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Abstract

Smart devices for structural health monitoring provide edge computing capabilities to reduce wireless transmission
and, thus, power consumption. Although effective algorithms have been proposed in the last few decades, traditional
microcontrollers require heavy data flow between the memory and the central processing unit that involves a
considerable fraction of the total energy consumption. Phase change memory has recently emerged as an attractive
solution in the field of resistive non-volatile memory for analog in-memory computing, which is a valid approach
to avoid data being conveyed among distinct elaboration units. However, it has never been envisaged in structural

health monitoring applications. As this technology is still in an embryonic state, several challenges related to
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nonlinearities and nonidealities of the memory elements and the energy expenditure related to the memory
reprogramming process may undermine its usage. In this paper, the application of a novel identification approach
for civil infrastructures is investigated using phase change memories. The main computational core of the presented
algorithm, consisting of 1-dimensional convolutions, is particularly suitable for implementations involving analog
in-memory computing, thus showing the great potential of this technology for structural health monitoring
applications. The test unit is an embedded phase change memory provided by STMicroelectronics and designed in
90-nm smart power Bipolar-CMOS-DMOS technology with a Ge-rich Ge-Sbh-Te alloy for automotive applications.
Experimental results obtained for a viaduct of an Italian motorway support the efficacy of the method. Moreover,
the influence of nonidealities on the outcomes of damage identification based on both dynamic and quasi-static

structural parameters is examined.

Introduction

A considerable portion of civil infrastructure built in the last century is now close to, or even beyond, the end of
its design lifespan. Besides, the traffic demand for ordinary viaducts and bridges is increasing and, in some cases,
may overcome the design criteria.

Structural health monitoring (SHM) systems can be particularly helpful in assessing structural integrity to
improve maintenance administration or post-disaster emergency management (Tan et al. 2020; Zonta et al. 2014).
A considerable piece of research has been conducted lately to make vibration-based SHM techniques more and
more advanced, dealing with the identification of structures with closely spaced vibration modes (Qu et al. 2018),
operating with nonstationary excitation (Qu et al. 2019), and solving underdetermined problems with few recording
channels (Yi et al. 2019). Also, recent procedures can identify or reconstruct complex modal parameters (Qu et al.
2021), which provide a complete picture of the monitored structure. Although vibration-based SHM is an
established approach for the non-invasive evaluation of damage-sensitive features, traditional market sensing
solutions employed in this field are generally expensive. Recently, low-cost sensing components, together with
wireless transmission modules, have been studied to cut the costs related to the initial investment for an SHM system

(Jo et al. 2012; Sabato et al. 2017). However, frequent battery replacement is not viable when the monitored
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structures are numerous and distributed over wide areas. For this reason, efficient algorithms and smart data
management strategies are gaining growing interest in both research and field applications (Long and Biyukdzturk
2020; Noel et al. 2017).

Edge computing consists of accomplishing computation tasks onboard smart sensing nodes of a WSN, allowing
data compression and transmitting shorter data streams. Since wireless transmission is particularly energy-
demanding in wireless SHM systems, edge computing has recently proven to be an attractive solution (Hackmann
et al. 2008; Jindal and Liu 2012; Long and Blyukézturk 2020). Several studies have been conducted to adapt
traditional identification techniques in distributed computing schemes (e.g., the frequency domain decomposition
(Rice et al. 2011), the natural excitation technique (Jo et al. 2012), and the random decrement method (Sim et al.
2011)), involving smart sensors organized in tree-type computational models. More recently, Long and
Buyukoztirk (2020b) proposed a novel implementation of the frequency domain decomposition, together with an
optimal task allocation algorithm to maximize the efficiency of wireless sensor networks.

However, dealing with traffic loads in identifying civil infrastructure is not straightforward. Fraser et al. (2010)
proposed integrating image and sensor data acquisition gathered to a single computer to achieve accurate time
synchronization between the structural vibration response and corresponding traffic loads. A high-speed wireless
Internet network was necessary for this purpose due to the considerable amount of data generated in real time.
Marulanda et al. (2017) employed moving sensors to identify dense structural features using only a stationary
sensing device and a moving one. Although the considerable reduction of sensors allows more efficient data
management, the mentioned study is based on the assumption of white noise excitation and piecewise stationary
structural response. Goulet and Smith (2013) established that largely redundant instrumentation might hinder the
ability to interpret data. Indeed, several authors investigated optimal sensor placement to avoid redundant sensors
and find a compromise between monitoring costs and expected identification performance. For example, Zhou et
al. (2017) proposed a tool to find the optimal sensor placement using genetic algorithms.

