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ABSTRACT: In this study, we evaluate state-of-the-art machine learning models for short-term

precipitation nowcasting using high-resolution CASA X-Band radar data combined with NexRad S-

band radar data from the Dallas–Fort Worth region. We compare generative deep learning models,

including DGMR and NowcastNet, against traditional approaches such as pySTEPS and a baseline

SmaAt-UNet. To ensure a balanced evaluation despite heterogeneous precipitation distributions,

our experimental design includes data sampling across multiple time intervals, as well as separate

assessments on individual extreme and moderate precipitation periods. Quantitative metrics such as

TOPSIS, POD, FAR, and CRPS are employed, with results revealing that DGMR generally captures

heavy rainfall centers more effectively—especially under extreme conditions—while NowcastNet

exhibits challenges with our implementation of the discriminator, leading to generator collapse in

certain configurations. Additionally, our modifications to DGMR, including grid cell regularization

adjustments and gradient checkpointing, enhance its performance and computational efficiency. We

also discuss the potential of diffusion models as promising alternatives to GAN-based frameworks.

Overall, our comparative analysis provides insights into each model’s strengths and limitations and

suggests directions for further research in improving both accuracy and efficiency in precipitation

nowcasting.
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1. Introduction20

High-resolution Numerical Weather Prediction (NWP) models have significantly improved fore-21

cast accuracy, which is vital across sectors such as agriculture, urban planning, and disaster man-22

agement. Traditional NWP models face several challenges in short-term precipitation forecasting.23

These include high computational demands, long model initialization times, and substantial finan-24

cial long-term costs due to their reliance on extensive computational resources and supercomputing25

infrastructure (Ben Bouallègue et al. 2024; Kaufmann et al. 2003; Sun et al. 2014). Additionally,26

these models may exhibit reduced accuracy over complex terrains and are constrained by lim-27

ited grid resolutions, which can result in missing small-scale or localized weather phenomena28

(Kaufmann et al. 2003; Sun et al. 2014).29

In contrast, machine learning (ML) models offer several benefits that address these limitations.30

By learning patterns from historical data, ML models can generate forecasts quickly, reducing the31

need for extensive computational resources and lowering financial costs (Aksoy and Dahamsheh32

2009; Ben Bouallègue et al. 2024). Among these, generative machine learning models represent a33

more capable and expressive field within ML, offering several advantages over traditional models.34

Generative models, when implemented using architectures like conditional generative adversarial35

networks (cGANs) and diffusion models, are adept at capturing the complex, nonlinear dynamics36

of weather systems.37

State-of-the-art cGAN models, such as DGMR by Ravuri et al. (2021) and NowcastNet by Zhang38

et al. (2023), provide single prediction outcomes as well as express predictive uncertainties, crucial39

for understanding and preparing for extreme weather events. Adversarial training and the inclusion40

of latent variables help these models balance between generated and real data, improving accuracy41

in spatial structures and temporal continuity, and enabling the generation of diverse prediction42

results (Arjovsky et al. 2017; Majumdar et al. 2021; Sun et al. 2014). These features highlight the43

advantages of generative machine learning models in capturing complex meteorological processes44

and providing rich information for meteorological decision-making.45

In this study, we evaluate the performance of deep generative learning models for precipitation46

nowcasting using high-resolution CASA X-band radar data combined with NexRad S-band radar47

data from the Dallas–Fort Worth region. The CASA DFW Network is a network of six X-48

band radars in North Texas that have been generating high spatiotemporal resolution single radar49
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moments and multi-radar products since 2016 (Philips et al. 2017; Chandrasekar et al. 2018). We50

compare state-of-the-art models, including DGMR and NowcastNet, against traditional methods51

such as pySTEPS (Pulkkinen et al. 2019) and the SmaAt-UNet baseline (Trebing et al. 2021). Given52

the complexity of precipitation forecasting—especially for extreme weather events—generative53

models offer a promising alternative to conventional inference-based methods. However, existing54

implementations face challenges in balancing accuracy, computational efficiency, and the ability55

to generalize across different precipitation intensities.56

To ensure a rigorous comparison, we employ both quantitative metrics (such as Probability57

of Detection (POD), Continuous Ranked Probability Score (CRPS), and Critical Success Index58

(CSI), among others) and qualitative visual assessments that contrast model forecasts with actual59

observations. Through this analysis, we identify the strengths and limitations of each approach60

and explore modifications to enhance their performance. Our findings contribute to improving61

precipitation forecasting models, ultimately advancing meteorological prediction technologies.62
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2. Related Work63

a. Introduction to Related Work64

To evaluate how current machine learning (ML) approaches perform on X-band radar networks65

such as the CASA-DFW system, we begin by reviewing high-resolution numerical weather pre-66

diction (NWP) efforts and a range of ML-based precipitation nowcasting methods. Compared to67

conventional C- or S-band radars, X-band systems provide closer-range coverage and higher spatial68

resolution, which is especially advantageous for capturing localized convective events (McLaughlin69

et al. 2009). By surveying the state-of-the-art techniques in both NWP and ML-driven nowcasting,70

we aim to establish a theoretical foundation for our subsequent evaluation using CASA radar data,71

ultimately identifying or refining the models best suited to high-resolution radar observations.72

b. Challenges in High-Resolution Numerical Weather Prediction (NWP)73

Traditional numerical weather prediction (NWP) models combine atmospheric dynamics equa-74

tions with observational data to simulate precipitation processes. High-resolution models such as75

