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Abstract: The lateral aspects of railway vehicle wheelset have a significant impact on railway wheelset dynamic 

systems. Lateral analysis usually causes wheelset slippage from the track resulting insufficient adhesion which can 

lead to creep. Significant disturbances are mostly caused in lateral direction due to speed. This paper uses the dual 

Kalman filter strategy to deal with noise issues and thus minimizes the error ratio during observation. A single Kalman 

filter reduces errors to a minimum extent while the second estimator decreases the maximum available chance of 

error. Using a third estimator provides no further improvement over the dual Kalman filter implementation. 
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Introduction 

Unsafe wheel loading or lateral force can be 

compensated by reducing track irregularities. However 

very large wheel loads or lateral forces are caused by 

such short wavelength track irregularities which cannot 

be detected by track inspection cars. Moreover these 

large wheel loads or lateral forces are more likely to 

occur at higher speeds. Hence, high speed train 

operations require enhanced track maintenance [1,2]. In 

addition, different vehicle types will incur different wheel 

loads or lateral forces from irregularities on an single 

track, making it important to accurately identify actual 

wheel loads and lateral forces generated by vehicles even 

at such a short wavelength [3,4]. 

The lateral wheelset displacement of high speed 

railway vehicles can cause vibrations with large domain 

that define vehicle lateral instability in a phenomenon 

called hunting. Bifurcation analysis is commonly used to 

describe stability. To ensure vehicle safety and minimize 

track component deterioration, estimating wheel load 

and lateral force requires the identification of values that 

deviate from prescribed thresholds and the locations of 

these various values [5,6]. 

Current anti-slip protection/control schemes focus 

on assessing wheel slip or slide and can be used to 

address the problem only after a wheel slip has occurred. 

There are no preventative measures that could stop 

wheel spinning (or brake locking). Keeping tractive effort 

below the adhesion level on the track would require 

reliable and real-time information of contact conditions 

[7,8]. The present study develops a practical method for 

real-time estimation of the wheel-track contact 

condition/adhesion. A previous study attempted to filter 

the creep coefficient at different rail-wheel contacts and 

their results are used here as an indirect indicator of 

adhesion [9,10]. 

Contact mechanics are highly non-linear in nature 

and are subject to large variations due to condition 

changes at point of contact between wheel and rail. The 

use of a single estimator, based on a linear (or linearized) 

model will have difficulty covering all possible operating 

conditions and account for all uncertainties [11,12]. This 

study designs a set of Kalman filters based on models 

linearized at different operating points on a creep curve, 

each of which is tuned to provide the best estimation for 

its specific conditions [13,14].  

The rotational and longitudinal dynamics of a 

wheelset were considered and the effect of the interface 

condition on relevant zones is carefully estimated. Single 

Kalman filters are used to estimate the changes in 
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contact conditions based on torsional vibrations. Charles 

and Goodall estimated low adhesion between wheel and 

rail using vehicle responses to lateral track irregularities 

[15,16]. Multiple Kalman filters are used to estimate the 

states at different points of the creep curve. The 

proposed scheme offers a number of benefits that are 

not possible with the current direct measurement based 

detection/prediction techniques [9,10]. Different 

numbers of localized Kalman estimators can be 

implemented to filter the dynamic parameters in all 

possible operating conditions.  

One of the proposed methods detects the wheel 

slip indirectly from the wheelset dynamic changes 

caused by wheelsets operating in unstable regions with 

non-linear contact characteristics as a consequence of 

wheel slip. The second method estimates the contact 

force saturation and identifies the maximum adhesion 

using a model-based technique that involves the use of 

multiple Kalman filters [17, 18]. 

In this paper the lateral rail-wheel dynamics are 

discussed and modeled mathematically. Simulations are 

performed in Matlab using a dual Kalman filter to 

estimate corresponding errors. 

Rail-wheel dynamics in lateral mode 

Variables for lateral analysis of railway dynamics 

include motion, speed and acceleration: 

 r)/2L.( - =)/2LV + (V =y ggRL   (1) 

This describes the lateral motion consisting of the 

velocity of the right and left wheels, L g= gauge length of 
wheel to axle,  = angular speed, and r =difference 

of radius 
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This describes yaw velocity   
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These are the state space equations in matrix form. 

Simulated Results 

Figure 1 shows the railway wheelset lateral analysis 

in terms of motion, velocity and acceleration. Input 

sensors are used to measure the disturbance impact on 

the railway wheelset model in terms of lateral motion, 

speed and acceleration through three individual Kalman 

filters. The resulting residual generation provides outputs 

in the form of error identification for each lateral 

parameter according to the three estimators.  

Simulations results are classified according to three 

lateral aspects derived using the three different 

estimators. The three estimators are shown in blue while 

errors are shown in green in subsequent sections.  

 

Figure 1. Block diagram for wheelset lateral analysis. 

Lateral motion estimation 

In Fig. 2, the disturbance for lateral motion is 

estimated using estimator-1 of the Kalman filter The 

estimated signals overlap the error present in the 

running system. The error ratio exceeds the estimated 

values only at the signal peaks. The lateral motion varies 

from -0.023 mm to 0.02 mm within total duration of 10 

seconds. Errors are found to be more abundant in the 
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middle than that of estimated signals at corners. 

