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Abstract—Advancements in Industrial Internet of Things
(IIoT) sensors enable sophisticated Predictive Maintenance (PM)
with high temporal resolution. For cost-efficient solutions,
vibration-based condition monitoring is especially of interest.
However, analyzing high-resolution vibration data via traditional
cloud approaches incurs significant energy and communication
costs, hindering battery-powered edge deployments. This ne-
cessitates shifting intelligence to the sensor edge. Due to their
event-driven nature, Spiking Neural Networks (SNNs) offer a
promising pathway toward energy-efficient on-device processing.
This paper investigates a recurrent SNN for simultaneous regres-
sion (flow, pressure, pump speed) and multi-label classification
(normal, overpressure, cavitation) for an industrial progressing
cavity pump (PCP) using 3-axis vibration data. Furthermore,
we provide energy consumption estimates comparing the SNN
approach on conventional (x86, ARM) and neuromorphic (Loihi)
hardware platforms. Results demonstrate high classification ac-
curacy (>97%) with zero False Negative Rates for critical
Overpressure and Cavitation faults. Smoothed regression outputs
achieve Mean Relative Percentage Errors below 1% for flow and
pump speed, approaching industrial sensor standards, although
pressure prediction requires further refinement. Energy estimates
indicate significant power savings, with the Loihi consumption
(0.0032 J/inf) being up to 3 orders of magnitude less compared to
the estimated x86 CPU (11.3 J/inf) and ARM CPU (1.18 J/inf) ex-
ecution. Our findings underscore the potential of SNNs for multi-
task PM directly on resource-constrained edge devices, enabling
scalable and energy-efficient industrial monitoring solutions.

Index Terms—Spiking Neural Networks (SNNs), Predictive
Maintenance (PM), Neuromorphic Computing, Industry 4.0

I. INTRODUCTION

The integration of sensors within the Industrial internet
of things (IIoT) enables advanced Predictive Maintenance
(PM) strategies, crucial for optimizing industrial processes
and preventing costly downtimes [1f]. Condition monitoring
often relies on vibration data, particularly for rotating ma-
chinery like pumps. However, acquiring high-resolution vibra-
tion data generates substantial data volumes, and traditional
approaches relying on data transmission to the cloud for
analysis incur significant energy costs, limiting the operational
lifetime of battery-powered sensors [2]], which are desirable
for retrofitting machinery without complex wiring. Addressing
these limitations necessitates shifting artificial intelligence
(AI)-driven analysis directly to the sensor edge.
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Spiking Neural Networks (SNNs) offer a compelling solu-
tion for low-power edge Al. Their event-driven computation
holds the potential for significant energy savings compared to
traditional Artificial Neuronal Networks (ANNs), especially
on specialized neuromorphic hardware [3|]. Research applying
SNNs to PM tasks, surveyed in [4], often focuses on fault
detection in components like bearings [2], [5]-[8]] or gears
[9]. Common approaches involve converting vibration data
to spikes using time-frequency transformations and various
encoding schemes (e.g., Population Coding, TTFS, Current
Injection). While shallow feed-forward Leaky Integrate-and-
Fire (LIF) networks are prevalent, more complex architectures
like Long Short-Term Spiking Neural Networks (LSNNs) [10],
[11] or Reservoir SNNs [[12]], [13]] are emerging. Training is
mostly supervised, using surrogate gradients or ANN-to-SNN
conversion. However, a notable gap exists, as most studies
do not report concrete hardware implementations or energy
estimates on edge platforms [4], [5], [11].