HRRR by Agrawal et al. (2019) have steadily improved performance in capturing frontal systems,76

convective weather, and other mid- to large-scale phenomena. These models play a crucial role in77

both global and regional nowcasting tasks.78

Despite their utility, NWP models face several challenges in short-term (0–6 hours) precipitation79

nowcasting. First of all, such models introduce high computational cost and initialization time.80

Increasing the spatial and temporal resolution of NWP models demands substantial computing81

resources, which may limit real-time applications. Second, NWP models struggle to capture small-82

scale features. Boundary-layer processes, orographically induced convection, and localized storms83

are often under-resolved by the model’s grid and lead to missed or underpredicted events. Finally,84

models accumulate errors over complex terrain and extreme weather events. Mountainous regions85

and severe weather conditions (e.g., strong convection, turbulence) can amplify inaccuracies,86

causing significant biases in forecasts.87

c. Machine Learning-Based Precipitation Nowcasting88

To overcome NWP’s limitations in modeling complex or fast-developing precipitation systems,89

data-driven approaches leveraging large-scale radar or satellite observations have emerged. These90
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methods learn spatiotemporal structures of precipitation fields directly from historical data, en-91

abling rapid inference and fine-grained short-term predictions.92

Generative models, particularly Generative Adversarial Networks (GANs) and Diffusion Models,93

offer unique strengths in capturing nonlinear precipitation dynamics. (i) They naturally model94

uncertainty, which is critical when forecasting extreme precipitation events. (ii) By incorporating95

spatiotemporal constraints, they can reproduce realistic radar echo evolutions across time and96

space. (iii) Compared to purely deterministic approaches, they enable multiple plausible future97

scenarios, providing richer information for decision-making.98

1) DGMR99

Deep Generative Model of Radar (DGMR) by Ravuri et al. (2021) uses a conditional GAN100

framework, equipped with spatial and temporal discriminators, to generate realistic radar reflectivity101

sequences. Studies suggest that DGMR can outperform traditional extrapolation-based methods102

(e.g., pySTEPS by Pulkkinen et al. (2019)) in terms of spatial detail and extreme rainfall depiction,103

thanks to its adversarial learning scheme that enforces consistency across consecutive radar frames104

(Ravuri et al. 2021; Zhang et al. 2023).105

The DGMR’s model task is formulated in Equation (1) and expressed as the conditional proba-106

bility distribution of the future radar field (from the 𝑀 + 1 moment to the 𝑀 +𝑁 moment) given107

the historical radar data (from the starting moment 1 to the current moment 𝑀) and the hidden108

variable Z, which is mathematically expressed as:109

𝑃(X𝑀+1:𝑀+𝑁 |X1:𝑀) =
∫

𝑃(X𝑀+1:𝑀+𝑁 |Z,X1:𝑀 , 𝜃)𝑃(Z|X1:𝑀) 𝑑Z (1)

The integral represents the contribution of the hidden variable Z to the overall prediction process,110

where 𝑃(Z) is the prior distribution of the hidden variable, which is in deep generative modeling111

often assumed to be normal for its simplicity and tractability. This setup allows the model to generate112

a wide range of possible future radar scenarios, thus increasing the richness and adaptability of the113

predictions.114

Operating under an adversarial framework, DGMR’s generator synthesizes radar sequences,115

while spatial and temporal discriminators refine predictions by distinguishing real from generated116
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data. Grid cell regularization further prioritizes extreme precipitation values, improving severe117

weather forecasting.118

Figure 1 illustrates the architecture and training process.119

Fig. 1. Schematic of the DGMR architecture showing the generator with spatial latent vectors Z. Figure from

Ravuri et al. (2021).

120

121

By integrating adversarial learning, probabilistic modeling, and regularization, DGMR effec-122

tively captures uncertainty, delivering reliable predictions essential for extreme weather forecasting.123

2) NowcastNet124

NowcastNet by Zhang et al. (2023) is also a GAN-based deep generative model for predicting125

extreme precipitation. Building on the foundation established by DGMR, NowcastNet features126

enhanced capabilities to address the complexities of predicting highly dynamic weather patterns.127

The model integrates an evolution network with a generative network and incorporates physical128

constraints such as the two-dimensional continuity equation. This design facilitates more accurate129

simulation of convective rainfall development and movement. Notably, the model’s approach of130
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coupling physical formulations with latent variable modeling has shown promise in capturing131

complex precipitation processes, particularly during extreme events.132

Fig. 2. NowcastNet is a physics-aware deep generative model that uses an encoder-decoder architecture to

produce multi-scale precipitation forecasts (panel a) and incorporates a specialized evolution network (panel b)

to enforce physically consistent advection dynamics. Figure from Zhang et al. (2023).

