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Abstract. Foehn is generated over alpine terrain and is exerting increasingly pronounced impacts on air pol-
lution, heatwaves, wildfires, and human health under global warming. Due to the complexity of influencing
factors of foehn, it is difficult for traditional techniques to identify them, thereby limiting foehn’s comprehen-
sive assessments and accurate forecasting. Based on 64 years (1959–2022) of surface-station observations and
reanalysis data, this study employs interpretable machine-learning techniques to systematically reveal the key
controlling factors and dynamic thresholds of foehn on the eastern foothills of the Taihang Mountains, China.
Results show that foehn formation is predominantly controlled by surface conditions and the influence of foehn
factors varies seasonally: the leeward wind speed > 3 m s−1 from 203–324° annually, the windward tempera-
ture below −17 °C in winter or 9 °C in summer, and the windward specific humidity > 0.07 g kg−1 in winter or
0.75 g kg−1 in summer. Synoptic analysis further reveals the weather patterns favorable for foehn occurrence,
linking large-scale synoptic conditions with local thresholds for foehn formation. Foehn tends to occur under
stable atmospheric stratification, with a surface high over the windward side and a low over the leeward side,
together with an upper-level cold trough at 500 hPa and pronounced subsidence at 850 hPa on the leeward side on
the eastern foothills of the Taihang Mountains. The findings further reveal that foehn occurrence is most favor-
able when the Froude number (Fr) over the Taihang Mountains falls between 0.82 and 1.5. Classical theory has
only indicated that a Fr of approximately 1 favors foehn. This study, for the first time, extends this to a specific
range, advancing the global understanding of foehn dynamics and offering a scientific basis for forecasting foehn
and its associated compound disasters.

1 Introduction

The term “foehn” originated from the name of a local wind
over the European Alps. Nowadays, it is widely used in mete-
orology as a generic term to denote any warm and dry downs-
lope wind descending from the leeward slope of a mountain
range (Kusaka et al., 2021). Foehn not only influences the lo-
cal climatic environment of mountainous regions but can also
cause a reduction in agricultural production (Lai, 2018), ex-
acerbate the spread of forest fires (Zumbrunnen et al., 2009),
and exert adverse effects on air pollution conditions (Li et al.,
2020a, 2025a) and human health (Liu et al., 2025; Schnei-
dewind et al., 2025). Therefore, the foehn poses a signifi-

cant challenge to the stability of mountain ecosystems and
the sustainability of local socio-economic structures.

In the context of global warming, growing evidence
showed that the intensity, frequency, and impact scope of
foehn events are expanding globally. Foehn has been con-
firmed as a key mediator between global warming and
cryospheric change. For example, the foehn caused regional
warming along the eastern Antarctic Peninsula (Elvidge and
Renfrew, 2016), connected large-scale warming to Antarctic
ice shelf evolution (Cape et al., 2015), and triggered record-
breaking continental temperatures when coupled with atmo-
spheric rivers (Bozkurt et al., 2018). In mid-latitude regions,
foehn and foehn-like phenomena have been considered as an
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important factor for the historic extreme temperature events,
including the 74-year daily maximum temperature record re-
vised in Japan in 2007 (Takane and Kusaka, 2011). In fact,
the risks of meteorological disasters are also increasing as
the influences of foehn events extend in the past decade.
Some studies showed that the intensified foehn-like events
can exacerbate surface ozone pollution (Li et al., 2020a),
trigger heatwaves (Ning et al., 2019), and increase wildfire
risk (Zumbrunnen et al., 2009). Therefore, there are higher
requirements for formation mechanisms of foehn and its op-
erational forecasting. At present, it is critical to understand
the foehn mechanisms, to clarify the key controlling factors
of foehn occurrence and to improve its forecast accuracy in a
warming world.

