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18 Abstract

19 Bangladesh situated in the tropical monsoon region is one of the most rainfall-sensitive countries 

20 in the world with terrain ranging from northwest floodplains to southern coastal deltas to eastern 

21 hilly regions. This complex landscape coupled with intensified climate variability influences local 

22 convection and extreme precipitation events, making short range forecasting particularly difficult. 

23 In this context, AI driven weather forecasting is gaining promise in diagnosing nonlinear 

24 atmospheric processes where conventional physics-based models fall short. Therefore, this study 

25 employs AI-based GraphCast model to forecast 1-, 2-, and 3-day cumulative rainfall over 

26 Bangladesh utilizing observational data from 43 Bangladesh Meteorological Department (BMD) 

27 stations during 2023-2024. Then, the performance of the model has been evaluated against global 

28 forecasting models namely ECMWF and GFS with statistical metrics including correlation 

29 coefficient (CC), mean error (ME), root mean square error (RMSE), and probability of detection 

30 (POD). The capability of GraphCasts’ extreme rainfall detection has been further examined with 

31 Critical Success Index (CSI) and False Alarm Ratio (FAR) for three threshold benchmarks: 100, 

32 200 and 300 mm. The findings revealed that GraphCast outperforms ECMWF and GFS in routine 

33 precipitation forecasting, achieving higher CC (0.57–0.65), lower RMSE (15.66–16.61 mm day⁻¹), 

34 and near-perfect POD values (>0.98). It exhibited better performance in central and northern 

35 Bangladesh, where monsoon characteristics are more uniform compared to coastal and 

36 southeastern hilly regions. However, GraphCast tends to overestimate extreme rainfall events with 

37 lower CSI (0.4476–0.5170) and higher FAR (0.4809–0.5519) values. Overall, this study aims to 

38 highlight the potential of AI-based operational precipitation forecasting with a path open to 

39 integrating hybrid AI-physics frameworks for better extreme event prediction in future. 

40 Keywords: GraphCast, AI, Short Range precipitation forecasting, Extreme Rainfall detection, CSI, FAR
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41 1. Introduction

42 Accurate short-range precipitation forecasting remains challenging in regions with high 

43 spatiotemporal rainfall variability and has significant implications for disaster mitigation, 

44 agricultural resilience, and water resource management in flood prone countries like Bangladesh. 

45 Though numerical weather prediction (NWP) models have made notable advancements in 

46 forecasting, variability led by mesoscale convection, moisture dynamics, and land–atmosphere 

47 coupling cannot always be resolved explicitly (1–6). Consequently, global NWP systems like 

48 ECMWF and GFS are still having difficulties in tropical rainfall prediction due to parameterization 

49 uncertainties, coarse resolution, and initialization errors, particularly in data-sparse observational 

50 network (1,2,7,8).

51 Bangladesh has a monsoon climate, characterized by 80% (typically over 2,000 mm) of its annual 

52 precipitation occurring between June and September. The rainfall is strongly influenced by 

53 orographic effects, seasonal wind reversals, and large-scale oscillations like ENSO and Indian 

54 Ocean Dipole (IOD) (9–12). This inherent variability contributes to an increasing frequency of 

55 extreme events, including floods and droughts which disrupts agriculture-dependent livelihoods 

56 and impact national GDP(13–17). These socio-economic consequences highlight the necessity of   

57 reliable forecasting as erratic rainfall can highly induce food insecurity, disrupted planting cycle 

58 and dysfunctional disaster response system. However, limitations in forecast dissemination and 

59 public trust are affecting their overall effectiveness (7,18).

60 The recent progress in AI weather forecasting models is attributed to incorporation of vast 

61 reanalysis data and deep learning architectures to achieve skilled predictions without explicit 

62 physics and making them complementary to traditional NWP models (19–23). GraphCast, a graph 

63 neural network-based (GNN) model, has surpassed the forecasting capability of ECMWF in 90% 
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64 of global metrics with 10 days ahead and another AI model namely Pangu-Weather has shown 

65 exceptional regional performance across Asia (8,19,20,24–27). While high resolution WRF model 

66 provided enhanced local forecast with substantial computational requirements (7,8). But 

67 limitations persist in AI based extreme event and local-scale forecasting which stems from biases 

68 in rare-event representation, challenges in interpretability, and inconsistencies with physical laws 

69 (24–26). Regional evaluations show mixed performance of AI models with reasonable skill in 

70 medium range forecasts across East Asia and China while their performance declines in complex 

71 seasons like monsoon (27–29). This situation underscores the potential of integrating data-driven 

72 and physics-based hybrid models to overcome these gaps (30,31). 

