Developing a data-driven ocean model — sensitivity of a linear regressor
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Introduction Mean Squared Error: 1519426-09 0.002 { oo e xaas o Sensitivi ty studies !mportance of currents: Qf <.3|II the_ physical ocean va riables tgsted, the cu rrepts show the largest
This work looks at creating a data-driven analogue model of an MITgcm configuration. In the first instance we oo ' ' A e of withhold . ) e impact on RMS scores. This is again in I.<eep|ng with out physical understanding of the system —
develop a linear regressor to test the capability of simple statistical methods, and then assess sensitivity of this P oo number of withholding experiments were run to assess the sensitivity of the regressor primary driver of temperature change in the ocean is the movement of water through wind driven
regressor to its inputs. This enables us to assess the importance of various inputs, and from this gain some intuition o B8 jco its inputs. These experlnpents ent.all re—tr-alnmg the regre§sorOW|th a dataset which currents, especially in this configuration which excludes surface forcing. Without this information,
as to whether the model learns in a way which matches our understanding of the physical ocean and its dynamics. 0.002- 1 includes all bar one of the input va.rlables (i.e, one variable is withheld from the datase’F). the regressor is very limited in its ability to predict temperature change.
The regressor also provides a baseline for expected skill from more complex data-driven methods, such as deep 0.000 RMS errors from these are shown in table 1. In all cases the regressor performs better, in
neural networks 3 3 some cases substantially so, than a persistence forecast when assessed on the training N
' T 0.000 %; data, indicating there is skill in the linear model for all sets of inputs tested. However, training val
* * ~0.001; when looking at performance over the validation set, the RMS error is more comparable. o Eror 6 239190 09 0,002 { pome aonrod Errore 3 30189009
0.002 ] Generally, the linear regressor still outperforms persistence, with the exception of three s ooa ] ’
V] ITgcm dataset o000 ] experiments: withholding currents, without polynomial interactions, and using only 2d o
information — these are discussed further below.
We take a 2°resolution channel-configuration of MITgcm following Munday et al (2013). This has a single 5km deep —0.004 - These sensitivity experiments highlight a number of interesting points, and insight into 0.002 - '
basin, with a periodic flow in the South over a 2.5km deep ridge. We run this with constant forcing: a constant 'jet' of ~0.003 - how the regressor is working, some of which are briefly discussed. 0.000 - o o#d mam >
wind stress applied with a sine based distribution between 60°S and 30°S, with a peak value of 0.2 N m2s?, and g , , | | , i , | | , , E § g
strong surface restoring for Temperature and Salinity. The model runs with a 12-hour timestep, and we output daily IR e o003 000 OO0 OO0 oo oo Traini Validati g - -_—“ e g
mean values of all variables. The domain can be seen in figure 1, which shows the temperature field at a given depth Figure 2: Scatter plot of truth (change in temperature in °C from MITgcm) against linear regressor prediction for training (1) & raining LR ELLL ' —00
(z=5), along with the same field one day later and the difference between these. validation (r} sets for the control run (with all variables included) RMS Error RMS Error ~0.002- )
We run MITgcm for 100 years under the constant forcing, during this time period the model remains very . : 20.002 4
dynamically active —i.e. it is not nearing an equilibrium state. We discard the first 50 years as model spin up — when Linear Regressor Lol Gl U S Seiisle et
the model is responding to inconsistent dynamics in its initial conditions, and thus behaving in a different way to that A linear regressor Is then trained on this dataset, using ridge regression, with alpha chosen by Withholding depth 3.93e-05 4.34e-05 ~0.0041 '
expected outside of this spin up time. This leaves us with output from a 50 year run. cross validation, with values ranging from 0.0001 to 1.0. The linear regressor performance for the Withholding latitude 3.93e-05 4.36e-05 70003
Data from the this 50 year run is subsampled in time (to try to ensure samples are ~ independent), and taken from control (the full dataset) is shown in figure 2, and in table 1 (first row). The regressor clearly T0004  —0002 0000 0002 o0soa 0003 —0002 000l 0000 000l 0002
each spatial location. This datatset is split into training, validation and test data, with a 70-20-10 split, with data is captures the behaviour of the system. As would be expected performance is better on the training Withholding longitude 3.93e-05 4.36e-05 | Truth | | - Tt B
. . . Figure 4: Scatter plot of truth (change in temperature in °C from MITgcm) against linear regressor prediction for training (1) &
systematically selected from the first 70% of the run, the next 20%, and then the next 10%, so the different datasets set, however the drop in skill over the validation set is notable. It may be that increased Withholding Eta (sea surface height) 4.14e-05 4.43e-05 validation (r) sets when polynomial interactions are not included in the regression model
