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KCL partner report for D12 - secondary region

Downscaling extreme daily precipitation using artificial neural networks

Colin Harpham and Rob Wilby, KCL.

Introduction

For the UK primary region downscaling work the Radial Basis Function (RBF) (Broomhead and Lowe, 1988; Moody and Darken, 1989) and Multi Layer Perceptron (MLP) (Rumelhart & McClelland, 1986) Artificial Neural Networks (ANNs) and a conditional resampling method (Wilby et al., 2002, 2003) were applied. However, due to the similarity in results between the RBF and MLP it was decided to try a RBF configured using a genetic algorithm (GA) (Holland, 1975; Goldberg, 1989) in place of the MLP.

These models are applied to the prediction of daily precipitation amounts for 11 sites in Western Iberia and 5 sites in SE Iberia (see Tables 1a and 1b). The models are trained to predict the multi-station behaviour of the daily series, i.e. the West models have 11 network outputs and SE models have 5 network outputs. In addition, to provide further comparison, three selected stations (see Tables 1a and 1b) in each region are modelled individually using the RBF. The candidate predictor set contained 29 normalised daily predictors from the NCEP reanalysis (describing atmospheric circulation, thickness, and moisture content at the surface, 850 and 500hPa), for the period 1958–2000. The agreed STARDEX periods of 1958-1978; 1994-2000 for calibration and 1979-1993 for validation were used.
Method

Predictor identification

The candidate grid boxes are shown in Figure 1 for the two study regions. Stepwise linear regression was applied using all predictor variables (see Table 2a) for coincident, lag-1 and lag+1 daily time steps. The selection process was halted once the improvement in the correlation between observed and fitted series was less than 1%. The independent validation data were used to verify the skill of predictors selected from the calibration period. A similar approach was applied for both occurrence and amounts processes on the area averages for the two regions. For the three selected sites in each region, the process was repeated on the respective station daily precipitation series. 

Models

For the ANN models the same methodology presented in the partner report for the primary region was followed where the daily precipitation series is downscaled using separate occurrence and amount processes. The GA-RBF model comprises of a GA that is used to optimise the number of hidden nodes, the type of basis centre at a particular node and the basis width of the RBF structure. The SDSM/resampling method is the same as before.
Model evaluation

The same evaluation methods used in the partner report for the primary region were adopted, for the 
occurrence process the Percentage of Forecasts Correct (PFC) and the Critical Success Index (CSI) were employed and model performance was again evaluated using seven STARDEX diagnostics of daily precipitation amounts.

Results

Predictor identification
The results for the SWLR For Western Iberia occurrence (Table 2b), with the exception of Lisboa, has R850, VSUR and F850 in first, second and third place respectively. For the amounts process VSUR shows a similar dominance, appearing in first place for all the selected stations and third for the area average. USUR also figures consistently high up in those selected. For SE Iberia occurrence (Table 2c) Z500 has the greatest influence, however, the remainder including amounts predictors exhibit little consistency.

The beneficial effects of lagging were emphasised by the number of forward lagged predictors selected, which in Western Iberia was 39% as against 58% concurrent predictors together with just one backward lagged predictor. For SE Iberia the predictors were similarly proportioned at 41% forward and 59% concurrent with no backward lagged predictors. 

Model evaluation
For the multi-site occurrence modelling the results for West Iberia indicate that the wet day occurrence modelling performance of both ANN models is very similar, although for SE Iberia the GA-RBF performed noticeably better for the CSI measure recording an average of 36.4% compared to the RBF networks CSI of 31.8%.

However, the SDSM was inferior for both regions, achieving for West Iberia an average percentage correct of 80.5% and Critical Success Index (CSI) of 33.2%, compared to the RBF networks average percentage correct of 88.1% and CSI of 53.7%. Similarly for SE Iberia the SDSM achieved an average percentage correct of 83.2% and CSI of 17.4% compared to the RBF networks average percentage correct of 89.3% and CSI of 31.8%.

To compare the overall performance of the multi-site models, averages of the correlation for the seven indices were taken for each season and plotted in Figures 2a and 3a. In general the worse results for all indices were obtained for MAM and JJA, which corresponds to the pattern obtained for the primary (UK) region. On that occasion it was suggested that as the rain-days became sparser then the results steadily deteriorated and these results would seem to reinforce that idea. It is apparent that in this instance the ANN models have a clear dominance over the SDSM/resampling technique.

