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Precipitation is one of the most important climatic variables due to its direct impact on
water resources, agriculture and human livelihoods. Therefore, accurately assessing it is
of great significance. In recent years, gridded precipitation datasets incorporating station,
satellite, and reanalysis data have become widely used due to their accessibility,
affordability, suitable spatial coverage, lack of missing data, and long temporal duration.
However, it is essential to examine their accuracy and validity for scientific use. This study
evaluated five precipitation datasets — APHRODITE and CRU (raingauge-based),
PERSIANN-CDR (satellite and raingauge combination), and NCEP CFSR and ERA5
(reanalysis-based) — using the R?, NSE, NRMSE, BIAS, POD, FAR and CSI indicators,
in comparison with data from nine synoptic stations in Khuzestan Province. As there were
many indicators, the TOPSIS multi-criteria decision-making method was used to rank the
datasets at each station. The results showed that APHRODITE, CRU and NCEP/CFSR
performed best, with APHRODITE showing the greatest agreement with observations
across all stations. Its average indicators were POD =0.756, FAR =0.290 and CSI = 0.692.
It was also found that some datasets may be less accurate at estimating precipitation
amounts, but perform well at identifying rainy days. Therefore, the selection of a
precipitation dataset should be application-specific.

Introduction

Precipitation is a vital climate variable that exhibits
significant spatiotemporal variations. These variations
have a profound influence on all aspects of human life,
making accurate global measurement essential. Recent
technological advances in satellite technology, remote
sensing, computing and databases have introduced
new meteorological datasets that overcome the
limitations of traditional observations, such as
accessibility, cost, missing data and uneven station
distribution, while providing better spatial coverage.
These datasets have been assessed in numerous studies
worldwide. For instance, studies in China and Iran
have compared satellite and reanalysis data with
ground observations. These studies have generally
favoured satellite data (Wang et al., 2020), while also
demonstrating the high accuracy of certain reanalysis
models in specific basins (Eini et al., 2019). Other
studies have noted overestimations in data-scarce areas
(Dile and Srinivasan, 2014), better performance of
specific models like CFSR in different regions (Zhang
et al., 2013), and increased accuracy and reduced
deviations with reanalysis data like ERA5 (Tarek et al.,
2020). Some studies have indicated that ERA5 may
overestimate precipitation compared to observations,

while other models may underestimate it (Fallah et al.,
2020). Datasets such as APHRODITE have been
found to provide suitable estimates, closely matching
observations (Ghajarnia et al., 2015; Darand and
Khandu, 2020), although PERSIANN-CDR has
sometimes shown weaker results (Hosseini-Moghari et
al., 2018). CRU data has also demonstrated strong
agreement  with  observed  precipitation and
temperature in certain Iranian basins (Lotfi Rad et al.,
2025). This study focuses on evaluating and ranking
precipitation datasets in Iran’s Khuzestan province.

Materials and Methods

Subtitle

The province of Khuzestan, located in southwestern
Iran, spans approximately 64,000 square kilometres,
accounting for around 4% of the country’s total area.
The province's geography ranges from the Zagros
mountain range in the north and east to a vast plain that
extends south to the Persian Gulf and the Arvand
River. The province experiences a variety of climates,
including semi-desert conditions in the south and
centre (in places such as Abadan, Khorramshahr and
Ahvaz) and warm steppe climates in the north (in areas
such as northern Dezful, Behbahan and Ahvaz). For
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this study, precipitation data from nine stations across
the province were obtained from the Iran
Meteorological Organization (IRIMO).The study used
various precipitation datasets, which were categorised
as rain gauge-based, combined rain gauge and
satellite-based, or reanalysis-based. The PERSIANN-
CDR dataset was developed using remote sensing and
neural networks to estimate precipitation on a pixel-
by-pixel basis on a 0.25-degree grid, with the aim of
creating long-term time series. The CRU dataset
provides high-resolution gridded climate data derived
from the interpolation of numerous observational
stations. APHRODITE, created by Japanese research
centres, provides high-resolution gridded precipitation
data across Asia, based on rain gauge observations
spanning over 57 years. The CFSR is a reanalysis
dataset combining atmospheric, oceanic and land
surface data with 38 km resolution and 6-hour
temporal accuracy. Finally, the ERAS5 dataset,
produced by the ECMWEF, provides a wide range of
atmospheric, land and sea parameters on a high-
resolution, regular lat/lon grid with 137 pressure
levels.This research employs two groups of indices for
evaluation. The first group includes statistical
performance metrics such as NSE, RMSE, NRMSE,
BIAS, MAE, and R"2, which quantify the accuracy of
precipitation estimates. The second group, known as
categorical indices, comprises CSl, POD, and FAR,
and they are based on the occurrence or non-
occurrence of precipitation. In these categorical
indices, N represents the total number of data points,
and ‘i’ denotes a specific day. O; and M; are the
observed and estimated data, respectively. H, J, and F
represent correctly identified events, missed rainy
days, and incorrectly predicted precipitation amounts,
respectively. Specifically, POD measures a database’s
ability to correctly detect precipitation events (ranging
from 0 to 1, with values closer to 1 indicating better
performance). CSI indicates the fraction of actual
precipitation events that were correctly predicted,
essentially showing how well the database estimates a
“rain occurrence” when it actually happens. FAR, on
the other hand, quantifies instances where no
precipitation occurred but was incorrectly recorded by
the databases; a lower FAR value signifies better
database performance.