133

134

135

The figure 2 shows the overview of the NowcastNet.136

By coupling physical equations with a deep learning framework, NowcastNet aligns with me-137

teorological principles while also capturing inherent uncertainties in precipitation nowcasting. In138

particular, it excels at depicting extreme events where the balance of atmospheric processes can139

lead to significant variability.140

More formally, the model task can be expressed through the following probability formulation:141

𝑃( 𝑋̂−𝑇0:0 | 𝜙;𝜃) =
∫

𝑃( 𝑋̂1:𝑇 | 𝑋−𝑇0:0, 𝜙(𝑋−𝑇0:0), 𝑧;𝜃) 𝑃(𝑧) 𝑑𝑧 (2)

In this formula, 𝑋−𝑇0:0 represents past radar data, 𝜙 are parameters for the evolution network,142

𝜃 for the generative network, and 𝑧 is the latent variable. Integrating over 𝑧 addresses multiple143

possible scenarios, providing a distribution of potential future radar fields 𝑋̂1:𝑇 .144
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3) pySTEPS145

pySTEPS by Pulkkinen et al. (2019) adopts an extrapolation and optical-flow-based methodology.146

Radar echoes are translated according to estimated motion fields. Stochastic perturbations at147

multiple spatial scales produce an ensemble of likely future precipitation scenarios. This leads to148

probabilistic nowcasts of the near future.149

Previous research (Venugopal et al. 1999) has demonstrated that large-scale precipitation systems150

tend to exhibit relatively long lifetimes, while smaller-scale convective cells evolve and dissipate151

much more rapidly. Building on these findings, STEPS employs an FFT-based decomposition of152

the rainfall field into multiple spatial scales (see Equation (3)), each of which can be extrapolated or153

stochastically perturbed and then recombined into the final forecast. By handling large- and small-154

scale components separately, the method better captures the distinct lifecycles of precipitation155

systems and thus improves short-term prediction accuracy. Additionally, STEPS incorporates156

an autoregressive (AR) scheme (Chatfield and Xing 2019) (see Equation (4)) to account for the157

temporal evolution of each spatial scale, thereby capturing time-dependent precipitation variability.158

Figure 3 introduces the basic structure of the pySTEPS library.159

radial wavenumber (pixels)︸                             ︷︷                             ︸
|𝑘 |

−→ wavelength (pixels)︸                   ︷︷                   ︸
𝐿
|𝑘 |

−→ wavelength (km)︸               ︷︷               ︸
𝐿Δ𝑥
|𝑘 |

−→ scale (km)︸      ︷︷      ︸
𝐿Δ𝑥
2 |𝑘 |

. (3)

𝜌𝑖 (𝑡) = 𝜙𝑖,1 𝜌𝑖 (𝑡 −Δ𝑡) + 𝜙𝑖,2 𝜌𝑖 (𝑡 −2Δ𝑡). (4)

4) U-Net164

Originally introduced for biomedical image segmentation by Ronneberger et al. (2015) has been165

successfully applied to precipitation nowcasting. It leverages a Convolutional Neural Network166

(CNN) architecture to treat forecasting as an image-to-image translation problem, making pre-167

dictions about future precipitation based on radar images. U-Net consists of an encoder-decoder168

structure with skip connections that allow the model to capture spatial information effectively169

while retaining finer details. In the context of nowcasting, U-Net performs well in high-resolution,170

short-term precipitation nowcasting and has been compared favorably to traditional methods such171
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as optical flow, persistence, and NOAA’s HRRR model Agrawal et al. (2019). The original U-Net172

architecture is depicted in Figure 4.173

Since the introduction of U-Net, researchers have explored various ways to enhance its per-178

formance. To improve efficiency while maintaining accuracy, Trebing et al. (2021) proposed179

SmaAt-UNet, which incorporates attention mechanisms and depthwise-separable convolutions to180

reduce the number of parameters while maintaining high accuracy. The attention modules allow181

the network to focus on the most relevant features, while depthwise-separable convolutions signif-182

icantly lower computational complexity. Compared to the original U-Net, SmaAt-UNet achieves183

similar nowcasting performance with only a quarter of the parameters, making it a lightweight yet184

effective alternative. Given its efficiency, SmaAt-UNet serves as a strong baseline for evaluating185

more advanced models, such as DGMR, for precipitation nowcasting using CASA radar data.186

d. Relevance to This Study187

1) Evaluating and Extending Existing Models188

In this work, we compare DGMR and NowcastNet on the CASA-DFW X-band/S-Band radar189

dataset (see Section 2) to assess their performance in capturing localized and extreme precipitation190

events. We also incorporate pySTEPS and SmaAt-UNet as reference baselines, thereby establishing191

a comprehensive evaluation framework (see Section c). Our findings help bridge the gap between192

purely data-driven approaches and hybrid methods that integrate physical constraints.193

2) Implications for Future Research194

Our research is not limited to injecting physical and probabilistic and/or statistical based con-195

straints into machine learning-based precipitation forecasting, nor is it solely focused on uncertainty196

quantification. By leveraging our own radar dataset (Section 2), we have adopted and evaluated197

the performance of several popular deep generative models (e.g., DGMR, NowcastNet) under local198

conditions to validate their applicability and accuracy. We then select the best-performing model as199

a starting point for subsequent improvements. Moving forward, we plan to further optimize model200

performance and reduce computational overhead, aiming to make it more practical for real-world201

X-band radar network deployments and enhance its capability in predicting extreme precipitation202

events.203
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Fig. 3. Figure illustrates the workflow for computing precipitation nowcasts with pySTEPS: white boxes

denote core operations common to all nowcasting methods, green boxes add cascade decomposition plus AR(p)

modeling (S-PROG), and blue boxes introduce stochastic perturbations and parallelized ensemble computation

(the full STEPS model). Figure from Pulkkinen et al. (2019).