Previous studies have made some important progress on
the foehn mechanism. The primary physical mechanism of
foehn formation, the synoptic patterns and seasonal vari-
ability favorable to foehn occurrence have been identified
(Elvidge and Renfrew, 2016; Wiesner et al., 2024). A range
of frameworks to predict foehn events was developed in
prior studies as well, including discriminant analysis-based
foehn indices (Jansing et al., 2022; Widmer, 1966), physical
mechanism-based threshold methods (Ayitikan et al., 2023),
and decision tree-based classification approaches (Elvidge et
al., 2020; Francis et al., 2023; Laffin et al., 2021). However,
these methods commonly rely on manually selected thresh-
olds, limiting their ability to resolve mixed atmospheric
states or adapt to variable synoptic conditions (Stauffer et
al., 2024). Although the automated identification methods
have also been proposed (Plavcan et al., 2014), they are
highly dependent on high-temporal-resolution (ideally sub-
hourly) in-situ measurements, which limits their promotion
in regions with sparse observation networks (Stauffer et al.,
2024). In addition, one forecasting framework based on nu-
merical weather prediction (NWP) models can provide spa-
tially continuous predictions, but are constrained by grid res-
olution, parameterization uncertainties, and inherent errors
of the NWP models, preventing accurate capture of local-
ized terrain-induced circulations (Grajek and Bednorz, 2025;
Maier et al., 2025). In summary, previous studies have either
been based on analyses of static foehn characteristics or re-
lied on NWP numerical models, with few having objectively
and quantitatively isolated the key predictors of foehn for-
mation. To improve foehn prediction, multiple interpretable
machine learning methods merit consideration for identify-
ing its controlling factors.

To date, studying on the global foehn events focused on
the classic mountain regions, including the Eastern Alps
(Seibert, 1990), Antarctica (Speirs et al., 2010), the Andes
(Seluchi et al., 2003), the Rocky Mountains (Beran, 1967),
the Toyama Plain in Japan (Kusaka et al., 2021), and the
southeastern Australia (Sharples et al., 2010). However, there
was less typical work on the foehn events in the important
mountain regions of China where it could be important for
agriculture production, natural forest reservation, or close to

large cities. Moreover, most studies on foehn in China pri-
marily focused on the spatiotemporal characteristics analy-
ses based on statistical methods (Shilin et al., 1993; Wang et
al., 2012; Zhao et al., 2021) and associated impacts of foehn
(Chen and Lu, 2015; Li et al., 2020a; Ning et al., 2019).
Based on the complex topographic conditions and typical
foehn phenomena in the Taihang Mountains (Shilin et al.,
1993; Wang et al., 2012), we noticed that the foehn events
could occur frequently there, as an important geographical
boundary between the second and third topographic steps of
China. However, there is little in-depth investigation of the
formation drivers and synoptic patterns of foehn in the Tai-
hang Mountains.

In the Taihang Mountain region located in Northern China,
the permanent population reaches 30.3 million, with Taiyuan
and Shijiazhuang cities located on the windward and lee-
ward sides, respectively. These two cities represent the two
typical densely populated cities. As an important agricul-
tural and industrial base in China, the Taihang Mountains
are endowed with abundant natural, mineral, and tourism re-
sources. What are the main factors influencing foehn forma-
tion? Do these factors exhibit thresholds and seasonal vari-
ations? How do these factors act within synoptic patterns to
promote foehn occurrence? Addressing these questions is es-
sential for better forecasting of foehn in populated complex-
terrain regions, aiding disaster prevention, mitigation, and
environmental protection.

2 Data and Methods

2.1 Study Area

The study area is the Taihang Mountain region in Northern
China (Fig. 1), with major cities including Taiyuan, the cap-
ital of Shanxi Province (the blue dot in Fig. 1b, station ele-
vation: nearly 800 m) and Shijiazhuang, the capital of Hebei
Province (the middle red dot in Fig. 1b, station elevation:
81 m). Topographically, the Taihang Mountains are one of
China’s most important mountain ranges, extending approx-
imately 500 km in length and 40–50 km in width, roughly
spanning 110–117° E and 35–41° N (the orange solid line in
Fig. 1b). They form a striking northeast–southwest oriented
topographic barrier with steep eastern slopes facing the North
China Plain and more gradual western slopes descending to
the Loess Plateau. The average altitude of the mountains is
1000–1400 m, and the highest peak, Mount Wutai, which ex-
ceeds 3000 m is located at the northern end of the Taihang
Mountains (the northernmost tip of the orange solid line in
Fig. 1b). This pronounced topographic relief generates favor-
able conditions for foehn formation when moist air masses
are forced to ascend the western slopes and descend adiabat-
ically along the eastern leeward side.
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Figure 1. Regional map. (a) Major part of China (large black box)
and the key area of foehn occurrence along the eastern foothills of
the Taihang Mountains (small black box). (b) Geographical loca-
tions of meteorological stations in the region of Taihang Mountains,
where blue and red dots indicate stations located on the windward
and leeward sides, respectively.

