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Abstract. This study retrospectively evaluates one-day-ahead classification of daily extreme
precipitation in Guangzhou. Seven consecutive days of ERA5 atmospheric fields over a
 41×65  regional grid are used to predict whether precipitation on the following day exceeds
the 95th percentile of training-period daily IMERG precipitation. A no-event baseline,
logistic regression, random forest, and a convolutional long short-term memory network
(ConvLSTM) are compared with a chronological 70%/15%/15% split. On the held-out test
period, ConvLSTM attained the highest recall (0.586), F1 score (0.347), receiver operating
characteristic area under the curve (0.888), and Critical Success Index (0.210), detecting 34
of 58 extreme days. It also generated 104 false alarms and had a precision of 0.246. The
observed results therefore show a detection–false-alarm tradeoff rather than an operationally
reliable warning system. Because the comparison changes both model architecture and
feature representation, and because it uses one temporal split without uncertainty intervals,
the results do not isolate the causal benefit of spatial learning or establish statistical
superiority. The study provides a reproducible framework for further evaluation, calibration,
and physically informed analysis of extreme-precipitation forecasts in the Pearl River Delta.
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1. Introduction

Extreme precipitation is directly associated with flash flooding, overloaded urban drainage systems,
transportation disruption, infrastructure damage, and threats to public safety. These effects can be
especially severe in densely populated coastal cities, where people and valuable infrastructure are
concentrated in small, highly developed areas. Climate change may also alter the intensity and
frequency of short-duration rainfall extremes through thermodynamic and dynamical processes [1].
These hazards make improved rainfall-risk assessment and urban resilience planning important [2].

Guangzhou is located in the Pearl River Delta (PRD), a densely populated and highly urbanized
coastal region of southern China. Its rainfall is influenced by the East Asian summer monsoon,
moisture transport from the South China Sea, tropical cyclones, mesoscale convection, complex
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terrain, and urban land-surface effects. Observational studies have associated changes in extreme
hourly precipitation over coastal South China with urbanization [3]. Work focused on the PRD has
likewise documented concurrent changes in urban underlying surfaces and extreme-rainfall indices
[4], while analysis of localized extreme hourly rainfall in the Greater Bay Area shows that
topography and strong urban heat-island effects can shape event development [5]. These findings
motivate the use of a regional atmospheric domain rather than a single predictor grid cell.

Extreme rainfall develops through interactions among moisture, temperature, pressure, wind, and
circulation fields. Those fields have spatial organization and evolve over time, so conditions outside
Guangzhou and during several preceding days may contain information relevant to the next day’s
event. For other regions, large-scale meteorological patterns have shown measurable predictability
for extreme-precipitation occurrence [6]. A forecasting framework for Guangzhou should therefore
retain temporal evolution and, where possible, spatial structure.

Machine learning provides methods for representing nonlinear relationships among multiple
atmospheric variables. Logistic regression offers a linear baseline with directly interpretable
coefficients, while random forest can represent nonlinear interactions among engineered predictors.
ConvLSTM instead replaces the fully connected transitions of a recurrent network with
convolutions, allowing hidden states to retain a gridded spatial structure while evolving through
time [7]. Satellite-based ConvLSTM variants have also been evaluated for sub-hourly precipitation
nowcasting [8]. That task predicts the near-term evolution of satellite rainfall fields and therefore
supports the architectural motivation, but it is distinct from the one-day-ahead city-level event
classification studied here. Random forest and LSTM have likewise been combined for urban flood-
hazard rating prediction [9]; flood-impact prediction is a downstream application and should not be
treated as direct validation of precipitation forecasts. Together, these studies make the selected
models plausible candidates while leaving their performance on the present target an empirical
question.

Rare events create an important evaluation problem. When extreme days constitute only a small
fraction of observations, a classifier can obtain high accuracy by predicting the majority class while
failing to detect the events of interest. This is a general feature of imbalanced learning problems
[10]. Accordingly, this study reports precision, recall, F1 score, the Critical Success Index (CSI),
receiver operating characteristic area under the curve (ROC-AUC), and confusion-matrix counts in
addition to accuracy.

