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Abstract 

Urban heat increasingly threatens public health as climate change intensifies heat-

waves frequency, duration and severity. Germany’s current county-level heat warning 

system might overlook urban–rural and intra-urban differences in heat exposure, 

limiting its usefulness for local action. This study developed and evaluated  

neighborhood-scale Pedestrian Heat Stress Products (PHSP) using high-resolution 

Universal Thermal Climate Index (UTCI) predictions from a machine learning frame-

work. The Human Thermal Comfort Neural Network (HTC-NN) was used to generate 

hourly 1 × 1 m UTCI maps for Freiburg, Germany, during June–August 2023, account-

ing for buildings, vegetation, and street geometry. Predictions were aggregated to 

neighborhood scale (512 × 512 m), excluding buildings to represent pedestrian con-

ditions. Daytime hours exceeding UTCI thresholds of 32 °C (strong heat stress) and 

38 °C (very strong) were summed per 1 × 1 m cell and averaged by neighborhood. 

PHSP Level 1 was assigned when ≥2 hours exceeded 32 °C UTCI, Level 2 when 

≥30 minutes exceeded 38 °C UTCI. PHSP demonstrated robust accuracy against 

official warnings (70.1% urban) and weather station data (82.0% urban). Comparing 

PHSP with official warnings revealed major differences: the current system missed 24 

urban warning days in 2023. Urban areas experienced 1.2 times more Level 1 and 

1.8 times more Level 2 days than rural surroundings, highlighting urban heat amplifi-

cation and strong spatial heterogeneity linked to morphology. This study shows that 

PHSPs allow for differentiated warnings and can be used to transition from coarse, 

county-level to high-resolution, neighborhood-scale warning systems to deliver 

actionable, location-specific heat risk information.

Introduction

Urban heat has emerged as one of the most pressing public health challenges in 
Germany, with climate change intensifying the frequency, duration, and severity of 
extreme heat events globally [1].While the global annual mean air temperature (T

a
) 
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over land increased by 1.59 K over the last decade (2011–2020) compared to aver-
age annual T

a
 from 1850 to 1900, it increased by 2.0 K in Germany [2]. Cities are 

particularly vulnerable to heat stress due to their unique physical characteristics, 
including complex three-dimensional morphometry, extensive sealed surfaces, limited 
vegetation coverage, and significant anthropogenic heat emissions [3,4]. These 
factors fundamentally alter urban energy and radiation balances, creating substantial 
spatial and temporal variability in outdoor heat stress between urbanized areas and 
their rural surroundings as well as within urbanized areas [5,6]. Urban areas further 
experience increased surface roughness, which slows down regional winds while 
creating complex microscale airflow patterns, including sheltering, channeling along 
streets, and turbulent gusts near buildings [7,8]. Atmospheric moisture can also be 
modified by cities, with cities typically being drier during the day due to reduced evap-
oration from impervious surfaces but often becoming slightly more humid at night due 
to anthropogenic sources and reduced dew formation [4]. For a person outdoors, the 
built environment creates a highly variable radiation field; primarily due to the mix of 
sunlit and shaded facets, combined with different longwave radiation emitted from 
surfaces of different surface temperatures like walls and pavement. This results in a 
significantly altered mean radiant temperature (T

mrt
), which expresses the short- and 

long-wave radiation absorbed at the outer surface of the body [9–11]. These altered 
climatic conditions directly influence the thermal sensation and stress experienced 
by individuals within the city and are highly variable within the city. The public health 
implications of these conditions are severe. Germany experiences significant heat- 
related mortality with approximately 48 000 heat related deaths in the last decade 
(2014–2023) [12,13]. Even single heat wave events can cause substantial mortality; 
the July 2023 heat wave alone contributed approximately 1100 deaths [13]. Heat 
exposure significantly increases mortality risk for specific diseases, with cardiovascu-
lar and respiratory conditions being particularly affected. Heat increases cardiovascu-
lar mortality risk by 15–24% and respiratory mortality risk by 34% [14,15].

To quantify this complex human thermal sensation and stress, and to manage the 
associated health risks, human thermal comfort indices are essential tools, as they 
move beyond relying on T

a
 alone [16].

These indices integrate multiple meteorological parameters, such as T
a
, humidity 

(RH), wind speed (ws), and the three-dimensional radiative environment represented 
as T

mrt
. Among the most advanced and widely adopted indices is the Universal 

Thermal Climate Index (UTCI), developed through international collaboration to 
provide a physiologically relevant, globally applicable measure of thermal stress 
across all climates and seasons [17,18]. UTCI employs a sophisticated multi-node 
model of human thermoregulation combined with a temperature-adaptive cloth-
ing model, simulating the physiological response of an active, “average” person in 
varying environments, and classifies thermal stress on a multi-category scale. Its 
input parameters include T

a
, T

mrt
, ws, and RH, making it highly sensitive and effective 

for heat assessment, as demonstrated in studies linking UTCI values to increased 
mortality during heatwaves across Europe [2,19,20]. Other prominent indices include 
the Perceived Temperature (PT), which is based on the human energy budget model 
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(“Klima-Michel”), accounts for acclimatization, and defines thresholds for issuing public heat warnings [21,22]. The selec-
tion and application of a thermal comfort index generally depends on its intended purpose, ranging from epidemiological 
studies and public warnings to urban planning [16,23].

Heat warnings are crucial for mitigating the negative health impacts of intense heat episodes [21]. These systems aim 
to alert the public and authorities, enabling interventions and preventive measures [21,22].

The global heterogeneity of Heat-Health Warning Systems (HHWSs) illustrates that no single, universal methodology 
exists [23,24]. The design of an optimal HHWS involves complex trade-offs, primarily between geographical scale and the 
trigger variables chosen. Regarding scale, highly localized, city-specific warnings (e.g., in Italy) effectively capture urban 
heat island effects, offering high local relevance [23]. Conversely, broader county- or regional-level warnings are sim-
pler to issue but risk masking critical urban-rural and intra-urban variability. This limitation reduces their effectiveness for 
targeted local action, as they may fail to detect localized heat stress in vulnerable populations [25]. Regarding variables, 
similar trade-offs exist. Complex indices, like Germany’s PT, offer greater physiological relevance by integrating humidity, 
wind, and radiation. Other systems, like the HHWSs in France and England, are strengthened by incorporating minimum 
T

a
 to account for the health impact of insufficient overnight cooling [23]. Additionally, the threshold determination depends 

on local climate as well as on the target application. Several methods for threshold determination exist such as  
percentile-based methods, categorical values of thermal indices or linking temperatures to mortality data [26–29]. This 
diversity, mirrored in North American systems [24], underscores that the approaches are highly dependent on local clima-
tology, data availability, public health infrastructure, and the specific health impacts being targeted [23,24]. The reliance on 
coarse spatial scales and varied thresholds has measurable consequences.