One of the most well-known hardware solutions employed to build smart sensing nodes in scientific literature is
the single-board computer (SBD). The Imote2 platform, developed by Intel Research, has been largely used for

laboratory tests and then employed for bridge monitoring (Jang et al. 2010; Rice et al. 2010; Spencer et al. 2016).
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In order to make this system suitable for SHM applications of civil infrastructure and accessible to users without
expertise on TinyOS, several sensor boards have been designed, and a simplified software framework has been
developed afterward. In particular, Rice and Spencer (2008) proposed the SHM-A sensor board, which was
employed in the monitoring campaign of the 2nd Jindo Bridge (Jang et al. 2010), while Jo et al. (2012) proposed
the SHM-H board with a high-sensitivity accelerometer used to perform the decentralized stochastic modal
identification of a steel truss. Moreover, a service-oriented toolsuite was developed to allow researchers and
engineers to implement SHM applications easily (Rice et al. 2010). More recently, the Xnode was presented by
Spencer et al. (2017), which uses a real-time operating system (RTOS) and a high-resolution analog-to-digital
converter (ADC) to address some of the limitations of the Imote2 devices emerged from the long-term monitoring
experience of the 2nd Jindo Bridge. Furthermore, Sabato et al. (2016) developed the Acceleration Evaluator, a
wireless sensor prototype able to detect microvibrations thanks to the implementation of a voltage-to-frequency
converter instead of conventional ADC.

Different computing solutions able to generate a higher throughput were also explored to facilitate high-frequency
and real-time applications. Liu and Yuan (2008) proposed a dual-controller-based architecture that comprises a
field-programmable gate array (FPGA) supporting a much higher sampling rate compared to traditional SBC-based
solutions. Cicada et al. (2010) used an FPGA to perform filtering and downsampling operations in a system used
for monitoring the San Siro Meazza Stadium in Milan, Italy. This solution guaranteed durability and the possibility
of using high-resolution ADC modules. On the other hand, Varadan (2002) proposed using an application-specific
integrated circuit (ASIC) to increase durability and processing speed while reducing size.

Whereas several algorithms have low computational complexity, their implementation in digital systems (i.e.,
microcontrollers, SBCs, and FPGAS) typically employs many computing steps and extensive memory units to store
intermediate results in signal processing operations, thus considerably affecting the overall energy performance.
Furthermore, ASICs do not offer versatility since they should be programmed for each specific application.

Phase change memory (PCM) has recently emerged as an attractive tool for in-memory computing, which
overcomes the conventional computation model by performing operations directly in a memory device (lelmini and

Wong 2018). Concerning industrial ad commercial applications, PCMs are manufactured only for digital storage at
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the date (Arnaud et al. 2019). However, recent results highlight their potential for edge computing applications
(lelmini and Ambrogio 2020), as their features allow to accelerate the computation of basic operations, thus
reducing power consumption and latency (Ou et al. 2020; Pirovano et al. 2004). Specifically, the PCM technology
was successfully employed for image recognition implementing machine learning tools (Burr et al. 2015; Joshi et
al. 2020; Tuma et al. 2016), and it demonstrated particularly performant for the development of low-power
computing architectures (Yoon et al. 2018), as well as hardware accelerators for data-centric frameworks
(Narayanan et al. 2021).

To the best of the authors’ knowledge, the benefits of PCM technology have never been employed for signal
filtering or SHM purposes. In this study, the workflow of a structural identification algorithm recently proposed for
applications in the civil field (Quga et al. 2021a) is adapted for efficient distributed implementation using PCMs.
The proposed identification method is mainly based on signal filtering and allows the extraction of both dynamic
and quasi-static structural parameters, namely, mode shapes and curvature influence lines of the instrumented
structure employing extremely sparse sensor networks. Specifically, an iterative version of the algorithm proposed
in (Quga et al. 2021a) makes filtering particularly suitable for practical implementation in PCM-based smart nodes
for civil infrastructure monitoring under traffic loads.

In this study, the proposed algorithm is simulated in a MATLAB environment using the observations collected
on a real PCM test unit provided by STMicroelectronics (Carissimi et al. 2019). Besides, the procedure is tested
employing vibration data collected using force balance accelerometers deployed on an Italian reinforced concrete
viaduct.

In this paper, the next section delineates in detail the workflow of the algorithm, explaining how particular filters
can be used for structural identification. Then, the implementation strategy and how PCMs can be effectively
programmed to perform filtering operations are explained. ldentification results obtained using the vibration
response of the case study under vehicular loads are then reported. The use of freshly programmed PCMs is
compared to long-term applications to investigate the effects of time-dependent nonidealities of the PCM cells on

the identification results. Final remarks conclude the paper.

Structural identification of bridges
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Modal parameters are among the most used structural features for the health monitoring of civil infrastructure.
Specifically, modal curvature, calculated from identified mode shapes, is at the basis of several damage
identification procedures, as it has proven to be particularly effective in detecting localized stiffness reductions (Fan
and Qiao 2011). However, major drawbacks of curvature include its rather approximate computation from sparse
estimates of the mode shapes and the sensitivity to inaccuracies in identified parameters. A novel integrated
approach was recently proposed to identify modal parameters and curvature influence lines using sparse sensor
networks (Quga et al. 2021a). This method is based on filtering raw accelerations collected on the bridge and a
simple normalization. This approach has been demonstrated particularly suitable for statically determinate
structures, for which it can also provide a quantification of structural damage. As shown in (Quga et al. 2021a), the
acceleration response of a bridge during the passage of a vehicle is formed of quasi-static and dynamic contributions
that populate different frequency ranges in the response spectrum. Therefore, it is particularly convenient to study

these different contributions independently upon filtering the acceleration response.

