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14 Highlights:

15  Two indices – MRAI and SRAI are proposed for estimating extreme rainfall anomaly.

16  Proposed indices demonstrates strong agreement with RAI index model.

17  MRAI and SRAI captures extremely wet dry anomaly conditions in CONUS.

18  IMERG showed prospects for modeling the MRAI/SRAI indices.
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34 Abstract

35 This research proposes two revised rainfall anomaly index models – the Modified Rainfall Anomaly 

36 Index (MRAI) and the Standardized Rainfall Anomaly Index (SRAI). The proposed models addresses 

37 concerns with the existing Rainfall Anomaly Index (RAI) model, such as the RAI’s inability to 

38 capture extremely dry and extremely wet ranges of rainfall anomaly efficiently, and the crude 

39 rationale behind the RAI formulation. To assess the models’ performance on a continental scale, the 

40 Integrated Multi-Satellite Retrievals for GPM (IMERG) was adapted for locations in Conterminous 

41 United States (CONUS). The IMERG data provides an opportunity to scale the study to ungaged 

42 locations and beyond the CONUS. To enhance the robustness of the analysis and increase confidence 

43 in model outputs, daily annual maximum series (AMS) from 2,360 stations provided by the National 

44 Oceanic Atmospheric Administration (NOAA) served as reference data. The station data was applied 

45 to the existing RAI model, and IMERG applied to proposed MRAI and SRAI indices. Based on the 

46 study findings, the kurtosis of the MRAI index ranged from 0 to +0.9 and was consistently higher 

47 than SRAI and RAI across the years. The SRAI exhibited a kurtosis range between -0.9 and -0.1. The 

48 median index range of SRAI lies between -2 and 0, MRAI lies between 0 and +2, while RAI lies 

49 between -1 and +1. Comparing the proposed MRAI and reference RAI, the statistics showed an 

50 average PRB of -23.5, RMSE of 0.93, MBR of 0.74, NSE of 0.82, and KGE of 0.53. In contrast, the 

51 statistics between the SRAI and RAI indices recorded an average PRB of -14.5, RMSE of 1.7, MBR 

52 of 0.8, NSE of 0.41, and KGE of 0.46, respectively. Spatially, the MRAI exhibited a tendency to 

53 capture positive rainfall anomalies leaning towards extremely wet conditions, while the SRAI 

54 demonstrated a tendency to capture negative rainfall anomalies leaning towards extremely dry 

55 conditions. Together, the three indices shows prospects for climate change study applications 

56 especially when used together.
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57 1 Introduction

58 Rainfall indices for measuring anomalies from extreme rainfall events (severe rainfall and 

59 droughts) have become vital tools for climate change studies worldwide (K. O. Ekpetere et al., 2024; 

60 Raziei, 2021; Vicente-Serrano et al., 2010). With increasing global fluctuations in droughts and 

61 floods (Gil-Alana et al., 2022; Huang et al., 2021), scientists are tasked with identifying indices that 

62 best capture these extreme variations. Due to global fluctuations in precipitation, arid regions are 

63 becoming drier while flood-prone areas are experiencing intensified flooding driven by climate 

64 change (Armal & Khanbilvardi, 2019; Córdova et al., 2022). Although the Intergovernmental Panel 

65 on Climate Change (IPCC) has reported a shift towards wetter conditions on a global scale as a result 

66 of climate change, regional trends deviate substantially (Armal & Khanbilvardi, 2019; Baratto et al., 

67 2024; Xu et al., 2022; L. Yu et al., 2016).

68 Over the years, several indices have been developed for drought monitoring, including the 

69 Standardized Precipitation Index (SPI) (Mckee et al., 1993), the Standardized Evapotranspiration 

70 Index (SPEI) (Vicente-Serrano et al., 2010), the Palmer Drought Severity Index (PDSI) (Palmer, 

71 2006), and the decile index, which are used globally (Raziei, 2021). These indices are straightforward, 

72 requiring only precipitation as input, and have proven effective in studies on extreme droughts 

73 worldwide (Gavahi et al., 2022; Kumar et al., 2022; G. Zhang et al., 2021). On the other hand, the 

74 Rainfall Anomaly Index (RAI), developed by Van Rooy in 1965 (Van-Rooy, 1965), has remained a 

75 standard for calculating anomalies aimed at assessing extreme rainfall changes globally (Costa & 

76 Rodrigues, 2017; Koudahe et al., 2017; Van-Rooy, 1965). However, RAI has shortcomings that have 

77 been overlooked over the years (Raziei, 2021), particularly in its use of an arbitrary ranking system 

78 to select values for the model.
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79 The RAI model uses a ranking system to assign magnitudes to negative and positive 

80 precipitation anomalies (K. O. Ekpetere et al., 2024; Raziei, 2021; Van-Rooy, 1965). Though 

81 straightforward, relying on a simpler normalization process than SPI, the rationale behind the ranking 

82 magnitude has been questioned (K. O. Ekpetere et al., 2024; Nasta et al., 2020; Raziei, 2021; S. Wang 

83 et al., 2019). According to RAI’s formula, positive anomalies use the average of the 10 highest 

84 recorded precipitation values, while negative anomalies use the average of the 10 lowest values after 

85 ranking (Van-Rooy, 1965). The choice of 10 is arbitrary, with Van Rooy selecting this number based 

86 on the conception that averaging the 10 extremes would represent mean conditions of an extreme dry 

87 or wet year (K. O. Ekpetere et al., 2024; Raziei, 2021). However, climatologically, a 10-year 

88 timeframe is insufficient for climate change measurement, where a 30+ year period is considered 

89 standard (Corringham et al., 2022; Ripple et al., 2024). RAI formulation is further limited when data 

90 length is short (WMO, 2009). To address these issues, this study proposes two Rainfall Anomaly 

91 indices that incorporate the complete range of rainfall data for RAI model formulation.

92 Another contribution of this study is leveraging the Integrated Multi-Satellite Retrievals for 

93 Global Precipitation Measurement (IMERG), a satellite precipitation product (SPP) that can extend 

94 rainfall anomaly calculations from to global scale, and covering data-scarce locations (Aksu et al., 

95 2023; Huffman, 2020; Ning et al., 2017; Pucknell et al., 2020). Earlier studies on anomaly indices 

96 primarily relied on rainfall records from point-location stations (Lau & Behrangi, 2022) or watersheds 

97 (Noor et al., 2021), and these station records are particularly limited in ungaged areas (Bonnin et al., 

98 2006; K. Ekpetere, 2024). This scarcity can introduce uncertainty in the validity and reliability of 

99 such applications (Alamri & Subyani, 2017; Costa & Rodrigues, 2017; De Paola et al., 2014; Duque-

100 Gardeazabal & Rodríguez, 2023; D.-E. Kim et al., 2019; Noor et al., 2021; Tan & Yang, 2020; 

101 Willems, 1999, 2000). To fill these gaps, SPPs like IMERG are essential for supplementing missing 
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102 gage data globally (K. Ekpetere, 2024; K. Ekpetere et al., 2023; NOAA-OWP, 2022; Perica et al., 

103 2013), offering broad precipitation coverage (J. Chen et al., 2022; H. Gu et al., 2016; Pradhan et al., 

104 2022; Schamm et al., 2014; G. Zhao et al., 2022), and ensuring reliable precipitation availability (Kasi 

105 et al., 2022; D.-E. Kim et al., 2019; Mab et al., 2019; Tan & Yang, 2020).

106 Previous research has shown that IMERG aligns well with station observations (Anjum et al., 

107 2018; Dehaghani et al., 2023; K. O. Ekpetere & Coll, 2024; Huffman, 2020; Min Yang et al., 2019; 

108 J. Wang et al., 2021; Y. Wang et al., 2023; Weng et al., 2023; Yuan et al., 2018; H. Zhao et al., 2018; 

109 Zhou et al., 2023). IMERG provides global coverage from 0 – 65° N/S, with a spatial resolution of 

110 0.1° and a temporal resolution of half-hour (Huffman, 2020; Peinó et al., 2023; Sathianarayanan & 

111 Hsu, 2023; Tang et al., 2020; Xin et al., 2022). IMERG’s advanced hydrological applications arise 

112 from its integration of optical and radar sensor data. It combines outputs from the Global Precipitation 

113 Measurement (GPM) and Tropical Rainfall Measuring Mission (TRMM) and is calibrated with over 

114 80,000 Global Precipitation Climate Center (GPCC) gage records (Anjum et al., 2018; Huffman, 

115 2020; Schamm et al., 2014). IMERG estimates have proven invaluable for flood risk assessment and 

116 management globally, aiding in planning flood control infrastructure such as dams, culverts, levees, 

117 and bridges, which protect farmlands, buildings, and lives (Adeel et al., 2023; Ahn et al., 2014; 

118 Bathrellos et al., 2016; Corringham et al., 2022; Devitt et al., 2021; Gabriels et al., 2022; Quinn et 

119 al., 2019).

