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ABSTRACT 10 

Urban hydrological models, especially those aimed at simulating flood events, require rainfall 11 

inputs at finer temporal resolutions: typically ranging from daily to hourly. However, consistent 12 

historical hourly rainfall data is largely unavailable across many Indian cities. Among that, 13 

Hyderabad is one relies on a single centrally located rain gauge with archived hourly records. To 14 

assess rainfall variability under changing climate scenarios, Intensity-Duration-Frequency (IDF) 15 

curves are vital tools, necessitating high-resolution temporal rainfall data. This study develops 16 

Intensity-Duration-Frequency (IDF) curves for Hyderabad City using 45 years (1969–2013) of 17 

observed rainfall to bias-correct output from eight Coupled Model Intercomparison Project Phase 18 

6 (CMIP6) General Circulation Models (GCMs), disaggregating daily projections to hourly 19 

resolution through three methods: Bartlett-Lewis Rectangular Pulse (BLRP), Microcanonical 20 

Cascade (MCC), and K-Nearest Neighbor Method of Fragments (KNN-MOF). GCM 21 

performances were assessed against observed rainfall using mean, standard deviation, 1-lag 22 

autocorrelation, and proportion of dry hours. It is observed that no single model excelling across 23 

all metrics except CNRM-ESM2-1 best reproduced the mean, BCC-CSM2-MR best matched 24 

variability, and results for autocorrelation and dry-hour proportion were mixed, underscoring the 25 

subjectivity of GCM selection. Future IDF curves were generated for near-future (2015–2056) 26 

and far-future (2057–2100) periods under SSP245 (medium emissions) and SSP585 (high 27 

emissions) scenarios. The 1-hr rainfall intensities were projected to be considerably higher under 28 

SSP245 than SSP585, with values reaching approximately 250 mm/hr in the near future. Whereas, 29 

3-hr intensities followed a similar pattern, reaching roughly 85 mm under SSP245 and 83 mm 30 

under SSP585, with near-future and far-future values remaining broadly consistent. In contrast, 31 



6-hr and 12-hr intensities stayed within the typical range associated with the southwest monsoon. 32 

Among the GCMs, MIROC6 most closely reproduced observed rainfall patterns under the MCC 33 

and KNN-MOF methods, while other models tended to overestimate peak 1-hr intensities. These 34 

findings indicate that Hyderabad faces a heightened risk of short-duration (1-hr and 3-hr) extreme 35 

rainfall through 2100, and that the BLRP, MCC, and KNN-MOF disaggregation methods are 36 

well suited for generating future IDF projections for the city. 37 

Keywords: Climate change, extreme rainfall events, downscaling, GCM, disaggregation, 38 

CMIP6, intensity duration frequency (IDF) curves 39 

1. INTRODUCTION 40 

Climate change has emerged as a global crisis with significant consequences for ecosystems, 41 

economies, and human life. The intensification of greenhouse gas (GHG) emissions, largely 42 

driven by human activity, is altering atmospheric dynamics, leading to shifting weather patterns, 43 

rising sea levels, disrupted hydrological cycles, and an increase in the frequency and intensity of 44 

extreme weather events (IPCC 2013). To avert potentially disastrous outcomes, the 45 

Intergovernmental Panel on Climate Change (IPCC) recommends that global warming be limited 46 

to 1.5°C. However, the hydrological impacts of climate change, such as variations in streamflow 47 

and groundwater recharge are highly dependent on regional climate characteristics and vary 48 

across different emission scenarios due to inconsistencies in precipitation projections (Thornes 49 

2002). 50 

Urban areas are major contributors to GHG emissions and are particularly vulnerable to climate 51 

variability. These regions experience significant thermal shifts, which disrupt the urban 52 

microclimate and influence local precipitation regimes. Urbanization intensifies the urban heat 53 

island effect and modifies atmospheric conditions through increased aerosol concentrations, 54 

altering storm behavior and rainfall dynamics (Ntelekos et al. 2009). Over the past decade, 55 

studies have documented changes in rainfall trends, especially an uptick in extreme rainfall 56 

events in urban environments (Lei et al. 2008; Kishtawal et al. 2009; Miao et al. 2011; Agilan 57 

and Umamahesh 2015). A notable trend observed in several Indian cities, including Hyderabad, 58 

is a reduction in the number of rainy days, accompanied by more intense short-duration rainfall, 59 

resulting in flash flooding due to increased surface impermeability (Agilan and Umamahesh 60 

2015). 61 



To mitigate the risks associated with extreme rainfall, engineers and planners rely on Intensity-62 

Duration-Frequency (IDF) curves. These curves are critical in the design of stormwater 63 

management systems, drainage infrastructure, and water supply schemes. IDF curves represent 64 

the statistical relationship between rainfall intensity, duration, and frequency of occurrence. As 65 

rainfall extremes evolve due to climate change, IDF curves also need to be updated accordingly 66 