The TOPSIS (Technique for Order of Preference by
Similarity to Ideal Solution) method is a multi-criteria
decision-making (MCDM) approach introduced by
Hwang and Yoon in 1981. In this method, the best
option is selected by considering the smallest distance
from the ideal criterion and the largest distance from
the non-ideal criterion.

Shannon entropy quantifies the uncertainty within a
continuous probability distribution. The principle
behind this method is that the greater the dispersion in
the values of an index (or criterion), the more

significant that index’s importance. When the data in a
decision-making matrix are fully specified, and a
decision-maker wishes to calculate the weights of
these indices based on this data, the Shannon entropy
technique can be utilized for weighting.

Results and Discussion

Initially, the study computed the annual mean
precipitation for each station and for the evaluated
databases. The results show that APHRODITE, CRU
and NCEP CFSR generally estimate annual
precipitation more accurately, whereas PERSIANN-
CDR and ERA5 significantly deviate from
observational data, often overestimating rainfall. This
highlights that even models with an acceptable
correlation can still produce substantial errors in actual
precipitation amounts. Table 4 indicates that the R2
values for all stations and models are relatively high
(0.59-0.97). However, high R2 does not guarantee low
error since a dataset may reproduce temporal trends
accurately while still being biased in terms of
magnitude. APHRODITE provides the best R2? range
across all stations (0.88-0.97; mean 0.91), followed by
PERSIANN-CDR, ERA5, NCEP CFSR and CRU.
However, it is important to note that the practical
performance of ERA5 may be weakened by strong
overestimation. These findings are consistent with
those of previous studies which reported relatively
better performance for APHRODITE and comparable
correlation ranges for the other datasets.The study
found that data accuracy correlates with station
elevation and average annual precipitation. Higher-
elevation stations such as Masjed Soleiman and
Behbahan, which also receive more rainfall, showed
better R2 values. In contrast, model performance
declined in the flatter, drier southern areas due to
sparser, weaker rainfall events. APHRODITE
consistently outperformed other datasets across all
metrics (NSE, RMSE and NRMSE), achieving an
average NSE of 0.90 and an NRMSE of 0.53. This
indicates a strong replication of actual rainfall.
Conversely, ERA5 performed poorly with an average
NSE of 0.41 and an NRMSE of 1.27. It often
significantly overestimated precipitation (by 1.79-
18.78 BIAS), which renders it unsuitable for precise
applications. This finding is supported by multiple
studies on ERA5's overestimation, but is contrasted by
some research suggesting good ERA5 performance.
NCEP CFSR and CRU showed mixed results, while
PERSIANN-CDR also tended to overestimate, albeit
less consistently than ERAS5.The research also
evaluated precipitation datasets using the POD, CSI
and FAR metrics. CRU data demonstrated excellent
performance in accurately predicting precipitation
events, with CSI values ranging from 0.71 to 0.81
(average 0.78) across stations. In contrast,
PERSIANN-CDR exhibited the lowest CSI values.
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CRU also demonstrated favourable FAR values
(average 0.16), indicating fewer erroneous reports. It
is important to note that a dataset may be ineffective in
estimating rainfall amounts yet excel at identifying
rainy days. ERA5, for example, accurately identifies
rainy days but overestimates the amount, despite
estimation errors. With its balanced performance in
detecting rain and reducing false alarms, CRU appears
more suitable for rain event warnings and monitoring,
as well as analysing rainfall occurrence and climatic
monitoring. ERA5 and APHRODITE showed
excellent performance in correctly detecting
precipitation events based on the POD index.A Taylor
diagram summarised the performance of the station
precipitation datasets. APHRODITE data exhibited the
best performance, with the lowest root mean square
deviation (RMSD) at most stations (except Safiabad).
CRU data ranked second, while ERAS5 data were less
desirable than the others. Overall, the station-based
datasets (APHRODITE and CRU) performed better in
Khuzestan Province than the reanalysis data (ERADS).

