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Highlights:

• Novel feature formulation combining sensitivity analysis and physics-based normalization for
cross-vehicle scalability.

• Two lightweight FNN estimators for real-time longitudinal and lateral velocity estimation.
• Validated in simulation and experiments, with strong generalization to unseen vehicles.

Abstract: Estimating vehicle velocity in the full-range of vehicle operation across various driving
scenarios is a challenge for most model-based state observers, especially for vehicles operating at the
limits of handling due to highly nonlinear vehicle dynamics, particularly on slippery roads. To address
this challenge, this paper proposes a machine learning (ML) based method for vehicle velocity estimation.
Two novel vehicle velocity estimators based on multi-layer feedforward neural network (FNN) are
designed to estimate vehicle longitudinal and lateral velocities, respectively. The inputs of the proposed
FNN estimators are selected based on a sensitivity analysis of vehicle dynamics models and are
normalized by vehicle parameters to ensure that the trained FNN estimators have generic formulas
transferable to vehicles of different specifications. Experimental and simulation results—including tests
on vehicles not seen during training—demonstrate that the proposed velocity estimators provide accurate
estimations in various challenging scenarios and are robust to differences in vehicle specifications.
Moreover, the computational cost is low enough for real-time implementation.

Keywords: longitudinal velocity estimation; lateral velocity estimation; machine learning; deep neural
network; vehicle dynamics; sensitivity analysis

1. Introduction

Vehicle velocity estimation is crucial for the design of various vehicle control systems such as stability
control, motion control, active safety, and autonomous driving systems. The expanded operation domains
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of modern vehicles demand even higher levels of accuracy, robustness, and adaptability for vehicle
velocity estimation. Conventional velocity estimation methods mainly rely on kinematic models and
vehicle models. For example, vehicle kinematic equations were utilized to estimate vehicle longitudinal
and lateral velocities by using Kalman-based estimation algorithms [1–4], or non-linear observers [5,6].
However, due to the highly nonlinear behavior of a vehicle—particularly under high tire slip or saturation
conditions—the linearized vehicle model Jacobian can locally lose rank, reducing observability for
conventional model-based estimators. This weak observability arises not from a lack of excitation but
from nonlinear coupling among tire forces, slip dynamics, and parameter uncertainties. Moreover, a known
limitation of Kalman-based and observer-based estimators is the challenge of lateral velocity observability
during straight-line driving, where lateral excitation is minimal. Although observability improves under
dynamic maneuvers, accurate estimation remains sensitive to vehicle and tire parameterization [7,8].
Under such conditions, the conventional observers with access only to the standard vehicle dynamics
sensors cannot cover the full range of operation, or may require a drastic change in calibrations. As a
result, both limitations can lead to state estimation failure or inaccuracies.

To address the limitations of conventional observers, researchers have explored machine learning
based approaches, such as Neural Networks (NN), to estimate vehicle states and parameters [9–17].
The high degree of nonlinearity of NN make it possible to accurately model complex system dynamic
behaviors and lead to improved estimation performance. For instance, in reference [18], a NN structure
comprising a sparse autoencoder and SoftMax regression was used to classify road excitation for semi-active
suspension systems. Similarly, in references [19–24], a general regression NN was developed to observe
the vehicle sideslip angle. The neural network method was also used in references [25–28] to estimate the
vehicle roll angle. The findings in reference [28] showed that NN based estimation results are comparable
to those obtained using model-based techniques and in certain scenarios, such as on slippery roads, the
neural network approach outperformed the model-based estimation. These studies demonstrated the
potential of NNs to in achieving excellent estimation performance, while generalizing across different
surfaces, tires, and driving situations.

In recent years, a few studies have investigated the use of NNs for vehicle velocity estimation. A
recurrent neural network (RNN) based estimation method was proposed by reference [29] to address
velocity estimation in extreme scenarios, which showed that vehicle lateral velocity can be estimated with
greater accuracy than model-based approaches. In reference [30], multiple RNN cells were constructed
and trained individually to estimate lateral velocity and several other vehicle states, and simulated data
were used to validate the work in several test scenarios. Additionally, references [31–33] proposed a
long short-term memory (LSTM) network, a variant of RNN, to estimate vehicle lateral velocity, which
demonstrated good performance at low and medium speeds, but not in the high-speed range. Although
these studies shed lights on the NN based velocity estimator design, two important areas of research for
estimation performance and real-world applications have received limited attention. The first is how to
objectively select the most effective input features relevant to estimation of vehicle velocities, rather than
relying solely on experience or intuition. The second is algorithm generality and transferability, as the
current achievements are limited to a single vehicle model with the same specifications. If the algorithm
is to be extended to a vehicle with different specifications, new data must be collected and the NNs must
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also be re-trained from scratch, which is impractical given the amount of work, time, and cost involved.
This paper aims to provide insights into the two areas mentioned above by proposing two novel