Recent research across twelve European countries, including Germany, shows that official heat warning systems often 
underestimate the societal impact of heat waves [30]. Multiple independent indicators, ranging from online search trends 
to press coverage and excess mortality, reveal that populations respond to hot weather on far more days than those 
covered by formal heat warnings. In Germany, although the alignment between societal responses and official warnings is 
better than in other countries, substantial gaps remain, with many heat-affected days going unflagged. This underscores 
the need to look at localized urban heat effects, recalibrate thresholds and criteria so that warnings more closely reflect 
actual societal vulnerability and behavioral responses, particularly in urban contexts that are characterized by a high het-
erogeneity of outdoor heat stress.

The advancements in urban climate modeling and machine learning applications have opened new opportunities for 
developing high-resolution and computationally rapid heat stress assessment tools. In particular, studies such as [31–34] 
have explored the use of machine learning to predict outdoor thermal comfort at high spatial and temporal resolution 
across entire cities and urban-rural landscapes. Machine learning approaches, especially artificial neural networks trained 
on physically-based urban climate model outputs or on comprehensive measurement data, can rapidly generate fine-
scale thermal comfort predictions across complex urban landscapes. Crucially, they are capable of capturing the nonlinear 
relationships between meteorological conditions, urban morphology, and thermal stress, while maintaining computational 
efficiency [31]. For outdoor human thermal comfort modelling, it is therefore important to know the scales of these urban 
effects. Where radiation and wind are extremely heterogenous within the city and need a high-scale representation (1 x 
1 m), T

a
 and RH vary at different scales and can be modelled on a coarser, neighborhood scale, which saves resources 

[31]. However, despite these technological advances, the operational use of high-resolution urban climate and machine 
learning models in current heat warning systems is limited. For example, existing systems such as Germany’s HHWS 
operate at coarse spatial resolutions, typically at county or regional scales.

Whereas current HHWS struggle to resolve differences in neighborhood-level risks, emerging research points toward 
the benefits of finer spatial detail. For instance, a personalized early warning system for Delhi has been developed that 
employs UTCI-based approaches to deliver user-specific hazard forecasts at 333 m spatial resolution [35]. These reveal 
critical spatial heterogeneities and local heat hotspots that would be obscured at coarser scales. Similarly, previous 
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research highlights that incorporating urban-scale realism is a core requirement for the next generation of HHWSs [25]. 
Nonetheless, critical questions remain regarding the magnitude and significance of intra-urban heat variability, the effec-
tiveness of current county-scale systems in addressing it, and the optimal metrics and thresholds for fully spatially explicit 
warnings.

Research hypothesis

We hypothesize that that there is significant variability in outdoor human heat stress across urban and rural areas that is 
not adequately captured by the current county-scale HHWS in Germany. We also hypothesize that incorporating urban 
effects through high-resolution, physiologically-based thermal comfort metrics (UTCI) into spatially-explicit HHWSs will 
provide a more accurate and actionable assessment of heat risk for urban populations. Specifically, we expect that:

1.	Neighborhood-scale heat stress will exhibit substantial spatial heterogeneity within cities and between cities and their 
surroundings.

2.	Urban areas will demonstrate more frequent and intense outdoor heat stress conditions compared to surrounding rural 
areas, particularly during heat warning periods.

3.	Current county-scale heat warnings will show varying accuracy across different urban environments and microclimates, 
with systematic under-warnings in urban neighborhoods.

This study addresses the critical gap between current county-scale heat warning systems and the need for  
neighborhood-scale outdoor heat stress warnings in urban environments. Our primary objectives are to:

•	 Develop physiologically-based heat stress criteria suitable for urban neighborhood-scale applications using UTCI 
thresholds linked to human thermal responses.

•	 Implement a prototype high-resolution heat stress prediction system using machine learning techniques to generate 
spatially-explicit thermal comfort assessments.

•	 Quantify urban-rural heat stress disparities by comparing neighborhood-scale heat stress patterns against official  
county-scale heat warnings.

•	 Assess spatial variability in warning accuracy across the study area to identify systematic biases in current warning 
systems.

•	 Evaluate the potential for improved heat risk assessment through spatially-explicit warning systems and determine opti-
mal metrics for urban heat warning applications.

Materials and methods

A framework for neighborhood-scale daily Pedestrian Heat Stress Products (PHSP) was developed in this study. It encom-
passes three steps (Fig 1): (1) The application of the Human Thermal Comfort Neural Network (HTC-NN) forced with opera-
tional forecast data for obtaining highly spatial and temporal resolved UTCI maps, (2) an aggregation to daily neighborhood 
scale (512 x 512m) UTCI Exceedance Maps (e.g., hours per day with UTCI ≥ 32°C) and (3) in a last step the calculation of 
the PHSP at two warning levels and in daily resolution. The components are described in detail in the following sections.

Development of a prototype neighborhood-scale heat warning framework

Human Thermal Comfort Neural Network (HTC-NN).  The foundation of our neighborhood-scale heat stress 
assessment system is the Human Thermal Comfort Neural Network (HTC-NN), a machine learning framework developed 
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by Briegel et al. [31] specifically for high-resolution urban thermal comfort prediction. Since its development the HTC-NN 
has been applied in thermal comfort mapping [31], long-term city-wide climate projections of heat stress [36], evaluation 
of satellite land surface temperature as a proxy for outdoor heat stress [37] and AI-supported urban adaptation planning 
[38]. However, its use within a heat warning framework is a novel application. The HTC-NN represents a significant 
advancement in computational thermal comfort assessment, combining the physical rigor of numerical urban climate 
modeling with the computational efficiency required for operational applications or downscaling climate ensembles to a 
building resolved scale [36]. The HTC-NN relies on two main categories of inputs: meteorological forcing data and high-
resolution geospatial data.

Meteorological inputs include T
a
, RH, ws, wind direction (wd), atmospheric pressure, and downwelling radiation fluxes. 

The meteorological forcing data was obtained from historical weather forecasts of the regional-scale numerical weather 
prediction (NWP) model ICON D2 operated by the German Weather Service (DWD) [39]. Data for the next 24 h were used 
from the ICON D2 run at 00.00 UTC. In 2023, ICON D2 was run without the urban parametrization Terra-URB that went 
operational at DWD only in February of 2025 [40]. The forecast data has an hourly resolution, and the study period covers 
the summer of 2023 (June-August).

Geospatial data describe the city’s physical environment and include land cover classification, digital elevation and 
surface models (for both buildings and vegetation) [11,31]. By integrating four sub models for T

a
, RH, T

mrt
, and ws [41] 

respectively, the high-resolution, spatially explicit outputs were then used to calculate UTCI at a 1 x 1 m resolution [31].
Pedestrian Heat Stress Product (PHSP) framework for warnings.  To provide sufficient spatial detail while capturing 

