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Dependence of long-term persistence properties of precipitation on spatial and regional characteristics
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1. Abstract 4. Stations location and Koppen-Geiger climate types 7. Regression predictors and cross-validation 10. Conclusions
The long-term persistence (LTP), else known in hydrological science as the Hurst « Sample of 1 535 stations is split into 80% fitting  Median is H = 0.56 for the dataset of 1 535 mean annual precipitation time series for
phenomenon, is a behaviour observed in geophysical processes in which wet years or : oI Koppen-Geiger climate types — _ _ set and 20% testing set. the time period 1916-2015.
dry years are clustered to respective long time periods. A common practice for gﬁw : "o e e e Combinations of predictor variables ||+ Performance of the linear models, random forests  Result is consistent with Fatichi et al. (2012), Sun et al. (2014) and Iliopoulou et al.
. . . . . . -l . .
evaluating the presence of the LTP is to model the geophysical time series with the S . A equatorial W desert h hotarid Combination Predictors and g}.le C.fores‘; alg(:;jlthm are Cor?lpallfﬁsfgrl\ialgl (2016).
. . . 2 B arid S steppe k cold arid - combination of predictors using the , , ] ] o ] o ]
Hurst-Kolmogorov process (HKp) and estimate its Hurst parameter H where high values 5 C warmtemperate f fullyhumid a hotsummer ; S MAPE and Pearson’s r metrics  Location of stations is important in predicting H, followed by the climate type and
of H indicate strong LTP. D snow s summerdry b warm summer 3 grouping 2 : o : elevation
_ o _ _ % & E polar w winterdry ¢ cool summer 4 grouping 3 * The metrics are calculated in the testing set. '
We estimate H of the mean annual precipitation using instrumental data from m monsoonal ;1 extlrenfnely continental 5 X,y  However, the order of importance of the three former variables depends on the
. . . . ) 50 ; ! ; polar frost 6 X, V. 7 Comb Linear model Random forests cforest .
approximately 1 500 stations which cover a big area of the earth’s surface and span o T polar tundra = e ouping 1 RMSE MAE MABE A RMSE  MAE MAPE A RMSE MAE MAPE  r algorithm.
: : : : 8 vz elevati 1 0.086 0.068 0.124 0.01 0.096 0.075 0.137 _0.02 _ , , _ _ ,
from 1916 to 2015. We regress the H estimates of all stations on their spatial and 5 i;;;;::t:gﬁ P 2 0.084 0.068 0.124 024 0.084 0.068 0.124 [ 0.24 [0.084 0.068 0.124 0.25 * The cforest algorithm estimates that the climate type is the most important, while
i et i : : i A -CCei i - : - - - S . ; 3 0.086 0.068 0.124 0.09 0.086 0.068 0.124 0. . . . . . .
regional characteristics (i.e. their location, elevation and Koppen-Geiger climate class) Exlrlnmatedass lglumberofstatlons Grouping 1_Grouping2 _Grouping 3 Regrouning of climate tymes. to 10 B 212322222?3351223 | ooee 0oce 016 —ooa oo ooce oaat oo due to its simultaneous handling of continuous and categorical variables can be
i i - d ) 'Y 7 ’ 5 0.086 0.068 0.125 0.06 0.080 0.063 0.114 0.42 : : . . : .
using a random forest algorithm. Furthermore, we apply the Mann-Kendall test under As 4 A A As increase the number of stations in 12 wo 6 | 0086 0.068 0123 011 TEEETEREHTREGE considered more reliable than the random forests in estimating the variable
' - i ' ionifi Aw 9 A A Aw 13 X,y, 2, elevation, grouping 1, u, 0 7 0.084 0.068 0.123 0.26 0 . . ) .
the LTP assumption (MKt LTP). t(.) al_l time series to assess the significance of observed o o o o teppe each regrouped type. ” X3 2. clovation, eroupine 2. 1. o T O s e T oe 0107 D4 importance.
