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ABSTRACT The vehicle suspension control unit serves as a critical component to the vehicle system, as it
ensures the steering stability and sound ride quality of the vehicle. To effectively realize control strategies,
it is essential to foreknowledge the road profile and the suspension system’s internal state variables. While
the mentioned variables are not practically measurable using commercial sensors, it is necessary to estimate
the desired variables by utilizing observer systems. Conventional means have mainly employed model-
based approaches, in which model uncertainties and high computational cost pose limitations for practical
implementation. Herein, we propose a data-driven deep learning method as an alternative because no explicit
physical modeling is required, and evaluation is computationally cheap. We first propose a novel encoder-
decoder structured recurrent neural network model with a two-phase attention mechanism to estimate the
unknown road profile and four state variables of the vehicle suspension system. Based on a simulated
data set, we assess the proposed model’s qualitative and quantitative results and demonstrate that our
model can achieve highly accurate estimation results with fast computation time. Besides, we validate our
black-box model’s reliability by comparing its interpretation with the suspension system’s actual physical
characteristics. Furthermore, we compare the proposed model with existing baseline methods, and the results
show that our proposed deep learning model significantly outperforms the baseline. Lastly, we experiment
with our network’s autoregressive capability and demonstrate the feasibility of estimating a sequence of
future values, which has not been presented in previous works.

INDEX TERMS Deep learning, long short term memory (LSTM), observer systems, recurrent neural

networks (RNNs), vehicle suspension control.

I. INTRODUCTION

The suspension system serves as a critical component to the
vehicle system, as it ensures the steering stability and sound
ride quality of the vehicle. Several means of control strategies
have been developed to realize desirable suspension perfor-
mance [1], [2], of which actuators (e.g., hydraulic actuators
[3], magnetorheological dampers [4]) are utilized to adjust
tunable system parameters according to different driving
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conditions. For this purpose, it is necessary to foreknowledge
the road profile and the suspension system’s internal state
variables. Means of direct measurement are available (e.g.,
road profile [5], [6], sprung mass displacement [7], unsprung
mass displacement [8]), but limitations are apparent as they
cannot be practically implemented. Therefore, it is necessary
to estimate the desired variables using measurable sensor
signals by utilizing observer systems.

Conventional means have mainly employed model-based
approaches, among which the Kalman filter (KF) algorithm
is broadly utilized [11]. The KF algorithm is based upon the
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FIGURE 1. Strategies for establishing the observer systems used in this study: (a) KF-based (the EKF-UI [9]), (b) DL-based (our proposed model, the static

NARX model [10]).

physical modeling of the vehicle suspension system, of which
an offline procedure is required beforehand to identify the
parameters of the modeled system. Subsequently, an online
procedure is conducted to estimate the unknown variables by
utilizing the modeled system and its related measurable sen-
sor signals. A schematic of the above procedures is illustrated
in Figure 1 (a). While studies have validated its usage with
field test results [9], [12], several setbacks are inherent regard-
ing its working principles. First, model uncertainty is evident
as previous studies have mainly utilized the simplified linear
quarter car suspension model [13], in which the nonlinearity
in the suspension system is considered linear, and the pitch
and roll motions of the vehicle body are neglected. Also,
identified parameters vary under different driving conditions
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(e.g., driving speed), thus hindering the estimation per-
formance. Several adaptation laws have been proposed to
overcome these issues [14], [15], but related algorithms
are computationally burdensome, limiting its application for
real-time implementation in embedded systems.

Recently, data-driven methods have been introduced as
an alternative approach to overcome the above problems.
As illustrated in Figure 1 (b), data-driven methods differ in
that a highly nonlinear mapping from the input to the output
data is learned during the offline training process. Several
merits are inherent in adopting data-driven methods. First, the
model learns the system’s dynamics directly from the data;
thus, the need for explicit physical modeling can be avoided.
Secondly, the forward path of evaluating a pre-trained deep
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neural network consists solely of basic operations and non-
linear activation functions. Hence, it is computationally much
cheaper than the model-based Kalman filter algorithm.