2.2 Data and Processing

Meteorological data from five surface observation stations
in the Taihang Mountain region (one located on the wind-
ward side and four on the leeward side; Fig. 1b) were ob-
tained from the National Oceanic and Atmospheric Adminis-
tration (NOAA), covering a period of 64 years (1959–2022)
with a temporal resolution of 3 h. Corresponding upper-air
data were acquired from the ERA5 reanalysis dataset of
the European Centre for Medium-Range Weather Forecasts
(ECMWF), with a spatial resolution of 0.25°× 0.25° and an
hourly temporal resolution.

Since foehn occurs on the leeward slope, and the leeward
stations vary in distance from the mountains, we compared
the mean hourly temperatures during the main foehn season
(winter, refer to Sect. 3.2) over the past 10 years (2012–2022)
at the four leeward stations to select a representative site. The
results show that Shijiazhuang and Xingtai, with closer prox-
imity to the mountains, exhibit consistent diurnal variations,
a pattern also observed in the more distant stations of Baod-
ing and Zhengding. Moreover, the temperatures at stations
closer to the mountains are higher than those at more dis-
tant stations (Fig. S1 in the Supplement). Therefore, Shiji-
azhuang, where is close to the mountains, exhibits more pro-
nounced foehn characteristics and is densely populated, was
selected as the representative leeward station, while Taiyuan
was chosen as the windward station for subsequent analyses.
For simplicity, the subscripts Wind and Lee are used below
to denote the windward and leeward stations and their asso-
ciated meteorological variables, respectively.

This study is limited to surface observations and lacks
long-term upper-air data. To ensure the appropriate use of
the high-resolution ERA5 reanalysis dataset, a comparative
analysis was first performed with ground-based station mea-
surements. Taking the average hourly surface temperature,
humidity, and pressure during winter over the past 10 years
(2012–2022), the results (Fig. S2) indicate that ERA5 grid

data are slightly lower in magnitude than the station ob-
servations but exhibit highly consistent temporal variations,
confirming the reliability of the ERA5 dataset. Therefore,
this study will subsequently use 64 years of station obser-
vations and ERA5 reanalysis data to characterize surface and
upper-air meteorological factors, respectively, for modeling
and analysis.

2.3 Definition of foehn

Considering the local standard of Hebei Province and
the foehn definitions proposed by Mony, Xiong, Kusaka,
Aichinger-Rosenberger, Stauffer, and others (Aichinger-
Rosenberger et al., 2022; Kusaka et al., 2021; Mony, 2020;
Stauffer et al., 2024; Xianping et al., 2020), this study defines
foehn events as summarized in Table 1.

2.4 Model Comparison

After cleaning and preprocessing the station observations
and ERA5 reanalysis data, machine learning methods were
employed to analyze the main influencing factors of foehn
events on the eastern foothills of the Taihang Mountains. Six
machine learning models were selected for this task: (1) K-
Nearest Neighbor Classification (KNN), classifies samples
based on the majority class among their k closest neighbors
in the feature space (Cover and Hart, 1967); (2) Logistic
Regression, estimates the probability of class membership
using a logistic function to model the relationship between
input features and the binary outcome (Kleinbaum, 2010);
(3) Neural Network (NN), learns hierarchical representations
through interconnected layers of neurons that apply nonlin-
ear transformations to capture complex patterns in the data
(Krizhevsky et al., 2017); (4) Decision Tree, recursively par-
titions the feature space into homogeneous regions based
on feature values to make predictions (Salzberg, 1994); (5)
Random Forest (RF), is an ensemble method that constructs
multiple decision trees using bootstrap sampling (bagging)
and random feature selection at each split, and predictions
are made by aggregating votes from all trees, which reduces
overfitting and improves generalization compared to single
decision trees (Breiman, 2001); (6) Adaptive Boosting (Ad-
aBoost), sequentially trains weak learners, adjusting sample
weights to focus on misclassified instances and combining
their predictions through weighted voting to form a strong
classifier (Freund and Schapire, 1997). As our reviewing
literature in the introduction, those conventional statistical
methods struggle to analyze foehn formation due to the non-
linear interactions among multiple atmospheric variables and
the complex topographic modulation. These machine learn-
ing methods adopted in this study are able to automatically
learn optimal decision boundaries and quantify factor impor-
tance via interpretable machine-learning techniques among
the handling high-dimensional data and complex nonlinear
relationships.
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Table 1. Definition of foehn events on the eastern foothills of the Taihang Mountains, China.

