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ABSTRACT

Heatwaves are intensifying across the Middle East with distinct daytime and nighttime impacts. We quantify the
climatology and trends of daytime, nighttime, and compound heatwaves using station observations for 2005 to
2025, and evaluate four Al-weather models for near-surface air temperature during a recent high-impact episode.

Daytime heatwaves recur from the eastern Mediterranean through northern Iraq and Iran into Anatolia during
warm seasons, whereas nighttime and compound events cluster along the southern Red Sea and Arabian Gulf
coasts. Trends show significant summer and autumn increases across all classes (daytime: + 4.09 and + 6.09;
nighttime: + 4.13 and + 6.22; compound: + 3.42 and + 2.40 per year), a winter increase led by nighttime events,
and a spring increase in both nighttime and compound events, consistent with asymmetric diurnal warming,
strong land-atmosphere coupling over arid interiors, and coastal humidity that limits nocturnal cooling.

A case study of 10 to 27 June 2024 documents record-breaking daytime anomalies over the northern Middle
East and persistent nocturnal warmth along maritime margins, with peak impacts around 17 June in the Mecca
region. ERA-5 diagnostics indicate a quasi-stationary Rossby wavetrain, an anomalous ridge over southwest Asia,
and an intensified Arabian Heat Low that weakened low-level ventilation and sustained humid coastal nights.

We assess GraphCast, PanguWeather, FourCastNetv2, and Aurora using six-hourly forecasts initialized at 00
UTC on 12 June 2024 and verified against ERA-5 from 12 to 22 June. All capture synoptic timing and multi-day
persistence but underestimate daytime peaks and show lead-dependent cold biases. PanguWeather provides the
strongest deterministic temperature guidance; GraphCast corroborates synoptic evolution. Operationally, a bias-
corrected PanguWeather and GraphCast blend is recommended.

1. Introduction

Heatwaves are among the most rapidly intensifying weather-related
hazards in a warming climate, with well-documented increases in fre-
quency, intensity, duration and escalating risks to health, energy, water,
and infrastructure (Perkins-Kirkpatrick and Lewis, 2020). The Middle
East is a recognized heatwave hotspot, warming faster than the global
means and exhibiting pronounced summertime amplification of ex-
tremes (Lelieveld et al., 2016; Zittis et al., 2022; Syed et al., 2024).
Regionally, subsidence associated with the subtropical anticyclones,
pervasive aridity, and strong land-sea thermal contrasts, amplified by
rapid urbanization, create chronically high background heat stress,
which in turn compounds the risks during multi-day heatwave events.
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Beyond hot daytime interiors, the southern Arabian Gulf and Red Sea
coastal regions frequently experience evening and nighttime humid-heat
maxima that curtail physiological recovery and elevate the risk of
heatstroke (Raymond et al., 2024). These attributes underscore the need
to quantify heatwave occurrence and to resolve the processes that
generate heat extremes. Projections further indicate outsized future in-
creases in the intensity, duration, and persistence of Middle East heat-
waves, reinforcing the urgency of robust climatology and mechanism-
aware prediction for the region (Lelieveld et al., 2016; Zittis et al.,
2021; Zittis et al., 2022). Recent reviews and attribution studies across
the Northern Hemisphere also point to the combined roles of persistent
anticyclones, quasi-stationary Rossby waves, and land-surface feedbacks
in setting the severity and persistence of heatwaves, with a growing
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anthropogenic contribution (Xu et al., 2021; Dong et al., 2021; Perkins-
Kirkpatrick et al., 2024; Gong et al., 2024; Ma et al., 2024).

Beyond broad trends, a process-based regional framing is essential.
Over the Arabian Peninsula, the summertime thermal low, Arabian Heat
Low (AHL), is a first-order control on near-surface temperatures and
interacts with monsoon-related circulations (Fonseca et al., 2022b). The
AHL's position and intensity modulate pressure gradients and therefore
the northwesterly Shamal winds (Yu et al., 2016), sea- and land-breeze
interactions, and moisture transport (Steinhoff et al., 2018; Fonseca
et al., 2022b; Fonseca et al., 2025a, 2025b). Heatwaves in Iraq and the
northern Arabian Peninsula frequently coincide with quasi-stationary
anticyclonic ridging embedded in Rossby wave trains, a configuration
that weakens the Shamal and promotes adiabatic warming and foehn-
like downslope flows in the lee of the Zagros mountains (Al-Shamarti
et al., 2025). In addition, strong land-atmosphere coupling and
dust-radiation interactions can amplify surface heating and boundary-
layer stratification, sustaining extremes across the Arabian Peninsula
and adjacent basins (Parajuli et al., 2023; Francis et al., 2022). This
picture is consistent with broader hemispheric evidence that soil-
moisture depletion reduces evaporative cooling and, together with
blocking highs, enhances near-surface heating and limits nighttime re-
lief (Xu et al., 2021; Perkins-Kirkpatrick et al., 2024). These circulation
regimes and surface feedback, interacting with sharp coast-interior
gradients and rapidly urbanizing corridors, shape the diurnal structure
of heat extremes across the region.

Recent global analyses distinguish independent daytime, indepen-
dent nighttime, and compound day-night heatwaves, each with distinct
physical controls and impacts (Wu et al., 2023). Daytime events are
typically linked to clear skies, large-scale subsidence, and reduced sur-
face evaporative cooling; nighttime events are favored by elevated hu-
midity, enhanced downwelling longwave radiation, and weak nocturnal
ventilation. Compound events inherit both mechanisms and produce the
largest anomalies in 2-m air temperature and cumulative heat stress (Wu
et al., 2023). In arid coastal settings along the southern Arabian Gulf and
the Red Sea, late-day moisture advection by sea breezes and limited
nighttime ventilation can lock in high minimum temperatures, creating
particularly hazardous compound heat (Raymond et al., 2024). These
distinctions motivate a climatology that explicitly separates daytime,
nighttime, and compound heatwaves across the Middle East and in-
terprets their dynamics in an Arabian Peninsula's context. Motivated by
this, we first develop a region-wide occurrence climatology that distin-
guishes daytime, nighttime, and compound heatwaves across the Middle
East, resolved seasonally. We then assess trends in heatwave occurrence
in the past few decades, exploring whether compound events show the
strongest increases relative to daytime- or nighttime-only episodes. To
situate these patterns physically, we interpret spatial and temporal
heterogeneity in relation to canonical regional drivers, AHL position and
intensity, Shamal variability, and moisture advection.

