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Abstract. Convective rainfall identification is commonly based on intensity thresholds, radar reflectivity patterns, or super-
vised classification methods. However, these approaches often lack an explicit connection to the physical constraints governing
rainfall-field evolution. This study proposes a physics-informed definition of convective rainfall based on the continuity equa-
tion, interpreting convective rainfall as a spatiotemporal deviation from rainfall evolution consistent with horizontal advection
under the rainfall continuity equation.

The analysis utilizes data from a high-density rain gauge network in Bangkok. Rainfall fields are reconstructed on a
kilometer-scale grid, and the motion field is estimated using the Horn-Schunck optical flow method under no-flux bound-
ary conditions. The rainfall field is then advected forward in time without including local source or sink terms. The residual
between the observed field and the purely advected field is interpreted as representing non-advective processes. The framework
is designed for dense urban rain-gauge networks, where direct surface rainfall measurements are available and quantitatively
calibrated radar rainfall products are not available for the present analysis.

Residual-feature analyses indicate that the detected events exhibit properties consistent with convective rainfall, including
spatial localization, rapid development, and a clear association with the diurnal cycle. The separation between convective
and non-convective events in the residual feature space provides an empirical evaluation of the diagnostic behavior of the
framework.

The results suggest that advection consistency provides an interpretable physics-based foundation for defining and detecting

convective rainfall using rain gauge observations alone.

1 Introduction

Convective rainfall is one of the most dynamically active forms of precipitation, characterized by rapid initiation, strong spatial
localization, and short lifetimes, particularly in tropical and subtropical regions (Wang et al., 2021). Such phenomena are of
critical importance for large metropolitan areas, where highly localized and intense rainfall can lead to flash flooding and

infrastructure risks within short time scales (Caseri et al., 2022; Li et al., 2024; Gu et al., 2025).
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In many tropical cities, rainfall monitoring systems still rely primarily on dense ground-based rain gauge networks. Although
weather radar provides spatially continuous observations, its availability, coverage, or resolution may be limited in certain
contexts. Rain gauge networks offer high temporal accuracy but inherently lack spatial continuity, making the interpretation of
convective rainfall based solely on station observations a methodological challenge.

The emphasis on rain gauge observations is not intended to imply that radar data are unsuitable for rainfall monitoring. Radar
observations provide spatially continuous information and are central to many rainfall nowcasting systems. However, radar-
derived rainfall products are indirect estimates and require local calibration against surface rainfall observations; otherwise,
reflectivity-based products may be affected by calibration uncertainty, attenuation, beam blockage, vertical-profile effects, and
assumptions in the reflectivity-rainfall relationship (Villarini and Krajewski, 2010; Berne and Krajewski, 2013). Although the
available radar imagery may have fine nominal spatial sampling, nominal pixel spacing alone does not ensure quantitative
rainfall accuracy at the surface. In the Bangkok setting considered here, a quantitatively calibrated radar rainfall product was
not available for the present analysis. The present study therefore develops a complementary framework based on dense surface
gauge observations, rather than a replacement for radar-based approaches.

Previous studies have typically identified convective rainfall using rainfall intensity thresholds, radar reflectivity structures, or
expert classification (Anagnostou, 2004; Feidas and Giannakos, 2012; Giannakos and Feidas, 2013; Wang et al., 2021). While
such approaches are useful within specific observational systems, they often depend on instrument-specific characteristics and
lack a physics-based interpretative framework directly linked to the dynamical evolution of rainfall fields.

Despite these advances, a clear operational definition of convective rainfall grounded in physical principles and directly
applicable to rain gauge data remains limited. This study adopts a different perspective: rather than defining convective rainfall
purely by intensity, it interprets convective rainfall as a dynamical deviation from rainfall evolution that is consistent with
horizontal advection.

Within this framework, rainfall evolution can be described using the continuity equation, which separates advective transport
from source-sink processes. If a physically constrained motion field is estimated from rain gauge data and used to advect the
rainfall field forward in time, the discrepancy between the observed field and the purely advected field can be interpreted as a
signal of non-advective processes, such as local convective initiation.

The methodological contribution of this study is a measurement-based framework for diagnosing urban rainfall-system
evolution from dense rain-gauge observations. The workflow consists of four linked components: (1) organizing station-scale
rainfall records into storm systems, (2) reconstructing gauge-derived rainfall fields on a kilometer-scale grid, (3) estimating
an advection-consistent motion field from the reconstructed rainfall fields, and (4) using the residual between the observed
and advected rainfall fields as a diagnostic indicator of local rainfall growth not explained by horizontal transport. This design
converts direct surface rainfall measurements into a process-oriented diagnostic quantity and is intended for urban regions
where dense gauge networks are already available.

Based on this principle, the present study applies the framework to high-resolution rain gauge observations in the Bangkok
metropolitan area as a dense urban gauge-network test case. The framework is evaluated through event-based analyses and

statistical characteristics of the detected rainfall events. The results indicate that the identified events exhibit meteorological
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properties consistent with convective rainfall, including spatial localization, rapid development, and association with the di-
urnal cycle. These findings suggest that advection consistency provides an interpretable physics-based basis for defining and

detecting convective rainfall using rain gauge observations alone.

2 Literature review

Short-term rainfall analysis and forecasting constitute important research topics in meteorology and hydrology because precip-
itation is a phenomenon characterized by high variability in both time and space (Nakaegawa et al., 2019; Mu et al., 2021; Xiao
et al., 2018; Zhuo et al., 2014). For the purposes of this review, existing approaches to describing or predicting the evolution of
rainfall fields are grouped into three main categories: (1) data-driven approaches, (2) advection-based approaches that assume
the motion of precipitation structures, and (3) anomaly-based detection methods that identify rainfall events from deviations in

atmospheric variables.
2.1 Data-driven precipitation modeling

Over the past decade, the use of machine learning and deep learning for rainfall prediction has gained significant attention (Das
et al., 2017; Caseri et al., 2022; Ha and Lee, 2024; He et al., 2023; Lazri and Ameur, 2018), as these methods can directly
learn complex relationships between atmospheric variables and rainfall amounts. For example, convolutional recurrent neural
networks have been used to forecast rainfall from radar observations (Caseri et al., 2022), while architectures incorporating at-
tention mechanisms have been proposed to enhance the ability of models to learn spatial and temporal dependencies associated
with heavy rainfall events (Zhao et al., 2024).

However, purely data-driven approaches often do not explicitly account for the physical constraints of the atmospheric
system. As a result, such models may achieve high accuracy on training data but may not adequately explain the underlying
mechanisms of the system or generalize well to new events. This limitation has motivated the development of physics-informed
machine learning, which aims to integrate physical knowledge with data-driven models in order to ensure that the resulting
predictions remain consistent with the fundamental laws governing natural systems (Kashinath et al., 2021; Bhasme et al.,
2022; Luo et al., 2025; Teufel et al., 2023; Karpatne et al., 2017; Abbasi et al., 2024).

In hydrological applications, this concept has been applied to improve the representation of hydrological processes by
combining the structure of physically based models with machine learning, thereby enhancing both predictive accuracy and
physical consistency (Xie et al., 2021). Recent studies have also explored the use of physics-guided learning for the predic-
tion of heavy rainfall events by incorporating atmospheric dynamical information into machine learning models to improve
forecasting performance (Zhong et al., 2024; Das et al., 2024).