Feedforward Neural Network (FNN) based vehicle velocity estimators to estimate vehicle longitudinal
and lateral velocities, respectively. The input features of the proposed FNN estimators are formulated in
two steps. Firstly, the most relevant signals are selected through a sensitivity analysis of available sensor
measurements in the vehicle. Then, the selected signals are further normalized by vehicle parameters
based on vehicle dynamics analysis. This unique input feature formulation makes the FNN estimators
generic to vehicles of different specifications and allows data of from different vehicles to be added during
the training phase, thereby enriching the data over various driving scenarios. As a result, the trained FNN
estimators can be widely applied to a variety of vehicles of different specifications without requiring
re-training the NNs for each application. The proposed NN velocity estimators are tested and validated
using both simulation data and real vehicle data, demonstrating their ability to provide accurate estimations
in various challenging scenarios and their robustness to changes in vehicle specifications. Furthermore,
the algorithm is lightweight enough for real-time implementation. In summary, the contributions of the
paper are as follows:

• A novel method for formulating input features is proposed, which utilizes sensitivity analysis to
select the most relevant input signals and can accommodate differences in vehicle specifications
by incorporating vehicle parameters.

• Two FNN based estimators are designed to estimate longitudinal and lateral velocities, respectively,
which are generic and applicable to vehicles of different specifications.

• Both simulated and experimental testing demonstrate that the proposed FNN algorithms provide
accurate estimation performance and are robust to changes in vehicle specifications.

• The input feature formulation method in Equation (1) and the generic design of FNN estimators in
Equation (2) can be readily generalized to the estimation of other state and parameters.

The rest of this paper is organized as follows: Section 2 introduces the overall structure of the
proposed ML-based vehicle velocity estimation algorithms, including the design and formulation of the
input feature vector to the network. Section 3 presents collected dataset, which contains both simulation
and experimental test data, in details. The vehicle longitudinal and lateral velocity estimation results are
illustrated and discussed in Sections 4. Finally, Section 5 draws the conclusions.

2. Machine learning based velocity estimation

2.1. Input feature selection

To achieve accurate longitudinal and lateral velocity estimation, the input features for each of the two
FNN estimation models need to be formulated appropriately to well represent information required for
estimating either longitudinal velocity or lateral velocity. A sensitivity analysis can be conducted over
all the measurable inputs at the current time and their historical time steps to rank their importance with
respect to the vehicle longitudinal and lateral velocities.

The Gradient Boosting Regression Tree (GBRT) method is used to evaluate signal importance.
The GBRT model used 300 estimators, a learning rate of 0.05, and a maximum tree depth of 5. The
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top 10% of features ranked by normalized importance (0.1 ≤ importance) were retained for input selection.
The sensitivity analysis was conducted on a dataset of 203 maneuvers covering DLC, SS, sine, and slalom
tests across three vehicle types. GBRT begins by training a decision network where each observation
is assigned with an equal weight [34]. GBRT method is used to rank input signal importance. GBRT
builds an ensemble of decision trees, each correcting the errors of its predecessor, allowing it to capture
nonlinear interactions between features. Compared to traditional methods like cross-correlation—which
assume linear relationships—GBRT provides a more robust feature ranking in the presence of nonlinear
vehicle dynamics. By evaluating the first layer, the weights of those observations that are difficult to
classify or low are increased. By evaluating the weights of neurons, the importance of the signals and their
history data with respect to the output (e.g. either lateral velocity or longitudinal velocity) is generated, as
shown in Table 1 and Figure 1.
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Figure 1. The input feature importance of available measurements for lateral
velocity estimation.

The inputs for these sensitivity analyses tests are selected based on the model-based approaches [35]
since model-based approaches are designed based on the vehicle longitudinal and lateral dynamics in
which the relation between the measurements and output signal is specified.

Figure 1 illustrates the importance of the inputs and their temporal signals with respect to the output
where q ∈ [2,4,6] and aycorner(k) = ay(k)−r(k)vx(k) is an augmented input signal based on the model-based
approaches. The term aycorner(k) represents the time derivative of lateral velocity, excluding roll effects and
it is commonly referred to as cornering acceleration, as it captures the net lateral acceleration experienced
during turning. As can be seen in Figure 1, the history of the augmented lateral acceleration, and lateral
tire force with its history are less important and have less effect on the network for estimating the vehicle
lateral velocity. Moreover, the vehicle yaw rate and lateral acceleration have the highest importance rate
comparing with other available measurement signals. Notably, the steering wheel angle exhibits relatively
low sensitivity since its effect on instantaneous vehicle velocity is primarily indirect—manifested through
its influence on yaw rate, which already dominates the feature importance ranking. While the sensitivity
analysis guided the initial feature selection, certain features included in Ax and Ay were additionally
incorporated based on domain knowledge and empirical validation. This hybrid approach balances
data-driven insights with physical interpretability, ensuring robustness across varying driving conditions.
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Table 1. The input feature importance of available measurements for longitudinal velocity.