(Simonovic et al. 2016). The standard approach involves fitting a probability distribution to the 67 

annual maximum rainfall series over various durations: commonly 1, 2, 6, 12, and 24 hours 68 

(Hosking and Wallis 1997). While methods are available for sub-hourly scales, this study focuses 69 

on hourly rainfall data, which is more accessible and reliable for Indian cities. 70 

Global Climate Models (GCMs) are essential tools in climate studies. They simulate atmospheric 71 

behavior through complex equations and provide outputs at coarse spatial resolutions (typically 72 

2°–3° grids). Although useful for global assessments, their low resolution introduces uncertainty 73 

when applied directly to regional studies (Johnson and Sharma 2009). To make GCM outputs 74 

suitable for local applications: especially in urban and tropical contexts where rainfall variability 75 

is high and statistical downscaling techniques are necessary (Abustan et al. 2008; Mezghani and 76 

Hingray 2009; Schilling 1991; Bruni et al. 2015). 77 

A variety of statistical models have been developed for downscaling purposes, including the 78 

Statistical Downscaling Model (SDSM) (Wilby et al. 2002), Generalized Linear Models (GLMs) 79 

(Chandler and Wheater 2002), Artificial Neural Networks (ANNs) (Zorita and Von Storch 1999), 80 

and Support Vector Machines (SVMs) (Tripathi et al. 2006). Other tools include the Automated 81 

Statistical Downscaling (ASD) tool (Hessami et al. 2008), Bayesian Model Averaging (Tripathi 82 

et al. 2006), and methods like Bias Correction and Constructed Analogs (BCCA) (Maurer et al. 83 

2008). One widely used approach is the Bias Correction and Spatial Disaggregation (BCSD) 84 

method, which uses probability mapping for adjusting GCM outputs (Wood et al. 2002; Payne 85 

et al. 2004; Hayhoe et al. 2007). 86 

While spatial downscaling adjusts GCM outputs to local conditions, temporal downscaling or 87 

disaggregation is equally essential: particularly for applications requiring sub-daily rainfall data. 88 

A range of methods are employed for this purpose. Stochastic point process models (Rodriguez-89 

Iturbe et al. 1987; Khaliq and Cunnane, 1996; Onof and Wheater 1993, 1994), non-parametric 90 

models (Prairie et al. 2007; Nowak et al. 2010; Kalra and Ahmad 2011), and other approaches 91 

(Gyasi-Agyei 2005, 2011; Beuchat et al. 2011; Olsson 1998; Güntner et al. 2001; Licznar et al. 92 



2011, 2015; Müller and Haberlandt, 2018; Müller-Thomy and Sikorska-Senoner 2019) have been 93 

widely used. 94 

Among these, the Bartlett-Lewis Rectangular Pulse Model (BLRPM) (Rodriguez-Iturbe et al. 95 

1987), the Microcanonical Cascade (MCC) model (Müller and Haberlandt 2018), and the K-96 

Nearest Neighbor Method (KNN) (Kalra and Ahmad 2011; Park and Chung 2020) have gained 97 

popularity for rainfall disaggregation. Tools like HYETOS (Debele et al. 2007) also facilitate 98 

high-resolution rainfall simulation. Studies using the BLRP model confirm that it effectively 99 

maintains statistical consistency between hourly and daily rainfall (Koutsoyiannis and Onof 100 

2001). Similarly, KNN-based approaches have demonstrated improved seasonal rainfall 101 

generation over traditional autoregressive models (Kalra and Ahmad 2011). Most of these 102 

investigations focus on single-site applications. Meanwhile, cascade models have also been 103 

adapted to quasi-daily time series (e.g., 1280-minute intervals) to achieve fine temporal 104 

resolution (Licznar et al. 2011, 2015; Molnar and Burlando 2005; Paschalis et al. 2014). 105 

Given the complexity of urban rainfall dynamics, an integrated strategy that combines both 106 

spatial and temporal downscaling is required. High-resolution rainfall datasets derived from 107 

GCM projections are crucial for assessing climate change impacts on hydrological systems. 108 

Although much of the existing research targets large watersheds (Lu and Qin 2014), there is 109 

limited work on applying integrated downscaling-disaggregation frameworks in urban areas of 110 

South Asia: especially in regions characterized by tropical and semi-arid climates. Moreover, 111 

comparative assessments of single site versus multi-site techniques remain scarce (Wood et al. 112 

2002). 113 

This study addresses that gap by conducting a comprehensive analysis for Hyderabad 114 

