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Abstract: This paper introduces a methodology to compensate inertial Micro-Electro-Mechanical
System (IMU-MEMS) time-varying calibration loss, induced by stress and aging. The approach
relies on a periodic assessment of the sensor through specific stimuli, producing outputs which are
compared with the response of a high-precision sensor, used as ground truth. At any re-calibration
iteration, differences with respect to the ground truth are approximated by quantization-aware
trained tiny neural networks, allowing calibration-loss compensations. Due to the unavailability of
aging IMU-MEMS datasets, a synthetic dataset has been produced, taking into account aging effects
with both linear and nonlinear calibration loss. Also, field-collected data in conditions of thermal
stress have been used. A model relying on Dense and 1D Convolution layers was devised and
compensated for an average of 1.97 g and a variance of 1.07 g2, with only 903 represented with 16 bit
parameters. The proposed model can be executed on an intelligent signal processing inertial sensor
in 126.4 ms. This work represents a step forward toward in-sensor machine learning computing
through integrating the computing capabilities into the sensor package that hosts the accelerometer
and gyroscope sensing elements.

Keywords: accelerometer; micro-machine; inertial unit; self-calibration; continuous learning; drift

compensation; tiny neural networks; in-sensor machine learning computing

1. Introduction

Micro-Electro-Mechanical System (MEMS) Inertial Measurement Units (IMUs) are
very tiny devices that integrate accelerometers and gyroscopes in the same package to sense
motion and orientation by measuring linear acceleration and angular velocity. It is well
known that these devices rely on capacitance-based mechanisms to detect these physical
quantities [1]. IMU accelerometers operate on the principle of capacitance change due to
the displacement of a micro-scale seismic mass connected to a spring-like mechanism in the
sensor. When acceleration is applied, the moving mass is displaced, changing the distance
between it and the stationary electrode plate, thereby altering the capacitance. MEMS
gyroscopes operate on the same general principle and are influenced by the Coriolis effect.
They consist of a vibrating mass which, under the rotation of the gyroscope, experiences a
Coriolis force displacing the mass perpendicular to the direction of vibration; hence, the
capacitance is defined in terms of the rate of rotation [2]. Often, for these sensors, a design
is made involving comb-like silicon structures, where the immovable and movable parts of
the two structures are interlocking like teeth. The structure is schematized in Figure 1. The
amount of overlap of these teeth changes with any external force that may displace them,
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such as rotation or acceleration, thereby changing the capacitance, which is measured and
provided as an analog signal, subsequently digitized and filtered against noise.
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Figure 1. Design schema of silicon comb-like structure, used for accelerometers and gyroscopes.

MEMS IMUs find wide applicability in numerous industry sectors, which include
the automotive [3], wellness and e-health [4], consumer electronics [5], and aerospace [6]
sectors. In these fields, their use extends to applications in navigation, motion tracking, and
stabilization [7]. The main features of the capacitive sensor based on MEMS are low power
consumption in the range of a few pW, high sensitivity, small size, and low cost; thus, these
devices are widely used in most modern applications [8]. Unfortunately, they can exhibit
significant errors in their outputs, due to loss of initial calibration. These errors need to
be minimized at any point in time during their useful life [9]. They impact the physical
quantity-to-voltage conversion encompassing measurement bias, scale factor variations
(physical quantity sensitivity), and measurements nonlinearities [9]. Errors are due to
various reasons: manufacturing process-related variations between produced devices,
aging, and thermal and mechanical stresses that occur during their deployment in the field.
Variability in performances due to the manufacturing process includes materials, metals,
geometries, and environmental factors. These factors contribute to manufacturing-related
measurement errors in the form of hysteresis. Undesired rotations of the measurement axes
can also occur due to the sensor installation within the final application [10]. Aging results
from sensor degradation over time, affected by time-varying environmental conditions,
particularly due to thermal excursions [10].

Addressing all these types of errors involves measuring differences between actual
device under test (DUT) and ground-truth outputs. However, this can be unfeasible, costly,
storage demanding, and challenging for all the identified errors [11]. Typically, the esti-
mation of the errors and the associated compensations are often computed and applied
at manufacturing time by tuning sensitivity and offset at a certain point in time. Since
errors due to aging are time variant and unknown a priori, periodic sensor calibration be-
comes mandatory to compensate for these variations, particularly for inertial-based motion
control applications. Traditional calibration methods include discrete and system-level
approaches [12]. The former relies on controlled turntable experiments, which would make
in-the-field automatic and periodic calibration impossible. System-level calibration is often
achieved by Kalman Filter (KF) techniques, which may not be capable of precisely estimat-
ing the error model [13]. Recent advancements in tiny machine learning (TinyML) [14] offer
a promising avenue for MEMS IMU calibration, aiming to improve orientation and position
estimates by minimizing these errors through implementation. However, challenges such
as the need for large dataset collection, computational and storage resource constraints,
generalization ability, and automated procedures require careful study. Overcoming these
difficulties is crucial for MEMS IMU evolution in order to meet the ever-increasingly
stringent requirements of applications such as humanoid robotics, autonomous driving,
unmanned aerial vehicles, and many others.

Our contribution to the field of IMU calibration is a methodology for on-device
periodic calibration of the time-varying measurement error. The calibration data are
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produced within the solution, assessing the IMU behavior. Therefore, the calibration
process can adapt to unknown a priori measurement errors due to aging and changes in
environmental conditions.

This paper is organized as follows: Section 3 defines the problem this work addressed;
Section 2 reviews existing methods available in the literature and provides critical analysis
about them; Section 4 describes the proposed solution as system architecture; Section 5
describes the modelization of the MEMS sensor for the production of the synthetic data;
Section 6 describes the process of data generation, used for the simulations of the proposed
solution; Section 8 describes the neural network topologies adopted into the system archi-
tecture, also implemented with quantized parameters. Finally, Section 10 summarizes the
conclusions of this work and proposes some future evolutions.

2. Related Works

The related work section provides an overview of the existing literature on MEMS
calibration approaches.

2.1. Traditional Calibration Methods

In the state of the art, IMU calibration was mainly performed using polynomial
and ellipsoid fitting. Caiping [15] put forward a calibration that was about collecting
the raw data that can be obtained from the accelerometers by rotating a turntable to
various positions. Following this, the data could be fitted onto an ellipsoid by using a DLS
algorithm, and the results from the ellipsoid fitting gave parameters that could be utilized
in the calibration of the accelerometers. The key challenging issue about these methods
was dealing with the complex and nonlinear error patterns.

Chen [16] et al. showed a digital calibration technique for MEMS accelerometers
based on harmonic distortion analysis. This distortion in the output signal captured the
sensing element’s deviation from linearity due to process variations. Digital calibration
algorithms were then used to remove the measured harmonic distortion in order to extract
the structural responses. However, this methodology inherently had latency in the response
of the accelerometer and was very sensitive to noise.

Zhou et al. [17] discussed a Kalman Filter-based (KF) calibration method, as such,
to eliminate the external high-precision equipment and dependency on temperature data.
The data collection process was conducted by user-controlled hand rotation to obtain the
calibration dataset. After this process, the data were passed to the KF to estimate the
sensor errors. The algorithm had a less computational burden and, hence, it was a fit for
integration in the sensor package, while performing the calibration process.