trends of the mean annual precipitation. o o e + Grouping 1 includes types withlow || |11 3. clvation, rouping 3. o | oans oo b1z 02000z A4k uta_ass + The combinations 6 and 20 of predictor variables, which include, respectively, the
stations, while the predictive value of the fitted regression model is good. Thus when o S0 o : oy seasen considering their main climate and e soning ] 13 | 0082 0.067 0123 031 0073 0058 0106 053 ' f th ics, b ' ly, thei dictions had good
, % 8 g00d. Cfb 206 Cfb C without dry season precipitation type 19 latitude, grouping 1 | T s o ooee v10e oo in terms of the error metrics, but most importantly, their predictions had goo
' ioati ' isti Csa 41 Ca C summer dry ' 20 longitude, latitude 15 | 0.086 0.068 0.124 0.14 0.073 0.058 0.105 0.53 : :
1nve§t1gat1ng for _L'_TP properties We_ re_commend that the local characteristics S_ho}ll_d be Csb 125 Csb C summer dry  Grouping 2 classifies stations 21 %Ong?tuge' }at?tuge' g]roupi_ngl 16 | 0.086 0.068 0.124 0.05 0.098 0.077 0.141 0.14 0.084 0.067 0.121 0.28 correlation with the tested values.
Con51dere_d. Additionally, the gppllcatlon of the .M.Kt-_LTP suggests that. no s¥gn¥f¥cant Cwa 5 ca ‘ mggﬁgyseamn according to their main climate. 4f ANEINGE. SLIaS.CEvALAD. el (|1 | ooeg 0008 126 024 0051 0072 0132 02 0081 0064 0.1s7 037 * The inclusion of the climate type and the elevation (combinations 9, 23) improved
monotonic trend can characterize the global precipitation. Dominant positive significant Df 148 Df D withoutdry season | [« Grouping 3 is similar to that of 24 longitude, latitude, elevation, grouping 2 || 7% | &0 L0 e e e 0075 6001 0110 019 further, albeit little, the performance of the random forests. However, this marginal
trends are observed mostly in main climate type D (snow), while in the other climate ore >2 e D e oy e Ragulina and Reitan (2017), who > longitude, latitude, clevation, erouping 1,4, o ||21 | 0084 0.068 0124 025 0082 0063 0116 038 0.080 0.062 0.114 0.39 improvement means that the information obtained from the geographic location of
. . s . . [ . . . : T ’ ] Lo 22 0.086 0.067 0.123 0.13| 0.077_0.060 0.109 0.45/ 0.078 0.061 0.110 0.43
types the percentage of stations with positive significant trends was approximately Dsc 1 Dsw D summer dry regrouped the stations according 27 longitude, latitude, elevation, grouping 2, 4, 0 || )3 | (084 0068 0124 0.25[0.079 0.062 0.113 0.41]0.080 0.062 0.114 039 h i lreadv includes the inf i fthe cli
. S » o8 lonsitude latitude. elevation. sroubine 3. 4. o the station already includes the information of the climate type.
1 to that of ti ionifi tt ds. Furth 50% of all stati d t Dwb 3 Dsw D winter dry to precipitation conditions. SIHUCe, ' , STOUPING 3, 1, 0 |124 0.085 0.067 0.122 0.17 0.078 0.061 0.111 0.43] 0.080 0.062 0.114 0.38
equal to tnat or negative signiticant trends. rurtnermore, o OI all stations Ao no Dwc 4 Dsw D winter dry 25 0.086 0.067 0.123 0.14| 0.078 0.061 0.110 0.43 0.079 0.061 0.112 0.40
TR R ET 9 E E olar tundra 26 | 0.082 0.067 0.122 032 0.074 0.059 0.108 0.51 0.077 0.061 0.111 0.46
exhibit significant trends at all. P 27 | 0085 0.067 0.122 020 0.075 0.059 0.108 0.50 0.077 0.060 0.109 0.46
28 | 0.086 0.068 0.123 0.15 0.075 0.059 0.108 0.50 0.076 0.060 0.109 0.47
2. Introduction 5. H estimate and climate type 8. 5-fold cross-validation, variable importance 11. Conclusions
 Long-term persistence (LTP) is an inherent property of geophysical processes in 1 : :  The overall result is that the random forest algorithm can predict well the LTP of the
'5 P (LTP) PrOpErty Ot 5COPHY p . . Results of the 5-fold cross-validation Variable importance . 5 P :
which wet years or dry years are clustered to respective long time periods 60 1 [N Medi f H estimat mean annual precipitation, when the location characteristics are used as predictor
HIK [ ]
(Koutsoyiannis 2002). I © 11a ? 005 6 CSHIMATES Nethod ____somb Mol Vall Va2 Vald Vai Yals * Permutation importance measures variables while their performance is considerably better compared to the predictive
i egual to U. . ' ' ' ' ' .- . . . . . . .