The event definition must also be explicit. Percentile-based indices are widely used to express
climate extremes relative to a reference distribution [11]. Here, an extreme day is defined by a
study-specific threshold: the 95th percentile of all daily IMERG precipitation amounts in the
training split, including dry days. This is not identical to the ETCCDI R95p index, which is based
on wet-day amounts. Estimating the study threshold only from training labels prevents validation
and test precipitation from influencing the event definition.

Two gridded data sources are combined. ERA5 provides temporally consistent atmospheric
reanalysis fields [12], and the Integrated Multi-satellitE Retrievals for the Global Precipitation
Measurement mission (IMERG) combines information from multiple satellite sensors to estimate
precipitation [13]. ERA5 is used for predictors and IMERG for the target. This separation avoids
defining the label from the same precipitation field used as an input, although it does not remove
uncertainty or spatial-scale differences between the products.

This study addresses three questions. First, do seven preceding days of regional atmospheric
fields contain useful information for classifying an extreme-precipitation event on the next day in
Guangzhou? Second, which of the four evaluated models performs best on event-focused metrics in
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a later held-out period? Third, what do the test probabilities and errors reveal about the tradeoff
between event detection and false alarms? The objective is a retrospective model comparison, not a
deployment-ready weather-warning system. All conclusions are therefore limited to the reported
data, split, features, and evaluation design.

2. Research methodology

2.1. Data, domain, and forecast target

ERA5 fields from 1 January 2001 through 31 December 2023 were prepared over longitudes  
 E–   E and latitudes    N–   N at     spacing. Including both boundaries gives
     latitude points and      longitude points. The seven predictor variables were total
precipitation, 2-m air temperature, 2-m dewpoint temperature, mean sea-level pressure, 10-m zonal
wind, 10-m meridional wind, and total-column water vapor. The archived processed-file metadata
state that hourly accumulated ERA5 total precipitation was differenced within each forecast cycle
before daily summation and conversion from metres to mm day-1; the other ERA5 variables were
averaged to daily values. The final modeling configuration treated these fields as already daily and
applied no additional temporal aggregation or precipitation scaling.

The predictor set was intended to represent several complementary parts of the pre-event
environment. Total-column water vapor summarizes the moisture available through the atmospheric
column, while air temperature and dewpoint temperature describe near-surface thermal and moisture
conditions. Mean sea-level pressure and the two horizontal wind components provide information
about regional circulation and moisture transport. Previous-day ERA5 precipitation can also
describe persistence and the recent evolution of a rainfall-producing system. The large domain
extends well beyond Guangzhou so that the models can observe upstream and coastal conditions
rather than only the atmosphere directly above the target cell. These variables are physically
motivated predictors, but their inclusion does not by itself show that any one variable causes an
event or contributes most strongly to a prediction. That question requires a separate attribution or
ablation analysis.

The target series was daily IMERG precipitation, stored in mm day-1, at the grid cell nearest the
configured Guangzhou coordinate of   N,   E. The selected IMERG cell is
centered at  N,   E. Predictor and target timestamps were aligned by their intersection,
and the audited daily files contain matching consecutive calendar dates without an evident one-day
displacement. The original preprocessing records identify the daily boundaries as UTC. A date was
eligible only when its target and every value in its seven-day predictor window were finite. Although
IMERG offers finer spatial sampling than ERA5, a single satellite grid cell is still an estimate of
area-average rainfall and is not equivalent to a citywide gauge network.

For a target day , the input contains days  through ; no target-day atmospheric field is
included. In the channel-first order used by the implementation, one sample has shape

Let  denote IMERG precipitation on day  and let  be the 95th percentile of training-
period values of . The binary label is

105∘

121∘ 18∘ 28∘ 0.25∘ × 0.25∘

H = 41 W = 65

23.1291∘ 113.2644∘

23.15∘ 113.25∘

d d − 7 d − 1

(T ,V ,H,W) = (7, 7, 41, 65).
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The estimated threshold was 31.69 mm day-1.

