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Synchronisation and Data Assimilation

Synchronisation phenomenon

Figure 1: A drawing by Christiaan Huygens of his experiment in
1665.

Data assimilation aims to synchronise the model evolution
with the true evolution of the system, finding the best
estimate of the state evolution and its uncertainty.
Coupling is unidirectional, from the truth to the model,
and incomplete, as observations are typically sparse and
contain errors.
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Motivation

−−→ High-dimension nonlinear DA

−−→ Particle Filters

−−→ Proposal density freedom

Synchronisation
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Synchronisation

Synchronisation framework

dx(t)
dt

= f (x(t)) + g∂S(x(t))
∂x(t)

†
(Y (t)− S(t)) (1)

where g is a coupling constant, which is a tuning parameter,
and f (x(t)) is the nonlinear model (Rey et al (2014)).

Time embeddings (DE):

(both vectors ∈ <DE∗Dy)
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Synchronisation

Jacobian matrix ∂S(x(t))
∂x(t) : of size (DE ∗ Dy)× Dx .

∂S(x(t))
∂x(t)

†
→ SVD

- Issue: Construction of the Jacobian matrix requires
propagation of a Dx × Dx matrix.
This is prohibitively expensive for high-dimensional
systems.
- Solution: construct the Jacobian matrix through an
ensemble approximation.
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Ensemble-based synchronisation

Ensemble synchronisation framework

Generate an ensemble of i initial states;

Form the initial ensemble perturbation matrix:

X(0)i = x(0)i − x̄(0) (2)

a Dx × Nens matrix;
Propagate forward in time each ensemble member for τ
time steps and form the ensemble perturbation matrix:

X(τ)i = x(τ)i − x̄(τ) (3)

with the same dimension as X(0);
Generate the augmented (DE ∗ Dy)-dimensional vectors S
and Y (the states in S are the ensemble means);



Introduction Motivation Methodology Experiments and results Particle Filter and Synch Conclusions

Ensemble-based synchronisation

After some maths, the pseudoinverse can be calculated as:

∂S(x(t))
∂x(t)

†
= X(0)


(HX(0))
(HX(τ))

...
(HX((DE − 1)τ))


†

We need the pseudoinverse of a (DE ∗ Dy)× Nens ensemble
perturbation matrix (also via an SVD).

- Computational gain: Dx/Nens

- Localisation can be applied to this matrix

(Pinheiro et al. 2018)
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Experiment configuration

Experimental: Setup

Twin experiments using a chaotic Lorenz96 model with
1000 variables

dxa
dt

= (xa+1 − xa−2)xa−1 − xa + F (4)

25% of the system is observed (equally distributed on the
Lorenz ring) at every 10 time steps
To update the variables at unobserved time steps, we use
a progressive strength factor multiplied to the coupling
term that was previously computed
Observation noise with standard deviation σobs = 0.1
∆t = 0.01 and constant time interval τ = 10∆t
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Results

Ensemble-based synchronisation

Figure 2: RMSE for Dx = 1000, Nens = 30, localisation radius = 10.
(DE = 5)
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Results

Ensemble-based synchronisation

Figure 3: Two unobserved variables, Dx = 1000 (predictions after
red lines).
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Formulation

Main idea

Combine the EnSynch with the IEWPF (Implicit
Equal-Weights Particle Filter - Zhu et al. 2016)
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Formulation

Proposal Density

The pdf at time n can be written as:

p(xn) =

∫
p(xn, xn−1)dxn−1

=

∫
p(xn | xn−1)p(xn−1)dxn−1

(5)

where p(xn | xn−1) is the transition density of the original
model. We can introduce a proposal density q as follows:

p(xn) =

∫
p(xn | xn−1)

q(xn | xn−1, yn)
q(xn | xn−1, yn)p(xn−1)dxn−1

(6)
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Formulation

Proposal Density

The transition density is related to the original model via:

p(xn | xn−1) : xn
i = f (xn−1

i ) + βn
i (7)

and the proposal density to our proposed model:

q(xn | xn−1,Y (t)) : xn
i = f (xn−1

i )+g∂S(x(t))
∂x(t)