Although these approaches improve the physical consistency of data-driven models, they generally remain focused on sta-

tistical prediction rather than on directly analyzing the dynamical structure of rainfall fields.
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2.2 Advection-based rainfall evolution models

Another important approach in short-term rainfall forecasting assumes that changes in rainfall fields over short time intervals
can be explained primarily by advection, or the horizontal transport of precipitation structures (Bowler et al., 2004; Mufioz
et al., 2018). This concept is based on the assumption that the spatial pattern of rainfall can be transported by the atmospheric
velocity field while largely preserving its main structure over short lead times.

Methods based on this concept typically employ optical flow or echo-tracking techniques to estimate the motion field of
precipitation from sequences of radar or satellite images, which is then used to predict the future location of rainfall (Bowler
et al., 2004; Muiioz et al., 2018; Ha and Lee, 2024; Smith et al., 2024). Such techniques have demonstrated strong predictive
performance for short lead times, particularly during the first few hours of forecasting (Bowler et al., 2004; Ha and Lee, 2024;
Smith et al., 2024).

However, the advection assumption has important limitations. The evolution of rainfall fields is not governed solely by the
movement of existing precipitation structures, but also involves atmospheric dynamical processes such as the initiation of new
convective cells, the intensification of precipitation, and the dissipation of rainfall systems. These processes cannot be fully
explained by kinematic transport alone.

Recent studies have attempted to extend this framework by combining optical flow with deep learning in order to better cap-
ture complex motion patterns within precipitation systems (Ha and Lee, 2024). Nevertheless, these approaches still primarily

rely on advection as the main mechanism for describing the evolution of rainfall.
2.3 Anomaly-based detection of rainfall events

Another approach for detecting rainfall events is the analysis of anomalies, or deviations of atmospheric variables from their
normal conditions (Li et al., 2022b). The fundamental idea behind this class of methods is that rainfall events, particularly
heavy rainfall, are often associated with unusual changes in certain meteorological variables prior to or during the occurrence
of precipitation (Li et al., 2022a).

For example, several studies have used anomalies in precipitable water vapor (PWYV) derived from GNSS observations to
identify heavy rainfall events by comparing current values with their climatological or statistical norms (Li et al., 2022b, a).
Such methods can detect atmospheric conditions favorable for rainfall in advance, as atmospheric moisture content is a key
variable controlling the potential for precipitation formation.

Related detection and estimation studies have also used multiple atmospheric predictors, including GNSS-derived PWV and
zenith total delay variables, microwave-radiometer brightness temperatures related to atmospheric temperature and humidity,
and satellite or reanalysis features such as column water vapor, black-body temperature, and cloud-base height (Li et al.,
2022b, a; Das et al., 2017; He et al., 2023). These approaches often employ statistical analysis or machine learning techniques

to identify atmospheric patterns associated with rainfall events.
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However, although anomaly-based methods can effectively detect rainfall events from a statistical perspective, they generally
do not explicitly link the detection process to the physical mechanisms governing the evolution of rainfall fields (Xie et al.,
2021; Bhasme et al., 2022).

Beyond studies that focus directly on rainfall prediction or event detection, climatological analyses have examined statistical
characteristics of precipitation, including the frequency, intensity, and diurnal cycle of rainfall (Nakaegawa et al., 2019; Xiao
et al., 2018; Zhuo et al., 2014; Zhao et al., 2022; Gu et al., 2025). Such studies improve our understanding of long-term rainfall

patterns and provide important background information for the development and evaluation of forecasting models.
2.4 Statistical characterization of rainfall variability

Related climatological studies have examined statistical characteristics of precipitation, such as the diurnal cycle of rainfall, as
well as the frequency and intensity of precipitation across different regions (Nakaegawa et al., 2019; Xiao et al., 2018; Zhuo
et al., 2014; Zhao et al., 2022; Gu et al., 2025). These studies include both temperate and tropical regions and often rely on
observations from rain gauge stations, radar systems, or satellite measurements to analyze the temporal and spatial patterns of
precipitation (Mu et al., 2021). These investigations contribute to a deeper understanding of the climatological characteristics
of rainfall, including diurnal patterns, seasonal variability, and the frequency of heavy precipitation events. They also play an
important role in evaluating the consistency and performance of climate models and numerical weather prediction systems (Mu
et al., 2021).

Although these approaches have significantly advanced the analysis and prediction of rainfall, they emphasize different
aspects of the precipitation process. Data-driven models focus on statistical relationships between atmospheric variables and
rainfall, advection-based approaches describe the kinematic transport of existing precipitation structures, and anomaly-based
methods identify atmospheric conditions associated with rainfall events. Studies on rainfall variability, meanwhile, provide
important climatological context for understanding precipitation patterns across different spatial and temporal scales. How-
ever, these approaches generally do not explicitly examine the physical consistency of rainfall evolution with respect to the
underlying transport dynamics of the precipitation field. In particular, the extent to which observed changes in rainfall can be
explained solely by horizontal advection, or instead reflect local generation or decay processes, remains less directly quantified
in existing frameworks.

In this study, we address this gap by introducing a physics-based framework for analyzing rainfall evolution using the
continuity equation. By evaluating the residual between the observed temporal change of rainfall and the change expected from
advection, the proposed approach provides a physically interpretable indicator of rainfall dynamics. This formulation enables
the identification of rainfall components that are dynamically inconsistent with advection, which we interpret as signatures
of convective processes. The framework therefore offers a complementary perspective to existing statistical and kinematic

approaches for rainfall analysis and detection.
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3 Data and study area
3.1 Study area and climatic context

The study area covers the Bangkok Metropolitan Region and its surrounding areas in central Thailand. The region is situated on
alow-lying alluvial delta plain characterized by minimal topographic gradients and a densely developed drainage infrastructure.
The urban core spans approximately 1,500km? and extends continuously into surrounding peri-urban zones, as shown
in Fig. 1 (a). The network provides a dense long-term urban rain-gauge dataset, enabling kilometer-scale rainfall analysis
without reliance on radar observations. Among the 130 geolocated stations, the median nearest-neighbor station spacing is
approximately 1.5 km (interquartile range 0.8-2.4 km), with a mean nearest-neighbor spacing of approximately 1.9 km.

The regional climate is governed by two primary monsoon systems. The southwest monsoon, active from May to October,
brings moist air masses and is associated with intense rainfall events. In contrast, the northeast monsoon, from November
to February, is comparatively dry. Transitional periods between these seasons frequently produce convective thunderstorms
with pronounced local characteristics, providing an appropriate context for studying short-lived and spatially localized rainfall

events.
3.2 Rain-gauge network and data characteristics

The rainfall data are obtained from a network of 131 automatic rain-gauge stations operated by the Bangkok Metropolitan
Administration. The spatial distribution of stations is illustrated in Fig. 1 (b), with high density in the inner urban area and
decreasing coverage toward the periphery due to installation constraints.