contain data from different temporal sections of the run, this ensures the different datasets are truly independent regularisation is needed, given the model appears to overfit significantly. . . -
(otherwise data could be highly co-varying). This process gives datasets of sizes 648,440 training samples, 199,520 Table one also includes results from a persistence forecast as a baseline for skill (last row). A Withholding Salinity 4.40e-05 4.46e-05 Averaged Errors at x=11
validation samples and 99,760 test samples. persistence forecast is one which no change is forecast, so later time steps are identical to previous Withholding density 4.41e-05 4.47e-05
time steps. As we are forecasting the change in temp, this means all predictions would be zero and : . : T 0.00015
so in the scatter plots, a persistence forecast would show as all points lying on the straight Withholding Bolus velocity 5.56e-05 4.30e-05 m
Temp at time t at -59m Temp at time t+1 at -59m The Difference horizontal line of y (prec:!icted) = 0. From the right hand pane of figl.Jre 1 we can see-that the Withholding Currents 5.77e-05 5.03e-05 100 1 o O F 0.00010
60 60 60 changes we are forecasting are very small (note the scale) and confined to small regions. Over i ) i | ) ) - B
= much of the domain, the change in daily mean temperature over a day is far less than 0.001, in Using a 2-d (3x3) input stenci 6.55e-05 4.93e-05 O L 0.00005
- o 0. parti.cular, a’:c mid to deep.(cjlepths 'fjhe c:ﬁnges a]:e vehr.y min;)rlnal (not shown here). As such, a Without polynomial interactions 7.90e-05 4.80e-05 _ 5001 4 ¥ . -
persistence forecast provides good predictions for this problem. : _ S
40 - 40 - 40 - That the linear regressor exceeds these scores statistically, and is shown in figure 2 to capture the Persistence model (for comparison) 7.93e-05 4.78e-05 S 1000 1 -i m -0.00000
dominant dynamics of the system is impressive. Table 1: Train and Valida.ti‘on scores for the control, a number of sensitivity tests, and a persistence forecast. O r
30° 30° 30° It is also worth noting that that the skill of the persistence forecast changes over the training and Runs are ordered by training error 2000 - : -—0.00005
20 1 20 - 20 - validation datasets. Histograms of the datasets (not presented here) show that the range of Lack of sensitivity to location data: Whilst withholding spatial information (latitude
@ 10 @ 10 @ 10, temperature change in the validation set is smaller than that in the training set — further longitude and depth of the grid points) does reduce the accuracy of the model this’has 5 2 —0.00010
2 ol 2 ol 2 o assessment of the dataset shows this is likely an artefact of the subsampling, rather than a change imited i ¢ it d to withholdi th Sbles. This | T n
= = = in the dynamic regime of the MITgcm simulation — as the majority of samples are from times and I.mlte 'Mpact on rest . > comp-are. O WITNOIGING © . er varla es.. 1> 15 FEASSUTING, a5
-10+ -10+ -10+ . . . . - given the constant forcing applied in the MITgcm configuration being used, one concern 4500 - —0.00015
locations when the change in temperature is small, and the smaller size of the validation set, along was that the reeressor would find a non-dvnamic correlation based primarilv on location ' ' ' | ' . . ' | | .
-207 -207 -207 with the subsampling in time, means far fewer points with large temperature changes are included that this gtth 4 that locati Y ters have th P lest Y ‘ 60 50 40 30 20 10 O -10 -20 -30 -40 -50 -60
-30 -30 -30 in the validation dataset. This does mean the distribution of the validation set differs from that of t_hesae ex;)SeI:ir:Znts eirfjiscea;tzrs] tha:thce)craeggszzﬁ?’lee:rrzinag\’/esonfe?cm?\gesstr:)r:glilcrellgted latitude
40 20 40, the training set, however, the underlying dynamics we are trying to replicate remain the same. to the dynamics T;we verformance of the regressor is far more dependant on the physical Figure 5: North-South cross section at x=5 of errors averaged over 500 one-time step predictions of the
Figure 3a shows the spatial nature of errors from the regressor. We produced 1000 forecasts for , ' o , iterator, from the run with a 2-d stencil
-50 -50 -50 1 each point in the domain, by running the regressor with 500 different input sets — each input set ocean variables than on location information.
corresponding to the state output from MITgcm from one of 1000 consecutive days. These are
-600 " o0 -600 " o0 -600 ; - then averaged tg give an average error for each I_ocati(?n in the domain. Figure 3 shows a. North- _ L _ Ny Summa ry
« « « South cross section the errors are by far largest in regions where there are more dynamics, and Importance of .non-llnef';\rlty. The worst pgrformance frqm the regressoris when 2 « We've developed a linear regressor which does a good job of predicting change in temperature
| e — more change in temperature. In particular errors are large in the South of the domain, the orde.r polynom.lal coml:.unatlons of the Yarlablgs are not included, showmg t_h? regressor from one day to the next, using information from the current day as inputs.