120 Numerous studies have sought to improve the RAI index, either by revising the RAI model 

121 (Raziei, 2021) or evaluating the strengths and weaknesses of the current RAI model (K. O. Ekpetere 

122 et al., 2024). Raziei (2021) proposed a new RAI index that utilizes the 5th and 95th percentiles of 

123 ranked precipitation data, averaging the bottom 5% and top 5% of data rather than averaging the 

124 bottom and top 10 data records, as proposed by Van Rooy in 1965. Raziei’s revised RAI index has 

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=5011477

Pr
ep

rin
t n

ot 
pe

er 
rev

iew
ed



7

125 shown promise but was found to be more applicable to arid regions with a high probability of zero 

126 precipitation (PZP). The use of only 45 gauging stations for Iran also introduced considerable 

127 uncertainty in the index model validity proposed by Raziei (2021). In a related study, Armal & 

128 Khanbilvardi (2019) examined temporal anomalies in extreme U.S. precipitation and climate 

129 influences using quartile perturbations across 1,041 stations, noting drier conditions in mid-20th 

130 century and wetter conditions in recent decades (Armal & Khanbilvardi, 2019). Nasta et al. (2020) 

131 analyzed seasonal-rainfall anomalies’ impact on water balance components using the SWAT model 

132 in southern Italy, identifying seasonal-dependent regression equations linking water yield and dryness 

133 index during the wet season (Nasta et al., 2020). Additionally, Henny et al. (2023) used Global 

134 Historical Climate Network (GHCN) data to examine extreme U.S. precipitation between 1979 and 

135 2019 (Henny et al., 2023). Le et al. (2023) highlighted climate-driven predictions of seasonal 

136 precipitation through seasonal sea surface temperature (Le et al., 2023). Other studies have explored 

137 large-scale circulation anomalies’ role in U.S. extreme precipitation changes (Yu et al., 2016), the 

138 North American Monsoon Systems’ (NAMS) multi-decadal variability from 1948 to 2009 (Arias et 

139 al., 2012), and the primary climatic factors influencing precipitation anomalies in South America 

140 such as intensity, the El Niño effect, and meridional position (Córdova et al., 2022). 

141 While prior research has examined the strengths and limitations of the current RAI index, 

142 limited efforts have been made to develop a model that fully leverages the available rainfall records 

143 for optimal anomaly representation (Da Silva et al., 2021; Peinó et al., 2023; Raziei, 2021; Tan & 

144 Santo, 2018; Yuan et al., 2018). To address this gap, this study proposes two revised RAI models: (1) 

145 the Modified Rainfall Anomaly Index (MRAI), which incorporates the entire data range by factoring 

146 in the minimum and maximum values in the series, and (2) the Standardized Rainfall Anomaly Index 

147 (SRAI), which considers the standard deviation of extreme rainfall events. MRAI thus reflects 
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148 anomalies relative to the full data span, while SRAI highlights deviations based on average and 

149 extreme conditions.

150 The objectives of this study are: (1) to revise the existing RAI index by proposing the MRAI 

151 and SRAI as alternative models to address known RAI uncertainties, (2) to examine the potential and 

152 limitations of IMERG data for computing anomaly indices across various stations in CONUS, and 

153 (3) to perform a comparative assessment of the proposed rainfall anomaly indices (MRAI and SRAI) 

154 across the 2,360 stations—evaluating these indices on yearly, regional, and full-scale levels. The 

155 remainder of this paper is organized as follows: Section 2 describes the study area and data, Section 

156 3 details the methodology, Section 4 presents and discusses the results, and Section 5 offers 

157 conclusions.

158

159 2 Study Area and Data

160 2.1 Study Area

161 The 2,360 stations used in this study are located within CONUS, covering an estimated 

162 area of 3,119,885 square miles (approximately 8,080,464 km²), with roughly 83.65% of this 

163 area comprising land. Mean annual precipitation in CONUS varies significantly from as little 

164 as 2.5 inches in the driest regions (e.g., Nevada and Arizona) to over 200 inches in the eastern 

165 and southern areas (e.g., Louisianna), generally following a west-to-east gradient (Figure 1). 

166 The selected NOAA stations corresponds to 2,360 unique pixels of IMERG data. At the time 

167 of this study, NOAA station data were unavailable for the northwestern part of CONUS, as 

168 coverage extensions were underway (NOAA, 2017, 2021; NOAA et al., 2015; NWS, 2020) 
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169  

170
171          Figure 1. Extent of the conterminous United States (CONUS) highlighting the 2,360 NOAA stations and the 

172 mean annual precipitation depth (in inches). It is important to note that the Northwestern CONUS, which 

173 includes Idaho, Montana, Oregon, Washington, and Wyoming, does not have available station data at the 

174 time of this study.

175 2.2 IMERG Precipitation Data 

176 IMERG data have a temporal resolution of half-hourly, a spatial resolution of 0.1° × 0.1°, and 

177 a coverage range of 0–65° N/S. The IMERG remote sensing precipitation data combine inputs from 

178 several algorithms: the Global Precipitation Measurement Profiling Algorithm (GPROF), the 

179 Precipitation Retrievals and Profiling Scheme (PRPS), the PERSIANN Cloud Classification System 

180 (PERSIANN-CCS), the Global Precipitation Climatology Project – monthly satellite-gage (GPCP-

181 SG), and the Combined Radar Radiometer Algorithm (CORRA) (Huffman, 2020; Huffman et al., 

182 2007). IMERG offers three distinct products: “Early-run”, “Late-run”, and “Final-run”.

183 The algorithm generates these products in stages. First, the “Early-run” estimates are produced, 

184 becoming available approximately 3.5 hours after observation time (AOT). Next, the “Late-run” 

185 estimates are released around 12 hours AOT. Finally, the “Final-run” estimates are produced about 
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186 three months AOT, following calibration by the Global Precipitation Climate Center (GPCC) (Dekai 

187 Lu & Bin Yong, 2018; Zhou et al., 2023). The IMERG Early and Late-run products incorporate 

188 climatological data for corrections, while the Final-run is calibrated using over 80,000 GPCC station 

189 observations worldwide (Gebregiorgis et al., 2018; Huffman et al., 2007; Pradhan et al., 2022; 

190 Schamm et al., 2014). The IMERG-Final product Version 07 was used in this study. The IMERG 

191 dataset spans from 2000 to the present (Huffman, 2020).

192 2.3 NOAA Station Data 

193 The NOAA station dataset is the authoritative Annual Maximum Series (AMS) observation 

194 dataset, highly recommended for meeting national standards (Gao et al., 2018; Perica et al., 2013). 

195 The NOAA database provides the reference precipitation data for this study (NOAA, 2017). The 

196 AMS observations cover durations ranging from 5–minutes up to 60–days. The database includes 

197 records dating back to the 1950s (NOAA-OWP, 2022; Perica et al., 2013) and contains data from 

198 over 16,000 stations across CONUS. However, only about 2,360 stations meet the 22-year record 

199 requirement (2001–2022) and were used to validate the revised RAI indices (MRAI and SRAI). Table 

200 1 compares the NOAA station data with the satellite-based IMERG data. 

201

202 Table 1: Comparison of NOAA station data and IMERG satellite precipitation data.

Characteristics NOAA station Data IMERG Satellite Data

Spatial Resolution ≥ 200 m (varies) 0.1˚ (~11 km)

Temporal Resolution 5-min to 60-days Half-hourly

Period 2001 – 2022 2001 – 2022 

Sensor(s) Rain gages GMI & DPR

Area coverage CONUS Global
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Calibration Gage TRMM, TMPA, & GPCC 

Ownership NOAA NASA & JAXA

Reference (Perica et al., 2011) (Huffman et al., 2020)

203

204 3 Methods

205 3.1 Calculating Annual Maximum Series (AMS) from IMERG

206 The station-based AMS for NOAA data are precomputed and downloaded as-is (Bonnin et 

207 al., 2006; Perica et al., 2013). In contrast, IMERG data is available in 30-minute increments (Da 

208 Silva et al., 2021; Tang et al., 2020). To compute the daily annual maximums for each grid 

209 location, 48 overlapping 30-minute rainfall pixels were summed to create a 24-hour duration 

210 total. This accumulation period spans from January 1 at 00:00 UTC to December 31 at 23:30 

211 UTC for each year. The data covers the years 2000 to 2023, though 2000 and 2023 were excluded 

212 due to incomplete records. For 2000, IMERG data begins only from June 3, while data from 

213 2023 was excluded to align with the station record period. The accumulated daily annual 

214 maximum for each year (2001 to 2022) was calculated across all 2,360 IMERG pixels co-located 

215 with 2,360 stations (point-to-grid comparison).

216 3.2 Computing RAI

217  The RAI, developed by Van Rooy in 1965, is a rank-based system for measuring drought 

218 anomaly indices, assigning magnitudes to negative (deficit) and positive (surplus) precipitation 

219 anomalies (Van Rooy, 1965). This index helps classify rainfall anomalies by scaling extremes within 

220 a nine-category scheme, ranging from extremely wet (RAI ≥ 3) to extremely dry (RAI ≤ -3). Previous 

221 studies have demonstrated the classification scheme’s applicability to various drought and excess 
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222 rainfall conditions, including flash droughts, meteorological drought, deep soil moisture drought, and 

223 hydrological drought (Raziei, 2021). The RAI is computed as shown in Equation 1 below.

224 𝑅𝐴𝐼 = { 3(𝑃𝑛 ― 𝑃
𝑀― 𝑃)           if  𝑃 > 𝑃, 

―3(𝑃𝑛 ― 𝑃
𝐿 ― 𝑃 )       if  𝑃 < 𝑃          

 (1)

225 In Equation 1, 𝑃𝑛 represents the sequence of daily maximums for each year n (2001 to 2022), 𝑃 

226 is the mean precipitation for the series of daily maximums across all n, 𝑀 is the average of the 

227 top 10 largest values from the n series, 𝐿 is the average of the top 10 lowest values from the n 

228 series. The ± 3 is the standardization prefix is used to limit the lower and upper bounds of the 

229 anomalies to a unity-based feature scaling, ensuring that the anomalies are asymmetrically 

230 distributed between the predefined limits (-3 and +3). From Eq. (1), for a positive anomaly where 

231 𝑃𝑛 ― 𝑃 is less than 0, the prefix is assigned a negative value; conversely, where 𝑃𝑛 ― 𝑃 is 

232 greater than 0, the prefix is assigned a positive value.

