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ABSTRACT

Deep learning has advanced precipitation nowcasting, yet deterministic models
still underperform cascaded diffusion approaches. We hypothesize that deter-
ministic models may exhibit systematic motion bias—under- or over-advecting
weather patterns—correctable by post-hoc warping. We propose Motion-Bias
Calibration (MBC), a training-free method that estimates motion bias via optical
flow and corrects predictions through learned warping. Testing MBC on Earth-
Former with SEVIR, we find a negative result: the fitted speed-scale parameter
a = 0.921 indicates no systematic motion bias (Jjae — 1| < 0.1), and all MBC
variants degrade Critical Success Index (CSI) metrics by 0.0014-0.0018 relative
to the raw baseline. A random-direction warp control confirms these effects are
interpolation artifacts rather than motion correction. The hypothesis that determin-
istic nowcasters exhibit correctable motion bias is refuted for this model-dataset
combination, demonstrating that the performance gap to state-of-the-art cascaded
methods requires fundamentally different approaches.

WARNING: This paper was generated by an automated research system. The code
is publicly available

1 INTRODUCTION

Precipitation nowcasting—forecasting rainfall 0-2 hours ahead—is critical for flash flood warn-
ings, aviation safety, and severe weather monitoring. Deep learning has substantially advanced this
field: ConvLSTM (Shi et al., 2015)) introduced spatiotemporal recurrence, PredRNN (Wang et al.,
2021) improved memory flow, and EarthFormer (Gao et al.| 2022b) applied space-time transform-
ers to achieve state-of-the-art deterministic predictions on benchmarks like SEVIR (Veillette et al.,
2020). However, a significant performance gap remains between deterministic models and cas-
caded approaches that combine deterministic prediction with diffusion refinement. For instance,
CasCast (Gong et al., [2024a) achieves CSI-219 = 0.2841 on SEVIR, substantially outperforming
EarthFormer’s 0.2078.

A natural hypothesis for this gap is motion bias: deterministic models trained with pixel-wise losses
(e.g., MSE) may systematically under- or over-advect weather patterns to minimize average error.
If true, a simple post-processing correction could improve predictions without expensive retraining.
This hypothesis is motivated by classical radar nowcasting, where motion estimation and advection
are explicit (Pulkkinen et al.| 2019), and by recent work showing that spectral phase (encoding
position) can be corrected to improve rainfall field alignment (Radhakrishna et al., 2013)).

We introduce Motion-Bias Calibration (MBC), a training-free post-processing method that estimates
motion bias via optical flow analysis and corrects predictions through learned warping. MBC fits
a speed-scale parameter o on validation data, where deviations from o« = 1 indicate systematic
motion errors. We test MBC on EarthFormer with SEVIR using pre-defined success criteria and a
random-direction warp control to distinguish true motion correction from interpolation artifacts.

Our main finding is negative: MBC does not improve EarthFormer predictions on SEVIR. The
fitted « = 0.921 indicates no systematic motion bias (within 8% of neutral), and all MBC variants
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degrade CSI metrics relative to the raw baseline. The random warp control confirms these effects
are interpolation artifacts rather than motion correction. Our contributions are:

* We formalize motion bias as a testable hypothesis with pre-defined success criteria, en-
abling rigorous evaluation of post-processing methods.

* We implement MBC with multiple fitting variants (Huber, OLS, gated) and evaluate on
12,159 SEVIR test samples.

* We design a random-direction warp control that isolates interpolation artifacts from
motion-specific correction.

* We report a negative result: EarthFormer does not exhibit systematic motion bias on SE-
VIR, and the performance gap to cascaded methods requires fundamentally different ap-
proaches.

2 METHOD

2.1 PROBLEM FORMULATION

We consider the precipitation nowcasting task where a model predicts 7" future frames YLT from T3,
context frames X.7, . Deterministic deep learning models trained with pixel-wise losses (e.g., MSE)
may exhibit systematic motion bias: predictions that consistently under- or over-advect weather
patterns relative to the true motion observed in the context frames.

We formalize motion bias through a speed-scale parameter « € R, Let |vx| denote the motion
magnitude estimated from consecutive context frames, and |vy | denote the motion magnitude in the
model’s predictions. We hypothesize that:

vy | = alux| (1)

where @ < 1 indicates under-advection (predictions move too slowly), & > 1 indicates over-
advection, and o & 1 indicates no systematic motion bias. If |« — 1| > 0.1, we consider this
evidence of correctable motion bias; otherwise, the model’s motion predictions are considered well-
calibrated.