The TOPSIS and Shannon entropy methods were used
to rank the datasets. Bias and FAR had the most
significant influence (over 75%) on the weighting,
while POD and R? had the least influence. This
suggests that systematic error metrics such as bias are
given greater weighting, whereas correlation indices
such as R2 are often given less weighting because they
do not solely represent the accuracy of rainfall
amounts, and many datasets with high correlation may
still lack acceptable precision. Consequently,

APHRODITE, CRU and NCEP CFSR showed better
results in four, three and two stations respectively,
whereas ERA5 and PERSIANN-CDR performed less
favourably in most stations.

Conclusions
This research evaluated several precipitation
estimation  datasets, including  gauge-based

(APHRODITE and CRU), gauge-satellite merged
(PERSIANN-CDR) and reanalysis (NCEP CFSR and
ERADS) products. Data from nine synoptic stations with
diverse climates in Khuzestan Province were used for
this evaluation. The long-term statistical period
allowed for stable results to be presented.

Initial comparisons showed that the APHRODITE data
had the highest level of agreement with the observed
data, likely due to its ground interpolation nature.
Accuracy was found to correlate directly with station
topography, elevation and annual rainfall, with higher,
wetter stations yielding better results. To rank the
datasets using multiple evaluation metrics, the multi-
criteria  decision-making technique TOPSIS was
employed, with Shannon entropy used for weighting.
The results indicated that the APHRODITE, CRU and
NCEP CFSR datasets performed better overall, while
the other two models performed less favourably. The
study suggests that the choice of dataset can affect the
outcome.
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Fig. 2. Comparison of the mean annual precipitation of the stations and the results obtained from the database outputs

OSes 0393 «al vio ERAD o0ls ol ogas 55 aslllas o]
cde a4 Jg ol asl colie R? ol (S p 50 ol
B kT FTAT LIS -5 PRVRV-JRY PO
APHRODITE Jas ;o R? jolie baolKiny! alS o mls
ok ) 1Y I IAA G g dmase @1l 1) s soglhae polie
PERSIANN-CDR (slaosls gl g canl yiite (+/3) oSkoo

Jsaz 5 oslitul 8,50 slaosls LIS cwyp @ bgsye gl
ol a5 sl o 51 S gl e o 0l LS F o las
0% o3l ;3 5 009r Cgllas Lo Joe adS 5 5 baolSisl ads” s R?
Logyl R (o5 YU a5 cudls gy il azdl o lo 41,5 <2V I
295 1) Ok gy (Jie Sl (S 1 o 390 line &
o e ol sl Uas gl oadly e 5 5l Lol s ol



VY

ool g g sian | e adllas ¢ S uess sy ool sl ools g 4, 5 (b))

o33 e 3l S 58 NSE GldSSle (25 o po lS (o) 2
4 0l e laJae plo 4 i APHRODITE ol sls
eSilie oo 4) /Y I JAD iy Lo olSiy] 45 oS g ,bs
1 s ol polie a8 el o, il bl e yeiie (+/2-
BB ok oSl b belfil ol
4 ERAS y CRU NCEP CFSR . PERSIANN-CDR

sosls

35 o yi ol polie g asligo /Y g Ve o /FF BV S
eolie a8 LT 51 asl cod slas ERAB Jos o laolSeyl
(ol polie g e Cor Jls o ,Slas cssolid V 4 ooy
wams e ol 1) Joe el e b she Spop Logas
15 51 APHRODITE ools ol 45 < lgice ol
IS 5 el 035 Joe s o il (o8l 3, 055
Goloun 0 5 atily s o Sles +/F) .Sk L ERAS ools
ot lin 580 5,15 (gl WaolKiny |