According to the forecast near-surface temperature in the Middle
East remains challenging. Physics-based reanalyses and numerical
weather prediction (NWP) models provide essential guidance yet can
under-represent daily maxima and nocturnal minima in arid coastal
settings where sea breezes, urban heat islands, and aerosol-radiation
interactions modulate the diurnal cycle (Hersbach et al., 2020; Ullah
et al., 2024). In parallel, global Artificial Intelligence (AI)-weather
models, such as GraphCast, Pangu-Weather, FourCastNetv2, and
Aurora, have demonstrated competitive medium-range skill at far lower
computational cost (Lam et al., 2023; Bi et al., 2023; Pathak et al., 2022;
Lang et al., 2024). Recent Al-weather model evaluations show mixed
performance on heat extremes. Pasche et al. (2025) compare GraphCast,
Pangu-Weather, and FourCastNet against the European Centre for Me-
dium Range Weather Forecasts - High Resolution Integrated Forecast
System (ECMWF-HRES) across three high-impact cases: the 2021 Pacific
Northwest heatwave, the 2023 South Asian humid-heat event, and the
2021 North American winter storm. They report that machine learning
(ML) models can match HRES locally for the Pacific Northwest heatwave
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but tend to underperform when errors are aggregated; for the humid-
heat case, impact-relevant variables are limited and danger hotspots
are underestimated. Liu et al. (2024) conduct a regional benchmark over
East Asia and the Western Pacific for June-November 2023, evaluating
five global Al-weather models—Pangu-Weather, FourCastNet v2,
GraphCast, FuXi, and FengWu—initialized and verified with ERAS5.
Their analysis is general-purpose rather than heatwave-targeted;
FengWu ranks highest on root-mean-square-error (RMSE) and anom-
aly correlation coefficient (ACC), and a simple multi-model mean per-
forms comparably to the best single model. Beyond temperature
extremes, event papers on unprecedented precipitation also highlight
strengths and gaps for extremes: for the April 2024 Dubai storm,
GraphCast predicted the event eight days ahead while FuXi under-
estimated totals at longer leads (Qiang et al., 2025). Taken together,
these studies indicate that AI models generally reproduce synoptic
evolution of hot spells but often mute near-surface amplitude, especially
for the most intense phases, and that model rankings can be region- and
metric-dependent. However, systematic verification for humid coastal
and nighttime regimes in the Middle East, as well as stability across
multi-day leads during compound heat, remains largely untested. This
research gap motivates our focused evaluation.

A severe early-summer heat episode affected the Middle East from
roughly 14-19 June 2024, peaking on 17 June in western Saudi Arabia
and parts of Iraq and Kuwait. Reported air temperatures along the Hajj
route reached the upper 40s °C during 16-18 June, with 51.8 °C
observed at Mecca's Grand Mosque. The authorities recorded >2700
heat-related illnesses on 16 June and later reported ~1300 fatalities
among the pilgrims, underscoring the compound risks of hot days and
humid nights (Nashwan et al., 2024; Reuters, 2024). In this study, we (i)
diagnose the multiscale circulation that triggered the 17 June
peak—including the AHL's characteristics, local- and regional-scale
circulations, and inland moisture transport—and its expression in the
diurnal cycle; (ii) quantify where daytime, nighttime, and compound
heat anomalies were largest (with emphasis on southern Arabian Gulf
and Red Sea coastal regions); and (iii) evaluate four Al weather models
for 2-m temperature across 1-10-day leads during the event, bench-
marking the model performance also to the initialization robustness. The
June 2024 heatwave episode, peaking on 17 June, offers a stringent,
policy-relevant stress test that links mechanistic understanding to fore-
cast performance in precisely those regimes where impacts are greatest.
Salient results previewed here are: (1) an anomalously strong/
westward-shifted lower-tropospheric thermal trough with ridging to
the north and a weakened Shamal favouring hot, humid nights along the
coasts; (2) compound (day-night) temperature anomalies dominated in
coastal areas, while interior maxima were primarily daytime-driven;
and (3) Al models retained useful land-average skill through ~D + 5
but degraded more rapidly for nocturnal minima and in coastal humidity
regimes, where the underestimation of nighttime heat was common.

This paper is structured as follows. Section 2 describes datasets and
Al-weather models. Section 3 details the heatwave taxonomy, verifica-
tion diagnostics and metric considered in the study. Section 4 first es-
tablishes a seasonally resolved climatology of daytime, nighttime, and
compound heatwaves over 2005 to 2025 and documents their trends
(Section 4.1). Guided by these regimes, Section 4.2 examines the drivers
and structure of the 10 to 27 June 2024 compound event, characterized
by extreme daytime maxima over inland deserts and persistently
elevated nighttime minima along the Red Sea and Arabian Gulf coasts.
Section 4.3 then evaluates four Al weather models during this event to
assess their operational readiness for heat-risk early warning in the
Middle East. Section 5 synthesizes the implications for early-warning
heat and for improving data-driven models in arid coastal environments.

2. Data and AI-Weather Models

We used the United States National Oceanic and Atmospheric
Administration (NOAA) Global Surface Summary of the Day (GSOD)
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station data over the Middle East to identify daytime, nighttime, and
compound heatwaves, and ERA-5 (Hersbach et al., 2020) reanalysis data
to (i) diagnose the drivers of the June 2024 compound heatwave, and
(ii) initialize the AI weather models and evaluate their forecasts.

2.1. Observations and reanalysis

NOAA GSOD is a global, quality-controlled daily product derived
from the Integrated Surface Hourly/Integrated Surface Database (ISH/
ISD) archive by aggregating hourly and synoptic reports to daily sum-
maries (data access: https://www.ncei.noaa.gov/data/global-summar
y-of-the-day/access). Our analysis domain (30°-60°E, 10°-40°N) com-
prises 491 GSOD stations across the Middle East; station locations and
record lengths are shown in Fig. Sla. The number of active stations
varies by year over 1970-2025 (Fig. S1b). To ensure adequate spatial
coverage, we restrict climatology and trend analyses of heatwaves to
December 2005-February 2025, during which the annual network
availability exceeds ~58% of the 491-station inventory and station
counts vary little (Fig. S1b). Additionally, for each station and season we
apply a > 90% data-availability threshold; only stations meeting this
criterion are included in the seasonal frequency aggregation and trend
estimation. The resulting seasonal samples are nearly equal in size across
seasons (DJF n = 194, MAM n = 195, JJA n = 194, SON n = 196),
providing balanced spatial coverage for the analyses (Fig. 1). We use
daily 2-m air temperature, dew-point temperature, and relative hu-
midity fields. In what follows, we denote daily maximum and minimum
2-m air temperatures from the GSOD stations as Tryax and Tpin, respec-
tively, and hourly 2-m air temperature from ERA-5 and the Al-weather
models as T2m. Prior to analysis, we (i) apply gross-range checks to
remove physically implausible values (for example, cases with Ty, >
Tmax)- We treat GSOD missing-value codes for Tpax and Tpin (9999.9) as
NaN and require seasonal completeness: for any station and season, at
least 50% of the calendar days must be present for inclusion in frequency
aggregation and trend analysis.
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ERA-5 reanalysis data is used to investigate the drivers of the mid-
June 2024 heatwave in the Middle East. This dataset extends from
1940 to present and is at 0.25° x 0.25° (~27 km) spatial and hourly
temporal resolution. Its performance over the region has been thor-
oughly assessed and is found to be in close agreement with ground-based
observations. For example, Nelli et al. (2024), and at a site in the Rub'Al
Khali Desert and for the summer season targeted here, reported air
temperature biases generally within 2 °C, with the observed and ERA-5
wind speed typically within 2 m s ™! of each other. Owing to deficiencies
in the simulation of the surface radiation fluxes and properties, the
surface temperature in the reanalysis can be as much as 5 °C higher than
that observed. Ullah et al. (2024) notes that ERA-5 has a tendency to
underestimate cold and hot extremes in the Arabian Peninsula, even
though the inter-annual variability seen in station data is typically
replicated in the reanalysis product.