Metropolitan City, Telangana, India, which experiences both tropical and semi-arid climatic 115 

influences. The specific goals of the study are: 116 

• To develop and assess various downscaling and disaggregation approaches using both 117 

daily and hourly statistical parameters for a single urban site. 118 

• To implement a modified version of the Bias Correction and Spatial Disaggregation 119 

method, referred to here as Statistical Downscaling and Bias Correction (SDBC) (Wood 120 

et al. 2004; Maurer and Hidalgo 2007; Ahmed et al. 2013). 121 

• To compare the temporal disaggregation performance of three techniques: BLRP, MCC, 122 

and KNN, for generating hourly rainfall from daily values. 123 



• To identify and recommend an integrated downscaling-disaggregation framework 124 

suitable for constructing future IDF curves for Hyderabad using CMIP6-based GCM 125 

scenarios. 126 

2. STUDY AREA AND DATASETS USED 127 

Hyderabad, the sixth-largest metropolitan region in India, is located on the Deccan Plateau at 128 

17.37°N latitude and 78.48°E longitude. It is characterized by a complex climatic profile: an 129 

intersection of tropical wet and dry conditions with a tendency toward semi-arid features. The 130 

city endures extreme seasonal variations, with summer temperatures often exceeding 45°C and 131 

winter lows dropping to around 12°C. Rainfall in Hyderabad is primarily driven by two 132 

monsoonal systems. The southwest monsoon (June - September) is dominant, delivering 133 

approximately 74% of the city’s annual precipitation. The remainder of the rainfall occurs during 134 

October - November, contributed by the northeast monsoon. Historical records indicate average 135 

annual precipitation of 796 mm (1971–1990), which has increased to approximately 840 mm in 136 

recent decades (Agilan and Umamahesh 2016). In recent years, Hyderabad has experienced 137 

increasingly erratic and intense rainfall events, signaling a significant shift in climatic behavior. 138 

Notably, on October 13–14, 2020, the city recorded 250 mm of rainfall within 24 hours at the 139 

Begumpet IMD station, marking one of the highest single-day events in recent history. Several 140 

areas, including Pocharam and the Singapore Township, reported rainfall exceeding 300 mm, as 141 

documented by the Telangana State Development Planning Society (TSDPS). This underlines 142 

the growing vulnerability of the city to flash floods. 143 

2.1 DATASETS USED  144 

2.1.1 Observed rainfall data 145 

Begumpet IMD station in Hyderabad, which has the longest historical rainfall data (1969-2013), 146 

was used to investigate spatio-temporal trends in rainfall. This station is situated at 17.45 oN and 147 

78.46 oE longitude (Figure 1), at an elevation of 528 meters above mean sea level (msl). 148 



 149 

Figure 1. Map showing the location of the study area including the Begumpet weather station   150 

2.1.2 CMIP6 GCM models 151 

Rainfall data for both historical and future periods were obtained from eight Global Climate 152 

Models (GCMs) available through the World Climate Research Programme’s CMIP6 archive 153 

(https://esgf-node.llnl.gov/search/cmip6/). The Coupled Model Intercomparison Project Phase 6 154 

(CMIP6) represents an advancement over earlier CMIP phases by offering improved simulation 155 

of Earth system processes. Unlike previous versions, CMIP6 incorporates refined representations 156 

of atmospheric, oceanic, and land-surface dynamics. In this study, four Shared Socioeconomic 157 

Pathways (SSPs) such as SSP126, SSP245, SSP370, and SSP585 were selected. These SSPs 158 

integrate potential environmental shifts with long-term global socio-economic and demographic 159 

trajectories (Schlund et al. 2020). 160 

Table 1. A detailed description of CMIP6 GCM models (IPCC, AR6) considered in this study 161 

Sr. no Model Resolution 

1 BCC-CSM2-MR 1.125º X 1.1215 º 

2 CanESM5 2.8125º X 2.790º 

3 CNRM-ESM2-1 1.4º X 1.4º 

4 GFDL-CM4 1º X 1.25º 



5 IPSL-CM6A-LR 2.5º X 1.2676º 

6 MIROC6 1.40625º X 1.4008º 

7 MIROC-ES2L 2.8º X 2.8º 

8 MRI-ESM2-0 1.125º X 1.1215º 

3. METHODOLOGY 162 

The methodology (Figure 2) adopted to achieve the study objectives constitutes the following 163 

steps: 164 

1. Apply statistical downscaling and bias correction techniques to align GCM-projected 165 

rainfall data with the observed records from the Begumpet IMD station. 166 

2. Convert daily rainfall data into hourly resolution through temporal disaggregation using 167 

three models: Bartlett-Lewis Rectangular Pulse (BLRP), Microcanonical Cascade (MCC), 168 

and the K-Nearest Neighbor Method of Fragments (KNN-MOF). 169 

3. Construct and analyze Intensity-Duration-Frequency (IDF) curves for both future 170 

projections and historical observations to assess shifts in extreme rainfall behavior. 171 