The dataset spans the period 2000-2024 and is recorded at a consistent temporal resolution of 15 min. This long-term, high-
frequency dataset is well suited for analyzing rapidly evolving and short-lived rainfall dynamics. The station density in the
urban area supports the construction of kilometer-scale spatial rainfall fields without relying on excessive long-distance inter-
polation. Nevertheless, the siting of stations—often located at public facilities or hydraulic structures—should be considered

when interpreting the spatial representativeness of the observations.
3.3 Data quality control and dataset characteristics

All rainfall records underwent basic quality assurance and quality control procedures, including the marking of outliers, correc-
tion of duplicated timestamps, and temporal alignment across stations to ensure consistency at the 15-min resolution throughout
the study period. Outliers were identified using physically plausible limits for 15-min rainfall accumulation together with tem-
poral consistency checks between adjacent observations. Records exceeding these physically plausible limits were removed
during the QA/QC process.

Because rainfall is highly intermittent at the 15-min resolution, only a small fraction of time steps contain measurable
rainfall. Across all stations, approximately 6% of the observations correspond to non-zero rainfall after QA/QC, while the

remaining intervals represent dry conditions rather than missing data, as summarized in Table 1. The dataset is temporally



185

190

https://doi.org/10.5194/egusphere-2026-1314
Preprint. Discussion started: 15 June 2026 EG U h
© Author(s) 2026. CC BY 4.0 License. spnere

Bangkok

®

t

[ Bangkok boundary
@® Rain gauges

Bangkok

10 km
—

(0) Openstreetap contributors (C) CARTO (C) OpenStreetMap contributors (C) CARTO

(a) (b)
Figure 1. Location of the Bangkok Metropolitan Region within Thailand (a) and distribution of the 131 automatic rain-gauge stations
operated by the Bangkok Metropolitan Administration (BMA) (b). Station density is highest in the urban core and decreases toward peri-

urban areas due to siting constraints at public facilities and hydraulic structures.

aligned such that each time step corresponds to a 15-min accumulation period, ensuring that rainfall fields can be compared
consistently between consecutive time steps for motion estimation.

Rainfall events were defined as continuous periods with rainfall greater than zero, allowing short dry gaps below a predefined
threshold to avoid artificially splitting physically coherent rainfall systems. This definition reflects the structural continuity of

rainfall at the event scale rather than segmenting events solely based on instantaneous observations.
3.4 Spatial field reconstruction (data gridding)

To enable spatial analysis of rainfall motion, point-based rain-gauge observations were mapped onto a Cartesian grid with a
spatial resolution of 1 x 1km?. Rainfall values within each grid cell were obtained by aggregating all stations located inside
the cell. When multiple stations were present within the same grid cell, their mean rainfall value was used as the representative

rainfall intensity for that cell.
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Table 1. Summary statistics of the BMA rain-gauge dataset after quality control (2000-2024). Station-level statistics are reported as mean,

minimum, and maximum across 131 stations.

Station statistics

Metric Mean Min Max
Records per station (raw) 99026 99014 99039
Non-zero rainfall observations (%) 6.39 1.48 9.22
Zero-rainfall observations (%) 93.61 90.78 98.52

Records flagged as outliers during QA/QC (%) 34.79 8.86 86.09

Dataset-level metrics
Temporal coverage with >90% stations (%) 35.70

Number of stations 131

Grid cells without stations were initially treated as missing values. No long-range spatial interpolation (e.g., inverse-distance
weighting or kriging) was applied, because the objective of the gridding procedure was not to reconstruct a complete rainfall
surface, but to preserve the local spatial structure of the gauge observations.

The choice of kilometer-scale resolution was guided by the station density in the Bangkok Metropolitan Region, where the
urban gauge network provides sufficient coverage to represent rainfall structures at this scale without requiring strong long-
distance interpolation. This resolution is appropriate for capturing rainfall cell structures relevant to urban-scale convective
processes and short-term motion estimation.

An example of the computational grid and station-to-cell mapping is shown in Fig. 2. The resulting gridded field provides

the spatial basis for the rainfall representation developed in Section 4.

4 Rainfall representation for physics-based analysis

The physical analysis of rainfall motion and evolution requires rainfall to be represented as a spatial field in which temporal and
spatial derivatives can be defined. However, the original observations in this study consist of discrete point measurements from
rain gauges. Therefore, before estimating rainfall motion, the gauge observations must be converted into a spatial representation
suitable for dynamical analysis.

The gridded rainfall field introduced in Section 3.4 provides the initial spatial structure for this representation. Because rain-
gauge observations are discrete, the resulting field may still contain spatial discontinuities. For motion estimation and residual
analysis, the field is therefore regularized through spatial smoothing to obtain a spatially coherent and differentiable rainfall
representation.

The objective of this representation is not to reconstruct detailed point-level rainfall estimates, but to retain the dominant

rainfall distribution patterns at a scale appropriate for motion estimation and continuity-equation-based analysis. This repre-
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sentation makes it possible to distinguish rainfall evolution associated with horizontal transport from that associated with local

source-sink behavior.
4.1 Gridded rainfall field

The rainfall field used in the subsequent analysis was constructed from the gridded gauge observations described in Section 3.4.
Rainfall values were assigned to 1 x 1 km? grid cells using cell-based aggregation of the stations located within each cell. When
multiple stations were present in the same cell, their mean rainfall value was used as the primary representation.

This gridded field preserves the original observational structure of the gauge network and avoids imposing long-range in-
terpolation assumptions. However, because the gauge observations are discrete, the resulting field may contain gaps and sharp
spatial discontinuities that are not suitable for direct derivative-based analysis. The gridded field should therefore be regarded
as the observational basis of the rainfall representation rather than the final analysis-ready field.

Figure 2 illustrates the computational grid and the mapping of rain-gauge locations onto the analysis domain. This gridded

representation serves as the starting point for the spatial regularization step described in the following subsection.
4.2 Spatiotemporal consistency of the dataset

Prior to field reconstruction, the rain-gauge data were prepared to ensure temporal alignment and network-wide comparability.
All stations were synchronized to common 15-min accumulation intervals, so that each time step represents rainfall accumu-
lated over the same duration across the entire observation network. Basic quality control was also applied to remove anomalous
values and preserve temporal continuity.
Temporal synchronization and the availability of observations from most stations at each 15-min time step are essential for
motion estimation, because optical flow methods infer displacement by comparing rainfall patterns between consecutive fields.
These preparation steps produced a rain-gauge dataset with sufficient spatiotemporal coherence for short-term motion esti-

mation and for the subsequent analysis of advection consistency.

5 Estimation of advection-consistent motion

To establish a physics-based reference for assessing whether rainfall evolution is governed primarily by horizontal advection,
it is first necessary to estimate the motion field that transports rainfall structures between consecutive time steps. The objective
is not to perform operational forecasting, but rather to construct a physically interpretable motion field that represents the
displacement of rainfall patterns over short temporal intervals.

In this study, the motion field is estimated between consecutive rainfall maps separated by At = 15 min. This relatively short
interval is chosen to ensure that the assumption of advection-dominated evolution remains physically reasonable. Over such
time scales, large-scale rainfall structures typically move coherently with the ambient flow, while microphysical growth and

decay processes occur more gradually.
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Figure 2. Example of the 1 x 1 km? computational grid used for rainfall analysis. Blue dots denote rain-gauge stations, and gray lines indicate

the spatial discretization of the analysis domain. When multiple stations fall within the same grid cell, their rainfall values are aggregated

using the mean to represent the cell intensity.

Let R(x,y,t) denote rainfall intensity defined on a spatial grid. The horizontal motion field describing the displacement of

rainfall structures is denoted by

V(z,y,t) = (u(z,y,t), v(z,y,t)),

where u and v represent the zonal and meridional components of the motion field, respectively.