Among other goals, this paper aims to bridge that gap by
presenting energy estimates of a recurrent SNN, developed for
a complex, multi-task PM problem on an industrially relevant
use case. Using 3-axis vibration data, we target simultaneous
regression (flow, pressure, pump speed) and multi-label con-
dition classification (normal, overpressure, cavitation). While
traditional Reccurent Neural Networks (RNNs) like GRUs
could also be applied, SNNs are investigated here for their
theoretical potential for extreme energy efficiency, particu-
larly when deployed on specialized event-driven neuromorphic
hardware. This study aims to quantify this potential benefit.
The necessary spike encoding step is considered as a pre-
requisite for leveraging this event-based paradigm, with the
potential for future on-chip integration. Section [[I] presents the
targeted use case and data acquisition process. In Section
we present the complete methodology, encompassing data
preprocessing, spike encoding, the recurrent SNN architecture,
training procedures, hyperparameter optimization, compres-
sion techniques (pruning, quantization), and evaluation ap-
proach. Finally, Section [IV] shows performance evaluation and
energy estimations comparing conventional (x86 CPU, ARM
CPU) and neuromorphic (Loihi) platforms.
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Figure 1: Progressing cavity pump (PCP); Primary Compo-
nents: a) Stator, b) Rotor, ¢) Coupling Rod.

II. USE CASE

Due to the lack of a standard benchmark dataset in the
context of PM or Progressing Cavity Pumps (PCPs), a cus-
tom dataset was recorded specifically for this purpose. What
follows is the description of the data acquisition process.

A. Pump System

Throughout this study, the NETZSCH NMO021BY02S PCP
was used, which is a type of rotary positive displace-
ment pump [I5]. The pump’s primary components include an
elastomer stator, a metal screw rotor, and a coupling rod (see
Figure [I). Its distinctive feature is the eccentric and rotating
motion of the rotor within the stator, which results in pumping
chambers sealed through pretension. Predominantly utilized
for handling viscous media and in dosing applications, the
PCP is versatile across a broad spectrum of uses.

To avoid damage in PCPs, it is necessary to predict devi-
ations from normal operation conditions, considered imper-
missible, which either cause immediate damage or lead to
long-term degradation of pump components. These deviations
can be monitored through objective parameters, such as pump
speed (rotational speed of the rotor), inlet pressure, outlet pres-
sure, and flow rate. They include, among others, overpressure
and cavitation.

The investigated NETZSCH pump is designed around a
maximum discharge pressure of 12 bar. Any recordings ex-
ceeding this limit, including a small transition zone, were
labeled as overpressure.

Any conditions with a suction pressure below 0.75 bar
were labeled as cavitation, as the pump setup was known to
consistently cavitate below this operation point. In parallel, an
experienced operator adjusted the labels by listening with a
stethoscope for the specific sound of cavitation.

As such, for each 3-axis vibration recording of 16384 points
measured at 6664 Hz, a label was assigned based on the
measured regression (flow, outlet pressure, pump speed) and
classification (normal, overpressure, cavitation) values.

B. Sensors

To measure the vibration of the pump, the SIEMENS
SITRANS MS200 [16] was employed. The vibration sensor
was mounted at the hub position on the pump, mechanically
attached using M8 threaded stud bolts. It features an integrated
Bluetooth Low Energy (BLE) interface, allowing transmission
of the collected sensor data to a central gateway. With a
sampling rate of 6664 samples per second, the sensor offers
high temporal resolution, making it ideal for detecting subtle
changes in the vibration behavior of machinery.
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Figure 2: Pump data recording setup: a) PCP, b) Vibration
Sensor at the Hub Position.

For pressure measurement, the IFM PG2453 sensor
was used, operating in the -1 — 25 bar range and having an
error within +/- 0.2% of the measurement range.

The Endress & Hauser Promag W 5W3B25-5TT1/0 [18]
was used to measure the flow, detecting values between 0 and
18 m?3/h with an error of +/- 0.5% from the measured value.

To measure pump speed, the Omron E2B-M12KN05-M1-
B1 [19] was used. Its range is between 0 and 2000 min~*,

and offers an accuracy of +/- 0.1% from the measured value.

C. Data Generation

The dataset was mainly recorded manually, in part due to the
operator’s necessary expertise regarding the machine’s limit
states. For this purpose, the operator sets the pump’s specified
speed on the frequency converter. The pump’s flow rate is
throttled with a valve until the specified pressure is reached.
Speed and pressure are kept constant for 5 minutes to perform
the vibration measurement. The data generation setup can be
visualized in Figure 2]

Initially, label data was recorded at a frequency of 1 Hz.
However, challenges in correlating the vibration data with the
labels prompted an increase in the sampling frequency to 50
Hz. The vibration data was captured at 6664 Hz for 16384 data
points (approximately 2.5 s), with a 13-second transmission
gap due to Bluetooth limitations. The final dataset used for
this study amounts to approximately 4000 3-axis recordings
of 16384 data points each or approximately 170 minutes.