Conclusion
The results from the primary UK region indicated there was little to be gained by adopting a single-site approach – the RBF and MLP multi-site models appeared to generalise the relationships in a way that maintains predictability at single sites. The results for the Iberian Peninsula further confirm this observation where the single-site approach offered no improvement at all. The infrequency of precipitation events during JJA, particularly SE Iberia, proved to be problematic for all models to capture the extremes. The RBF and GA-RBF provided very similar performances for Western Iberia however for SE Iberia the GA-RBF gave a useful improvement for both occurrence and amounts modelling. On average the SDSM results were inferior in all cases, this may reflect the stochastic treatment of precipitation occurrence and amounts in SDSM. 
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Table 1a. Western Iberia station. Greyed cells indicate the three sites selected for individual modelling.

	Ref No.
	Lat
	Long
	Elev
	Location
	Country

	1
	3924
	-870
	54
	SANTAREM
	Portugal

	2
	3863
	-865
	64
	PEGOES
	Portugal

	3
	3946
	-804
	51
	ALVEGA
	Portugal

	4
	3893
	-816
	110
	MORA
	Portugal

	5
	4041
	-755
	1380
	PENHAS DOURADAS
	Portugal

	6
	3928
	-741
	597
	PORTALEGRE
	Portugal

	7
	3872
	-915
	77
	LISBOA GEOFISICA
	Portugal

	8
	4020
	-842
	141
	COIMBRA
	Portugal

	9
	3802
	-787
	246
	BEJA
	Portugal

	10
	3917
	-622
	488
	ALCUESCAR
	Spain

	11
	3888
	-682
	185
	BADAJOZ/TALAVERA '
	Spain


Table 1b. As Table 1a but for SE Iberia.

	Ref No.
	Lat
	Long
	Elev
	Location
	Country

	1
	3895
	-185
	704
	ALBACETE/LOS LLANO
	Spain

	2
	3947
	-37
	11
	VALENCIA
	Spain

	3
	3837
	-48
	82
	ALICANTE CIUDAD JA
	Spain

	4
	3795
	-122
	85
	MURCIA/ALCANTARILL
	Spain

	5
	3778
	-80
	2
	MURCIA/SAN JAVIER
	Spain


Table 2a. Candidate predictor variables available for each grid box

	Predictor
	Description

	TEMP

TMAX

TMIN

T500

T850

MSLP

H850

H500

USUR

U850

U500

VSUR

V850

V500

FSUR

F850

F500

ZSUR

Z850

Z500

DSUR

D850

D500

QSUR

Q850

Q500

RSUR

R850

R500
	Mean temperature at 2m

Maximum temperature

Minimum temperature

Temperature at 500hPa height
Temperature at 850hPa height
Mean sea level pressure
850 hPa geopotential height
500 hPa geopotential height
Near surface westerly wind

Westerly wind at 850 hPa

Westerly wind at 500 hPa

Near surface southerly wind

Southerly wind at 850 hPa

Southerly wind at 500 hPa

Near surface wind strength

Wind strength at 850 hPa

Wind strength at 500 hPa

Near surface vorticity

Vorticity at 850 hPa

Vorticity at 500 hPa

Near surface divergence

Divergence at 850 hPa

Divergence at 500 hPa

Near surface specific humidity
Specific humidity at 850 hPa
Specific humidity at 500 hPa
Near surface relative humidity
Relative humidity at 850 hPa
Relative humidity at 500 hPa


Table 2b. Western Iberia predictor variables selected (in bold) for multi-site and individual-site modelling. Incomplete entries indicate SWLR has stepped back, thus removing a variable but without exceeding the 1% threshold.