As shown in Fig. 3, when the second filter is 

applied to overcome the lateral motion disturbance, the 

error ratio is exceeded by the estimated signals in 

comparison to the estimator-1 used in the previous 

tuning (Fig-1). Here the estimated signals are scattered 

by peaks from -0.02 to 0.023 mm of lateral motion while 

the error is limited between -0.015 and 0.013 mm on the 

vertical scale within a total duration of 10 seconds.  

This shows that this is the last stage, and no 

vacancies remain for applying additional estimators to 

further decrease the error ratio. 

In Fig. 5, error values are scattered among the 

estimated signals obtained by estimator-2 for the 

wheelset’s lateral velocity. The error ratios peak from 

-2.6 to 2.8 mm/sec on the vertical axis, while the 

estimated signals are limited between -0.3 to 0.3 mm/sec 

during the prescribed 10 second duration. This shows 

that filtering lateral velocity by an additional estimator 

produces a large error ratio. 

 
Figure 4. Lateral speed by Kalman estimator-1 with associated error.

Figure 2. Lateral motion estimation by Kalman filter-1 with associated 

error. 

Figure 3. Lateral motion estimation by Kalman filter-2 with associated 
error.      

Figure 4 shows the lateral velocity of the railway 

wheelset model, where signals achieved by estimator-1 

scatter the minor error ratio.  

Here the filtered lateral velocity value touches the 

borders from -0.32 to 0.35 mm/sec on the vertical plane 

over a 10 second duration. The error ratio is 

approximately 0 in terms of the lateral speed of the 

wheelset and then increases after 8 seconds with minor 

disturbances up to the 10 second limit. 

  

 
Figure 5. Lateral speed by kalman estimator-2 and procured error. 

Lateral acceleration estimation 

In Fig. 6, the lateral acceleration is filtered by 

Kalman filter-1, where the estimated signals are less 

abundant ranging from -0.01 to 0.01 mm/sec2 on the 

vertical side of the lateral acceleration within the fixed 10 

second duration. The error ratio abundantly ranges from 

-0.32 to 0.35 mm/sec2 on the vertical scale of lateral 

acceleration [19]. 

In Fig. 7, the second Kalman estimator is used to 

filter noise during the lateral acceleration of a railway 
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wheelset against available errors. Here the estimated 

signals compete against the error values but peak heights 

for errors are only slightly higher than those of the 

estimated ratio in the range of -0.35 to 0.32 mm/sec2.  

 
Figure 6. Lateral acceleration by Kalman filter-2 and associated error. 

 

Figure 7. Lateral acceleration of wheels by Kalman filter-2 and 
associated error. 

Fig-8 shows a 3D diagram of the lateral error values 
for the whole railway model system with their resulting 
segments. Lateral error-1 is scaled on the X-axis ranging  

from 0 to 1 in increments of 0.1 while the Y-plane 

displays lateral error-2 from 0 to 1 in increments of 0.2 at 

0 of both X and planes through blue and yellow strips. 

The Z axis is shown as a vector of these two planes for 

segments ranging from 1 to -60, -40, -20 and 0. This 

surface diagram is drawn using fuzzy logic.  

Conclusion 

This paper discusses the lateral dynamics of railway 
vehicle wheelsets for mathematical modeling. The lateral 
analysis covers movement, velocity and acceleration due 
to the running position of the railway wheelset.  

 
Figure 8. Surface 3D diagram by fuzzy inference for two lateral errors. 

 

Simulations are run using the proposed model 

through Kalman filters to estimate signal disturbance 

with respect to actual (simulated) signals. Two Kalman 

filters are used to filter noise. One estimator measures 

the minimum error ratio while the second estimator 

computes the maximum error value caused by the 

generated noise.  

Simulation results indicate that the lateral motion 

as estimated by Kalman filter-1 produces a higher error 

ratio that of estimated signals. But when estimator-2 is 

applied to check the result, the error ratio is lower than 

that measured by the estimated signal. The noise 

associated with lateral speed is totally different from that 

of lateral movement. When Kalman filter-1 is applied to 

lateral velocity, it yielded a much lower error ratio 

between -0.01 to 0.01 mm/sec. But using a second 

estimator produces markedly different behavior with a 

less dense estimated error ratio between -0.3 to 0.3 

mm/sec with a higher error ratio. For lateral acceleration, 

the estimated signals wrap the zero axis with a thinner 

ratio covered by a very large error ratio. When Kalman 

filter-2 is applied, the condition changes to provide near 

parity between the estimated value and error ratio. 

Hence it can be postulated that the error ratio is 

enhanced whenever the simple ratio of lateral motion is 

rated with respect to time to become the lateral velocity. 

When this lateral velocity is rated with time, it become 

lateral acceleration. For the purposes of estimation, the 

simulated result of the lateral motion estimated by 

Kalman filter-2 is similar to that of acceleration obtained 

by estimator-2. The estimated value by Kalman filter-1 

strongly resembles that of acceleration by estimator-1. 

The lateral speed estimated by filter-2 has a dense value 

of estimated numbers around zero. Hence only lateral 

speed obtained by the dual estimator has a higher error 

with lower estimated signals near zero with lateral 

acceleration by estimator-1. Furthermore, applying the 

third Kalman filter does not improve on the results of 

dual-Kalman filtering, and is thus not included here. 
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