III. METHODS

This section details the data preprocessing pipeline, the
training procedure, the SNN architecture, the hyperparameter
optimization process, the compression techniques employed,
and the evaluation approach.

A. Data Preprocessing

To prepare the raw sensor data for the SNN, a multi-
stage preprocessing pipeline was implemented, visualized in



Figure 3] This pipeline converts the raw 3-axis (x, y, 2)
accelerometer readings, provided as sequences of uintl16
values within a defined time window (16384 samples), into
a multi-channel spike train format suitable for neuromorphic
processing. The pipeline consists of the following steps, exe-
cuted sequentially for each time window:

1) Standardization: Initially, the raw data is normalized
using the global mean and standard deviation (of each axis),
calculated offline from the entire training dataset. Next, the
mean and standard deviation are calculated again, but this
time locally for each axis within the current time window
in order to capture the specific characteristics of the current
segment, which would otherwise be lost after normalization.
These local statistics are later converted to spikes and added
as extra features to the input signal. The sample is then further
normalized using the computed local mean and standard
deviation. This local normalization is crucial as it ensures the
signal has a consistent dynamic range, which is a prerequisite
for effective and stable spike generation by the subsequent
temporal encoding algorithm (Step-Forward).

2) Spike Encoding: The second and final step involves
converting the processed numerical data into binary spike
trains using a hybrid encoding approach, implemented in
the Spike Encoding Framework proposed in [20]. To capture
the dynamic fluctuations within the normalized signal, it is
encoded into spikes using the Step-Forward (SF) algorithm
[21]. This temporal encoding scheme generates spikes when
the signal exceeds an adaptive threshold, producing separate
”+” and ”-” spike trains for each axis. The thresholds used
in this step are optimized offline, based on the training data
distribution, using the spike converter optimization tool in [20],
which finds the optimal threshold that minimizes the recon-
struction error. The scalar local statistics (mean and standard
deviation) are also encoded using Poisson rate encoding. First,
these scalar values are normalized to a range of [0, 1] using
parameters derived from the distribution of these statistics
across the training set. The resulting normalized value is then
rate-encoded over the duration of the time window (16384
steps), generating two additional spike trains per axis.

The output of this preprocessing pipeline is a multi-channel
spike train. For each of the three input axes (x, y, z), four spike
channels are generated: SF positive-spikes, SF negative-spikes,
Poisson-coded local mean, and Poisson-coded local standard
deviation. This results in 3 x 4 = 12 input channels for the
subsequent SNN.

B. Training Procedure

The SNN was trained with PyTorch [22] using a supervised
approach targeting both regression and classification tasks
simultaneously.

1) Data Preparation and Augmentation: The dataset was
split into training (70%), validation (15%), and testing (15%)
sets. The long sequences (16384 timesteps) were segmented
using a sliding window to augment the training data and reduce
the sequence length. Segments of length 1024 timesteps were
extracted with a step size of 1. This increased the number of
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Figure 3: Preprocessing applied to each axis (x, y, z). Af-
ter global standardization, a numeric time series undergoes
local normalization, yielding a normalized time series and
the window’s local mean (u,) and standard deviation (o).
The normalized time series is encoded into positive ()
and negative (z_) spikes via SF encoding. The local values
(ps,05) are standardized to [0,1] using global statistics and
rate-encoded using a Poisson process. The pipeline outputs
four binary time series per axis. Legend indicates data types.
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training samples to approximately 40.6 million sequences. The
validation and test sets, comprising 606 and 607 sequences,
respectively, were kept in their original length of 16384 steps,
as the recurrent network can handle variable input lengths
during inference.

2) Batching Strategy: Given the large size of the augmented
training set, a custom batching strategy was employed. Before
training, the augmented training set was first shuffled. Then,
1000 mini-batches containing 9000 sequences (of length 1024)
were sequentially drawn and used for training updates. This
ensures that the entire training set is seen by the model
approximately every five epochs.