 172 

Figure 2. The methodology adopted for rainfall disaggregation  173 



 3.1 Statistical downscaling and bias correction  174 

In this research, spatial downscaling was carried out using the Statistical Downscaling and Bias 175 

Correction (SDBC) approach. Recognizing the importance of localized climatic characteristics 176 

(Shepard 1968), correction factors were computed as outlined in Equation 1. These factors were 177 

derived by calculating the ratio between GCM-projected values and corresponding observed data 178 

from the Begumpet IMD station. For instance, variables such as rainfall and wind speed were 179 

adjusted by scaling them with these computed ratios to align GCM outputs with local 180 

observations. 181 

𝐹v = /vܩ vܰ   (it is for Rainfall, wind speed)     (1) 182 

where Fv is the factor value, Gv is the GCM output value, and Nv is the IMD observed value. The 183 

cumulative distribution function (CDF) for monthly rainfall was developed using probability 184 

distributions tailored to each month. For historical climate variables that underwent bias 185 

correction, Equation 2 was applied. In contrast, projections of future climate variables were 186 

adjusted using Equation 3, following the methodologies suggested by Ryu et al. (2009) and Li  187 

Sheffield and Wood (2010). 188 

௚−௖ݔ̅ = 𝐹௢−௖−1 (𝐹௚−௖(ݔ௚−௖))         (2) 189 

௚−௙ݔ̅ = ௚−௙ݔ + 𝐹௢−௖−1 (𝐹௚−௙(ݔ௚−௙)) − 𝐹௚−௖−1 (𝐹௚−௙(ݔ௚−௙))     (3) 190 

where F is the CDF of any one of the observations (o) values or GCM (g) values for a historical 191 

time period or present climate (c) or future time period (f), F-1 is the inverse CDF, ݔ is the climate 192 

variation of Rainfall and ̅ݔ is the bias-corrected climate variable. 193 

3.2 Temporal downscaling 194 

Following the completion of spatial downscaling and bias correction, temporal disaggregation 195 

was undertaken to derive hourly rainfall data required for future IDF curve development. This 196 

step involved the application of three distinct techniques: the Bartlett-Lewis Rectangular Pulse 197 

(BLRP) model, the Microcanonical Cascade (MCC) model, and the K-Nearest Neighbor 198 

Method of Fragments (KNN-MOF). 199 

 200 



3.2.1 The Bartlett-Lewis rectangular pulse model 201 

The Bartlett-Lewis Rectangular Pulse (BLRP) model belongs to the family of Poisson-cluster 202 

models and is designed to replicate rainfall events using clusters of rectangular pulses distributed 203 

over continuous time. This modeling approach is well-suited for capturing rainfall dynamics 204 

across various temporal resolutions. Although certain time scales may not be explicitly addressed 205 

during the fitting process (Bo et al. 1994), the model's structure has proven effective for multi-206 

scale disaggregation applications (Gyasi-Agyei 1999). Detailed descriptions of its underlying 207 

assumptions and procedures can be found in the works of Rodriguez-Iturbe et al. (1987), 208 

Koutsoyiannis and Onof (2001) and Koutsoyiannis (1994). 209 

3.2.2 Microcanonical cascade model (MICRO) 210 

The Microcanonical Cascade (MICRO) model is characterized by exact mass conservation at 211 

every level of the cascade. Consequently, it adopts a binary branching structure (b = 2) and 212 

generates cascade weights (M) that vary depending on the presence or absence of intermittency. 213 

In intermittent conditions, weights alternate between [0, 1], while in non-intermittent cases, they 214 

take the form [M, 1−M], where M lies between 0 and 1. Unlike canonical cascade models that 215 

assume independent and identically distributed (i.i.d.) weights, the MICRO model features scale-216 

dependent weights, making it a type of constrained random cascade where the generator evolves 217 

with scale. 218 

Two key parameters define the model: the intermittency parameter (p.dry) and the variability 219 

parameter (α). These are derived from disintegration coefficients, which represent the ratio of 220 

mean rainfall over different aggregation levels within a time series. The p.dry value corresponds 221 

to the likelihood of encountering a dry interval during disaggregation between successive scales 222 

(from level n to n+1) and is estimated using historical rainfall data at predefined cascade levels 223 

(Molnar and Burlando, 2005). To compute non-zero cascade weights (also referred to as 224 

breakdown coefficients), the model uses non-overlapping adjacent rainfall data pairs from the 225 

observed time series. 226 

௝,ఛܯ = ோೕ,ഓோೕ,ഓ+ோೕ+1,ഓ ݆ = 1,3,5, … , ఛܰ − 1       (4) 227 

where ௝ܴ,ఛdenotes the rainfall depth recorded throughout the length s time interval at location j 228 

within the time series and ఛܰ denotes the total number of recordings at the time frame ߬. The 229 



single-parameter Beta distribution is then used to represent these weights (Molnar and Burlando 230 