233 Equation 1 presents several uncertainties, such as the choice of the 10 smallest and 10 

234 largest values in the AMS for computation, which is not scientifically justified. Additionally, the 

235 RAI has demonstrated strong performance in dry and moderate climates but has shown bias in 

236 highly humid regions, such as CONUS (Raziei, 2021). Raziei (2021) noted that the calculation 

237 of the top and bottom averages in Eq. (1) may skew the anomalies, warranting a revision to 

238 capture the full data range.  

239

240

241

242
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243 Table 2: Classification scheme of the RAI index (Raziei, 2021; Van Rooy, 1965).

RAI Class description

≥ 3.00 Extremely wet

2.00 to 2.99 Very wet

1.00 to 1.99 Moderately wet

0.50 to 0.99 Slightly wet

-0.49 to 0.49 Near normal

-0.99 to -0.50 Slightly dry

-1.99 to -1.00 Moderately dry

-2.99 to -2.00 Very dry

≤ -3.00 Extremely dry

244

245 3.3 Computing Modified Rainfall Anomaly Index (MRAI)

246            The choice of 10 measurements from the series of AMS (n) for calculating 𝑀 and 𝐿 was 

247 arbitrarily made by Van Rooy in 1965, as he believed that the average of 10 extremes might 

248 represent the average conditions of an extremely wet and extremely dry year. Consequently, the 

249 RAI carries some uncertainties when there are fewer years of extremely dry and extremely wet 

250 rainfall derived from a complete dataset of no more than 10 years of AMS. To address this 

251 concern, the Modified RAI (MRAI) is proposed to fully accommodate the entire data range (i.e., 

252 the minimum and maximum values in the series). The MRAI provides an absolute measure of 

253 anomaly over a broader scope, revealing rainfall variability and making it particularly useful for 

254 understanding how specific years or events deviate within the complete record. The MRAI can 

255 highlight relative shifts across an entire timeline, offering insight into years with exceptionally 

256 high or low rainfall in a broader historical context. The MRAI is presented in Equation 2.        
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257 𝑀𝑅𝐴𝐼 = { 3( 𝑃𝑛 ― 𝑃
𝑃𝑚𝑎𝑥 ― 𝑃)           if  𝑃 > 𝑃, 

―3( 𝑃𝑛 ― 𝑃
𝑃𝑚𝑖𝑛 ― 𝑃)       if  𝑃 < 𝑃          

(2) Where 

258 𝑃𝑚𝑎𝑥 is the maximum precipitation value in the n series, and 𝑃𝑚𝑖𝑛 is the minimum 

259 precipitation. Equation 2 ensures a comprehensive account of the anomalies from the actual 

260 rainfall extremes by considering both ends of the value spectrum.

261

262 3.4 Calculating Standardized Rainfall Anomaly Index (SRAI)

263  The National Weather Service (NWS) has recommended that an ideal RAI should incorporate 

264 standard deviation to capture deviations around the mean of the AMS (NOAA, 2017; NWS, 2020). 

265 However, a RAI model that includes standard deviation has yet to be implemented. This study 

266 introduces the concept of standard deviation to compute a Standardized Rainfall Anomaly Index 

267 (SRAI). The SRAI focuses on variability specifically around the standard deviation, which is 

268 particularly sensitive to extreme rainfall events. This makes the SRAI effective in detecting and 

269 quantifying the intensity and frequency of anomalous events relative to average conditions, with a 

270 particular emphasis on extremes. The SRAI index will be useful for identifying trends in the intensity 

271 of extremes, aiding in the assessment of shifts in the distribution of high-magnitude events that may 

272 indicate changing climatic patterns. The SRAI is presented in Equation 3.

273 𝑆𝑅𝐴𝐼 = { 3(( 𝑃𝑛 ― 𝜎
𝑃𝑚𝑎𝑥 ― 𝜎))           if  𝑃 > 𝑃, 

―3(( 𝑃𝑛 ― 𝜎
𝑃𝑚𝑖𝑛 ― 𝜎))         if  𝑃 < 𝑃          

(3)

274

275 Where 𝜎 is the standard deviation from the n series of precipitation values. 

276

277 3.5 Fitting to Probability Distribution Function (PDF) and Kurtosis of indices
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278 The three anomaly indices (RAI, MRAI, and SRAI) were subjected to a probability density 

279 function (PDF) based on the Gumbel distribution to evaluate their effectiveness in estimating extreme 

280 rainfall anomaly scenarios. The Gumbel PDF was selected to fit the distributions of the indices 

281 following its suitability for extreme value representation and asymptotic distribution (Fadhel et al., 

282 2017). Kurtosis was computed for all three anomaly indices and compared against normal 

283 distribution. The Gumbel PDF equation 𝐹1(𝑥) is provided in Equation 4 below.   

284

285 𝐹1(𝑥) =
1

𝜎 2𝜋exp( ― 1
2

(𝑥 ― 𝜇
𝜎

)2)                                      (4)

286

287 Where 𝐹1(𝑥) represents the exceedance probability function of the Gumbel PDF, x denotes the 

288 AMS. The parameters 𝜇𝑖 and 𝜎𝑖 correspond to the parameters – mean and standard deviation of the 

289 theoretical distribution functions of the Gumbel PDF.

290 A reference normal distribution was derived based on the normal distribution from Equation 

291 5 below. The normal distribution serves as a benchmark to assess the characteristics of the indices. 

292  

293 𝐹2(𝑥) = exp[ ―exp( ― 𝑥― 𝜉1

𝛼1
)]                                        (5)

294

295 Where 𝐹2(𝑥) represents the exceedance probability function of the Normal distribution, 

296 x denotes the AMS. The parameters 𝜉𝑖 and 𝛼𝑖 correspond to the parameters (mean and standard 

297 deviation) of the theoretical distribution functions of the Normal distribution. Kurtosis for all three 

298 anomaly indices was computed based on the general kurtosis equation presented in Equation 6. The 

299 kurtosis values generally ranged from -1 to +1. Kurtosis values around 0 indicate a normal 
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300 distribution, as expected. Values greater than 0 suggest positive kurtosis, indicating a more peaked 

301 distribution with a higher likelihood of estimating extreme rainfall events. Conversely, values less 

302 than 0 depict negative kurtosis, implying a flatter distribution with a reduced tendency to capture 

303 extreme events (Bono et al., 2020; Klima, 2021). 

304  

305 𝑘 = Е[(𝑥 ― 𝜇
𝜎

)4] =
Е[(𝑥 ― 𝜇)4]

(Е[(𝑥 ― 𝜇)2])2                                          (6)

306

307 Where 𝑘 represents the kurtosis estimate, x denotes the AMS. The parameters 𝜇𝑖 and 𝜎𝑖 

308 are the mean and standard deviation. Figure 2 shows the comparison of Normal, positive, and negative 

309 kurtosis. A negative kurtosis (blue) produces a flatter curve and lies below the normal kurtosis 

310 (green), and when anomaly index type portrays such characteristics, it may not properly reflect 

311 extreme events. On the other hand, a positive kurtosis (red) peaks above the normal curve and suitably 

312 captures extreme anomaly events (Bono et al., 2020; Raziei, 2021). The summary workflow 

313 illustrates the IMERG AMS extraction, anomalies derivation, fitting to PDF, and evaluation of indices 

314 are presented in Figure 3.
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315

316 Figure 2. Ideal distributions for varying ranges of kurtosis. The positive distribution (red) above the 

317 normal curve (green) tends to capture extremely wet conditions, while the negative, flatter distribution 

318 (blue) below the normal curve captures extremely dry conditions.

319

320      
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321 Figure 3. Summary workflow for modeling the proposed indices (MRAI and SRAI).

322 3.6 Evaluation Statistics

323 The proposed rainfall anomaly indices (MRAI and SRAI), modeled from IMERG data, are 

324 evaluated against the RAI index derived from NOAA station data. To assess performance, six 

325 statistical metrics were used: Pearson correlation coefficient (CC), percentage relative bias 

326 (PRB), root mean squared error (RMSE), Mean Bias Ratio (MBR), Nash-Sutcliffe Efficiency 

327 (NSE), and Kling-Gupta Efficiency (KGE) (Table 3). The mathematical formulations, value 

328 ranges, optimal value thresholds, and units for each evaluation metric are detailed in Table 3, 

329 where O represents the reference RAI index values across the years (2001–2022) and P 

330 represents the proposed indices (MRAI and SRAI).

331 Table 3. Statistical metrics for evaluating the indices (MRAI and SRAI). O is the reference RAI index, P 

332 are the proposed indices (MRAI and SRAI), N is a set 2360 stations, μ is the mean, S standard deviation.