3) Target Variable Scaling: The continuous output vari-
ables for regression (flow, pressure, pump speed) exhibit
different value ranges. To address this, the RobustScaler from
the scikit-learn library [23|] was used. This scaler standardizes
features by removing the median and scaling according to the
interquartile range (IQR), making it less sensitive to outliers
compared to standard scaling. The scaler parameters were
determined using only the training set and applied to the entire
dataset.

4) Loss Function: A composite loss function was designed
to jointly optimize the regression and classification tasks. The
Mean Absolute Error (L; Loss) was chosen for the regression
task (Equation [I). It was calculated for each of the three target
variables (flow, pressure, pump speed) and summed to form
the total regression loss:

3
ﬁreg = Z "gz - yz| (1)
1=1

For the multi-label classification task (normal, overpressure,
cavitation), a weighted Cross-Entropy (CE) Loss was em-
ployed (Equation [2). Class weights were calculated offline



based on the inverse frequency of each class in the training
dataset to counteract class imbalance.

C
LA = =3 " we -y - log(e) 2)
c=1

where C' = 3 is the number of classes, w. are inverse-
frequency weights, y. € {0,1} is the actual class, and
9. € [0,1] the predicted probability. The calculated CE
loss was additionally rescaled, multiplying it by 10, aiming
to adjust the relative contribution of the classification loss
compared to the regression loss during optimization. The final
loss (Equation [3)) was the simple sum of the total regression
loss and the rescaled, weighted classification loss:

Liotal = Lreg + 10 - Eggighted )

5) Optimization and Regularization: The network was
trained using the Adam optimizer [24] with a learning rate of
1.224 x 10~2 and weight decay (regularization) of 1.712 x
107%. A ReduceLROnPlateau scheduler was employed
to adjust the learning rate during training. This scheduler
monitored the total loss on the validation set and reduced
the learning rate by a factor of 0.3 if no improvement
was observed for 3 consecutive epochs. Furthermore, Early
Stopping was implemented, with a patience of 10 epochs.

C. Network Architecture

The model employs a recurrent SNN designed to process
the 12-channel spike train input described in Section for
simultaneous regression and classification.

1) Neuron Model: The neuron model employed is the LIF,
implemented using the snnTorch library [25]]. The dynamics
of each LIF neuron are governed by its membrane potential,
which integrates incoming currents (weighted spikes) and
decays exponentially over time towards a resting potential
(zero in this implementation). When the membrane potential
exceeds a predefined threshold, the neuron emits a spike,
resetting its potential.

Key parameters defining the neuron dynamics were de-
termined through hyperparameter optimization (see Sec-
tion and kept fixed during training. A Membrane Po-
tential Decay 8 =~ 0.9 was used, corresponding to the fraction
of the membrane potential remaining after one timestep in the
absence of input. A threshold value of approximately 0.96 was
employed.

Training was enabled by using a surrogate gradient function,
specifically the fast sigmoid function with a slope parameter
of 5, to approximate the derivative of the spiking mechanism
during Backpropagation Through Time (BPTT).

2) Recurrent Architecture: The network follows a recurrent
structure without any bias terms, consisting of an input pro-
jection of size 12, two hidden recurrent LIF layers of size 160,
and an output layer of size 6 (see Figure ). The weights of all
linear layers were initialized using a normal distribution with
a mean of approximately —0.048 and a standard deviation
of approximately 0.238. The network processes the input
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Figure 4: Overview of the recurrent SNN architecture. It pro-
cesses 12 input spike channels through two recurrent hidden
layers, each with 160 LIF neurons. Feed-forward and recurrent
connections (indicated by the ’+ summation) are present. The
final linear layer produces 6 outputs, which are averaged over
the sequence timesteps. Regression outputs (flow, pressure,
pump speed) are inverse-scaled using the pre-fitted scaler,
and classification outputs (normal, overpressure, cavitation)
are generated via a Softmax function.