2.2. Description of Al-weather models

We conduct an independent evaluation of four prominent Al-based
global forecasting systems, namely,FourCastNetv2 (FCN2), Pan-
guWeather, GraphCast, and Aurora. Together, these models span the
major architectural families used for medium-range guidance:
Spherical-harmonic neural operator, 3D transformers, and graph neural
networks, alongside a recent Earth-system foundation model. Prior
studies have shown competitive skill relative to leading NWP baselines
at dramatically lower computational cost (e.g., Pathak et al., 2022; Bi
et al., 2023; Lam et al., 2023; Lang et al., 2024; Bodnar et al., 2025),
motivating their evaluation during a compound heat event in the Middle
East. To ensure consistency, we used similarly configured models at
0.25° horizontal resolution with a 6-h fundamental time step and 13
vertical levels (Table 1).

The main features of the four Al-weather models are summarized
below:
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Fig. 1. NOAA GSOD stations across the Middle East with >90% seasonal data availability during December 2005-February 2025. (a) DJF (n = 194), (b) MAM (n =
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Table 1
Summary of key features of recent Al-weather forecasting models.
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Feature FourCastNetv2 PanguWeather GraphCast (operational) Aurora Fine-tune

Architecture Spherical-harmonic neural operator Transformer Graph neural network Multiscale 3D Swin-
Transformer U-Net

Resolution 0.25° x 0.25° 0.25° x 0.25° 0.25° x 0.25° 0.25° x 0.25°

No. of surface variables 7 T2m, ulOm, v10m, ul100m, v100m, mean sea
level pressure, Total column integrated water
vapour

Vertical levels (13) and T, u, v,RH, geopotential height

4 T2m, ulOm, v10m, mean
sea level pressure

T, u, v,q, geopotential

5 T2m, ul0m, v10m, mean sea
level pressure, geopotential height

4 T2m, ulOm, v10m,
mean sea level pressure

T, u, v, w, q, geopotential height T, u, v,q, geopotential

atmospheric variables height height
50hPa, 100hPa, 150hPa, 200hPa, 250 hPa, 300 hPa, 400 hPa, 500 hPa, 600 hPa, 700 hPa, 850 hPa, 925hPa and 1000 hPa
Fundamental time step (h) 6 6 6 6
Reference Pathak et al. (2022); Lam et al. (2023) Bi et al. (2023) Lam et al. (2023) Bodnar et al. (2025)

- FourCastNetv2 (FCN2): A successor to FourCastNet's Adaptive
Fourier Neural Operator (AFNO) design, FCN2 replaces planar
Fourier operators with spherical-harmonic neural operators,
improving stability for global autoregressive rollouts while retaining
fast inference. In our setup, FCN2 ingests ERA-5 initial states and
produces 6-hly forecasts on 13 levels to a 10-day horizon (Pathak
et al., 2022; Lam et al., 2023).
PanguWeather: Uses a 3D Earth-specific Transformer with an enco-
der-decoder stack derived from Swin-Transformer to represent
multiscale atmospheric structure; surface and upper-air predictors
are embedded jointly. The model achieves strong medium-range
performance with multi-timescale rollout strategies (Bi et al., 2023).
GraphCast: Formulates global weather as a message passing on an
icosahedral, multiresolution mesh, learning prognostic updates via a
graph neural network. Autoregressive fine-tuning stabilizes longer
leads; published results show broad skill advantages over a leading
deterministic baseline at substantially lower cost (Lam et al., 2023).
- Aurora: A large-scale foundation model for the Earth system that
couples a multiscale 3D Transformer—U-Net-style backbone with
pretraining on diverse geophysical data, then task-specific fine-tun-
ing for global weather, air quality, waves, and TC tracking. Recent
reports document performance competitive with operational systems
(Bodnar et al., 2025).

Forecasts for all four systems are produced using the ECMWF ai-
models framework with model-specific backends (https://github.com/
ecmwf-lab/ai-models); Aurora inference uses Microsoft's released
weights on Hugging Face for the fine-tuned aurora model. All forecasts
are initialized from ERA-5 analyses and integrated to a 10-day horizon.
We extract T2m from each model and evaluate their performance
against ERA-5 over the intense heatwave period 12-22 June 2024, with
additional station-based validation where applicable.

3. Methodology
3.1. Heatwave classification

We adopt a diurnal classification that distinguishes daytime, night-
time, and compound (day-night) heatwaves, as the mechanisms and
impacts differ between daily maxima and minima extremes. Let Tpax
denote daily maximum temperature and Tp,, denote daily minimum
temperature, derived from NOAA GSOD station observations (Section
2.1). This taxonomy follows Wu et al. (2023) and is consistent with
established percentile-based extremes practice. A “hot” day (night) is
defined when Tpax (Tmin) exceeds a sliding 90th percentile threshold,
Tmax90 (Tmingo), computed from a 15-day moving window (+7 day)
centered on each calendar day, using a station-specific reference
climatology (here, 1970-2025 where available). A heatwave requires
>3 consecutive hot days (for daytime events) or hot nights (for night-
time events), as summarized below:

- Daytime heatwave: >3 consecutive days with Tpax > Tmaxoo While
the corresponding nights remain Trin < Tmingo (i-€., no concurrent
hot nights);

- Nighttime heatwave: >3 consecutive nights with Tpin > Tmingo While
the corresponding days remain Tpax < Tmaxoo (i-€., no concurrent hot
days);

- Compound heatwave: >3 consecutive days during which both Tpax
> Tmax90 and Tmin > Tmin90 on each daY~
The sliding-percentile method preserves seasonality and local het-

erogeneity better than absolute thresholds and is widely used in regional
and global heatwave studies (Barriopedro et al., 2023; Wu et al., 2023).
This choice of a 90th percentile threshold is consistent with recent
climatological analyses that employ percentile-based definitions near
the 90th percentile (e.g., Barriopedro et al., 2023; Wu et al., 2023;
Korhonen et al., 2025) and aligns with common practice in epidemio-
logical assessments, where exceedance of local 90th percentile thresh-
olds over multiple days is associated with elevated risks of mortality and
morbidity (e.g., Arsad et al., 2022; Guo et al., 2017). It is also appro-
priate for the study region, where T2m are systematically high in sum-
mer. A 95th percentile criterion isolates only the most extreme cases and
substantially reduces event counts, whereas an 85th percentile criterion
identifies too many events for the objectives of this study.

Seasonal trends in heatwave for three classifications are estimated
with the Theil-Sen robust slope (Sen, 1968; Theil, 1992) and tested for
significance using the Mann-Kendall test (Mann, 1945) at the 90%
confidence level; slopes are reported in events per year.