Statistics Formula Range Optimal 
Value Unit

Correlation Coefficient 
(CC)

𝐶𝐶 =
∑
𝑛∈𝐍 (𝑃𝑛 ― 𝑃)(𝑂𝑛 ― 𝑂)

∑
𝑛∈𝐍 (𝑃𝑛 ― 𝑃)2 ∑

𝑛∈𝐍 (𝑂𝑛 ― 𝑂)2
-1 to 1 1 Unitless

Percentage Relative Bias 
(PRB) 𝑃𝑅𝐵 = 100 ×

∑
𝑛∈𝐍 (𝑃𝑛 ― 𝑂𝑛)
∑
𝑛∈𝐍𝑂𝑛

-∞ to +∞ 0 %

Root Mean Square Error 
(RMSE) 𝑅𝑀𝑆𝐸 = ∑

𝑛∈𝐍 (𝑃𝑛 ― 𝑂𝑛)2

|N|
0 to +∞ 0 Unitless

Mean Bias Ratio 
(MBR) 𝑀𝐵𝑅 =

𝜇𝑃
𝜇𝑂

0 to 1 1 Unitless

Nash-Sutcliffe Efficiency
(NSE) 𝑁𝑆𝐸 = 1 ―

1
𝑛
∑𝑛
𝑖=1 (𝑃𝑛 ― 𝑂𝑛)2

1
𝑛 ― 1

∑𝑛
𝑖=1 (𝑂𝑛 ― 𝜇𝑂)2

0 to 1 1 Unitless

Kling-Gupta Efficiency
(KGE) 𝐾𝐺𝐸 = 1 ― (1 ―

𝑆𝑃
𝑆𝑂)2

+ (1 ―
𝜇𝑃
𝜇𝑂)2

+ (1 ― 𝜌)2 -∞ to 1 1 Unitless

333

334
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335 4 Results and Discussions

336 4.1 Comparing PDFs from anomaly indices

337 Figure 4 depicts the PDFs of the RAI (in red), MRAI (in blue), and SRAI (in green), 

338 compared against the Normal PDF (dark broken line) from 2,360 stations across multiple years 

339 (2001–2022). As observed, over the years, the MRAI index recorded a more peaked distribution 

340 compared to the RAI and SRAI. When comparing the indices with the normal distribution, we 

341 find that all three indices (RAI, MRAI, and SRAI) exhibit elevated peaks, except for the years 

342 2004 and 2022, where both RAI and SRAI fell below the normal distribution curve. The higher 

343 peaked curves above the normal suggest a tendency for these particular index models to capture 

344 extreme value rainfall statistics associated with positively skewed anomalies. To support these 

345 findings, kurtosis values were computed for all three indices and illustrated in Figure 5. Kurtosis 

346 values around 0 indicate a normal distribution, suggesting that the index may not properly 

347 capture both extreme (extremely dry and extremely wet) conditions. Values greater than 0 

348 indicate a positive kurtosis, suggesting a more peaked distribution with a higher likelihood of 

349 estimating extreme rainfall events, thereby allowing the index to capture extremely wet 

350 anomalies. Conversely, values less than 0 indicate a negative kurtosis, implying a flatter 

351 distribution with less tendency to capture extreme events, thus enabling the index to capture 

352 extremely dry anomalies (Bono et al., 2020; Klima, 2021).

353 Figure 5 provides additional statistical insights into Figure 4, revealing that the MRAI has 

354 a higher propensity to capture extreme positive rainfall anomalies (i.e., extremely wet 

355 conditions) compared to the conventional RAI index, which exhibited a kurtosis value around 0. 

356 In contrast, the SRAI demonstrated a greater capacity to capture severely negative rainfall 

357 anomalies (i.e., extremely dry conditions) compared to the MRAI and RAI indices. Together, 
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358 Figures 4 and 5 illustrate the strengths of the proposed indices (MRAI and SRAI) in relation to 

359 the existing RAI index, providing users with ample opportunity to determine which set of indices 

360 best suits their specific needs. For research focused on capturing extreme wet conditions, the 

361 MRAI may be a superior choice compared to the existing RAI index due to its ability to capture 

362 extreme rainfall statistics in extremely wet areas, while the SRAI may be more appropriate when 

363 the goal is to analyze extreme rainfall statistics in an extremely dry area.

364 Raziei (2021), in an earlier attempt to simplify the RAI index using rainfall records from 

365 45 stations in Iran, modeled the simplified standardized precipitation index (SSPI). Although the 

366 strength of the SSPI was primarily aimed at detecting extreme dry anomaly conditions in the 

367 Middle East, the study indicated that the existing RAI index, when fitted to a Gumbel PDF 

368 distribution, was close to the normal distribution PDF curve. This observation is consistent with 

369 the findings of this research. The RAI index in Figure 4 is normally distributed compared to the 

370 MRAI and SRAI indices, which aligns with Raziei (2021). The PDF distribution outcomes for 

371 both MRAI and SRAI indices were within expectations, demonstrating a tendency to capture 

372 extreme rainfall anomaly statistics that occur at both ends of the anomaly spectrum (extremely 

373 dry vs. extremely wet). The kurtosis of the MRAI index ranged from 0 to +0.9, while the SRAI 

374 exhibited kurtosis values between -0.9 and -0.1.

375 The kurtosis distribution and statistical insights for extreme rainfall anomalies provide 

376 practical implications for understanding and adapting to climate change, particularly regarding 

377 flood and drought risk management, agricultural practices, and community resilience. Higher 

378 kurtosis values for the MRAI index indicate an ability to capture extreme wet conditions, which 

379 is critical for forecasting and preparing for flood-related disasters. Conversely, the SRAI index, 

380 with negative kurtosis values, is better suited for identifying extreme dry conditions, informing 
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381 drought preparedness strategies. By understanding these extreme conditions more accurately, 

382 communities can be better prepared for the impacts of climate change on water availability, 

383 particularly in regions where rainfall patterns are increasingly unpredictable and extreme (Ahn 

384 et al., 2014; Pilgrim & Cordery, 1975; Viglione & Blöschl, 2009; Wasko et al., 2023). 

385 Emergency management agencies and policymakers could leverage these indices to create 

386 tailored responses for regions prone to floods or droughts, promoting resilience through 

387 improved infrastructure planning, resource allocation, and early warning systems.

388 In similar domains like agriculture, the ability to distinguish between extreme wet and dry 

389 anomalies is essential for crop planning and water resource management (Bedane et al., 2022; 

390 Zachariah et al., 2020; Zaveri et al., 2020). The MRAI’s tendency to capture extreme wet events 

391 could aid in planning for crop selection and irrigation needs in flood-prone areas, potentially 

392 reducing crop losses during heavy rainfall seasons. Similarly, the SRAI's insights into extreme 

393 drought conditions can help farmers adopt drought-resistant crops or water-saving practices, 

394 promoting agricultural sustainability in dry regions. These indices allow agricultural 

395 stakeholders to make data-driven decisions, aligning their practices with climate variability and 

396 mitigating the economic impacts of climate extremes. By selecting indices tailored to specific 

397 rainfall anomalies, regions can better adapt their agricultural and community planning strategies, 

398 thereby enhancing food security and economic stability amidst the challenges posed by climate 

399 change.

400 The practical implications of using the MRAI and SRAI indices extend to broader climate 

401 change monitoring and adaptation strategies, as these indices help capture shifts in rainfall 

402 patterns, such as the increasing frequency of extreme wet and dry days, which are expected 

403 outcomes of climate change. By utilizing these indices, climate scientists and policymakers can 
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404 detect trends in anomalous rainfall days, which provides a clearer picture of changing 

405 precipitation patterns, especially under extreme conditions. The MRAI's capacity to identify 

406 more frequent extreme wet days aligns with the observed trend toward more intense rainfall 

407 events, which has been linked to global warming and atmospheric instability. By identifying and 

408 quantifying these trends, communities can bolster flood mitigation measures, such as 

409 constructing more efficient drainage systems, enhancing reservoir capacities, and planning urban 

410 spaces to reduce flood risks.

411 Similarly, the SRAI’s strength in capturing extremely dry days provides essential insights 

412 for regions likely to experience extended droughts due to climate change. As climate models 

413 project an increased likelihood of prolonged dry spells in some regions, the SRAI index allows 

414 for proactive measures, such as optimizing water storage, implementing drought-resistant 

415 agricultural practices, and preparing for water scarcity by regulating consumption. These indices 

416 are valuable for early-warning systems, offering a predictive element that empowers 

417 communities to respond to both emerging and future climate risks. By continuously monitoring 

418 MRAI and SRAI trends, climate adaptation strategies can be refined and made more responsive, 

419 enabling the tracking of both immediate and long-term shifts in rainfall patterns due to climate 

420 change and facilitating resilient planning across vulnerable sectors, from agriculture to urban 

421 infrastructure.
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422

423 Figure 4. PDF distributions for the three anomaly indices: RAI (red), MRAI (blue), and SRAI (green),  

424 compared to the normal distribution (dark dashed line).

425

426

427 Figure 5. Kurtosis estimates for the three anomaly indices: RAI (red), MRAI (blue), and SRAI (green). These 

428 estimates were calculated using yearly anomaly index values from 2,360 stations.
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429 4.2 Comparing time variability of the indices

430 The time variability of the median values is compared for the three indices. Figure 6 

431 presents a box-plot comparison of the median anomaly index for all three indices by year. Across 

432 the years from 2001 to 2022, the median range of the SRAI index was between -2 and 0, the 

433 MRAI median index ranged from 0 to +2, while the median index value for the RAI was between 

434 -1 and +1. Figure 6 suggests that the MRAI tends to estimate extremely wet anomaly conditions, 

435 whereas the SRAI captures extremely dry conditions. Interestingly, all three indices exhibit a 

436 similar pattern, showing a rising and falling trend over the years, with a consistent increase from 

437 2014 to 2022, indicating an increase in annual maximum rainfall depth in recent years. The 

438 observed increase in rainfall depth across CONUS, particularly in recent years, has been noted 

439 in earlier studies (Arias et al., 2012; Henny et al., 2023; Nasta et al., 2020).