Input feature ω(k) ax(k) Yawrate(k) SWA(k) ay(k)

Importance percentage 100 20 18.5 10.6 3.1

Table 1 shows the importance of the inputs and their temporal signals with respect to the output
which is the vehicle longitudinal velocity. As can be seen in Table 1, the lateral acceleration, and steering
wheel angle are less important and have less effect on the network for estimating the vehicle longitudinal
velocity. Hence, variables can be considered in the input vector based on their importance level, and there
is no need to consider all the available measurement signals as their effectiveness vary. Similarly, the
sensitivity analysis results for vehicle lateral velocity estimation are shown in Figure 1.

Given the sensitivity analysis results, the initial list of volunteer input features to estimate vehicle
longitudinal and lateral velocities are selected as follows:

Ax(k) =
[
ax(k) r(k) ω(k)

]T
(1)

Ay(k) =



ax(k)

ay(k)

r(k)

r(k−q)

δ (k)

ω(k)

aycorner(k)


(2)

where ax(k), ay(k), r(k), δ (k), and ω(k) are representing the longitudinal and lateral accelerations, yaw
rate, steering wheel angle, and wheel speeds, respectively.

One of the main goals envisioned for this paper is to have a scalable solution by which a reasonable
performance is expected even for an unseen data set from a vehicle with a different configuration. To
achieve this goal, vehicle parameters which are key to differentiate a vehicle from another are incorporated
in the algorithm to normalize the input features based on vehicle dynamics formulas.

First For longitudinal velocity estimation, given the fact that the longitudinal vehicle dynamics is a
first-order differential equation and the wheel acceleration (ω̇(k)) exists in the longitudinal vehicle dynamic,
wheel speed difference (∆ω(k) = ω(k)−ω(k−1)) is incorporated in the input feature. Moreover, four
corner wheel acceleration difference which contain vehicle track width are added to the input feature by
following the vehicle and wheel dynamics. Hence, the final input feature vector to estimate longitudinal
velocity using FNN vector is updated based on Equation (1) as follows:

Ax(k) =



ax(k)

ax(k−q)

r(k)

Re f f ω(k)

ax(k)−Twr(k)−Re f f ω̇(k)

ω(k)−ω(k−1)


(3)
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where Tw, and Re f f are the vehicle track width and tire effective radius, respectively.
Remark 1: The slip ratio effect is considered using the wheel rotational speed difference to make the

algorithm robust against highly slippery conditions aiming to address the different system bandwidth in
wheel stability.

For lateral velocity estimation, the selected initial input features in Equation (2) are further formulated
based on lateral vehicle dynamics and normalized using influential vehicle parameters such as nominal mass,
yaw moment of inertia, steering ratio, and effective wheel radius to ensure scalability and generalizability.
These parameters are typically available in production vehicles or can be estimated via onboard diagnostics,
making the approach practical for real-world deployment. As a result, the final input feature vector for the
FNN-based lateral velocity estimator is defined as follows:

Ay =



max(k)

may(k)

Izr(k)

Izr(k−q)

δ (k)/Sratio

Re f f ω(k)

ay(k)− r(k)vx(k)


(4)

where m, Iz, and Sratio, are the vehicle mass, yaw momentum of inertia, and steering ratio, respectively.
This unique input feature selection process allows data of different vehicle specifications to be

added during the training phase, and to heal and enrich data over different driving scenarios, which can
significantly leverage the data collection efforts by utilizing available data from different vehicles. As a
result, the trained FNN estimators are generic to be widely applied to vehicles of different specifications
without much extra efforts of re-training the networks.

2.2. FNN configuration

The NN architecture plays an important role on the estimation performance. Prior studies [29–31]
proposed RNN and LSTM networks for vehicle velocity estimation. RNN and LSTM are designed to
cope with the correlation within time series in both short and long term, which is helpful to address
the dynamic behavior of the vehicle. However, due to the sophisticated structures, RNN and LSTM
generally consume more computing resources than FNN (fully connected neural networks), which can be
a roadblock for real world implementation in view of the capacity constraints of the production hardware,
particularly for main-stream vehicles. It is worth exploring the use of FNN for vehicle velocity estimation.
If the history of the input signals are appropriately incorporated into the FNN learning, it is possible that
FNN can also address the dynamic behavior of the system, as LSTM and RNN do.

With a comprehensive investigation, a FNN with 10 hidden layers and 10 neurons at each layer is
selected to estimate longitudinal velocity and lateral velocity, respectively, as shown in Figure 2.
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Figure 2. The FNN structure for vehicle longitudinal/lateral velocity estimation.