†
(Y (t)−S(t))+βn

i

(8)
This change in model equation is compensated by an extra
weight:

wi =
p(xn

i | xn−1
i )

q(xn
i | xn−1

i ,Y (t))
(9)
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Results

Ensynch + IEWPF - Lorenz96 model

Figure 4: Observed (left) and unobserved (right) grid points.
Observations occur at every 10 time steps. (Lorenz96 model for
Dx = 1000, Dy = 250 and Nens = 20).



Introduction Motivation Methodology Experiments and results Particle Filter and Synch Conclusions

Results

Ensynch + IEWPF - Lorenz96 model

Figure 5: Observed (left) and unobserved (right) grid points.
Observations occur at every 10 time steps. (Lorenz96 model for
Dx = 1000, Dy = 250 and Nens = 20).
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Results

Ensynch + IEWPF - Lorenz96 model

Figure 6: Global RMSEs averaged over the estimation period for each
ensemble member for the IEWPF with different relaxation terms:
EnSynch (left) and simple nudging (right). The red line is the
ensemble mean.
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Results

Ensynch + IEWPF - Barotropic Vorticity model

two-dimensional,
turbulent flow
stochastic forcing dβ

∂q
∂t

= u ∂q
∂x

+ v ∂q
∂y

+ dβ

q = ∇× u =
∂v
∂x

− ∂u
∂y
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Results

Ensynch + IEWPF - Barotropic Vorticity model
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IEWPF with obs every ten time
steps and synch as proposal
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Figure 7: Observation at every second grid point in x and y direction,
Dx = 210, Dy = 28, Nens = 20
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Conclusions and Discussions

An efficient ensemble-based synchronisation scheme is
proposed, opening up synchronisation to high-dimensional
systems.
The time-embedding concept allows to increase the
observability of the system, meaning that less
observations are needed, while still synchronising with the
truth.
These preliminary results suggest that the combination
between the EnSynch scheme and the IEWPF leads to
an effective fully nonlinear data-assimilation method.
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THANKS FOR YOUR ATTENTION!
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To calculate ∂S(x(t))
∂x(t) we note that, approximately:

HX(τ) ≈ HF(x)0→τX(0) (10)

This allows us to compute the Jacobian F(x)0→τ as:

HF(x)0→τ = HX(τ)(X(0))† (11)

The full Jacobian matrix can be constructed as:

∂S(x(t))
∂x(t)

=


H

HF(x)0→τ
...

HF(x)0→(DE−1)τ

 =


HX(0)(X(0))†
HX(τ)(X(0))†

...
HX((DE − 1)τ)(X(0))†




	Introduction
	Motivation
	Methodology
	Synchronisation
	Ensemble-based synchronisation