Table I: Optimized Hyperparameters

Hyperparameter Value
Learning Rate 1.224 x 10~2
Membrane Decay Factor (3)  0.900

Surrogate Gradient Slope 5

Neuron Threshold 0.959
Weight Init. Mean —0.048
Weight Init. Std Dev 0.238
Training Window Length 1024
Output Scaler robust

sequentially. After the entire sequence (1024 timesteps for
training, 16384 for validation/testing) has been processed,
the outputs from the final linear layer at each timestep are
aggregated by taking their mean. A Softmax activation is
applied to the 3 classification outputs. A Dropout rate of 0.07
was applied before the final spiking layer during training to
mitigate overfitting.

D. Hyperparameter Optimization

To identify the best hyperparameters for the SNN model
and training process, we employed the Optuna framework
[26] to minimize the total loss on the validation set evaluated
after training. The optimization utilized a MedianPruner
to terminate unpromising trials early, based on intermediate
validation loss values compared to the median of intermediate
results of previous trials at the same step.

To minimize training time for the hyperparameter opti-
mization, no sliding window augmentation was applied to
the training set, resulting in only 2829 samples. A total of
1000 optimization trials were conducted, searching learning
rate, LIF neuron parameters, surrogate gradient slope, weight
initialization parameters, the sequence length used during
training, and the type of output scaler. An analysis of impor-
tance suggested that weight initialization parameters, surrogate
gradient slope, and output scaling choice had the highest
impact on performance. The optimization process converged
to the hyperparameters in Table



Table II: Energy per Operation from Literature (J).

Device Synop Energy  Neuron Energy  Source
CPU x86 (i7-4960X) 8.60x107° 8.60x107° 1271
CPU ARM (Cortex-A5) 9.00x10710 9.00x10710 1271
Loihi 2.71x1071 8.10x107!1 28]

E. Compression Methods

To reduce the memory footprint and computational re-
quirements for deployment on resource-constrained hardware,
pruning and quantization were applied to the trained SNN.

1) Pruning: After training, magnitude-based weight prun-
ing was employed by iteratively removing the smallest ab-
solute weights in increments of 5%, with a validation loss
tolerance threshold of 0.1, resulting in a weight sparsity of
approximately 25%.

2) Quantization: Following pruning, fixed-point quantiza-
tion was applied to further reduce the model size and prepare
it for hardware deployment. Weights were quantized to a
signed 18-bit format, with 3 bits allocated for the integer
part, based on the maximum absolute weight observed after
training. While specific neuromorphic platforms have more
stringent constraints such as 8-bit weights, the choice of 18-
bit quantization allows for a general initial analysis. The
weight regularization employed during training (Section [[II-B))
ensured minimal bits were allocated for the integer part
by penalizing high absolute weights. Thresholds and Decay
Factors () were also quantized to an unsigned 16-bit format,
with all 16 bits for the fractional part. This quantization
scheme was applied to the pruned model parameters before
evaluating hardware performance metrics. The resulting model
has approximately 80,000 parameters, a memory footprint of
175KB, and a weight sparsity of 32.82% (increased due to
quantization).

F. Energy Evaluation

To estimate the energy usage of our model on various
platforms, we implemented a methodology inspired by the
Nengo framework [[29]], estimating energy per inference based
on synaptic operations and neuron updates:

E = N, synops X Esynop + Naeuron updates X Ereuron “4)

where gy, is the energy per synaptic operation and Ejeyron 1S
the energy per neuron update, specific to the target hardware,
summarized in Table with values taken from established
benchmarks in the literature [27]], [28]]. The process involves
a forward pass of the trained model on the test data (606
samples with 16384 timesteps each), with values averaged
across the number of samples. The number of neuron updates
(NVheuron updates) 1S the number of neurons multiplied by the
number of timesteps per inference, which assumes that every
neuron is updated at every step. For the synaptic operations,
the calculation differs between spiking and non-spiking hard-
ware:

1) Spiking: Because the computation is event-based, the
number of synaptic operations is calculated by summing, over
all timesteps t, layers [, and neurons n (in layer /) the product
of the neuron’s spike state s;;, (1 if spiking, O otherwise)
and its number of non-zero outgoing connections c¢; . This
assumes the spiking platform can leverage connection sparsity:

Nsynops, spiking = § St,l,n X Cln (5)

t,l,n

where t is timesteps, [ layers, and n neurons in layer /.