Identification algorithm

Consider the impulse responses b, [t], with7 = 1, ..., N, of one low-pass (m = 0) and p bandpass (m = 1, ..., p)
filters such that the central frequencies of the bandpass filters coincide with the first p resonant frequencies of a
vibrating structure and their frequency bandwidth is small compared to the distance between consecutive modal
frequencies. Let the coefficients of these filters be organized in column vectors b,, € R¥. A filter bank matrix can
be defined as follows:

B = [by,by, ..., by] (1)

Here, the term b, encloses the coefficients of the low-pass filter that can be employed to extract quasi-static
structural features. On the other hand, the terms b,,, indicate the bandpass filters used to extract different modal
contributions from the acceleration time response (Quga et al. 2021a). Specifically, considering a matrix X; such

that

X = [Xt,pxt,z; ey Xt,r] 2
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where x,; are column vectors collecting the samples of the acceleration signal x;[t] recorded at the instrumented

locations i = 1, ..., r in the time interval [t,t + N], a set of decomposed signals can be calculated as

Violtl yialtl - yiplt]
Y, = X'B = Yaoltl yaalt] - 3’2,;? [t] 3)
Lole] yealel - ypplel]

The elements y; o[t], upon changing the time variable into space (i.e., z = vt), represent the samples of the
curvature influence line of the beam at the i-th location. Due to the Maxwell-Betti reciprocal work theorem, y; 4[]
is also the structural curvature of the beam generated by a static load applied at the i-th instrumented location.
Moreover, the terms y; ,, [t] with m = 1, ..., p are the t-th samples of the m-th decoupled modal contributions
collected at the i-th location. Therefore, the m-th column vector of Y;, except when m = 0, is an instantaneous (the
m-th) mode shape of the instrumented structure.

Based on these concepts, the following identification algorithm is proposed:

1) Collect the structural acceleration response at r instrumented locations when a vehicle is passing on the

bridge.

2) Filter each response into p + 1 signal components using Equation (3).

3a) For each sensor location, consider y; o[t] for t = 1, ..., T, where T is the time interval referred to the passage

of a single vehicle on the bridge, and normalize this sequence with respect to its maximum value, obtaining

; Yiolt]
MO, = =2 *)
=vt .
v max Yioltl

Equation (4) represents the (normalized) dense influence line of the curvature of the bridge at the i-th
instrumented location.
3b) Consider y; ,,[t] (m =1,...,p) for t = 1,...,T and calculate the mean of the absolute value of the m-th

modal amplitude at the i-th location as

T
1
bim = ;Zlyi,m[tn ©)
t=



181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

The vector ¢, collecting all the ¢; ,,, for i = 1, ..., 7 is an estimate of the m-th mode shape of the structure,
in absolute value.

This procedure is schematized in Figure 1. This implementation is conceived to collect and process short signals
acquired during the passage of single vehicles on the monitored bridge span. Traffic load excites the structure
considerably, increasing the signal-to-noise ratio of collected structural response, which is typically a challenging
aspect when low-cost sensors with a high noise floor and relatively low sensitivity are employed for SHM.
Moreover, triggering the acquisition system to collect data only a few times a day during the passage of vehicles,
e.g., using the signal collected at the bridge expansion joints (Quga et al. 2021a), establishes an efficient data
collection strategy that could be powered by vibration energy harvesters. The identified parameters can be stored in
each sensing node and averaged to the new incomes to improve the robustness to recording noise. Then, the averaged
parameters can be transferred to a central unit or directly uploaded to a cloud-based platform at user-defined
intervals.

Each node processes the data individually. Moreover, influence lines are calculated locally, without data fusion
from multiple instrumented locations. On the other hand, mode shapes are obtained by the ratio of quantities
identified at different points. Nevertheless, since phase information (i.e., the sign of the identified modal amplitudes)
is neglected, strict synchronization is unnecessary between the sensing nodes. This aspect makes complex and
power-consuming synchronization operations avoidable.

While ambient excitation could be employed to identify modal parameters using the presented algorithm, the
identification of influence lines needs the passage of a moving load, from which the spatial quasi-static information
is retrieved. To date, multiple-vehicle excitation is not supported by the proposed algorithm. Further studies will be

conducted on this aspect.