Ghanipoor et al. [18] used the TUKF approach for the general nonlinear model
towards sensor model parameter estimation. The method took into consideration a number
of nonlinear factors that affected gyroscope and accelerometer outputs. In this respect, the
TUKEF approach was able to provide a relatively robust solution for the estimation of error
parameters for both gyroscopes and accelerometers. A limitation for this approach was the
requirement of the tri-axis turntable calibration, which was not always available in most of
the setups.

However, putting the dynamic and measurement model in linear form limited the
need to consider the nonlinearities of the MEMS errors, which are much more complex,
under-considering certain aspects that would not occur in their life cycle.

2.2. Machine Learning-Based Calibration Methods

Due to the drawbacks of the previous methods, the researchers ventured into other
alternative methods, like deep learning (DL) and Artificial Neural Networks (ANNSs) for
the thermal calibration of the bias. The ANNs were pre-trained only once on temperature
conditions in [19,20] and, unfortunately, other than pointing out the need for a temperature
sensor for these applications, it did not address the aging problem.
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In the era of DL, new topologies based on Long Short Term Memory (LSTM), Gated
Recurrent Units (GRU), and Temporal Convolutional Neural Network (TCN) models have
been proposed for error approximation and denoising the MEMS output signals.

In [21], a mixed deep recurrent neural network (RNN) was introduced: it integrated
the architectures of both the LSTM and the GRU and proposed a two-layer RNN that could
reduce the attitude error through modeling of the MEMS gyroscope noise.

OriNet [22] estimated the three-dimensional orientation from flying robots by means
of deep learning. The approach implemented a LSTM architecture for the processing of
IMU measurements and feature extraction. In addition, the previous quaternion state and
aggregation of estimations coming from a local time window were considered.

Hybrid RNNs for MEMS measurement noise reduction were applied and proven in [23].
For noise reduction, four different hybrid network models were proposed: LSTM-LSTM,
GRU-GRU, LSTM-GRU, and GRU-LSTM. These models were tested to prove their appli-
cability with static and dynamic experiments.

Nevertheless, all these methods presented high computational complexity because,
generally, the LSTM and/or GRU topologies are not suitable for resource-limited devices
and real-time applications.

The Denoising IMU Gyroscope (DIG) approach [24] showed the capability of improv-
ing the accuracy achieved by state-of-the-art algorithms at the cost of a lower computational
model. It was trained on orientation increments using dilated Convolutional Neural Net-
works and a trackable loss function. It became the first of its kind to perform better than
Visual-Inertial methods without vision sensors.

Calib-Net [25] was a variant of the TCN and acquired the temporal gyroscope and
accelerometer measurements for training to produce the compensation part for the angular
velocity measurements. It was equipped with the IMU sensor model and its calibration for
the correction of errors in gyroscope measurements, with the biases corrected at the final
step, which therefore gave an accurate orientation estimate.

With the advantage of precise outcomes and relatively lightweight structures com-
pared to LSTM and GRU, researchers further developed the TCN-based models. In this
process, LGCNet [26], on the other hand, proposed a depth-wise separable convolution
(DW-SCNN) and large attention kernels aimed to extract the spatial features and captured
the long-range relationships in the attitude estimation process. Ref. [27] followed the same
idea by regressively using error-compensated gyroscope data with different TCN network
architectures and loss functions to obtain good estimates of attitude. Ref. [28] proposed a
CNN which was trained to learn from the responses of a specific inertial sensor, offering
near-real-time error correction.

In recent years, methods for the integration of KF and deep learning have also
been exploited.

To achieve accurate dead-reckoning in wheeled vehicles based on only IMUs, ref. [29]
proposed a method that relied on a KF and Deep Neural Network (DNN) adaptation of
the filter’s noise parameters. They accurately achieved the estimates for vehicle position,
velocity, and orientation; therefore, IMU biases were self-calibrated. DANAEE [30] and
DANAEE++ [31] made use of the TCN-based autoencoders (AEs) to reduce the noise in
the estimation of the roll, pitch, and yaw angles provided by the linear and extended KF
filters at the underwater robot navigation scenarios.

Another approach [32] based on AE was the one by the use of the proposed compen-
sation for MEMS gyroscope noise. The architecture of this model was a combination of the
Conv-DAE model and the Multi-TCN-Attention model. A KF was used on the output and
the predicted value of the compound network adjusted dynamically to improve the error
compensation performance.

Though TCN-based models could assure a good level of accuracy, their biggest chal-
lenge was their ability to generalize. They have only been trained on small datasets for
specific types of MEMS. Therefore, they cannot give a general framework for error compen-
sation. More ground-truth data had to be collected, and the models retrained at periodic
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intervals with respect to the specific application domain, for an improvement in general-
ization behavior. On the other hand, such data collection processes were very intense in
human labor and hence unproductive.

In terms of the integration of the KF and DL techniques, dealing with both the tiny
deployability and generalization was challenged by the limited computational and storage
resources available in the sensor.

3. Problem Definition and Requirements

The problem identified by this work is to find a solution on how to make continuous
calibration robust and efficient enough in order to compensate for errors in MEMS sensors
effectively, which are due to aging or stresses. More specifically, the solution must handle
several errors due to aging, summed up in an unknown, a priori, nonlinear fashion.
Furthermore, the solution has to be generic in the type of nonlinearities and to be able to
compensate for a nonlinear combination of nonlinear MEMS behaviors. Moreover, quite
critical is that the candidate solution be very effective at handling a wide range of errors
that may stem from diverse types of sensors. Besides the generalization capabilities that
are needed for the solution, it should also provide the possibility of removing human
supervision in the continuous re-calibration process (or any handcrafting of it). That is
because the period is application dependent and varies across different application domains.
Also, a solution shall be capable of automatic adaptation and will be applicable under
conditions that are unknown a priori. Data collection should be generated through the
process of developing the solution. For instance, ground-truth behavior of the MEMS
might have been saved at the beginning of its lifetime when it was signed off by the
quality procedures of the manufacturing process and then compared with the future
behavior to trigger on-demand re-calibration. Further, the solution shall be tiny to save
computational resources wherever possible without causing a remarkable deviation from
the desired accuracy. In other words, the solution shall be deployable on tiny devices, such
as the Intelligent Sensor Processing Unit (ISPU) (https://www.st.com/content/st_com/
en/campaigns/ispu-ai-in-sensors.html, accessed on 24 October 2024), which embodies
restricted memory, 8 (data) + 32 (program) KiB of embedded RAM. It is also given that the
re-calibration shall be performed from time to time during the life cycle of the application,
by none other than the ISPU itself—meaning therefore on-device.

4. Proposed System Architecture and Data Collection

This work proposed a system architecture addressing the domains of MEMS behavior
assessment and calibration-loss compensation.

MEMS behavior needs to be periodically evaluated by the system against a high
precision sensor, named the Golden Reference (GR), serving as the ground truth (GT). The
assessment was performed applying well-known stimulations of the measured physical
quantity (e.g., acceleration, rotation), and comparing the MEMS output to the GT.

After such assessments, a Tiny ANN was devised and trained to predict the compensa-
tion error between the GR and the MEMS response, receiving as input the MEMS response
itself. Subtracting the compensation error from the MEMS response, the MEMS calibrated
response was obtained.

The Tiny ANN received as input three-axis windows (temporal sequence) of a fixed
sample number, predicting the related compensation error of an equivalent shape. The
compensation error was subtracted from the IMU output, to compute the compensated
output (Figure 2).
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Figure 2. Compensation block incorporating the tiny neural network. The subtraction block indicates
the element-wise subtraction of the compensation error to the uncompensated output.