2) Non-spiking: It is assumed that all synaptic connections
are computed every timestep. Total synops are the sum of all
connections multiplied by timesteps per inference.

This methodology has several limitations, as data transfer
costs to/from the device are not included, and precision (bit-
width after quantization) is not considered. Furthermore, we
underestimate the energy cost for the non-spiking devices
(x86, ARM) since we assume that each synop and neu-
ron update is one Multiply-Accumulate Operation (MAC),
even though in practice, a neuron update might need more,
depending on the implementation. Despite this, it provides
a comparative estimate of the energy costs across different
hardware platforms. Energy estimates for the evaluated model
are presented in Section and summarized in Table [V]

IV. RESULTS

The performance of the trained and compressed SNN model
was evaluated on the test set (15% of original recordings, 607
samples). Results for both regression and classification tasks,
along with energy estimations, are presented.

A. Regression Performance

For context, we compare our model’s performance to typical
industry accuracy specifications for dedicated sensors (not
ML-based systems). The Full Scale Error (FSE) and Mea-
sured Value Error (MVE) represent standard benchmarks for
standalone flow, pressure, and speed sensors [30]—[34].

Figure [5] illustrates the model’s regression performance
for flow (m?/h), pressure (bar), and pump speed (min~ 1)
prediction. The plots show the target values, the raw SNN
output, and the output smoothed using a moving median filter
(window size 10).

To quantify performance, we utilize Mean Absolute Error
(MAE), Mean Absolute Percentage Error (MAPE), and Mean
Relative Percentage Error (MRPE). MAPE is defined as:

100%
MAPE =

Yi — Ui
Yi

(6)

where y; is the true value, ¢; is the predicted value, and n

is the number of samples. MRPE, also interpreted as range-

normalized error, is defined as:
n

100%
MRPE =
>

i=1

(7

Yi — Ui
max(y) — min(y)

where max(y) and min(y) represent the maximum and min-
imum values of the target variable in the test set.
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Figure 5: Regression performance on the sorted test set.
Targets (orange), raw predictions (light blue), and smoothed
predictions (moving median filter with a window size of 10,
green) are shown.

Table III: Model Regression Performance on Test Set.

Metric Flow (m3 /h) Pressure (bar) Speed (min—1)
MAE Raw 0.021 0.63 10.50

MAE Smooth 0.011 0.40 6.90
MAPE Raw (%) 15.37 9237.21 4.69
MAPE Smooth (%) 4.97 2447.47 3.12
Industry MVE (%) - - 0.1 - 2.0 [31)-[33]
MRPE Raw (%) 1.78 3.87 1.41
MRPE Smooth (%) 0.93 2.46 0.93
Industry FSE (%) 0.1 -5.0([30] 0.15- 1.0 [34] -

Table summarizes the quantitative regression results.
Smoothing improves all metrics. Comparing smoothed perfor-
mance to benchmarks: flow achieves a MRPE of 0.93%, within
typical industry FSE values [30]; the pump speed’s MAPE of
3.12% exceeds typical industry MVE [31]-[33]] by 1.12%; and
pressure’s MRPE of 2.46% also exceeds its typical FSE range
[34] by 1.46%. The high MAPE values for pressure are mainly
influenced by target values near zero.

B. Classification Performance

Figure [6] shows the classification performance for normal,
overpressure, and cavitation conditions. Table details the
classification metrics. The overall accuracy is high (>97%).
Critically, the False Negative Rate (FNR) for overpressure
and cavitation is 0.0%, as the model correctly identified all
of these faults in the test set. The False Positive Rate (FPR)
for overpressure is 3.9%, meaning some normal samples were
incorrectly flagged as overpressure.

C. Energy Evaluation

Based on the methodology described in Section |lII-F, en-
ergy consumption estimates are presented in Table The
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Figure 6: Classification performance on the sorted test set.
Targets (orange) and predictions (light blue) are shown.