Filter selection

The filters b, [7] should be highly selective in frequency to avoid the mixing of different contributions that would
affect the accuracy of the identified structural parameters. In this paper, wavelet filters are employed. The procedure

to generate suitable filters for the monitored structure is described herein.
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The wavelet packet transform can be implemented using low-pass and high-pass wavelet filters applied
recursively n times to the input signal, where n is the selected maximum level of the wavelet transform. This
implementation is known as the “Mallat algorithm” or fast wavelet transform (FWT) (Mallat 2009; Quqa et al.
2021Db). Specifically, considering a complete decomposition tree, the output coefficients of the wavelet packet
ioxLt] and d®)

transform d” P2k +1[t] obtained by decomposing the coefficients d,(f_l) at the previous level (I — 1) can

be calculated as

diy, [t] = di™P[e]  go[21] (6)
d{ e [t] = d D[] * gy [27] @)

where * denotes the convolution operator, k = 0, ..., 2!~ 1 indicates the subband index of the obtained coefficients,

and golt] = go[—7] and g4[t] = g1[—7] are the impulse responses of the low-pass and high-pass filters associated

with a selected wavelet function, respectively. The root of the tree d((,o) [t] can be assumed coincident with the
discrete signal x;[t] collected at location i if the sampling frequency of the collected signal is sufficiently high —
this is known as the “wavelet crime” (Herley 2009). Due to the linearity property of the convolution operator, the
decomposition of the signal shown in Equations (6-7) can also be implemented as a one-step (or batch) filtering
procedure using 2™ equivalent filters that produce the coefficients at the final transformation level n. These filters
can be obtained by cascading (i.e., performing recursive convolution upon upsampling the filter at each iteration)
Jolt] and g4 [t] n times in a particular order (Vetterli and Kovacevi¢ 1995). For simplicity, let G,(z) and G, (z) be
Jolt] and g4[t] in the z-transform domain, respectively. Due to the convolution theorem, the frequency
representation of an equivalent bandpass filter b,,[t] corresponding to the subband k = m at the transform level n

can be obtained as

n-1
By (2) = 1_[ G, (zzl) (8)
1=0

where G,.(z) can be either G, (z) or G, (z) depending on the level [ and on the desired equivalent filter. For instance,
G..(2) = Gy(2) VI to generate the low-pass filter by[7]. In Equation (8), z* represents an upsampling in the time

domain by a factor k, i.e., the upsampled filter g, [t] at level [ can be obtained as
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where g.[t] is either g,[t] or g4 [t] depending on the level [ and on the desired equivalent filter, and & is an integer
value. Consequently, the number of null coefficients of g;.[t] increases with [, while the number of non-zero
coefficients is constant.

Each filter obtained through this procedure at level n has a bandpass range width of F,/2™*1, where F, is the
sampling frequency of the collected signal. Applying Equations (6-7) recursively or the equivalent filter obtained
through Equation (8) directly to an input signal gives the same outcome, which coincides with the output of the
wavelet packet transform at the corresponding frequency range (based on the order of application of the low-pass
and high-pass filters), except for a downsampling operation.

In a previous work (Quqga et al. 2021a), the equivalent decomposition filters were obtained by cascading Fejér-
Korovkin wavelet filters. In particular, the Fejér-Korovkin 22 wavelet was selected due to its good performance at
high decomposition levels, as shown in reference (Quga et al. 2020). However, these filters have a relatively high
number of taps (i.e., 22), which generate equivalent filters that may be particularly challenging for implementations
in smart sensing nodes. For instance, considering the wavelet transform level 6, each equivalent filter has 1,326
taps.

In this paper, the reverse biorthogonal wavelet function with three vanishing moments is used for signal
decomposition. Specifically, the low-pass and high-pass analysis filters have 4 taps, are symmetrical (anti-
symmetrical for the high-pass filter), and are formed of only two coefficients, the higher of which is exactly three
times the lower, as shown in Figure 2. Although most equivalent filters obtained through this wavelet function are
scarcely selective, the low-pass filter, as well as some bandpass filters, are acceptable for identification purposes,
as it will be shown later. In particular, ordering the equivalent filters obtained by cascading the wavelet filters in all
the possible orders with an increasing central frequency, the (2"" + 1)—th filters are sufficiently selective,
especially for low [ values (with [ = 1, ..., n). These filters have a center frequency equal to

Fs
b= 2L+1 (10)

10
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Sampling the structural response (i.e., selecting F;) such that the structural resonant modes have a natural

frequency close to the F; values allows the extraction of the corresponding modal contributions.

Analog in-memory computing strategy

Conventional computing systems employ separate processing and memory units, involving a considerable motion
of data, which is expensive in terms of time and energy. This has become a central issue due to the recent growth
of highly data-centric applications. In-memory computing overcomes traditional computer architectures, enabling
the possibility to perform some tasks in the memory itself and, consequently, avoiding the need to move data
between separated processing units (Haensch et al. 2019). Exploiting the physical attributes of dedicated memory
arrays, computational tasks are performed within its confines and peripheral circuitry without deciphering the
content of the individual memory elements.