4.1. Golden Reference (GR)

The Golden Reference (GR) is a high-precision very costly sensor used as ground truth.
It measures the same physical quantities that are measured by the IMU-MEMS. At the
manufacturing site, a series of controlled movements will be applied to the GR, collecting
its responses. The data acquired are, therefore, stored as a reference for the next phases of
the sensor calibration. The process is shown in Figure 3.

Uncompensated
MEMS responses

J— Movement @ .
conversion Golden 69
Golden reference + ]
/\/\ reference responses
ay == =
Stimulations / l C t
ompensation
@ error

Figure 3. Golden Reference and MEMS response data collection procedure. Element-wise subtraction
of each couple of responses (from the MEMS and from the GR) is used to compute the compensation

error for each response.

It is necessary to collect the GR data only once. In fact, the stimulations applied to the
MEMS and the GR remain the same. Therefore, once the stimulations are standardized, the
responses of different MEMSs will have to be compared with the same GR responses.

The GR model was defined as an identity function, which means the output of the GR
model (i.e., the acceleration sensed by the GR) is equal to the input, without any distortion.
Since the GR model in this work is used as an ideal, perfect device for which all measured
values are accurate, it offers a theoretical benchmark for calibration and validation. The
approximation of the GR with an identity function is reasonable as the measurement non-
idealities of a high-precision sensor would be negligible with respect to the measurement
non-idealities of a low-cost MEMS.

4.2. MEMS Behavior Assessment and Compensation Error Computation

The MEMS sensors are evaluated by applying the same set of stimuli used for the GR.
This ensures that the assessment conditions are consistent, allowing for a direct comparison
between the MEMS responses and the GR. The responses from the MEMS sensors, that will
be called uncompensated responses, are then recorded, as depicted in Figure 3. The MEMS
behavior assessment is performed the first time at the manufacturing site. The subsequent
assessments are performed when the system has been deployed.

The MEMS stimulation can be performed using two different methodologies. They
can both be integrated in the same sensor package solution, making it feasible for the
assessment to be performed in the deployed solution. The two methods are the following:
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*  Applying physical movements to it. Micro-machining technologies allow the integra-
tion of micro-actuators to move the sensor by using them.

*  Using the self-testing feature, that allows the application of an electrostatic force to de-
flect the MEMS, simulating movements, without the need to move the sensor [33,34].

The compensation error for each response is computed as the element-wise subtraction
of the MEMS response from the corresponding GR response.

4.3. Tiny Neural Network Training and Inference

The objective was for the ANN to learn a mapping from the MEMS sensor outputs to
their respective element-wise compensation errors, enabling it to predict the discrepancies
with respect to the calibrated output (Figure 4). The ANN architecture is designed to
receive a MEMS output as a three-axis fixed-length temporal sequence, predicting the the
compensation error of the same dimension.

Input: Desired output:
uncompensated responses compensation error

@—- NN —-@

Figure 4. Tiny neural network inference procedure, with MEMS uncompensated responses as input

and compensation error as output.

It is important for the ANN to use data from a stimulation period that is as short as
possible, while maintaining a broad series of stimulations. This aspect is fundamental for
deployed solutions.

At inference time, the ANN model received as input the MEMS measurements, divided
into fixed-length sequences. The amount of output data depended on the output data rate
(ODR), ranging from a few Hz to KHz.

The NN modes are part of the algorithmic logical block named the compensation
block (Figure 2). This subtracts the compensation error from the MEMS output, outputting
the compensated measure.

4.4. Tiny Neural Network Periodic Re-Calibration

Calibration can be performed periodically or on demand, the MEMS being stimulated
with the same inputs as the GR, from Sections 4.1 and 4.2. The first calibration iteration is
conducted during the production phase, when the MEMS responses and the GR responses
are saved. The calibration iterations that are subsequent to the production phase calibration
are necessary to compensate the data against the time-varying and unknown a priori MEMS
calibration error, due to aging and environmental stress.

Since the GR responses are constant, they can be saved in a ROM memory of the
deployed solution.

Periodic evaluations are conducted to determine whether the network requires retrain-
ing based on the observed performance deviations. This is carried out by re-applying the
very same stimulations, compensating the MEMS output with the compensation block and
computing the difference between the compensated output and the stored GR responses,
as depicted in Figure 5.

If the mean of the element-wise difference between the responses in output from the
compensation block and the GR responses exceed a certain threshold, then this indicates
that the MEMS operating conditions are too different from the ones from the previous NN
training. This can depend on aging, stresses, or different environmental conditions. When
this occurs, the newly collected uncompensated responses to the training stimulations
are used to compute the compensation error. The pairs of uncompensated responses—
compensation error shall be used to retrain the NN model (Section 4.3).

The retraining of the NN model in the deployed solution can be facilitated by an MCU
or an MPU, having enough storage and computing assets to re-program the sensor itself.
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This device would use the compensated data in output from the Intelligent Sensor for the
tasks required by the application.

Figure 6 schematizes this type of scenario. At every training iteration, the uncom-
pensated responses and the compensation error can be saved in the MCU/MPU RAM
memory. Once the training is completed, they can both be discarded, since they are not
needed anymore.

Uncompensated

MEMS responses

Golden reference

I -
7 | Compensation responses
I @ block ot %
J
Movement
conversion

( \ Error <= Do not
I Threshold retrain NN
' Input: Desired output: ~ Compensation
§ E_, , Uncompensated compensation error
= o= responses error ;\
MCU ,\/\ Train NN @ —
supervises -
-/

Stimulations

Figure 5. Re-calibration system architecture featuring periodic network updates. The compensation
block is the one from Figure 2. The subtraction operator indicates the element-wise subtraction of
each response in output from the compensation block to the Golden Reference responses.

Re-program with new
trained NN parameters

Uncompensated
responses

. —_— @ Uncompensated
responses

MEMS l @ Input N
Train
T - Desired NN é
YR @ output
Q- N Trained
MCU/ { * com ; NN
J— pensation
MPU @ error parameters
Golden Discard uncompensated
reference S
responses and calibration
responses

error

Figure 6. Architectural diagram of the Neural Network training implemented inside a Microcontroller
or a Microprocessor.

5. MEMS Accelerometer Data Simulation

A simulation framework was created because direct data acquisition from real sensors,
while subjected to both movement and aging, was not immediately possible. To the authors’
knowledge, there is no available dataset about signals from an IMU subject to movement,
in a scenario where the IMU is also subjected to aging. Only accelerometer data have been
considered for the MEMS calibration pipeline. The choice fell on this type of sensor because
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it is the most widely used in the domain of IMUs. Both the GR and MEMS accelerations
have been simulated. This section details the methodology for the modelization of the
MEMS accelerometer, along with a GR model.

The MEMS model has been defined to effectively mimic both linear and nonlinear
errors, also including memory effects. Two error models were defined and used in cascade,
one covering the linear and memoryless effects, the other covering memory and nonlinear
effects. As explained in Section 4.1, the GR model yields an identity function, exactly
replicating the input stimuli. Since the GR model in this work is used as an ideal, perfect
device for which all measured values are accurate, it offers a theoretical benchmark for
calibration and validation.

A sampling frequency of 12.5 Hz was chosen for the simulated MEMS. This is the
lowest sampling frequency of the ISPU for both the gyroscope and accelerometer [35].