Definition Criteria Explanation

Potential temperature (θ ) difference 1θ > 2K θLee− θWind > 2K, where θ = T ( 1000
P )0.286

Relative humidity (Rh) difference 1Rh> 20% RhLee−RhWind <−20%

Wind direction (Dir) Dir= [WSW,WNW] DirLee = [WSW,WNW]∩ DirWind = [WSW,WNW]
Wind directions on the windward and leeward sides occur within
the WSW (West-Southwest) to WNW (West-Northwest) range.

Wind speed (W) W> 2ms−1 WLee > 2ms−1
∩WWind > 2m/s Wind speeds on the windward and

leeward sides both faster than 2 m s−1.

The preprocessed data were divided into training and test-
ing sets, accounting for 70 % and 30 % of the total samples,
respectively. The training set was used for model training
with stratified 5-fold cross-validation, and hyperparameters
were tuned to optimize model performance. Since the defined
foehn samples were much fewer than the non-foehn samples,
this study addressed the class imbalance issue by combin-
ing Synthetic Minority Over-sampling Technique (SMOTE)
(Chawla et al., 2002), Random Undersampling method (Liu
and Tsoumakas, 2020), and Class Weight method (Yan et al.,
2017) before conducting model training.

Based on model performance and reliability metrics, the
most suitable machine learning model was selected. The
correlation matrix (Fig. S3) shows that the correlation be-
tween individual environmental factors and foehn occurrence
is very low (correlation coefficients generally < 0.07), indi-
cating that the complex nonlinear relationship between en-
vironmental factors and foehn events may lead to the diffi-
culty of modeling with traditional methods, thus justifying
the use of machine learning in this study. Evaluation results
of accuracy, precision, recall, and F1 score (Fig. S4) indicate
that only the decision tree model achieves values above 0.8
for all four metrics. The confusion matrix (Fig. S5) reveals
that, since the 0 label (non-foehn samples) far outnumbers
the 1 label (foehn samples), relying on a single metric such
as accuracy is insufficient to evaluate model performance,
and metrics like precision must also be considered. Receiver
Operating Characteristic (ROC) curves and Area Under the
Curve (AUC) values (Fig. S6) show that logistic regression,
decision tree, random forest, and AdaBoost models all have
AUC values above 0.95, with the ROC curves of decision
tree, random forest, and AdaBoost closely approaching the
top-left corner, indicating superior performance. Learning
curves (Fig. S7) reveal that the KNN model suffers from
overfitting while logistic regression is underfitted (overfitted)
when the sample size is less (greater) than 50 000. Although
the neural network fits well, it exhibits large fluctuations and
uncertainties. The models of random forest and AdaBoost
perform well with large samples but poorly with small sam-
ples, whereas the decision tree model consistently performs
well. Therefore, the decision tree model was chosen finally

as the basis for this study. Subsequently, Shapley Additive
Explanations (SHAP) values (Lundberg and Lee, 2017) were
applied to interpret the model results and reveal the key fac-
tors influencing foehn formation on the eastern foothills of
the Taihang Mountains.

2.5 Selection of Influencing Factors

Based on the previous studies (Aichinger-Rosenberger et al.,
2022; Kusaka et al., 2021; Mony, 2020; Stauffer et al., 2024),
this study extracted a total of 28 meteorological factors from
the windward and leeward sides of the Taihang Mountains
over the 64-year period (1959–2022), including 10 surface
variables and 18 upper-air variables (Table 2), to serve as pre-
dictors for training the machine learning models. Although
windward precipitation is relevant to foehn processes, it was
not included as a predictor in this work because it is more
an outcome variable than a precursor signal in the existing
physical mechanisms studies of foehn (Elvidge and Renfrew,
2016; Kusaka et al., 2021). And its high spatiotemporal vari-
ability and observational uncertainties offer limited predic-
tive value for model training. Windward specific humidity
(QWind) was used to represent moisture conditions instead,
with its significant impacts on foehn formation confirmed by
SHAP analysis (Fig. 2d).