2.2. Chronological split, normalization, and tabular features

After the seven-day window was applied, 8,393 samples remained. Samples were divided in
chronological order by count: 70% for training, 15% for validation, and 15% for testing. The
resulting target-date periods were 8 January 2001–7 February 2017 for training (5,875 samples), 8
February 2017–20 July 2020 for validation (1,259 samples), and 21 July 2020–31 December 2023
for testing (1,259 samples). The training split was used to fit model parameters and the rainfall
threshold; the validation split was used for model and classification-cutoff selection; and the test
split was reserved for final evaluation.

The chronological design is closer to the intended forecasting use than a random daily split,
which could distribute days from the same storm sequence across training and testing. Nevertheless,
consecutive seven-day windows overlap substantially: two neighboring samples share six predictor
days. No temporal embargo was inserted at the split boundaries. The target labels remain
chronologically separated, and no future target precipitation enters model fitting, but the overlap and
serial dependence mean that the 1,259 test days should not be interpreted as 1,259 fully independent
meteorological experiments. Future evaluation should therefore include block-based or rolling-
origin tests in addition to the present holdout period.

Each ERA5 variable was normalized with one mean and standard deviation calculated over the
training-period days and all  grid cells. Those training statistics were then applied
unchanged to validation and test fields. ConvLSTM received the full normalized grid sequence.
Logistic regression and random forest did not receive a flattened grid. For each of seven variables
on each of seven lag days, the spatial mean, standard deviation, minimum, and maximum were
calculated, producing

tabular features. The logistic-regression pipeline standardized these 196 columns before fitting;
the random forest used the engineered columns directly.

2.3. Models

2.3.1. No-event baseline

The no-event model ignores its inputs and predicts probability zero for every sample. It establishes
the accuracy obtainable from class prevalence alone. Its event-focused scores are necessarily zero
because it never issues a positive prediction.

2.3.2. Logistic regression

For a tabular feature vector , logistic regression estimates . The model
relates the log-odds, rather than the binary outcome itself, to a linear predictor [14]:

41 × 65

7 variables × 7 lags × 4 statistics = 196

x p (x) = Pr (Y = 1 ∣ x)
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The coefficients are estimated from the training data by penalized maximum likelihood as
configured in the implementation.

2.3.3. Random forest

Random forest is an ensemble of randomized decision trees [15]. Each tree partitions the tabular
feature space, and the forest’s class probability is obtained by averaging the probabilities produced
by its trees. This structure can represent nonlinearities and interactions among the 196 engineered
predictors. Unlike ConvLSTM, however, it does not receive the full grid or preserve adjacency
among individual grid cells. Gini-based feature-importance equations from the earlier draft were
removed because feature importance was not part of the reported analysis and those equations did
not match the sample-weighted impurity reduction used by standard implementations.

In the standard random-forest construction, individual trees are trained on resampled observations
and consider randomized subsets of candidate features when forming splits. Combining diverse trees
generally reduces the variance of a single decision tree while retaining flexible nonlinear decision
boundaries. In this study, the forest therefore serves as a stronger nonlinear tabular baseline than
logistic regression. It uses the same seven-day meteorological history, but only through spatial
summaries. The comparison with ConvLSTM consequently asks whether the complete gridded
representation and recurrent convolutional architecture together improve performance; it is not a
controlled test of spatial structure alone.

Random forests have also been applied to spatial flood-susceptibility mapping [16] and, together
with gradient-boosted trees, to precipitation-induced urban-flooding risk assessment [17]. These
studies demonstrate the method’s use in nonlinear environmental-hazard modeling. Their targets,
predictor sets, and spatial designs differ from those of the present experiment, however, so they
motivate the nonlinear baseline without establishing its expected forecast skill in Guangzhou.

2.3.4. ConvLSTM

The implemented ConvLSTM classifier processes one normalized regional field at a time and
propagates hidden and cell states with the same spatial dimensions. It uses a common simplified
ConvLSTM cell without the peephole terms in the original formulation. Let  denote
channel-wise concatenation,  convolution, and  element-wise multiplication. The implemented
update is

After the seventh step, adaptive global average pooling reduces  to one value per hidden
channel. Dropout and a linear layer then produce one logit, who’s sigmoid is the estimated next-day
event probability. This form preserves gridded hidden states during the recurrent sequence while
producing a city-level binary forecast [7].

log( p(x)
1−p(x)

) = β0 + βTx,

p(x) = exp(β0+βTx)
1+exp(β0+βTx)

.