5.1. Linear Error Sensor Model

A modified sensor error model from [36] was defined, to systematically introduce
three primary types of errors which significantly affect the accuracy and reliability of
measurements in MEMS sensors. These errors are scale factors, cross-coupling errors, and
time-varying biases. Each of these above elements has its own role in the working of
MEMS accelerometers:

®  Scale Factor Error: This describes the sensitivity of the sensor on every one of its axes.
The scale factor error may cause the outputs to differ if the sensor experiences the
same acceleration on different axes. This can be taken by the sensor as a gain error,
thus changing the amplitude of the output signal.

*  Cross-Coupling Error: The mechanical axis of sensors may not be perfectly aligned,
and this imperfection can give rise to cross-axis interference; that is, the measurement
of a sensor on one axis is contaminated by motions or accelerations on another axis
that, ideally, should be independent.

* Time-Varying Bias: This defines the baseline shift in the MEMS sensor output that
varies over time, simulating sensor drift, which includes both random fluctuations
and consistent directional trends. It is an important parameter since it implies the
time-varying characteristics of MEMS in the linear sensor error model.

The combined effect of these errors on the MEMS sensor output can be mathematically
represented as the linear error sensor model by the following formula:

i=bi+(I3+M)a (1)

Here, @ represents the distorted output of the MEMS accelerometer for three axes in a
vector format. In this formula,

* b is the time-varying bias vector.

*  [3isthe 3 x 3 identity matrix, indicating no error impact in an ideal scenario.

* M is the sensor error model matrix, encapsulating both the scale factors and cross-
coupling errors.

*  gisthe ideal sensor output vector, as would be measured in the absence of any errors.

The error model matrix M is given by the following:

Sx My My 1.15 0.10 0.12
M=|0 s, m|=|0 120 014 (2)
0 0 Sz 0 0 125

where s, represents the scale factor error belonging to the a-axis. A deviation from 1 for
the scale factor value indicates an error. m,g denotes the cross-coupling errors between the
« and B axes, illustrating the degree of non-orthogonality of the sensitive axes.
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The time-varying bias was modeled as a random walk with an added, consistent trend:
by = B(t,s,a) = B(t —1,s,a) + &(t) - Ay + ¢cq 3)

In this formula,

*  B(t,s,a) is the bias at time ¢, for sample s, along axis 4.

e B(t—1,s,a) is the bias at the previous time step.

e (t) ~N(0,1) is a standard normal random variable at time ¢.
* A, is the step size for the random walk along axis a.

* ¢, is the systematic drift along axis a.

In Equation (3), systematic drifts have been set to cy = 2 - 1075, cy=—2- 107°,¢, =107°
so the three axes follow different drifts.

Since this model only addresses linear errors, being based on applying a linear transfor-
mation to the Golden Reference (GR) outputs is enough by itself for a realistic representation
of the MEMS model.

5.2. Nonlinear and Memory Error Model with Second-Order Volterra Filter

The Volterra filter provides a means to express both linear and nonlinear memory
through its series expansion [37]. Specifically, a second-order Volterra filter, such as the one
used, is a second-order polynomial function that comprehends both linear contributions
from and nonlinear interaction with past contributions. The depth of the filter has been
chosen as 5, meaning that the output at time ¢ is determined by the current inputs at times
to..t—4

Additionally, to emulate the impact of environmental noise on sensor outputs, Gaus-
sian noise with zero mean and specified standard deviation (notated as n ~ N(0,0?)) was
added to the output of the filter. This step is critical for simulating real-world operating
conditions, where sensors are often subjected to various noise interferences. Figure 7 shows
the simulated MEMS model.

Linear Error 2nd Order a y
Sensor Model Volterra Filter

n~N(0,02)

Figure 7. Simulated MEMS model illustration.

Filter Coefficient Estimation

The coefficient estimation process was performed modifying the filter coefficients
iteratively. The iteration was brought on until the mean squared error (MSE) between the
filter’s input and output fell in a specific range.

The acceptable MSE range is shown in Table 1. The MSE between the input and
output signals for all three axes was computed after each coefficient update iteration and
mediated afterwards; thus, the process was stopped when the mean MSE was within the
specified range.

The vector of order 1 coefficients h!' and the square matrix of order 2 coefficients
h? were initialized at all components of the uniform distribution, but the interval of this
distribution was taken very carefully. Because of the multiplication effect of the Volterra
filter, such coefficients are sensitive to initialization. Following an empirical approach, the
kernel coefficients were initialized in such a way that they maintained numerical stability
and avoided divergence, as shown in Table 1.
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Table 1. Volterra filter coefficient estimation parameters.

Category Parameter and Symbol Value
Initial value range (—0.5,0.5)
First-order Kernel -
Size ()
Initial value range (—0.05, 0.05)
Second-order Kernel -
Size (5,5)
Minimum MSE 50
MSE Range :
Maximum MSE 60

The objective function | that was used to fine-tune the kernel coefficients is given by
the following:

1

J(w) = .

1

(yk — 9x)* + 1P (4)

g
M=

1k=1

where

®  J: The objective function to be minimized.

*  w: Represents the flattened vector of all kernel coefficients (both first and second order).

®  N: The total number of samples of each sequence.

*  y;: The actual output for the k-th sample.

*  f;: The predicted output for the k-th sample, produced by applying the current set of
kernel coefficients to the k-th input sample.

* 7: A penalty weight representing the importance of the penalty term in the overall
objective function. The penalty formula P is defined as follows:

n
P=Y (max(o, MSE; — MSE nay;) + max(0, MSEin  — MSEi)) )
i=1

where

—  MBSE,; is the mean squared error calculated separately for each axis i.
- MSEpin; and MSE,4 ; are the specified minimum and maximum acceptable
mean squared errors for each axis i, respectively.

Introducing this penalty in the objective function of the optimization algorithm drove
the Volterra filter toward MSE minimization still within tolerable bounds. If the MSE was
within these bounds, there was no penalty, and a balanced, focused optimization process
was fostered. The approach was capable of not only computing the minimum possible
MSE but also imposing the errors within a proportionately acceptable limit, making the
filter performance robust and reliable.

Regarding the optimization technique, the limited-memory Broyden-Fletcher-Goldfarb—
Shanno with Box constraints (L-BFGS-B) [38] algorithm was used. This optimization
algorithm forms part of a quasi-Newton optimization algorithm that minimizes an objective
function, subject to predefined constraint conditions, and was developed in [38]. The
L-BFGS-B algorithm uses the inversion of the Hessian matrix approximation in a limited-
memory way, which reduces the computational overhead as well as the memory usage.
This makes it particularly applicable to high-dimensional optimization problems.

The optimized Volterra filter coefficients (Equation (6)) were obtained after the opti-
mization process.

4202 0229 0051 3.898 —0.210 —0.229
5413 —0324 —0.024 2093 0464 —0.380
W=10145|-107!, #=|-2930 -3.189 1.038 0360 —0.722|- 1072 (6)
0.239 —0.103 —0264 —1.038 0.1034 —0916

—1.048 0542 —-0.201 1.508 0.448  0.134
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It is noteworthy that 100 sequences with a duration of 10 s were used for the Volterra
optimization process. They were distinct from the test sequences for two main reasons.
First, optimization over long sequences would be extremely computationally intensive;
therefore, shorter sequences were used so the process could be carried out effectively. The
use of different sequences for the purpose of optimization helped aid the filter to generalize
better for new data.

