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Background 

• Dynamic Data-Driven Application Systems (DDDAS) aim to correct and 

update mathematical models in real-time, by constantly processing data 

obtained from the real system or related simulations. 

 

• A suspension system’s behaviour can vary in time due to material 

degradation, deformations, etc., which can affect the suspension system’s 

performance in time. 

 

• It is hence crucial to update the parameters of the mathematical model 

taking these changes into account.  

 

• We propose a DDDAS approach based on tensor factorization applied to 

electric vehicles’ active suspension systems. 

 

• Tensor factorization is an excellent tool for learning the underlying physics of 

collected data. 
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The ROM algorithm 



Twinkle – https://github.com/caeliaITAINNOVA/Twinkle 

Reduced order models (ROM) are mathematical tools for system simplification 

where only relevant information is taken into account. 

 

Performing ROMs becomes necessary when big amount of data need to be 

handled and/or the physics behind the system is unknown. 

 

Twinkle allows approximating structured, sparse or unstructured multi-dimensional 

data as a sum of products of one-dimensional functions. 
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Twinkle – https://github.com/caeliaITAINNOVA/Twinkle 

Twinkle allows approximating structured, sparse or unstructured multi-dimensional 

data as a sum of products of one-dimensional functions. 

The ROM result is computed by minimizing the 

quadratic error. 

T  Number of terms of the approximation 

D  Number of independent dimensions of the system 
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N  Number of pairs (vn, Ψn), data to be approximated 



Twinkle – https://github.com/caeliaITAINNOVA/Twinkle 
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The first term represents a 

first approximation of the 

system, while next terms are 

corrections to it. 



Suspension systems 



A simple model – Model description 

We have considered a first set of data 

where C=const. and the other inputs 

are functions of time. 

where A, w and shift are random 

numbers. 

The force F is also randomly set to 

Where both A and a are random 

numbers. 
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A simple model – Setting the ROM parameters 

50 random cases were generated, each of them of 20” a precision of 0.01” and a 

sampling frequency of 0.1”, for a total of 9900 points. 

Three ROM were computed on the whole dataset, selecting 3, 5 and incremental 

interpolation points for each input variable. 

 

Input parameters: m(t), k(t), F(t), x(t-1), x(t-2) 

Output parameter: x 
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A simple model – Training the ROM 

The ROM trained with the whole dataset looked like the following: 
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A simple model – Why introducing dynamics? 

Input parameters: m(t), k(t), F(t), x(t-1), x(t-2) 

Output parameter: x 
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Without x(t-1), x(t-2) With x(t-1), x(t-2) 



A simple model – Testing the ROM 

The ROM computed before was tested 

with the new dataset. 

• New data are constantly generated by a 

dynamic system. 

• New data could differ very little from training 

data (small system’s variations over time). 

• New data could be very different from training 

data, hence we would like to catch these 

deviations “real time”. 
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A simple model – Results without DDDAS approach 

* not measured: evaluated by the ROM obtained with the training dataset 

 

Test data were divided into subsets of about 200 points. 

The evaluation of the ROM on the first test dataset gave the following result: 

The system changes over time: 

a DDDAS strategy needs to be implemented. 

Input parameters: m(t), k(t), F(t), x(t-1)*, x(t-2)* 

Output parameter: x 
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The strategy 



A DDDAS strategy 

Training data 

Initial ROM 

Incremental 

ROM step 1 

Test data 

Incremental 

ROM step 2 

Incremental 

ROM step n 

ROM obtained from previous step 

is used to generate new data by calculating predicted  

values at each discretization grid point (three points were 

used for a total of 35 grid points). 

New data coming from following steps are merged with grid 

data, with new data having a O(102) bigger weighting factor 

in the minimization of the quadratic error than test data. 
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Results 



Step 1 – Results with DDDAS approach 

* not measured: evaluated by the ROM obtained with the training dataset 

 

The evaluation of the ROM on the first test dataset gave the following result 

when the DDDAS approach was used: 

Input parameters: m(t), k(t), F(t), x(t-1)*, x(t-2)* 

Output parameter: x 
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Step 2 – Results with DDDAS approach 

* not measured: evaluated by the ROM obtained with the training dataset 

 

The evaluation of the ROM on the second test dataset gave the following result 

when the DDDAS approach was used: 

Input parameters: m(t), k(t), F(t), x(t-1)*, x(t-2)* 

Output parameter: x 

Repeat for step 3 
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Conclusions 



Conclusions – System’s variation considerations 

As seen before: 

• New data could differ very little from training data (small system’s variations 

in time). 

• New data could be very different from training data, hence we would like to 

catch these deviations “real time”. 

 

Step 2 data introduced big system variations, but it is possible to readjust the 

ROM “real time” by properly setting the weighting factors to take these 

changes into account. 
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Each time the ROM is updated 

with the introduction of new 

data, the shape functions and 

terms weights will update too. 



Conclusions – Algorithm considerations 

Twinkle library is a ROM algorithm that allows preserving the physics of the 

system by keeping each parameter’s influence in the shape functions’ structure. 

m 

[t] 

k  

[N/mm] 

F 

[N] 

x(t-1)  

[mm] 

x(t-2) 

[mm] 

•  α weights give each term a 

specific relevance in the outcome. 

• By looking at the shape functions 

one can estimate the influence of 

each parameter on the output 

variable. 
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