[Xt,Ht−1]

* ⊙

Zt = W ∗ [Xt,Ht−1] + b,

(it, ft, ot, C̃t) = (σ(Z i
t ),σ(Z f

t ),σ(Z o
t ), tanh(Z c

t )),

Ct = ft ⊙ Ct−1 + it ⊙ C̃t,
Ht = ot ⊙ tanh(Ct).

H7
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2.4. Training, model selection, and evaluation

Logistic regression and random forest were fitted on the training split. For each model, the
probability cutoff was selected on the validation split to maximize F1 score and then held fixed for
the test split. ConvLSTM was trained with AdamW and positive-class-weighted binary cross-
entropy; the positive weight was the ratio of negative to positive training samples. After every
epoch, the validation cutoff maximizing F1 was calculated. The retained epoch and cutoff were
those with the highest validation F1, with early stopping after the configured patience. No test labels
were used for threshold selection or training.

The recovered final configuration used balanced class weights and a maximum of 2,000 iterations
for logistic regression. The random forest used 400 trees, maximum depth 14, minimum leaf size 2,
balanced-subsample class weights, and all available processor cores. Parameters not explicitly listed
used the defaults of the installed scikit-learn environment. The ConvLSTM used 12 hidden
channels, a  kernel, and dropout of 0.20. It was trained in batches of 8 for at most 20 epochs
with learning rate , weight decay , and early-stopping patience of 5 epochs. The project
seed was 42 and was applied to Python, NumPy, and PyTorch before ConvLSTM training. The
archived random-forest settings did not include a fixed random state, so exact reproduction of that
fitted forest is not guaranteed. The numerical validation-selected cutoffs and retained ConvLSTM
epoch were not available in the supplied run archive and are therefore not reported.

Let TP, FP, FN, and TN denote true positives, false positives, false negatives, and true negatives
at the fixed cutoff. The reported threshold-dependent metrics are

ROC-AUC evaluates the ranking of positive and negative cases over all possible cutoffs. The
study did not calculate confidence intervals, repeated-seed variability, precision–recall AUC, Brier

3 × 3

10−3 10−4

Accuracy =
TP + TN

TP + FP + FN + TN

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1 =
2 (Precision) (Recall)

Precision + Recall

CSI =
TP

TP + FP + FN
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score, or a reliability diagram; consequently, statistical significance and probability calibration are
not evaluated.

The metrics answer different practical questions. Recall measures how many observed extreme
days are detected, whereas precision measures how often an issued extreme-day prediction is
correct. F1 summarizes the balance between those two quantities. CSI also penalizes both missed
events and false alarms, but it excludes the large number of correct non-event days that can
dominate accuracy. ROC-AUC measures discrimination independently of the final cutoff, so a high
ROC-AUC can coexist with modest F1 or CSI if the chosen operating point produces many false
alarms. For this reason, no single score is treated as sufficient. The confusion counts remain
important because they show the actual number of detections, misses, and false alarms underlying
the normalized metrics.

3. Results

3.1. Dataset and extreme-rainfall distribution

The aligned daily record contains 8,400 dates. Applying the seven-day input window produced
8,393 samples, partitioned into 5,875 training, 1,259 validation, and 1,259 test cases. The held-out
test split contains 58 observed extreme days. Figure 1 displays the full target series. Its many low- or
no-rainfall days and comparatively few high-rainfall days illustrate the class imbalance.