For training the network, an activation function for each neuron needs to be selected. In view that the
inputs in this application can take both positive and negative values, a Leaky rectified linear unit function
is considered for the neuron activation function, capable of carrying over both positive and negative inputs,
and performing better than the rectified linear unit. The activation function is described as [36]:

f (x) =

x, x > 0

ax, x ≤ 0
(5)

where a is the slope for negative values that has been designed by trial and error to increase the performance.
The Leaky rectified linear function has a small slope for negative values. By setting/specifying the
activation function, inputs, and number of layers and neurons, the training process starts to obtain
biases/weights of the neurons. To deal with over-fitting issue and create less complex (parsimonious)
model, L2 regularization (Ridge regression), where it drops all features with no significant impact by
adding squared magnitude of coefficient as penalty term to the loss function, has been used.

By using the generated weights and biases, the estimated vehicle longitudinal and lateral velocities
are calculated as

v̂x = f (b10,1 +w10,1

H9

∑
h=1

L9,h)

v̂y = f (b10,1 +w10,1

H9

∑
h=1

L9,h)

Li, j = f (bi, j +wi, j

Hi

∑
j=1

Li−1, j) (6)

where i ∈ [1,2, ...,9], and H1×9 = [10,10, ...,10].
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2.3. Overall ML estimation scheme

The overall structure of the proposed FNN vehicle longitudinal and lateral velocity estimation models are
shown in Figure 3. As illustrated, vehicle states include the longitudinal acceleration, wheel speeds, and
yaw rate measure with the sensors with five previous time steps of the longitudinal acceleration record as
a memory signal are fed to the network to estimate the vehicle longitudinal velocity. The longitudinal
acceleration temporal signal is added to the input feature for vehicle longitudinal velocity estimation
based on the sensitivity analysis results obtained in Section 2. The calculated weights/biases over the
training process are used to estimate the vehicle longitudinal velocity.

𝑅𝑒𝑓𝑓 ∗ 𝜔(𝑘)

𝑅𝑒𝑓𝑓 ∗ 𝜔(𝑘)

𝑚 ∗ 𝑎𝑥(𝑘)

𝑚 ∗ 𝑎𝑦(𝑘)

𝐼𝑧 ∗ 𝑟(𝑘)

𝑎𝑦 𝑘 − 𝑟 𝑘 ∗ 𝑉𝑥(𝑘)

Figure 3. Overall vehicle longitudinal/lateral velocity estimation.

Similarly, using the calculated weights and biases during the training process for lateral velocity
estimation, and the selected input vector, the lateral velocity is estimated. For lateral velocity estimation,
the longitudinal velocity input is derived from the dedicated FNN trained for vx prediction. This ensures
consistency across the estimation pipeline and avoids reliance on wheel-speed measurements, which
may be affected by slip or sensor noise. As Figure 3 illustrates, the input vector contains vehicle states
include the longitudinal and lateral accelerations, wheel speeds, steering wheel angle, yaw rate, and
longitudinal velocity with eight previous time steps of the yaw rate and lateral accelerations. The feature
subset q = 8 includes higher-order dynamics and cross-coupling terms that significantly enhance lateral
velocity estimation accuracy. Although subsets q = [2, 4, 6] represent incremental feature groups, q = 8
was highlighted due to its superior performance in both training and validation phases.

To enhance NN training performance and stability the input vector should be normalized to make sure
they are on the same scale. To do so, each input of the network is normalized by its maximum value over the
entire training dataset to make sure that all the inputs are scaled from −1 to 1. For instance, assume that the
tire radius of the vehicle used in the training dataset is R0, and the tire radius of the target vehicle, is R1. Then
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inputs corresponding to the wheel speed to the well-trained model should be re-calculated as:

inputwheelspeed =
ω

target
wheel R1

MAX training
wheel

, (7)

where the maximum wheel speed (m/s) in training dataset is MAX training
vwheel = max

(
ω

training
wheel R0

)
. The other

input features are also processed by a similar normalization approach. The normalization process scales
each feature relative to its physical limits and vehicle-dependent parameters (mass, inertia, tire radius,
and steering ratio). This physically grounded scaling ensures that signals across vehicles with different
specifications fall within the same numerical range, enabling model reuse without retraining. Furthermore,
training data were filtered using a 2nd-order Butterworth low-pass filter (10 Hz cutoff) for synchronization
with Global-Positioning-System (GPS) data. Training with unfiltered (raw) data was also tested and resulted
in only a 1.2% higher NRMS error but greater sensitivity to noise. The neuron tuning parameters (weights
and biases) are calculated by training the FNN with batch size of 203 and a maximum iteration of 1000
where it takes two hours to train (processor specification: Intel Core i7 machine, 32 GB of RAM, and a
Nvidia GeForce 670 GPU).

The GPS system used is a dual-antenna RTK-enabled unit capable of providing high-fidelity velocity
measurements. While preprocessing steps such as filtering, resampling, and segmenting were applied to
ensure data quality for training, we acknowledge that these steps introduce latency. Future work will explore
real-time implementations with lightweight preprocessing pipelines suitable for embedded deployment.