Previous data-driven approaches have focused solely on
estimating the road profile. Studies have been conducted to
classify different road profiles using machine learning algo-
rithms [16], [17]. Although validated with field test results,
classification differs from the current research scope, as pro-
file estimation poses a broader range of potential applications.
Researches regarding profile estimation have mainly utilized
nonlinear autoregressive exogenous (NARX) models using
simple multi-layered perceptron (MLP) structures. Related
studies are sub-categorized into static and dynamic NARX
models, in which dynamic models are considered impractical
as they require the actual values of the past road profile for
the estimation of the current values [18], [19]. A study in [20]
has utilized a fuzzy model along with a static NARX model
to successfully estimate the road profile using simulated data,
while a study in [10] validated the performance of a static
NARX model with field test results.

Although the studies above have demonstrated the effec-
tiveness of data-driven methods in road profile estimation,
the following aspects require further investigation, which has
motivated the current study.

o First, the estimation of the internal state variables is also
desirable for control system applications. Since previous
data-driven approaches have been limited to estimating
the road profile, the feasibility of system state estimation
should be investigated.

« Secondly, the utilization of a more sophisticated network
structure should be considered. Although recurrent-
structured networks are best suitable for dynamic data
analysis, previous studies have only utilized simple MLP
models. This poses clear limitations as it assumes that
the data-driven inverse modeling of the suspension sys-
tem can be conducted by static means.

o Lastly, input sensor selection should be conducted to
determine the set of in-vehicle sensors best suited for the
current application. While previous data-driven studies
have mainly utilized acceleration signals, no valid basis
has been provided for its sufficiency/redundancy. Input
optimization should be considered as less required sen-
sors imply a more cost-efficient and robust system.

This paper suggests a deep learning (DL)-based observer
system with high accuracy and fast computation time to over-
come the challenges described above. All data used in this
study are acquired via simulation in the CarSim environment
[21]. We first propose a novel encoder-decoder structured
recurrent neural network (RNN) model with a two-phase
attention mechanism to better characterize the suspension
system’s dynamic behavior. The model is trained to estimate
the unknown road profile and four system state variables by
utilizing measurable in-vehicle sensor signals. We search for
a promising set of hyper-parameters via Bayesian optimiza-
tion and then optimize the input sensors by observing the
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FIGURE 2. A random F class road profile designed as the road input:
(a) road profile in the time domain, (b) its corresponding PSD profile.

attention values related to our proposed model’s attention
mechanism. Furthermore, we validate that the interpretation
of the attention values is in-line with the suspension sys-
tem’s physical characteristics, thus providing a valid basis
for model reliability. We evaluate qualitative and quantitative
results with the extended Kalman filter with unknown inputs
(EKF-UI) [9] and the static NARX model [10] to examine the
estimation capability of our proposed method in comparison
with the existing studies. Lastly, we demonstrate the feasi-
bility of sequence estimation, which estimates a sequence of
future values at each time step, and has not been proceeded
by previous works.

Il. MATERIALS AND METHODS

A. DATA ACQUISITION

All data used in this study are acquired via simulation in
the CarSim environment [21], as it is reported to produce
highly relevant results compared with actual field test exper-
iments [9], [22], [23]. We first design a random F class
road profile according to the ISO 8608 standard [24] for the
input to the CarSim vehicle model. The produced road and
its corresponding power spectral density (PSD) profile are
presented in Figure 2 (a) and (b), respectively. In particular,
the PSD profile’s regressed slope is equal to —2.15, which
is close to the value —2 of the road roughness classified by
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FIGURE 3. Two representative vehicle suspension models: (a) 7-DOF full car model, (b) 2-DOF quarter car model.

TABLE 1. Specifications of the input (measurable sensor signals) and
output (unknown variables) data acquired via simulation in the CarSim
environment.

