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Full network identification – full measurement
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• Derivation of one-step-ahead predictor, and general estimator[1]

• Multistep method in (discrete) time domain [1]

• Frequency domain method in continuous-time (and discrete-time) [2]

[1] Kivits & PVdH (TAC-2023)
[2] Liang et al. (ECC-2025)
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Full network identification: 
time-domain method – discrete-time
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[1] besides the standard conditions in prediction error methods convergence, according to Ljung (1999)
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Full network identification: 
multistep algorithm
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Stepwise procedure:

Multistep time-domain (ARMAX) approach:

[1] Galrinho, Rojas & Hjalmarsson (TAC-2019), WNSF
[2] Weerts et al., (IFAC-2018), SLS
[3] Fonken et al. (Automatica-2022), Multistep LS
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Step 1: High-order ARX model
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Step 2: Map high-order ARX model to a structured DCN model
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Step 3: Iteratively improve on the DCN estimate through WNSF
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Step 4: Obtain the noise model
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Consistency and minimum variance properties of the WNSF algorithm follow
from its original derivation in Galrinho et al. (2019).

Here, the reasoning has been adapted to the particular situation of DCN networks
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Full network identification: 
multistep algorithm – simulation example
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[1] Galrinho, Rojas & Hjalmarsson (TAC-2019), WNSF
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Simulation example 
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Continuous-time and discrete time models



Continuous-time and discrete-time models
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Continuous-time and discrete-time models
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Full network identification: 
f-domain method – continuous-time



Frequency-domain approach
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Noise covariance:

DFT



Three-step identification algorithm

32

Step 1: non-parametric identification
Estimate frequency response function              and noise covariance            

Step 2: structured polynomial matrix identification
Fit a structured polynomial model to the estimated f-response through a 

constrained iterative weighted least squares optimization

Step 3: reduce bias with structured MLE estimation
Use estimated results as an initial estimate for the sample maximum 

likelihood estimator by an iterative GN algorithm.



Step 1: non-parametric estimation
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Apply the local polynomial method[1] to estimate            and
on the basis of measurement data            and  
with    varying over the frequency grid.

[1] Pintelon and Schoukens, 2012.



Create ``noisefree’’ data’ according to

Step 2: Structured polynomial model
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Transform             to 

and solve for: 

iteratively through a SK-iteration

where                 is parametrized symmetrically, and non-monic. 

Estimated parameters can directly be linked to physical component values. 



Use the estimates from Step 2: 

Step 3: Refinement step
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as initial estimates  for the sample maximum likelihood estimator (SMLE),
to obtain consistent and efficient parameter estimates:

Problem is non-convex, solved by an iterative Gauss-Newton algorithm. 
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Simulation Example
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Each set of experiments includes 100 
Monte Carlo (MC) runs with 
independent excitation and noise signals.
Model order:

Experiment 1
Consistent parameter estimation
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Each set of experiments includes 100 
Monte Carlo (MC) runs with 
independent excitation and noise signals.
Model order:

Experiment 1
Consistent parameter estimation

MC = 100

white noise entering all nodes

white noise excitation entering 
node 3

10-node network
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Experiment 2
Fault detection and diagnosis

Model order: 

white noise excitation entering 
node 3
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Open circuit: R45, L56
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MC = 50

Defect model：
Open circuit: R45,L56 
Dynamic changes: 
R13,R36,R89,L25

healthy faulty estim
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MC = 50

Defect model：
Open circuit: R45,L56 
Dynamic changes: 
R13,R36,R89,L25

The open circuit and dynamic 
changes can be correctly 
detected and diagnosed in a  
complex full network case.

healthy faulty estim



• Attractive algorithm for estimating component values in a physical 
network

Conclusions 
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• Continuous-time domain prevents use of model transformation 
CT-DT

• Computationally feasible

• Can be extended to the situation of estimating subnetworks / 
individual links[1]

[1] Desen Liang et al., ArXiv:2410.18773, 2024.



Summary full network identification

• Algorithms presented for the full measurement case 

• Methods for both time-domain and f-domain methods

• Multistep methods as alternative for highly complex nonconvex optimizations

• Both multistep methods are available in the SYSDYNET app/toolbox

• Next step is the step towards partial measurement / subnetworks
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The end
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