3. Dataset utilization

3.1. Main dataset

To train and test the network, both simulation data and experimental data are used. For the simulated data,
about 203 maneuvers were generated in CarSim simulation environment from three different vehicle models
including E-class SUV, C-class sedan, and Chevy Escalade. Although the dataset consists of 203 distinct
maneuvers, each sequence contains hundreds of time steps, yielding over 210,000 data samples across three
vehicles. This sample size is sufficient for neural network training and provides coverage across varying
vehicle configurations. The simulated data attempt to cover a broad range of driving scenarios under concern.
For instance, 15 Single Lane Change (SLC) maneuvers are considered including 5 tests with E-class SUV and
5 tests with C-class sedan, and 5 individual tests with Chevy Escalade. Moreover, at each test, the vehicle
initial velocity and operation speed have been changed to collect sufficient data. The total number of tests
with details are listed in Table 2 for both simulation and experimental tests.

The experimental data were mainly collected from three test vehicles, including an electric Chevrolet
Equinox AWD, a Cadillac CTS and a Cadillac ATS. The specifications of the vehicles are listed in
Table 3. The test vehicles were equipped with the required sensors such as IMU, GPS, and wheel speed
sensors. The longitudinal/lateral accelerations and yaw rate of the vehicle are measured with a 6-axis
IMU (and GPS) system RT2000 on Chevy Equinox and Cadillac CTS. The wheel speeds are measured
using the regular ABS wheel speed sensors. Measured signals are communicated using a CAN-bus, and
the sampling frequency for the experiment is fixed to 200 Hz.
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Table 2. Test scenarios.

Maneuvers Number of tests Driven speeds [kph]

Low speed DLC dry road 15 10,20,30,40,45

Low speed DLC icy road 17 10,20,30,40,45,48,52,57

High speed DLC dry road 15 50,55,59,60,70

High speed DLC wet road 11 120,130

Tight DLC dry road 18 20,25,30,35,37,40,42,45,47

Tight DLC wet road 10 85

Tight DLC icy road 13 15,20,25,30,33

Low speed step steer (SS) 25 10,20,30,40,45

High speed step steer 16 60,80,90,100,100,110,120

Low speed sine wave (SW) 14 20,30,40,50

High speed sine wave 16 60,70,80,90,100,110,120

Parking steer 4 -

Roundabout 1 -

Highway merge 5 90,100,110,115,120

Loop road road on flat road 6 10,05,30,40,50

Low speed DLC on road with 17% grade angle 6 10,20,30,40,50,60

High speed DLC on road with 17% grade angle 7 70,80,90,100,110,120,130

Loop road with 17% grade angle 4 15,25,35,45,55

Table 3. Test vehicle specifications.

Parameters E-class sedan E-class SUV Equinox

Vehicle’s mass [kg] 1800 2249 2270

Vehicle yaw moment of inertia [kg.m²] 2587 5657 4605

CG to front axle [m] 1.18 1.4 1.42

CG to rear axle [m] 1.35 1.7 1.44

Front axle length [m] 1.56 1.7 1.62

Effective tire radius [m] 0.34 0.38 0.34

As mentioned, to train/test the network, the input vector needs to be first normalized to have the same
magnitude. Moreover, experimental signals are pre-processed (filtered, resampled, and segmented) to make
sure that the data are clean enough and have the same sampling rate when being fed into feed the network.

The dataset was sampled at a frequency of 100 Hz, corresponding to a time step of 0.01 seconds. This
resolution ensures sufficient temporal granularity for capturing transient vehicle dynamics during both nominal
and aggressive maneuvers. As shown in Table 2, different maneuvers have been covered to train/test the
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network including SLC, Double Lane Change (DLC), sine shape steer, random steer, Step Steer (SS), and
full turn maneuvers. 90% of the collected data are used to train the network (training dataset) while 10%
of them are utilized to test the network (testing dataset). The simulation and experimental results of the
vehicle longitudinal and lateral velocity estimators are illustrated in next section.

4. Results and discussion

The presented vehicle longitudinal and lateral velocity estimation algorithms are tested and validated by
both simulation and experimental studies. Some sample driving scenarios which generally pose challenges
for velocity estimation with conventional model-based approaches are particularly selected for the studies.

4.1. Simulation studies

4.1.1. Test results for longitudinal vehicle velocity estimation

To examine the performance of the proposed longitudinal velocity estimator, several maneuvers including
sine wave, slalom, and double lane change maneuvers have been considered. The results are illustrated in
Figures 4 and 5.

Figure 4 shows a test scenario where the test vehicle E-class SUV was operated with multiple sine
wave and slalom driving maneuvers, it can be observed that the estimated longitudinal velocity with the
proposed FNN based algorithm matches well with the GPS ground true value. The estimation error in
terms of NRMS is only 1.74 % out of the ground truth.