The goal of motion estimation is therefore to determine V such that the observed evolution of the rainfall field between ¢ and

t+ At can be explained as the advection of rainfall structures by this velocity field. This estimated motion field will then serve

as the basis for advecting the rainfall field forward in time and assessing the consistency of observed evolution with advection.

10
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5.1 Optical flow formulation

Rainfall motion is estimated using the Horn-Schunck optical flow method (Horn and Schunck, 1981), treating rainfall intensity
as a scalar field transported by a horizontal velocity field. This formulation originates from computer vision, but is physically
consistent with the advection of passive scalars in fluid dynamics.

Under the short-term brightness constancy assumption, rainfall intensity is assumed to be conserved along motion trajecto-

ries:
R(x,y,t) = R(z +ult, y + vAt, t + At).

This assumption implies that changes in rainfall intensity at a fixed location arise primarily from the movement of existing
precipitation structures rather than from local generation or dissipation processes.

Figure 3 illustrates an example of rainfall evolution together with the estimated motion field. Panel (a) shows the rainfall
field at time ¢, panel (b) displays the estimated motion vectors describing the displacement of rainfall structures between the
two time steps, and panel (c) shows the observed rainfall field at time ¢ + At. The estimated vectors capture coherent spatial
patterns consistent with the displacement of rainfall features across the domain.

Under the brightness constancy assumption, the temporal change of rainfall intensity is constrained by the advection equa-

tion. Linearizing the above relation yields the classical optical flow constraint equation

OR OR OR

Physically, Eq. (1) expresses conservation of rainfall intensity along the trajectories defined by the motion field. In other
words, rainfall behaves locally as a passive scalar advected by the horizontal flow.

However, Eq. (1) contains two unknown velocity components (u,v) but only one constraint equation. To obtain a unique
and physically meaningful solution, a variational framework is adopted.

Specifically, the Horn-Schunck method determines the velocity field by minimizing the following energy functional:

OR 2
E(u,v) ://(E—l-uRm—&—vRy) —|—oz2(|Vu|2+|Vv|2) dxdy 2)

In Eq. (2), the first term enforces consistency with the optical flow constraint expressed in Eq. (1). This term penalizes
deviations from the advection assumption.

The second term imposes a spatial smoothness constraint on the velocity field. The parameter « controls the relative strength
of this regularization. Physically, this smoothness assumption reflects the fact that rainfall systems at urban scales tend to
exhibit coherent motion driven by larger-scale atmospheric flow rather than independent pixel-scale displacements.

Figure 3 shows an example of the estimated motion field obtained using this approach. The vector field reveals spatially

coherent motion patterns that characterize the displacement of rainfall structures over the study region.

11
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(a) Rainfall at t (b) Motion field from t to t+At (c) Rainfall at t+At 3.0

2.0

Rainfall (mm/15 min)

05

speed p50=0.11 p90=0.64 max=1.22 m/s

2019-11-03 22:15:00 2019-11-03 22:15:00 - 2019-11-03 22:30:00 2019-11-03 22:30:00

Figure 3. Example of rainfall evolution and the corresponding estimated motion field. (a) Rainfall intensity at time ¢. (b) Estimated horizontal
velocity field describing the displacement of rainfall structures from ¢ to ¢+ At. (c) Observed rainfall field at time ¢4 At¢. The figure illustrates

how the estimated motion vectors capture the spatial displacement of rainfall features between consecutive observation times.

5.2 Boundary conditions

To avoid artificial inflow or outflow of rainfall motion at the boundaries of the computational domain, zero-flux (Neumann)
boundary conditions are imposed on the velocity field:
u_o  Ov_
on on
where (9% denotes the derivative normal to the domain boundary.

These boundary conditions prevent the introduction of artificial gradients in the estimated motion field near the domain
boundaries.

Consequently, deviations from advection detected in subsequent analyses can be interpreted as intrinsic evolution of the

rainfall system rather than artifacts produced by boundary effects.
5.3 Advection-only rainfall evolution

Once the motion field V = (u,v) has been estimated, the rainfall intensity field can be advected forward in time using the

linear advection equation

OR
_ . = U.
B +V.-VR=0

This equation describes the transport of a passive scalar by a prescribed velocity field. In the present study, rainfall intensity is
treated as a scalar field that is transported horizontally by the estimated motion field.

Let Robs(x,y,t) denote the observed rainfall field, a spatial rainfall intensity field defined on the analysis grid. Because
rainfall observations are available only at discrete rain gauge locations, the gridded rainfall field is constructed by aggregating
gauge measurements within each grid cell of the computational grid. Consequently, Rops(,y,t) should be interpreted as a

grid-based representation derived from gauge observations rather than direct measurements at every grid cell.

12
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In discrete form, the advected rainfall field at time ¢ + At can be approximated as

a]%obs a-Robs
or Y dy )

Radv(xayat+ At) = RObS(x7y7t) — At (u

In this formulation, no additional source or sink terms are included. The predicted field R.q4, therefore represents rainfall
evolution under pure horizontal advection alone, assuming that rainfall structures are transported without local growth or decay.

The velocity field used in the advection step corresponds to the motion field estimated from consecutive rainfall fields, as
illustrated in Fig. 3 (b). Using this motion field, the rainfall distribution at time ¢ can be advected forward to obtain the rainfall
field expected at time ¢ + At under the assumption of purely advective transport.

Advection-based extrapolation is applied only over short lead times not exceeding 60 min. This limitation helps maintain
the validity of the linear advection assumption and reduces the accumulation of errors associated with rainfall growth, decay,
and microphysical processes that are not represented in the advection model.

Importantly, the purpose of this advection-only prediction is not to produce an operational rainfall forecast. Instead, it
provides a physically interpretable baseline representing the rainfall field expected if horizontal transport were the dominant
mechanism governing rainfall evolution.

An example comparison between the advected rainfall field and the rainfall field derived from gauge observations at the
subsequent time step is shown in Fig. 4. The comparison includes the rainfall field at time ¢, the rainfall field advected forward
using the estimated motion field, and the reconstructed rainfall field at time ¢ + At obtained from gauge observations.

By comparing the advected rainfall field with the observed rainfall field at ¢ + At, it becomes possible to identify regions
where rainfall evolution deviates from the behavior expected under pure advection. Such deviations indicate the presence of
local rainfall growth or decay processes that cannot be explained solely by horizontal transport.

In this example, the advected rainfall field appears visually similar to the rainfall field at time ¢. This is expected because the
estimated displacement during the 15-min interval is generally smaller than the grid spacing, resulting in sub-pixel advection
shifts. The rainfall field used for motion estimation is also spatially regularized through local smoothing in order to obtain a
spatially coherent and differentiable rainfall field suitable for optical flow estimation and stable spatial derivative computation.
Consequently, the difference between the advected and observed rainfall fields becomes more clearly expressed in the residual
panel (Fig. 4 (d)), which highlights rainfall growth and decay not explained by horizontal advection.

The relationship between rainfall evolution and the estimated motion field can be further illustrated by examining consecutive
rainfall maps together with the inferred velocity vectors. Figure 5 presents an example in which the rainfall field at time ¢, the
estimated motion field between the two observation times, and the rainfall field at time ¢ + At are shown together.