3 Results

3.1 The dominant factors contributing to the formation of
foehn

In this study, SHAP values are employed to quantify the
contribution of each influencing factor to foehn formation.
Across the entire year, we identified four most influential fac-
tors: WLee, DirLee, TWind, QWind (Fig. 2a). Figure 2a further
demonstrates that surface-related factors dominate the for-
mation of foehn winds, whereas the contribution of upper-air
factors is comparatively minor. The most influential upper-air
factor, TGWind, only ranks eighth, demonstrating that foehn
initiation and maintenance on the eastern Taihang foothills
are governed primarily by near-surface processes.
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Table 2. The 28 meteorological factors used as input variables for the machine learning models.

Leeward side Windward side Explanation

Surface factors SLPLee SLPWind Sea level pressure
TLee TWind Temperature
WLee WWind Wind speed
DirLee DirWind Wind direction
QLee QWind Specific humidity

Upper-air factors TGLee TGWind Temperature gradient between 850 and 500 hPa,
obtained by the slope from the linear regression

Q8Lee Q8Wind Specific humidity at 850 hPa
W8Lee W8Wind Wind speed at 850 hPa
Dir8Lee Dir8Wind Wind direction at 850 hPa
Q7Lee Q7Wind Specific humidity at 700 hPa
W7Lee W7Wind Wind speed at 700 hPa
Dir7Lee Dir7Wind Wind direction at 700 hPa
Z5Lee Z5Wind Geopotential height at 500 hPa
T5Lee T5Wind Temperature at 500 hPa

Label Foehn A foehn event occurred

WLee ranks first among all factors, indicating that elevated
wind speeds on the leeward side strongly favor foehn forma-
tion or persistence. The SHAP scatter plot (Fig. 2b) shows
an abrupt increase in SHAP values from 0 to approximately
0.15 once WLee exceeds 3 m s−1, signifying a sharp increase
in foehn likelihood. The finding highlights 3 m s−1 of WLee
as a critical threshold for the foehn formation. The average
SHAP values curve (black line in Fig. 2b) further exhibits
a higher peak near 8 m s−1, suggesting that this wind speed
is even more conducive to foehn occurrence. The details are
associated with seasons and discussed in Sect. 3.2,

The positive contribution of TWind decreases with increas-
ing temperature (Fig. 2c), implying that low-temperature
conditions on the windward side facilitate foehn develop-
ment. The average SHAP values curve crosses zero at 3°
(black line in Fig. 2c), highlighting 3° of TWind as a criti-
cal threshold for the foehn formation. As a result, the peak
SHAP value around −18 °C suggests that such low tempera-
ture on the windward side are highly favorable for the foehn
genesis.

In contrast, the SHAP mean for QWind remains largely
negative, denoting an overall inhibitory effect on foehn
formation (Fig. 2d). The curve crosses zero at roughly
0.1 g kg−1 (black line in Fig. 2d), marking the threshold be-
yond which the inhibitory influence of QWind becomes pro-
nounced. The negative contribution weakens as QWind in-
creases, implying that the drier (lower specific-humidity)
conditions on the windward side favor the foehn occurrence.

Comparing factors between the windward and leeward
sides reveals that the same meteorological variables exert
markedly different influences depending on location. For ex-
ample, leeward wind speed influences foehn formation far
more strongly than windward wind speed, because the accel-

erated subsidence of cross-mountain flow and its ability to
reach the leeward stations constitute the foremost dynamical
prerequisite for foehn formation. Conversely, the windward
2,m temperature and surface specific humidity exert stronger
influences than the leeward 2-m temperature, underscoring
that a cold, moist environment on the windward side favors
the development of the foehn winds. Collectively, these re-
sults indicate that foehn occurrence requires a certain syn-
optic background that promotes dry-adiabatic descent of the
cross-mountain flow, thereby warming and drying the lee-
ward boundary layer and finally amplifying the surface foehn
signal. The details are further examined in Sect. 3.3.