6. Simulated MEMS Accelerometer Input and Response Generation

This section covers two topics: the first is the generation of accelerations in input to the
GR and the MEMS, used for training, validation, and test; the second is the computation
of the GR and MEMS responses to those acceleration inputs. As stated in Section 5, only
accelerations have been considered.

6.1. Training and Validation Function Generation Methodology

The input stimulations used for training and validation were generated using mathe-
matical functions to produce acceleration under various conditions. Three types of stimuli,
namely, impulse, sinusoidal, and triangular waves, were chosen. The amplitude ranges
were carefully set to account for the fact that the dynamic range of the simulated MEMS
model (explained in Section 6.4) had to match the dynamic range of the real sensor model.

Stimuli of this kind were generated using the parameters provided in Table 2 which
provide information on the magnitude and step size for each of the parameters for the
impulse, sine, and square wave signals.

For each type of stimulus, a range was defined and, based on a specified step size, the
stimuli were produced. In total, 10 impulse signals, 10 sine waves, and 10 square waves,
each with a length of 125 samples (sampled at the frequency of 12.5 Hz, from Section 5),
corresponding to a duration of 10 s, were generated.

Table 2. Training functions: parameters.

Signal Type Parameter Range Step Size Description
Amplitude 10 to 30 units 1 Strength of the spike
Impulse Signal
Position 0 to 10 units 1 Position of the spike
Amplitude 10 to 30 units 1 Peak deviation
Sine Wave Signal Frequency 1 to 4 units 0.5 Oscillations per second
Phase 0 to 7 radians /4 Horizontal shift
Amplitude 10 to 30 units 1 High and low states
Square Wave Signal - —
Frequency 1 to 4 units 0.5 Oscillations per second

6.2. Test Function Generation Methodology

Test Functions were generated through synthesis of the mathematical functions sine,
square, and sinc (sin(x)/x), with amplitude (A), frequency (f), and phase (¢) as their
parameters. These parameters were chosen using a uniform random process with a prede-
fined range that was appropriate for the simulated MEMS sensor’s dynamic range. The
stochastic parameterization ensured variability and realism in the generated movements.
These signals were generated in batches to be concatenated and form longer sequences.
Therefore, they could better represent the more complex real-world scenarios encountered
by MEMS sensors. Let a(t) represent the simulated movement at time ¢. It is composed
of multiple basis functions denoted as g; that each basis function has its own randomly
assigned parameters as described before.

a(t) =Y gi(t; A, fir i) )
i=
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with n = 3 (sine, square, and sinc wave functions combined)
where

e g;: The individual basis functions comprising the overall signal, which are sine, sinc,
and square waves in this case.

e A;: Amplitude for the i-th basis function.

e f;: Frequency for the i-th basis function.

*  ¢;: Phase offset for the i-th basis function.

After stochastic parameterization of the basis functions (g;) for each batch, longer
sequences were generated as described in the current section. The use of varying basis
functions, in combination with random concatenation, produces signals that are challenging
for the GR and MEMS models. A total of 4 days’ time sequence was produced. To produce
1 day of test sequences, 100 batches, each with a duration of 864 s, were generated.

The parameters for these batches are listed in Table 3. After the drawing of the
parameters was performed randomly, the batches obtained were concatenated in a random
way, resulting in just one continuous test sequence for one day.

Table 3. Parameters for functions creating test sequences.

Function Type Parameter Random Range Description
Amplitude 10 to 30 units Peak deviation
Sine Function Frequency 1to3 Hz Oscillations per second
Phase 0 to 7t radians Horizontal shift
Amplitude 10 to 30 units High and low states
Square Wave Function —
Frequency lto5Hz Oscillations per second
Amplitude 10 to 30 units Peak deviation
Sinc Function
Frequency 1to3 Hz Oscillations per second

6.3. Responses of GR and MEMS Models to Training, Validation, and Test Functions

The responses to the train, validation, and test input accelerations were generated. As
explained in Section 4.1, the GR model yielded an identity function, replicating exactly the
input stimuli. On the other hand, MEMS responses were the output of the model explained
in Section 5.

The calibration and validation processes utilized two distinct types of responses
derived from these models:

*  Responses to training and validation acceleration functions: These are the GR and
MEMS output to the acceleration functions from Section 6.1.

*  Responses to test acceleration functions: These are the GR and MEMS output to the
acceleration produced in Section 6.2.

6.4. Data Scaling and Quantization

At this point in the data generation flow, the data need to be rescaled to cover the
measurable acceleration range. A reasonable measurement range was considered to be
+4 g for the acceleration measurement use case. The scaling is followed by quantization to
16 bit signed values, to simulate acceleration data in the output from a digital sensor, like
the ISPU [35].
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6.4.1. Scaling

The normalization is performed with respect to the maximum value of the input and
output accelerations to the model (in absolute value). The formula for scaling the generated
acceleration is as follows:

acc = ace X VX (8)
scaled = max (global_max, |global_min|) ¢

where v equals 4 is a scaling factor that adjusts the range of the scaled data to align with
the acceptable measurement range of MEMS accelerometers used in practice. g represents
the gravitational acceleration.

6.4.2. Quantization

The output accelerations from both the GR and MEMS models were quantized, to
fully align with the type of output of a digital sensor. In order to do so, linear quantization
was applied.

After quantization, the data were scaled back to float-32bit representation with re-
duced resolution to simulate the final sensor readings. Both the data types (float-32b and
int16 binary) were kept in for comparison of the performances of the fp32 parameter and
quantized parameter networks.

This ensures that the digital form is presented with the data properly represented, en-
suring that further analysis of the data can be carried out. The quantization was computed
for 16-bit resolution, as for the ISPU [35].

Figure 8 demonstrates the simulated response on the X-axis for the MEMS accelerom-
eter model and for the GR model, under different stimuli types: impulse, square wave, and
sine wave. The MEMS model used for this simulated measurement is the model resulting
after 3 days of simulated time. Since the X-axis was assigned with a positive bias trend
(Section 5.1), the positive bias can be seen in all the three MEMS responses.

MEMS Vs. GR Response to MEMS Vs. GR Response to MEMS Vs. GR Response to
Impulse Train Sequence X—axisSquare Train Sequence X—axis Sine Train Sequence X—axis
MEMS Train Response 2.0

—— GR Train Response 3
2.0 15

97

1.5 1.0

0.5
1.0

Acceleration [g]
=
Acceleration el

Acceleration [g]

0.0

o

0.5
-0.5

0.0

0 2 4 6 8 0 2 4 6 8 0 2 4 6 8
Time (s) Time (s) Time (s)
Figure 8. Example MEMS and GR model responses to impulse, square and sine training functions.
The MEMS model for these measurements is the resulting model after 3 days of simulated time.

7. Field Data Collection Under Thermal Stress

In order to support the proposed methodology with real IMU field data, a data
collection campaign was carried out. The purpose was to collect acceleration data under
thermal stress, as it is one of the most important sources of measurement error [39].

The LSM6DSV 6-axis IMU-MEMS, comprising a three-axis digital gyroscope, a three-
axis digital accelerometer, and a digital temperature sensor, was used [40].