	Multi-site SWLR area average

	West occurrence
	West amounts (no dry days)

	
	Code
	Grid-box
	Lag
	r
	Code
	Grid-box
	Lag
	r

	1
	R850
	W6
	+1
	0.634
	F850
	W11
	+1
	0.519

	2
	VSUR
	W10
	0
	0.695
	USUR
	W5
	0
	0.583

	3
	F850
	W8
	+1
	0.709
	VSUR
	W9
	+1
	0.606

	4
	ZSUR
	W8
	0
	0.719
	Q850
	W7
	0
	0.622

	5
	R850
	W11
	+1
	0.726
	FSUR
	W7
	0
	0.632

	6
	R500
	W5
	0
	0.733
	USUR
	W5
	-1
	0.642

	7
	ZSUR
	W6
	0
	0.735
	FSUR
	W11
	+1
	0.649

	8
	V500
	W11
	+1
	0.738
	Q500
	W8
	0
	0.654

	9
	ZSUR
	W7
	+1
	0.740
	RSUR
	W6
	+1
	0.658

	10
	ZSUR
	W12
	+1
	0.743
	R850
	W5
	+1
	0.664

	Single-site SWLR

	Lisboa occurrence
	Lisboa amounts

	
	Code
	Grid-box
	Lag
	r
	Code
	Grid-box
	Lag
	r

	1
	H850
	W1
	0
	0.619
	VSUR
	W10
	+1
	0.412

	2
	VSUR
	W10
	+1
	0.668
	USUR
	W7
	0
	0.487

	3
	MSLP
	W9
	0
	0.694
	ZSUR
	W5
	+1
	0.503

	4
	F850
	W9
	+1
	0.707
	Q500
	W7
	0
	0.519

	5
	R850
	W8
	+1
	0.717
	U500
	W11
	0
	0.525

	6
	ZSUR
	W7
	+1
	0.722
	U500
	W2
	0
	0.530

	7
	QSUR
	W7
	0
	0.728
	FSUR
	W11
	+1
	0.535

	8
	R500
	W5
	0
	0.731
	RSUR
	W7
	-1
	0.539

	9
	V500
	W11
	+1
	0.734
	QSUR
	W8
	-1
	0.544

	10
	U500
	W10
	+1
	0.735
	Q500
	W7
	-1
	0.547

	Alcuescar occurrence
	Alcuescar amounts

	
	Code
	Grid-box
	Lag
	r
	Code
	Grid-box
	Lag
	r

	1
	VSUR
	W10
	0
	0.617
	VSUR
	W11
	+1
	0.422

	2
	R850
	W6
	+1
	0.663
	USUR
	W8
	0
	0.494

	3
	F850
	W7
	0
	0.677
	Q850
	W8
	0
	0.519

	4
	USUR
	W8
	0
	0.686
	ZSUR
	W11
	0
	0.534

	5
	VSUR
	W11
	+1
	0.692
	USUR
	W9
	0
	0.551

	6
	R500
	W5
	0
	0.698
	
	
	
	0.551

	7
	ZSUR
	W12
	+1
	0.702
	
	
	
	0.559

	8
	R850
	W5
	+1
	0.706
	
	
	
	0.566

	9
	R850
	W8
	0
	0.710
	
	
	
	0.574

	10
	D500
	W7
	0
	0.713
	
	
	
	0.578

	Badajoz occurrence
	Badajoz amounts

	
	Code
	Grid-box
	Lag
	r
	Code
	Grid-box
	Lag
	r

	1
	VSUR
	W10
	0
	0.593
	VSUR
	W11
	+1
	0.312

	2
	R850
	W6
	+1
	0.638
	Q850
	W8
	0
	0.376

	3
	F850
	W11
	+1
	0.653
	USUR
	W9
	0
	0.399

	4
	USUR
	W8
	0
	0.663
	Q500
	W8
	0
	0.408

	5
	F500
	W6
	0
	0.670
	USUR
	W7
	+1
	0.415

	6
	R500
	W6
	0
	0.676
	ZSUR
	W11
	0
	0.424

	7
	USUR
	W4
	+1
	0.681
	T500
	W1
	0
	0.429

	8
	VSUR
	W7
	0
	0.685
	QSUR
	W9
	+1
	0.436

	9
	R850
	W11
	+1
	0.689
	F850
	W12
	+1
	0.441

	10
	Z500
	W9
	+1
	0.691
	USUR
	W11
	-1
	0.446


Table 2c. As Table 2a but for SE Iberia.