Input data [Units] Quantity
Local relative displacement [m] 4
Local sprung mass acceleration [m/s2]
Unsprung mass acceleration [m/s?]
Pitch & pitch rate [deg, deg/s]
Roll & roll rate [deg, deg/s]

Yaw & yaw rate [deg, deg/s]
Longitudinal acceleration [m/s2]
Lateral acceleration [m/s2]
Steering angle [deg]

Output data [Units]

Road profile [m]

Local sprung mass displacement [m]
Local sprung mass velocity [m/s]
Unsprung mass displacement [m]
Unsprung mass velocity [m/s]

— AN NN A N

Quantity

IS

the international roughness index (IRI) [2]. A D-class sedan
is used as the vehicle model, and virtual sensor signals are
acquired with a sampling frequency of 1 kHz under 30 KPH
driving speed.

We consider all measurable system response of the 7-DOF
full car suspension model adopted in [25] (Figure 3 (a)). The
model consists of a sprung mass (my), four unsprung masses
(my), four pairs of suspension coil springs and dampers (k;
and c¢y), two anti-roll bars (k,), and four tires modeled as
spring elements (k;). FL, FR, RL, and RR denotes forward-
left, forward-right, rear-left, and rear-right, respectively. The
sprung mass includes the vehicle chassis and body, while
the unsprung mass includes the wheels, brakes, and calipers.
Fixture locations of the suspension elements are designated
as the local sprung mass locations, with its vertical displace-
ments denoted as xj;. Vertical displacements of the sprung
mass, unsprung mass, and the road profile are denoted as x;,
Xy, and x,, respectively. The sprung mass’s angular motions
include the pitch (6) and the roll (¢).
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Additional measurable sensor signals such as the yaw, yaw
rate, longitudinal accelerations, lateral accelerations, and the
steering angle are also considered. The pitch, roll, yaw, and
its corresponding rates are measured from the sprung mass
center of gravity, while the longitudinal and lateral accelera-
tions are measured from the sprung mass center of gravity and
each wheel center. In total, 29 measurable sensor signals are
used as the input data to train the neural networks to estimate
the unknown road profile and four system state variables per
wheel (FL, FR, RL, RR), as illustrated in Figure 1 (b). All
acquired senor signals are split into training, validation, and
test data to establish the observer models. Specifications of
the input and output data are listed in Table 1.

It is worth mentioning that while the majority of the model-
based approaches are limited to utilizing the simplified lin-
ear quarter car suspension model [13] (Figure 3 (b)), our
proposed method can fully utilize all measurable in-vehicle
sensor signals. Although the linear quarter car suspension
model offers the advantage of low computational cost in
KF algorithms, it incorporates model uncertainties as it only
considers the vehicle’s heave motion. This study validates
that our proposed method outperforms the quarter car model-
based EKF-UTI algorithm [9] in estimation accuracy and com-
putation time. Further details are provided in Section III-B.

B. PROPOSED MODEL

This study proposes a novel encoder-decoder structured deep
recurrent neural network model with a two-phase attention
mechanism to estimate the unknown road profile and four
state variables of the vehicle suspension system. The archi-
tecture of the proposed model is illustrated in Figure 4.
Our proposed model consists of three constituent parts, i.e.,
the encoder network, the two-phase attention layer, and the
decoder network. Our goal is to train all sub-networks in an
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FIGURE 4. Our proposed network architecture consisted of the encoder network, the two-phase attention layer, and the decoder network. A detailed

description of the temporal attention mechanism is illustrated.

end-to-end manner to establish a DL framework for precisely
estimating the desired variables.

The encoder network is designed to extract high-level fea-
tures from sequences of input signals. Unlike static NARX
models, our network utilizes an RNN structure, which takes
sequential data as the input to better analyze its dynamic
characteristics. Among existing RNN modules, the long short
term memory (LSTM) is adopted, as it has been proposed
to overcome the gradient vanishing problem for long-term
dependencies [26]. Besides, bidirectional encoding is utilized
to enhance performance [27]. The entire encoder network
consists of N paralle]l LSTM networks according to the num-
ber of input signals. x;' denotes the input sequence x at time ¢
associated with the n input signal, and the same annotation
applies to the hidden state h. T denotes the input sequence
length.