440 Henny et al. (2023), in a recent study assessing the impacts of a warming global climate on 

441 seasonal large-scale extreme precipitation in CONUS, demonstrated that warming global 

442 temperatures between 2007 and 2019 are responsible for increasing rainfall intensity, frequency, 

443 and depth across the United States. Nasta et al. (2020), in a related study examining the impact 

444 of seasonal rainfall, found that changing climate conditions have led to increased rainfall 

445 frequency and intensity globally between 2010 and 2018. Several other studies have analyzed 

446 rainfall anomaly indices across various regions and found a subtle but increasing rainfall trend 

447 in recent years (Arias et al., 2012; Córdova et al., 2022; Huang et al., 2021; S. Wang et al., 2019).

448 Through this study, we not only observed the increasing trend in rainfall anomaly estimates 

449 in recent years but also demonstrated how various rainfall indices capture these anomalies, 

450 thereby revealing their strengths and weaknesses. The findings regarding the median observed 

451 rainfall indices are supported by earlier studies. For instance, Raziei (2021) found that the 
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452 median range of the RAI index was between -0.5 and +0.5, with a flexible range between -1 and 

453 +1. In this study, we observed a consistent range of -1 and +1 across the years 2001 to 2022. To 

454 support the observations in Figures 4 and 5, this study showed that the MRAI and RAI indices 

455 may be suitable for extremes that are not ideally computable using the RAI approach, with the 

456 MRAI tending toward extremely wet observations and the SRAI tending toward extremely dry 

457 observations. Combining the three indices provides an opportunity to conveniently monitor 

458 extreme rainfall anomalies worldwide, making this fusion vital for climate change studies 

459 concerning extreme drought and precipitation.     

460

461 Figure 6. Assessment of the median distribution for the three anomaly indices: RAI (red), MRAI (blue), and 

462 SRAI (green). The median distributions are derived from yearly anomaly index values across 2,360 stations.

463 The revised indices (MRAI and SRAI) computed from IMERG data for the 2,360 stations 

464 were directly compared with the standard RAI index computed from NOAA gage data across 

465 multiple years from 2001 to 2022. Figure 7 presents the direct comparison between the MRAI 

466 (y-axis) and RAI (x-axis) indices for the years 2001 to 2022. The relationship exhibited a strong 
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467 positive correlation coefficient (CC) value ranging from 0.93 to 0.95 [2001 to 2022], with an 

468 average CC of 0.946. The SRAI index was also evaluated against the RAI across the same set of 

469 stations for the years 2001 to 2022 (Figure 8). The relationship between SRAI and RAI showed 

470 a CC ranging from 0.68 to 0.85, with an average CC of 0.71, indicating a stronger relationship 

471 between the MRAI and RAI indices than between the SRAI and RAI indices. 

472

473 Figure 7. Relationship between the MRAI (y-axis) and RAI (x-axis) indices for the years 2001–2022. The 

474 computed anomalies are based on daily annual maximum rainfall estimates from 2,360 stations.
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475

476 Figure 8. Relationship between the SRAI (y-axis) and RAI (x-axis) indices for the years 2001–2022. The 

477 computed anomalies are based on daily annual maximum rainfall estimates from 2,360 stations.

478 The full statistical evaluation over time is presented in Table 4. The relationship between 

479 MRAI and RAI showed an average statistic: CC estimate of 0.946, PRB estimate of -23.5, RMSE 

480 estimate of 0.93, MBR estimate of 0.74, NSE estimate of 0.82, and KGE estimate of 0.53. In 

481 contrast, the relationship between the SRAI and RAI indices was quite different, with average 

482 statistics showing: CC at 0.76, PRB at -14.5, RMSE at 1.7, MBR at 0.8, NSE at 0.41, and KGE 

483 at 0.46 across the years. These results clearly indicate a stronger agreement between the MRAI 

484 and RAI indices than between the SRAI and RAI indices when compared over the same time 

485 scale.

486 The observation that MRAI and RAI have a stronger agreement is not surprising, as 

487 earlier work by Raziei (2021) showed that RAI and SSPI—a similar approach to MRAI that uses 
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488 the 5th and 95th percentiles of the values rather than the minimum and maximum values from the 

489 full data range – reported a strong agreement (>0.85) across multiple durations of rainfall. The 

490 SRAI demonstrated a good agreement with RAI, with an average CC of 0.76, suggesting its 

491 usefulness alongside MRAI. 

492 Table 4. Statistical results comparing MRAI and SRAI against RAI across the time intervals (2001–2022).

 MRAI SRAI
Year CC PRB RMSE MBR NSE KGE CC PRB RMSE MBR NSE KGE
2001 0.943 -16.289 0.898 0.837 0.812 0.632 0.728 9.319 1.709 1.000 0.319 0.658

2002 0.950 -16.048 0.872 0.840 0.828 0.642 0.712 11.030 1.799 1.000 0.270 0.634

2003 0.950 -4.297 0.957 0.957 0.798 0.621 0.701 7.200 1.840 1.000 0.253 0.639

2004 0.928 -48.600 1.051 0.514 0.774 0.408 0.812 -54.213 1.506 0.458 0.536 0.413

2005 0.946 -69.503 0.896 0.305 0.856 0.261 0.879 -200.031 1.291 0.000 0.701 -1.007

2006 0.949 -21.060 0.883 0.789 0.811 0.596 0.754 30.794 1.664 1.000 0.329 0.543

2007 0.946 -14.035 0.935 0.860 0.827 0.657 0.712 -5.907 1.834 0.941 0.334 0.680

2008 0.941 -79.424 0.981 0.206 0.804 0.141 0.800 -70.626 1.537 0.294 0.518 0.254

2009 0.948 -15.275 0.908 0.847 0.806 0.611 0.677 1.465 1.884 1.000 0.163 0.609

2010 0.943 -85.573 0.968 0.144 0.807 0.082 0.809 -123.965 1.525 0.000 0.521 -0.263

2011 0.949 -11.410 0.930 0.886 0.819 0.644 0.703 -4.557 1.847 0.954 0.286 0.660

2012 0.949 -15.012 0.846 0.850 0.849 0.694 0.772 -0.523 1.566 0.995 0.485 0.749

2013 0.951 -17.924 0.899 0.821 0.831 0.636 0.690 -0.163 1.880 0.998 0.262 0.654

2014 0.951 -15.358 0.899 0.846 0.827 0.641 0.806 19.284 1.488 1.000 0.526 0.688

2015 0.949 10.431 0.942 1.000 0.843 0.686 0.766 -3.803 1.705 0.962 0.485 0.748

2016 0.945 -7.096 0.930 0.929 0.823 0.669 0.749 14.970 1.739 1.000 0.383 0.662

2017 0.947 -4.601 0.932 0.954 0.827 0.675 0.796 62.908 1.579 1.000 0.503 0.323

2018 0.953 3.221 0.925 1.000 0.792 0.608 0.698 19.715 1.842 1.000 0.175 0.558

2019 0.946 -15.219 0.902 0.848 0.802 0.610 0.752 27.942 1.649 1.000 0.337 0.567

2020 0.946 40.859 0.962 1.000 0.817 0.472 0.745 38.077 1.743 1.000 0.400 0.522

2021 0.944 -83.789 0.980 0.162 0.810 0.099 0.789 -87.751 1.584 0.122 0.503 0.090

2022 0.948 -30.055 0.875 0.699 0.869 0.648 0.849 -8.412 1.348 0.916 0.690 0.826

min 0.928 -85.573 0.846 0.144 0.774 0.082 0.677 -200.031 1.291 0.000 0.163 -1.007

max 0.953 40.859 1.051 1.000 0.869 0.694 0.879 62.908 1.884 1.000 0.701 0.826

average 0.946 -23.457 0.926 0.741 0.820 0.533 0.759 -14.420 1.662 0.802 0.408 0.464

493

494
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495 4.3 Comparing variability of the indices with precipitation depth across time

496 Comparing the rainfall anomaly indices with precipitation depth provides insights into how 

497 changes in precipitation might be captured by the indices. Figure 8 illustrates the relationship 

498 between the MRAI and RAI indices against the daily annual maximum rainfall depth from 2,360 

499 stations across the years 2001 to 2022. Both MRAI and RAI exhibited consistent agreement with 

500 precipitation depth, with correlation coefficients (CC) ranging from 0.37/0.38 to 0.51/0.52 for 

501 the RAI and MRAI, respectively. With 2,360 stations covering 3,119,885 square miles of 

502 CONUS, the relationship between the indices and precipitation depth is considered high, with 

503 CC values greater than 0.4, particularly when accounting for uncertainties from the stations.

504 Similarly, the relationship between SRAI and precipitation (Figure 9) yielded CC values 

505 ranging from 0.23 to 0.55, with an average CC of 0.4 across the years 2001 to 2022. Although 

506 Raziei (2021) reported a higher CC range between RAI and precipitation depth (ranging from 

507 0.97 to 1) across 45 stations, those results included several unresolved uncertainties due to the 

508 limited number of stations used. Consequently, the high CC values reported by Raziei (2021) 

509 are somewhat subjective. In contrast, this study utilized 2,360 stations, which increases the 

510 robustness of the analyses and reduces uncertainties arising from climate variability.