73 The application of AI-based weather forecasting is underexplored in monsoon dominant tropical 

74 region against in-situ observations whereas NWP models are staggering with persistent challenges 

75 in explaining convective processes (2). Although previous studies have applied machine learning 

76 (32,33) or NWP techniques (34,35) to monsoon forecasting in Bangladesh and South Asia, 

77 comprehensive evaluation of AI models against NWP utilizing observational data are still scarce 

78 limiting insights into their complementary potential. In Bangladesh, emerging studies using 

79 limited datasets indicate promising potential but still fall short of the scale and capability of 

80 foundation-model-driven systems (26,36,37). 

81 To address this gap, the present study employs GraphCast, a GNN-based model that represents 

82 atmospheric states on a multi-resolution mesh, allowing it to capture global-to-local interactions 

83 with greater accuracy, speed, and generalization than traditional physics-based models (19). The 

84 main objective of this research is to generate 1–3-day precipitation forecast over Bangladesh with 

85 2023 release of GraphCast using BMD observations from 2023–2024, comparing the forecasts 
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86 with physics-based ECMWF and GFS models and evaluating the operational potential of the 

87 model in data-sparse monsoon environments, including extreme event prediction.

88 2. Data

89 2.1 Observational Data

90 Daily cumulative precipitation data were obtained from 43 Bangladesh Meteorological 

91 Department (BMD) stations for validating the forecast generated by GraphCast between 2023-24. 

92 The data integrity was ensured by exclusion of missing values and adjustments of trace amount. 

93 The weather stations are distributed throughout the country to facilitate the regional forecast skill 

94 while accounting for topographic and climatic variations (14).

95 2.2 ERA5 Reanalysis Data

96 ERA5 reanalysis data from the European Centre for Medium-Range Weather Forecasts (ECMWF) 

97 at 0.25° × 0.25° resolution were provided as inputs for the GraphCast simulations (38–41). The 

98 selected variables from single and multiple pressure levels have been utilized as the essential 

99 constitute to run the operational GraphCast model during 2023–2024 are documented at Table 1 

100 (Copernicus Climate Data Store). They served as the initialization inputs for realistic atmospheric 

101 dynamics modelling.

102 Table 1. ERA5 single- and multi-layer atmospheric variables with corresponding pressure levels used 
103 as GraphCast inputs

Multi-layered atmospheric variablesSingle layer atmospheric 
variables Atmospheric variables Pressure levels (hPa)

2-m temperature (K) Temperature (K)
10-m u wind component (m/s) U component of wind (m/s)
10-m v wind component (m/s) V component of wind (m/s)
Mean sea level pressure (Pa) Specific humidity (kg/kg)
TOA incident solar radiation 

(J/m2)
Geopotential (m2/s2)

Total precipitation (m) Vertical wind speed (m/s)

1000, 925, 850, 700, 600, 500, 
400, 300, 250, 200, 150, 100,

50

104
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105 2.3 Numerical Forecast Data

106 The comparison between GraphCast and physical models were carried out using 1–3 day 

107 precipitation forecasts from ECMWF’s Integrated Forecasting System and the National Centers 

108 for Environmental Prediction’s Global Forecast System (GFS), obtained through the THORPEX 

109 Interactive Grand Global Ensemble archive. Both models operated at 0.5° × 0.5° resolution for 

110 2023–2024, enabling a consistent assessment of AI versus traditional NWP performance in a 

111 monsoon environment (2,27).