Subsequently, the encoded hidden states are passed on to
the two-phase attention layer. The key part of this paper
is using the two-phase attention mechanism to enhance
estimation accuracy and attain knowledge of the deep
neural network’s working mechanism. While conventional
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encoder-decoder-structured RNNs suffer from the bottle-
neck issue [28], the attention mechanism has been proposed
to alleviate the problem by exclusively focusing on relevant
positions within the input sequence [29]. We propose to apply
the attention mechanism in a two-phase manner to avoid
the above problem and enhance the estimation accuracy.
First, the attention mechanism is applied to the temporal-
wise hidden states of each LSTM network. As illustrated, the
encoded hidden states are fed forward in a fully-connected
layer composed of weights, biases, and the hyperbolic tan-
gent function (fanh) as the nonlinear activation function. The
softmax function is applied to the resulting values, and its
output indicates the temporal attention values, as values asso-
ciated with important positions within the sequence will be
trained to be larger than the unimportant ones. The temporal
attention values are linearly combined with the sequence of
hidden states to obtain the summarized hidden state, 4", for
each input variable. Subsequently, variable-wise attention is
applied in the same manner to the summarized hidden states
to produce a single encoded hidden state, /., to pass on
to the decoder network. Similarly, softmax values associated
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with the variable-wise attention mechanism indicate the vari-
able attention values, as values associated with the important
input variables will be trained to be larger than that of the
unimportant ones. It is worth mentioning that the interpreta-
tion of the deep neural network can be achieved by examining
the attention values. We will utilize the attention values to
optimize the relevant inputs and provide interpretations of our
network’s mechanism in Section III-A.

The decoder network then transforms the encoded infor-
mation into the values of interest. Note that a sequence of
future values can be estimated at each time step by utilizing
the decoder network in an autoregressive manner [30] as
illustrated. This concept of sequence estimation has not been
proceeded by previous works. We demonstrate the feasibility
of sequence estimation in Section III-C, as it poses poten-
tials for a broad range of applications in predictive control
strategies.

C. MODEL TRAINING AND EVALUATION

Several methods regarding the training strategies are
employed to train our network and optimize its trainable
parameters. As for the loss function L, the mean squared
error (MSE) is used and is defined as follows:

_Xo-?
N
where y and y denotes the actual and the estimated value,
respectively, and N denotes the number of training data.
Trainable parameters are optimized using the Adam opti-
mizer [31] to minimize the loss function. Besides, the step
decay scheduler [32] is adopted for faster convergence.
We apply Xavier initialization [33] to initialize the network
weights, as most nonlinear activation functions utilize the
hyperbolic tangent function. A dropout method regarding
recurrent layers [34] is employed to prevent overfitting. All
model training is conducted on an NVIDIA TITAN Xp GPU.

The mean absolute percentage error (MAPE) for the PSD
profile is considered for the evaluation metric and is defined
as follows [9]:

€rms = ]l\lz‘—

Yrms

L ey

x 100 (%) 2)

where Y and ¥ denotes the actual and the estimated PSD pro-
file, respectively, Y;,,s denotes the root mean squared (RMS)
value of the actual PSD profile, and N denotes the number
of evaluation data. All model evaluation is conducted on an
Intel ®Core™ i5-8400 x64 CPU 16.0GB RAM CPU.

D. MODEL OPTIMIZATION

The Bayesian optimization strategy [35] is first conducted
to optimize the hyper-parameters regarding the structure and
the training configuration of the proposed model. Unlike
existing systematic approaches (i.e., grid search and random
search [36]), Bayesian optimization considers prior knowl-
edge of the training process and reduces the computational
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FIGURE 5. A schematic description of different hyper-parameter
optimization strategies: (a) grid search and random search, (b) the
Bayesian optimization strategy.

cost. A schematic of the Bayesian optimization procedure
compared with grid search and random search is illustrated
in Figure 5. Bayesian optimization is conducted based on
the simultaneous interaction of the surrogate model and the
acquisition function. The surrogate model probabilistically
models the unknown objective function f'(-) that maps the set
of hyper-parameters A; to the evaluation result, by consid-
ering the prior evaluated samples (A1,f(A1)),...,(Anf(AN)).
The acquisition function then suggests a new set of hyper-
parameters Ay 4 based on the exploration-exploitation strate-
gies regarding the established surrogate model. This proce-
dure can be expressed as follows:

A" = argminy e af (A) 3)

where A denotes the entire hyper-parameter search space, and
A* denotes the optimal set of hyper-parameters derived from
the optimization process. The tree Parzen estimator (TPE)
is utilized as the surrogate model [37], and the expected
improvement (EI) algorithm is utilized as the acquisition
function [38].

