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Abstract—This research introduces an alternative approach to
design low-power analog artificial neural networks with a power
consumption of only 532nW. The proposed network consists of
sigmoid activation function circuit, tanh approximation circuit
along with a current comparator. In order to validate the
behavior as an analog classifier, a real-time vessel dataset is
used, achieving an accuracy of 86.50% in predicting true waves
from inertial sensor data. Moreover, a comparative assessment
among other analog classifiers is conducted, all trained on the
same dataset. These models underwent training via a software-
based implementation. The architecture was implemented using
the TSMC 90nm CMOS process and simulated using the Cadence
IC Suite.

Index Terms—Inertial sensor data, analog VLSI design, sea
state, wave height, power-efficiency, artificial neural network

I. INTRODUCTION

Inertial sensors are crucial in aerospace, automotive, elec-
tronics, and wearables, measuring an object’s acceleration,
angular velocity, and orientation in an inertial frame [1]-[3].
They use accelerometers and gyroscopes for precise tracking,
vital in navigation, motion analysis, and stabilization across
fields like robotics, virtual reality, and healthcare due to their
small size, low-power use, and high accuracy [4], [5].

With rising autonomy in maritime operations, inertial sen-
sors are increasingly deployed [6]. They play a key role in esti-
mating sea state or wave height by measuring vessel accelera-
tions and angular velocities [7]. Analyzing a vessel’s responses
to waves yields essential data on wave height, frequency, and
direction [8]. This real-time information aids vessel navigation
in rough seas and benefits offshore operations like oil and gas
exploration [7], [9]. The integration of inertial sensors in sea
state estimation signifies the fusion of advanced sensor tech
with maritime industry needs, highlighting innovation’s impact
in this critical sector [7], [9].

This study is driven by the need for energy-efficient [10] and
compact inertial sensors crucial in estimating sea conditions
or wave height [11], [12]. It introduces a alternative approach,
more specifically a power-efficient (532nWW) and low-voltage
(0.6V) analog hardware artificial neural network (ANN) em-
ploying a sigmoid activation function. The architecture demon-
strates promise, hitting an accuracy of 86.50%, ideal for
battery-dependent sensor systems. Validated on real data from
METIS Cyberspace Technology, this design is rigorously
tested in a TSMC 90nm CMOS process using Cadence IC

Suite for simulation. Its accuracy is verified against software-
based methods and other analog classifiers, establishing its
reliability and efficiency in real-world applications.

The structure of this paper unfolds as follows: Section II
delves into the mathematical underpinnings pertinent to the
analog integrated threshold classifier proposed in this work.
Section III outlines the primary components and the envisaged
architecture of the classifier. The validation of the proposed
classifier is conducted in Section IV, leveraging a real-world
sea state dataset derived from inertial sensors. This section also
encompasses a comparative analysis between the hardware
and software implementations, complemented by sensitivity
tests. Section V offers a comparative study and engages in
a comprehensive discussion. Finally, in Section VI, we draw
concluding remarks that encapsulate the key findings and
implications of this study.

II. ARTIFICIAL NEURAL NETWORK MODEL

An ANN, akin to the human brain’s neural system, com-
prises interconnected layers of neurons [13]. Information flows
from the input layer, traversing through hidden layers for intri-
cate computations, culminating in the output layer for predic-
tions or classifications. Through training via backpropagation,
the network refines its parameters, minimizing errors between
predicted and actual outcomes. ANNs excel in discerning
complex patterns, finding applications in image recognition,
speech processing, and predictive modeling, transforming var-
ious fields.

Mathematically, an ANN’s core equations involve the
weighted sum of inputs, addition of bias, and activation
function to calculate a neuron’s input in a feedforward network
[13]. ANNs can be mathematically represented at different
levels of abstraction. This can be represented as:

Zj = Zwijxi + bj. (1)
i=1

Where: z; is the weighted sum for neuron j, w;; represents
the weight connecting neuron ¢ to neuron j, x; is the output
of neuron ¢ in the previous layer and b; is the bias term for
neuron j.



The output of a neuron in a feedforward network results
from applying an activation function, such as the sigmoid
function represented by:

1
a; =0(2j) = ——. 2
=) = = @
where: a; is the neuron’s output and o signifies the sigmoid
function. In a feedforward network, each layer’s outputs serve

as inputs for the subsequent layer, calculated as:
x;lﬂ) = O’(Z ng-)xgl) + bg-l)). 3)
i=1

Here, x;l) represents the output of neuron j in layer [, ngl-)are

the weights connecting neurons between layers [ and [+ 1 and
') is the bias term for neuron j in layer l. These equations
form the foundational computations within a feedforward
ANN.