112 3. Methods

113 3.1 GraphCast Forecasting Framework

114 The architecture of GraphCast follows an encoder-processor-decoder based-structure that directly 

115 uses reanalysis data for forecast generation while avoiding explicit physics equations (19). The 

116 encoder maps atmospheric states from latitude-longitude grid onto a multi-resolution icosahedral 

117 mesh graph, capturing multi-scale interactions. The processor utilizes multiple GNN layers for 

118 message passing between mesh nodes and iteratively keeps updating the model atmospheric 

119 dynamics. The decoder then projects these features back to the grids, producing the next state 

120 prediction (Fig 1). The operational model, developed by Google DeepMind, is trained on ERA5 

121 data from 1979–2017 and generates 6-hour forecasts autoregressively by ingesting the current state 

122 along with the previous 6-hour data. By performing 12 such autoregressive steps, it produces 1–3 

123 day accumulated forecasts at 0.25° resolution, which are then interpolated to station locations using 

124 nearest-neighbor mapping, with batch processing enabling efficient high-resolution simulations 

125 over complex terrain (20,21).

126 Fig 1. Schematic overview of the GraphCast model architecture. Showing the encoder embedding grid 
127 states onto a multi-mesh graph (a, d), processor updating via message passing (b, e, g), and decoder 
128 projecting predictions on the original grid (c, f) [adapted from (19)]
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129 3.2 Evaluation Metrics

130 Performance was assessed using correlation coefficient (CC) for association, mean error (ME) for 

131 bias, root mean square error (RMSE) for deviation, and probability of detection (POD) for event 

132 capture, computed over 1-, 2-, and 3-day accumulations (optimal: CC/POD = 1; ME/RMSE = 0):

𝐶𝐶 =
1
𝑁 ∑𝑁

𝑖=1 𝐹𝑖 ― 𝐹 𝑂𝑖 ― 𝑂
𝜎𝐹𝜎𝑂

(1)

𝑀𝐸 =
1
𝑁

𝑁

𝑖―1
(𝐹𝑖 ― 𝑂𝑖)

(2)

𝑅𝑀𝑆𝐸 =
1
𝑁

𝑁

𝑖―1
(𝐹𝑖 ― 𝑂𝑖)2

(3)

𝑃𝑂𝐷 =
𝑛𝑓𝑜

𝑛𝑓𝑜 + 𝑛𝑜

(4)

133 Where  𝐹𝑖 and 𝑂𝑖  denote forecasted and observed values, 𝐹 and 𝑂 are means, 𝜎𝐹  and 𝜎𝑂 are 

134 standard deviations, 𝑛𝑓𝑜 is the count of correctly detected events, and 𝑛𝑜 is the number of missed 

135 observations. N represents the number of data points or samples in the dataset being compared.

136 For extremes (thresholds: 100, 200, 300 mm), critical success index (CSI; optimal = 1) and false 

137 alarm ratio (FAR; optimal = 0) were applied (30,36):

𝐶𝑆𝐼 =
𝑛𝑓𝑜

𝑛𝑓𝑜 + 𝑛𝑜 + 𝑛𝑓

(5)

𝐹𝐴𝑅 =
𝑛𝑓

𝑛𝑓𝑜 + 𝑛𝑓

(6)

138 Here, 𝑛𝑓𝑜 is the count of correctly detected events (hits), 𝑛𝑜 is the number of missed observations 

139 (misses), and 𝑛𝑓 is the number of false alarms.
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140 4. Results

141 4.1 GraphCast Forecast Performance

142 The spatial distribution of GraphCast's precipitation forecast skill across Bangladesh for 1-3-day 

143 lead times during 2023–2024 is depicted in Fig 2. IT demonstrates robust performance, with 

144 domain-averaged correlation coefficients (CC) declining from 0.65 at 1 day to 0.57 at 3 days, mean 

145 errors (ME) ranging from −0.20 to −0.98 mm day⁻¹, root mean square errors (RMSE) increasing 

146 from 15.66 to 16.61 mm day⁻¹, and probability of detection (POD) decreasing from 0.945 to 0.922, 

147 indicating gradual skill degradation.

148 Fig 1. Spatial distribution of GraphCast precipitation forecast performance metrics over Bangladesh 
149 for 1-3-day lead times during 2023–2024. Panels depict correlation coefficient (CC: a, e, i), mean error 
150 (ME: b, f, j; mm day-1), root mean square error (RMSE: c, g, k; mm day⁻¹), and probability of detection 
151 (POD: d, h, l).