intra-urban variability and remaining conceptually accessible to users, the hourly predictions by the HTC-NN were 
aggregated from 1 x 1 m to neighborhood scale (512 x 512 m). As the focus is on pedestrian-level conditions, grid cells 
with buildings were excluded from the aggregating process. The number of hours exceeding UTCI 32°C h32 (strong heat 
stress) and hours exceeding UTCI 38°C h38 (very strong heat stress) within each 1 x 1 m grid cell during the daytime 
(after sunrise and before sunset) were summed up on a daily basis. Next, for each 512 x 512 m grid cell, h32 and h38 
values were averaged from the 1 x 1 m data. The aggregated daily h32 and h38 maps then underwent the criteria checks 
for heat stress warnings. These PHSP warning criteria are based on description of UTCI threshold exceedances linked 
to documented physiological responses to heat stress [18,20]. A PHSP warning of level 1 is issued for a specific grid cell 
when its h32 value exceeds two hours. A UTCI value of at least 32 °C indicates situations of strong heat stress, which are 
associated with an increase in rectal temperature after 120 minutes, an instantaneous rise in skin temperature, and an 
average sweat rate above 200 g h ⁻ ¹. Clinically, without countermeasures undertaken this magnitude of sustained fluid 
loss and core heating translates to hypovolemia, elevated risk of cardiovascular drift, heat syncope, acute kidney injury, 
and the progressive onset of heat exhaustion (see Table 1) [42,43]. A PHSP warning of level 2 is issued when h38 exceeds 
30 minutes. Under these conditions, heat stress is more severe, characterized by a reduced core-to-skin temperature 
gradient and a rapid increase in rectal temperature within 30 minutes. This translates to profound cardiovascular strain, a 
high risk of acute cardiovascular collapse, and an imminent progression toward heat stroke (see Table 1) [44–46].  

Fig 1.  Schematic overview of the PHSP workflow.

https://doi.org/10.1371/journal.pclm.0000941.g001
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The final PHSP map assigns each 512 x 512 m grid cell to one of three categories: L0 (no warning), L1 (strong heat 
stress), L2 (very strong heat stress) (see Fig 3).

Study area

The study was conducted in Freiburg im Breisgau, Germany, and surrounding areas, covering approximately 150 km² 
with elevations ranging from 200 to 400 m above sea level (Fig 2). Freiburg has approximately 230 000 inhabitants [49] 
and experiences a temperate oceanic climate with warm summers and regularly elevated heat stress conditions with 
over 20 hot days (Ta,max > 30°C) per year in the last decade [50,51]. This climatic setting enables a robust and realistic 
analysis of heat stress conditions. Based on the Local Climate Zone (LCZ) classification, most of the urban study area 
falls into LCZ 5 (open mid-rise), LCZ 6 (open low-rise), and LCZ 8 (large low-rise), while a small part of the city centre 
is classified as LCZ 2 (compact mid-rise). For the rural parts of the study area the two main classes are LCZ A (dense 
trees) and LCZ C (bush, scrub) [52,53]. The urban landscape includes typical Central European urban forms: a city cen-
ter with narrow streets and mid-rise buildings, suburban residential areas with varying building densities, industrial zones 
with large flat roofs, impermeable surfaces and minimal vegetation, and extensive forested and agricultural areas that 
provide important reference conditions for rural heat stress patterns. A key reason for selecting Freiburg as study area is 
the availability of a unique street-level biometeorological sensor network of 11 stations measuring including T

a
, RH, ws, 

wd, and globe temperature (T
g
) required to calculate the Universal Thermal Climate Index (UTCI) [51,54]. To our knowl-

edge, such a network with this level of detail was not available elsewhere in 2023. This unique data availability enabled 
the training, evaluation, and validation of the HTC-NN model, resulting in a high level of confidence in the developed 
framework.

Study period

The study was conducted during the summer months of June, July and August (JJA) in 2023. This period was chosen due 
to coherent data availability (heat warning data, street-level observations, and historical weather forecast data) but also 
reflects the increasingly warmer climatic conditions currently experienced in Freiburg and expected under future climate 
change. 2023 was recorded to be the warmest year to date in Freiburg with an annual mean air temperature of 12.9 °C 
(+1.4°C above the 1991–2020 climatic reference period), and the fifth warmest JJA period (+1.1°C) [55].

Evaluation of the PHSP

Comparison of PHSP warnings to warnings based on observational data.  To further evaluate the PHSP warning 
approach, we compared PHSP warnings against warnings based on observational data (using the same criteria as in 
PHSP) from Freiburg’s street-level weather station network described by [48,51,54]. Eleven measurement stations record 

Table 1.  PHSP level and criteria description, extracted from [18]. The health implications listed in this table are not directly observed out-
comes of this study. They are linked consequences based on established clinical literature derived from the physiological responses associ-
ated with the UTCI thresholds and the corresponding exposure durations [42–46].

PHSP 
Level

UTCI 
Threshold

Criteria in 
grid cell

Physiological response Health implications

L1 ≥ 32°C h32 > 120 
min

Average human sweat rate >200 g h-1. 
Increase in rectal temperature at 120 min. 
Instantaneous change in skin temperature.

Sustained hypovolemia and dehydration. High risk of heat 
syncope (fainting), heat cramps, acute kidney injury and heat 
exhaustion.

L2 ≥ 38°C h38 > 30 min Low core-skin temperature gradient. Increase 
in rectal temperature at 30 min.

Severe cardiovascular strain due to massive cutaneous vasodi-
lation and compromised convective cooling. High risk of acute 
cardiovascular collapse and imminent progression to heat stroke.

https://doi.org/10.1371/journal.pclm.0000941.t001
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all parameters required for determining UTCI, including T
a
, RH, ws, wd, and T

g
 every 30 seconds. The two instruments 

(ClimaVUE50 and BLACKGLOBE-L, both by Campbell Scientific Inc) are installed at 3m height. The detailed exposure 
information per station can be found in the network documentation [48]. Of the 11 stations, 9 stations are within the study 
area and measured data for the study period. The 9 stations of the network are strategically distributed across urban and 
rural environments: 7 urban stations located in various urban morphological contexts and 2 rural stations in representative 
rural settings (see Table 2). The observational data underwent quality checks in accordance with plausible value ranges: 
T

a
: -35–45 °C, downwelling shortwave radiation (rsds): 0–1300 W/m, T

g
: -20–60 °C, RH: 10–100%, ws: 0–40 m/s. Faulty 

values were removed and handled as data gaps; no gap filling was performed [56].
T

mrt
 values were calculated using Equation 1 [57] and the manufacturer information of the black globe [58].

	
Tmrt=

[(
Tg+273.15

)4
+ 1.1× 108×ws0.6

ε×D0.4 ×
(
Tg–Ta

)] 1
4
–273.15

	 (1)

With T
g
 = Globe temperature (°C), ws = Wind speed, T

a
 = Air temperature (°C), D = Diameter of the black sphere (m) = 0.152 

m and ε = Emissivity of the black sphere = 0.957.
Hourly UTCI values were then calculated on the basis of T

mrt
 following [31]. The code is available at Briegel (2023) [59].