2.2 MOTION-BI1AS CALIBRATION PIPELINE

We propose Motion-Bias Calibration (MBC), a training-free post-processing method that estimates
and corrects motion bias using optical flow analysis. The pipeline consists of four steps, illustrated

in Figure

Step 1: Context Motion Estimation. For each example, we estimate a global motion vector vx €
R? from the last K context frames using the Lucas-Kanade optical flow algorithm (Pulkkinen et al.,
2019). Specifically, we compute optical flow between consecutive frames X7, _; and X7, to obtain
the dominant motion direction and magnitude.

Step 2: Prediction Motion Estimation. We apply the same optical flow procedure to consecutive
predicted frames (e.g., Y7 and Y?) to estimate the model’s implied motion magnitude |vy

Step 3: Speed-Scale Fitting. On the validation set, we fit the speed-scale parameter « by regressing
prediction motion magnitudes against context motion magnitudes according to Equation [T} This
calibration uses only validation data; the test set is never used for fitting.

Step 4: Prediction Warping. At inference, we apply a cumulative translation warp to each forecast
frame:

Y, = Warp(Yy, (a — 1) - £ - vx) 2)
where t € {1,...,T} is the lead time. The warp uses bilinear interpolation with zero-padding at

boundaries. If o < 1, this shifts predictions forward along the motion direction to compensate for
under-advection.
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Motion-Bias Calibration (MBC) Pipeline for Precipitation Nowcasting Postprocessing
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Figure 1: Motion-Bias Calibration (MBC) pipeline for precipitation nowcasting. Given 7' context
frames, optical flow is computed between consecutive frames to estimate motion magnitude. A
speed-scale parameter « is fitted on validation data using Huber regression. At inference, predictions
are warped by factor (o — 1) to correct hypothesized motion bias. Our experiments show « ~ 0.92
for EarthFormer on SEVIR, indicating no systematic bias exists.

2.3  FITTING VARIANTS

We evaluate multiple regression methods for fitting o

Huber Regression. Our primary method uses Huber regression, which is robust to outliers in motion
estimation. This is important because optical flow can produce erratic estimates for frames with
weak precipitation or multiple storm cells.

Ordinary Least Squares (OLS). Standard least squares regression provides a comparison point but
is sensitive to outliers, potentially yielding more extreme « values.

Gated Correction. We also test a variant that applies the warp only when the context motion mag-
nitude exceeds a threshold (e.g., |[vx| > 2.0 pixels/frame), avoiding corrections for near-stationary
scenes.

Componentwise Fitting. An alternative approach fits separate o, and «, for horizontal and vertical
motion components, allowing for anisotropic bias correction.

2.4 SUCCESS CRITERIA
To avoid post-hoc rationalization, we define success criteria before running experiments:

* CSI-219 Improvement: MBC must improve CSI at the 219 mm/hr threshold by > +-0.02
absolute over the raw baseline.

* CSI-M Improvement: MBC must improve mean CSI by > +0.01 absolute.

* Alpha Non-Neutrality: The fitted | — 1| > 0.1, indicating systematic motion bias exists.
All three criteria must pass for a “Proceed” decision. If MBC improves metrics but performs iden-
tically to a random-direction warp control, we conclude that gains are due to interpolation artifacts

rather than motion correction (‘“Pivot”). If all criteria fail, we refute the hypothesis that motion bias
is correctable for this model-dataset combination.
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Table 1: Comparison of Motion-Bias Calibration (MBC) variants against baselines on SEVIR test
set. CSI-M and CSI-219 are Critical Success Index at mean and 219 mm/hr thresholds (1 higher
is better). CRPS is Continuous Ranked Probability Score (| lower is better). Bold indicates best
performance among methods tested in this study. MBC degrades all metrics relative to the raw
EarthFormer baseline.