In this example, coherent displacement of rainfall features can be observed between the two rainfall fields. The estimated
motion vectors align with this displacement, indicating that the optical flow method captures the dominant transport of rainfall
structures across the domain. Such consistency provides empirical support for interpreting the estimated velocity field as an
advection-consistent representation of rainfall motion.

Importantly, the purpose of this visualization is not to evaluate forecasting skill but to demonstrate that the estimated motion

field provides a physically plausible description of rainfall transport over short time intervals.
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Figure 4. Example of advection-only rainfall evolution. (a) Gridded rainfall intensity field at time ¢ derived from rain gauge observations. (b)
Rainfall field advected from ¢ to ¢ + At using the estimated motion field shown in Fig. 3 (b). (c) Gridded rainfall intensity field at time ¢ + At
reconstructed from rain gauge observations. (d) Difference between the reconstructed and advected rainfall fields, highlighting regions where

rainfall growth or decay occurs and where pure advection fails to fully explain the observed rainfall evolution.

The advection-only rainfall field therefore provides a physically interpretable reference state against which deviations from
advection can be quantified. In the following section, these deviations are analyzed through the residual of the rainfall continuity
equation.

6 Continuity-equation residual as a physics-based indicator

The motion field estimated in Section 5 describes the horizontal displacement of rainfall structures between consecutive time

steps. This estimation is obtained using optical flow, which assumes that the observed rainfall field evolves primarily through
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Figure 5. Example of the estimated rainfall motion field obtained using the Horn-Schunck optical flow method. The background color
represents rainfall intensity, while arrows denote the horizontal velocity vectors (u,v) describing the displacement of rainfall structures
between two consecutive observation times. The vector field exhibits spatially coherent motion patterns consistent with the advection of

precipitation systems over the study area.

spatial transport. Under this assumption, rainfall intensity behaves approximately as a scalar quantity that is advected by a
motion field.
This assumption can be written using a conservation framework. If rainfall intensity R(z,y,t) is treated as a transported

scalar field, its temporal evolution can be described by a continuity equation with a source-sink term,

OR
E—FV-(RU):S, 3)
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where u = (u,v) denotes the horizontal motion field estimated from optical flow and S represents local generation or decay
processes that cannot be explained by horizontal transport.

Equation (3) provides a generalized description of rainfall evolution. The divergence term V - (Ru) represents changes in
rainfall intensity due to spatial transport, while the source-sink term .S accounts for internal atmospheric processes such as
convective growth, microphysical decay, or local precipitation initiation.

In practice, the advective component of rainfall evolution can be approximated by transporting the rainfall field using the

estimated motion field. This produces an advection-only rainfall field
Roav(z,y,t+ At), “4)

which represents the rainfall distribution expected at time ¢ + At if the rainfall structure observed at time ¢ were displaced
by the estimated motion field without local growth or decay.

Rainfall residuals are defined as the difference between the observed rainfall field and this advection-only rainfall field at
the same time. In other words, the residual answers a direct diagnostic question: after moving the previous rainfall structure
forward using the estimated motion field, where does the actually observed rainfall exceed or fall below that transport-based

expectation? This deviation is quantified as
Rres(mvyvt + At) = Robs($>y7t + At) - Radv(xayat + At)a (5)

which we denote as the residual rainfall field R,.q.

With this sign convention, positive residual values occur where the observed rainfall field is larger than the advected field,
indicating local rainfall growth or development that cannot be explained by horizontal transport alone. Negative residual values
occur where the observed field is smaller than the advected field, indicating rainfall weakening or dissipation relative to the
transport-based reference. Persistent and spatially coherent positive residuals are therefore interpreted in this framework as
measurement-based signatures of convective development.

Under a discrete time interval At, the residual can be interpreted as a practical approximation of the source-sink term in the
continuity equation,

Rres (xa Yt + At)

S(z,y,t) = At

(6)

From this perspective, the residual field R,cs(x,y,t+ At) represents the portion of rainfall evolution that cannot be explained
by horizontal advection. Regions with residual values near zero indicate rainfall structures that evolve consistently with the
estimated motion field, whereas large positive residual values indicate locally generated or rapidly intensifying precipitation.

An example of this residual field is illustrated in Fig. 4 (d).

The residual field therefore provides the basis for the convective rainfall detection introduced in the next section.
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7 Operational definition of convective rainfall

This section describes the operational framework used to identify convective rainfall systems within the observational rainfall
dataset analyzed in this study. The objective of the framework is to translate the conceptual interpretation of rainfall evolution
introduced in the previous section into a practical procedure applicable to high-resolution rainfall observations.

The analysis begins by organizing rainfall measurements into rainfall events at individual observation stations. These station-
level events are then aggregated into storm-level event windows representing rainfall episodes affecting multiple stations within
the study region.

For each storm-level event, rainfall evolution is examined using an advection-based representation of rainfall transport,
which provides a physically interpretable reference describing how rainfall patterns would evolve under horizontal motion
alone. This reference evolution serves as the baseline against which observed rainfall changes are evaluated.

Deviations between the observed rainfall evolution and the advection-consistent reference state are quantified through the
residual of the rainfall continuity equation. Residual fields derived from this comparison capture rainfall changes that cannot
be explained by horizontal transport alone.

From these residual fields, a set of storm-level indicators is derived to characterize the magnitude, spatial scale, and temporal
persistence of non-advection-consistent rainfall evolution. These indicators form the basis for classifying rainfall systems into
convective and non-convective storms.

The following subsections describe the definition of station rainfall events, the construction of storm-level events, the
advection-based rainfall evolution model, the residual formulation, the residual-derived indicators, and the classification of

convective storms.
7.1 Definition of station rainfall events

Rainfall events are defined independently at each observation station using the rainfall time series measured by rain gauges.
The rainfall dataset used in this study is obtained from a rain-gauge network providing measurements at a temporal resolution
of 15 min across the study area.

Let Robs(x,t) denote the observed rainfall intensity at station location x and time ¢. A rainfall occurrence is defined when
Rops(x,t) > 0.

Rainfall events are constructed by grouping successive rainfall occurrences in time. Two rainfall periods are considered part
of the same event provided that the rainfall-free interval between them does not exceed 120 min. When the dry interval exceeds
this threshold, a new rainfall event is initiated.

Allowing short rainfall-free gaps prevents a single meteorological episode from being artificially fragmented due to brief
interruptions in precipitation or measurement variability. Each station rainfall event is therefore represented as a continuous
period of rainfall activity.

For each event, basic attributes are recorded, including the event start time, end time, duration, and accumulated rainfall

amount.
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These station-level rainfall events form the fundamental observational units used in the subsequent construction of storm-

level rainfall systems described in the following subsection.
7.2 Construction of storm-level events

Rainfall events defined at individual stations represent local observations recorded by the rain-gauge network. During a rainfall
episode, precipitation may be observed at multiple stations across the study area with partially overlapping or closely spaced
time intervals. To construct regional-scale rainfall episodes for analysis, station-level events are therefore aggregated into
storm-level events.

Storm construction is based on the temporal relationship among station rainfall events across the observation network.
Station events are assigned to the same storm when their time intervals overlap or when the temporal separation between them
is smaller than a predefined threshold of 120 min. This rule allows rainfall occurrences recorded at different stations within a
short time window to be associated with a common storm-level event window.