Then we applied the same criteria from the PHSP framework to the observation data (see Section 2.1). The resulting 
observational-based warnings were compared against PHSP warnings for corresponding grid cells enabling assessment 
of both PHSP framework accuracy and spatial representativeness. To evaluate the performance of the PHSP warnings 

Fig 2.  Map of study area with landcover classification [47] and weather station network [48]. Even though rural station EBNE is not located 
within the study domain, is considered to be representative for the next closest PHSP cell (distance approx. 230 m) due to same LCZ and 
landcover (open field).

https://doi.org/10.1371/journal.pclm.0000941.g002
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for the stations and their corresponding 512 x 512 m grid cells the metrics accuracy, per-class F1 and macro F1 [60] were 
calculated via the following equations:

	 Accuracy= TP+TN
TP+TN+FP+FN 	 (2)

	 False Alarm Rate (FAR)= FP
FP+TN 	 (3)

	 Precision= TP
TP+FP 	 (4)

	 Recall= TP
TP+FN 	 (5)

	 F1= 2×Precision×Recall
Precision+Recall 	 (6)

	
Macro F1= 1

n

∑
i
F1i= 1

n

∑
i

2×Precision×Recall
Precision+Recall

	 (7)

with TP = number of true positives, TN = number of true negatives, FP = number of false positives, FN = number of false 
negatives and n = number of classes. The accuracy gives the proportion of correct classified warning days to the overall 
number of days. The False Alarm Rate (FAR) is the ratio between false positives and the total number of actual negative 
events. Precision measures the correctness of the predictions for a class, while Recall measures the completeness. F1 
score is the harmonic mean of Precision and Recall. The macro F1 score allows to evaluate the average performance 
over all classes of a multi-class classification model, while treating them equally [60].

Comparison to official heat warning products.  The official German HHWS operates at county scale, using 
numerical weather forecasts based on the ICON D2 model [23], to generate automated heat warnings that must be 
confirmed by trained biometeorology forecasters before public release [21]. This human oversight allows for adjustments 
based on local experience and additional context before warnings are disseminated. The system calculates PT using 
a standardized reference person called “Klima-Michel,” modeled as a 35-year-old male walking at 4 km/h [61]. The PT 

Table 2.  List of weather stations within the study area. Further description of stations can be found in Plein et al. [48], * = rural station.

Station LCZ Dominant land use Sky View Factor Elevation (amsl)

ASHA 6 (Open lowrise) Residential 0.72 296.0 m

BRUH 8 (Large lowrise) Industrial 0.73 237.6 m

EBNE* C (Bush, scrub) Agricultural 0.90 340.3 m

HERD 6 (Open lowrise) Residential 0.52 265.8 m

LAND 6 (Open lowrise) Residential 0.70 234.2 m

PDAS 5 (Open midrise) Recreational/Commercial 0.68 279.3 m

RIES 6 (Open lowrise) Residential 0.66 237.3 m

TIEN* C (Bush, scrub) Agricultural 0.84 210.8 m

VAUB 6 (Open lowrise) Residential 0.58 258.7 m

https://doi.org/10.1371/journal.pclm.0000941.t002
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calculation incorporates T
a
, ws at 1.1 m, RH, T

mrt
, and personal-physiological factors such as clothing and physical activity 

[21]. Heat warnings are issued for the current and following day when PT values at 12:00 UTC reach strong heat stress 
levels of PT ≥ 32 °C or higher (L1), or extreme heat stress levels of PT ≥ 38 °C or higher (L2). The system features dynamic 
threshold adjustments that account for short-term acclimatization: Warning thresholds automatically adjust based on PT 
values from the previous 30 days, with thresholds increasing up to a maximum of 34 °C PT for strong heat load when 
sustained heat has occurred. This prevents excessive warning issuance during extended heat episodes. Additionally, 
thresholds vary geographically to reflect regional climate differences, with lower values applied in northern Germany’s 
cooler climate and higher values in the warmer southern regions [21].

Special considerations for vulnerable populations include modeling elderly vulnerability through a modified reference 
person called “Klima-Michel Senior”, represented as a 75-year-old individual with reduced activity and body mass. When 
this model indicates extreme heat stress before general population thresholds are met, warnings include specific advices 
for older adults. The system also incorporates a building energy model framework to estimate nighttime operative room 
temperatures in a standard building, considering different room orientations and sleep quality concerns in warning deci-
sions [62]. For cities with populations exceeding 100 000, the model accounts for the urban heat island effect, which 
enhances nighttime temperatures. Weather predictions are adjusted to incorporate this effect before calculating PT and 
simulated indoor temperatures [21].

Historical official heat warning datasets are openly available for Germany [63]. The study area falls within only one 
warning region; the county of Breisgau-Hochschwarzwald including the city of Freiburg with an area of 1531.3 km2 [64]. 
During summer of 2023, DWD issued heat warning levels L1 and L2, 10 and 11 times, respectively for the county of  
Breisgau-Hochschwarzwald. To assess the validity and practical applicability of the PHSP framework, we compared the 
PHSP warnings against the official DWD heat warning system for the JJA period of 2023.

To bridge the difference in spatial resolution, where the DWD provides a singular daily value for the entire study extent, 
the PHP framework provides grid-based outputs, a pixel-wise comparison was conducted. The official warning status of 
each day was cross-referenced against the output of every individual 512 x 512 m PHSP grid cell. For this analysis, cells 
were categorized based on building density: urban areas were defined as grid cells with a building fraction of at least 15%, 
while rural areas were those below this threshold. Performance metrics were derived by calculating the spatial average 
of matching warning events across all cells within these respective classes. Comprehensive statistical analyses were 
conducted to quantify the performance and characteristics of the PHSP framework in urban and rural areas, respectively. 
Confusion matrices were generated and the metrics similarity and warning bias (see Equations 8 and 9) were calculated.

	
Similarity= 1

T

T∑
d=1

I(LPHSP(d)= LDWD(d))
	 (8)

	
Warning bias= 1

T

T∑
d=1

I(LPHSP(d)– LDWD(d) ≥ 1
	 (9)

with d = a specific day, from 1 to T = total days, LPHSP(d) = the classification value from PHSP on day d (0, 1, or 2), LDWD(d) = 
the classification value from DWD on day d (0, 1, or 2), I = the indicator function (1 if true, 0 if false). Similarity ranges from 
0 (no agreement) to 1 (perfect agreement). Warning bias ranges from 0 (perfect agreement) to 1 (PHSP always detects at 
least 1 level higher than DWD), thus indicating a positive bias.

Additionally, spatial analysis to characterize the geographic distribution of similarity and systematic warming bias was per-
formed. We calculated and mapped the percentage of days when PHSP warnings matched official DWD warnings for each 
grid cell, enabling identification of areas where county-scale warnings are most and least representative of local conditions.
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Results

Spatial overview of PHSP warning days

Heat stress in the summer of 2023 was ubiquitous across the entire study area but significantly intensified and more uni-
form within urban grid cells compared to rural landscapes.

This trend is evident in the spatial distribution and frequency of detected warning days. For the summer period (JJA) of 
2023, 92 maps with grid cell size 512 x 512 m were calculated. An example with a PHSP warning for a selected day, June 
25, 2023, can be seen in Fig 3. On this day, almost all grid cells within the study area were classified at least PHSP L1. 
The cells were PHSP L2 was detected are mostly located within the hatched urban area.

The total number of detected PHSP heat warning days per grid cell in the summer of 2023 is shown in Fig 4. The 
minimum number of PHSP L1 warning days was 14, compared to 21 official DWD warning days within the county. How-
ever, the majority of grid cells (94%) experienced more than 21 PHSP L1 warning days. Urban grid cells showed up to a 
maximum of 55 days with PHSP L1 warning days. The distribution of PHSP L2 warnings was similar, with a maximum of 
20 days in urban grid cells. Only 7 grid cells did not experience any PHSP L2 warning, all located in forests.