Table IV: Model Classification Performance on Test Set.

Metric Normal  Overpressure  Cavitation  Overall
Accuracy  0.9692 0.9692 1.0000 0.9795
F1 Score  0.9758 0.9339 1.0000 0.9699
AUC 0.9891 0.9904 1.0000 0.9932
FPR 0.0000 0.0394 0.0000 0.0131
FNR 0.0472 0.0000 0.0000 0.0157

results compare estimates for conventional platforms (x86,
ARM) and a neuromorphic platform (Loihi).

Loihi exhibits the lowest estimated energy consumption per
inference (3.16x1073 J), significantly lower than the x86 CPU
(1.13x10' J) and the ARM CPU (1.18 J) estimates. It is worth
noting that for Loihi most of the energy consumption (86.3%)
is due to the synaptic operations energy, which is dependent
on the number of spikes within the network (Equation [3).

During inference on the test set (606 sequences of 16,384
timesteps), the network generated on average 530,317173,104
spikes per sample (Table [VI). This corresponds to approxi-
mately 32.4 £ 4.5 spikes per timestep across all neurons, or a
per-neuron spiking probability of 0.0975=+0.0134. Thus, each
LIF neuron spikes in 9.75% 4 1.34% of timesteps on average,
yielding an activation sparsity of 90.25% + 1.34%. This
sparsity was achieved without explicit spike regularization in
the loss function, relying on the inherent dynamics of the LIF
neuron. It is also evident that by reducing this number, or the
number of non-zero-weights, the energy consumption would
also be reduced, which could be investigated in future work.

Given that each inference processes 2.46 seconds of data,
the estimated average power consumption for the Loihi plat-
form is approximately 1.28 mW (3.16 mJ / 2.46 s), compared
to 4.59 W for the x86 CPU and 0.48W for the ARM CPU.

Table V: Estimated Energy per Inference (mJ) (mean =+ std).

Device Energy (mJ)

Total Synaptic Neuron
x86 11273.04 11227.10 45.94
ARM 1179.74 1174.93 4.81
Loihi 3.16 £0.33 2.73+0.33 0.43




Table VI: Spike generation by network layer per Inference
(mean =+ std over 606 test samples).

Layer Neurons Spikes Spike Rate

input 12 59121 £ 6825 0.3007 4 0.0347
1if0 160 195677 £ 33864  0.0746 £ 0.0129
lif1 160 275519 + 66654  0.1051 £ 0.0254
TOTAL 332 530317 4+ 73104  0.0975 £ 0.0134

V. CONCLUSION AND OUTLOOK

This paper demonstrated the application of a recurrent SNN
for low-power, vibration-based Predictive Maintenance (PM)
of a Progressing Cavity Pump (PCP). The model successfully
performed simultaneous regression of key operating parame-
ters (flow, pressure, pump speed) and classification of pump
conditions (normal, overpressure, cavitation).

Key findings include high classification accuracy, notably
achieving a zero False Negative Rate (FNR) for overpressure
and cavitation faults. Regression performance achieved or
approached typical industrial sensor standards, supporting the
possibility of replacing multiple costly industrial sensors (flow,
pressure, pump speed) with a single device that integrates
vibration monitoring and local processing with SNNs.

Energy evaluation estimates indicated up to 3 orders of mag-
nitude less energy per inference for neuromorphic hardware
compared to conventional x86/ARM platforms, highlighting
the potential for considerable energy savings in battery-
powered edge devices. It further supports the feasibility of
migrating complex data analysis tasks from the cloud directly
to the sensor, thus reducing communication overhead and
extending operational lifetimes.

Future work should validate these energy and performance
estimates on physical neuromorphic hardware and extend the
comparison to include other common edge AI accelerators
to provide a broader performance context. More aggressive
pruning strategies or the integration of spiking frequency min-
imization within the objective loss could lead to further energy
improvements on neuromorphic hardware. Further refinement
of the model architecture and frequency-domain preprocessing
could improve regression accuracy. Long-term deployment
studies are also needed to assess the robustness and reliability
of the SNN-based PM solution in operational environments.
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