Small temporal gaps are permitted during the aggregation process. Allowing such gaps prevents a single rainfall episode from
being artificially divided into multiple storms when rainfall temporarily ceases at some stations while continuing at others.

This temporal linkage rule is used as a practical way to construct analysis windows from point-based gauge observations in
a compact urban domain with a 131-station rain-gauge network. The rule should not be interpreted as a claim that all rainfall
observed during the window necessarily belongs to one isolated convective cell. Instead, it defines the time period over which
the subsequent gauge-derived spatial fields, motion estimates, and residual indicators are evaluated.

Because storm identity is operational in this framework, the storm-level event should be interpreted as a rainfall-system
window defined from the available gauge observations rather than as a unique external storm-object label. The adequacy of
this event construction is assessed through the subsequent gauge-derived spatial fields, motion estimates, residual indicators,
and physically plausible storm characteristics. Simultaneous rainfall systems in spatially separated parts of the domain may
therefore be represented within the same analysis window; for larger domains or sparser gauge networks, additional spatial-
connectivity criteria or integration with other observing systems may be useful.

Each resulting storm-level event is characterized by its overall duration and the set of stations reporting rainfall during the
event.

This storm-level representation forms the analysis unit used in the subsequent examination of rainfall evolution. The con-

struction procedure is applied to all station rainfall events detected in the observational dataset over the analysis period.
7.3 Advection-based rainfall evolution

To examine the evolution of rainfall systems over the study region, rainfall observations are represented as a spatial rainfall field
varying in time. Let R(z,y,t) denote the rainfall intensity at spatial location (x,y) and time ¢, obtained from the observational

rainfall dataset. Successive rainfall fields describe the spatial distribution of precipitation at each observation time.
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The horizontal movement of rainfall patterns between consecutive time steps is described by a velocity field

u(xvyat) = (u(x,y,t),v(x,y,t)),

which represents the displacement of rainfall structures over the analysis domain.

In this study, the motion field is estimated directly from the observed rainfall fields using optical-flow methods applied
to successive time frames. Optical flow provides a spatially varying estimate of rainfall motion, allowing the translation of
precipitation patterns to be inferred from changes in the rainfall distribution.

Using the estimated motion field, an advection-based rainfall field is constructed by transporting the rainfall field at time ¢
forward by a time interval At. The resulting field, denoted as R.qv (z,y,t + At), represents the rainfall distribution expected
at the next time step if precipitation structures were transported solely by horizontal motion.

This advection-only field serves as a reference representation of rainfall evolution driven purely by horizontal transport and

is used in subsequent analysis to evaluate deviations between observed and transport-based rainfall evolution.
7.4 Residual of the rainfall continuity equation

Rainfall evolution over the study region can be expressed using the continuity equation for a scalar field transported by a

horizontal velocity field. In two spatial dimensions, the rainfall continuity equation is written as

OR

where R(x,y,t) denotes rainfall intensity, u(z, y,t) is the horizontal motion field describing rainfall transport, and S(z,y,t)
represents source or sink processes associated with local rainfall generation or dissipation.

To evaluate rainfall evolution in the observational dataset, the observed rainfall field at time ¢ + At is compared with the
advection-based rainfall field obtained from the transport model. Let Rons(x,y,t + At) denote the observed rainfall field and
Raav(z,y,t + At) the rainfall field predicted by horizontal advection of the previous rainfall field.

The rainfall residual is defined as the observed field minus the advected field,
Ries(x,y,t + At) = Rops(2,y,t + At) — Ragy (x,y,t + At). 8)

This residual provides a diagnostic measure of rainfall evolution that cannot be explained by horizontal transport alone. Pos-
itive residual values indicate rainfall growth relative to the transport-based reference, while negative residual values correspond
to rainfall weakening or decay. Persistent and spatially coherent positive residuals are used here as signatures of convective

rainfall development.
7.5 Residual-based convective indicators

Residual fields derived from the rainfall dataset contain spatial and temporal patterns reflecting rainfall evolution that cannot
be explained by horizontal transport alone. To characterize these patterns at the storm level, a set of quantitative indicators is

computed from the residual fields associated with each storm event.
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These indicators summarize key properties of residual structures observed during the evolution of a rainfall system, including
their intensity, spatial extent, and temporal persistence. The indicators are derived directly from the residual fields calculated
for each analysis time step.

The following indicators are evaluated for every storm event:

Peak positive residual area: the maximum spatial area of contiguous grid cells exhibiting positive residual values within

the storm duration.

Peak residual intensity: the largest positive residual value observed within a single time frame of the storm.

Event-integrated positive residual: the cumulative positive residual summed over all grid cells and time steps through-

out the storm duration.

Number of strong residual frames: the number of time steps in which the residual field exceeds a predefined threshold

indicating substantial rainfall growth beyond transport-based evolution.

These indicators characterize three fundamental aspects of non-advection-consistent rainfall evolution: the magnitude of
rainfall change, the spatial scale of residual structures, and the persistence of these structures over time.

The indicators are examined jointly to evaluate their ability to distinguish convective storms from transport-dominated
rainfall systems. As shown in the following sections, indicators related to the spatial extent and temporal persistence of positive
residual structures provide the strongest separation between storm types, whereas peak residual intensity alone shows weaker

discriminative power.
7.6 Convective storm classification

Storm systems are classified into convective and non-convective categories using the residual-based indicators computed for
each storm event.

Exploratory analysis of the indicator distributions reveals that metrics describing the spatial extent and persistence of positive
residual structures provide the most robust separation between storm types. In particular, the peak positive residual area, the
event-integrated positive residual, and the number of strong residual frames consistently distinguish storms exhibiting strong
local rainfall growth from storms whose evolution is largely explained by horizontal transport.

Based on these observations, the classification rule focuses on the spatial and temporal characteristics of positive residual
structures. Positive residual cells are first identified using R,.s > 0.2, and strong positive residual cells are identified using
R,es > 0.5. A storm is classified as convective when its peak positive-residual area is at least 500 grid cells and at least one of

the following supporting criteria is also satisfied:

— peak positive residual sum of at least 1000,

— event-integrated positive residual of at least 4000, or
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— at least 10 strong residual frames.

Strong residual frames are frames containing at least three rainy cells and at least three cells exceeding the strong positive-
residual threshold. These conditions indicate rainfall growth patterns that cannot be reproduced by transport-based rainfall
evolution alone and therefore represent signatures of convective rainfall generation.

Storms that do not satisfy these conditions generally exhibit weaker and less persistent residual structures and are categorized
as non-convective precipitation systems.

Section 8 examines the resulting statistical separation between convective and non-convective storms in the residual-indicator

feature space.

8 Diagnostic behavior of detected convective storms

This section evaluates whether the residual-based framework produces storm classifications with physically interpretable di-
agnostic behavior. The purpose is not to present a standalone rainfall climatology for Bangkok, but to test whether storms
identified from the residual indicators show characteristics expected for convective rainfall systems.

Across the analyzed dataset, a total of 157 storm episodes were identified, of which 36 (22.9%) were classified as convective
and 121 (77.1%) as non-convective. Despite representing a smaller fraction of the storm population, convective storms exhibit
systematically stronger signatures in the residual-based feature space, including larger positive-residual footprints, stronger
event-scale residual accumulation, and more persistent residual activity.