	Experiments and results
	Experiment configuration
	Results

	Particle Filter and Synch
	Formulation
	Results

	Conclusions

	anm0: 
	0.498: 
	0.497: 
	0.496: 
	0.495: 
	0.494: 
	0.493: 
	0.492: 
	0.491: 
	0.490: 
	0.489: 
	0.488: 
	0.487: 
	0.486: 
	0.485: 
	0.484: 
	0.483: 
	0.482: 
	0.481: 
	0.480: 
	0.479: 
	0.478: 
	0.477: 
	0.476: 
	0.475: 
	0.474: 
	0.473: 
	0.472: 
	0.471: 
	0.470: 
	0.469: 
	0.468: 
	0.467: 
	0.466: 
	0.465: 
	0.464: 
	0.463: 
	0.462: 
	0.461: 
	0.460: 
	0.459: 
	0.458: 
	0.457: 
	0.456: 
	0.455: 
	0.454: 
	0.453: 
	0.452: 
	0.451: 
	0.450: 
	0.449: 
	0.448: 
	0.447: 
	0.446: 
	0.445: 
	0.444: 
	0.443: 
	0.442: 
	0.441: 
	0.440: 
	0.439: 
	0.438: 
	0.437: 
	0.436: 
	0.435: 
	0.434: 
	0.433: 
	0.432: 
	0.431: 
	0.430: 
	0.429: 
	0.428: 
	0.427: 
	0.426: 
	0.425: 
	0.424: 
	0.423: 
	0.422: 
	0.421: 
	0.420: 
	0.419: 
	0.418: 
	0.417: 
	0.416: 
	0.415: 
	0.414: 
	0.413: 
	0.412: 
	0.411: 
	0.410: 
	0.409: 
	0.408: 
	0.407: 
	0.406: 
	0.405: 
	0.404: 
	0.403: 
	0.402: 
	0.401: 
	0.400: 
	0.399: 
	0.398: 
	0.397: 
	0.396: 
	0.395: 
	0.394: 
	0.393: 
	0.392: 
	0.391: 
	0.390: 
	0.389: 
	0.388: 
	0.387: 
	0.386: 
	0.385: 
	0.384: 
	0.383: 
	0.382: 
	0.381: 
	0.380: 
	0.379: 
	0.378: 
	0.377: 
	0.376: 
	0.375: 
	0.374: 
	0.373: 
	0.372: 
	0.371: 
	0.370: 
	0.369: 
	0.368: 
	0.367: 
	0.366: 
	0.365: 
	0.364: 
	0.363: 
	0.362: 
	0.361: 
	0.360: 
	0.359: 
	0.358: 
	0.357: 
	0.356: 
	0.355: 
	0.354: 
	0.353: 
	0.352: 
	0.351: 
	0.350: 
	0.349: 
	0.348: 
	0.347: 
	0.346: 
	0.345: 
	0.344: 
	0.343: 
	0.342: 
	0.341: 
	0.340: 
	0.339: 
	0.338: 
	0.337: 
	0.336: 
	0.335: 
	0.334: 
	0.333: 
	0.332: 
	0.331: 
	0.330: 
	0.329: 
	0.328: 
	0.327: 
	0.326: 
	0.325: 
	0.324: 
	0.323: 
	0.322: 
	0.321: 
	0.320: 
	0.319: 
	0.318: 
	0.317: 
	0.316: 
	0.315: 
	0.314: 
	0.313: 
	0.312: 
	0.311: 
	0.310: 
	0.309: 
	0.308: 
	0.307: 
	0.306: 
	0.305: 
	0.304: 
	0.303: 
	0.302: 
	0.301: 
	0.300: 
	0.299: 
	0.298: 
	0.297: 
	0.296: 
	0.295: 
	0.294: 
	0.293: 
	0.292: 
	0.291: 
	0.290: 
	0.289: 
	0.288: 
	0.287: 
	0.286: 
	0.285: 
	0.284: 
	0.283: 
	0.282: 
	0.281: 
	0.280: 
	0.279: 
	0.278: 
	0.277: 
	0.276: 
	0.275: 
	0.274: 
	0.273: 
	0.272: 
	0.271: 
	0.270: 
	0.269: 
	0.268: 
	0.267: 
	0.266: 
	0.265: 
	0.264: 
	0.263: 