152 Spatially, CC (panels a, e, i) is highest (0.70–0.80) in central and northern regions at 1-day lead, 

153 reflecting strong pattern capture in monsoon-influenced areas, but diminishes to 0.65–0.75 at 2 

154 day lead and 0.60–0.70 at 3 day lead, with lower values (0.60–0.70 at 1 day, decreasing further) in 

155 southern and eastern zones prone to convective variability. ME (panels b, f, j) shows minimal bias 

156 (−4 to +4 mm day⁻¹ at 1 day, broadening to −6 to +6 mm day⁻¹ at day 3), with slight overestimation 

157 in southern stations and underestimation in northern and northeastern zones, consistent across 

158 leads. RMSE (panels c, g, k) ranges from 8–35 mm day⁻¹ at 1 day, increasing to 10–38 mm day⁻¹ 

159 at day 2 and 12–40 mm day⁻¹ at day 3, with lowest errors in central/northern Bangladesh, 

160 highlighting regional skill advantages. POD (panels d, h, l) remains high (0.980–1.000 at 1 day, 

161 0.975–1.000 at day 2, 0.970–1.000 at day 3), demonstrating effective event detection nationwide, 

162 though slightly reduced in extremes.

163

164
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165 4.2 ECMWF Forecast Performance

166 The spatial heterogeneity ECMWF's precipitation forecast skill across Bangladesh for 1–3-day 

167 lead times during 2023–2024 is demonstrated in Fig 3, based on validation against BMD station 

168 observations. Overall, ECMWF exhibits moderate performance, with correlation coefficients (CC) 

169 ranging from 0.18–0.60, mean errors (ME) between −3.9 and +4.6 mm day⁻¹, root mean square 

170 errors (RMSE) from 12–35 mm day⁻¹, and probability of detection (POD) of 0.92–1.00, reflecting 

171 gradual degradation with longer leads.

172 Fig 2. Spatial distribution of ECMWF precipitation forecast performance metrics over Bangladesh 
173 for 1-3-day lead times during 2023–2024. Panels depict correlation coefficient (CC: a, e, i), mean error 
174 (ME: b, f, j; mm day-1), root mean square error (RMSE: c, g, k; mm day⁻¹), and probability of detection 
175 (POD: d, h, l).

176 Spatially, CC (panels a, e, i) ranges from 0.18–0.55 at day 1 (higher in northern/northeastern 

177 regions, lower in southeast/southern coastal areas), 0.20–0.56 at day 2 (moderately higher in 

178 central/southern parts, lower in northern/southeastern coastal zones), and 0.22–0.60 at day 3 

179 (generally lower, particularly in southern/coastal areas). ME (panels b, f, j) shows values of −3.7 

180 to +4.0 mm day⁻¹ at 1 day (slight positive biases in northwestern/southern areas, negative in 

181 southeastern/coastal regions), broadening to −3.6 to +4.6 mm day⁻¹ at 2 day (similar patterns) and 

182 −3.9 to +4.3 mm day⁻¹ at 3 day (stronger negatives in northeastern/southern regions). RMSE 

183 (panels c, g, k) varies from 12–34 mm day⁻¹ at 1 day (smaller in central/western areas, larger in 

184 northeast), extending to 13–34 mm day⁻¹ at day 2 (lowest in central/western, higher in 

185 northeast/southeastern coast), with comparable ranges at day 3. POD (panels d, h, l) remains high 

186 at 0.95–1.00 for day 1, 0.92–0.99 for day 2, and consistently elevated at day 3, indicating reliable 

187 event detection nationwide.

188

189
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190 4.3 GFS Forecast Performance

191 Fig 4 illustrates the spatial distribution of GFS's precipitation forecast skill across Bangladesh for 

192 1–3-day lead times during 2023–2024, based on validation against BMD station observations. 

193 Overall, GFS displays moderate performance, with domain-averaged correlation coefficients (CC) 

194 declining from 0.40 at 1 day to 0.33 at day 3, mean errors (ME) ranging from −1.10 to −1.52 mm 

195 day⁻¹ indicating underestimation, root mean square errors (RMSE) increasing from 18.61 to 19.31 

196 mm day⁻¹, and probability of detection (POD) decreasing from 0.919 to 0.900.