3.2. Arabian heat low and thermal indices

An important feature of the summertime circulation in the Arabian
Peninsula is the AHL (Fonseca et al., 2022b). The AHL, which develops
in response to the strong surface heating by the Sun, modulates the
occurrence of convection around the Al Hajar mountains in northern
Oman (e.g., Fonseca et al., 2025) and the Hijaz mountains in Saudi
Arabia and Yemen (e.g., Parajuli et al., 2023) in addition to the tracks of
tropical disturbances approaching the Arabian Peninsula (Francis et al.,
2022). It is typically diagnosed based on the low-level atmospheric
thickness (LLAT), defined as the geopotential height difference between
the 700 and 925 hPa pressure surfaces. In particular, the AHL corre-
sponds to the region with the top 10% LLAT values in the domain 10°-
35°N and 40°-60°E at 03 UTC, excluding water bodies and areas where
the 925 hPa pressure level is below the surface.

Three thermal indices are considered in this work: wet-bulb tem-
perature (Ty), defined in eq. (1), extracted from Stull (2011); a simpli-
fied version of the wet-bulb globe temperature (WBGT), taken from
Leroyer et al. (2018) and defined in eq. (2); the heat index (HI),
extracted from Anderson et al. (2011). In egs. (1)-(3),T is the air tem-
perature in °C and RH is the relative humidity in %. Heat stress can
become life-threatening at Ty > 31 °C (Wilson et al., 2024), WBGT>30
°C (Leroyer et al., 2018), and HI > 41 °C (Anderson et al., 2011).
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3.3. Al-weather models evaluation metrics

We use ERA-5 as the common reference for cross-model comparison
because the Al-weather models evaluated here are trained to predict the
next ERA-5 state and are typically initialized from ERA-5 analyses
(Pasche et al., 2025; Qiang et al., 2025). This choice ensures internal
consistency across models. At the same time, verification against ERA-5
primarily quantifies fidelity to the ERA-5 target and may understate
biases relative to independent observations, particularly in the distri-
bution tails (Qiang et al., 2025). Over the Arabian Peninsula, ERA-5
performs comparatively well for T2m among available reanalysis
products (Ullah et al., 2024). We therefore adopt ERA-5 for the primary
comparison while noting this limitation explicitly. For each NOAA
GSOD site, we collocated T2m from the four Al-weather models by
averaging all grid points whose centers fall within a 25 km radius of the
station. The 25 km radius approximates the effective 0.25° grid spacing
of the Al models and ERA-5 in this domain and reduces station-to-grid
representativeness error relative to using a single nearest grid point.
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To ensure symmetry, we applied the same 25 km radius-mean procedure
to ERA-5 at the station locations. As all model outputs and ERA-5 are
provided on the same 0.25° grid, no horizontal regridding was required;
the radius-mean is used to reduce representativeness error between
point observations and gridded fields. The models' skill is evaluated over
the 12-22 June 2024 heatwave.

We compute the Pearson correlation coefficient (r), mean bias (MB),
and root-mean-square error (RMSE), widely used in regional evaluation
studies (e.g., Fonseca et al., 2022a; Temimi et al., 2020; Nelli et al.,
2024; Yarragunta et al., 2025). Let O; denote the observation and M; the
corresponding model value at time i, with N paired samples and O, M
their means after removing missing pairs. Then.

>4((0i — 0)(M; — M)

TS 0 - 0PYY, (4, P @

1
1 2
RMSE = (NE (M- oi)2> (5)

1
MB = > (M;—0) ®)

By this sign convention, MB > 0 indicates a positive bias (model >
observation).

4. Results
4.1. Climatology and trends of heatwaves over the middle east

We first quantify the spatial occurrence and seasonal trends of day-
time, nighttime, and compound heatwaves during 2005-2025 to
establish the regimes and mechanisms that motivate the subsequent case
study and model evaluation. Heatwaves—segregated into daytime,
nighttime, and compound events—are compiled season-wise (spring:

Heatwave Frequency by Season and Category
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Fig. 2. Seasonal distribution of heatwave occurrences at weather stations across the Middle East for December 2005-February 2025. Rows denote event type—(a-d)
daytime, (e-h) nighttime, and (i-1) compound—while columns show seasons in the order MAM, JJA, SON, and DJF. Colors indicate the accumulated number of
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Solid lines denote daytime (red), nighttime (blue), and compound (black) events summed across the Middle East stations; dotted lines indicate the corresponding
linear fits, plotted only when significant at the 90% confidence level (p < 0.10). Panels show seasons: (a) DJF, (b) MAM, (c) JJA, (d) SON. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

March-April-May (MAM); summer: June-July—-August (JJA); autumn:
September—October—-November (SON); winter: Decem-
ber-January-February (DJF)), and the accumulated counts across 491
stations for December 2005-February 2025 are shown in Fig. 2 (day-
time: a—d; nighttime: e-h; compound: i-1), with regional totals and linear
trends in Fig. 3. A prominent belt of high seasonal counts extends from
the eastern Mediterranean through northern Irag-Iran into Anatolia
(Asian Tiirkiye), especially in the warm seasons, as evident in the day-
time maps for MAM-SON (Fig. 2a—c) and, to a lesser extent, the com-
pound maps for JJA-SON (Fig. 2j-k). This pattern is consistent with
frequent placement beneath the subsiding branch of the subtropical
anticyclone and the monsoon-desert circulation that favor clear skies
and strong insolation (Rodwell and Hoskins, 1996; Rodwell and Hos-
kins, 2001). In contrast, nighttime and compound events are relatively
common along the southern Arabian Gulf shore and adjacent inland
areas, most clearly in summer and autumn (nighttime: Fig. 2f-g; com-
pound: Fig. 2j-k). Warm sea-surface temperatures (SSTs), which in these
seasons can exceed 30 °C (Nesterov et al., 2021), and the evening sea-
breeze transport the moist marine air inland after sunset, elevating
near-surface humidity and downward longwave radiation and thereby
suppressing nocturnal cooling—processes that coincide with observed
peaks in wet-bulb temperature and heat index along this coast (Im et al.,
2017; Raymond et al., 2020). Over continental interiors in late spring
and summer, soil-moisture depletion and reduced evaporative cooling
further amplify daytime extremes, consistent with elevated counts in
MAM-JJA (Fig. 2a-b) (Seneviratne et al., 2010; Miralles et al., 2014).
These spatial patterns and diurnal contrasts are consistent with process-
based assessments that distinguish shortwave-driven daytime heatwaves
from humidity/longwave-dominated nighttime events (Wu et al., 2023).