PCMs rely on the reversible transition of a chalcogenide material between its crystalline (or SET) and amorphous
(or RESET) state. The amorphous phase tends to have low electrical conductance, which reaches values that are
several orders of magnitude higher in the crystalline phase. The transition between SET and RESET state is achieved
with the application of a corresponding current pulse, which properly modifies the memory cells lattice structure;
the SET pulse is a trapezoidal current pulse, which initially melts and then gradually crystalizes the cell phase,
producing a cell in a high-conductance state. The SET pulse can be modulated in amplitude, width of the flat portion,
and decaying slope. On the opposite, the RESET pulse consists in a higher current flow and it is applied in order to
melt the central portion of the cell; the molten material quenches into the amorphous phase, producing a cell in the
low-conductance state. The RESET pulse can be modulated in amplitude and width. The order of magnitude of both
current pulses amplitude is hundreds of microampere, while their duration could range between tens and hundreds
of nanoseconds. Thus, PCMs are already an effective alternative to conventional binary non-volatile memories
(NVMs), as in the actual development state, their cells can effectively store digital “0” or “1” values (Burr et al.
2008; Pasotti et al. 2018). These two states correspond to a deep-RESET and a deep-SET state, respectively, and
they are achieved through the application of high-amplitude RESET or SET pulse sequences. Furthermore, due to
their considerable conductance contrast, the change in read current is quite large, opening up the opportunity for

multilevel cell (MLC) operations (Cabrini et al. 2009) due to the intrinsic capability of a memory cell to encode

11
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more than one bit of digital data per cell. In other words, PCM cells are able to store a range of intermediate states
between the deep-RESET and the deep-SET states. This can be addressed exploting appropriate pulse sequences,
called “programming sequence”, where the combination of different RESET and SET pulses allows the cells to
reach a predefined intermediate conductance. Recent works show the possibility of storing up to 16 different
conductance levels per cell (Pedretti and lelmini 2021). In this context, PCM devices lay among the most appetible
enabling technologies for analog in-memory computing. Their aformentioned multilevel storage capability becomes
crucial, as it allows the execution of analog multiplications simply exploiting Ohm’s and Kirchhoff’s laws (lelmini
and Pedretti 2020; Sun et al. 2019). Given a cell with conductance b, a single multiplication is achieved by applying
a voltage x to the cell, and thus the readout current I satisfies I = bx. If N voltage values are applied to different

parallel cells, the sum of their currents y is

N N
y=Iy= ) by, (11)

From this result, it is possible to conceive the whole memory as a conductance matrix B with dimensions M X N.

Then, applying a voltage vector x to each row, it is possible to obtain a matrix-vector multiplication (MVM) as

M by1 - bynllXn

In this study, the elements of B, which are in the range of 10-100 uS together with the null value, are proportional

(12)

to the coefficients of the reverse biorthogonal low-pass and high-pass wavelet filters, whereas the voltage vector x
contains the sampled input signal, and the current readout y represent a sample of the filtered components. Thus,
Equation (12) can be seen as the operation to obtain the i-th row of Y; in Equation (3), i.e., if B is the filter bank
matrix, the current readout is the decomposed signal obtained using the PCM-based node deployed at a given
instrumented location.

A simplified schematic of the PCM is reported in Figure 3, where the notations used for the conductance values,
input voltage, and current readout are expressed in the signal processing format employed in the previous sections.
In this representation, the memory array consists of memory cells connected between each other through bitlines

(BLs), i.e., the vertical connections, and wordlines (WLs), i.e., the horizontal connections. Each interval x, ; of the
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input signal is given as an input to a BL in the form of a voltage x[t + n]. Therefore, each memory cell connected
to a given BL receives the same input voltage. On the other hand, the memory cells connected to a given WL contain
the different coefficients of a filter impulse response b;[n]. The sum of output currents of the memory cells
connected to a given WL (i.e., y,[t]) constitutes the convolution result between the input signal and the filter stored
in the ¢-th WL. Filters that share the same input data can be implemented in the same BLs and different WLs.

It should be noted that the power consumption of an MVVM operation is directly proportional to the values of both

x and B, as the total current required to calculate the single elements of y is given by Equation 11.

PCM programming

From a practical viewpoint, several challenges characterize the behavior of PCM cells. First of all, low-frequency
(flicker) noise affects the values of B, as random electron traps are located in the cell lattice. Moreover, cell
conductance tends to decrease due to the amorphization and relaxation phenomena of the crystal lattice. Also,
different cells respond differently to the same programming pulses, and the response of the same cell to subsequent
programming cycles shows a large variability. These phenomena lead to dispersion and inaccuracy of the
conductance levels (i.e., to the elements of the B matrix) and thus of the MVVM operation. Several solutions to
mitigate such undesired phenomena have been proposed, mainly focused on material technology (Bruce et al. 2021),
post-processing compensations (Joshi et al. 2020; Kersting et al. 2020), or dedicated programming algorithms
(Antolini et al. 2021; Braga et al. 2010; Cabrini et al. 2009; Paolino et al. 2021).

In this work, the programming algorithm proposed in (Antolini et al. 2021) has been exploited to store the filter
coefficients in an embedded PCM (ePCM) test chip designed and manufactured by STMicroelectronics (Carissimi
et al. 2019). The test chip is manufactured in 90-nm smart power Bipolar-CMOS-DMOS technology featuring a
specifically optimized Ge-rich Ge-Sh-Te (GST) alloy and was originally intended for digital storage in automotive
applications. An evaluation board was also employed and customized in this study, as shown in Figure 4. This board
allows the configuration of current pulses applied to cells, exploiting the voltage and current regulators integrated

on the test chip. The operations performed on the memory array have been implemented through a dedicated guided
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user interface (GUI) available on a personal computer. To access the PCM array a high-precision source-meter unit
(SMU) has been employed, together with a low-drop power supply.