511 Figures 8 and 9 also demonstrate a strong correlation between the anomaly indices modeled 

512 from IMERG data (MRAI and SRAI) and those derived from NOAA station rainfall data (RAI) 

513 over the years. Notably, the CC relationship between MRAI modeled from IMERG data shows 

514 nearly a one-to-one correspondence with RAI modeled from NOAA station data (Figure 8), with 

515 a CC ratio of approximately 1. Meanwhile, SRAI from IMERG data exhibited a lower CC 

516 relationship with RAI from NOAA station data (Figure 9), with an average CC ratio of about 

517 0.7.
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518 The relationship between rainfall anomaly indices is crucial for end-users who rely on these 

519 indices to plan and prepare for the impact of a changing climate. This study supports earlier 

520 claims that remote sensing precipitation products like IMERG can aid locations lacking adequate 

521 gaging networks in assessing rainfall anomalies. One significant application of the relationship 

522 between anomaly indices and changes in depth in precipitation is in agriculture. Previous studies 

523 have shown that farmers utilize these rainfall anomaly indices to predict crop yield performance 

524 amid fluctuating rainfall intensities and frequencies (Gornall et al., 2010; Mohammadi et al., 

525 2023; Wilson et al., 2022). However, the focus has primarily been on rainfall deficits (droughts) 

526 with less attention on rainfall surpluses (H. Chen et al., 2023; K. O. Ekpetere et al., 2024; 

527 Seleiman et al., 2021; Weng et al., 2023; Zachariah et al., 2020).

528 Recently, studies have begun to explore how surplus rainfall can impact crop productivity 

529 (Bedane et al., 2022; Iizumi et al., 2024; Y.-U. Kim et al., 2024; Li et al., 2019). The revised 

530 rainfall anomaly indices developed in this study will benefit both farmers and scientists 

531 interested in assessing changes in rainfall deficits and surpluses, including hydrologists engaged 

532 in flood forecasting (K. Ekpetere, 2024; LaRocque, 2013; VDCR, 2015; Zischg et al., 2018). 

533 City planners can also enhance their community planning efforts by recognizing the full 

534 spectrum of rainfall variations (Ahn et al., 2014; Boota et al., 2015; Fashae et al., 2017; Trinh et 

535 al., 2022). 
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536

537 Figure 8. Relationship between annual maximum rainfall depth (from 2,360 stations) and anomaly indices 

538 (MRAI and RAI) across the years 2001–2022. 

539
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540

541 Figure 9. Relationship between annual maximum rainfall depth (from 2,360 stations) and anomaly indices 

542 (SRAI and RAI) across the years 2001–2022. 

543

544 4.4 Performance of indices in extreme rainfall locations in CONUS 

545 The modeled indices (MRAI and SRAI) were evaluated in extreme climate regions within 

546 the CONUS to assess their performance in both extremely wet and extremely dry climates. 

547 Twenty stations were randomly selected from Louisiana and Nevada based on earlier extreme 

548 rainfall anomaly studies in CONUS. Armal & Khanbilvardi (2019) and Singh et al. (2020) 

549 identified Louisiana as having the highest annual rainfall depth and Nevada as having the lowest 

550 in recent years. The presence of the Mississippi River, susceptibility to tropical cyclones 

551 (Tibbetts, 2006), and dual rainy seasons (in spring and fall), along with an average rainfall depth 
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552 of 57.05 inches (Brown et al., 2020; Faiers et al., 1994), characterize Louisiana as a wet state. In 

553 contrast, Nevada has recorded the lowest amounts of rainfall depth, intensity, and frequency over 

554 the past decade (Pan et al., 2011; Z. Yu et al., 2015).

555 The MRAI and SRAI indices demonstrated a strong relationship with the RAI base index 

556 in extremely wet locations (Figure 10). Across the 20 selected stations in Louisiana, the anomaly 

557 trends between the indices followed similar patterns and were highly consistent. The statistics 

558 presented in Table 5 show strong agreement between MRAI and RAI, with average statistics of 

559 CC: 0.943, PRB: 0.075, RMSE: 0.923, MBR: 0.727, NSE: 0.815, and KGE: 0.036. Similarly, 

560 the statistics for SRAI and RAI yielded average values of CC: 0.908, PRB: 1.38, RMSE: 1.21, 

561 MBR: 0.865, NSE: 0.678, and KGE: -1.330. These results indicate a stronger relationship 

562 between MRAI and RAI in extremely wet stations of Louisiana compared to the SRAI and RAI 

563 comparison.

564 In the dry station locations of Nevada, MRAI showed close agreement with RAI, whereas 

565 SRAI did not exhibit a consistent pattern with RAI (Figure 11). At many stations in Nevada, 

566 SRAI peaked above the other indices, indicating a tendency to detect extreme fluctuations in low 

567 rainfall trends. One important characteristic of the SRA index is its ability to capture extreme 

568 rainfall anomalies in extremely dry locations, as demonstrated in Figure 11. The statistical 

569 comparison between the advanced indices and RAI is presented in Table 6. For MRAI and RAI, 

570 the average statistics were CC: 0.957, PRB: 0.133, RMSE: 0.887, MBR: 0.819, NSE: 0.841, and 

571 KGE: 0.351. In contrast, for SRAI and RAI, the average statistics were CC: 0.582, PRB: -2.126, 

572 RMSE: 2.074, MBR: 0.557, NSE: -0.119, and KGE: -3.841. These findings align with earlier 

573 studies demonstrating the potential of satellite precipitation products to model rainfall anomalies 

574 in extreme wet and dry conditions, such as those observed in California, Nevada, and Arizona 
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575 (Byrne et al., 2023; Faiers et al., 1994; L. Gu et al., 2023; Hoell et al., 2022; Hu et al., 2021; Z. 

576 Yu et al., 2015).

577 This work demonstrates that the use of IMERG data to model both MRAI and SRAI indices 

578 holds promise for wider evaluation in regions beyond CONUS. With nearly global coverage, 

579 IMERG will assist researchers and policymakers in effectively monitoring extreme events 

580 (Gavahi et al., 2022; Vicente-Serrano et al., 2010; Weng et al., 2023; G. Zhang et al., 2021; Y. 

581 Zhang et al., 2023). Furthermore, IMERG can be utilized to monitor anomalies arising from 

582 changes in the global climate (K. Ekpetere et al., 2022, 2023; Felder et al., 2019; Weng et al., 

583 2023; Yuan et al., 2019).  

584 The results of the MRAI and SRAI indices across regions with varied rainfall patterns 

585 highlight significant practical applications in fields like agriculture, urban planning, water 

586 resource management, and climate resilience. In areas with high rainfall, such as Louisiana, the 

587 MRAI’s alignment with the RAI indicates its utility for identifying and preparing for extreme 

588 wet conditions. This capability is particularly beneficial in agriculture, where understanding 

589 periods of excessive rainfall can help farmers plan crop cycles, select flood-resistant crop 

590 varieties, and manage soil health to prevent waterlogging. Additionally, urban planners can 

591 utilize the MRAI to design more flood-resilient infrastructure by identifying trends in extreme 

592 rainfall events. This knowledge informs the construction of stormwater systems, drainage 

593 networks, and flood defenses, ultimately improving city resilience to high-intensity storms and 

594 minimizing property damage. Emergency management teams can also leverage the MRAI’s 

595 insights for early warning systems, enabling timely evacuations and resource allocation during 

596 extreme weather events.

597
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598 In arid regions, such as Nevada, the SRAI’s capacity to capture extreme dry anomalies 

599 proves invaluable for water resource managers, who can use it to monitor drought onset and 

600 severity. This information enables better planning for water allocation, storage, and distribution, 

601 crucial for sustaining both municipal and agricultural water needs in drought-prone areas. The 

602 SRAI can also guide agricultural decisions in dry regions by helping farmers optimize water use 

603 and invest in drought-resistant crops, irrigation technologies, and soil conservation techniques, 

604 thus enhancing crop yields and financial stability under adverse conditions. Furthermore, the 

605 ability of MRAI and SRAI indices to detect rainfall extremes beyond CONUS regions, through 

606 globally applicable IMERG data, supports climate adaptation strategies in countries facing 

607 varying and intensifying rainfall patterns. Researchers and policymakers can use these indices 

608 to track climate change impacts on rainfall at a global scale, developing tailored climate-resilient 

609 policies for regions prone to either floods or droughts. This localized approach based on regional 

610 rainfall patterns allows for more effective allocation of resources, efficient disaster response 

611 planning, and a proactive stance in adapting to evolving climate realities.
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612

613 Figure 10. Variability assessment of the anomaly indices (MRAI, SRAI, and RAI) in the humid climate of 

614 Louisiana, based on selected stations. 

615

616 Table 5. Statistical results comparing MRAI and SRAI against RAI across 20 selected stations in Louisiana.

 MRAI SRAIStation-
ID CC PRB RMSE MBR NSE KGE CC PRB RMSE MBR NSE KGE

169803 0.965 0.217 0.758 1.000 0.890 0.675 0.919 -1.532 1.097 0.000 0.769 -0.546

169357 0.950 -0.461 1.029 0.539 0.800 0.411 0.914 1.635 1.179 1.000 0.738 -0.641

168539 0.956 -0.536 0.949 0.464 0.822 0.371 0.898 0.914 1.214 1.000 0.709 0.068

168440 0.927 -0.186 0.878 0.814 0.811 0.648 0.849 2.291 1.580 1.000 0.388 -1.300

168067 0.880 0.175 1.013 1.000 0.724 0.599 0.883 2.155 1.389 1.000 0.481 -1.163

167932 0.958 0.581 0.952 1.000 0.825 0.329 0.937 1.251 0.967 1.000 0.820 -0.257

167738 0.938 -0.157 0.791 0.843 0.836 0.684 0.906 1.614 1.205 1.000 0.620 -0.628

166978 0.965 -3.145 0.890 0.000 0.851 -2.160 0.898 -7.231 1.241 0.000 0.710 -6.233