Linear trends presented in Fig. 3 (counts yr~ ') show a statistically
significant rise in nighttime events during winter (43.90; Fig. 3a), in
both nighttime and compound events during spring (+2.50 and + 1.80;
Fig. 3b), and in all classes increase in summer (daytime +4.09; nighttime
+4.13; compound +3.42; Fig. 3c) and again in autumn (daytime +6.09;
nighttime +6.22; compound +2.40; Fig. 3d). The seasonal con-
trast—strong summertime growth dominated by interior daytime heat-
ing, and sustained autumn increases led by coastal nocturnal/compound
events—is consistent with diurnally asymmetric warming over land,

whereby nights warm faster than days and the likelihood of nighttime
and compound heatwaves increases (Vose et al., 2005; IPCC, 2021;
Francis and Fonseca, 2024a, 2024b). It also reflects the growing influ-
ence of Gulf humidity, which is in line with the up to 0.08 °C yr! in-
crease in SSTs during 2003-2019 (Nesterov et al., 2021): warm marginal
seas and the sea-breeze deliver moisture inland after sunset, enhancing
downward longwave flux and wet-bulb temperatures and sustaining
nocturnal heat stress along the coast (Im et al., 2017; Raymond et al.,
2020). Basin-scale warming of the Red Sea and Arabian Gulf further
supports this interpretation (Chaidez et al., 2017; Hereher, 2020).
Collectively, these patterns are consistent with the Eastern Medi-
terranean-Middle East “hot-spot” behavior documented in regional as-
sessments, in which hot extremes have already intensified and are
projected to continue increasing (Lelieveld et al., 2016; Zittis et al.,
2022; IPCC, 2021). The significant winter increase in nighttime events
(+3.90 yr’l)is consistent with two mechanisms: (i) diurnally asym-
metric warming, with minimum temperatures rising faster than daytime
maxima and more warm nights across many land regions, including the
Arabian Peninsula (Donat et al., 2013; Lewis and Karoly, 2013; IPCC,
2021), and (ii) warmer marginal seas (Arabian Gulf, Red Sea) that sus-
tain a more humid boundary layer even in winter. Enhanced humidity/
cloudiness increases downwelling longwave radiation and suppresses
nocturnal cooling, a known driver of nighttime heatwaves (Chaidez
et al., 2017; Hereher, 2020; Wu et al., 2023). In spring, the significant
rise in both nighttime and compound events (+2.80 yr ' and + 1.80
yr 1) likely reflects an earlier and lengthening warm season that pushes
both daytime and nighttime temperatures above thresholds during
April-May (Zittis et al., 2022; Founda et al., 2019; Francis and Fonseca,
2024a, 2024b), with soil-moisture depletion and clear-sky, Shamal-
favourable conditions intensifying daytime heating and concurrent
humid-longwave processes elevating nocturnal minima, increasing the
odds that day-and-night exceedances co-occur (Mueller and Senevir-
atne, 2012; Miralles et al., 2014; Wu et al., 2023).

4.2. 10-27 June 2024 compound Heatwave over the Middle East

4.2.1. Observational characterization from station records
Figs. 4 and 5 show daily anomalies of GSOD-station Tmax and Tmin
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Fig. 4. Daily anomalies of the daily maximum 2-m air temperature (T2m, °C) at GSOD stations across the Middle East during 10-27 June 2024. The anomalies are
computed relative to each station's day-of-year climatology using the maximum available record within 1970-2025. The circle in coastal western Saudi Arabia

indicates the location of Jeddah.

anomaly (°C)

(=
©

Fig. 5. As in Fig. 4, but for daily-minimum T2m anomalies (°C).

across the Middle East during 10-27 June 2024, computed relative to
each station's day-of-year climatology. Figs. S2-S4 show spatial maps of
ERA-5 T2m and anomalies relative to the corresponding monthly cli-
matologies over the Middle East at 00 and 12 UTC on 16-18 June 2024.
The warm spell first emerges over the northwestern sector (Anato-
lia-Levant; Fig. 4a—f) and then intensifies after ~15 June, expanding

eastward and southward (Fig. 4g-1). Concurrently, elevated Tp, ap-
pears along the southern Red Sea and Arabian Gulf coasts (Fig. 5a—f) and
strengthens during 16-23 June (Fig. 5g—n), underscoring the compound
character of the event. The latter can be at least partially explained by
the positive SST anomalies in these two water bodies, which during
10-28 June 2024 are typically of 1°-3 °C, but exceeding 4 °C in parts of
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the northern Arabian Gulf (not shown). In the daytime (Tp,x) field, the
strongest and most spatially coherent positive anomalies are evident by
16-21 June across the northern Middle East, including the eastern
Mediterranean coast (Lebanon, Syria, Israel/Palestine, and Jordan),
northern Iraq, western and northern Iran, and Anatolia, with many
stations registering +3-5 °C departures from their day-of-year clima-
tologies (Fig. 4g-1).

In the nighttime temperature (Tpi,) field, large positive anomalies
persist along maritime margins—especially the southern Red Sea and
Arabian Gulf coasts—where warmer than average seas and the evening
onshore flow maintain moist boundary layers and suppress nocturnal
cooling through 16-23 June (Fig. 5g-n). By late month (22-27 June),
anomalies weaken heterogeneously: interior plateaus cool more rapidly,
while positive departures linger near the southern Arabian Gulf, parts of
the Red Sea, and sectors of the northern Middle East possibly because of
the warmer SSTs, leaving many coastal and northern stations still above
normal as the event decays (Figs. 4m-r, 5Sm-r). This inland—coastal
contrast, strong daytime anomalies over interiors and pronounced
nighttime anomalies along warm coasts, is a classic feature of compound
heat in arid and semi-arid regions (Wu et al., 2023). Daytime extremes
are favored by clear-sky shortwave heating and strong land-atmosphere
coupling over dry soils, whereas coastal nighttime warmth is sustained
by humidity-enhanced downward longwave radiation that limits
nocturnal cooling (Seneviratne et al., 2010; Miralles et al., 2014; Wu
et al., 2023).

Daily percentile ranks place these departures in statistical context
(Figs. 6-7). During 16-21 June, many northern Middle East stations
reached the 90th-100th percentiles of their long-term day-of-year Tpyax
distributions (Fig. 6g-1), indicating near-record to record daytime heat
across the region. Simultaneously, extensive stretches of the southern
Red Sea and Arabian Gulf coasts registered Tp;y, in the upper decile—i.e.,
>90th percentile relative to each station's day-of-year distribution
(Fig. 7g-1)—evidencing widespread nocturnal heat. In the Mecca
corridor, stations near Mina and Jeddah repeatedly fell in the upper
decile for both Tpax and T around 16-18 June (Figs. 6h—j, 7h-j),
implying compound conditions in which daytime and nighttime
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exceedances co-occur within the same multi-day window. Such com-
pound exceedances are of particular concern because reduced nocturnal
relief increases cumulative heat strain and risk (Perkins-Kirkpatrick and
Lewis, 2020; Raymond et al., 2020; Zittis et al., 2022).

To document persistence and geographic reach, we estimate for 10 to
27 June the daily fraction of GSOD stations, relative to all available
stations, with percentile rank at or above the 90th, 95th, and 99th
percentiles for Tpax and for Ty, (Fig. S5). Fractions peak on 16 to 20
June, when approximately 36% to 49% of stations exceed the 90th
percentile for Ty and 27% to 40% exceed the 90th percentile for Ty,
underscoring the compound character of the episode (Fig. S5).