160

161

162

163
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Fig. 4. U-Net architecture (example for 32x32 pixels in the lowest resolution). Each blue box corresponds to

a multi-channel feature map. The number of channels is denoted on top of the box. The x-y-size is provided

at the lower left edge of the box. White boxes represent copied feature maps. The arrows denote the different

operations. Figure from Ronneberger et al. (2015).

174

175

176

177
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3. CASA Testbed, Data, & Dataset204

a. Overview of the CASA DFW Radar Network205

The CASA DFW radar network monitors the lower atmosphere in the Dallas–Fort206

Worth–Arlington (DFW) region, an area spanning roughly 194 x 201 km and serving about207

6.5 million people. This network of six advanced X-band, dual-polarization radars is specifically208

designed for the detection and mitigation of severe weather phenomena — such as hail, tornadoes,209

and floods — by providing high-resolution observations of the lower atmosphere. Unlike tradi-210

tional systems, CASA’s dense coverage is optimized to capture rapidly evolving localized weather211

events, providing information that is critical to urban safety. Figure 5 illustrates the spatial layout212

and coverage areas of both the CASA X-band radars and the NexRad S-band radar (KFWS) over the213

DFW Metroplex, highlighting the dense network’s capability to monitor urban weather phenomena214

with high spatial and temporal resolution.215

The article Principles of High-Resolution Radar Network for Hazard Mitigation and Disaster216

Management in an Urban Environment by Chandrasekar et al. (2018) describes in detail CASA217

X-Band Radar Network, compares WSR-88DP S-band Radar (NexRad) with DFW X-band Radar218

(CASA), provides locations of CASA radars, and explains principles behind the radar network.219

b. Data and Capabilities224

Since March 2016, the CASA network in DFW has produced a range of high-resolution weather225

products, including: Quantitative Precipitation Estimates (QPE) at a resolution of 554 m × 549 m;226

specialized products for identifying hail events (hail detection); both single-radar and composite227

reflectivity measurements; single-radar velocity products capturing storm dynamics.228

In comparison with the NexRad S-Band radars, CASA radars exhibit notable differences. CASA229

radars provide coverage below 1 km, whereas NexRad only covers about 30% of its data below 1230

km. In addition, CASA offers updates every 1 minute, in contrast to NexRad’s 5-minute update231

cycle. These differences yield detailed observations of the lower atmosphere with CASA, while232

NexRad offers broader-scale atmospheric coverage.233
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Fig. 5. Location and coverage of CASA and NexRad Radars over DFW region. The layout of S-band KFWS

WSR-88DP radar (100 km range ring in red) and the DFW dual-polarization X-band radars (40 km range rings in

blue). The letter symbols, such as “XMDL”, correspond to the name of various radars. Figure from Chandrasekar

et al. (2018).

220

221

222

223

c. Longitudanal Dataset234

The dataset for this study combines CASA and NexRad radar measurements collected between235

June 1, 2016, and May 31, 2024. CASA provides high-resolution X-band data, while NexRad236

S-band data, originally recorded at 5-minute intervals, is interpolated to match CASA’s temporal237

resolution and combined for seamless integration. The process of combining the data is explained238

in detail by Chandrasekar et al. (2018). This combination offers a robust dataset to evaluate239

ML-based precipitation forecasting models.240

Inspired by the methodology of Ravuri et al. (2021) in their paper, the preprocessing pipeline241

consists of the following components.242

• Importance Sampling: Prioritizes medium-to-high precipitation events to address data im-243

balance (Ravuri et al. 2021).244

𝑞𝑛 = min

{
1, 𝑞min +

𝑚

𝐶

∑︁
𝑐

𝑥sat
𝑛,𝑐

}
, (5)
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where 𝑞𝑛 is the computed precipitation probability, serving as the final prediction. 𝑞min is the245

lower bound of the precipitation probability, defined as a hyperparameter. 𝑚 is a manually246

adjustable multiplier, also a hyperparameter. 𝐶 represents the total number of estimated247

pixels, which is 𝐶 = 256× 256 in this case. 𝑥sat
𝑛,𝑐 denotes the precipitation saturation term,248

depicted in Equation (6).249

𝑥sat
𝑛,𝑐 = 1− exp

(
−𝑥𝑛,𝑐

𝑠

)
(6)

where 𝑠 is the rain saturation constant.250

TxHxW

Importance Sampling

c = Txhxw

c = Txhxw

(HxW/hxw) sets ... 

Yes,
Take

No,
Drop

q_n >= q_threshold?

F / q_n

Unbiases subsamples

Yes,
Take

No,
Drop

q_n >= q_threshold?

F / q_n

Unbiases subsamples

Fig. 6. Process of importance sampling. We select a subset of 256× 256 size from the original data in the

form of a random window, while calculating qn, we only retained subsets with 𝑞𝑛 greater than the threshold. The

equation in the figure is from Ravuri et al. (2021).