The split violin plots shown in Fig 5 highlight an intensification of heat stress in built-up areas. Urban grid cells consis-
tently experienced more heat stress days than rural cells for both levels. For urban grid cells a mean day count of 27.4 for 
L1 and 17.4 for L2 can been observed. Rural grid cells record a lower average day count for L1 of 22.8 and for L2 of 9.6. 
The shape of the distributions indicates differences in variability: the rural class displays a wide, dispersed range (Stan-
dard deviations: 4.2 (L1) and 3.9 (L2)) reflecting a heterogeneous pattern. Conversely, the urban class shows a more 
narrow distribution with lower standard deviation (3 for L1, 1.4 for L2), indicating that heat stress levels are consistently 
high and more uniform across the urban grid cells.

Fig 3.  Map of study area showing the different PHSP heat warnings for a selected day (2023-06-25).

https://doi.org/10.1371/journal.pclm.0000941.g003
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Comparison of PHSP warnings to warnings based on observational data

This section reports how these PHSP warnings compared against warnings derived from the street-level sensor network. 
While urban stations generally showed a higher frequency of heat warning days, the PHSP matched these days with high 
accuracy, whereas its predictive performance at rural stations was lower.

To establish this, the PHSP warnings were compared to warnings based on the 9 street-level weather stations and the 
PHSP framework. For both warning levels, urban locations recorded more heat days than rural locations. For L1, urban sta-
tions averaged 40 days (corresponding PHSP: 28) compared to rural stations with 29 days (corresponding PHSP: 26.5). This 
trend continued for L2, where urban stations averaged 16 days (PHSP: 18) versus rural stations with 9 days (PHSP: 8).

The comparison of the PHSP warnings against warnings based on observational station data revealed a notable dis-
parity in performance between urban and rural environments (see Table 3). The PHSP warnings were robust and have 
a consistent accuracy for urban stations, achieving an average accuracy of 82.0% and a macro F1 score of 0.82. The 
confusion matrices for urban sites, such as ASHA and BRUH, showed strong agreement along the diagonal, indicating a 
high rate of correct classifications across all three levels (L0, L1, and L2, see Fig 6). In contrast, the PHSP warning per-
formance in rural areas was considerably lower and more variable, with an average accuracy of 75.6% and a macro F1 
score of just 0.7. This underperformance was exemplified by the rural station TIEN, where an accuracy of only 68.5% was 
recorded, and where significant misclassification was observed, particularly for L0 (F1 score of 0.44).

Comparison of PHSP warnings with official DWD warnings

In addition to this station-based comparison, the PHSP framework was compared to the official DWD heat warning frame-
work for the county of Breisgau-Hochschwarzwald, which entails the entire study area. In contrast to the high agreement 

Fig 4.  Map of study area showing the count of PHSP heat warning days per 512 x 512 m grid cell in the period JJA 2023 (total: 92 days). The 
overall PHSP warning day count is shown on the color scale, while the count of PHSP Level 2 warning days is shown by circle size.

https://doi.org/10.1371/journal.pclm.0000941.g004
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with local sensors, the PHSP framework significantly diverges from official county-wide DWD warnings by identifying 
localized urban heat events that the regional system misses.

On average, rural areas demonstrated substantially better agreement with official DWD warnings, achieving an overall 
similarity of 78.8% compared to 70.1% in urban areas (Fig 7). The macro F1 score was 0.64 for urban areas and 0.67 for 
rural areas (Table 4), indicating moderate classification agreement. The averaged PHSP warnings in rural areas better 
matched the DWD warnings, mainly by being excellent in identifying days without any heat warnings (L0, F1 score = 0.89). 

Fig 5.  Distribution of day count for PHSP Level 1 (left) and Level 2 (right) for all grid cells in the study area and the entire study period. Data 
are classified in rural (green) and urban (grey) grid cells. The dotted lines show the interquartile range (IQR, 25–75%).

https://doi.org/10.1371/journal.pclm.0000941.g005

Table 3.  Precision metrics of PHSP warnings determined by comparison with warnings based on observational data of the sensor network, 
distinguished between urban and rural areas.

Type Station Matches Mismatches Accuracy (%) F1 Macro F1

L0 L1 L2

urban ASHA 72 20 78.3 0.81 0.71 0.88 0.80

BRUH 81 11 88.0 0.89 0.85 0.92 0.89

HERD 74 18 80.4 0.85 0.73 0.83 0.80

LAND 75 17 81.5 0.85 0.74 0.88 0.82

PDAS 76 16 82.6 0.87 0.77 0.84 0.82

RIES 77 15 83.7 0.85 0.78 0.87 0.84

VAUB 73 19 79.3 0.80 0.75 0.91 0.80

Average 75.4 16.6 82.0 0.82

rural EBNE 76 16 82.6 0.90 0.72 0.67 0.76

TIEN 63 29 68.5 0.77 0.53 0.59 0.63

Average 69.5 22.5 75.6 0.70

https://doi.org/10.1371/journal.pclm.0000941.t003
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Overall, the PHSP framework issued on average 24 warning days for urban areas (20.8 L1, 3.2 L2) even though the DWD 
did not issue any official warnings.

In both rural and urban contexts, there was low similarity between the PHSP framework and the official DWD warnings 
for L1 warnings. In urban areas, when PHSP suggested a L1 warning, it only aligned with an official DWD warning 24% of 
the time (precision), and its high FAR (25.5%) indicates it frequently issued a L1 warning when the DWD did not.

When looking at L2 warnings, the PHSP showed different detection precision for urban and rural contexts entirely. 
In urban areas, PHSP correctly identified nearly all DWD L2 warnings (0.99 recall), ensuring that no critical event went 
unnoticed. Yet it also issued L2 warnings on some days when the DWD did not (FAR of 8.1%). In contrast to urban areas, 
the PHSP warnings showed a high precision (0.76) to DWD L2 warnings in rural areas, meaning that the detected L2 days 
are highly reliable. However, a recall of 0.67 means that more some of the official DWD warnings couldn’t be detected in 
rural settings. In summary, the PHSP system issues more L2 warnings for urban areas and fewer for rural areas than the 
official warnings issued by the DWD. Additionally, it is to be mentioned, that the first warning day also differed between 

Fig 6.  Confusion matrices comparing PHSP levels (L0, L1 and L2) for each grid cell against their corresponding warnings based on observa-
tional data from the sensor network for the period JJA 2023.

https://doi.org/10.1371/journal.pclm.0000941.g006



PLOS Climate | https://doi.org/10.1371/journal.pclm.0000941  June 3, 2026 14 / 24

PHSP and DWD as well as between PHSP in rural and in urban contexts. The first PHSP L1 warning for the general 
urban area (L1 for 90% of the urban grid cells) was detected on 2023-06-01, which is 18 days prior to the first official DWD 
L1 warning (2023-06-19). The first PHSP L2 warning for the general urban area (L2 for 90% of the urban grid cells) was 
on 2023-06-20, which is 19 days prior to the official DWD L2 warning (2023-07-09). The PHSP in the general rural areas 
indicated L1 warning only two days prior to official DWD L1 warning and first L2 warning on the same day (2023-07-09).