	0.262: 
	0.261: 
	0.260: 
	0.259: 
	0.258: 
	0.257: 
	0.256: 
	0.255: 
	0.254: 
	0.253: 
	0.252: 
	0.251: 
	0.250: 
	0.249: 
	0.248: 
	0.247: 
	0.246: 
	0.245: 
	0.244: 
	0.243: 
	0.242: 
	0.241: 
	0.240: 
	0.239: 
	0.238: 
	0.237: 
	0.236: 
	0.235: 
	0.234: 
	0.233: 
	0.232: 
	0.231: 
	0.230: 
	0.229: 
	0.228: 
	0.227: 
	0.226: 
	0.225: 
	0.224: 
	0.223: 
	0.222: 
	0.221: 
	0.220: 
	0.219: 
	0.218: 
	0.217: 
	0.216: 
	0.215: 
	0.214: 
	0.213: 
	0.212: 
	0.211: 
	0.210: 
	0.209: 
	0.208: 
	0.207: 
	0.206: 
	0.205: 
	0.204: 
	0.203: 
	0.202: 
	0.201: 
	0.200: 
	0.199: 
	0.198: 
	0.197: 
	0.196: 
	0.195: 
	0.194: 
	0.193: 
	0.192: 
	0.191: 
	0.190: 
	0.189: 
	0.188: 
	0.187: 
	0.186: 
	0.185: 
	0.184: 
	0.183: 
	0.182: 
	0.181: 
	0.180: 
	0.179: 
	0.178: 
	0.177: 
	0.176: 
	0.175: 
	0.174: 
	0.173: 
	0.172: 
	0.171: 
	0.170: 
	0.169: 
	0.168: 
	0.167: 
	0.166: 
	0.165: 
	0.164: 
	0.163: 
	0.162: 
	0.161: 
	0.160: 
	0.159: 
	0.158: 
	0.157: 
	0.156: 
	0.155: 
	0.154: 
	0.153: 
	0.152: 
	0.151: 
	0.150: 
	0.149: 
	0.148: 
	0.147: 
	0.146: 
	0.145: 
	0.144: 
	0.143: 
	0.142: 
	0.141: 
	0.140: 
	0.139: 
	0.138: 
	0.137: 
	0.136: 
	0.135: 
	0.134: 
	0.133: 
	0.132: 
	0.131: 
	0.130: 
	0.129: 
	0.128: 
	0.127: 
	0.126: 
	0.125: 
	0.124: 
	0.123: 
	0.122: 
	0.121: 
	0.120: 
	0.119: 
	0.118: 
	0.117: 
	0.116: 
	0.115: 
	0.114: 
	0.113: 
	0.112: 
	0.111: 
	0.110: 
	0.109: 
	0.108: 
	0.107: 
	0.106: 
	0.105: 
	0.104: 
	0.103: 
	0.102: 
	0.101: 
	0.100: 
	0.99: 
	0.98: 
	0.97: 
	0.96: 
	0.95: 
	0.94: 
	0.93: 
	0.92: 
	0.91: 
	0.90: 
	0.89: 
	0.88: 
	0.87: 
	0.86: 
	0.85: 
	0.84: 
	0.83: 
	0.82: 
	0.81: 
	0.80: 
	0.79: 
	0.78: 
	0.77: 
	0.76: 
	0.75: 
	0.74: 
	0.73: 
	0.72: 
	0.71: 
	0.70: 
	0.69: 
	0.68: 
	0.67: 
	0.66: 
	0.65: 
	0.64: 
	0.63: 
	0.62: 
	0.61: 
	0.60: 
	0.59: 
	0.58: 
	0.57: 
	0.56: 
	0.55: 
	0.54: 
	0.53: 
	0.52: 
	0.51: 
	0.50: 
	0.49: 
	0.48: 
	0.47: 
	0.46: 
	0.45: 
	0.44: 
	0.43: 
	0.42: 
	0.41: 
	0.40: 
	0.39: 
	0.38: 
	0.37: 
	0.36: 
	0.35: 
	0.34: 
	0.33: 
	0.32: 
	0.31: 
	0.30: 
	0.29: 
	0.28: 
	0.27: 
	0.26: 
	0.25: 
	0.24: 
	0.23: 
	0.22: 
	0.21: 
	0.20: 
	0.19: 
	0.18: 
	0.17: 
	0.16: 
	0.15: 
	0.14: 
	0.13: 
	0.12: 
	0.11: 
	0.10: 
	0.9: 
	0.8: 
	0.7: 
	0.6: 
	0.5: 
	0.4: 
	0.3: 
	0.2: 
	0.1: 
	0.0: 