Figure 1. IMERG daily precipitation at the Guangzhou target grid cell, 2001–2023. The event
threshold (31.69 mm day-1) was estimated only from the training split

3.2. Test performance

Table 1 reports performance at each model’s validation-selected cutoff. The no-event baseline has
the highest accuracy because 95.4% of the test cases are non-events, but it detects none of the 58
events. This confirms that accuracy alone is unsuitable for comparing these classifiers.
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Table 1. Model performance on the held-out test split. Cutoffs were selected on validation data by
maximum F1 score

Model Accuracy Precision Recall F1 ROC-AUC CSI

No-event baseline 0.954 0.000 0.000 0.000 0.500 0.000
Logistic regression 0.939 0.279 0.207 0.238 0.878 0.135

Random forest 0.923 0.240 0.310 0.271 0.882 0.157
ConvLSTM 0.898 0.246 0.586 0.347 0.888 0.210

Figure 2 compares the test metrics summarized in Table 1. On this split, ConvLSTM has the
highest recall, F1, ROC-AUC, and CSI. Its recall of 0.586 exceeds the random forest’s 0.310 and
logistic regression’s 0.207, while its precision of 0.246 remains low. The ROC-AUC values are close
(0.878–0.888), and no sampling uncertainty was estimated; the table therefore supports a ranking for
this test split but not a claim of statistically significant superiority.

The numerical differences clarify the tradeoff. Relative to random forest, ConvLSTM identifies
16 additional extreme days and reduces the number of missed events from 40 to 24, but it also
creates 47 additional false alarms. Relative to logistic regression, it identifies 22 additional events
while creating 73 additional false alarms. Its F1 improvement is 0.076 over random forest and 0.109
over logistic regression, while its CSI improvement is 0.053 and 0.075, respectively. By contrast, the
ROC-AUC advantage is only 0.006 over random forest and 0.010 over logistic regression. Thus, the
clearest observed benefit is increased sensitivity at the selected operating point, not a large
separation in threshold-independent ranking ability.

Figure 2. Comparison of test metrics. Accuracy is dominated by non-events and should be
interpreted together with the event-focused measures

3.3. Confusion-matrix analysis

Table 2 shows how the threshold-dependent scores arise, and Figure 3 visualizes the corresponding
confusion matrices. ConvLSTM detects 34 of 58 observed events, compared with 18 for random
forest and 12 for logistic regression. It also issues 104 false alarms, compared with 57 and 31,
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respectively. Thus, its higher event detection is obtained at the cost of more false alarms and lower
overall accuracy.

Table 2. Confusion-matrix counts on the held-out test split

Model TP FP FN TN
No-event baseline 0 0 58 1201
Logistic regression 12 31 46 1170

Random forest 18 57 40 1144
ConvLSTM 34 104 24 1097

Figure 3. Test confusion matrices for the four classifiers

3.4. Predicted-probability patterns

Figure 4 displays the predicted probabilities by target date. ConvLSTM assigns elevated
probabilities to many observed event dates, consistent with its higher recall. It also assigns elevated
probabilities to numerous non-event dates, consistent with its 104 false positives. The plot is useful
for locating errors in time, but visual proximity between a probability peak and an event does not
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establish a physical precursor or probability calibration. Those questions require event-based
diagnostics, attribution analysis, and calibration measures that were not included here.

Figure 4. Predicted probabilities and observed extreme-day labels during the test period. Each
probability is associated with the day following its seven-day input window

4. Discussion

The no-event baseline illustrates the central evaluation problem: 0.954 accuracy is compatible with
zero event-detection skill. Event-focused metrics and confusion counts provide a more informative
comparison. On the reported test split, ConvLSTM offers the most favorable recall–false-alarm
tradeoff among the four evaluated cutoffs according to F1 and CSI. It misses 24 events rather than
the 40 missed by random forest or the 46 missed by logistic regression, but only about one quarter of
its positive predictions are correct.

The ConvLSTM result is consistent with the possibility that a recurrent gridded representation
contains useful information not retained by the 196 spatial summaries. It does not, however, isolate
that explanation. Architecture, model capacity, feature representation, loss weighting, and training
procedure change together between the ConvLSTM and tabular baselines. A stronger attribution test
would compare ConvLSTM with ablations that remove temporal order, shuffle spatial cells, restrict
individual variables, or use a CNN/LSTM with matched capacity. Consequently, the present study
should not claim that spatial structure alone caused the observed improvement.