	Multi-site SWLR (area average)

	SE occurrence
	SE amounts (no dry days)

	
	Code
	Grid-box
	Lag
	r
	Code
	Grid-box
	Lag
	r

	1
	Z500
	E7
	+1
	0.388
	VSUR
	E6
	0
	0.333

	2
	R500
	E5
	0
	0.483
	Z850
	E7
	+1
	0.406

	3
	R850
	E7
	0
	0.511
	QSUR
	E7
	0
	0.437

	4
	DSUR
	E6
	0
	0.535
	T850
	E10
	+1
	0.463

	5
	MSLP
	E8
	+1
	0.553
	TEMP
	E9
	+1
	0.484

	6
	USUR
	E9
	0
	0.560
	FSUR
	E4
	0
	0.496

	7
	RSUR
	E7
	+1
	0.568
	VSUR
	E12
	0
	0.504

	8
	ZSUR
	E7
	+1
	0.577
	R500
	E5
	0
	0.511

	9
	ZSUR
	E10
	0
	0.582
	ZSUR
	E8
	+1
	0.517

	10
	FSUR
	E6
	+1
	0.585
	V500
	E12
	+1
	0.523

	Single-site SWLR

	Valencia occurrence
	Valencia amounts

	
	Code
	Grid-box
	Lag
	r
	Code
	Grid-box
	Lag
	r

	1
	Z500
	E7
	+1
	0.354
	V850
	E5
	0
	0.284

	2
	R500
	E5
	0
	0.445
	ZSUR
	E8
	+1
	0.345

	3
	RSUR
	E5
	0
	0.476
	R850
	E4
	+1
	0.372

	4
	MSLP
	E7
	0
	0.497
	TMAX
	E9
	0
	0.403

	5
	DSUR
	E6
	0
	0.513
	T850
	E8
	+1
	0.426

	6
	RSUR
	E4
	+1
	0.526
	TMAX
	E11
	-1
	0.434

	7
	ZSUR
	E5
	+1
	0.534
	QSUR
	E7
	0
	0.439

	8
	USUR
	E9
	0
	0.541
	F850
	E1
	+1
	0.445

	9
	
	
	
	0.541
	DSUR
	E12
	0
	0.451

	10
	
	
	
	
	T500
	E11
	-1
	0.456

	Alicante occurrence
	Alicante amounts

	
	Code
	Grid-box
	Lag
	r
	Code
	Grid-box
	Lag
	r

	1
	Z500
	E7
	+1
	0.352
	V850
	E4
	0
	0.234

	2
	R500
	E5
	0
	0.440
	QSUR
	E7
	0
	0.278

	3
	R850
	E7
	0
	0.462
	H500
	E11
	+1
	0.319

	4
	Z850
	E7
	0
	0.480
	TMIN
	E9
	0
	0.339

	5
	MSLP
	E12
	+1
	0.490
	T850
	E8
	0
	0.358

	6
	DSUR
	E6
	0
	0.498
	ZSUR
	E7
	+1
	0.365

	7
	ZSUR
	E8
	+1
	0.506
	FSUR
	E5
	0
	0.372

	8
	RSUR
	E7
	+1
	0.511
	FSUR
	E9
	+1
	0.379

	9
	USUR
	E6
	0
	0.515
	R500
	E9
	0
	0.384

	10
	ZSUR
	E10
	0
	0.520
	RR00
	E6
	0
	0.391

	Murcia Alcantaril occurrence
	Murcia Alcantaril amounts

	
	Code
	Grid-box
	Lag
	r
	Code
	Grid-box
	Lag
	r

	1
	R500
	E8
	0
	0.351
	DSUR
	E5
	0
	0.300

	2
	Z500
	E7
	+1
	0.428
	U500
	E12
	+1
	0.344

	3
	R850
	E7
	0
	0.449
	QSUR
	E7
	0
	0.365

	4
	DSUR
	E6
	0
	0.471
	F850
	E1
	+1
	0.387

	5
	ZSUR
	E8
	+1
	0.488
	Z500
	E7
	+1
	0.402

	6
	USUR
	E9
	0
	0.493
	DSUR
	E3
	0
	0.410

	7
	FSUR
	E6
	+1
	0.501
	R500
	E6
	0
	0.419

	8
	RSUR
	E7
	+1
	0.506
	FSUR
	E1
	-1
	0.425

	9
	ZSUR
	E10
	-1
	0.512
	USUR
	E10
	-1
	0.430

	10
	USUR
	E1
	+1
	0.516
	F850
	E8
	0
	0.436


Table 3a. Occurrence results for Western Iberia.