Method a CSI-M 1t CSI-219 1 CRPS |

SimVP' — 0.4530 0.1685 0.0259

PredRNNT — 0.4623 0.1909 0.0271

Raw EarthFormer — 0.4638 0.2078 0.0271

MBC Huber 0.921 0.4615 0.2059 0.0273 "Published
MBC Huber Gated  0.921 0.4620 0.2064 0.0273

MBC OLS 0.597 0.4416 0.1941 0.0313

Random Warp 0.921 0.461540.0000 0.205540.0000 0.0275+0.0000

CasCast! — 0.5225 0.2841 0.0202

results from CasCast (Gong et al.| [2024a).

3 EXPERIMENTS

3.1 EXPERIMENTAL SETUP

Model and Dataset. We evaluate MBC on EarthFormer (Gao et al., |2022b), a state-of-the-art
transformer-based model for spatiotemporal prediction. We use the official pretrained checkpoint
trained on SEVIR (Veillette et al 2020), a storm event imagery dataset containing Vertically In-
tegrated Liquid (VIL) radar data at 1 km spatial resolution and 5-minute temporal resolution. The
nowcasting task predicts 12 future frames (60 minutes) from 13 context frames (65 minutes). We
fit o on 8,804 validation samples and evaluate on 12,159 test samples. Implementation details are
provided in Appendix [A]

Metrics. We report Critical Success Index (CSI) at two thresholds: CSI-M (mean over thresholds
16, 74, 133, 160, 181, 219 mm/hr) and CSI-219 (at 219 mm/hr, representing extreme precipitation).
Both use POOL16, which applies 16 x 16 max-pooling to tolerate small spatial displacements. We
also report Continuous Ranked Probability Score (CRPS), which reduces to Mean Absolute Error
for deterministic forecasts. Higher CSI and lower CRPS indicate better performance.

Baselines. We compare against: (1) Raw EarthFormer without post-processing, (2) published results
for SimVP (Gao et al.||2022a) and PredRNN (Wang et al.| [2021) from CasCast (Gong et al., 2024a)),
and (3) CasCast as a state-of-the-art reference. We also include a random-direction warp control
that applies the same warp magnitude as MBC but with randomized direction (3 seeds), isolating
interpolation artifacts from motion-specific correction.

3.2 MAIN RESULTS

Table [T] presents the main experimental results. The raw EarthFormer baseline achieves CSI-M =
0.4638 and CSI-219 = 0.2078, outperforming SimVP and PredRNN. Critically, all MBC variants
degrade performance relative to this baseline. The best MBC variant (Huber Gated) achieves CSI-
219 = 0.2064, a decrease of 0.0014 from the baseline. More aggressive corrections cause larger
degradation: MBC OLS with o = 0.597 drops CSI-M by 0.0222 and CSI-219 by 0.0137.

The random-direction warp control produces results nearly identical to MBC Huber (CSI-219:
0.2055 vs 0.2059), with extremely low variance across 3 random seeds (std < 0.0001). This similar-
ity confirms that performance changes are due to interpolation artifacts rather than motion-specific
correction.
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Table 2: Evaluation against pre-defined success criteria for Motion-Bias Calibration. The method
fails all three criteria required for “Proceed” decision, leading to hypothesis refutation.

Criterion Required Actual Result
CSI-219 Improvement > +0.02 —0.0014 FAIL
CSI-M Improvement > +0.01 —0.0018 FAIL

Alpha Non-Neutrality |o—1] > 0.1 ]0.921 — 1| =0.079 FAIL

3.3 DECISION CRITERIA EVALUATION

Table |2 evaluates MBC against our pre-defined success criteria. All three criteria fail: CSI-219 de-
creases by 0.0014 instead of improving by >0.02, CSI-M decreases by 0.0018 instead of improving
by >0.01, and the fitted | — 1| = 0.079 < 0.1, indicating no systematic motion bias. Per our
decision protocol, this constitutes a “Refute” outcome: the hypothesis that EarthFormer exhibits
correctable motion bias on SEVIR is rejected.

3.4 ANALYSIS

The fitted « = 0.921 indicates that EarthFormer’s predicted motion magnitude is within 8% of
the context motion magnitude, suggesting the model does not systematically under- or over-advect
weather patterns. This near-neutral a explains why MBC fails to improve predictions: there is no
systematic motion bias to correct.

The random warp control validates our experimental design by demonstrating that the warp oper-
ation itself introduces small errors from bilinear interpolation at boundaries, rather than correcting
any underlying bias.