2005). To run MICRO, pairs of non-zero weights are created by taking advantage of a particular 231 

aspect of this Beta distribution. 232 

3.2.3 Method of fragments (MOF) 233 

Unlike cascade-based models, this approach is entirely non-parametric and avoids making 234 

significant assumptions about the relationship between continuous and aggregate rainfall. The 235 

Method of Fragments (MOF) produces simulated rainfall sequences that closely mirror real-236 

world persistence. It achieves this by first preserving temporal dependencies at the daily level 237 

and then utilizing a non-parametric disaggregation technique to establish realistic dependencies 238 

at sub-daily intervals (Sharma and Srikanthan 2006). 239 

Operationally, the MOF technique relies on resampling a matrix of "fragments." In this context, 240 

a fragment represents the specific proportion of total daily rainfall that falls during a given sub-241 

daily timestep. For instance, if an hourly time series features perfectly steady rainfall over a 24-242 

hour period, each hourly fragment would receive an equal weight of 1/24. In practice, these 243 

proportional weights shift to reflect the specific rainfall distribution simulated for any given day. 244 

To execute this resampling process, the MOF employs an adapted k-nearest neighbor algorithm 245 

(Lall and Sharma 1996). 246 

3.3 IDF curve development 247 

3.3.1 Empirical plotting position approach  248 

The mean annual disaggregated hourly rainfall volume of 1hr, 3hr, 6hr, and 12hr was considered 249 

for all GCMs for future periods generated using three disaggregation methods under different 250 

SSP scenarios. These annual time series were considered as m observations with respect to hourly 251 

rainfall volume and arranged in descending order, accordingly, assigned a rank to them. Next, 252 

the exceedance probability associated with each rainfall volume was computed using the 253 

following expression: 254 

݌ = 1் = rank௠+1                      (5) 255 

Where p, T, and m are the exceedance probability, corresponding return period, and the number 256 

of observations, respectively. Finally, the volume of rainfall was transformed into rainfall 257 



intensity by dividing the volume by the corresponding duration. In this way, the obtained rainfall 258 

intensity values for the future periods under different SSP scenarios were plotted against the 259 

probability of non-exceedance to develop IDF curves.  260 

4. RESULTS AND DISCUSSIONS 261 

4.1 Bias correction 262 

To evaluate the SDBC technique and identify the most appropriate models, this study examined 263 

eight Global Climate Models (GCMs) under four Shared Socioeconomic Pathways (SSP126, 264 

SSP245, SSP370, and SSP585). The study assessed the accuracy of the downscaled and corrected 265 

GCM outputs by generating Cumulative Distribution Function (CDF) plots for a specific grid 266 

point, comparing the data before and after bias correction. The post-correction GCM data closely 267 

matched the actual observed records, successfully minimizing the deviations that existed in the 268 

raw, pre-corrected models. 269 

Additionally, the rainfall CDF curves largely follow an exponential pattern, indicating a strong 270 

statistical consistency between the observed and simulated datasets. Ultimately, these findings 271 

demonstrate that the downscaled results produced by the SDBC method accurately replicate the 272 

true cumulative distribution characteristics of rainfall in Hyderabad. 273 

 274 

Figure 3. Cumulative Density Function (CDF) plot at a grid point for a GCM before and after 275 

bias correction 276 



This proposed methodology aims at predicting the future hourly rainfall time series based on 277 

observed historical hourly rainfall records. This proposed methodology was also cross validated 278 

with historical observed rainfall time series. In this study, SDBC daily historical GCM rainfall 279 

is disaggregated to hourly by using three methods: (a) BLRP (b) MCC and (c) KNN-MoF. For 280 

this downscaled data, Mean, Standard Deviation, Lag-1 Autocorrelation, and Proportion of dry 281 

hours were calculated and compared with observed data mean hourly rainfall data (Figure 4) 282 

during period of (1969-2014) at Begumpet station of Hyderabad city. Also, rainfall statistics such 283 

as mean, standard deviation, skewness and maximum for the temporal aggregations of 1hr, 3hr, 284 

6hr and 12hr were carried for Hyderabad city. The 1-hr rainfall statistics are shown in Figure 5 285 

and for others presented in supplementary material (S1, S2, S3). 286 

4.1 Statistical evaluation between observed rainfall and disaggregated rainfall datasets  287 

The performance evaluation of eight GCM outputs across three disaggregation methods, assessed 288 

through four statistical parameters (mean, standard deviation, lag-1 autocorrelation, and 289 

proportion of dry hours), reveals that no single GCM-disaggregation combination reproduces all 290 

statistical properties of observed hourly rainfall equally well. Some combinations were good at 291 

matching the average rainfall but poor at matching variability, while others were the reverse. 292 