197 Fig 3. Spatial distribution of GFS precipitation forecast performance metrics over Bangladesh for 1-
198 3-day lead times during 2023–2024. Panels depict correlation coefficient (CC: a, e, i), mean error (ME: 
199 b, f, j; mm day-1), root mean square error (RMSE: c, g, k; mm day⁻¹), and probability of detection (POD: d, 
200 h, l).

201 Spatially, CC (panels a, e, i) ranges from 0.15–0.55 at day 1 (higher in northern/northeastern 

202 regions, lower in southeast/southern coastal areas), 0.18–0.53 at day 2 (moderately higher in 

203 central/southern parts, lower in northern/southeastern coastal zones), and 0.20–0.50 at day 3 

204 (generally lower, particularly in southern/coastal areas). ME (panels b, f, j) shows values of −3.8 

205 to +4.2 mm day⁻¹ at day 1 (positive biases in northwestern/southern areas, negative in 

206 southeastern/coastal regions), broadening to −3.7 to +4.5 mm day⁻¹ day 2 (similar patterns) and 

207 −4.0 to +4.1 mm day⁻¹ at day 3 (stronger negatives in northeastern/southern regions). RMSE 

208 (panels c, g, k) varies from 12–35 mm day⁻¹ at day 1(smaller in central/western areas, larger in 

209 northeast), extending to 13–36 mm day⁻¹ at day 2 (lowest in central/western, higher in 

210 northeast/southeastern coast), and similar ranges at day 3. POD (panels d, h, l) remains robust, 

211 with 0.90–1.00 at day 1, 0.88–0.99 at day 2, and 0.85–0.98 at day 3, indicating effective event 

212 detection despite biases.

213

214
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215 4.4 GraphCast Performance in Monsoon Season

216 Fig 5 displays the spatial distribution of mean error (ME) and root mean square error (RMSE) for 

217 GraphCast precipitation forecasts during the monsoon season (June–September) over Bangladesh 

218 at 1-, 2-, and 3-day lead times, validated against BMD station observations from 2023–2024.

219 Fig 5. Spatial distribution of GraphCast precipitation forecast performance metrics over Bangladesh 
220 for 1–3-day lead times during 2023–2024. Panels show mean error (ME: a, c, e; mm day⁻¹) and root mean 
221 square error (RMSE: b, d, f; mm day⁻¹) for 1-day (a, b), 2-day (c, d), and 3-day (e, f) forecasts.

222 For the 1-day lead (panels a, b), ME ranges from -11.56 to 10.49 mm, showing predominant 

223 negative values (underestimation) in northern and central regions, with positive values 

224 (overestimation) in southern coastal areas; RMSE ranges from 10.76 to 48.02 mm, with most 

225 stations falling between 15.52 and 25.10 mm, and higher errors in northeastern and southeastern 

226 stations. For the 2-day lead (panels c, d), ME ranges from -10.28 to 13.80 mm, maintaining similar 

227 spatial patterns of underestimation in the north/center and overestimation in the south; RMSE 

228 ranges from 11.81 to 41.19 mm, with most stations falling between 16.16 and 26.42 mm, and 

229 elevated errors in the northeast. For the 3-day lead (panels e, f), ME ranges from -7.99 to 16.58 

230 mm, exhibiting increased overestimation in southern zones; RMSE ranges from 12.22 to 41.83 

231 mm, with most stations falling between 16.86 and 26.77 mm, and higher deviations in northeastern 

232 and some central stations.