166664 0.951 -0.896 0.971 0.104 0.814 0.046 0.901 2.329 1.352 1.000 0.639 -1.336
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166660 0.934 -0.435 1.152 0.565 0.753 0.402 0.940 2.723 1.284 1.000 0.693 -1.724

166582 0.955 4.796 0.876 1.000 0.848 -3.805 0.923 8.989 1.009 1.000 0.799 -7.991

166394 0.953 -0.820 1.009 0.180 0.783 0.104 0.898 1.890 1.396 1.000 0.584 -0.900

166324 0.947 1.516 0.951 1.000 0.807 -0.555 0.914 3.754 1.094 1.000 0.745 -2.758

166305 0.939 -0.456 1.023 0.544 0.783 0.416 0.935 1.395 1.110 1.000 0.744 -0.402

166244 0.934 -0.345 0.841 0.655 0.814 0.556 0.904 0.851 1.159 1.000 0.647 0.125

165620 0.926 -0.157 0.944 0.843 0.780 0.613 0.911 1.033 1.188 1.000 0.651 -0.038

165266 0.962 0.075 0.751 1.000 0.884 0.745 0.900 1.548 1.247 1.000 0.680 -0.560

165078 0.981 1.633 0.753 1.000 0.909 -0.652 0.954 -0.694 0.844 0.306 0.885 0.296

164816 0.939 -0.018 0.826 0.982 0.833 0.712 0.885 1.008 1.159 1.000 0.672 -0.021

164700 0.908 0.108 1.104 1.000 0.737 0.588 0.898 1.591 1.381 1.000 0.588 -0.595

min 0.880 -3.145 0.751 0.000 0.724 -3.805 0.849 -7.231 0.844 0.000 0.388 -7.991

max 0.981 4.796 1.152 1.000 0.909 0.745 0.954 8.989 1.580 1.000 0.885 0.296

average 0.943 0.075 0.923 0.727 0.815 0.036 0.908 1.376 1.205 0.865 0.678 -1.330

617

618
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619 Figure 11. Variability assessment of the anomaly indices (MRAI, SRAI, and RAI) in the dry climate of 

620 Nevada, based on selected stations. 

621

622 Table 6. Statistical results of MRAI and SRAI compared against RAI across 20 selected stations in Nevada.

 MRAI SRAIStation-
ID CC PRB RMSE MBR NSE KGE CC PRB RMSE MBR NSE KGE

269234 0.956 0.385 0.872 1.000 0.855 0.520 0.131 -10.612 3.414 0.000 -1.215 -9.652

269171 0.973 0.888 0.792 1.000 0.891 0.077 0.939 2.188 0.997 1.000 0.827 -1.190

268988 0.948 2.272 1.116 1.000 0.785 -1.297 0.943 2.597 0.949 1.000 0.844 -1.598

268977 0.933 -1.311 1.036 0.000 0.774 -0.361 0.138 10.020 2.948 1.000 -0.827 -9.064

268838 0.977 0.236 0.688 1.000 0.915 0.677 0.944 2.018 0.965 1.000 0.834 -1.021

268822 0.965 0.188 0.945 1.000 0.840 0.613 0.932 1.847 1.028 1.000 0.811 -0.848

268170 0.938 -0.333 0.943 0.667 0.769 0.514 0.870 -0.855 1.376 0.145 0.508 0.059

267908 0.938 -0.026 0.979 0.974 0.810 0.669 0.929 1.393 1.074 1.000 0.772 -0.396

267640 0.971 -0.056 0.759 0.944 0.892 0.740 0.923 1.050 1.119 1.000 0.766 -0.056

267620 0.957 -0.473 0.881 0.527 0.848 0.446 0.934 1.408 1.118 1.000 0.755 -0.417

267612 0.960 1.178 0.771 1.000 0.872 -0.206 0.382 -22.015 2.921 0.000 -0.833 -21.025

267397 0.945 0.231 0.936 1.000 0.813 0.591 0.911 1.680 1.183 1.000 0.701 -0.683

267369 0.960 -0.428 0.888 0.572 0.847 0.472 0.093 -7.397 3.563 0.000 -1.463 -6.464

266630 0.937 -0.369 1.025 0.631 0.777 0.470 -0.050 -8.050 3.652 0.000 -1.826 -7.127

265880 0.958 0.735 0.884 1.000 0.842 0.205 0.200 -6.005 3.088 0.000 -0.932 -5.063

265869 0.971 -0.256 0.730 0.744 0.900 0.654 0.900 1.870 1.318 1.000 0.674 -0.875

265441 0.967 -0.307 0.898 0.693 0.851 0.563 0.433 -2.993 2.969 0.000 -0.633 -2.072

265362 0.955 -0.058 0.880 0.942 0.837 0.674 0.001 -3.583 3.829 0.000 -2.080 -2.733

265191 0.984 0.461 0.595 1.000 0.936 0.503 0.959 0.721 0.752 1.000 0.897 0.274

264651 0.943 -0.307 1.111 0.693 0.767 0.488 0.121 -7.811 3.220 0.000 -0.956 -6.873

min 0.933 -1.311 0.595 0.000 0.767 -1.297 -0.050 -22.015 0.752 0.000 -2.080 -21.025

max 0.984 2.272 1.116 1.000 0.936 0.740 0.959 10.020 3.829 1.000 0.897 0.274

average 0.957 0.133 0.887 0.819 0.841 0.351 0.582 -2.126 2.074 0.557 -0.119 -3.841

623

624 4.5 Spatial variability of the revised indices

625 To assess the spatial variability of the three indices—MRAI, SRAI, and RAI—the average 

626 and median anomaly estimates were computed across the 2,360 stations from 2001 to 2022. 

627 Figure 12 illustrates the spatial distribution of the average anomalies from these indices mapped 
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628 for all 2,360 stations. A consistent pattern is observed between MRAI and RAI, in contrast to 

629 the mean anomalies from SRAI. Notably, SRAI exhibited elevated mean anomalies in regions 

630 with historically low precipitation, such as the arid western desert areas of Nevada and Arizona, 

631 alongside other locations with recorded fluctuations. This behavior aligns with earlier 

632 observations, where SRAI demonstrated a tendency to capture anomalies under extreme dry 

633 conditions.

634

635 Figure 12. Spatial distribution of average anomaly indices (MRAI, SRAI, and RAI) across 2,360 stations in 

636 CONUS. 

637

638 Similarly, the median values from the indices were compared spatially across the 2,360 

639 stations in CONUS (Figure 13). The SRAI stands out due to its ability to detect extreme 

640 fluctuations in both directions of the anomaly spectrum (i.e., extremely dry and extremely wet 

641 conditions). The median anomaly estimates from the SRAI indicate that dry climate areas 

642 exhibited elevated positive anomalies, while known wet climate locations showed moderate to 

643 negative anomalies. This suggests that the SRAI tends to register higher anomalies in dry 

644 locations while capturing declines in rainfall that occur in wet climates. This observation aligns 

645 with earlier research, which demonstrated that anomaly indices can spike positively in dry 

646 regions following unexpectedly intense precipitation (Gershunov et al., 2019; McKitrick & 

647 Christy, 2019). Gershunov et al. (2019) utilized five rainfall projection models to demonstrate 
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648 that projected rainfall will increase across CONUS, with new indices capable of capturing slight 

649 fluctuations in dry regions extending beyond CONUS. While the MRAI and SRAI indices show 

650 promise for extreme rainfall studies, they will need to be tested across multiple stations outside 

651 CONUS to evaluate their applicability and limitations in different contexts. 

652

653 Figure 13. Spatial distribution of median anomaly indices (MRAI, SRAI, and RAI) across 2,360 stations in 

654 CONUS. 

655

656 Figure 14 presents the statistics comparing MRAI and SRAI computed across the 2,360 

657 stations to assess their spatial trends. CC ranges from ≥ 0.90, indicating a strong relationship 

658 between the two indices. The PRB is approximately 0, suggesting an unbiased estimate. The 

659 RMSE varies between 0.5 and 1.25, while the MBR falls between 0.5 and 1. The NSE ranges 

660 from 0.7 to 0.9, indicating a good predictive performance, although the KGE records values 

661 below 0. Overall, the analysis demonstrates a positive spatial agreement between MRAI and 

662 RAI, further suggesting that the MRAI index is likely to yield outcomes similar to those of the 

663 conventional RAI index.  
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664

665 Figure 14. Spatial evaluation of the MRAI anomaly index across 2,360 stations in CONUS. 

666

667 Similarly, Figure 15 presents the statistics comparing SRAI with RAI computed across 

668 the 2,360 stations to assess the spatial trends between the indices. The CC ranges from 0.30 to 

669 0.90, indicating variable agreement. The PRB is approximately 0, with a few exceptional outliers 

670 falling below 0. The RMSE spans from 1 to 4, while the MBR ranges from 0 to 1. The NSE 

671 averages around 0, with a few exceptions below 0, and the KGE is recorded as being below 0. 