DirLee is the second most influential factor for foehn oc-
currence on the eastern foothills of the Taihang Mountains
(Fig. 2a). Figure 3 shows the SHAP-based interpretable anal-
ysis for this factor. When DirLee falls between 203 and 324°
(the light-pink sector in Fig. 3), the SHAP values are pos-
itive. This wind-direction range on the leeward side favors
the foehn occurrence, and approximately 41 % of the sam-
ples fall within this positively contributing range (Fig. 3a).
Within the narrower sector 237 to 294° (rose-red shading in
Fig. 3), the positive contribution of the SHAP values further
intensifies, signifying even more favorable conditions for the
foehn formation. The average SHAP values curve (black line
in Fig. 3a) peaks when DirLee equals 275°, revealing that a
leeward wind direction of 275°, roughly 52° relative to the
mountain axis, is most conducive to the foehn development
in this region. Considering the relation between the positive
contribution range (red shading in Fig. 3b) and the orienta-
tion of the central Taihang Mountains (black line in Fig. 3b),
it becomes evident that the favorable wind directions are
not strictly perpendicular to the ridge. Rather, foehn is more
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Figure 2. The dominant factors of foehn formation and their as-
sociated SHAP values revealed by interpretable machine-learning
models. (a) SHAP summary plot, where the horizontal axis denotes
SHAP values, individual dots represent samples, and dot color en-
codes the magnitude of the sample’s feature value. (b) SHAP scat-
ter plot for the leeward surface wind speed. (c) Same as (b) but for
the windward 2-m temperature. (d) Same as (b) but for the wind-
ward surface specific humidity. In panels (b)–(d), the horizontal and
vertical axes indicate the feature value and the SHAP value, respec-
tively; dots denote individual samples, the grey histogram bars show
sample counts, and the black curve traces the average SHAP values.

Figure 3. The role of the leeward surface wind direction and
its contribution to foehn formation revealed by the interpretable
machine-learning models. (a) SHAP-value scatter plot for the lee-
ward surface wind direction. (b) Coordinate diagram of the leeward
surface wind direction; the black straight line indicates the orien-
tation of the central Taihang Mountains. In both (a) and (b), the
shaded sectors correspond to each other: light pink shading denotes
the positive-contribution with mean SHAP> 0, while rose red shad-
ing marks the largest positive mean SHAP values.

likely when the leeward wind makes a certain angle with the
mountain range.

This wind-direction-dependent foehn formation mecha-
nism is fundamentally supported by the Froude number
(Fr) dynamics and terrain-airflow coupling effects, consis-
tent with the principles of trans-barrier flow and orographic

modification documented in foehn research (Durran, 1990).
Froude number, defined as Fr = u

Nh
, (where u is the flow

velocity normal to the topographic barrier, N is the Brunt-
Väisälä frequency, and h is the height of the topographic bar-
rier), quantifies the balance between inertial forces and buoy-
ancy restoring forces, thereby determining the flow behav-
ior when encountering topographic obstacles (Prósper et al.,
2019; Wiesner et al., 2024). When Fr � 1 there are signifi-
cant nonlinear effects and blocking, whereas for Fr � 1 the
opposite occurs (Smolarkiewicz and Rotunno, 1989, 1990).
The Fr around 1 indicates a transitional regime between
the two states and favorable conditions for the formation of
downslope lee windstorms and hydraulic jumps (Prósper et
al., 2019; Wiesner et al., 2024). Within this range, the air-
flow neither fully circumvents the range (Fr � 1) nor is
completely blocked (Fr � 1), thereby sustaining a persistent
downslope warming that favors foehn occurrence. Consider-
ing the u is the velocity of the flow normal to the topographic
barrier, wind direction can be calculated or verified by aim-
ing Fr (≈ 1) (Fig. S8). Calculations show that the α (the
angle between WWind and the mountain orientation) is equal
to 41.81° and the wind direction is equal to 278.81°, which
is really close the most conducive wind direction (275°) to
the foehn development given by our SHAP method. Based
on the obtained favorable wind direction (237–294°, which
means α = 33–90°) identified in the SHAP model, the favor-
able Fr range is calculated as 0.82 to 1.5 for the formation of
foehn on the eastern foothills of the Taihang Mountains. This
finding not only agrees with classical theory but also extends
it to a specific range for the first time, thereby enriching the
global understanding of foehn dynamics. Such a result can-
not be obtained from traditional theoretical studies.

Across all foehn cases examined here, approximately
56.4 % (1473/2611) occurs when DirLee lies within the op-
timal range of 237 to 294°. Seasonally, 42.3 % (623/1473)
of winter foehns and 9.2 % (135/1473) of summer foehns
fall within this favorable range, underscoring that the role of
large-scale circulation patterns varies across seasons.