251

252

253

• Quantization and Clipping: Precipitation rates are quantized to 1/32 mm/hr increments and254

capped at a maximum value of 128 mm/hr.255

• Patch Extraction: Focuses on localized precipitation patterns with the most importance and256

reduces computational load.257
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• Masking of Missing Pixels: Missing or defective data is replaced with negative values to258

ensure consistent model input.259

• Dataset Splits: Data is split into training, validation, and testing sets. Validation data includes260

the first three days of each month from June 2016 to June 2022. Training data comprises the261

remaining days from this period, while test data covers June 2022 to May 2024.262

Additional preprocessing steps include temporal resampling, sampling every fifth observation263

to achieve a 5-minute temporal resolution, patch extraction (256 × 256 patches with configurable264

offsets), and random cropping, while edge exclusion was not applied in this study. The raw dataset265

initially contained 365 GB of unprocessed data, which was reduced to 15 GB after preprocessing.266

Table 1 summarizes the impact of preprocessing on data distribution, highlighting an improved267

representation of medium-to-high precipitation events, ensuring a more balanced dataset for model268

training.269

Table 1. Distribution of Precipitation Rates Before and After Preprocessing. Sampling strategy: All available

data, sorted by date, is first evenly divided into five segments, and then 200 samples are randomly selected from

each segment, resulting in a total of 1,000 samples for analysis.

270

271

272

Range (mm/hr) Original Data (%) Preprocessed (%)

= 0.0 96.91 58.01

(0.0, 0.1] 0.76 4.24

(0.1, 1.0] 0.98 13.71

(1.0, 4.0] 0.84 14.62

(4.0, 10.0] 0.32 5.90

(10.0, 15.0] 0.07 1.20

(15.0, 25.4] 0.06 1.04

(25.4, 50.8] 0.04 0.87

(50.8, 76.2] 0.01 0.27

(76.2, 101.6] 0.00 0.09

(101.6, 128.0] 0.00 0.04

128 < 0.00 0.00
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4. Evaluation273

a. Data Sampling and Preprocessing274

This section aims to evaluate each model’s short-term precipitation forecasting capability using275

the CASA X-band/S-Band radar dataset as defined in Section 3. We first apply importance sampling276

to the raw radar data, together with spatial cropping and rescaling to 256× 256 pixels, to obtain277

a more representative data distribution better suited for model training and evaluation. We then278

conduct a comparison among DGMR, NowcastNet, SmaAt-UNet, and pySTEPS (STEPS) using279

the preprocessed data.280

b. Experimental Setup281

1) Input and Output Configuration282

Each sample consists of 4 frames (20 minutes in total) as input, and the model predicts the283

subsequent 10 frames (50 minutes) of radar rainfall maps, all cropped to 256×256.284

2) Models for Comparison285

We select three models and one pySTEPS method for our experiments (more details about these286

models are provided in Section 2):287

• DGMR by Ravuri et al. (2021): A GAN-based model for radar rainfall forecasting;288

• NowcastNet by Zhang et al. (2023): A physics-constrained generative network designed to289

improve performance on convective events;290

• SmaAt-UNet by Trebing et al. (2021): A lightweight U-Net variant incorporating attention291

mechanisms and depthwise-separable convolutions for efficient precipitation nowcasting. We292

refer to it as UNetDSAttention in this section;293

• pySTEPS (STEPS) by Pulkkinen et al. (2019): A traditional extrapolation and optical-flow294

approach, serving as our baseline.295

Due to time constraints, we did not standardize the training protocols across all architectures.296

While each model was trained on the same dataset, their training durations varied: DGMR was297

trained for 2,000 epochs with a batch size of 32 and weight ceiling for a grid cell regularization298
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of 64, taking approximately four days; UNetDSAttention (SmaAt-UNet) was trained for 16 epochs299

with a batch size of 32 until convergence; and NowcastNet was trained for 500 epochs with a300

batch size of 8. All models were trained on NVIDIA A100-80GB GPUs: 8 for DGMR, 1 for301

NowcastNet, and 2 for SmaAt-UNet. In future work, we plan to harmonize the training conditions302

to enable more equitable comparisons.303

c. Modifications to DGMR: Grid Cell Regularization and Gradient Checkpointing304

We utilize the Open Climate Fix (OCF) implementation of DGMR, as the original paper by305

Ravuri et al. (2021) only provided pseudocode without a complete model implementation. In our306

modifications, we introduce grid cell regularization and gradient checkpointing to enhance model307

performance.308

1) Grid Cell Regularization Adjustment309

Our analysis revealed discrepancies between the current implementation of grid cell regular-310

ization and its original formulation in prior literature by Ravuri et al. (2021). Specifically, the311

OCF implementation applies a weighting function to precipitation values, effectively clipping the312

weights 𝑤(𝑦) within the range [0,24] before computing the regularization loss. This inadvertently313

reduces the emphasis on extreme precipitation values compared to the intended formulation:314

𝑤(𝑦 = max(𝑦 +1,24), (7)

which scales the weight proportionally to precipitation intensity. The original approach assigns315

greater importance to high precipitation values, encouraging the model to learn from rare but316

critical cases more effectively.317

The grid cell regularization loss is defined as:318

L𝑅 (𝜃) =
1

𝐻𝑊𝑁
∥(𝐸𝑍 [𝐺𝜃 (𝑍;X1:𝑀)] −X𝑀+1:𝑀+𝑁 ) ⊙𝑤(X𝑀+1:𝑀+𝑁 )∥1 , (8)

where 𝐺𝜃 represents the generator’s expected output over the latent space 𝑍 , and 𝐻,𝑊,𝑁319

denote the height, width, and lead-time dimensions, respectively. Here, 𝑤(X𝑀+1:𝑀+𝑁 ) follows the320

weighting function defined in Equation (7), ensuring that the model assigns greater importance321
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to high-intensity precipitation events while capping the weight to prevent excessive sensitivity to322

potential noise.323

2) Experimentation on Regularization Weighting324

Through controlled experimentation on our data, we found that increasing the maximum clipping325

value for the weight from 24 mm/hr (as originally proposed by Ravuri et al. (2021)) to 64 mm/hr326

yielded the best results. This highlights the importance of adjusting DGMR’s grid cell regular-327

ization parameters and weight function to the local climate, as also emphasized by Cambier van328