For this study, data collection was aimed at investigating the three-axis accelerometer
output stability over temperature in a steady state condition applying a controlled thermal
cycle covering the full —40/85 °C temperature range with a gradient of 2 °C/min. Twenty-
one devices under test (DUTs) were soldered on dedicated PCBs placed horizontally so that
gravity acceleration was applied only to the Z axis and the thermal stimulus was provided
using a Temptronic ThermoStream system [41]. LSM6DSV IMU data (from an internal
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temperature sensor) were collected at an output data rate of 15Hz by means of a National
Instruments PCle-6363 DAQ [42]. A period of 3.15 h of data were collected for each DUT.

This kind of test allows the accelerometer drift over temperature to be investigated
considering only the offset contribution for the X and Y axis, and the offset and sensitivity
error on the Z axis (measuring the gravity acceleration) evaluating the drift in the full
temperature range, its linearity, and possible hysteresis between the heating and the cooling
branch of the thermal cycle. Considering the nature of the MEMS sensors, temperature
variations can be one of the main causes of output variation due to thermomechanical
stress in the sensing element itself and coming from the interaction with the package and
the PCB. These temperature variations can be due to external environmental conditions
but can also be inherent in the application system, for example when MCUs are placed
close to the sensor behaving as a heat source. For these reasons, the proper evaluation and
compensation of thermal drift are extremely important for the performance optimization of
MEMS inertial sensors.

Figure 9 shows the plot of one of the 21 LSM6DSV IMU DUT acceleration readings
on the X, Y, and Z axes, along with the measured temperature during a thermal cycle. It
is visible that, for each accelerometer axis, there is an offset in the order of 1 - 102 g, that
changes with the temperature dependency.

Accelerations for DUT 000

_10 .

x [mg]

—20 7 —— acc_x

| — temperature

T T T T T
0 2000 4000 6000 8000 10,000
time[s]

Figure 9. One of the LSM6DSV IMU device under test acceleration readings on the X, Y, and Z axes,
along with the measured temperature during a thermal cycle. Acceleration measurement error is
visibly temperature dependent.

Field-Collected Data Partition Between Train and Test

For all the data that were collected, the related GR was assumed to measure 0 g on
both the X and Y axes, while measuring 1 g on the Z axis.

Three different periods of collected data were used for training. For each period, the
training quantity of data was organized in the same way as explained in Section 6.1. The
following periods were chosen as MEMS output training sequences:
¢  Starting from the first sample;

e  Starting from the sample at 2340.00 s from the acquisition start, when the temperature

had reached its maximum value (93.30 °C) by the measurements from DUT number 0;
e  Starting from the sample at 6599.07 s from the acquisition start, when the temperature

had reached its minimum value (—40.46 °C) by the measurements from DUT number 0.

All the other data were used for testing.
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The rationale for this choice of training samples was that re-calibration is most impor-
tant when the environmental conditions change the most.

8. Experiments and Results

This section presents a comprehensive evaluation of the experiments conducted to
assess the performance of the proposed system architecture described in Section 4. The main
focus was on the effectiveness of periodic calibration with Tiny Artificial Neural Network
(ANN) models, compensating three-axis accelerometer data. The analysis was conducted
both using the simulated data, illustrated in Section 6, and the field data, illustrated in
Section 7. Moreover, deployability on the ISPU [35] was analyzed.

8.1. Dataset Specification

GR and MEMS outputs to three different training accelerations were randomly se-
lected, and 20% of them were kept aside for cross-validation (using the same acceleration
outputs for both GR and MEMS). This procedure holds true for both the simulated and
collected data.

The training and validation sets comprised MEMS responses to training and validation
stimulation sequences and the compensation error, which is the difference between the
MEMS and GR responses as was represented in Section 4.

Overlapping Window Data

Due to the need for having short training and validation sequences, the sizes of these
datasets were relatively small compared to the test set. To address this issue and increase
the size of the training and validation sets, one approach was to combine the signal in
overlapping windows. When utilizing the overlapping windows method, the training data
were split into overlapping segments. This allows the making of several training samples
without increasing the size of the dataset.

Specifically, each of the input and output training sequences, of 125 samples, were
used for the NN training in windows of length 50. Each window’s first half (25 samples)
was the same of the previous window’s last half.

The selection of the parameters was carried out so that each window included enough
data in it to generate enough variance.

The amount of training input data before and after applying the overlapping windows
technique is shown in Table 4. The desired output data had the exact same quantity
of samples.

Table 4. Quantitative overview of training inputs before and after applying the overlapping
windows technique.

Samples per Axis Total Samples Amount
Before overlapping 3750 11,250
After overlapping 6000 18,000

8.2. Training and Test Modalities
8.2.1. Simulated Data

Training and validation response collection was performed periodically, considering
that the MEMS model is time varying (Section 5).

In contrast, the responses to test sequences and the related compensation errors formed
the test set. The design strategy of the dataset was projected toward supplying the training
dataset with a broad range of stimuli of short length, in order to train the model efficiently,
and to include realistic long-duration sequences in the test dataset so that the assessment of
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the real performance of the model was thorough. The training process utilized the log-cosh
loss function as in [25]. It is defined as follows:

1N .
Loss = N 1; log(cosh(7; — vi)) ©)

where 7; is the predicted value, y; is the actual value, and N is the total number of samples.
This loss function combines the benefits of both mean squared error (MSE) and mean
absolute error (MAE), providing robustness to outliers while maintaining smooth gradients
for efficient training.

NN training and calibration performance evaluation was conducted over four
distinct scenarios:

*  Only initial training: This initial training occurred at the beginning of the first period
(day) based on the corresponding short stimuli responses, which had a total duration
of 5 min. The trained model was then tested on all four days, and the metric was
computed based on these results.

*  Second Day Retraining (Recalibration): The model was retrained at the start of the
second day, collecting new training data applying the same acceleration stimulations
to the time-variant MEMS model.

*  Subsequent Days Retraining: Each subsequent day followed the same approach:
retraining on that day and testing on the same and following days.

By varying the calibration frequency, the NN’s robustness could be tested and the
accuracy evaluated. This approach allowed the effectiveness of periodic training to

be highlighted.
Figure 10 shows the time intervals where the collection of training data could happen,

depending on the re-calibration scenario.
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Figure 10. The calibration and re-calibration process. Stimuli could be applied at the beginning of
each period (of 1 day of duration) to perform calibration and/or re-calibration.

8.2.2. Field-Collected Data

Only one periodic re-calibration modality is considered, which is to re-calibrate at
each of the periods described in Section 7. The reason is that, the IMU data being collected
in a condition of thermal cycle, it is fundamental to apply re-calibration every time the
environmental conditions change, besides the initial calibration procedure.
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8.2.3. Metrics Definition

To assess the performance of the models on calibration error compensation, the Mean
Compensation Value (MCV) and Mean Compensation Percentage (MCP) were defined.

1 3
MCV == ) (MAE(MEMSou

axis=1

axis’

GRout,;.) — MAE(Compensated,yis, GRout,;. )) (10)

with

*  MEMSout,,,: The output of the MEMS sensor for an axis.

*  GRout,,.: The GR output for an axis.

*  Compensated,,;s: The output of the compensation for an axis.

The MCV is a metric designed to quantify the mean compensation. It is computed
as the mean over the three accelerometer axes of the difference between the initial error
(before compensation) and the residual error (after compensation). Positive values indicate
improvement in the unit of g, while negative values indicate deterioration in accuracy. In
Equation (10), the maximum value that can be compensated is the MAE between the MEMS
output and the GR output, mediated over the three axes.

Similarly to MCV, the Mean Compensation Percentage (MCP) shows the improvement
achieved by the calibration model in terms of error compensation percentage. It is calculated
by dividing the MCV by the initial MAE and multiplying by 100.