Finally, the performance gap between raw EarthFormer (CSI-219 = 0.2078) and CasCast (CSI-219
=0.2841) is 0.0763—a substantial difference that motion-bias calibration cannot address. This gap
likely stems from fundamental differences in model architecture (cascaded deterministic + diffusion
refinement) and training objectives, not from simple motion errors correctable by post-hoc warping.

4 RELATED WORK

Deep Learning for Precipitation Nowcasting. Early deep learning approaches to precipitation
nowcasting employed recurrent architectures. ConvLSTM (Shi et al., 2015) introduced convolu-
tional operations within LSTM cells to capture spatiotemporal dependencies, while PredRNN (Wang
et al., |2021) improved upon this with spatiotemporal memory flow. SimVP (Gao et al., [2022a)
demonstrated that non-recurrent architectures can achieve competitive performance through sim-
ple video prediction frameworks. More recently, EarthFormer (Gao et al.l 2022b)) applied space-
time transformers with cuboid attention for Earth system forecasting, achieving strong results
on SEVIR. However, these deterministic models trained with pixel-wise losses tend to produce
blurry predictions and may exhibit systematic errors. Generative approaches address this limita-
tion: DGMR (Ravuri et al 2021)) uses conditional GANs to produce sharp, realistic precipitation
fields, while NowcastNet (Zhang et al., 2023) combines physics-based evolution with neural net-
work refinement for extreme precipitation. Diffusion-based methods have emerged as state-of-the-
art: PreDiff (Gao et al.,[2023) applies latent diffusion models, DiffCast (Yu et al.l [2023)) introduces
residual diffusion, and CasCast (Gong et al.,|2024a) cascades deterministic prediction with diffusion
refinement to achieve the best reported results on SEVIR.

Post-Processing for Nowcasting. Several works have explored post-processing to improve now-
cast quality without retraining. PostCast (Gong et al., [2024b) addresses prediction blurriness
through unsupervised diffusion-based deblurring. RectiCast (Ju et al., [2025) rectifies distribution
shift in cascaded nowcasting systems. In numerical weather prediction, [Radhakrishna et al.| (2013)
demonstrated that correcting spectral phase using radar observations substantially improves rain-
fall field alignment. For motion estimation, pysteps (Pulkkinen et al.| [2019) provides optical flow
algorithms including Lucas-Kanade for precipitation advection, while rainymotion (Ayzel et al.,
2018) benchmarks optical flow methods for radar nowcasting. Physics-informed approaches such
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as LUPIN (Pavlik et al.| [2024) incorporate differentiable Lagrangian warping, and TUPANN (Catao
et al.,|2025)) uses optical flow supervision for interpretable motion fields. Our work differs by testing
whether a simple, training-free motion-bias correction can improve deterministic nowcasters, with
a control experiment to distinguish true motion correction from interpolation artifacts.

5 CONCLUSION

We tested the hypothesis that deterministic deep nowcasters exhibit systematic motion bias cor-
rectable by post-hoc warping. Our Motion-Bias Calibration (MBC) method, evaluated on Earth-
Former with SEVIR, yields a negative result: the fitted speed-scale o = 0.921 indicates no system-
atic under- or over-advection, and all MBC variants degrade CSI metrics relative to the raw baseline.
The random-direction warp control confirms these effects are interpolation artifacts rather than mo-
tion correction. This negative finding is valuable: it demonstrates that the substantial performance
gap between deterministic transformers and cascaded diffusion methods (e.g., CasCast) cannot be
addressed by simple motion calibration and requires fundamentally different approaches. Future
work could test whether other architectures or datasets exhibit motion bias amenable to correction.
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A IMPLEMENTATION DETAILS

The Motion-Bias Calibration pipeline is implemented in Python using PyTorch for tensor operations
and OpenCV for optical flow computation. The Lucas-Kanade optical flow algorithm uses a pyra-
mid scale of 3 levels with a window size of 15 pixels. For Huber regression, we use scikit-learn’s
HuberRegressor with default parameters (¢ = 1.35). The gated correction threshold is set to 2.0 pix-
els/frame based on validation set analysis. All experiments use the official EarthFormer checkpoint
trained on SEVIR with 13 input frames and 12 output frames at 384384 resolution. The warping
operation uses PyTorch’s grid_sample function with bilinear interpolation and zero-padding. Evalu-
ation metrics (CSI, CRPS) follow the SEVIR benchmark protocol with POOL16 spatial tolerance.
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