ool 3l 31 S 55 NRMSE  RMSE gl 4 bogs o gl
o2l 3> ) lolKiy] 45 ;o APHRODITE (slasols a5
Lol Il ;3 ERAS il g ol (5 uslbae polie ol
Tos & psY e oo oL 1) ool plisebl pas g 0395 Cgllas
5 o5sdr yligss il 55 il skl Counle a5 ol
5 kb S, slagil Jols o (lole 5 obs sblas
B 4 e Wl o el () pae (Vs slooy90 rmizeen
(RMSE) s Sloe 5 )bl sl aslis &y sloosls axgs L
S ol e 9 oty ool uizmen 08,5 Wil
35 o0 sanlive 45 (5 sboay il e Fslhae baolin] plu 4
el b b oKl 4dS ;5 NRMSE sl )l polie oSls
NCEP . PERSIANN-CDR . APHRODITE lesls
“IAA -]AA /A0 OY 35 a4 ERAS 4 CRU CFSR
5,5 APHRODITE sllas s Slas 51 Sl a5 asly o V/YY
sllan 5 Shas §f S (pedims 5 s o Sl o o
Khoshchehreh et al., 2020; Taghizadeh ) s.ub . ERA5
(etal., 2021

20 45 0gd oe canliv BIAS o 0 by o ol o) p b

NCEP CFSR . APHRODITE skeosls gl ol LJle

Colhe plaiz Koo Joe g0 @l 5 adle yugllas CRU

o8yl 5V ¥, i 5 4 CRU s NCEP CFSR .ERA.
CRU NCEP CFSR sools gl g o)ls 18 (sam oSl yo
Syl 1y polie o yieS oKl V 5 ¥ F o i 4 ERA
o ols osllas o Slee & 55 e 5 S0 S
Darand and Khandu, ) al o355 oLl APHRODITE
(2020; Ghajarnia et al., 2015; Shayeghi et al., 2020
Saemian ) Glalas b 50 b oo ple 4 by e bt s
acgaze jl polz b)) S ol .l suen (et al., 2021
ole las Gliol als sl &l Gl jo 54250 )L slacols
. PERSIANN-CDR laosls guli (Siwran wolyo 4
i 5 4 Slaslie sle ool LCRU ¢ NCEP CFSR ( ERA
ol 5 o0al Cewiy ol L a8 0l oo +/AY 5 +/AD o JAA o JAY
22l oo g b

LL3 ) ool Cawsay gl S8 4 558 o odlive gl (o b
SS9l Nbe 55 oK) gli)) g (B S565 b et
SV i) b sle olfs] ;5 45 (5 5bar 5l LaolSiin] aslls
b 31 5V RZ slio (Glente 5 oloske wes) L gl |
b o IS jsbay a5 el > ol 5 wiloe b ol
b Gblie) o 3blie ¥l (S5l (Sils ol ol
Ghls 51 5V (oS5 sl o sty aidls 5 5 ity lis)|
B b8l L85 31 5 g s 453L (] e o
38kee i SlinsS 5 by Gblie 3 Yseme ol glis
Ol o Gl olasy ez el e L el Sl gyl
s e ln ol oyl 5 cud paad 5 KT bl
ObeS blie 50 (blie 10 058 0 Folel At SYgare
X fcdend 5 poaiSly N,k gleolas ) (liwjs> 9ix lgen s
Ly alles ) 095 so oo s Slas il Esl £5d50 (rad 5
o,Lsl 5.5 (Darand and Khandu, 2020) ¢,.ééme 51 Koo (5 5
lie 4 Logyl s 5 glis)| o St (Siead Canl 00l
Slosls o515 5l 3l Wlg e a5k o Joo s Sy
Voo 5501l 03l 3L ol (sl ools ads a3 55 (5399
el S Ll el s s (e slade sl
P Sop ol s 4 saze Jlw glaJas ol
S e Sglits ¢ SlinsS slaslgenls



Y o)Lo..,.'f: AR 0,99 s‘sw..x..e‘.c ‘SNL.N )