233 4.5 Comparative Model Performance

234 Fig 6 presents domain-averaged metrics for cumulative precipitation forecasts by GraphCast, 

235 ECMWF, and GFS across 1- to 3-day lead times during 2023–2024.

236 Fig 6. Domain-averaged performance metrics for precipitation forecasts over Bangladesh for 1–3-
237 day lead times during 2023–2024. Panels show correlation coefficient (CC), mean error (ME; mm day⁻¹), 
238 root mean square error (RMSE; mm day⁻¹), and probability of detection (POD) for GraphCast (blue), 
239 ECMWF (orange), and GFS (green).
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240 GraphCast outperforms in CC (0.63–0.57), RMSE (15.8–16.5 mm day⁻¹), and POD (0.99–0.98), 

241 with minimal degradation, reflecting superior pattern capture and event detection. ECMWF shows 

242 moderate CC (0.41–0.39) and RMSE (18.2–18.7 mm day⁻¹), with lower POD (0.98–0.96). GFS 

243 exhibits comparable CC (0.40–0.35) but higher RMSE (18.5–19.0 mm day⁻¹) and POD (0.92–

244 0.90). All models display negative ME (−0.3 to −1.4 mm day⁻¹), indicating underestimation, with 

245 GraphCast and GFS more pronounced.

246 4.6 Performance for Extreme Rainfall Events

247 The critical success index (CSI) and false alarm ratio (FAR) for GraphCast, ECMWF, and GFS at 

248 extreme rainfall thresholds of 100, 200, and 300 mm across 1-, 2-, and 3-day lead times are 

249 summarized in Table 2. These metrics evaluate the models' skill in detecting high-intensity events.

250 Table 2. Critical Success Index (CSI) and False Alarm Ratio (FAR) for GraphCast, ECMWF, and 
251 GFS at extreme rainfall thresholds and lead times.

Threshold(mm) 100 200 300
Model Lead_Tim

e
CSI FAR CSI FAR CSI FAR

1day 0.4876 0.4969 0.5012 0.4779 0.5092 0.4654
2day 0.4936 0.4867 0.5059 0.4677 0.5129 0.4561

ECMWF

3day 0.4878 0.4911 0.5002 0.4731 0.507 0.4614
1day 0.4603 0.5393 0.4949 0.5041 0.517 0.4809
2day 0.4582 0.5415 0.4864 0.5125 0.5042 0.494

GraphCast

3day 0.4476 0.5519 0.4722 0.5267 0.4902 0.508
1day 0.5121 0.4556 0.5162 0.4477 0.5212 0.4364
2day 0.5202 0.4419 0.5227 0.4313 0.5251 0.4212

GFS

3day 0.5144 0.4474 0.5182 0.4346 0.5201 0.4264
252

253 At the 100 mm threshold, CSI ranges from 0.4476 to 0.5202, with GFS highest (0.5121–0.5202) 

254 and GraphCast lowest (0.4476–0.4603); FAR varies from 0.4419 to 0.5519, with GFS lowest 

255 (0.4419–0.4556) and GraphCast highest (0.5393–0.5519). For 200 mm, CSI spans 0.4722–0.5227, 

256 with GFS leading (0.5162–0.5227) and GraphCast trailing (0.4722–0.4949); FAR ranges 0.4313–
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257 0.5267. At 300 mm, CSI is 0.4902–0.5251, with GFS superior (0.5201–0.5251) and GraphCast 

258 lower (0.4902–0.5170); FAR is 0.4212–0.5080.

259 CSI modestly increases and FAR decreases with higher thresholds across models, indicating better 

260 relative skill for rarer events (Nevo et al., 2022). GFS outperforms with highest CSI and lowest 

261 FAR, followed by ECMWF (CSI: 0.4876–0.5129; FAR: 0.4561–0.4969), while GraphCast shows 

262 lower CSI and higher FAR, suggesting overprediction of extremes due to underrepresented rare 

263 events in training data (24,26).

264 4. Discussion

265 The AI driven GNN structure of GraphCast captures broad atmospheric patterns and non-linear 

266 dynamics associated with rainfall variability efficiently compared to ECMWF and GFS (19–21)  

267 as reflected in higher CC (0.57–0.65) and lower RMSE (15.66–16.61 mm day⁻¹) across 1- to 3-

268 day leads over Bangladesh in domain average metrics for short-range forecasting. Among the 

269 models ECMWF showed the smallest bias (−0.23 to −0.43 mm day⁻¹), followed by GraphCast 

270 with moderate bias (−0.20 to −0.98 mm day⁻¹), while GFS exhibited the strongest underestimation 

271 (−1.10 to −1.52 mm day⁻¹). In monsoon-prone regions where small rainfall can trigger flooding 

272 (7,30), the near perfect POD values (≈0.999) ensure GraphCast’s reliability in rainfall detection 

273 and better representation of monsoon precipitation variability. However, the inherent 

274 unpredictability of Bangladesh’s convective tropical climate (6,10) causes all three models to lose 

275 skill with increasing lead time, with GraphCast showing a slightly larger rise in RMSE due to 

276 accumulated autoregressive uncertainty.