Figure 5 illustrates another challenging scenario where wheel flare occurs from t = 2.9 s to t = 5 s
when a harsh and tight sine wave maneuver is conducted. Model based observers generally fail or generate
poor estimates under this kind of scenario However, the proposed FNN based algorithm still handles this
test scenario very well. The estimation error is only around 1.82% in terms of NRMS.
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Figure 4. FNN based vehicle longitudinal velocity estimation test results for multiple
sine wave and slalom maneuvers: (a) Vehicle wheel speeds; (b) Yaw rate; (c) Longitudinal
velocity estimation; (d) Estimation error.
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Figure 5. FNN based vehicle longitudinal velocity estimation test results for a double
lane change and harsh sine wave maneuvers: (a) Vehicle wheel speeds; (b) Yaw rate;
(c) Longitudinal velocity estimation; (d) Estimation error.

4.1.2. Test results for lateral vehicle velocity estimation

Given lateral velocity estimation is challenging for combined slip maneuvers for model-based observers,
a harsh DLC maneuver with acceleration in turn tests, as shown in Figure 6, is considered to examine the
performance of the designed FNN lateral velocity estimator. It can be seen from the FNN results that the
accuracy of the design network is acceptable.

It is worth mentioning that in the test results shown in Figure 6, the wheels exhibit differential slip
ratios, which presents a challenging estimation scenario. While such conditions are not uncommon, they
remain difficult for many model-based approaches due to sensitivity to tire force modeling and parameter
uncertainties [37,38]. The test results shown in Figure 6 contain wheels with combined slip conditions
(Figure 6a from t = 9 s to t = 11.9 s). As can be seen in the Figure 6d, the NRMS of the lateral velocity
estimation error is 5.09 percent out of the actual lateral velocity. Therefore, non-model-based approaches
such as ML-based approaches have high potential for vehicle lateral estimation in harsh maneuvers.
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Figure 6. FNN based vehicle lateral velocity estimation test results for a DLC and
acceleration in turn maneuvers: (a) Vehicle wheel speeds; (b) Yaw rate; (c) Long/Lateral
accelerations; (d) Vehicle lateral velocity estimation; (e) Estimation error.
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4.1.3. Generalization to unseen vehicle

To evaluate the generalizability of the proposed FNN-based estimator, tests were conducted on three
unseen vehicles—a mid-size sedan, a compact SUV, and a pickup truck—none of which were included in
training. Each vehicle performed a double lane-change maneuver at approximately 60 km/h, inducing
significant longitudinal and lateral dynamics. The mean normalized RMSE across the three vehicles was
4.9% ± 0.7% for longitudinal velocity and 7.6% ± 1.0% for lateral velocity, consistent with results on
the training set. Slight steady-state offsets observed in lateral velocity estimates are attributed to small
sensor biases and lack of per-vehicle calibration, to be addressed in future work via bias compensation.

4.2. Experimental validation

One of the key challenges of machine learning based algorithms is that they are computationally expensive
and sometimes causes issues for real-time implementation. To check the real time implementation
capability of the proposed method, the longitudinal and lateral velocity estimation algorithms were
implemented on a test vehicle. The test vehicle is an electrified Buick Enclave sport utility vehicle (SUV)
fully loaded with tire force sensors, ABS sensor, GPS, Lidar, and Cameras as shown in Figure 7. As the
vehicle is electrified, the driving and braking torque on each wheel as well as the wheel speeds at each
corner are measurable. Each motor has up to ± 2100Nm and an ABS module is available on this vehicle.
The longitudinal acceleration (Ax), lateral acceleration (Ay), and yaw rate (r) are measured with a 6-axis
IMU (and GPS) system RT2000. The overall real-time implementation procedure (how to create the input
vectors) are illustrated in Figure 7.

Ground truth

Wheel speed

Steering angle

Long/Lat acc

Yaw rate

CAN bus

ABS

Input vector

Long/Lat velocity

Normalization

Zero order hold

Trained DNN

ML algorithm 
for Vx estimation

Performance 
analysis

GPS

Vx/Vy estimators

ML algorithm 
for Vy estimation

�𝑣𝑣𝑥𝑥

�𝑣𝑣𝑦𝑦

𝑣𝑣𝑥𝑥,𝑣𝑣𝑦𝑦

Figure 7. Real time implementation for Vx and Vy estimations.

4.2.1. Test results for longitudinal velocity estimation

A long-looped road test (University of Waterloo Ring Road) was conducted to evaluate the accuracy of
the designed FNN. The driver was instructed to drive the vehicle at the maximum allowable speed on the
ring road, but due to the presence of five stop signs, the driver had to reduce speed and stop the vehicle
several times. The vehicle path, states, and estimated longitudinal velocity for the long-looped road test
are shown in Figure 8.
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Figure 8. FNN based vehicle longitudinal velocity estimation test results for a long
looped road test: (a) Vehicle path (b) Vehicle wheel speeds; (c) Yaw rate; (d) Vehicle
longitudinal velocity estimation; (e) Vehicle lateral velocity estimation-experimental test.