To further characterize the temporal features and local drivers of the
compound heatwave, we plotted time series of air temperature and
thermal indices (wet-bulb temperature, eq. (1); WBGT, eq. (2); and heat
index, eq. (3)), daily anomalies of Ty and Tpin, and wind speed and
direction for Jeddah and Mina during 10-28 June 2024 (Fig. 8), which
are the nearest GSOD stations to Mecca's Grand Mosque and represent
contrasting coastal (Jeddah) and slightly elevated inland valley (Mina)
environments. At Jeddah, Ty, anomalies remain positive for much of
16-24 June while T, anomalies are smaller (Fig. 8c), and the thermal
indices stay elevated over the same interval (Fig. 8a). The wind analysis
shows frequent onshore-flow episodes during mid-June, consistent with
moist evening sea-breeze intrusions that suppress nocturnal cooling
(Fig. 8e). At Mina (farther inland and slightly elevated), Tpayx spikes on
17 June while Ty, increases more intermittently (Fig. 8d); the thermal
indices mirror this sharp peak (Fig. 8b), and the wind panel indicates
weaker, more variable low-level flow relative to the coast (Fig. 8f).
Taken together, these site records show concurrent day-night exceed-
ances over several days, a persistent, multi-day compound heatwave,
with interior/northern stations experiencing exceptional daytime heat
and maritime margins (notably the Mecca vicinity) maintaining
nocturnal heat that keeps heat-stress indices high across successive days.
This spatial-diurnal partitioning and its persistence are consistent with
the established physics of hot spells in the Middle East, strong land-
surface coupling under clear skies inland, and humidity-driven night-
time warming along warm seas (Rodwell and Hoskins, 1996, 2001;
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Fig. 6. Percentile rank of daily maximum temperature at GSOD stations during 10-27 June 2024, evaluated against each station's day-of-year distribution from its
maximum available record within 1970-2025. Values near 100 indicate record highs. The circle in coastal western Saudi Arabia indicates the location of Jeddah.
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Fig. 8. Time series of meteorological variables at Jeddah (21.680° N, 39.157° E; circle in Figs. 4-7) and Mina (21.417° N, 39.867° E)—the nearest available stations
to Mecca (21.433° N, 39.767° E), Saudi Arabia—during 10-28 June 2024. (a) Hourly air temperature (black; °C), wet bulb temperature (blue; °C), wet-bulb globe
temperature (green; °C), and heat index (red; °C), (b) anomalies in the daily maximum (red; °C) and minimum (blue; °C) temperatures, and (c) hourly wind speed
(red; m s~ 1) and direction (blue; ©) at Jeddah from 10 to 28 June 2024. (d)-(f) are as (a)-(c) but at Mina. These two stations span the coastal-inland gradient of the
Mecca region and were selected to illustrate the distinct local drivers of coastal nocturnal heat and inland daytime extremes during the June 2024 compound
heatwave. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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vapour transport (IVT; arrows; kg m s, also averaged over 10-19 June 2024. The green shading in (c) gives the Arabian Heat Low (AHL). (For interpretation of
the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 10. Large-Scale Circulation during 10-19 June 2024: (a) Outgoing longwave radiation (OLR; W m~2) anomalies with respect to the 1979-2023 climatology
averaged over 10-19 June 2024 for the Northern Hemisphere. (b) and (c) are as (a) but showing the 200 hPa wind vector (m s~1) actual values and anomalies,
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shading gives the Arabian Heat Low (AHL), and the fields are shown for the Arabian Peninsula (10-40°N; 30-60°E). (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)
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Miralles et al., 2014; Im et al., 2017; Wu et al., 2023; Zittis et al., 2022).

4.2.2. Synoptic-to-planetary drivers from ERA-5 reanalysis

The large-scale circulation during 10-19 June 2024, which com-
prises the build-up and onset of the heatwave (Figs. 4-5), features an
arc-shaped Rossby wavetrain extending from the Gulf of Mexico and
Caribbean Sea to southwest Asia (Fig. 9a). This wavetrain is triggered by
anomalous convection over Central America and Caribbean Sea
extending to the southwest tropical North Atlantic Ocean (Fig. 10a). The
enhanced convection arises mostly from the interaction of an active
Central American Gyre, a broad lower-tropospheric cyclonic system that
occasionally develops over Central America in particular in May-June
and September-November (Papin et al., 2017), with a decaying cold
front coming off the eastern United States. The wavetrain leads to a
southward shift in the position of the subtropical jet over the Middle East
(Figs. 10b-c), with an anomalous ridge over southwestern Asia extend-
ing southwards into the northern Arabian Sea and southwestwards into
southeastern Europe (Figs. 9b-c). The anomalous ridge over the eastern
Arabian Peninsula and anomalous low to its west lead to a weakening of
the Shamal winds, the primary mechanism whereby summertime heat-
waves develop in the northern and central Arabian Peninsula (Al-
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Shamarti et al., 2025). There are also noteworthy changes to the AHL:
with respect to climatology (cf. Figs. 9c and 10d), its western core over
Saudi Arabia is more meridionally and zonally elongated, which favours
the weakening of the Shamal winds, while the eastern core that typically
sits over the United Arab Emirates (UAE) and southeastern Iran in mid-
June is restricted to a small patch over southern coastal Iran, owing to
the anomalous ridge (4+2-3 hPa pressure anomalies; Fig. 9¢) over the
region.

The anomalous offshore winds resulted in hotter (air temperature
anomalies exceeding +5 °C in parts of Jordan, Syria, and Iraq; Fig. 9d)
and drier (dewpoint temperature anomalies below —5 °C; Fig. 9e) con-
ditions over the northwestern Arabian Peninsula. On the other hand, the
increased onshore flow over coastal Oman and northern and central
parts of the Arabian Gulf leads to a more moist environment here
(dewpoint temperature anomalies above +5 °C; Fig. 9e). Fig. 8 shows a
persistent positive anomaly in the daily minimum air temperature
around Jeddah from 16 to 25 June, exceeding +3 °C on 22-23 June.
Figs. 9c-e highlight this is a reflection of the weakening of the back-
ground northwesterly flow over the Red Sea, which in the summer
typically extends throughout the whole basin (Fig. 10d), with moisture
transport from the Arabian Sea into the central Red Sea through the Gulf
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Fig. 11. (a) Time-series of T2m (°C) averaged over a 25 km radius around the Mina site: station observations (black), six hourly ERA-5 reanalysis (red), and six-
hourly Al-weather models forecasts initialized at 00 UTC on 12 June 2024 (blue for Graphcast; green for Panguweather; cyan for Fourcastnetv2; pink for
Aurora). (b-d) Mean-bias, defined in eq. (6), RMSE, defined in eq. (5), and correlation coefficient (R), defined in eq. (4) of Al-weather models with respect to ERA-5
over the Middle East land region (10-40°N; 30-60°E) for the same period. (For interpretation of the references to colour in this figure legend, the reader is referred to

the web version of this article.)
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of Aden. Positive SST anomalies of 1-3 °C (not shown) also contribute to
the higher moisture levels in the region (Fig. 9e).