MCV

P =
MC MAE(MEMSout, GRgut)

-100 (11)

8.3. Implemented Tiny Neural Networks

MIMO (Multiple-Input-Multiple-Output) Tiny ANNs were devised for calibration
error compensation. Their ability to process three-axis data simultaneously was of profound
interest for this study. The primary objective was to obtain an acceptable calibration
performance while maintaining a minimal number of trainable parameters. Therefore, the
number of trainable parameters for these models was kept below 1000 to ensure they were
tiny enough to be deployed on the ISPU [35].

The chosen models are explained in Tables 5 and 6. The model in Table 5, named the
Conv1D-Dense model, is designed of a single branch and it is composed of a sequence of
one Dense layer, two Conv1D layers, a ReLU activation, and a Dense layer.

Table 5. Conv1D-Dense model summary. The models are composed of one branch.

Layer (Type) Output Shape Kernel Size Connected to Parameters
Input (InputLayer) (50, 3) - (1 0
Dense 1 (Dense) (50,9) - [Input] 36
ConvlD 1 (Conv1D) (50, 16) 3x9 [Dense 1] 448
Conv1D 2 (Conv1D) (50, 8) 3x16 [Conv1D 1] 392
Activation (ReLU) (50, 32) - [Conv1D 2] 0
Dense 2 (Dense) (50, 3) - [Activation] 27

Total params: 903
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Table 6. Paralle] ConvlD model summary. The model is composed of 3 parallel branches, which
outputs concatenate together in the ‘Concatenate” layer.

Layer (Type) Output Shape Kernel Size Connected to Branch Parameters
Input (InputLayer) (50, 3) - (1 - 0
Conv1D 1 (Conv1D) (50, 8) 3x1 [Input] 1 80
Conv1D 2 (Conv1D) (50, 8) 4x1 [Input] 2 104
Conv1D 3 (Conv1D) (50, 8) 5x1 [Input] 3 128
Conv1D 4 (Conv1D) (50, 4) 3x1 [ConvlD 1] 1 100
Conv1D 5 (Conv1D) (50, 4) 3x1 [Conv1D 2] 2 100
Conv1D 6 (Conv1D) (50, 4) 3x1 [Conv1D 3] 3 100
[Conv1D 4,
Concatenate (50, 12) - Conv1D 5, common 0
Conv1D 6]
Conv1D 7 (Conv1D) (50, 3) 1x1 [Concatenate] common 39
Total params: 651

The model in Table 6, named the Parallel ConvlD model, is designed with three
parallel branches, which outputs concatenate in the Concatenate layer. Each one of these
three branches is composed of two Conv1D layers, both followed by a ReLU activation. The
single branch in output from the Concatenate layer is followed by another Conv1D layer.

These two models were implemented with the total amount of float-32bit parameters,
before they were quantized (as explained in Section 8.3.1). For both the models, the Conv1D
layer was used for its capabilities of treating multi-channel time sequences. The Conv1D
layers were paired with ReLU activations to allow the ANN models to treat nonlinear
compensation losses. The Parallel Conv1D model was able to predict the compensation
error thanks to different convolutional filters for each of the three branches, extracting
different features for each branch. As for the ConvlD-Dense model, Dense layers help the
sequence feature capturing. They were only used in this model as, having a single branch,
a budget of more parameters was available.

8.3.1. Tiny Neural Network Quantization

After the NN models from Section 8.3 were devised and implemented with float-32bit
parameters, both the models were re-implemented, setting all the weights and activations
as 16 bit fixed-point values.

The training procedure from Section 8.2 was performed using using the Quantization
Aware Training (QAT) technique [43—45]. This allows weight quantization during the
training procedure, therefore reducing the quantization noise, in contrast to Post Training
Quantization (PTQ) for which the quantization happens after the training ends.

8.3.2. Quantized Input and Output Data

Input data for these ANNSs are represented in 16 bit integers, using the quantization
procedure explained Section 6.4.2. With this representation, data from a MEMS do not need
to be converted to float after native data representation, representing an additional sparing
of resources.

According to this representation, the models outputs, representing the calibration
errors for each axis, are 16 bit integer values as well. These values are to be subtracted from
the 16 bit model input data, i.e., the output data of the MEMS itself (Figure 2).

8.3.3. Quantized Parameters

Activations are quantized as 16 bit integers as well, while layers weights and biases
are treated as 16 bit fixed-point values. This allows clipping to be avoided and, at the same
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time, the quantization noise to be reduced. The number of decimal bits is variable by tensor
channel and may be different for each model training.

8.3.4. Training Conditions and Implementation

Each of the ANN models were trained with the same conditions, that maintained
themselves for each re-calibration iteration. The training was conducted for 200 epochs,
enabling early stopping with a patience parameter equal to 25. The optimizer used was
Adam [46]. Its learning rate was set to 1- 1073 for the training on the simulated data. As
for training on the field data, it was set to 1- 1072, to cope with slighter changes in the
measurement errors with respect to the GR. As explained in Section 8.2, the log-cosh loss
function was used during the training.

The Keras framework (version 2.15.0) was used to implement the training of the
floating point parameter models. The training of the quantized models (Section 8.3.1) was
implemented with the QKeras (version 0.9.0) deep learning framework [47].

Since the data collected from IMUs comprehend the data of 21 DUT5, the training and
testing for this data were conducted for each DUT separately, coherently with the idea of
on-device calibration. The results of each DUT were mediated afterwards.

8.4. Results

To perform a detailed comparison between the neural network models, they were
trained with 200 epochs and validated on the overlapped window dataset (Section 8.1). In
terms of performance, the average MCV and MCP values were calculated by averaging
over all three axes.

8.4.1. Results from Simulated Data

Figure 11 shows the performances of the MCP metric (from Section 8.2) on the varying
of the calibration iterations. The error bars represent the maximum and minimum com-
pensation percentages. Figure 12 represents the same data from Figure 11, for each model
separately. A negative percentage indicates that the model is worsening the results, adding
a mean distance from the reference values to the compensated ones, instead of reducing the
distance. This happens because, as the calibration is performed only at the beginning of the
first day of test data, the time-varying MEMS model has a varying bias with a trend specific
for each axis (Section 5.1). Therefore, with only one calibration iteration, the ANN model in
the compensation block (Figure 2) becomes unsuited to predicting the compensation error
without being retrained during the calibration iteration (Figure 5). The performances of the
networks designed for this study were compared to Calib-Net [25], as a comparison with
the state of the art. The Calib-Net model was adapted for this study’s purpose, computing
the acceleration measurement compensation error only receiving in input acceleration
measurements, instead of receiving both accelerometer and gyroscope measurements.

It needs to be considered that both the quantized NN models have comparable per-
formances with the float-32bit models, while requiring at least half of the ROM and at
least 70% of the RAM (a more detailed explanation in terms of computational complexity
is given in Section 8.4.3). It shall be noted that when the calibration happens with the
maximum iteration frequency, the quantized Parallel-Conv1D model performances are the
best in terms of an accuracy and computational complexity trade-off. In fact, it is able to
compensate a mean of 1.97 g, that is, 93.8% of its corresponding float-32bit architecture.

It has to be pointed out that the Calib-Net model [25] does not provide a metrics
improvement, while having 120.4 times more parameters than the quantized Parallel
Conv1D model.