The convective classification described in Section 7.6 is implemented using threshold values derived from the empirical
distributions of the residual indicators. In particular, the peak positive-residual area provides the clearest separation between
storm types and is used as the primary threshold variable in the rule-based classification. Storms whose peak residual area
exceeds the threshold are identified as convective, while additional indicators such as the event-integrated positive residual and
the number of strong residual frames provide supporting evidence of sustained rainfall growth.

The following subsections examine these characteristics in more detail. Storm-scale statistics are first analyzed to compare
the structural properties of convective and non-convective storms. The distribution of residual-based indicators is then evaluated

to illustrate how the two storm classes occupy different regions in the residual feature space.
8.1 Seasonal and diurnal distribution

To examine whether the detected convective storms exhibit realistic temporal patterns, the occurrence of storms was analyzed
jointly by month and hour of day. This temporal analysis is used as a physical plausibility check on the residual-based classi-
fication rather than as the primary objective of the study. A total of 157 storm episodes were identified in the dataset, among
which 36 storms (22.9%) were classified as convective and 121 storms (77.1%) as non-convective.

Figure 6 shows the joint distribution of storm initiation times across months and hours of the day. Storm occurrences are

strongly concentrated in the late rainy-season months of October to December, with the largest number of events observed in
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November. This seasonal concentration is consistent with rainfall-seasonality studies in monsoon regions (Mu et al., 2021; Gu
et al., 2025).

Beyond the seasonal concentration, storms occur preferentially during the afternoon to evening period. Most storm initiations
occur between approximately 15:00 and 20:00 local time, with the strongest concentration around the early evening hours.
Such timing corresponds closely to the typical diurnal cycle of convective rainfall, where daytime surface heating can support
increasing atmospheric instability and convective development later in the afternoon (Nakaegawa et al., 2019; Mu et al., 2021;
Gu et al., 2025).

The combined seasonal-diurnal structure therefore indicates that the storms identified by the residual-based framework

follow physically plausible occurrence patterns rather than appearing randomly across time.
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Dec 1 12
Nov -
Oct A ! 10
Sep 1
Aug 1 8
€
< Julq 3
5 £
= Jun - 1 r6 s
&
May A
Apr A La
Mar -
Feb - Lo
Jan 4 L |
0 3 6 9 12 15 18 21 0 3 6 9 12 15 18 21
Hour of day Hour of day

Figure 6. Joint distribution of storm initiation times by month and hour of day. Storm occurrences are concentrated in the late rainy-season
months (October—December) and occur most frequently during the late afternoon to early evening hours, consistent with the typical seasonal

and diurnal cycle of tropical convective rainfall.

8.2 Diurnal characteristics

While the seasonal-diurnal heatmap in Fig. 6 summarizes the overall temporal distribution of storms, it is also informative to
examine how convective and non-convective storms differ in their diurnal timing. Convective storms detected by the residual-
based framework exhibit a clear late-afternoon to evening preference. The hourly distribution of storm start times is shown in

Fig. 7, where storm initiation times are grouped by hour of day using the labeled storm dataset obtained from the residual-based

classification.
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Non-convective storms occur throughout the day, with a noticeable concentration around the midday period (approximately
12:00-14:00). In contrast, convective storms become more frequent during the late afternoon and early evening hours. The
number of convective storms begins to increase after approximately 14:00 and reaches its highest levels around 18:00-19:00
local time.

This shift toward later hours indicates that storms characterized by strong positive residual signatures tend to occur after
the peak surface heating period. Such timing is consistent with the typical diurnal evolution of tropical convection, where
atmospheric instability develops during the afternoon and convective activity intensifies toward the evening.

Overall, the observed diurnal structure supports the physical interpretation of the residual-based classification: storms iden-

tified as convective tend to occur later in the day than storms dominated by advection-consistent rainfall evolution.

Hourly distribution of labeled storms
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Figure 7. Hourly distribution of storm initiation times by storm type. Non-convective storms occur throughout the day with a noticeable

midday concentration, whereas convective storms occur preferentially during the late afternoon and early evening hours.

8.3 Spatial footprint

Figure 8 compares several residual-based metrics between convective and non-convective storms. These metrics quantify the
spatial extent, cumulative magnitude, and temporal persistence of positive residual signatures derived from the rainfall conti-
nuity equation.

The clearest separation between the two storm types appears in the peak positive-residual area (Fig. 8 (a)), which represents

the maximum number of grid cells exhibiting positive residuals within a storm. Convective storms show substantially larger
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Figure 8. Distributions of three residual-based storm indicators for convective and non-convective storms: (a) peak positive-residual area
(maximum number of grid cells with positive residuals within a storm), (b) event-integrated positive residual rainfall, and (c) number of
strong-residual frames. Convective storms consistently exhibit larger residual footprints, greater cumulative residual rainfall, and longer

persistence of strong residual activity compared with non-convective storms.

residual footprints, with a median peak area of approximately 650 cells and an interquartile range of roughly 580-770 cells. In
contrast, non-convective storms exhibit a median of about 290 cells with an interquartile range of approximately 210-380 cells.
The limited overlap between these distributions indicates that convective storms tend to produce much larger spatial regions of
rainfall growth that cannot be explained by horizontal advection alone.

A similar but more dispersed separation is observed in the event-scale positive residual sum (Fig. 8 (b)). Convective storms
exhibit a median value of roughly 8,000 with an interquartile range of about 4,300-10,500, whereas non-convective storms
show a median near 1,700 and an interquartile range of approximately 800-2,800. Although the separation remains substantial,
the spread of the distribution is larger because this metric accumulates residual contributions across the entire storm lifecycle.

The temporal persistence of strong residual signals is illustrated by the number of strong-residual frames (Fig. 8 (c)). Con-
vective storms typically contain around 12 strong frames (IQR ~11-15), whereas non-convective storms show a median near
8 frames (IQR ~ 6-12). This difference suggests that convective storms not only produce stronger residual signatures but also
maintain them for longer periods during their evolution.

Overall, the results indicate that convective storms are characterized by larger spatial footprints of positive residuals, greater
cumulative residual magnitudes, and longer persistence of strong residual activity. Among these metrics, the peak positive-
residual area provides the most distinct separation between storm types, highlighting the importance of spatially organized

rainfall growth as a key indicator of convective processes.
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8.4 Residual statistics

Convective storms identified by the proposed framework exhibit systematically stronger positive residual signatures than non-
convective storms. Because the residual represents rainfall growth that cannot be explained by horizontal advection alone, these
differences provide a direct physical indication of convective development.

Table 2 summarizes the principal residual indicators for the two storm classes. Convective storms consistently exhibit larger
spatial residual footprints, stronger accumulated residual magnitudes, and more persistent residual activity than non-convective

storms.

Table 2. Residual indicators for convective and non-convective storms (median values). Convective storms exhibit substantially stronger and

more persistent positive residual signatures.

Metric Convective ~ Non-convective
Peak positive residual area (median cells) 654.5 292
Event-integrated positive residual (median) 7872.5 1686.2
Strong residual frames (median) 12.5 8

8.4.1 Residual feature-space separation

The three residual indicators collectively define a residual feature space describing the spatial extent, accumulated magnitude,
and temporal persistence of rainfall generation beyond advection.

Across all three indicators, convective storms consistently occupy higher-value regions of this feature space. The spatial
footprint of positive residual rainfall is substantially larger for convective storms, with a median peak residual area of about
655 cells compared with approximately 292 cells for non-convective storms.