Intra-urban differences.  Investigating the similarity of the PHSP framework and the county-wise official DWD 
warnings per grid cell, a distinct geographic pattern across the study area became visible (see Fig 8). Within the urban 
area, warning agreement with DWD was not uniform but varied systematically with urban morphology: areas of higher 
building fraction showed both the lowest similarity to official warnings and the highest positive warning bias, with industrial 
zones and the city center most affected.

On average, the similarity between PHSP framework and DWD warnings was 76% across all grid cells. Forested and 
agricultural areas consistently showed the highest similarities (82.6%), with similarities reaching up to 86% in some rural 
locations. In contrast, there was significant lower similarity in urban areas (73.9%), ranging from 59% to 78%. Industrial areas 

Fig 7.  Confusion matrices comparing PHSP warnings against DWD warnings from JJA 2023 for averaged urban (left) and averaged rural 
(right) contexts.

https://doi.org/10.1371/journal.pclm.0000941.g007

Table 4.  Precision metrics of PHSP framework determined by comparison with the official DWD warning system distinguished between urban 
and rural areas.

Class FAR (%) Precision Recall F1 Score Macro F1 Similarity (%)

Urban L0 0.5 1.00 0.66 0.80 0.64 70.1

L1 25.5 0.24 0.65 0.35

L2 8.1 0.62 0.99 0.77

Rural L0 6.2 0.98 0.82 0.89 0.67 78.8

L1 19.4 0.30 0.68 0.42

L2 2.8 0.76 0.67 0.71

https://doi.org/10.1371/journal.pclm.0000941.t004
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showed the lowest similarity, since these areas frequently received PHSP warnings despite no official DWD county-scale 
warning was issued. For the city center and dense residential areas intermediate similarities (65–75%) were observed.

Fig 9 delineates the spatial distribution of the PHSP’s positive warning bias, quantified as the percentage of overesti-
mation relative to official DWD warnings. PHSP demonstrated strong fidelity in the surrounding natural landscapes, with 
near-zero warning bias and high agreement with DWD warnings observed throughout the forested area. In contrast, a 
pronounced and systematic warning bias was evident within the urban areas, where the frequency of predicting a higher 
warning level reached up to 50%, particularly within the city center and industrial zones. For the whole study extent, the 
average warning bias was 22.5%.

As the choice of cell size is of major importance for neighborhood-scale warning, a comparison of the similarities and 
warning bias results in respect to cell size are shown in Table 5. The averaged overall similarity ranged from 77.7% to 
78.9% for rural areas and 69.3% to 71.6% for urban areas, moving from the smallest to the largest grid size. This rep-
resents a maximum variation of only 1.2% (rural) and 2.3% (urban) across the tested resolutions. These small margins 
indicate that while increasing the grid cell size leads to a slight increase in agreement with the official DWD county warn-
ings, the impact of spatial resolution is minimal. Consistently, the similarity was higher for rural areas compared to urban 
areas across all resolutions. For the case of PHSP issuing a warning of one or two level higher than the official DWD 
warning, the averaged warning bias ranged from 15.7% to 16.5% with no linear increase from highest to lowest resolution 
in rural areas. In urban areas the warning bias even decreased by 2% from highest resolution (30%) to lowest resolution 
(28%). Overall, the difference in similarity and warning bias were nearly resolution-independent between the scales stud-
ied (128 m - 1024 m).

The pattern seen in Figs 8 and 9 were likely linked to the morphological and land cover characteristics of the grid cells. 
With highest warning bias and lowest similarity in areas characterized by high building fraction, extensive sealed surfaces, 
and limited vegetation. Fig 10 shows the overall similarity (a) and warning bias (b) of the PHSP framework as functions 

Fig 8.  Map of study area showing the overall heat warning similarity in %. Values represent the percentage when PHSP warnings matched the 
official DWD warning level at each 512 x 512 m pixel (JJA 2023).

https://doi.org/10.1371/journal.pclm.0000941.g008
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of the building fraction. A linear regression of the overall similarity of the PHSP framework compared to the official DWD 
warning product as a function of the building fraction revealed a highly significant negative relationship (p > 0.05, r > 0.7). 
With an increase in building fraction by 1%, the overall similarity declines by 2.6%. The regression between the warning 
bias of PHSP framework compared to the DWD warning product revealed a highly significant positive linear relationship 
(p > 0.05, r > 0.7), indicating that with increased building fraction by 1%, the warning bias increases as well by 3.3%.

Discussion

Validation and performance of the PHSP framework

The neighborhood-scale PHSP framework demonstrated varied but reasonable accuracy/similarity when evaluated 
against observational data and compared to official heat warnings. When compared against the street-level weather 
station network, the PHSP framework showed a clear performance difference between urban and rural settings. It 
achieved robust accuracy for urban stations, with an average of 82.0% and an average macro F1 score of 0.82, whereas 

Fig 9.  Map of study area showing the spatial distribution of PHSP warning bias compared to official heat warnings in %. Values represent the 
percentage of days when PHSP detected at least one warning level higher the official heat warnings at each 512 x 512 m pixel (JJA 2023).

https://doi.org/10.1371/journal.pclm.0000941.g009

Table 5.  Average overall similarity and PHSP warning bias regarding official DWD heat warnings for different grid cell sizes separated in rural 
and urban areas.

Grid cell size Rural areas Urban areas

Similarity [%] PHSP Warning bias[%] Similarity [%] PHSP Warning bias[%]

1024 m x 1024 m 78.9 16.5 71.6 28.0

512 m x 512 m 78.8 15.9 70.1 29.7

256 m x 256 m 78.3 15.7 69.6 30.0

128 m x 128 m 77.7 16.2 69.3 30.0

https://doi.org/10.1371/journal.pclm.0000941.t005
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performance in rural areas was lower, with an average accuracy of 75.6% and a macro F1 score of 0.70 (Table 3). It 
suggests that the grid cells in urban settings capture the reality given by the weather station network better, than the rural 
grid cells, even though urban areas are characterized by more heterogenous surface characteristics. However, it should 
be noted that the PHSP was compared to only two rural stations, one of which was particularly underperforming, possibly 
skewing the results. Additionally, the method of validating gridded predictions against point observations poses a problem 
in itself, as the representativeness of point data decreases with increasing grid cell size. The method further assumes that 
the stations are situated at locations representative of the surrounding area. While this was a key design criterion during 
installation [48] Plein et al., this assumption may hold true to varying degrees.