Subsequently, input optimization is conducted by utilizing
the attention values, as mentioned in Section II-D. Temporal-
variable attention values are utilized to interpret which input
variables, and more specifically, which temporal indices
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within each variable contributed the most during the network
training. The temporal-variable attention values are obtained
by multiplying each variable attention value to its correspond-
ing temporal attention values across different time indices.
Relevant input sensors are selected to retrain the network
by observing the obtained attention values, and we further
validate its interpretation by referencing the suspension sys-
tem’s actual physical characteristics. Detailed discussions are
presented in Section III-A.

Ill. RESULTS

A. MODEL OPTIMIZATION

Based on the searching spaces of the hyper-parameters
defined in Table 2, the Bayesian optimization is conducted
to explore the most promising set of hyper-parameters for
our proposed model. The FL estimation model is used for
the hyper-parameter optimization process, and its resulting
hyper-parameters are applied to all wheel models during
the training process. We use quantized uniform distribution
as the searching space of each hyper-parameter, except for
the learning rate, the epoch scheduler rate, and the dropout
rate, in which log-uniform distribution is used. Besides, the
combined validation MSE of the five estimation variables is
used for the optimization metric. As previously discussed,
Bayesian optimization utilizes prior knowledge of the opti-
mization process and thereby effectively searches for new
sets of hyper-parameters. This is observed in Figure 6, as the
validation loss gradually decreases over the optimization iter-
ation, where early stages in the optimization process show
high validation loss with high variance and the latter show low
validation loss that seems relatively convergent. The optimal
hyper-parameter set with the lowest validation loss is found in
the 80 optimization iteration, and its corresponding values
are listed in Table 2.

TABLE 2. The optimal hyper-parameter set regarding the model structure,
training, and regularization, obtained via 100 iterations of Bayesian
optimization.

Hyper-parameter
Input sequence length

Optimization type ~ Search space ~ Optimal parameter
Model structure [5, 50] 19

Hidden dimension Model structure [32, 128] 64

Batch size Model training [32, 128] 33
Learning rate Model training [le-4, 1e-2] 0.004

Epoch scheduler step Model training [5,20] 9
Epoch scheduler rate Model training [0.6,0.9] 0.63
Dropout rate Regularization [0.1,0.7] 0.38

An important hyper-parameter worth mentioning is the
input sequence length. Having long input sequences incor-
porates the bottle-neck problem to the encoder-decoder
model as it burdens the encoder to compress all necessary
information into a fixed-dimensional tensor [28]. The use
of the attention mechanism can relieve this issue, but it
is not a complete solution. Therefore, a trade-off is req-
uisite to find an optimal input sequence length that is
long enough to contain sufficient information, but short
enough to be effectively encoded. The input sequence length
of 19 is found to be the optimal value via Bayesian
optimization.
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Subsequently, we conduct input sensor optimization by
observing the attention values of our hyper-parameter opti-
mized models. From its observations, insights into our DL
model’s working mechanism can be achieved and are pre-
sented as follows. A heatmap of the FL estimation model’s
temporal-variable attention values is presented in Figure 7 (a).
Regarding its temporal characteristics, it is observed that our
estimation model focuses mostly on the current input values.
This is similar to the working principles of the KF algorithm,
which utilizes the a priori values to estimate the a posteriori
values. As for its variable-wise importance, the pitch signal
is shown to contribute the most for the network training,
followed by the FL relative displacement and unsprung mass
acceleration. The RL relative displacement and unsprung
mass acceleration appear to have notable contributions also.
Other signals seem of less importance for the training of the
FL estimation model. The above observations are reasonable
as signals from the left side of the vehicle are shown to
contribute the most to establishing the FL estimation model,
while the pitch signal is of general importance.