Upon defining a conductance target interval by specifying its mean value and relative tolerance, each cell is first
stimulated with a start SET and a start RESET pulse (Antolini et al. 2021; Zhang et al. 2007), which both have a
high amplitude current, as they grant better temporal drift retention (Antolini et al. 2021; Bedeschi et al. 2009).
Then, for each cell, an intermediate SET sequence begins with a single minimum SET amplitude Ay, with the
aim of gradually increase the memory element conductance. After a predefined time Ty, 4,7, the cell conductance is
measured: if it falls within the target interval, the sequence is terminated, otherwise, if the conductance is lower
than the required limit, the cell is stimulated with a new intermediate SET pulse increasing its amplitude by a user-
defined interval AA. If, instead, the conductance is above the upper limit, the whole process is restarted from the
initial SET and RESET pulses. This employed sequence is outlined in Figure 5. The values of Ay, AA and of
intermediate SET pulses amplitudes depend on each conductance target and may vary with respect to the
programming speed and the accuracy of the algorithm. This iterative procedure is performed since the cell
conductance is extremely variable after the application of a pulse. Thereby, it is impossible to predict the
conductance value a priori to define a single pulse with suitable amplitude.

In this study, 48 memory cells of a PCM test chip provided by STMicroelectronics were programmed in a
laboratory environment to store 24 low and 24 high rbio3.1 decomposition filter coefficients. The following
parameters were used in the described programming algorithm: A,y = 150 WA, Ty a7 = 1 ms, and 44 = 10 pA.
The coefficients of each filter were converted in conductance values b¢[n], which were then stored into specific
memory cells. In particular, low filter coefficients were converted into 18 uS, while high filter coefficients were
converted into 54 pS, considering that a scale factor of 2 relates the coefficients of the high-pass and low-pass filter
(see Figure 2). The initial conductance value of every filter coefficient was memorized with a maximum tolerable
error of 5%, and the mean number of intermediate steps required to program memory cells was 9.

An effective method for evaluating the above-mentioned long-term effects on PCM cells is to bake the memory

array in a thermal chamber for some dozens of hours in order to accelerate the amorphization phenomena of the
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crystal lattice (Volpe et al. 2019). Recent studies have represented the behavior of PCM cells in time as a power
model with the form (lelmini et al. 2007).

The conductance of the PCM cells was observed using a current source meter unit (SMU) in the laboratory
following the time schedule reported in Figure 6. The filter coefficients are collected with a sampling period of 10
min in low sampling frequency (LF) observation intervals, while every 0.02 s in high sampling frequency (HF)
intervals. Between LF2 and HF2, the memory array was baked for 48 hours at 150°C to evaluate the effects of time-
related nonidealities at an ideal infinite time after programming.

Figure 7 shows the conductance in time of all the monitored cells. Thin lines represent the behavior of individual
cells, while the reference power law (lelmini et al. 2007), fitted to the first two drift intervals, is represented as a
thick line for high and low coefficients. According to the power law, the coefficients recorded during the interval
LF3 (i.e., after bake and 40 additional days at room temperature) correspond to an equivalent observation time in
the order of tens of years since programming. It is therefore assumed that short-term drift effects have completely
vanished.

The coefficients observed in the two HF intervals are used to build the 6 low-pass (one for each transformation
level) and 4 high-pass (only used in the first four transformation levels) wavelet filters employed in this study to
filter the structural vibration response. Each filter is time-dependent due to a noise-related variability, as the stored

coefficients are affected by the aforementioned nonidealities.

Recursive procedure for signal decomposition

As explained in the Filter selection section, the signal can be decomposed into different wavelet components
either using a set of equivalent filters corresponding to a given transformation level (i.e., batch approach) or
performing a recursive procedure. The batch approach is represented schematically in Figure 8a-b, and compared
to the recursive procedure in Figure 8c-d (the last figure shows only the first two levels of the transform). In this
paper, the recursive implementation of the signal decomposition task on the PCM-based architecture is proposed
and compared with a batch implementation in terms of power consumption and accuracy of the results. Both
algorithms are implemented using real observation of the filter coefficients in PCMs, collected in the laboratory as