Official DWD warnings and the PHSP warnings have overall similarities of 70.1% in urban areas and 78.8% in rural 
areas (Fig 8) indicating a generally high agreement. However, the distinct discrepancies in False Alarm Rates (FAR), 
recall, and temporal onset reveal significant differences in how local microclimates versus regional warnings account for 
heat stress. The systematic underperformance in detecting L1 warnings in both urban (F1 score = 0.35) and rural (F1 
score = 0.42) contexts suggests that the UTCI threshold chosen in the PHSP framework is more sensitive and might not 
fully compare with the official warning criteria (Table 4). This sensitivity resulted in a high number of “false” positives rela-
tive to the official DWD warning, specifically in urban areas where the PHSP triggered an L1 warning on 24 days when the 
DWD issued no warning at all. For L2, the PHSP behaved differently across contexts: In urban areas the PHSP showed a 
nearly perfect recall, ensuring no official heat wave was missed, though even issuing warnings on days the DWD did not. 
In rural areas, the system was more conservative (recall = 0.67), failing to detect some official warning days, but maintain-
ing high reliability (precision = 0.76) when it did warn.

Hypothesis 1: Neighborhood-scale spatial heterogeneity

The results strongly support the hypothesis that neighborhood-scale heat stress exhibits substantial spatial heterogeneity 
within cities and between urban and rural areas that isn’t captured by the current county-level system of DWD. The dis-
tribution of heat warning days for urban and rural grid cells shows a structural difference in heat exposure (Fig 5). Urban 

Fig 10.  a) Relationship between overall similarity (PHSP vs DWD in %) and averaged building fraction of the 512 x 512 m cells and b) Rela-
tionship between warning bias of the DWD level by PHSP by at least 1 warning level and averaged building fraction of the 512 x 512 m cells. 
Boxplots show the interquartile range (IQR, 25–75%) of values per 0.02 building-fraction bin. Whiskers extend to 1.5 × IQR, points beyond are outliers. A 
linear regression is indicated with the black line.

https://doi.org/10.1371/journal.pclm.0000941.g010
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areas are characterized by frequent and more uniform heat stress, whereas rural areas exhibit a high variability. In this 
study, the intraurban variability was lower than that between urban and rural areas (Fig 5). The analysis against the official 
heat warning products revealed distinct geographic patterns in warning similarity, with forested areas achieving high 
agreement (up to 86%) while built-up areas showed significantly lower agreement (59% to 78%) (Fig 8). Industrial zones 
and the city center showed intermediate to poor agreement (65–75%), reflecting the complex three-dimensional urban 
structure that drives high spatial variability in thermal comfort [31].

This heterogeneity is systematically linked to urban morphology and land cover. The strong negative linear relationship 
between building fraction and warning similarity (Fig 10a), where similarity declines by 2.6% for every 1% increase in 
building fraction, confirms that urban form is a key driver of model disagreement. The identification of systematic warning 
bias in built-up areas, reaching up to 50% of days in the city center and industrial zones (Fig 9), demonstrates that differ-
ent urban morphologies require differentiated approaches to heat risk assessment. This spatial pattern confirms that the 
discrepancies between PHSP and official warnings reflect genuine, microclimatic differences in heat stress conditions 
rather than methodological artifacts.

Hypothesis 2: Urban heat amplification

The second hypothesis, that urban areas demonstrate more frequent and intense heat stress, is confirmed by the quanti-
tative analysis. The analysis of warning frequency both for station data and neighborhood averaged PHSP data reveals a 
clear intensification of heat stress in urban environments.

Regarding warning day counts, the official DWD system issued 21 warning days, whereas urban grid cells in the PHSP 
framework experienced up to 55 L1 warning days, with 94% of all cells in the study area exceeding the official count (Fig 4).

The PHSP detected significantly more heat warning days on average in urban areas (27.4 L1, 17.5 L2) than in rural 
areas (22.7 L1, 9.6 L2). This translates to urban areas experiencing 1.2 times the frequency of L1 incidents and 1.8 times 
the frequency of L2 incidents compared to rural areas, providing clear evidence of urban effects on human thermal comfort.

The temporal analysis further underscores this, revealing that the first PHSP L1 warning of the year in urban areas 
occurred 18 days earlier, and the first L 2 warning 19 days earlier, than the official DWD warnings. In contrast, rural areas 
showed much closer alignment (2 days and 0 days earlier, respectively), highlighting the inadequacy of county-scale 
systems for capturing early-season urban heat stress. This suggests that while the DWD warnings, which cover the entire 
Breisgau-Hochschwarzwald county, accurately reflect the general rural baseline, they may mask the accelerated onset of 
heat seasons in urban centers.

Hypothesis 3: Systematic biases in county-scale warnings

The results provide strong evidence for the third hypothesis: that county-scale warnings exhibit systematic biases and 
under-detect heat in urban neighborhoods. The comparison revealed that official DWD warnings failed to capture a 
substantial number of heat stress days identified by the PHSP in urban areas. Over the study period, the PHSP flagged 
24 days requiring a warning (20.8 L1, 3.2 L2) in urban settings when the DWD issued no warning at all. This system-
atic under-detection is a critical finding, especially in industrial and dense residential areas (Figs 8 and 9). The superior 
agreement and lower warning bias in rural areas (78.8% similarity) compared to urban areas (70.1% similarity) confirms 
that current county-scale systems are better calibrated for non-urban environments. This bias disproportionately affects 
high-risk urban neighborhoods, where the combination of dense infrastructure and vulnerable populations can exacerbate 
heat-related health impacts.

Advantages of physiologically-based neighborhood-scale approaches

The physiologically-based PHSP approach offers several advantages over existing air temperature-based systems. By 
incorporating radiation, humidity, and wind at pedestrian-level through the UTCI, it captures crucial aspects of thermal 
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comfort in complex urban environments that are missed by temperature-only metrics [23]. The use of UTCI thresholds 
linked to documented physiological responses provides objective, health-relevant criteria for heat warnings. Critically, the 
physiological responses underpinning the PHSP threshold of L1 and L2 correspond to documented population-level health 
outcomes [42–46], such as sustained dehydration and progressive cardiovascular strain, leading to increased cardio-
vascular mortality by 15–24% and respiratory mortality by 34% [14,15]. By incorporating duration requirements (i.e., h32 
and h38, see Table 1), the PHSP provides a more comprehensive assessment of human heat stress by more accurately 
reflecting the mechanisms through which heat translates into adverse health outcomes than systems that are triggered 
by instantaneous temperature peaks. This is in alignment with findings from other studies implementing advanced heat 
exposure measures [65].

The neighborhood-scale resolution (512 × 512 m) enables the identification of intra-urban heat hotspots, providing 
actionable information for targeted public health interventions. Critical infrastructure within a neighborhood-scale grid cell, 
such as hospitals, can be warned and informed more targeted to better regulate indoor heat stress [66].

This spatial specificity allows for more effective use of limited resources, as demonstrated in similar applications 
[22,35,67]. As shown in Table 5, the methodology is not restricted to this grid size and could be adapted to other relevant 
spatial units, such as administrative city districts, to enhance communication and action.

Implications for public health and heat warning systems

To our knowledge, this study is the first to directly compare neighborhood-scale, physiologically-based outdoor heat 
stress predictions with official county-scale warnings. The results reveal that current warning systems cannot account for 
urban-rural and intra-urban variability, due to their nature of county-scale warnings. This gap represents a public health 
concern, especially as urban populations grow and climate change intensifies heat events. The finding is concerning 
given that other studies have found that official warnings in Germany already miss a significant portion of societal heat 
responses [30]. The 24 urban warning days identified by PHSP but missed by the county-level system therefore represent 
days on which no information and instructions to take protective action reached the urban public. Our study additionally 
adds a spatial dimension to that concern: even on warned days, the county-level system cannot communicate that urban 
neighborhoods experience more severe conditions than the regional average.

