented by recurrent neurons (re-
flected by a significant +3% increment in absolute accu-
racy).

3.2 Effects of regularization
The impact of different regularization methods is

shown in Fig. 5. The histograms report test accuracy,
EMAC/inference, and the number of emitted spikes per
inference for 3 test cases with ROC (18_TC5, 9_TC5B,
and 45_TC5B), and 3 models based on rate encoding
(75_RC4, 76_RC4F, 77_RC4F). For each encoding, the
models share the same architecture, with different regular-

ization settings. In the ROC cases, 18_TC5 entails no reg-
ularization; neuron-wise Batch Normalization Through
Time (BNTT) [42] is applied in 9_TC5B; spatial BNTT
is applied in 45_TC5B. The number of spikes is similar in
all the 3 cases. Neuron-wise BNTT seems beneficial for
the energy consumption, but with no improvement on the
test accuracy. Spatial BNTT improves both the accuracy,
with a 5.4 % gain in the absolute test accuracy, and the en-
ergy consumption, with a 24 % drop in EMAC w.r.t. case
18_TC5. Rate based models are regularized by targeting a
predefined spiking rate in each layer at training time. No
regularization is applied in 75_RC4; in 76_RC4F a target
average spiking rate of 2 spikes per neuron per inference
was set; the same value was set to 1.5 in 77_RC4F. In these
cases, more restrictive regularization provokes a decrease
in the accuracy, with limited improvement in the energy
consumption. This phenomenon appears to be connected
again to the different sources of energy consumption in
SNN. In fact, as shown in Fig. 3, the energy consumption
in the 75_RC4 architecture is dominated by neuron update,
while a limitation of the spiking rate impacts only the con-
tribution by synaptic operations.
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Fig. 5. Effect of regularization. xx_TC5x cases make use
of Rank Order Coding and BNTT; 7x_RC4x cases are
rate-based with target spiking rate normalization.

IAC–24–D.1.2.11 Page 7 of 13



75th International Astronautical Congress (IAC), Milan, Italy, 14-18 October 2024.
Copyright © 2024 by the International Astronautical Federation (IAF). All rights reserved.

3.3 Scaling to deeper architectures
Despite the promising performances achieved in ac-

curacy, SNN still struggle in scaling to deeper architec-
tures. Fig. 6 is a close-up of Fig. 1, limited to the convo-
lutional architectures. Not just the top performing mod-
els are shown, but also some other test cases designed to
study the trend performances as the deepness increases.
All the models in the figure are CNN with number of lay-
ers varying from 3 to 6 (denoted by the marker size in the
scatter plot). Latency-based (ROC), rate-based (RATE)
and their ANN counterparts are included. ANN show a
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Fig. 6. SNN Scalability. The size of the markers is related
to the number of layers in the 3 to 6 range.

consistent behavior in which as the number of layers in-
creases, the accuracy improves: VGG-style ANN of mod-
erate deepness (∼ 10 layers) achieved accuracy >98 % in
preliminary tests. SNN exhibit a different trend: while
at lower complexities they outperform ANN, showing the
potential of spiking neurons in storing information, as the
network deepness increases their performance peaks (at
EMAC clearly lower w.r.t. the ANN counterparts), and
then drops to unsatisfactory levels of accuracy. A deeper
insight of this phenomenon can be obtained by looking at
the internal dynamics of the networks. Fig. 7 shows the
temporal trend of the number of spikes emitted by each
layer of different models with different number of layers.
Except for the number of layers, both the models shares
the same temporal coding architecture, latency and hyper-
parameters. 49_TC5B in Fig. 7a represents a case of well
trained SNN: in the two convolutional levels, the layer
takes a certain amount of time to collect spikes from its
predecessor, after that it starts to emit spikes. The number
of emitted spikes increases, reaches a maximum, and then
slowly decreases, as less significant neurons fire. As it can
be expected, the response of subsequent layers is slightly
translated forward in time, as each layer needs to accumu-

late a certain amount of spikes by the layer before. Adding
more layers causes the accuracy to drop due to poor train-
ing. Case 25_TC11B in Fig. 7c is a 11 layers architec-
ture: in fact, higher layers start to spike in advance, well
before most of the information from previous layers is col-
lected. Spike activity in layer 4 rises and reaches its peak
in response of a very few input spike from the previous
layer. A possible factor triggering this behavior is a too
low number of time steps for the deeper networks. With
same weight initialization, the time needed by the spikes
to propagate among subsequent layers in deeper networks
become more large, possibly larger than the available time
(which is itself a hyperparameter). Backpropagation then
starts only for a subset of the input, and several neurons
do not even enter the training. More investigations are
needed to unlock successful training of deeper networks.

4. Hardware testing
The proposed metric present also the possibility to be

tuned on specific hardware platform, to achieve also abso-
lute energy estimation. To test this possibility, a series of
benchmark models were implemented on the BrainChip
Akida AKD1000 [48] device, the first generation of digi-
tal neuromorphic accelerator by BrainChip. Three convo-
lutional models of increasing complexity, differing in the
number of convolutional blocks, and in the number of fil-
ters in each Conv2D layers, were trained on the EuroSAT
dataset (see Fig. 8). The Akida system is digital, and its
predefined way to operate consists in first training stan-
dard ANN and then convert them into SNN to be run on
hardware. The ANN are trained, then quantized to match
the bit depth available on hardware, and retrained to re-
cover accuracy lost in the quantization process. Finally
they are converted to spiking models. Details about the
specific spiking model adopted are currently not available
in the official documentation: nevertheless, integrate-and-
fire behavior with ROC decoding are confirmed in [49].