Nooten et al. (2023).329

However, this experiment is not exhaustive and can be further extended. Future work may explore330

alternative scaling functions or adaptive weighting strategies to refine the regularization process331

and further improve model robustness.332

3) Gradient Checkpointing and Performance Impact333

To optimize memory efficiency and scalability, we integrated gradient checkpointing into DGMR.334

This modification allows selective recomputation of intermediate activations, significantly reducing335

peak memory usage.336

As a result, gradient checkpointing enabled an increase in batch size from 16 to 32, allowing for337

a faster training process. Additionally, it enabled the use of 6 generation steps instead of 2, which is338

particularly demanding in terms of GPU memory, but significantly enhances the probabilistic nature339

of the model by generating multiple diverse predictions, better capturing the inherent uncertainty340

in precipitation nowcasting.341

d. Modifications to NowcastNet: Temporal and Spatial Discriminators342

Since the original NowcastNet paper by Zhang et al. (2023) does not specify the discriminator343

used during training, we investigated two different approaches to adapt a discriminator for our344

CASA radar dataset. The first approach employs a setup similar to DGMR’s adversarial scheme,345

using a convolutional (spatial) and GRU-based (temporal) discriminator. However, we observed346

that under this configuration, the discriminator loss quickly converged to an extremely low value,347

causing the generator to collapse and preventing the model from training to a usable state.348
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Our second approach adopts a 3D convolutional neural network as the discriminator, following349

the limited hints available in the original NowcastNet architecture. This variant yielded a functional350

model, though still short of the performance levels reported in the NowcastNet paper, and, in most351

cases, less competitive than DGMR on our CASA dataset. In future work, we plan to investigate352

additional discriminator designs and potentially leverage the authors’ publicly available pre-trained353

models (though not originally trained on CASA data) to further refine the nowcasting performance354

of NowcastNet.355

e. Evaluation Metrics356

To comprehensively assess each model’s strengths and weaknesses in precipitation nowcasting,357

we employ the metrics listed in Table 2. These metrics cover event-detection effectiveness (e.g.,358

POD, FAR, CSI), overall accuracy (ACC, BIAS), and distributional properties (CRPS), and we also359

apply TOPSIS for multi-criterion ranking when necessary. The table below shows each metric’s360

definition, meaning, and ideal values or ranges.361

f. Quantitative Evaluation362

We calculate basic statistics such as Hits, False Alarms, and Misses at a rainfall threshold of363

128 mm/h for each model. From these, we derive POD, FAR, ACC, CSI, BIAS, HSS, and GSS.364

For probability or distribution-based metrics (e.g., CRPS), we use multiple sampling or bootstrap365

methods to measure how well the predicted distribution aligns with observations. Moreover,366

we adopt TOPSIS to normalize and combine these metrics into a single “comprehensive score”,367

indicating each model’s overall ranking.368

Model performance on evaluation metrics indicate that pySTEPS leads in most indicators, while369

the performance of DGMR is better than the other two machine learning models. From the370

perspective of BIAS scores, the DGMR model is more inclined to underestimate precipitation371

events.372

Table 3 compares the TOPSIS aggregate scores of three forecast models and one method evaluated373

under different precipitation conditions. The table consists of four columns:374

• Model: Lists the names of the forecast models.375
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Table 2. Evaluation Metrics Overview
Metric Description Interpretation
POD (Probability of Detection) Detection rate, the proportion of correctly

predicted events
Higher is better. Values close to 1 indicate a
strong ability to detect actual events.

FAR (False Alarm Ratio) False alarm ratio, the proportion of false
event predictions

Lower is better. Indicates how many pre-
dicted events did not actually occur.

FA (False Alarm Rate) The probability of non-events being pre-
dicted as events

Lower is better. Reflects how prone the
model is to generating false alarms.

ACC (Accuracy) The proportion of correct predictions Higher is better. Reflects overall correctness
of the model.

CSI (Critical Success Index) Balances hits, false alarms, and misses Higher is better, ranges from 0 to 1.
BIAS (Frequency Bias) Ratio of forecasted event frequency to actual

event frequency
The ideal value is 1. BIAS>1 means overpre-
diction and BIAS<1 means underprediction.

HSS (Heidke Skill Score) Measures improvement over random fore-
casting

Higher is better. HSS>0 means better than
random.

HK (Hanssen-Kuipers Discrimi-
nant)

Ability to distinguish between events and
non-events

Higher is better. Closer to 1 means stronger
discrimination.

GSS (Gilbert Skill Score) Measures improvement over random fore-
casts

Higher is better. GSS=1 is perfect and
GSS=0 is no better than random.

SEDI (Symmetric Extremal De-
pendency Index)

Focused on extreme event prediction Higher is better. Indicates effectiveness in
capturing extreme events.

MCC (Matthews Corr. Coeff.) A balanced measure of TP, FP, TN, FN Higher is better. MCC=1 is perfect and
MCC=0 is random.