277 The current study has found relatively better performance of GraphCast in central and northern 

278 Bangladesh along with higher CC and lower RMSE values which indicated improved simulation 
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279 of monsoon dynamics over relatively uniform terrain. On the contrast, southeastern regions 

280 observed reduced skill in forecasting which may correspond to findings from similar evaluation 

281 studies carried over monsoon-dominated complex topography where AI models capture large-

282 scale circulation and moisture transport effectively but face challenges with highly localized 

283 extreme events  (5,29,42). As GraphCast is trained on ERA5 reanalysis data, it has better data 

284 assimilation which can capture regional heterogeneity better than traditional physics-based models 

285 that face difficulties in explaining sub-grid scale orographic and convective processes, making it 

286 suitable for short-term water management and agricultural planning where rainfall variability 

287 strongly affects food security (3,4,12,13)

288 The monsoon performance of GraphCast is relatively weak over Bangladesh with underestimation 

289 in northern/central areas and overestimation in the south while RMSE values are higher than 

290 annual averages, indicating model's sensitivity to convective variability and orographic effects 

291 during peak monsoon periods (5,6), though its near-perfect POD still supports strong flood-

292 warning capability. Alongside monsoon forecasting, GraphCast also underperforms compared to 

293 GFS and ECMWF in extreme rainfall event (100–300 mm) detection, exhibiting higher FAR and 

294 lower CSI, likely due to rare-event biases from reanalysis-based training lacking high-magnitude 

295 rainfall events weather samples in historical data (24–26). GFS performs best at these thresholds 

296 as GFS’s ensemble assimilation methods allow better representation of outliers (2,27). Higher CSI 

297 means the model is correctly capturing more real rainfall events, while lower FAR means it is 

298 issuing fewer false alarms—together indicating more accurate and reliable heavy-rain predictions. 

299 The observed increase in CSI and corresponding decrease in FAR with higher magnitude 

300 thresholds across models suggests improved relative accuracy for rarer events, as false detections 

301 decline with increasing rainfall magnitude (30).
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302 Finally, the findings of the study suggests that GraphCast outperformed ECMWF in 1–3-day 

303 precipitation forecasts in Bangladesh with RMSE values ranging between 9.08–18.66 mm day⁻¹. 

304 Similar outputs were found over China from GraphCast forecast where RMSE has fallen between 

305 0.44–9.38 mm day⁻¹. This difference reflects Bangladesh’s highly variable monsoon rainfall with 

306 extreme convective and orographic effects (5,6), compared to China’s more stable temperate 

307 precipitation patterns (28). These conditions imply that GraphCast holds substantial potential for 

308 operational short-range forecasting in Bangladesh, particularly for routine precipitation prediction 

309 and flood early warning. However, optimization for extreme event forecasting remains necessary. 

310 Future improvements could address forecast uncertainty by integrating ensemble or probabilistic 

311 extensions (22) or hybrid frameworks combining AI and physics-based models (26). 

312 5. Conclusion

313 This study demonstrates that GraphCast outperforms ECMWF and GFS in 1–3-day precipitation 

314 forecasts over Bangladesh, with higher correlations, lower errors, and near-perfect detection rates. 

315 Forecast skill declines with lead time for all models, but GraphCast remains robust for near-term 

316 operational use. The model tends to overpredict extreme rainfall (100–300 mm), resulting in higher 

317 false alarms compared to GFS. Overall, GraphCast demonstrates substantial promise for 

318 improving short-term precipitation forecasts in tropical environments like Bangladesh and 

319 integrating it with traditional physics-based models may offer a more balanced approach to 

320 capturing both typical and extreme rainfall events.  The current study can be further extended in 

321 future with longer datasets and satellite-based observations to assess interannual consistency and 

322 enhance generalizability.

323

324
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