672 These statistics indicate a lower agreement between SRAI, and the RAI index compared to 

673 MRAI; however, the overall trend suggests potential for the application of the SRAI index 

674 model.

675 The integration of all three indices provides an opportunity to accurately model rainfall 

676 anomalies by considering deviations from the mean and the standard deviation around the means. 

677 Consequently, the combined indices will facilitate a proper representation of rainfall anomalies 

678 in extreme environments experiencing severe droughts and prolonged intense rainfall events. 

679 Both MRAI and SRAI demonstrate the capacity to model conditions effectively in extremely 
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680 wet and extremely dry environments, and when used in tandem, they complement each other. 

681 Temporally, across the years 2001 to 2022, and spatially across the 2,360 stations, the advanced 

682 indices (MRAI and SRAI) exhibit strong agreement and are capable of detecting extremes 

683 beyond the capabilities of the conventional RAI index. 

684 The spatial variability observed in the MRAI, SRAI, and RAI indices across 2,360 

685 stations in varying climate regions offers key insights for planning around extreme rainfall 

686 impacts. MRAI's consistency with RAI across the years indicates it effectively captures wet 

687 anomaly patterns in regions with high rainfall, which is crucial for flood-prone areas. MRAI's 

688 alignment with RAI in these wet regions means it can support flood risk assessment by predicting 

689 likely extreme rainfall events, enabling proactive measures such as urban drainage 

690 improvements, infrastructure reinforcement, and community readiness. The reliability of MRAI 

691 in capturing these wet anomalies allows urban planners and emergency management agencies to 

692 anticipate peak rainfall periods and develop pre-emptive responses, reducing flood impact and 

693 supporting resilience against intensifying climate variability.

694 On the other hand, SRAI's distinctive ability to capture anomalies in dry regions, 

695 especially in arid western areas like Nevada and Arizona, highlights its relevance in drought-

696 prone areas. Elevated mean anomalies detected by SRAI in historically dry locations signal its 

697 usefulness for drought forecasting, supporting water resource management, and agricultural 

698 planning. The ability of SRAI to register both extreme wet and dry fluctuations means it can 

699 inform water conservation strategies and guide agricultural decisions in regions vulnerable to 

700 climate-induced dry spells. By detecting even slight precipitation spikes in typically dry regions, 

701 SRAI provides actionable insights for water managers and farmers to adapt to shifting rainfall 

702 patterns, making it a valuable tool in planning for both scarcity and surplus. The combined use 
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703 of MRAI and SRAI thus offers a comprehensive approach to managing extreme rainfall 

704 variability, providing decision-makers with the nuanced data needed to mitigate the impacts of 

705 floods and droughts in diverse climate regions.

706

707 Figure 15. Spatial evaluation of the SRAI anomaly index across 2,360 stations in CONUS. 

708

709 4.6 Uncertainties in the proposed rainfall anomaly indices 

710 The two advanced indices used in this study (MRAI and SRAI) are not without 

711 uncertainties that may have been overlooked. The MRAI utilizes the minimum and maximum 

712 values from the AMS series, which ideally captures the full range of the AMS. However, a single 

713 outlier, if not properly managed, can skew the anomaly direction. To mitigate this issue, it is 

714 advisable to conduct a preliminary analysis of the AMS and remove any years identified as 

715 outliers or deemed necessary for exclusion.

716 On another note, SRAI employs the standard deviation instead of the mean. While the 

717 standard deviation is often considered a superior metric to the mean for computing anomalies, it 
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718 can present challenges when deviations are not extreme, potentially skewing the anomaly 

719 estimates in the direction of least deviation, typically toward positive values. Nevertheless, these 

720 uncertainties are relatively minimal compared to the traditional RAI index, which uses a crude 

721 approach by selecting the bottom ten values from the AMS to compute the RAI index. The RAI 

722 index has been reported to have less capacity to capture extremely dry and extremely wet 

723 anomalies (Raziei, 2021). In this regard, MRAI and SRAI effectively address this gap, as both 

724 indices demonstrate a greater ability to capture rainfall anomalies in extreme conditions, such as 

725 drought-prone and extremely wet environments.

726 Another uncertainty in this assessment arises from data disparity. RAI was modeled using 

727 NOAA station data, whereas both MRAI and SRAI were modeled from IMERG satellite 

728 precipitation data. The choice of IMERG was primarily to facilitate the scaling of the method 

729 beyond CONUS, as NOAA station data is limited to that region. IMERG offers global coverage 

730 and has been evaluated against NOAA station data in previous studies (K. Ekpetere, 2024; K. O. 

731 Ekpetere et al., 2024; K. O. Ekpetere & Coll, 2024), showing high agreement with station data. 

732 For localized studies, it is recommended that all three indices (MRAI, SRAI, and RAI) be 

733 subjected to the same data type, which has been identified as a future direction for this work.  

734

735 5 Summary and Conclusion

736 This study provides a method advancement by proposing two rainfall anomaly indices – 

737 the MRAI and SRAI indices. The advance indices are intended to complement existing RAI 

738 index model, helping to capture extremely dry and extremely wet range of the rainfall anomaly 

739 spectrum. The developed indices were tested using IMERG data in CONUS and evaluated 

740 against the existing RAI index calculated from 2,360 NOAA station data as a reference. The 
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741 introduction of IMERG data were necessary to scale the model output beyond CONUS and 

742 cover data scarce locations. The PDF distribution of the models were assessed, and anomaly 

743 outputs evaluated temporarily and spatially, covering a wide range of locations in CONUS. The 

744 following observations were made:

745 1) The kurtosis value of MRAI lies between 0 and +0.9, while SRAI lies between -0.9 

746 and -0.1. The median range RAI (reference) lies between -1 and +1, MRAI lies 

747 between 0 and +2, whereas SRAI lies between -2 and 0. Both Kurtosis and the median 

748 value range assessment show that MRAI leans towards extremely wet conditions and 

749 tends to detect extreme positive rainfall anomalies, whereas the SRAI leans towards 

750 extremely dry conditions and tends to detect extreme negative rainfall anomalies.

751
752 2) Comparing MRAI against RAI, the average CC were 0.946, PRB of -23.5, RMSE of 

753 0.93, MBR of 0.74, NSE of 0.82, and KGE of 0.53. In contrast, comparing SRAI 

754 against RAI, average CC were 0.71, PRB of -14.5, RMSE of 1.7, MBR of 0.8, NSE of 

755 0.41, and KGE of 0.46. MRAI showed capacity to detect extremely wet conditions in 

756 humid regions whereas SRAI showed tendency for dry areas.

757
758 3) Assessment across varying rainfall locations showed interesting results. In extremely 

759 wet locations (e.g., Louisiana), MRAI recorded the following average statistics –  CC 

760 of 0.943, PRB of 0.075, RMSE of 0.923, MBR of 0.727, NSE of 0.815, and KGE of 

761 0.036. The SRAI recorded average statistics of CC of 0.908, PRB of 1.38, RMSE of 

762 1.21, MBR of 0.865, NSE of 0.678, and KGE of -1.330. Conversely, in dry locations 

763 (e.g., Nevada), the MRAI recorded following average statistics – CC of 0.957, PRB of 

764 0.133, RMSE of 0.887, MBR of 0.819, NSE of 0.841, and KGE of 0.351. SRAI’s 
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765 average statistics were CC of 0.582, PRB of -2.126, RMSE of 2.074, MBR of 0.557, 

766 NSE of -0.119, and KGE of -3.84.

767
768 4) Spatially, the MRAI recorded CC values ranging from ≥ 0.90, PRB of approximately 

769 0, RMSE between 0.5 and 1.25, MBR between 0.5 and 1, NSE between 0.7 and 0.9, 

770 and KGE below 0. SRAI recorded an average CC between 0.30 and 0.90, PRB of 

771 approximately 0 with a few outlier exceptions ≤ 0, RMSE between 1 and 4, MBR 

772 between 0 and 1, NSE around 0, and KGE below 0. The pattern is consistent with (1).

773 The development of the MRAI and SRAI indices provides a refined toolset for monitoring 

774 extreme rainfall anomalies across diverse climate regions, offering practical benefits to 

775 policymakers and stakeholders in climate-sensitive fields. By effectively capturing both 

776 extreme wet (MRAI) and dry (SRAI) anomalies, these indices address limitations in the 

777 conventional RAI model, which has traditionally underrepresented the range of extreme rainfall 

778 events. Through robust testing across 2,360 NOAA stations and validation with IMERG data, 

779 this study confirms the indices' utility in regions like humid Louisiana and arid Nevada, 

780 showcasing the MRAI's strength in wet conditions and SRAI’s precision in dry climates. The 

781 spatial and temporal insights gained from these indices allow for targeted monitoring, making 

782 them valuable for water resource management, agricultural planning, urban infrastructure 

783 resilience, and climate adaptation strategies. Policymakers can leverage these indices to better 

784 prepare for flood and drought risks, allocate resources effectively, and develop tailored 

785 strategies for climate adaptation based on specific regional climate profiles. The capacity to 

786 scale these indices globally with IMERG data further extends their potential impact, providing 

787 a versatile tool for addressing climate change and supporting sustainable development in diverse 

788 and data-scarce regions worldwide. Future direction of this research will attempt further 
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789 validation of the advanced indices in regions outside of CONUS and provide a web application 

790 for calculating anomaly for locations globally.  
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