4.2.3. Al-model performance

We evaluate four Al weather models(GraphCast, PanguWeather,
FourCastNetv2, and Aurora) using six-hourly forecasts initialized at 00
UTC on 12 June 2024 and verified against ERA-5. For operational use,
these models are initialized from an analysis such as ERA-5; as ERA-5 is
released with ~five-day latency, a same-day analysis is not available in
real time. Our target verification day is 17 June (peak Tp,x anomaly,
>99th percentile at the Mina station, Fig. 8d), so we use forecasts
initialized at 00 UTC on 12 June, the latest ERA-5 state available before
the event, which places the 16 to 18 June within a five-day lead. This 12
to 22 June verification window lies within the broader 10 to 27 June
episode documented in Figs. 6, 7, and S5. To assess robustness to
initialization time, we also run staggered start dates that enter the peak
at different leads; results are summarized in Fig. 12 and extended in
Fig. S6. All Al-models and ERA-5 T2m grid points within a 25 km radius
of the Mina site are averaged at each time step and plotted as a time
series alongside the Mina station observations in Fig. 11a. All models
reproduce the diurnal cycle, and the multi-day warming that culminates
on 15-18 June. They underestimate the hottest daytime peaks relative to
the station record (black, Fig. 11a) and show very good agreement with
ERA-5 (red, Fig. 11a). The daytime shortfall is mostly apparent on 16-17
June, and is consistent with known difficulties in capturing near-surface
extremes under strong land-atmosphere coupling (reduced evaporative
cooling over dry soils) and with representativeness differences between
point stations and grid-cell means (Seneviratne et al., 2010; Hofstra
etal., 2009). Daily minima are also slightly low: all four models exhibit a
modest cold bias in Ty, relative to ERA-5 (Fig. 11a). Among them,
PanguWeather shows the smallest nighttime offset, followed by
GraphCast, whereas Aurora and FourCastNetv2 tend to be cooler at
night, consistent with recent reports that Al models achieve strong
synoptic skill but still under-amplify near-surface extremes (Lam et al.,
2023; Bi et al., 2023; Pathak et al., 2022).

We next verified the 00 UTC 12 June initialization over the Middle
East land mask (Fig. 1) by extracting all land grid points from the Al-
weather models and ERA-5 and computing mean bias, RMSE, and cor-
relation (R) (Figs. 11b-d). Region-wide diagnostics indicate small cool
biases overall (typical median ~ —0.5 to —1.5 °C, Fig. 11b) and mono-
tonic error growth with lead time (the RMSE rises from ~1-1.5 °C at
1-2 days to ~2-2.5 °C by 8-10 days; Fig. 11c), while the correlations
remain high throughout (R > 0.94, Fig. 11d). The model ranking is
consistent across leads: PanguWeather exhibits the smallest bias, lowest
RMSE, and highest R, followed closely by GraphCast; Aurora is inter-
mediate with modest, fairly steady cool bias; FourCastNetv2 tends to-
ward a stronger cold bias and a slightly larger RMSE, especially around
the peak-heat window. The spread increases with lead time for all sys-
tems, but none shows instability or abrupt skill loss. These patterns
mirror the station-based comparison (Fig. 11a) and align with recent
evaluations of Al-weather models, which report strong synoptic skill but
under-amplification of near-surface extremes over dry, clear-sky
regimes.

To test robustness beyond ERA-5, we verified the same 00 UTC 12
Jun 2024 initializations against an independent 9-km Weather Research
and Forecasting Model (WRF, see supplementary text S1 for model
configuration, Nelli et al., 2020; Abida et al., 2022; Fonseca et al.,
2022a, Fonseca et al., 2025a, 2025b; Yarragunta et al., 2025) and the
operational Global Forecast System (GFS, supplementary Figs. S7-S10).
Across both baselines, all Al-weather models preserved the event's
phasing and multi-day persistence with high temporal coherence (r ~
0.93-0.98), while errors increased gradually with lead and exhibited the
expected diurnal modulation. Relative to WRF, the Al models showed
systematic cool biases of roughly —1 to —3 °C and RMSE of ~2-4 °C,
consistent with WRF's larger diurnal amplitude at 9 km (stronger
land-sea-breeze and boundary-layer contrasts) making the Al guidance

12
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appear too cool at daytime peaks. Against GFS, biases were smaller
(typically —0.5 to —1.5 °C) and RMSEs ~1.5-3 °C; GraphCast and
Aurora yielded the most stable lead-wise statistics, FourCastNet v2
remained the coolest with the largest spread, and PanguWeather,
though still competitive, was less uniformly superior to in the ERA5-
based verification, reflecting its closer calibration to reference data.

In general, ERA5 exhibits a modest but systematic daytime near-
surface cold tendency over arid land, reflecting limitations in surface-
energy partitioning, turbulent mixing, and daytime boundary-layer
growth (e.g., —0.3 to —2.5 °C T2m at the inland Madinat Zayed site in
the UAE; Nelli et al., 2024). In addition, Al-weather models trained on
historical ERA5 show a systematic tendency to regress toward a cooler
training climatology during anomalously warm periods, yielding ~0.5
to 1.5 °C cold bias in T2m (Landsberg and Barnes, 2025). Taken
together, these baseline comparisons and physical considerations indi-
cate that the muted daytime maxima and lead-dependent cool biases are
intrinsic features of current Al guidance under dry-soil, clear-sky con-
ditions rather than artifacts of a single verification dataset.

To evaluate forecast robustness to initialization time, we conducted
experiments with multiple forecasts starting at different leads relative to
the peak heatwave day. Fig. 12 shows the distribution of daily-maximum
T2m bias at 12 UTC on 17 June 2024 relative to ERA-5 for the four Al-
weather models (boxplots across the various initialization times). An
analogous analysis for 00 UTC on 17 June is provided in Supplementary
Fig. S5. PanguWeather has a near-zero median for most starts (|median|
< 0.3 °C, Fig. 12b), with a tight IQR of about 1-1.3 °C; the whiskers
generally lie within —6 to +5 °C, with one cold-outlier episode near T-9
reaching roughly —10 °C. GraphCast and Aurora have comparable me-
dians across most starts, with GraphCast slightly cooler (= —0.8 to
—1.2 °C, Fig. 12a) and Aurora closer to zero (= —0.3 to —0.5 °C,
Fig. 12d). Aurora's cores are slightly narrower (IQR ~1.0-1.3 °C) but it
shows more extreme outliers, whereas GraphCast's cores are wider (IQR
~1.2-1.8 °C) with fewer outliers. FourCastNetv2 exhibits the largest
cold shift (medians ~ —2 to —3 °C, Fig. 12c), broader spread (IQR
~1.5-2.5 °C), and frequent cold tails to —8 to —10 °C, especially at
longer lead times. The nighttime verification at 00 UTC (Fig. S5) shows
the same ranking but with smaller cold shifts: PanguWeather again
clusters near zero (Jmedian| 5 0.2-0.3 °C; IQR ~1 °C), GraphCast re-
mains modestly cool (= —0.6 to —1.0 °C), Aurora is close to zero but
with more outliers than GraphCast, and FourCastNetv2 has the largest
cold bias of all (= —1.5 to —2.5 °C) also with the broadest spread. Across
both hours, the spread increases with lead time for all models, yet
PanguWeather maintains the narrowest, near-zero—centred boxes over
most starts, indicating the highest robustness.