Likewise, variable attention values of all wheel models
have been combined, and the following observations are
made regarding Figure 7 (b). First, the pitch and the pitch
rate are considered important, implying that utilizing the full
car suspension model better represents the actual suspension
system’s underlying physics than the linear quarter car sus-
pension model. In contrast to the pitch and the pitch rate,
the roll and the roll rate seem of little importance. While
longitudinal dimensions of the vehicle are longer than the
lateral, pitch motion is usually more dominant than the roll
motion, except for extreme driving conditions such as off-
road driving and sharp cornering. Simulation procedures do
not include any of the above, as the vehicle simulation is
conducted on a straight road without a change of directions.
Besides, the effect of the anti-roll bars also contributes to the
dampening of the roll motion.

Secondly, it is observed that the sprung mass acceleration
does not seem to contribute much to the training of our model,
as its combined variable attention values indicate no signif-
icant importance. Given the local relative displacement and
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FIGURE 7. Our proposed model’s attention values: (a) heatmap of the FL estimation model’s temporal-variable attention values, (b) combined variable
attention values of all wheel models.

the unsprung mass acceleration, the sprung mass acceleration [9] and the MLP-based static NARX model [10]. Two hyper-
can be regarded as redundant if the DL model can learn the parameters are inherent for the static NARX model (the batch

relationship between the three variables. The unsprung mass size and the learning rate), and its values are selected to
acceleration is preferred over the sprung mass acceleration be 128 and 0.001 via the grid search strategy. Our hyper-
because wheels are closer to the road than the vehicle body. parameter and input optimized model will be denoted as DL
Therefore, the unsprung mass acceleration has higher correla- optimized for the remainder of the paper. We discuss the
tions with the road profile than the sprung mass acceleration. qualitative difference in terms of the established models’ per-
Similar observations are made regarding the longitudinal formance by comparing the actual and the estimated profiles.
and lateral acceleration signals, as combined variable atten- Besides, the estimation results are quantitatively assessed
tion values show little importance. Although the above vari- based on the evaluation metric in Section II-C.
ables are considered to analyze the 6-DOF motion of the vehi- Figure 8 and Table 3 presents the qualitative and quanti-
cle (including 3-DOF translational and 3-DOF rotational), tative results of the estimated profiles of different observer
it is known that its effects on the vertical motion of the sprung models. Figure 8 clearly illustrates that our DL optimized
mass are negligible [39]. Other variables unrelated to the full best follows the actual profile (denoted as CarSim) among
car suspension model (i.e., yaw, yaw rate, steering angle) the comparative models. While it is known that the EKF-
are also considered unimportant, which implies that our deep UI’s performance deteriorates under rough road conditions
learning model provides physically relevant interpretation [9], it is observed that the EKF-UI produces severely noisy
results. profiles as we utilize an F-class road input. Besides, the static
We conduct input sensor optimization based on the above NARX model shows the poorest performance, indicating that
observations. The pitch, pitch rate, local relative displace- its shallow network structure is insufficient to capture the
ment, and the unsprung mass acceleration signals (the top high nonlinearity of the dynamic suspension system.
ten variables with the highest combined attention values) It is also worth noting that our proposed model’s perfor-
are chosen as the input sensors. The FL estimation model mance improves after optimizing the inputs, as presented in
is retrained using the selected sensor signals, and its perfor- Table 3. This is against intuition since it can be argued that
mance is evaluated in the following section. more input data to reference from will result in better estima-

tion performance. While 29 input variables are used in our

initial training, the vast majority are considered unimportant,
B. MODEL EVALUATION and the irrelevant variables are assigned with small variable
In this section, we proceed to evaluate our optimized network attention values (Figure 7 (b)). It can be inferred that this
and compare its performance with baseline models in terms of hinders the training by causing dispersion of attention, as the
estimation accuracy and computation time. Two comparative network’s ability to focus on relevant variables is dispersed to
models are adopted in our study: the model-based EKF-UI unimportant variables that outnumber. From this observation,
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FIGURE 8. Qualitative results of the estimation performance of different observer models: (a) the road profile, with section A in zoomed details, (b) the
sprung mass displacement, (c) the sprung mass velocity, (d) the unsprung mass displacement, (e) the unsprung mass velocity.