	Station
	Single-site
	Multi-site
	
	
	
	
	

	
	RBF
	
	RBF
	
	GA-RBF
	
	SDSM
	

	
	Perc acc
	CSI
	Perc acc
	CSI
	Perc acc
	CSI
	Perc acc
	CSI

	Santarem
	
	
	87.5
	52.0
	87.3
	52.3
	80.7
	33.7

	Pegoes
	
	
	87.7
	50.1
	87.5
	51.1
	81.0
	32.3

	Alvega
	
	
	87.9
	51.7
	88.0
	53.3
	81.0
	33.2

	Mora
	
	
	87.8
	48.3
	87.6
	49.1
	82.1
	32.0

	Penhas Douradas
	
	
	86.0
	60.2
	85.7
	60.6
	76.2
	37.0

	Portalegre
	
	
	87.8
	54.7
	87.4
	55.1
	80.2
	34.9

	Lisboa
	89.8
	58.6
	88.4
	54.3
	87.9
	54.1
	81.1
	34.0

	Coimbra
	
	
	87.0
	59.3
	86.6
	59.7
	77.5
	35.6

	Beja
	
	
	89.1
	50.3
	88.8
	50.2
	82.4
	30.2

	Alcuescar
	90.2
	56.4
	90.3
	57.2
	90.1
	57.4
	82.2
	32.1

	Badajoz
	89.4
	52.2
	89.2
	52.3
	88.8
	52.8
	81.4
	30.3

	Averages of all

stations
	88.1
	53.7
	87.8
	54.2
	80.5
	33.2


Table 3b. Occurrence results for SE Iberia.

	Station
	Single-site
	Multi-site
	
	
	
	
	

	
	RBF
	
	RBF
	
	GA-RBF
	
	SDSM
	

	
	Perc acc
	CSI
	Perc acc
	CSI
	Perc acc
	CSI
	Perc acc
	CSI

	Albacete
	
	
	88.3
	35.0
	85.0
	38.9
	80.6
	17.2

	Valencia
	89.3
	34.0
	88.5
	31.5
	86.3
	36.8
	82.9
	18.9

	Alicante
	89.2
	28.4
	89.4
	30.6
	86.9
	33.8
	83.4
	17.4

	Murcia/Alcantarill
	90.3
	32.4
	90.1
	32.3
	88.0
	36.7
	84.0
	17.4

	Murcia/San Javier
	
	
	90.4
	29.7
	88.9
	35.8
	84.9
	16.0

	Averages of all 

stations
	89.3
	31.8
	87.0
	36.4
	83.2
	17.4


Figure 1. Station locations in the Iberian Peninsula  in relation to NCEP predictor variable grid-boxes. 

[image: image2.emf]0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

pav pint pq90 px5d pxcdd pfl90 pnl90

Indices/season

Correlation


[image: image3.emf]0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

pav pint pq90 px5d pxcdd pfl90 pnl90

Indices/season

Correlation


Figure 2a. Average correlations between modelled/observed for the STARDEX indices for the 11 sites in Western Iberia (only diagnostics exhibiting positive correlations are shown). 

Legend:  White – RBF; Black – GA-RBF; Light Grey – SDSM

NB. In all cases SDSM/resampling results based on the average of 20 ensembles, the error bars denote the 95% confidence range derived from the ensemble site averages.
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Figure 2b. Correlations between modelled/observed for Lisboa.

Legend:  Dark Grey – RBF (single-site) White – RBF; Black – GA-RBF; Light Grey – SDSM.

[image: image5.emf]0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

pav pint pq90 px5d pxcdd pfl90 pnl90

Indices/season

Correlation


Figure 2c. As Figure 1b but for Alcuescar.
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Figure 2d. As Figure 1b but for Badajoz.
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Figure 3a. Average correlations between modelled/observed for the STARDEX indices for the 5 sites in SE Iberia (only diagnostics exhibiting positive correlations are shown). 

Legend:  White – RBF; Black – GA-RBF; Light Grey – SDSM

NB. In all cases SDSM/resampling results based on the average of 20 ensembles, the error bars denote the 95% confidence range derived from the ensemble site averages.
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Figure 3b. Correlations between modelled/observed for Valencia.

Legend:  Dark Grey – RBF (single-site) White – RBF; Black – GA-RBF; Light Grey – SDSM.
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Figure 3c. As Figure 2b but for Alicante.

Figure 3d. As Figure 2b but for Murcia.
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