described in the PCM programming section. The structures of the filtering algorithms have been simulated in this
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study using the MATLAB environment. The input signal, consisting of pre-collected structural vibration data, is
sampled and filtered using low-pass and high-pass wavelet filters in a fast wavelet transform implementation — see
Equations (6-7) — to retrieve the signal components associated to a wavelet decomposition level equal to n (in this
case, n = 6). If a batch procedure is adopted, the input samples are decomposed by m (in this case, m = 4)
equivalent filters whose impulse response is the inverse z-transform of B,,, (z) in Equation (8). In this case, the filter
bank consists of N = 4 filters, each with Ny = 190 taps. The implementation of this strategy is shown in Figure
8b, where 4 WLs and 190 BLs are required. On the other hand, the recursive implementation is represented in Figure
8c. The filter bank consists of 6 layers, each of them having a different number of filters N, ranging from 2 to 4,
with an increasing number of taps N, ranging from 4 to 97, with an increasing number of null values (Figure 8d).
As illustrated in Figure 8d, the coefficients of each filter are implemented in a single WL and different BLs, as every
tap must be multiplied with a different value of the input signal. If two or more filters share the same input values
(i.e., filters 1 and 2 in this case), they are programmed in different WLs, while sharing the same BLs. Thereby, their
outputs are available simultaneously and can be cast to the next filters. Between the two filter layers, a current-to-
voltage conversion is processed.

In Table 1, the features of batch and recursive approaches are summarized, together with the number of non-zero
coefficients per filter Ny .

The recursive procedure has two principal advantages with respect to the memorization of equivalent filters: (1)
it drastically reduces the power consumption of the sensing device, and (2) it reduces the noise effects of non-ideal
PCM elements.

The performances in terms of power consumption of batch and recursive implementations have been compared

considering the energy required to entirely process a single input sample in both cases, neglecting the cost of current-
to-voltage conversion steps. Assuming that the energy is given by E = fOT x5l dt, where xg is the supplied voltage,

I'isacurrent and T is the operating time interval, the energy per input sample E' is

T
E' = j xsl dt = xgKit (13)
0
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where K is the total number of taps to process the sample entirely, 7 is the mean cell current, and t is the time
required by the PCM array to compute a single product. As xs and 7 are equal in both implementations, the product
KT is the actual energy benchmark. In the batch implementation, K = ) NpN; = 760 and 7 = 10.6 WA, whereas in
the recursive procedure, K = 1245 and 7= 0.61 WA, thus, the power required by the iterative strategy is only 9.43%
of the power required by batch filtering, neglecting, in a first approximation, the contribution of current to voltage
conversion circuits. In fact, even if the iterative implementation involves more taps than the batch procedure, the
total required current is much lower as, according to Equations (8-9) and Table 1, a large number of coefficients are
null, thus involving no current consumption.

In order to compare the performance of batch and recursive implementation, 15 samples of the 4 equivalent filters
used in this study have been stored in PCM elements and observed after a 48h baking. Figure 9 compares the
observed interval (between tap 50 and 65) of the equivalent filter directly memorized in PCM elements (i.e., using
a batch approach, see Figure 8a) with the equivalent filter obtained by convolving the low-pass and high-pass
coefficients observed in the interval HF2 according to Figure 8c. Specifically, both for the recursive and batch
implementation, the filter observed at 100 different time samples collected every 0.02 s is reported (light green and
magenta spreads), together with their average (solid green and magenta lines). It is possible to observe that the
coefficients of the filter obtained through recursive implementation are closer to the reference values (i.e., the ideal
filter that does not account for the PCM nonidealities), although the spread — that represent the short-term noise —
is generally higher. The selective performance of the four filters is observable in the frequency domain: Figure 10
shows the equivalent filters obtained through a recursive implementation before and after baking. As in the previous
representation, the filter coefficients observed at 100 different time samples are reported as spread and average lines.

Although the spread increases after baking, the selective performance of the filters is comparable.

Results and discussion

This section presents the identification results obtained using the proposed algorithm on the experimental data
collected on a viaduct of the Italian A24 motorway. Specifically, dynamic and quasi-static identification results are

obtained using filters programmed and observed in the test PCM unit. These results are obtained using the memory
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cells in freshly programmed and long-term conditions, represented by pre-and post-bake environments (i.e., the
observation intervals HF1 and HF2, respectively).

The viaduct, called Temperino (Aloisio et al. 2020a; b; ¢, 2021), consists of a series of single-span post-tensioned
prestressed beams in a simply-supported isostatic configuration. The structure has a 2.3m-high trapezoidal cross-
section with two 3.85m-wide lateral cantilevered wings (Figure 11b). Pairs of piers with a hollow cross-section
support the bridge spans and are placed at a center distance of about 40m. The deck vibration response was collected
using ten biaxial force-balance accelerometers (FBASs) deployed on a single span, as shown in Figure 11a-b. The
data, originally sampled with a frequency of 200 Hz, was filtered using a low-pass anti-aliasing filter with a cutoff
frequency of 40 Hz.

During the recording interval, a car with a mass of 1750 kg and wheel axles distant 2.85 m, as shown in Figure
11c, excited the bridge by moving several times in the two axial directions of the bridge. The car speed was in a
range between 30 and 60 km/h. The accelerometers S1, S5, S6, and S10 are located near the expansion joints. The
peaks in vertical acceleration recorded by these devices are used to trigger the acquisition interval during the passage
of the car, as explained in (Quqga et al. 2021a). In this paper, individual moving cars have been considered.