we emphasize that a careful selection of relevant input sensors + The static NARX model shows the fastest computation time
is necessary when taking a data-driven approach to modeling since it is a shallow network model with very few parameters

dynamic systems.

compared to our DL optimized. Although it offers the fastest

The computation time is also compared and evaluated computation time, it shows the worst estimation performance.
on the test data set consisted of 7996 sampling time steps. Our DL optimized shows the second-best performance in
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computation speed, approximately eight times faster than the
EKF-UI, while posing the best estimation performance for all

variables.
We further experiment with additional data simulated

under 50 KPH driving conditions to demonstrate our pro-
posed method’s feasibility under different driving condi-
tions. The same set of optimal hyper-parameters and input

VOLUME 9, 2021

sensors are utilized to retrain our proposed model. Evaluation
results are compared with the EKF-UI and the static NARX
model, as presented in Table 4. Our DL optimized shows
slightly improved performance metrics compared to that of
the 30 KPH data, except for the sprung mass velocity, which
remained the same. On the contrary, an overall deterioration is
observed for the EKF-UI and the static NARX model. While
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TABLE 3. Quantitative results of the estimation performance of different
observer models. All metrics are given in MAPE (%) for the PSD profile
(except for the computation time).

DL 29 inputs DL

Static NARX [10]  EKF-UI [9]
4.66 0.30

Road profile [m] 0.10 0.06 g
Local sprung mass displacement [m] 0.03 0.02 2.87 1.53
Local sprung mass velocity [m/s] 0.09 0.06 1.40 2.09
Unsprung mass displacement [m] 0.10 0.08 5.06 593
Unsprung mass velocity [m/s] 0.22 0.18 12.90 13.77
Computation time [s] 244 2.01 1.03 15.98

TABLE 4. Quantitative results of the estimation performance of different
observer models under 50 KPH driving conditions. All metrics are given in

0.03F

0.01

Combined validation MSE

Without attention
With attention

—-————

——————m e — T

MAPE (%) for the PSD profile (except for the computation time).

DL optimized  Static NARX [10] EKF-UI [9]
Road profile [m] 0.04 7.56 493
Local sprung mass displacement [m] 0.01 3.51 1.30
Local sprung mass velocity [m/s] 0.06 7.57 6.54
Unsprung mass displacement [m] 0.05 9.56 8.38
Unsprung mass velocity [m/s] 0.06 14.71 13.19
Computation time [s] 2.19 1.02 16.03

TABLE 5. Quantitative results of the sequence estimation performance of
all variables, estimating a future sequence of 50 sampling time steps
(0.05 sec). All metrics are given in averaged MAPE (%) for the PSD profile
(except for the computation time).

DL optimized
Road profile [m] 0.62
Local sprung mass displacement [m] 0.27
Local sprung mass velocity [m/s] 0.38
Unsprung mass displacement [m] 0.92
Unsprung mass velocity [m/s] 4.31
Computation time [s] 10.1

the EKF-UI utilizes the linear quarter car suspension model,
its accuracy deteriorates at high-speed driving conditions due
to the pitch and roll motion effect. Also, it is known that
identified quarter car parameters, especially the sprung mass
and the tire stiffness, vary under different driving conditions
and deteriorates the estimation performance [9]. As for the
static NARX model, results indicate that its performance
suffers from the lack of network capacity to capture the high
nonlinearities incorporated at higher driving speeds. On the
contrary, we validate that our DL optimized can accurately
conduct the desired action even at high-speed driving condi-
tions with relatively fast computation time.