F1 (F1 Score) Harmonic mean of precision and recall Higher is better. Values close to 1 indicate
good precision and recall balance.

AUC (Area Under ROC) Ability to distinguish classes Higher is better. Values near 1 indicate strong
discriminative power.

Distance to OBS The deviation of model predictions from ac-
tual observations

Lower is better. Reflects how close predic-
tions are to reality.

CRPS (Continuous Ranked Prob.
Score)

The difference between the predicted proba-
bility distribution and the observed distribu-
tion

Lower is better. CRPS=0 indicates a perfect
forecast.

TOPSIS Combines all scores to locate posi-
tive/negative ideal solutions

Higher is better. Closer to 1 indicates a
stronger overall performance.

Table 3. Comparison of TOPSIS Aggregate Scores Across Different Time Intervals

Model multi-time-interval 04:56 to 06:01 September 20th, 2023 09:24 to 10:29 April 28th, 2024

PystepsSTEPS 0.8693 0.9264 0.7439

DGMR 0.7755 0.6953 0.8502

NowcastNet 0.2223 0.0893 0.0736

UNetDSAttention 0.1976 0.2177 0.1986

• multi-time-interval: Shows the overall TOPSIS aggregate score computed from multiple time376

intervals that cover a wide range of precipitation conditions. This composite score reflects a377

balanced evaluation across diverse conditions.378

• Other two column provides the TOPSIS score from another two individual time period379

characterized by different precipitation distribution (Medium precipitation for ”04:56 to 06:01380

September 20th, 2023” and Extreme precipitation for ”09:24 to 10:29 April 28th, 2024”).381

21



As shown in Table 3, the PystepsSTEPS model achieved an overall score of 0.8693, with 0.9264382

on September 20th (medium precipitation case) and 0.7439 on April 28th (extreme precipitation383

case). Similarly, the DGMR model had an overall score of 0.7755, performing lower in the384

September interval (0.6953) but higher in April (0.8502). In contrast, NowcastNet consistently385

exhibited low scores across all evaluations, while UNetDSAttention showed moderate performance.386

These differences indicate that model performance can vary significantly depending on the387

specific precipitation distribution during the evaluation period. The composite (multi-time-interval)388

scores provide a generalized performance measure, whereas the individual time interval scores389

reveal model behavior under particular precipitation conditions.390

Fig. 7. Metrics results from multi-time-interval
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Fig. 8. Metrics results from 04:56 to 06:01 September 20th, 2023 (medium precipitation).

g. Qualitative Analysis and Visualization391

In addition to numerical metrics, we select several rainfall periods with evident precipitation392

features (not necessarily extreme events) for visualization, providing an intuitive understanding393

of each model’s performance in terms of spatial distribution, storm movement, and precipitation394

structure. The proposed structure is as follows:395

1) Case Description396

• Case Selection Criteria: We focus on samples with well-defined rainfall boundaries, though397

not necessarily high-intensity storms, aiming to cover typical precipitation patterns.398

• Geographical Area and Observation Time: The sampling region is bounded by:399
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Fig. 9. Metrics results from 09:24 to 10:29 April 28th, 2024 (extreme precipitation).

Table 4. Forecast Time Intervals and Precipitation Conditions

Time Interval & Date Precipitation Condition

15:04 to 15:19 November 9th, 2023 max-density

14:39 to 14:54 December 24th, 2023 max-complexity

14:14 to 14:29 December 24th, 2023 max-intensity

23:02 to 23:17 February 1st, 2023 median-density

12:36 to 12:51 September 14th, 2023 median-complexity

22:26 to 22:41 April 26th, 2023 median-intensity

– Longitudes: −97.99 (west) to −96.715 (east)400

– Latitudes: 33.05 (north) to 31.775 (south)401

• Input Time:402

24



1. For visualization and metrics results:403

– 04:56 to 05:11, September 20, 2023 (idx 116)404

– 09:24 to 09:39, April 28, 2024 (idx 290)405

2. To improve the accuracy of our quantitative metrics analysis, we selected multiple406

time intervals (shown in Table 4). The averaged experimental results mitigate biases407

introduced by imbalanced data distributions, leading to more generalizable conclusions.408

• Prediction Horizon: Each case involves predicting the future 50 minutes (10 frames).409

Fig. 10. Visualization of Forecasts for period from 04:56 to 05:11 September 20th, 2023 (medium precipita-

tion): The bottom right corner of each subplot displays individual prediction scores for CRPS, CSI, and POD,

compared to the corresponding observation in the top row.

410

411

412

2) Model Forecast Visualization416

As shown in Figure 10 and Figure 11, the top row, labeled Observation, represents the actual417

radar-observed precipitation distribution. The subsequent four rows display the forecast results418

from NowcastNet, STEPS, UNetDSAttention, and DGMR, respectively.419

Visually, STEPS performs well, accurately tracking the shape and path of precipitation while420

covering most of the rainfall area. DGMR follows closely, effectively capturing the center of heavy421

rainfall, though it occasionally underestimates precipitation intensity in localized high-rain regions.422

Notably, DGMR excels under extreme precipitation conditions.423
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Fig. 11. Visualization of Forecasts for period from 09:24 to 09:39 April 28th, 2024 (extreme precipitation):

The bottom right corner of each subplot displays individual prediction scores for CRPS, CSI, and POD, compared

to the corresponding observation in the top row.