This shows a common issue in climate downscaling: a method or model that works well for one 293 

rainfall characteristic often doesn't work as well for another. So, choosing the "best" model-294 

method combination isn't straightforward: it depends on which rainfall feature matters most for 295 

the specific use case. 296 

4.1.1 Hourly Rainfall Statistics  297 

Mean: Among the eight GCM outputs, CNRM-ESM2-1 achieved the closest match to the 298 

observed historical mean rainfall across all three disaggregation methods (Figure 4), with IPSL-299 

CM6A-LR and MIROC-ES2L ranking second and third in this regard. GFDL-CM4, MIROC6, 300 

and MRI-ESM2-0 demonstrated moderate performance in reproducing the mean. In contrast, 301 

CanESM5 performed the weakest, consistently underestimating mean rainfall regardless of the 302 

disaggregation method applied, while BCC-CSM2-MR also underestimated the mean, though to 303 

a comparatively lesser degree. 304 

Standard Deviation: For standard deviation, the KNN-MOF disaggregation method 305 

outperformed the other two methods overall. Across all three disaggregation techniques, BCC-306 



CSM2-MR's projected rainfall standard deviation stayed closest to the observed historical values, 307 

and it also emerged as the top performer under the MCC method specifically. However, under 308 

the BLRP method, MIROC6 produced better results than BCC-CSM2-MR. 309 

Lag-1 Autocorrelation: For lag-1 autocorrelation, the BLRP disaggregation method 310 

overestimated values across all GCMs relative to the observed hourly rainfall data. Under the 311 

MCC method, most GCM outputs aligned well with observed values, except for IPSL-CM6A-312 

LR, which showed overestimation. The KNN-MOF method produced reasonably acceptable 313 

results, though its values remained somewhat underestimated. Overall, regardless of the 314 

disaggregation method applied, lag-1 autocorrelation analysis indicated that the GCM outputs 315 

tended to generate a larger number of wet clusters than observed. 316 

Proportion of dry hours: Across all GCMs, every disaggregation method overestimated the 317 

proportion of dry hours relative to observed data, and none of the GCM outputs succeeded in 318 

matching the observed dry-hour proportions. This overestimation was most pronounced under 319 

the MCC method, followed by KNN-MOF, with BLRP showing the least (though still notable) 320 

overestimation. 321 



 322 

Figure 4. Hourly rainfall statistics for observed vs GCM data  323 



4.1.2 Monthly rainfall statistics  324 

Mean: Across all three disaggregation techniques, the GCM-derived mean monthly 1-hour 325 

rainfall values were consistently lower than the observed values (Figure 5). A timing mismatch 326 

between observed and GCM-simulated data was also evident regardless of the disaggregation 327 

method used. Among the three approaches, KNN-MOF produced comparatively better 328 

agreement with observed data. 329 

Standard deviation: The BLRP and MCC methods showed relatively minor differences 330 

between mean and standard deviation values, whereas the KNN-MOF method was the only one 331 

that reproduced the temporal pattern of standard deviation observed in the historical record. 332 

Skewness: None of the three disaggregation methods adequately reproduced the skewness 333 

present in the historical rainfall data, regardless of the GCM used 334 

Maximum: Since extreme rainfall events have been linked to severe flooding in Hyderabad 335 

(Naresh et al., 2021), monthly maximum 1-hour rainfall values were derived for each GCM and 336 

compared against observed data across the three disaggregation methods (Figure 5). The BLRP 337 

method considerably underestimated maximum rainfall values. The MCC method produced 338 

maximum values close to the observed data, though a temporal offset remained. The KNN-MOF 339 

method yielded moderate, average-level performance overall. Notably, output from the 340 

MICROC-ES2L model consistently underperformed across all four statistics: mean, standard 341 

deviation, skewness, and maximum - showing persistently lower values than observed. 342 

Comparable patterns were observed for the 3-hour, 6-hour, and 12-hour accumulation periods, 343 

presented in Figures S1, S2, and S3 of the supplementary material. 344 



 345 

Figure 5. Rainfall (1hr) at monthly statistics for observed vs GCMs 346 

4.2 IDF curves  347 

In this study, IDF (Intensity-Duration-Frequency) curves for Hyderabad city were constructed 348 

by comparing historically observed rainfall data with GCM historical simulations (Figure 6). 349 