C. SEQUENCE ESTIMATION

As mentioned in Section II-B, we proceed to further extend
our decoder model’s architecture to an autoregressive struc-
ture to test the feasibility of sequence estimation for all
variables. Sequence estimation implies estimating a sequence
of future values at each time step. It is worth mentioning
that sequence estimation has not been conducted in previous
studies, as existing model-based and MLP-based approaches
are not capable of its demonstration.

Figure 9 presents the sequence estimation results of the
road profile, estimating a future sequence of 50 sampling time
steps (0.05 sec). Figure 9 (a) presents the initial road profile
estimated at (f + 0 x dt), with dt denoting the sampling time
step. Figure 9 (b) illustrates the sequence of estimated profiles
at each time step corresponding to the zoomed-in section of
A and B. Table 5 presents the averaged performance index
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FIGURE 10. Sequence estimation performance of the models with and

without the two-phase attention mechanism for various output sequence
lengths.

(MAPE for the PSD profile) for all estimated profiles at
(t + n x dt), with n ranging from zero to 50. Based on the
qualitative and quantitative results, it is observed that our
model is capable of sequence autoregression for all variables,
as all quantitative metrics except the road profile show better
performance than the one-point estimation result of the EKF-
Ul Regarding computation time, our model still tops the
EKF-UI, even when having the disadvantage of calculating
an additional sequence of 49 data points per estimation. Sub-
sequently, we compare the models’ estimation results with
and without the two-phase attention mechanism to inves-
tigate its impact on the sequence estimation performance.
While estimation results deteriorate at longer output sequence
lengths [28], we validate that utilizing the two-phase attention
mechanism can enhance performance even when estimating
long output sequences. The baseline model is an encoder-
decoder structured LSTM network without attention mech-
anism, as presented in [30]. Its hyper-parameters include the
batch size, the learning rate, and the hidden dimension size.
Bayesian optimization is conducted as previously presented,
and the hyper-parameter values of 38, 0.0001, and 46 are
chosen as the promising values. Figure 10 presents the com-
bined validation MSE values of the two models for various
output sequence lengths. It can be observed that our proposed
model with the two-phase attention mechanism significantly
outperforms the baseline network, as the combined MSE
value of output sequence length of 50 is lower than that of
the one-point estimation MSE of the baseline network.

IV. CONCLUSION

This study proposed a deep learning approach to accurately
estimate the unknown road profile and four state variables
of the vehicle suspension system with fast computation time.
The main contributions of the work are summarized as fol-
lows.

« First, we proposed a novel encoder-decoder structured
RNN model with a two-phase attention mechanism
and optimized its hyper-parameters and input sen-
sors. In particular, we analyzed that a careful selection
of relevant input sensors is necessary when utilizing
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data-driven methods to model dynamic systems. Results
have shown that our optimized model trained with ten
inputs outperforms the pre-optimized model trained with
all 29 inputs, indicating that more input sensors do not
necessarily result in better performance.

Secondly, we verified that our proposed DL model
could improve both qualitative and quantitative results.
While we compared the estimation performance with
two baseline models (i.e., the EKF-UI [9] and the static
NARX [10] model), qualitative results have shown that
our model best estimates the true profile while others
lacked accuracy and suffered from noise. Our model also
exhibited the best quantitative result, achieving an aver-
aged error metric of 0.008 (%) while posing the second-
fastest computation time. Furthermore, we validated our
model’s capability of operating under various driving
conditions by experimenting with the 50 KPH data set,
while both baseline models failed to produce desirable
results.

Lastly, we extended our network structure to an autore-
gressive model and demonstrated the feasibility of
sequence estimation. While we compared the models’
estimation results with and without the two-phase atten-
tion mechanism, results have indicated that our proposed
model with the two-phase attention mechanism signif-
icantly outperforms the baseline. Our model achieved
an averaged error metric of 1.3 (%) when estimating a
future sequence of 50 sampling time steps (0.05 sec) and
conducted the action with reasonably fast computation
time.

For the future work of the current research, we propose
to train and evaluate the deep neural network with actual
in-vehicle sensor data under free-ride driving conditions,
including various driving speed intervals and road conditions.
As feasibility has been proven with simulation data, we aim
to utilize the trained network for actual active suspension
control strategies.
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