As can be seen in the results shown in Figure 8d, the proposed FNN based longitudinal velocity
estimator can accurately estimate the vehicle longitudinal velocity in both longitudinal acceleration and
deceleration conditions. Moreover, since the history of the signals are incorporated into the designed
algorithm, the sudden sparks in the wheel speed signals (Figure 8c @ t = 14 and t = 35.8) do not cause
large error in the estimator.

4.2.2. Test results for lateral vehicle velocity estimation

A rectangle loop maneuver (four step steer) at our test field is considered. The test (shown in Figure 9) was
intended to excite the lateral motion of the vehicle as much as possible to push the vehicle into the challenging
non-linear zone. In Figure 9, the lateral velocity estimation error between 15 s and 20 s corresponds to
a sharp maneuver with high slip ratios. Such conditions are known to challenge both model-based and
data-driven estimators [22,23]. During these high-slip scenarios, increased sensor noise and tire saturation
contribute to transient estimation spikes. Similar error trends are reported in [20,21], confirming that such
discrepancies are characteristic of all data-driven estimators under slip ratios exceeding 15%. Although
the sideslip angle during the 15–20 s interval remains below 2.5°, the rapid transient dynamics and tire
slip transitions challenge the estimator’s precision. Similar behavior has been reported in [22,23], where
even advanced neural estimators exhibit localized error spikes under comparable conditions.
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Figure 9. FNN based vehicle lateral velocity estimation test results for a multiple step
steer maneuvers: (a) Vehicle wheel speeds; (b) Long/Lateral acceleration; (c) Yaw rate;
(d,e) Vehicle Long/Lat velocity estimation-experimental test.

As can be seen in Figure 9, the proposed algorithm is repeatable and there are no wind-up errors
(error accumulation) in the result, which is usually a concern when historical signals are used in the
input vector of the seen neural network. It should be noted that a temporal offset exists between the
measured yaw rate and the measured lateral velocity signals on raw data before synchronization. This
offset originates from sensor-level timing differences between the IMU-based yaw rate and the GPS-based
lateral velocity measurements used as reference, rather than from the proposed estimation method. The
estimated lateral velocity remains synchronized with its corresponding measured signal, and the observed
offset does not affect training or evaluation consistency.

Remark 2: Given the experimental test results, the FNN approach can run efficiently in real-time on
the targeted ECU and has the acceptable accuracy even for the cases that large slip ratio occurs to the
driven wheel.

4.3. Comparison with other approaches

In this study, the proposed FNN-based vehicle longitudinal/lateral velocity estimators are also compared
with both model-based estimators and RNN based estimators for further verification. For model-based
estimation approaches, we implemented the one presented in [35], which demonstrated overall better
performance than many other model-based velocity estimators. For RNN based estimators, a ten hidden
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layer RNN, with the similar architecture as the proposed FNN approach in Figure 2, is selected, trained,
and tested for estimating the vehicle longitudinal and lateral velocities by considering the same input
vector as presented in Equations (3) and (4).

To compare the performance of the proposed FNN based with the model-based observer (OBS) and
RNN based approaches, an experimental test, involving a DLC and a SS maneuver, was considered. The
estimation errors in terms of NRMS [23] for each type of approaches (FNN, OBS, and RNN) are shown
in Table 4.

Based on the test results, it can be observed that the FNN method has a much faster error convergence
rate compared to the model-based approach. In fact, there is almost no settling time for the FNN method
since its output is calculated by multiplying the weights by the inputs. Additionally, the estimation error
for the FNN method is almost 1.5% lower than that of the model based estimator. The model-based
approach estimation error tends to increase for harsh maneuvers as the linearity assumptions are violated.
However, the estimation error for the FNN based estimator will not increase for harsh maneuvers if the
training dataset is rich enough and contains adequate data for such scenarios. Comparing the dynamic
system model-based with the FNN approach, it can be concluded that the FNN approach improves the
accuracy especially in cases where a large slip ratio occurs to the driven wheel, where the model-based
approach reports less accuracy due to the utilization of wheel dynamics. It is worth noting that the accuracy
is achieved without any additional cost, given the on-board sensor setting considered in the study.

Moreover, to compare the method with other existing ML architectures, As illustrated in Table 4, the
RNN and FNN approaches have almost the same scale of estimation errors. Both approaches also have
the similar algorithm inference time efficient enough for real time implementation. Similarly, CNN and
GRU models performance have been studied given the generated dataset explained in Section II. CNN and
GRU models achieve comparable NRMS accuracy but require roughly 35%–50% higher inference latency
and parameter count. The proposed FNN provides nearly equivalent estimation precision with simpler
architecture and lower computational load, confirming its suitability for real-time ECU deployment.