Future climate projections were generated using three disaggregation methods across four-time 350 

intervals: 1 hr, 3 hr, 6 hr, and 12 hr- under four emission scenarios: SSP126, SSP245, SSP370, 351 

and SSP585. These future IDF curves span a 100-year horizon, split into two distinct reference 352 

periods: 2015–2056 and 2057–2100. The resulting curves enabled estimation of the non-353 

exceedance probability of rainfall intensities, as well as quantification of the relative change 354 

between historical and projected climate conditions. Comparison of the historical and future plots 355 

reveals that the future IDF curves differ noticeably, with the degree of variation dependent on 356 

which reference period is considered. 357 

4.3 Comparison of IDFs 358 

4.3.1 Historical observed vs GCM historical rainfall 359 

1hr: For the 1-hr rainfall intensity, the BLRP method consistently underestimated i.e., peak 360 

rainfall values were underestimated (Figure 6). The KNN-MOF method also underestimated 361 

values across all GCMs, though it performed better than BLRP in this regard. The MCC method 362 

underestimated values up to a non-exceedance probability of 0.70, beyond which it shifted to 363 

overestimation. 364 

3hr: At the 3-hr interval, BLRP's performance improved noticeably, capturing rainfall patterns 365 

more accurately than at the 1-hr scale. MCC also performed better relative to its 1-hr results, 366 

while KNN-MOF failed to capture peak values. Both BLRP and MCC reproduced the GCM peak 367 

values reasonably well against observed data, whereas KNN-MOF continued to miss the peaks. 368 

6hr: For the 6-hr IDF curves, all three methods such as BLRP, MCC, and KNN-MOF showed 369 

improved performance overall, although KNN-MOF still failed to capture peak values at this 370 

duration 371 

12hr: At the 12-hr interval, all three methods performed well, but none of them successfully 372 

captured the peak values. 373 

Among the three methods, the MIROC-ES2L GCM showed pronounced underestimation of the 374 

IDF curves relative to the observed historical data, consistently across the 1-hr, 3-hr, 6-hr, and 375 

12-hr durations. 376 



 377 

Figure 6. IDF curves for historical observed and GCM’s historical rainfall for 1hr, 3hr, 6hr and 378 

12hr time intervals 379 



4.3.2 Historical observed vs GCM-projected future rainfall under SSP245 380 

In this study, IDF curves representing the near-future period (2015–2056) relative to observed 381 

historical rainfall were derived using three disaggregation techniques: BLRP, MCC, and KNN-382 

MOF, applied across the eight GCMs examined. Among these models, MRCO6 stood out for 383 

the 1-hr rainfall intensity, most closely matching the peak values of observed data under both the 384 

BLRP and KNN-MOF approaches (Figure 7). At the 3-hr duration, intensities remained largely 385 

consistent with observed values, showing minimal deviation. However, at 6-hr and 12-hr 386 

durations, a notable shift occurred: GCM outputs that had previously overestimated intensities 387 

relative to observations now showed underestimation. Taking together, these results contribute 388 

to a substantial overall increase in rainfall intensity. Under SSP245, Hyderabad city could 389 

experience extreme short-duration 1-hr rainfall reaching as high as 250 mm during 2015–2056, 390 

while under SSP585, intensities of up to 200 mm are projected for the same period, both 391 

attributable to climate change effects. A parallel set of IDF curves was generated for the far-392 

future period (2057–2100) (Figure 8). These results largely mirror the intensity trends seen in 393 

the near-future projections, with little additional variation observed for 2015–2056 relative to the 394 

historical baseline. 395 

4.3.3 IDF’s comparison between observed and future SSP585 rainfall 396 

IDF curves for the 2015–2100 period were developed and compared against observed rainfall 397 

data to examine shifts in rainfall patterns and estimate extreme intensities projected by the GCMs. 398 

Following the CMIP6 classification, this future period was split into a near-future phase (2015–399 

2056) and a far-future phase (2057–2100). For the 1-hr duration, the highest rainfall intensities 400 

were produced by GFDL-CM4 using the BLRP method (58 mm/hr), CNRM-ESM2-1 using the 401 

MCC method (120 mm/hr), and MRI-ESM2-0 using the KNN-MOF method (200 mm/hr) 402 

(Figure 9). Figure 10 shows that KNN-MOF consistently yields much higher predicted intensities 403 

than the other two methods across all durations (1, 3, 6, and 12 hr). Across all GCMs, the 3-hr, 404 

6-hr, and 12-hr durations showed lower intensities than the 1-hr duration, indicating that short-405 

duration (1-hr) intensities are particularly high in this study area. 406 

The analysis further shows that, for the 1-hr duration, all GCMs across the three methods tend to 407 

overestimate rainfall intensity, with MIROC6 being the only model that tracks the observed trend 408 

reasonably well. For the 3-hr duration, MIROC6 closely matches observed values across all three 409 

methods, while the peak values from the other GCMs align well with observations specifically 410 



under the KNN-MOF method- suggesting that high-intensity 3-hr events are infrequent in this 411 

region. For the 6-hr duration, MIROC6's behavior reverses, underestimating rainfall relative to 412 

observed values. Figure 8 further indicates that these moderate 6-hr intensities are typical of the 413 

monsoon season, with most GCMs approximating the observed peaks under the BLRP and MCC 414 

methods. But, MRI-ESM2-0, which consistently overestimates all three methods. 415 