« The LTP can be modelled with the Hurst-Kolmogorov process (HKp) and 5 - 9 ; | 2 r 035 028 028 024 0.30 ‘l’)"ere used. ability of the simple distribution of H, particularly in terms of the correlation
. . . . @ o 9 RMSE  0.074 0.071 0.074 0.081 0.076 . ermutation 1mportance measures . .
characterizes the magnitude of LTP (Koutsoyiannis 2003). g gistr;gzggitivith srlllorrgit 9  r 049 049 049 o042 o049l o the mean decrease in classification between the predicted and the estimated values.
* Estimation of H is important in engineering practice (Lins and Cohn 2011). " - 01 X Ep 16 RMSE 0092 0.091 0,089 0089 0087 0.0%9 accuracy after permuting each * Therefore, the random forests can be used to predict H in locations without data or
« Uncertainty increases substantially when LTP is present (Koutsoyiannis 2006; (0,1) seems to be a 17 RMSE  0.095 0.094 0.090 0.102 0.096 0.095 predictor variable in the trees of the insufficient quantity of data and can serve as a substitute of spatial interpolation
o _ _ o reasonable model for H. 17 r 015 010 0.19 007 012 0.12 trained model. thod
Koutsoyiannis and Montanari 2007; Tyralis and Koutsoyiannis 2014). 0{ a—a oo 18 RMSE 0.082 0.084 0083 0.089 0.080 0.084| | = poo g oo g e methods.
. . O . . . ' ' ' 18 r 040 033 035 033 044 037 : . . L . .
« Significant trends under the independence assumption can be considered non- 04 - 08 15 RMSE  0.092 0.089 0.087 0.09% 0.088 0.090 applied to the dataset.  Compared to spatial algorithms the random forests excel in combining information
significant under the LTP assumption (Hamed 2008). : 19 021 020 024 017 028 0.22 from distant locations through the common latitude, climate type and elevation
_ _ _ o o | . : : e H does not sienificantl 20 RMSE 0.078 0.075 0.074 0.081 0.077 0.077 . : : . e s
A few studies examine the LTP properties of global precipitation (Fatichi et al. 2012; o : | ary with rou§in " y 20 r 0 045 044 049 043 048 046) random forests variables, even if the spatial coverage is limited and non-uniform.
Sun et al. 2014; Iliopoulou et al. 2016). Evidence of LTP presence in annual g ool y 5 5 < 21 r 044 047 048 042 049 046| 8 . * Median value of the estimated trends is 0.36 mm/year.
precipitation records is inconclusive (0’Connell et al. 2015). § T * Its values are near to the 23 RMSE 0074 0.072 0078 0.082 007710.07¢ £ - v « Dominant positive significant trends are observed mostly in main climate type D.
44 } 1 r : : : : : : E . . . L . .
Here we: - ! : - median value 0.56. Truncated normal RMSE  0.085 0.082 0084 0.089 0.088 0086 * In the other climate types the percentage of stations with positive significant trends
, ! , , : 0.01 0.01 -0.01 -0.07 -0.01 -0.01 I . . . g
 Estimate H of mean annual precipitation time series from instrumental o e : - | . | | is approximately equal to that of negative significant trends.
oppen-eiger climate class clim elev a on . . . . . . .
measurements. " “ ariabe | « In main climate types A-D 50% of the stations are characterized by insignificant
* Investigate possible relationships between H and station location features (latitude, _ S , +  Grouping 1 seems to be a 5 | Combination 23. | L , . trends.
. . . 0.8 . L % o " VoLl L0 . . . . . .
longitude, elevation, climate type). . . better predictor, because = | random forests {1 Lis . 00016 ] — * Alimitation of our study is that the random forests algorithm can predict values only
: : : : o E 064 : L Ty o ' TR 3 if given values of the predictor variables are within the range of the fitting set.
 Examine the importance of location features in predicting H. - o Q H Q? of the higher variation of 5 & A R g oo g 165 p_ i€ - W 8. | 8
« Predict H using location features as predictor variables. = 1 H between different L T C o C A DU o B . * Thus, the limited availability of data prohibits the generalization of the method to
. . . . . . . . s . ? _ - R . 0.0008 i A - i i i
* Estimate trends of mean annual precipitation and their significance. e climate classes. S A - | | | | regions and Koéppen-Geiger climate classes, which are not represented by the
. . . . A BS BW Ca Cfa Cfb Csb Dfa Dfb Dfc Dsw ET ° d at as et.
* Perform an exploratory analysis on the trends coupled with station location features. Koppen-Geiger dlimate class 04 03 08 07 08 09 00004 -——+ + - -
7 estmate Variable * For more details see Tyralis et al. (2017).
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