III. PROPOSED ARCHITECTURE

In this section, the proposed analog implementation of the
ANN is analysed. The introduced architecture is adaptable,
capable of handling different quantities of input dimensions.
The structure of the suggested classifier, depicted in Fig. 1,
is tailored for a classification task with 2 classes and Ny
input dimensions. The number of layers in each class is
a hyper-parameter, typically determined through exploratory
data analysis. For simplicity, it consists of 1 hidden layer
in each class. The proposed architecture is composed of a
(hidden layer) sigmoid activation function circuit (SAF) [14],
[15] and tanh approximation (THL) [16], an output layer with
a current comparator (CC) circuit [17], as depicted in Fig. 1.
The threshold current (I, ;7,) is used as a decision boundary
between the two classes. The entire classifier is designed to
operate with a supply voltage set at Vpp = —Vgg = 0.3V,
and all transistors are biased in the sub-threshold region.
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Fig. 1: The high level architecture of the proposed analog ANN.

Each sigmoid function circuit, illustrated in Fig. 2, serves
the purpose of generating a univariate sigmoid function curve.
This circuit comprises a PMOS cascode current mirror (con-
sisting of transistors Mpp,M,3 and Mps,M,s), a NMOS
cascode current mirror (consisting of transistors M,,1 to Mp4)
to ensure the production of high quality sigmoid curves, even

for small bias currents and a simple differential pair M7,
M.,s with two diode-connected triple-n-well transistors for
variance tuning (V.). Its electronic tuning capability provides
precise control over the non-linear transformation function,
offering both flexibility and accuracy in its behavior. The
related simulation results are provided in Fig. 3. The Iy;4s, Vi
and V. parameters tunes the height, the mean value and the
variance of the sigmoid function respectively. The dimensions
of the transistors for a single sigmoid function circuit are
summarized in Table 1.

Fig. 2: The proposed sigmoid function circuit. It consists of two
cascode current mirrors and an expanded differential pair.
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Fig. 3: The tunability in the output current via circuit parameters.

TABLE I: MOS Transistors’ Dimensions (Fig. 2).

NMOS WI/L PMOS WIL

(hm/pm) (hm/pm)
Mp1-Mpg 0.8/1.6 Mp1-Mpg 1.6/1.6
Mp7-Mps 0.8/0.2 - -

The second component in the hidden layer is a straightfor-
ward NMOS cascode current mirror with a PMOS diode load,
which is shown in Fig. 4. Since all transistors operate in the
sub-threshold region, this unit imparts an approximately tanh
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Fig. 4: The implementation of the tanh approximation.

behavior to the output current of the SAF circuit. This method
significantly trims down hardware expenses when compared
to conventional circuit implementations of these activation
functions. In the proposed ANN classifier, weight vectors are
realized by adjusting the bias current [Ip;,s of the preceding
SAF circuit. For the first class, a set of N; basic NMOS
cascode current mirrors (CCMs) with a PMOS diode load is
employed. This generates an output voltage called V;,,s. For
the decision boundary, a threshold current biases the CCM and
provides an output voltage called V; ;. The CC compares
the two voltages, producing a final output voltage V. (high
or low depending on the winner).

IV. SEA STATE OR WAVE HEIGHT APPLICATION AND
SIMULATION RESULTS

To assess the threshold classifier, a real-measurement dataset
from METIS Cyberspace Technology was used, gathered from
real-time naval vessel inertial readings. The dataset includes
measurements for vessel hull heave displacement, speed,
rolling angle and turn rate, surge displacement and speed, yaw
turn rate, pitching angle, and pitch turn rate, each comprising
40320 instances. These measurements occur every 15 seconds
per vessel hull instance. Derived from a combination of ML
models [18] and parametric wave estimation [7], [9], the
extracted features encompass peak-to-peak, crest factor, root
mean square, shape factor, margin factor, skewness value,
impulse factor, and kurtosis factor. For model training and
testing, a 70 — 30% split was implemented, resulting in 12096
test samples.

Fig. 5: The layout of the implemented classifier. Also, it consists of
dummy transistors.

To evaluate the proposed classifier’s performance amidst
Process, Voltage, and Temperature (PVT) variations (both
Monte Carlo and corners), two tests were conducted on the

layout illustrated in Fig. 5. The layout’s total area cov-
ers 0.041mm?. Results from 20 training-test iterations are
depicted in Fig. 6 to encompass experimental variability.
Regarding corners, it is tested under Typical, Slow, Fast
cases (and combinations), for temperature variation of —25
to 125°C' and power-supply from Vpp = —Vsg = 0.25V to
Vbp = —Vss = 0.35V. Moreover, a Monte Carlo analysis
verifies the circuit’s sensitivity, as shown in Fig. 7 with a
Monte Carlo Histogram based on N = 100 data points. These
tests collectively summarize the circuit’s performance and
resilience, presented in detail in Table II. Additionally, Fig.
8 displays snapshots showcasing wave height measurements
and the classifier’s predictions, including instances where the
classifier made incorrect predictions (1 False prediction).
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Fig. 6: Classification results of the proposed architecture and the
equivalent software model on the dataset over 20 iterations.
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Fig. 7: Post-layout Monte-Carlo simulation results of the proposed
architecture on the dataset.