PanguWeather's relative advantage is consistent with its design and
training. Its 3-D Earth-Specific Transformer with an Earth-aware posi-
tional bias improves vertical-horizontal coupling and location-
dependent dynamics, which benefits near-surface variables such as
T2m; its hierarchical multi-step scheme (1/3/6/24 h) reduces error
accumulation compared with strictly autoregressive 6-hour stepping;
and its deterministic training on ERA-5 at 0.25° emphasizes medium-
range skill and calibration (Bi et al., 2023). By contrast, GraphCast ad-
vances forecasts in repeated 6-h increments (Lam et al., 2023), which
can lead to drift under strong land-atmosphere coupling, while Four-
CastNetv2's spectral/attention architecture shows larger shifts over dry,
clear-sky regimes (Pathak et al., 2022). Aurora's broader, foundation-
model objective trades some deterministic sharpness for generality,
consistent with its slightly greater number of outliers in the boxplots (Liu
et al., 2024). Taken together, Figs. 11 and 12 indicate that all four Al-
weather models capture the timing and persistence of the event with
high temporal coherence yet tend to under-amplify daytime extremes
and display lead-dependent cold biases, a pattern expected in dry-soil,
clear-sky heatwaves where land-atmosphere coupling, boundary-layer
processes, and station-grid representativeness differences are most
influential. Part of this lead-dependent cool bias is consistent with
spectral bias, an optimization-driven preference for large spatial scales
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Fig. 12. Box-and-whisker diagrams of T2m bias (°C) at 12 UTC on the peak heatwave day, 17 June 2024, evaluated over the Middle East land region (10-40°N;
30-60°E). (a-d) corresponds to the four Al models. Each panel shows ten box plots representing forecasts initialized 1 to 10 days before the verification time (T-1 to T-
10). The central line, box limits, and whiskers denote the median, inter-quartile range, and the 1st — 99th percentiles, respectively. Positive values indicate warm bias;
negative values indicate a cold bias; narrower boxes centred near zero denote greater robustness to initialization time.

that suppresses high-wavenumber variance and smooths extremes. This
manifests as a loss of small-scale spectral power in Al-weather models
forecasts relative to ERA-5 (eg., Qiang et al., 2025).

For heatwave forecasting over the Middle East, we recommend
PanguWeather as the primary deterministic guidance at medium range,
with GraphCast used to corroborate the synoptic timing. Aurora can add
useful secondary context, but its occasional outliers argue for caution in
threshold-based decisions, while FourCastNetv2 should be bias-
corrected before use in amplitude-sensitive heat-risk triggers.

Practical workflow and applications:A bias-corrected multi-
model blend (e.g., PanguWeather with GraphCast) is preferable to any
single system for operational decision-making, as reported in other
studies for other applications (e.g., Liu et al., 2024). For medium-range
guidance with lead times of 3 to 10 days, PanguWeather should serve as
the primary deterministic source of near-surface air temperature fore-
casts. GraphCast should be used to independently verify synoptic timing
and persistence by confirming that large-scale features, including mid-
tropospheric ridges and troughs, heat-dome development, and low-
level flow, arrive at the correct time, persist for the expected duration,
and align with regional circulation patterns that promote heat stress. For
short-range decisions with lead times of one to three days, interpolate
the forecasts to station points or to small urban buffers and apply a
rolling, site-specific bias correction to T2m by hour of day using the most
recent 30 to 60 days of forecast—observation pairs. Use a simple bias-
corrected blend, for example starting with weights of 0.6 for Pan-
guWeather and 0.4 for GraphCast, and update these weights on a weekly
or monthly basis based on verification statistics such as mean absolute
error. From the bias-corrected blend, compute Heat Index using the
corrected T2m and relative humidity, and evaluate heat-risk triggers
against local climatological percentiles and required persistence.

This configuration supports operational products tailored to risk
contexts in the Middle East. For inland areas, it enables daytime-focused
alerts that inform occupational heat-exposure management for outdoor
labor and short-term electricity demand forecasting for grid operators.
For coastal cities, it enables nighttime and compound-heat alerts that
support health services and municipal planning where humid boundary
layers sustain elevated nocturnal minima and impede physiological re-
covery. The coastal emphasis is critical for nocturnal heat-health risk
and for crowd management and mass-gathering situations, whereas the
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inland emphasis supports midday exposure mitigation, work and rest
scheduling, and demand-response actions in the energy sector.

5. Summary

We assessed Middle East heatwaves using weather station records
from December 2005 to February 2025, classifying the events as day-
time, nighttime, and compound. The analysis reveals a persistent spatial
structure: daytime heatwaves recur from the eastern Mediterranean
through northern Irag-Iran into Anatolia during the warm seasons,
while nighttime and compound events cluster along the southern Red
Sea and Arabian Gulf coasts. This pattern reflects dry, high-insolation
interiors that favor daytime extremes, and humid coastal boundary
layers that retain heat at night. Heatwave trends are robust: summer and
autumn exhibit increases across all heatwave classes, winter increases
are led by nighttime events, and spring shows a rise in compound events.
These shifts are consistent with faster nighttime warming over land,
strong land-atmosphere coupling in arid interiors, and coastal humidity
that curtails nocturnal cooling and has increased in recent decades in
light of warmer SSTs (Nesterov et al., 2021).

The high-impact compound event of 10-28 June 2024 exemplifies
these behaviours. Daytime anomalies were record-breaking across the
northern Middle East, while nocturnal warmth persisted along maritime
margins, with peak impacts in the Mecca region around 17 June. ERA-5
fields indicate a quasi-stationary Rossby wavetrain, a reinforced ridge
over southwest Asia, and an intensified, elongated Arabian Heat Low.
During the peak of the event, low-level ventilation weakened as pressure
gradients and northerlies relaxed, limiting advective cooling; inland
skies remained largely cloud-free, enabling strong daytime radiative
heating; and coastal boundary layers retained moisture and warmth
overnight because warmer than average seas, with SST anomalies
exceeding 4 °C in parts of the northern Arabian Gulf, and the recurrent
evening onshore flow sustained humid conditions.

Al-based weather models provide actionable guidance for opera-
tional forecasting. We assessed forecasts of T2m from four state-of-the-
art Al-weather models, naemely,GraphCast, PanguWeather, Four-
CastNetv2, and Aurora,against the ERA-5 reanalysis during the record-
breaking Middle East heatwave of June 2024. All AI models repro-
duced the synoptic timing and multi-day persistence of the event but
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consistently underestimated the daytime peaks and exhibited cold, lead-
dependent near-surface biases as large as 10 °C. Among them, Pan-
guWeather emerged as the most skillful; GraphCast offered a stable
synoptic evolution; Aurora achieved a near-zero median bias but
showed frequent outliers; and FourCastNetv2 produced the coldest
temperatures and the widest spread. From an operational perspective,
we recommend using PanguWeather as the primary medium-range
temperature guide, corroborating event timing and persistence with
GraphCast. Site-specific bias correction of near-surface temperatures is
essential before triggering heat-risk thresholds (e.g., for heat advisories).
A bias-corrected multi-model blend outperforms any single system and
should be preferred for routine decision support.

The key limitation of this study is that assessment centers on a single,
extreme event. Future work should (i) extend the evaluation across
multiple heatwaves spanning seasons and synoptic regimes, (ii) imple-
ment dynamic, site-specific bias correction for T2m and derived heat-
stress indices, and (iii) build a regional early-warning pipeline that
blends bias-corrected Al guidance with continuous calibration from
local observations. Together, these steps will translate recent advances
in Al weather prediction into impact-ready heat-risk services for the
Middle East.
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