However, the FNN is much easier to implement in terms of architecture and has relatively less
computational cost than RNN. On average, the RNN takes 2.5 hours to train while the FNN takes 2 hours
to train. Therefore, the proposed FNN method is recommended for estimating the vehicle longitudinal
and lateral velocities.

The vehicle longitudinal and lateral estimation results show that the FNN algorithm is generic, and
if the vehicle specifications change, the algorithm can still estimate the vehicle longitudinal and lateral
velocities since there were a few test data of the test vehicle (Buick Enclave) include in the training dataset
(1.97%—4 out of 203).

To summarize, while both the model-based and ML-based approaches are capable of estimating
vehicle longitudinal and lateral velocities accurately, the FNN approach has shown to have a lower error
percentage compared to the dynamic system model-based approach. Furthermore, the FNN approach
has the potential to further improve estimation accuracy with a more comprehensive dataset that contains
additional vehicle configuration information. Therefore, the FNN approach appears to be a more promising
solution for estimating vehicle longitudinal and lateral velocities than the model-based approach.
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Table 4. NRMS of the errors for the dynamic system model-based and the FNN
vehicle longitudinal and lateral velocity estimators.

Estimation Technique DLC vvvxxx Est [%] DLC vvvyyy Est [%] SS vvvxxx Est [%] SS vvvyyy Est [%]

OBS 2.41 6.54 2.58 7.41

FNN 2.54 5.44 2.43 6.24

RNN 2.91 5.87 2.1 6.01

4.4. Limitations and future work

An ablation study was performed to examine network depth and neuron count. Networks with 4–12 layers
and 5–20 neurons per layer were tested; beyond 10 × 10 configuration, NRMS improvement was marginal
(< 0.3%), while smaller networks increased error by 6%–9%. Therefore, the chosen architecture provides
an optimal trade-off between accuracy and computational efficiency. While the proposed multi-layer FNN
estimators demonstrate strong performance across a range of driving scenarios and vehicle configurations,
several limitations remain that warrant further investigation:

• Overfitting risks are currently mitigated using L2 regularization and dropout, yet the complexity
of the architecture suggests that further ablation studies are needed. These would help isolate
the most critical components of the model and identify opportunities for simplification without
sacrificing accurac y. Alternative regularization strategies, such as early stopping or ensemble
methods, may also be explored to enhance generalization.

• Sensor noise remains a challenge, particularly in real-world deployments where input signals
such as accelerations, yaw rate, and wheel speeds are subject to drift and interference. Although
the model performs well under nominal conditions, future work will focus on noise-robust training
techniques. This includes data augmentation with synthetic noise, sensor fusion approaches, and the
integration of filtering mechanisms like Kalman or particle filters to improve resilience and reliability.

• Hyperparameter choices—including the use of 10 hidden layers, Leaky ReLU activations, and
fixed neuron counts—were selected empirically. While effective in initial trials, this approach may
not yield optimal configurations across all vehicle types and driving conditions. A more systematic
optimization strategy using grid search, Bayesian methods, or evolutionary algorithms will be
pursued to fine-tune the architecture for both performance and efficiency.

• The current FNN architecture does not explicitly model temporal dependencies, relying instead
on embedded historical inputs to capture short-term dynamics. This may limit its ability to learn
long-range temporal patterns, especially in maneuvers involving delayed responses or cumulative
effects. Hybrid models that combine FNNs with recurrent structures such as RNNs or LSTMs will
be explored to better capture sequential behavior while maintaining computational feasibility.

• Although the normalization strategy enables generalization across multiple vehicle platforms, the
training dataset may not fully represent edge cases such as off-road conditions, extreme weather,
or highly customized vehicle configurations. Expanding the dataset to include such scenarios and
validating the model’s robustness under these conditions will be essential for broader applicability.
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• Real-time deployment on production-grade embedded systems introduces constraints related to
processing power and memory. While the current estimators have been validated on high-performance
platforms, further work is needed to compress and optimize the models for real-time inference.
Techniques such as pruning, quantization, and knowledge distillation will be considered to ensure
compatibility with automotive-grade hardware.

5. Conclusion

This paper presented two generic FNN based vehicle velocity estimators to estimate longitudinal and
lateral velocities, respectively. The generic character of the estimators is achieved by ingeniously
incorporating vehicle parameters into the NN input feature formulation, which makes it possible for
the proposed velocity estimators to be widely applied to vehicles of different specifications without the
need of re-training the NNs. Simulation and experimental results demonstrate that the proposed FNN
algorithms can provide accurate estimation in various challenging scenarios and are robust to the changes
of vehicle specifications. In the future work, the database will be further enriched with more driving
scenarios. With a comprehensive dataset, the proposed algorithms should be able to achieve higher
estimation accuracy.
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