The higher frequency of very strong heat in urban areas (3.2× for Level 2 conditions) suggests that climate impacts 
will be disproportionately severe in cities. With over 75% of the German population living in cities [68], our results 
highlight a critical need to adjust warning criteria and warning systems to better reflect actual urban heat vulnerabil-
ity. A county-level warning in the case of Freiburg covering forests, agricultural land, and dense urban neighborhoods 
simultaneously cannot fulfill this function for the urban populations. Transitioning to neighborhood-scale systems would 
not only improve warning accuracy but enable differentiated public health responses: targeted outreach to vulnerable 
residents, activation of local cooling strategies and real-time guidance for healthcare providers in affected districts 
[21,22,25].

Several important directions for future HHWSs emerge from this study. Currently, the framework neglects variability of 
urban characteristics within a grid cell. Thus, a measure of heterogeneity within the gird cell to account for this should be 
added. Importantly, the PHSP as developed here allows only for a hazard warning: it identifies where and when outdoor 
thermal conditions exceed physiologically critical thresholds, but it does not yet take exposure and susceptibility into 
account of urban residents. Translating hazard into risk requires two additional components: exposure and vulnerability. 
Heat risk can be assessed by accounting for the presence, duration, and activity patterns of urban populations in affected 
outdoor spaces, which vary substantially by time of day, land use, and season, as well as by the different susceptibility of 
population subgroups divided by age, socioeconomic status, pre-existing health conditions, access to preventive infra-
structure and urban green [22,35]. The PHSP framework provides the necessary physiologically-grounded hazard product 
and by incorporating exposure and vulnerability through intersection of appropriate data sets (e.g., gridded census data), 
transition toward a fully integrated heat risk warning system would be possible.
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Furthermore, systematic comparisons across multiple cities are needed to enable the development of more robust and 
transferable methodologies. Operationally, it needs to be established whether the heightened warning frequency of the 
PHSP framework causes a warning fatigue effect. Finally, longitudinal health outcome studies are necessary to evaluate 
the public health relevance of neighborhood-scale predictions by correlating them with heat-related morbidity and mortality 
data [13,26,50].

Methodological considerations and limitations

A sensitivity analysis demonstrated that the choice of grid cell size (from 128 m to 1024 m) had only a marginal impact on 
similarity and warning bias, suggesting the results are resolution-independent within this range (Table 5) and could also 
be applied to administrative units of roughly same scale. However, this resolution necessarily smooths fine-scale thermal 
variations important for individual exposure. Currently, the approach is still requiring the calculation of UTCI at 1 x 1 m and 
hourly resolution. The spatial aggregation to a 512 × 512 m resolution is a reasonable compromise between the potential 
of computational efficiency and neighborhood-scale applicability, comparable to other high-resolution prototypes [35,67].

The focus on daytime hours aligns with pedestrian activity but cannot account for nighttime heat stress, which is critical 
for vulnerable populations, in particular the associated indoor heat stress [66]. The duration thresholds (2 hours for L1, 
0.5 hours for L2) are based on physiological studies but may require regional adaptation based on local acclimatization 
patterns [30,69]. The HTC-NN framework, while efficient, does not account for certain meso-scale processes like thermo- 
orographic wind systems, as all data shown here was driven by a single model grid cell from the ICON-D2 forecast [31] by 
only considering urban morphometry and land cover.

The choice of UTCI over the Perceived Temperature (PT) used in the official DWD system deserves consideration. 
While the DWD system is specifically calibrated for the German population [21], UTCI offers a universal framework appli-
cable across different climates. However, the poor performance of PHSP in detecting official L1 warnings suggests that a 
direct comparison between UTCI and PT requires careful calibration.

The HTC-NN framework enables rapid generation of high-resolution heat stress predictions suitable for daily opera-
tional use while maintaining physical realism through training on comprehensive numerical simulations [31]. However, the 
machine learning approach inherits any biases present in the training data, and model performance may degrade when 
applied to meteorological conditions or urban morphologies not well-represented in the training dataset [31]. The model 
does not account for the influence of surrounding terrain or topographic features such as thermo-orographic wind systems 
[31]. Using meteorological data from several NWP models (e.g., ICON D2 grid cells) for forcing could account for larger 
mesoscale processes.

Transferability

The methodological framework presented in our study is designed to be transferable to other urban contexts. The 
HTC-NN can be retrained for different urban morphologies and climates given the geospatial and meteorological input 
data is available [11,31]. The PHSP aggregation is not bound to any Freiburg-specific parameter. Additionally, the physio-
logical basis of the UTCI is designed to be universally applicable [18].

However, the specific findings reported, including warning frequencies, urban-rural disparities and the magnitude of 
county-scale under-detection, are tied to the particular characteristics of Freiburg. Even if the results might be similar 
for other central European cities with comparable urban characteristics, these insights should not be assumed to be 
directly translatable to cities with different geographical, environmental or social conditions. The UTCI thresholds applied 
here may require recalibration to reflect local heat tolerance, as populations in hotter climates may tolerate higher UTCI 
values, while those in cooler regions may experience heat stress at lower thresholds [30,69]. While the UTCI is cali-
brated to an active average adult and doesn’t capture the elevated risk of vulnerable groups [18], the PHSP framework 
allows for lowering the UTCI threshold values as well as the exceedance durations. This permits to issue earlier or more 
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frequent warnings for population groups with elevated heat sensitivity without any structural changes to the framework. 
In principle, the same system could run in parallel at different sensitivity levels for general and vulnerable populations 
respectively.

Conclusions

This study demonstrated the feasibility and value of a neighborhood-scale, physiologically-based heat warning framework 
(PHSP) for a case study in Freiburg, Germany during the summer of 2023. The key findings reveal limitations in current 
county-scale systems and highlight the advantages of a high-resolution approach to model heat.

First, the research confirms systematic urban-rural disparities in heat stress that current official warnings at  
county-level are not able to capture. The PHSP identified 24 warning days in urban areas that were completely 
missed by the county-level system, pointing to a significant under-detection of heat. Second, this study provides 
clear, quantified evidence of urban heat amplification: urban areas experienced 1.2 times the frequency of strong (L1) 
and 1.8 times the frequency of very strong (L2) heat incidents than surrounding rural areas. Third, the results show 
pronounced intra-urban heterogeneity in heat risk that is directly linked to urban morphology and land cover. Conse-
quently, industrial zones and dense city centers remain most affected by heat and least protected by current county- 
level warnings. Finally, the methodological validation confirms the framework’s robustness, achieving reasonable 
accuracy against both official warnings (70.1% urban, 78.8% rural) and on-the-ground weather station observations 
(82.0% urban, 75.6% rural).

The machine-learning-based PHSP framework demonstrates a computationally efficient and transferable means to 
address the inherent limitations of county-level warning systems. Collectively, the results emphasize the necessity of 
evolving from coarse approaches to a spatially refined, next-generation heat-health warning system.
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