Since this study is aimed at investigating the usability of PCMs in structural identification applications, the modal
parameters identified using the proposed algorithm and implementation technology will be compared to reference
parameters identified using a widely used algorithm for structural identification, namely, the frequency domain
decomposition (FDD) (Brincker et al. 2001). Precisely, a traditional centralized application of the FDD is employed
using 10 acceleration time histories of 1500 s collected at all the locations shown in Figure 11a-b, subsampled at 50
Hz. This method allows the identification of four vibration modes with natural frequencies F,, equal to 2.48 Hz,
5.06 Hz, 7.56 Hz, and 9.01 Hz. Other reference estimates of the same parameters obtained the stochastic subspace
identification (SSI) method can be found in (Aloisio et al. 2020b).

In order to identify the mode shapes of the first, second, and fourth modes using the proposed method, the signal
is resampled at a frequency of 41.5 Hz. This way, since F; = F; and 4F; = 2F, = F,, the filters corresponding to
a decomposition level 6, with central frequencies F; = 2.59 Hz, F, = 5.19 Hz, and F; = 10.38 Hz, can be

effectively employed to extract the modal contributions associated with the modes 1, 2, and 4, respectively. It should
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be noted that, in this study, it is assumed that the resonant frequencies of the structure (of a rough estimate of them)
are already known, e.g., from previous monitoring campaigns, in order to design the filters for identification. This
is a reasonable assumption since preliminary tests are usually performed before designing a monitoring system. A
low-pass filter obtained for a decomposition level 5 is also employed to extract the quasi-static response component
with a frequency lower than F,/2° = 0.64 Hz.

Figure 12 shows time windows of the filtered signals obtained using the filters observed in the intervals HF1 and
HF2 (i.e., in the pre- and post-baking environment), compared to the reference filtered signals obtained using ideal
filters that do not include the noise generated by PCM cells. Moreover, Figure 13 shows the error of the filtered
signal for each filter. Specifically, NRMSE represents the normalized root mean square error (RMSE). The
normalization is obtained by dividing both the reference and the filtered signals by their standard deviation. It is
possible to observe that the low-pass filter is generally affected by a higher noise level, and, as expected, the noise
increases in the post-bake environment. Moreover, the NnRMSE of filter 1 is generally the lowest, denoting a good
quality of the extracted first modal contribution, as is also evident in Figure 14.

Although the error in the filtered signal is non-negligible, the mode shapes reconstructed using the extracted
modal contributions (Figure 14) are very close to the reference ones — obtained using the traditional FDD — both for
the pre- and post-bake environments. In Figure 14, the sign of mode shapes is determined using the sign identified
through the preliminary FDD-based identification. The high accuracy is confirmed using the modal assurance
criterion (MAC) (Allemang 2003; Brincker and Ventura 2015). Figure 15 shows that values close to 1 are obtained
comparing the reference and identified shapes, especially for the first two modes. Since the identification method
proposed in this paper provides absolute values of the modal amplitudes, their sign is determined based on the
reference identified values.

It should also be noted that, although the central frequencies of the filters do not correspond exactly to the resonant
frequencies of the structure, the identification results are in good agreement with the reference parameters.
Therefore, the method is also robust to slight variations of the resonant frequencies, e.g., due to varying temperature

conditions.
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Figure 16 shows the influence lines identified in pre- and post- bake environments. In particular, the average
results are obtained considering 24 individual estimates computed during as many vehicle crossings. Although the
estimates are visibly affected by noise compared to the reference values, the maxima of the influence lines are in
the right location (i.e., with reference to Figure 11a, at the instrumented location, indicated in the top-left corner of
each plot). Also, the results obtained in the pre- and post- bake environments are very similar to each other, denoting
a good performance of the algorithm for long-term applications. The literature has already shown that, although the
noise level can be high in quasi-static parameters, they are generally very sensitive to structural damage (Quga et
al. 2021a). Moreover, considering a larger set of individual estimates, the noise level would decrease.

The results reported in this study are affected by both identification uncertainties (mainly due to recording noise)
and PCM nonidealities. This last effect, in particular, slightly affects identified parameters if the filter bank is
implemented iteratively. Moreover, given the remarkable power saving of over 90% obtained in a first evaluation,

the proposed procedure proves to be particularly convenient and worthy of future developments.

Conclusions

This paper proposes a novel identification procedure of modal and quasi-static structural parameters employing
recursive filtering, implemented through phase change memories, that are used for the first time in this research
field.

Specifically, this study shows that a recursive implementation improves filter accuracy, also reducing energy
consumption. The challenges related to time-dependent nonidealities of PCMs are also investigated. Structural
parameters identified in two environments, one representative of a short-term implementation right after
programming and one representative of a long-term PCM usage, are comparable in terms of accuracy. In particular,
the fundamental mode shape is identified with very good accuracy in both cases. This result demonstrates that the
PCM does not necessarily need to be freshly programmed for SHM applications. Therefore, energy-consuming

periodic reprogramming can be avoided.
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