TABLE II: Performance Results over PVT

Method Best Worst Mean Std.
Software 91.90% 83.80% 89.20% 1.03%
Proposed 90.70% 82.40% 86.50% 1.12%

Monte Carlo 91.60% 84.00% 87.35% 1.77%

V. ANALOG CLASSIFIERS SUMMARY AND DISCUSSION

Analog classifiers often cater to specific applications, mak-
ing unbiased comparisons challenging yet opening doors for



TABLE III: Analog classifiers’ comparison on the Vessel dataset. It contains worst case corner results for the proposed classifier.

Classifier Worst Mean Best Power Processing Energy per No. of
accuracy accuracy accuracy consumption speed classification = Dimensions
This work ~ ANN  82.40%  86.50%  90.70% 532nW 300k classifications 177 pJ__ 8
[19] MLP 84.60%  87.32%  91.30%  215.14pW 930K classifications 25183 pJ_ 8
[20] ANN 73.30%  77.42%  80.30% 1.43uW 3\ classifications s B 8
[21] LSTM  92.10%  96.13%  100.00%  15.18mW 870 lassifications 1725 pJ 8
s classification
[22] RBF 76.70%  80.43%  82.60%  17.95uW 200K Classifications 8975 pJ 8
[23] K-means  81.80%  87.33%  91.20%  67.78uW 5) classifications _13.56 pJ_ 8
[24] Bayes  73.80%  78.67%  81.40% 573nW 100 lassifications 5.8 pJ__ 8
[25] Fuzzy ~ 78.40%  82.34%  87.90% 689nW 455K classifications 15143 pJ 8
[26] Centroid ~ 81.30%  82.45%  86.40% 683nW 100 lassifications 683 pJ__ 8
[27] GMM  77.20%  80.83%  83.60% 612nW 100 lassifications 612 pJ__ 8
[28] Threshold ~ 78.20%  79.47%  83.90% 312nW 100 lassifications 312 pJ__ 8
[29] SVM 79.60%  80.65%  81.60% 45.42uW 140K dlassifications e 8
s classification
binary classification without dimensionality reduction, unlike
E—— ; many other models. Although some models attain higher
bl e /H‘ accuracy, they do so at the cost of increased complexity,
| evedetected [ power consumption, and larger silicon area. The proposed
2 " N /N | classifier emphasizes lower power consumption and optimized
O | / \ . . . o e . .
T A /@A\ Y ‘\ //\ f energy use per classification, prioritizing accuracy over rapid
V' | Vv . o . .
H Y | \ processing speed, aligning well with the sporadic nature of
= \w slﬁ\f/ \\A inertial sensor applications. Notably, the Gaussian Threshold
\/“ ‘ s [28] achieves the lowest power consumption, but it achieves
lower performance.
40 60 80
Time (s) VI. CONCLUSION

Fig. 8: Here, a specific number of snapshots related to the state of
the sea are presented. They consist of wave height based on the
measurements and indicate whether the measurement represents a
wave or not. The inertial sensors provide a measurement every 15
seconds, and this measurement is classified (as a wave or not) by
the proposed classifier. The classifier makes an incorrect prediction
(False) for one of the measurements.

adaptable use in shared contexts. Notably, Table III offers a
comprehensive overview of our study’s performance metrics
alongside comparable classifiers like Multilayer Perceptron
(MLP) [19], ANN [20], Long Short-Term Memory (LSTM)
[21], Radial Basis function [22], K-means [23], Bayesian
[24], Fuzzy [25], Centroid-based [26] Gaussian Mixture Model
(GMM) [27], Gaussian Threshold [28] and Support Vector
Machine (SVM) [29] all within the context of sea state or
wave height application dataset. This work, detailed in Table
III, demonstrates a balanced performance in accuracy, power
efficiency, and energy consumption.

This work, while excelling in accuracy comparable to sev-
eral counterparts like MLP [19], LSTM [21], and K-means
[23], achieves this with lower complexity, power usage, and
chip area due to its simpler design. This simplicity allows for

In this study, an analog integrated neural network was
introduced, characterized by its ultra-low power consumption
at only 532nW and its reliance on SAF. The core compo-
nents of this classifier comprise circuits implementing the
sigmoid function, a tanh approximation and current compar-
ison. To validate its performance, a real-time vessel dataset
capturing measurements in real-world scenarios is utilized.
The post-layout simulations were performed using the TSMC
90nm CMOS process, enabling a thorough comparison with
software-based implementations and a wide range of analog
classifiers. Remarkably, the proposed implementation achieved
a high accuracy rate of 86.50%, highlighting its potential as a
crucial element within inertial sensor systems.
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