5 10 15 20 0.001 0.000 0.001 simulated Southern Ocean, throughout depth. There are also notable errors in the North of the réquires some interaction betweenovarlables n orQer to forecast weII.. T.h's is in keeping . Sensitivity studies show the regressor behaves in a way consistent with the known dynamics of
Figure 1: Daily mean temperature in °C at depth z=5, from one two consecutive days, and their difference domain. Both these regions are locations where there are both increased dynamics generally, and Wlth our unO!erStar.\dmg of the physical system, which is kn(?wn to exh|b|t complex non- the system:
increased vertical motion. I!near !oehawo-ur. Figure 4 s!wows scatter plojcs for the experiment WhI_Ch excludgs non- * The regressor requires non-linear interactions in order to capture the variability of the
linear mt.eractlons, cc?mparlson b.etwe.en this and figure 1 shows the impact of including system
In pUtS and OUtpUtS po!ynom.la.l terms. Without no.n-l.lneanty the regressor.predlcts near zero cha.nge f.or E_j” * The regressor has far higher sensitivity to physical ocean parameters than location
We train a linear re . dict ch - ture f ol arid cell. Th tout is theref - Averaged Frrors at x=11 pomts,.glvmg a forecast very similar to that of the p.ers.ls.tence forecast. Non-linearity is parameters
gressorto predict change in temperature for a single grid cell. The output is therefore a single essential for the regressor to capture any of the variability of the system. . : . : .
variable - the difference between daily mean temperature, at the grid point being evaluated, at two consecutive E 0.00015 * Investigation of the structure of errors shows that errors are higher in areas associated with
days; temp[t+1]-temp[t] where t is the time at which inputs are evaluated. i.e. this is the change in temperature important vertical processes when the inputs related to these processes are withheld
between the current time step (when input information is is available) and the next timestep. 100 A r:1 0.00010 Vertical Processes: The regressor also performs notably poorly when only 2-d * These findings indicate that the Iihe-ar regressor has not only learnt to p.rediICt chafmge in |
The input variables are: a g information is provided. Figure 5 is a similar plot to figure 3, but this time from the run temper.ature, but that these predictions are based on the regressor having ‘learnt’ the underlying
* The following variables evaluated at a 3d neighbourhood of points, given by a 3x3x3 stencil centred on the grid I  0.00005 which uses only a 2 dimensional (3x3) stencil for inputs. Comparing this to figure 3, we dynamics of the system.
being predicted (i.e. 27 points), as daily mean values evaluated at time t: 500 - .U ' can see that excluding information on the vertical structure of the physical ocean
* Temperature = variables particularly increases errors in the far north of the domain, and in the Southern
* Salinity % 1000 1 . . -0.00000 Ocean. These are both regions where vertical processes are key, as regions of intense Further work
Uy components of current . . . . © " upwelling and downwelling. * Further investigation into the formation and pattern of errors when groups of inputs (i.e. all spatial
* The variable Kwx, Kwy and Kwz from the Gent-McWilliams tensor, used in calculating Bolus Velocities | | -—0.00005 A similar increase in errors in the far north of the domain, and in the Southern Ocean information, or all information relating to vertical processes) are withheld simultaneously would
.. Density, estimated using the Slm.pllfled e.quatpn of .State) . o . 2000 O region is also seen in the runs which excludes inputs related to the bolus velocities, and be interesting in further assessing the importance of these processes.
. Da|!y mean SSH anomaly at the 2d neighbouring points given by a 3x3 stencil (as this is a 2-d variable) evaluated O 0.00010 to a lesser extent in the run which excludes a pre-calculated density. Both these are +  The sensitivity studies from the regressor indicate that capturing non-linearities in the system is
attimet. o _ ot B . innately related to vertical processes — The bolus velocity is related to the Gent- key to making good predictions, but the regressor is still limited by the extent to which it can
) Lat't‘fde of the grld.pomjc bemg evaluated 4500 - McWilliams mixing scheme, and density drives vertical motion in regions of instability, capture non-linearities. More sophisticated methods are needed, as such, we’ve begun
* longitude of th.e gno! point being evaluated S O0GES and inhibits vertical motion in stable regions. preliminary studies with various network approaches to this problem and plan to continue this.
) .De.pth of the. g.”d point being evaluated . L . . 60 50 40 30 20 10 O -10 -20 -30 -40 -50 -60 As we know the dynamics in both the far north of the domain, and in the Southern * To date, we have treated the problem as a Markov Chain when clearly this is not an accurate
This glves an orloglonal set of 228 features, from which 2nd order polynomla! mtgractmn_s between these variables are latitude Ocean regions involve considerable vertical process it is reassuring to see that these are assumption. We plan to assess the impact of this, by including more history to the regressor (so
also included, giving 26,106 features (note square terms are not included, just interactions between features) Figure 3: North-South cross section at x=5 of errors averaged over 500 one-time step predictions of the the regions the regressor struggles with when inputs relevant to these processes are inputs come from t-1 as well as t), and to look into more sophisticated statistical and machine
iterator, from the control (full dataset) withheld. learning methods, such as LSTM models, and echo state networks.
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