Table 7 reports the performances of the ANN models in the condition of most frequent
retraining iterations (i.e., each day, as explained in Section 8.2).
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Figure 11. MCP of the models as the number of re-calibration iterations changes, from Section 8.2.1.
The error bars represent the maximum and minimum compensation percentage.
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Figure 12. MCP, separately for each model, as the number of re-calibration iterations changes, from
Section 8.2.1. The error bars represent the maximum and minimum compensation percentages.
Table 7. Performance comparison among the float and quantized models, expressed in terms of Mean
Compensated Value (MCV), in terms of acceleration, and Mean Compensation Percentage (MCP).
These results are obtained with the most frequent retraining iterations condition. The Calib-Net
model [25] is used as a state-of-the-art comparison.
Model N Average MCV MCV Average MCP MCP
odel Name MCV [g] Range [g] Variance [g?] MCP Range Variance
Conv1D-Dense 1.91 [0.88, 2.94] 1.06 53.93 [39.40, 72.60] 288.29
Parallel Conv1D 2.10 [1.19, 2.69] 0.64 60.77 [53.20, 66.56] 47.02
Quantized Conv1D-Dense 1.66 [0.76, 2.62] 0.87 46.81 [33.90, 64.74] 256.72
Quantized Parallel Conv1D 1.97 [0.87,2.92] 1.07 55.45 [38.94, 72.20] 276.54
Calib-Net 1.65 [0.87,2.32] 0.54 47.34 [38.93, 57.36] 86.84
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Figure 13 shows the calibration for the X-axis signal performed on the entire test
sequence, while re-calibrating with the maximum granularity (Section 8.2). The quantized
Conv1D-Dense model is used. It it visible that, while the MEMS output is subjected to a
drift, the calibration allows it to be minimized.

Compensated Vs. MEMS Vs. GR Response to Compensated Vs. MEMS Vs. GR Response to
Test Sequence X—axis (4 Days) Test Sequence X—axis (Sample of 5 Seconds)

MEMS Test Response
—— GR Test Response 1.00
3 Compensated Test Response 075
c c
c 2 c 050
2 2
F= F=]
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QL 1 o |
[V} [V}
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0
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Time (s) Time (s) +1.728 - 10°

Figure 13. An example of the MEMS, GR, and calibrated responses to the test sequence of 4 days and
5 s of X-axis data utilizing Quantized Conv1D-Dense as the (re-)calibration model.

8.4.2. Results from Field Data

As reported in Section 8.3.4, the training and testing for these data were conducted for
each DUT separately, mediating the results of each of the 21 DUTs afterwards. Since the
Calib-Net did not prove to perform like the ANN models designed for this use case, it was
not considered for testing. The results were obtained using the re-calibration conditions
from Section 7. They are listed in Table 8. The results also prove the effectiveness of the
proposed solution with field data. Moreover, as the field data are collected from IMUs
subjected to thermal stress, it is evident that the proposed solution is effective for calibrating
against environmental stress.

Table 8. Performance comparison among the float and quantized models, expressed in terms of Mean
Compensated Value (MCV), in terms of acceleration, and Mean Compensation Percentage (MCP),
using the data collected from 21 IMU DUTs, and mediating the results from each DUT. The learning
rate was set to 1 - 1072,

Average MCV MCV Average mcr mcr
Model Name MCV [mg] Range [mg]  Variance [mg?] MCP Range Variance
Conv1D-Dense 4.70 [1.53, 8.20] 13.06 4497 [19.79, 54.92] 156.32
Parallel Conv1D 6.30 [1.43,12.57] 37.91 59.30 [17.34, 81.42] 358.62
Quantized Conv1D-Dense 4.67 [1.54, 8.13] 12.69 44.58 [20.65, 54.09] 153.29
Quantized Parallel Conv1D 4.79 [1.49, 8.50] 12.08 45.46 [19.25, 56.00] 158.81

8.4.3. Computational Complexity Analysis

The quantized Parallel Conv1D model requires 42% of the ROM and 50% of the RAM
with respect to the float-32bits with the same architecture. On the other hand, the quantized
ConvlD-Dense model requires 50% of the ROM and 70% of RAM with respect to the
float-32bit model that shares the same architecture.

Table 9 shows the computational resources for each network and the execution
time per single inference, implementing the models in the ISPU [33] set to a 10 MHz
operative frequency.
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The Calib-Net implementation would not be possible on the ISPU. For this reason, the
RAM and ROM that are reported comprehend only the parameter weights and activation
memory requirements.

Table 9. Resource consumption and inference time of selected models in the ISPU set at 10 MHz
operative frequency.

Model Parameters RAM ROM MACC ISPU 10 MHz

Name [KiB] [KiB] [ms]
Conv1D-Dense 903 3.43 3.53 44,374 151.8
Parallel ConvlD 651 4.68 2.54 32,439 173.7
Quantized Conv1D-Dense 903 2.44 1.77 43,386 126.4
Quantized Parallel Conv1D 651 2.34 1.08 30,639 126.9
Calib-Net 78,369 4251 306.00 ! 3,918,450 -

! The Calib-Net implementation would not be possible on the ISPU. For this reason, the RAM and ROM that are
reported comprehend only the parameter weights and activation memory requirements.

9. Discussion

This self-calibration approach proved to be effective for measurement errors arising
both from aging and environmental conditions, like temperature and humidity [39,48].

The negative compensation percentage, described in Section 8.4, indicates that, for
deployment in real-world scenarios, the the re-calibration must be performed frequently
enough to cope with the MEMS behavior changes. The re-calibration frequency depends on
the aging speed of the IMU in time and the changing frequency of the environmental con-
ditions. If this does not happen, the calibration procedure would worsen the measurement
results after the compensation, instead of diminishing the measurement error.

10. Conclusions and Future Developments

This paper presented a novel methodology to compensate for the time-varying calibra-
tion loss due to aging and environmental stress in the IMU-MEMS. In this approach, MEMS
behavior was continuously evaluated with a trained MIMO tiny neural network for calibra-
tion. Together with data gathering integrated into the solution, it enabled implementation
into an Intelligent Inertial Measurement Unit MEMS.

This methodology proved itself to be effective for improving the measurement relia-
bility for usage in deployed solutions. The implementation of the compensation into an
Intelligent IMU MEMS allows the IMU itself to output already calibrated measurements.

The integration of the data gathering in the solution makes the calibration procedure
flexible with respect to a priori unknown calibration losses, due to both aging and changes
in environmental conditions.

The implementation of the compensation error computation by means of an Artificial
Neural Network model allows compensation for both linear and nonlinear measurement
errors due to calibration loss.

The methodology was validated using a simulation with 4-day acceleration data,
whereby daily re-calibration proved to be effective for error compensation, due to linear
and nonlinear calibration loss effects, and aging. Moreover, it was validated with field
data from 21 IMUs subjected to thermal stress, each of the length of 3.15 h. In this case,
re-calibration proved to be effective to compensate for calibration loss due to environ-
mental stress. The NN model that provided the best accuracy was a model composed
of Conv1D layers (Table 5), where all the parameters and activations were expressed in
16 bits. The accuracy reached by this network was comparable to the one obtained with a
model with the same architecture using float-32bit parameters, and it allowed the use of
16 bit integer accelerometer data, as they are obtained from a digital sensor without any
further preprocessing.
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Future developments will include power consumption measurements and the ex-
ploitation of different training techniques, to reduce the training computational effort.
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