4.1 Hardware performances
The ANN models reached a test accuracy value∼80 %

(Table 2). After the conversion to spikes, a drop in ac-
curacy between 1.3 % (CNN-16-32) and 5.6 % (CNN-16-
16) was observed, a good result considering the drastic
drop in bit depth (only 4 bits are used on hardware to rep-
resent the network parameters). The AKD1000 reported
an extremely low energy consumption between 0.63 and
1.38 mJ per frame during inference. The reported value
for the floor (idle) power consumption was 911.49 mW, to
be compared with a peak power consumption (worst case
across the models) of 978.00 mW, meaning that despite
the extremely low increment in power during inference,
more than 93 % of the total power consumption is due to
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Fig. 7. Scaling to deeper networks with spiking CNN (ROC, IFL neurons). BNTT is applied on convolutional layers
(all except the last two). As the number of layers grows, subsequent layers fail to collect most of the information of
lower layers, and start to fire basing only on a few presynaptic spikes.
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Fig. 8. Models trained for the Akida device. ANN models,
prior to the conversion in SNN, are shown.

the device just being idle.

4.2 Energy model identification
The possibility of the dimensionless EMAC metric to

be tuned to estimate also absolute energy consumption for
specific target platform is here verified for the AKD1000,
following the procedure:

1. The 3 models implemented in the AKD1000 chip are
reproduced in Norse, and their EMAC is computed;

2. Two of them are used to perform a least squares es-
timation considering esyn and eupd in Eq. [2] as free
parameters to fit the EMAC value to the actual energy
consumption estimated by the hardware;

3. The estimated energy model is used to compute the
energy consumption of the third network, which is

compared with the value measured on the Akida plat-
form to assess the achieved accuracy.

The more precisely the networks are reproduced in Norse,
the higher the expected accuracy in the estimation. Since
some aspects of the conversion from ANN are undocu-
mented, some arbitrary assumptions are taken in the Norse
implementation. However, such uncertainties are at least
partially coped with by proper tuning of the parameters.
IFL neurons which spike once at most, with 64 time steps
and ROC has been selected. To reproduce a realistic net-
work activity, the Norse models have been retrained from
scratch with SG, for the weights values trained in the pro-
cessor pipeline cannot be directly applied to the models.
Results are shown in Fig. 9. Cases CNN-16-16 and CNN-
16-32 have been considered in the identification of the
numerical energy model then used to estimate the energy
for CNN-32-32-64, achieving a +5.8% relative error: the
scaling of the energy consumption due to the increase of
the network size is successfully described by the now di-
mensional [mJ] EMAC metric. As can be expected, by
using the minimum number of data points (2 for a 2 DoF
model) the residuals of the least squares optimization are
null and the estimated energy perfectly matches the mea-
sures at those points. The functionality of the model with
a minimum data set highlights the generalization capabil-
ities of EMAC: given more data, an even better accuracy
in the estimation can be expected.

5. Conclusions
In this work, an investigation of the potential benefits

of SNN for onboard Artificial Intelligence applications in
space was carried out. A land use classification task, based
on the EuroSAT RGB dataset and representative of a pos-
sible use in actual space missions, was selected as case
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Table 2. Summary of the network performances for the Keras quantized models.

CNN-16-16 CNN-16-32 CNN-32-32-64
Test accuracy (Keras) 79.33 % 79.41 % 85.56 %
Test accuracy (Quantized) 74.19 % 78.41 % 80.85 %
Test accuracy (Akida) 73.93 % 78.11 % 81.22 %
Floor power [mW] 911.49 911.49 911.49
Inference power (min–max) [mW] 933.00–947.00 933.00–949.59 956.00–978.00
Inference power (avg. ± sd) [mW] 944.58 ± 3.86 953.00 ± 4.42 974.83 ± 4.06
Inference energy [mJ/frame] 0.63 0.82 1.38
Avg framerate [fps] 1506.7 1154.8 707.55
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Fig. 9. Identification of the Akida energy model.

study. SNN models based on both temporal and rate cod-
ing, and their ANN counterparts, were compared in terms
of accuracy and complexity in a hardware-agnostic way.
A new metrics, Equivalent MAC operations (EMAC), was
developed to relatively compare computational load. Dif-
ferently to other popular metrics, EMAC is suitable to as-
sess the impact of different neuron models, to weight sep-
arately contributions given by synaptic operations w.r.t.
neuron updates, and to compare SNN with their ANN
counterparts. By default EMAC gives a dimensionless,
relative estimation, and it should be considered a proxy
of energy consumption. Moreover, internal parameters
can be tuned to match the features of specific hardware,
if known, achieving also absolute estimation. A prelimi-
nary successful demonstration is given for the BrainChip
Akida AKD1000 neuromorphic processor. Benchmark
SNN models, both latency and rate based, exhibited a min-
imal loss in accuracy, compared with their ANN coun-
terparts, with significantly lower (from −50 % to −80 %)
EMAC per inference, making SNN of extreme interest for
applications limited in power and energy typical of the
space environment, especially considering that an even
greater improvement (with respect to standard ANN run-

ning on traditional hardware) in energy consumption can
be expected with SNN when implemented on actual neu-
romorphic devices. A research effort is still needed, espe-
cially in the search of new architectures and training meth-
ods capable to fully exploit SNN peculiarities.
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