A

o 1, Jade oy yieS PERSIANN-CDR sl,l, ;5 polia o
» FAR a3ls jlade a8 5 & jso Slaslxe gub puimen
sob a5 0l syuslhe Hladie CRU Joo jo bolSiws! ads
lbs gl 5 aib o V5 e ol WoolSii] 4alS o Lanwgio
i sm3 e s ol sl oLl sla U515 aiaj 3 oS
Lol calily chns (5,1 jlade (e Sl 510l S el (e
ooy oLy Jle jobay S Jos o3 SLL slajs, plubid o
I s b e 0 Uk o35 LERAB
Ll S oo ol 053 1, SLL slogs; 9 35l (aollae s
P CRU 60ls ol b 5055 oo 0,91 0 0 51 s 1) )b ladie
g andls Jolete o, Sles ol Jlace ol § cuvyo aseis
Sl SLb slag; (b g jlada slao )8 slp ki ool 5l
ol ek oSy oS (sl Wl oo oG (nl g s o0 L34
Oired BL dede SLL slajs; g9 Jliml (o)l g ¢ ool
«POD a3y (bl 32 (3l £585 qemmo (anseidd die) o
S 0,8des slyls APHRODITE § ERAS i )L sleolL
5 Seislnee ool sln CiF lye 5 wBls (ol
5 Sk oy, aeid jo Vb 85 wiejls a5 s Cu ke
s & APHRODITE oSl s Lol gl polie ol
U1y s &, ERAS Sl 5 S hlia 3 gy 3 Sl

ERAS glacols s auls aS 0aus o oanlie yuizres .abil o

VYA () 0isS o 955 Slaslie slaools i yiis

I, polie
5 PERSIANN-CDR sls osls ;s allee ol OVAIVA I
APHRODITE (slaosls 45 el Jo ,3 ol wys 5 sunlis

ogas 3 g wbd o Gl yeS | yolie by oliuy) I o
esas 5 gei Hhi kbl s o3 CRU 5 NCEP CFSR
poolie o oo YU glas )l b sblie ;o a5 540 o cunlie CRU
ol 5 lorlizmus o) wos o0 &) Sl (ol (e
3900 i 5l S o0 udiie | (S S (Ol
Chen et al.,, 2021; Fallah et al.,) s,ls ERAS slaosls
mls edixe Sy oS Jl> 0 .(2020; Izadi et al., 2021
Wang et al., ) _8ly ,laie ;| 2o |, PERSIANN-CDR
Fallah et al., 2020; ) 8y ,lade 5l S 5, 4 (2020
rosls ogas ;o .aileages b )15 (Gorjizade et al., 2019
Ghajarniaetal., ) ol,Ken g Li ;28 s 5.5 APHRODITE

ol 0395 2oy ¥ e 4 s 051 e 5l (S (2015
Sfdes 2Ll Glr g Gren cnl p0 Wbl a5 jshiles
solizl 55 FAR 5CSI .POD suaib sl asLis 5 laosls
oL « CSI ol ulol 3 005,5 oo alasdle a5 jolailen 0
g sbsmoin B 5L @Y o Skee s CRU ()L
VY e 5l Loty adS s asls ol il b
WolSitan] 4S8 cpizmen 0,18 (/YA Lawgio yob 4) </AY I

Shalie mls g oL oals sla oL 9 bl awlie ¥ Jous

Table 4. Comparison of precipitation database output results and observational results
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Figure 3. Taylor diagram of the stations and the results of each database
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Table 5. Weighting of criteria based on Shannon entropy and the results of the TOPSIS technique
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etale s 0.0074  0.0048  0.0928  0.6992 0.0009 0.0207  0.1741 2 5 3 1 4
50,99l 0.0104  0.0533 0.1447 05044  0.0021  0.0393  0.2459 2 4 3 1 5
(o2 ) dpael 0.0242 00626 01361 02072 0.0056 0.0555  0.5089 3 5 1 2 4
Sl 0.0294  0.0730 00536  0.6078  0.0018  0.0240  0.2104 4 > ? 1 3
Slsal 0.0037  0.0691 0.0665 0.7905  0.0012  0.0042  0.0648 1 4 3 2 5
ST ao 0.0085  0.2348 0.0841  0.4879  0.0055  0.0067  0.1726 2 3 4 1 S
Olete 0.0032  0.0919 0.1576 05711  0.0028  0.0352  0.1382 1 3 2 4 5
oeSile 1.89 4.00 233 211 444
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