 416 

 Figure 7. IDF curves for IMD observed historical and for near future (2015-2056) GCM’s 417 

rainfall at 1hr, 3hr, 6hr, and 12hr time intervals under SSP245 418 



 419 

Figure 8. IDF curves for IMD observed historical and for far future (2057-2100) GCM’s 420 

rainfall at 1hr, 3hr, 6hr, and 12hr time intervals under SSP245 421 



 422 

Figure 9. IDF curves for IMD observed historical and for near future (2015-2056) GCM’s 423 

rainfall at 1hr, 3hr, 6hr, and 12hr time intervals under SSP585 424 



 425 

Figure 10. IDF curves for IMD observed historical and for far future (2057-2100) GCM’s 426 

rainfall at 1hr, 3hr, 6hr, and 12hr time intervals under SSP585 427 



5. CONCLUSIONS 428 

A set of future-period IDF curves was generated and compared against IDF curves derived from 429 

observed historical rainfall. For this purpose, 45 years of continuous observed rainfall data 430 

(1969–2013) were used to bias-correct rainfall output from eight CMIP6-based GCMs, from 431 

which future IDF curves for Hyderabad City were subsequently derived. The bias-corrected daily 432 

future rainfall was converted to hourly resolution using three disaggregation methods: BLRP, 433 

MCC, and KNN-MOF. GCM performance was evaluated against observed rainfall using four 434 

metrics: mean, standard deviation, 1-lag autocorrelation, and proportion of dry hours. 435 

In terms of matching the mean with historical observations, CNRM-ESM2-1 gave the best results 436 

across all three disaggregation methods. For standard deviation, BCC-CSM2-MR aligned most 437 

closely with historical data, again across all three methods. Regarding 1-lag autocorrelation, only 438 

the MCC method performed well, with most GCMs matching observed values reasonably well 439 

except IPSL-CM6A-LR. For proportion of dry hours, none of the GCMs performed satisfactorily, 440 

though KNN-MOF gave comparatively acceptable results. Overall, these findings suggest that 441 

identifying a single "best" GCM is not straightforward, since GCM suitability depends on metrics 442 

used for the performance and it also subjective (Anil et al., 2021). 443 

The results of rainfall patterns from climate model forecasts for future time periods, 2015-2056 444 

and 2057-2100, under SSP126 and SSP345 are similar to SSP245 and SSP585, respectively. Two 445 

scenarios, SSP245 and SSP585, with medium greenhouse gas emissions (4.5 W/m²) and 446 

increased radiative forcing (8.5 W/m²), were studied to determine the likelihood of not exceeding 447 

rainfall. The predicted IDF results of 1-hour short duration severe rainfall events under the 448 

chosen scenarios were considerably high between two reference periods. The three 449 

disaggregation methods under SSP245 projected high 1-hour rainfall intensity values, whereas 450 

SSP585 projected less. This suggests that the Hyderabad city may see heavy rainfall of 250 mm 451 

for one hour in the near future under SSP245 scenario. Similarly, the expected 3-hour rainfall 452 

intensity values from 2015 to 2056 were extremely high (85 mm) under SSP245 and high (83 453 

mm) under SSP585. In the case of SSP245 and SSP585, the 1hr and 3hr short duration intense 454 

rainfall values were similar to those from 2015 to 2056. It suggests that the same short-duration 455 

rainfall intensity values may occur between 2057 and 2100. The aforementioned results indicate 456 

that 1hr and 3hr short duration strong rainfall episodes may occur in the future (2015 to 2100).  457 

 458 



Moreover, the city already witnessed high rainfall of 430 mm, 199 mm, 240 mm, 220 mm, 164 459 

mm and 250 mm in 1908, 1970, 2000, 2008, 2016 and 2020 respectively. On the contrary, the 460 

results of 6hr and 12hr rainfall intensity values for future time period (2015 to 2100) under 461 

SSP245 and SSP 585 have the average rainfall intensities which generally occur in Hyderabad 462 

city during south-west monsoon. It was also found that the IDF generated with the rainfall data 463 

projected by MRCO6 IDF was close to the historical observed rainfall data under MCC and 464 

KNN-MOF disaggregation methods, but other GCM’s such as BCC-CSM2-MR, GFDL-CM4, 465 

CNRM-ESM2-1, CNRM-ESM2-1 and MRI-ESM2-0 recorded the 1-hr rainfall intensity peak 466 

values. Hence, BLRP, MCC and KNN-MOF disaggregation methods may be suitable to predict 467 

future IDF curves for Hyderabad city.  468 
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