413

414

415

NowcastNet exhibits weaker overall performance, capturing the main precipitation zones but424

significantly underestimating certain intense local rainfall events. Meanwhile, UNetDSAttention425

produces blurry predictions; while it identifies the general rainfall areas, it loses many details and426

clearly underpredicts local precipitation intensities.427

Table 5. Model loading / STEPS Initializing and inference time on Intel(R) Xeon(R) Platinum 8352Y CPU

@ 2.20GHz and on NVidia A100-80GB GPU, averaged over 10 random predictions.

428

429

Model STEPS DGMR NowcastNet UNetDSAttention

CPU Speed [s] 6.68 – – –

GPU Speed [s] – 2.72 1.70 0.85

From Table 5, on average across 10 random predictions, STEPS has the highest loading and430

inference time (6.68s), whereas DGMR (2.72s), NowcastNet (1.70s), and UNetDSAttention431

(0.85s) are significantly faster. Unlike the deep learning models, which offload computation to a432

pre-training phase, STEPS relies on direct extrapolation and optical flow, making it a “plug-and-433

play” method but computationally heavier during inference. Notably, our setup for STEPS achieves434

faster prediction times than those reported in Ravuri et al. (2021).435
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5. Conclusion & Future Work436

a. Conclusion437

Our comparative evaluation reveals several key insights regarding the performance of current438

ML-based precipitation nowcasting models. First, DGMR shows strong promise but would benefit439

from a more extensive exploration of its hyperparameters—including learning rates and Grid Cell440

Regularization settings—to better capture medium-to-extreme precipitation events. As highlighted441

by Cambier van Nooten et al. (2023), incorporating temperature as an additional input can enrich442

the meteorological context, and replacing the standard L1 reconstruction loss with a combined443

balanced loss (integrating both Balanced-MAE and Balanced-MSE) further improves the forecast444

of high-intensity rainfall.445

Second, our experiments with NowcastNet on the CASA radar dataset indicate that its discrim-446

inator architecture is not yet optimal. Initial attempts using a DGMR-like convolutional GRU447

discriminator resulted in rapid loss convergence and subsequent generator collapse. Although a448

shift to a 3D CNN-based discriminator provided stability, its performance in capturing localized449

precipitation intensity remains suboptimal compared to DGMR and STEPS.450

Third, SmaAt-UNet, despite its computational efficiency and compact design, produced blurry451

predictions and underpredicted localized precipitation intensities. This suggests that while SmaAt-452

UNet is a lightweight baseline for real-time applications, it lacks the performance to provide453

valuable insights.454

STEPS, meanwhile, continues to serve as a robust baseline. Moreover, our findings suggest455

that all models could benefit from a thorough tuning of the Importance Sampling parameters—this456

could lead to the creation of datasets that more accurately represent extreme precipitation scenarios.457

b. Future Work458

Building on these findings, our future research will address several avenues for improvement:459

1) Model Enhancements460

• DGMR Optimization: We plan to conduct a more exhaustive search over hyperparameters,461

including learning rates to further enhance DGMR’s ability to predict high-intensity rain-462
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fall. In the near term, new loss formulations—such as combined balanced losses—will be463

implemented to better capture the error characteristics in extreme precipitation events.464

• NowcastNet Discriminator Redesign: Future work will explore alternative discriminator465

designs and fine-tuning of the adversarial loss. Leveraging pre-trained weights from the466

original NowcastNet authors may also improve training stability and forecasting accuracy.467

2) Diffusion Models468

Diffusion models, such as DDPM by Ho et al. (2020) and DDIM by Song et al. (2020), offer an469

appealing alternative to GAN-based approaches by explicitly modeling uncertainty through iterative470

denoising steps. Although the increased computational overhead poses challenges for real-time471

operational forecasting, their ability to capture complex precipitation scenarios is promising. Future472

work will include:473

• Implementation and Analysis: We will implement diffusion-based models tailored for pre-474

cipitation nowcasting, drawing inspiration from recent advances such as LDCast by Leinonen475

et al. (2023) and PreDiff by Gao et al. (2024).476

• Comparative Evaluation: A detailed comparative analysis between diffusion models and477

current GAN-based models (DGMR and NowcastNet) will be conducted, focusing on fore-478

casting accuracy, uncertainty quantification, and operational feasibility.479

• Dataset Expansion: Looking further ahead, we may also consider expanding the dataset480

to incorporate additional meteorological variables, which could further enrich the model’s481

contextual understanding and predictive capabilities as demonstrated by Cambier van Nooten482

et al. (2023).483

3) Potential Areas for Optimization and Robustness484

While not the primary focus, further investigation into optimization techniques and model ro-485

bustness may provide additional improvements. Specifically, we may explore:486

• Importance Sampling Tuning: A systematic investigation into the parameters governing487

importance sampling could help generate more representative extreme precipitation datasets.488
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• Increasing Temporal Resolution: We may assess the feasibility of increasing the temporal489

resolution of forecasts to 3-minute intervals, leveraging the combination of CASA radar and490

interpolated NexRad data for higher-frequency updates.491

• Weight Function and Weight Ceiling Exploration: A series of controlled experiments could492

help determine the optimal weight function and/or weight ceiling in the grid cell regularization.493

Through these combined efforts, we aim to advance the state-of-the-art in precipitation nowcast-494

ing by integrating improved model architectures and innovative diffusion-based approaches.495
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