The validation-selected cutoffs also represent operational choices rather than fixed properties of
the models. Maximizing F1 assigns equal importance to precision and recall through their harmonic
mean, but an emergency-management application may value missed events and false alarms
differently. Lowering a cutoff would normally detect more events while issuing more warnings,
whereas raising it would reduce warnings at the cost of additional misses. A deployment study
should therefore select an operating point from explicit user costs or warning objectives and should
test whether that cutoff remains stable across seasons and later years. The present cutoffs are suitable
for comparing models under one common selection rule, but they should not automatically be
adopted for practice.

Several limitations affect generalization. First, the results come from one chronological split and
one reported training run, without confidence intervals, repeated random seeds, or rolling-origin
evaluation. Small differences in ROC-AUC may therefore reflect sampling or training variability.
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Second, cutoff selection and early stopping both use the same validation period, which is standard
for a preliminary comparison but can favor decisions tuned to that particular period. Third, the no-
event baseline tests prevalence only; seasonal climatology, precipitation persistence, and numerical-
weather-prediction baselines would provide more demanding reference forecasts.

The target also introduces uncertainty. IMERG is a satellite-derived estimate at one grid cell,
whereas damaging rainfall may be localized within Guangzhou. ERA5 predictors are coarser than
IMERG and cannot resolve all urban convection. Without independent rain-gauge validation, some
apparent model errors may reflect representativeness or retrieval error rather than an incorrect
atmospheric forecast. The configured and selected coordinates, daily units, and processed-field
construction have now been recorded, but the exact ERA5 and IMERG product identifiers, versions,
retrieval dates, and daily timezone convention were not preserved in the supplied archive. These
provenance fields should be recovered or regenerated before independent replication.

The event definition is transparent but study-specific. Taking the 95th percentile over all training
days creates an approximately 5% positive class in training, but it differs from wet-day percentile
indices used in climate monitoring. A fixed threshold estimated from 2001–2017 also assumes that
the operational meaning of the threshold remains appropriate in later years. Sensitivity analysis
should compare all-day and wet-day percentiles, fixed physical thresholds, and season-specific
thresholds.

Further work should recover the numerical validation-selected cutoffs, fix and report the random-
forest seed, repeat training across seeds, and attach uncertainty intervals to metric differences.
Rolling-origin evaluation would show whether performance is stable across seasons and years.
Precision–recall curves are preferable to ROC curves alone for a rare-event task, and Brier scores
plus reliability diagrams are needed before interpreting outputs as calibrated probabilities. Gauge-
based labels, spatially aggregated city targets, and higher-resolution or pressure-level predictors
could address some data limitations.

Physical interpretation remains an open task. Variable ablation, permutation tests designed for
correlated spatiotemporal inputs, saliency methods checked for stability, and composites of hits,
misses, and false alarms could reveal whether the network responds to plausible moisture and
circulation structures. Such analyses can generate mechanistic hypotheses, but they should not be
described as causal attribution without an appropriate physical or experimental design.

5. Conclusion

This study evaluated next-day extreme-precipitation classification in Guangzhou using seven
preceding days of regional ERA5 fields and a training-period 95th-percentile IMERG rainfall
threshold. Among the no-event baseline, logistic regression, random forest, and ConvLSTM,
ConvLSTM attained the highest event-focused scores on the held-out test split: recall of 0.586, F1
score of 0.347, and CSI of 0.210, with a ROC-AUC of 0.888. It detected 34 of 58 extreme days but
generated 104 false alarms, giving a precision of 0.246. The experiment therefore demonstrates
useful discrimination in the evaluated dataset while showing that increased event detection comes
with a substantial false-alarm cost.

These findings are limited to one chronological split and one reported training run. The
comparison changes architecture and feature representation together, so it does not isolate the
benefit of spatial learning or establish statistically significant superiority. ConvLSTM is a promising
research baseline, but operational reliability requires further evaluation through rolling-origin tests,
repeated training, uncertainty estimation, probability calibration, controlled ablations, and
independent precipitation observations.
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