The magnitude of rainfall generation beyond advection shows an even stronger contrast. The median event-integrated pos-
itive residual reaches about 7,872 for convective storms but only about 1,686 for non-convective storms, indicating much
stronger storm-integrated rainfall growth.

Temporal persistence also differs systematically between the two classes. Convective storms exhibit a median of 12.5 strong
residual frames, whereas non-convective storms typically show about 8 frames, suggesting that convective development tends
to remain active for longer portions of the storm lifecycle.

Taken together, these differences indicate that convective storms occupy a distinct region of the residual feature space,
characterized by larger spatial residual footprints, stronger accumulated residual magnitudes, and more persistent residual

activity.
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8.4.2 Persistence of residual signatures

Convective storms also exhibit substantially stronger temporal persistence of positive residual activity. Measured by the number
of time steps exceeding the strong-residual threshold, convective storms contain on average 12.9 strong residual frames (median
12.5 time steps), whereas non-convective storms show mean and median values of 9.0 and 8 frames, respectively.

This contrast indicates that the residual signatures associated with convective rainfall are temporally coherent rather than
isolated noise spikes. Convective rainfall growth therefore tends to occur as sustained local generation processes rather than
short-lived fluctuations in the rainfall field.

The persistence of residual activity is further reflected in the structure of the residual feature space shown in Fig. 9. The
panels illustrate the relationships between the spatial footprint of positive residual rainfall and three complementary indicators:
the event-integrated positive residual, the number of strong residual frames, and the peak residual intensity.

Across all panels, convective storms extend toward regions characterized by both larger residual footprints and stronger
residual magnitudes, whereas non-convective storms remain concentrated near smaller residual values. This structural pattern
indicates that convective storms are associated with spatially coherent and temporally persistent regions of rainfall generation

beyond advection-consistent transport.
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Figure 9. Residual feature-space representation of detected storms. Each panel shows the relationship between the spatial footprint of positive
residual rainfall and a complementary residual indicator. Convective storms tend to occupy regions characterized by both larger residual
magnitudes and larger spatial footprints, whereas non-convective storms remain concentrated near smaller residual values. The vertical line

indicates the peak residual-area threshold (approximately 500 grid cells) used in the rule-based convective classification.

8.4.3 Residual accumulation

A further contrast between the two storm classes is observed in the total positive residual accumulated over the lifetime of
each storm. Convective storms produce a mean event-integrated positive residual of 8008.6 (median 7872.5), whereas non-

convective storms show a mean of 2045.0 and a median of 1686.2.
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The accumulated residual therefore provides a storm-scale measure of integrated rainfall generation beyond advection-
consistent transport, and further supports the use of the residual term as a physically interpretable feature for identifying

convective rainfall systems.

9 Conclusions
9.1 Physical implications

This study introduces a physics-informed definition of convective rainfall based on deviations from rainfall evolution consistent
with horizontal advection. Using the rainfall continuity equation, rainfall change is interpreted as the combination of two
components: (i) advection-consistent transport of existing precipitation structures and (ii) internally generated changes that
cannot be explained by advection alone.

Within this framework, convective rainfall is not defined by high intensity alone, but by the emergence of rainfall in locations
where the advection-only evolution of the rainfall field does not predict its occurrence. Statistical analysis in Section 8 shows
that events classified as convective exhibit characteristics such as larger residual footprints, stronger residual accumulation, and
greater temporal persistence, which are consistent with documented properties of convective systems, including rapid initiation,
spatial localization, and strong association with the afternoon diurnal heating cycle (Wang et al., 2021; Li et al., 2024; Gu et al.,
2025).

This deviation corresponds conceptually to the source term in the rainfall continuity equation, %—If +V:(Ru) =S, where
the computed residual can be interpreted as a diagnostic proxy for S under the assumption that short-term rainfall transport is
reasonably approximated by horizontal advection.

An important implication of this formulation is that convective initiation can be analyzed using rain-gauge observations
alone. Rain-gauge networks are typically regarded as insufficient for studying convective dynamics due to their sparse spatial
coverage. However, the presence of physically consistent seasonal and diurnal signatures in the residual-based classification
suggests that meaningful dynamical information about convective behavior can be extracted from surface rainfall observations

when combined with a physics-based framework.
9.2 Comparison with intensity-based definitions

Many existing approaches classify convective rainfall using intensity thresholds (e.g., rainfall rate in mm,hr~1), radar texture
features, or supervised learning techniques. These approaches are useful for operational classification, but they are generally
empirical and not directly linked to governing equations describing rainfall evolution.

The framework proposed here differs conceptually by focusing on dynamical consistency with advection rather than rainfall
magnitude. Rainfall of moderate intensity that appears abruptly in localized regions may therefore be identified as convec-
tive. Conversely, heavy rainfall that is continuously advected from upstream without local initiation may not be classified as

convective under this definition.
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The objective of the proposed approach is not to replace intensity-based definitions, but to complement them. By distin-
guishing between rainfall generated locally and rainfall transported from upstream, the method provides additional physical

insight into rainfall dynamics.
9.3 Limitations

Despite its physical interpretability, several limitations should be noted.

First, the motion field estimated using optical flow represents a kinematic approximation of rainfall motion. Rapid micro-
physical changes occurring within the same observation interval may therefore contribute to the residual, making it difficult to
fully separate model limitations from genuine dynamical processes.

Second, the spatial resolution of the reconstructed rainfall field depends directly on rain-gauge density. This limitation
follows from the gauge-derived field representation: when inter-station spacing approaches or exceeds the typical size of
convective cells, the ability to resolve localized rainfall initiation is expected to decrease.

Accordingly, the proposed framework should be regarded as a dense-network method rather than a general sparse-gauge
method. In the Bangkok network used here, the median nearest-neighbor spacing among geolocated stations is approximately
1.5 km, but station spacing is not spatially uniform across the full metropolitan domain. The applicability of the framework
therefore depends on local station spacing, spatial coverage, and the representativeness of gauge locations. Application to
sparse networks would require additional validation or integration with other observing systems before the residual field can
be interpreted as evidence of localized rainfall generation.

Third, the framework assumes that linear advection provides a reasonable approximation of rainfall transport over short time
intervals. For longer time horizons, nonlinear storm evolution and deformation of rainfall structures may reduce the validity of
this assumption.

Finally, because the analysis relies solely on surface rainfall observations, the method does not provide direct information

about vertical structure or microphysical processes within convective systems.
9.4 Applicability to other cities

The proposed advection-consistency framework is not specific to Bangkok. Provided that a sufficiently dense rain-gauge net-
work is available to construct kilometer-scale rainfall fields with temporal resolution on the order of 10-15 unitmin, the same
methodology can be applied to other tropical or subtropical urban regions.

Key requirements include: (i) sufficiently dense spatial coverage to estimate rainfall motion, (ii) temporally consistent ob-
servations, and (iii) reliable measurement quality.

Under these conditions, the framework is expected to identify convective behavior characterized by localized rainfall initia-
tion and strong diurnal modulation, which are common features of convective precipitation in tropical environments.

Future work integrating this framework with weather radar observations or high-resolution numerical models may enable
direct comparison between surface residual signatures and vertical convective dynamics, providing a pathway toward linking

surface rainfall observations with dynamical interpretations of convective development.
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