3.2 Seasonal variation of dominant foehn factors

To examine the seasonal dominant factors governing foehn
formation on the eastern Taihang foothills, we re-trained
models for winter and summer, respectively. The reason is
that winter (December to February) is the peak season for
haze and wildfire occurrences in North China (Huang et al.,
2023; Zhang et al., 2020), and summer (June to August) is
the key period drive the heat waves, ozone, and ultrafine
particles (Li et al., 2020b; Zhang et al., 2024). The result
shows that the ranking of the leading factors is nearly iden-
tical in winter and summer, where WLee, TWind, QWind con-
sistently occupy the top three positions (Fig. 4a, f). Based
on the fourth-ranking TLee in winter to QLee in summer,
we concluded that temperature becomes relatively more im-
portant in winter foehns, while humidity gained prominence
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in summer foehns. These three surface variables also domi-
nate the annual SHAP ranking (Fig. 2a), demonstrating that
the leading role of surface factors is season-independent. On
the annual scale, however, the leeward wind-direction factor
(DirLee) becomes more important. We noticed that the large-
scale wind direction was mainly determined by the weather-
scale circulation field. Therefore, the favorable synoptic cir-
culations further modulated foehn occurrence by persistently
influencing the leeward wind direction.

In addition to the seasonal differences in the dominant fac-
tors of the foehn wind, the influence thresholds and contribu-
tion strengths of specific factors also vary seasonally, which
are summarized in Table S1. Figures 2b, 4b and 4g reveal
that WLee remains the overwhelmingly dominant factor in
both seasons, with a universal threshold of 3 m s−1. However,
once this threshold is exceeded, the SHAP values in winter
are markedly higher than those in summer, and a pronounced
peak appears around 8.5 m s−1 in winter which is absent in
summer (Fig. 4b, g). The result indicates that the synoptic
patterns conducive to high leeward wind speeds are more ef-
fective in triggering foehn events in winter than in summer.

In contrast to the influence of leeward wind speed, the
temperature impacts become dominated by windward TWind
rather than TLee. Positive contribution of TWind decreases
monotonically with increasing temperature in both seasons
(Figs. 2c, 4c, h), but the thresholds vary seasonally, being
3 °C annually, −6 °C in winter, and 9 °C in summer. Overall,
the SHAP magnitudes are larger in summer, with a distinct
peak near 7 °C that is absent in winter. As a result, a low
windward temperature is more conducive to the foehn for-
mation in summer than in winter.

The impacts of QWind on foehn formation exceed that of
QLee, yet QWind exerts a negative contribution in all sea-
sons, with the inhibitory effect weakening as the humidity
increases (Figs. 2d, 4d, 4i). The thresholds also vary sea-
sonally, being 0.1 g kg−1 annually, 0.07 g kg−1 in winter, and
0.75 g kg−1 in summer. Overall, the SHAP magnitudes are
larger in winter than in summer, which is opposite to the
TWind pattern, demonstrating that a moist windward environ-
ment is more favorable for foehn development in winter than
in summer.

3.3 Synoptic patterns associated with foehn occurrence

Xiong, Wang et al. (Xianping et al., 2020) noted that foehns
on the eastern Taihang foothills are most pronounced in win-
ter. Across the 2611 foehn events identified during the 64
years in this study, 790 occurred in spring, 376 in summer,
558 in autumn, and 887 in winter, indicating that winter
foehn events account for the largest proportion of the dataset.
Our study also shows that winter foehn events also exhibit
the longest persistence, which is up to 24 h, whereas in the
other seasons no event exceeds 6 h. Although previous stud-
ies documented the annual and seasonal variability of foehns

(Xianping et al., 2020), the synoptic background conducive
to their development remained unexamined.

We further define more precise winter foehn events on the
eastern Taihang foothills simultaneously meeting the crite-
ria in Sect. 2.3 and the thresholds (WLee > 3 m s−1, TWind <

−6 °C, QWind > 0.07 g kg−1, and DirLee = 203–324°) men-
tioned in Sect. 3.1 and 3.2. Using ERA5 reanalysis data
spanning the most recent decade (2012–2022), we compos-
ited and analyzed the synoptic patterns favorable for foehn
in winter on the eastern foothills of the Taihang Mountains
(Fig. 5).

Figure 5a, b display the winter-foehn anomalies in sea-
level pressure (SLP) and 10 m wind relative to the clima-
tological mean. It shows the zero-anomaly line (white con-
tour) precisely transects the Taihang Mountains and the SLP
was higher than climatological mean in southwest of the
mountains (dark-green shading), accompanied by an anticy-
clonic (clockwise) wind shear on the synoptic scale. How-
ever, there was lower than climatological mean in the north-
east (yellow shading), accompanied by cyclonic (counter-
clockwise) wind (Fig. 5a). Consequently, the region of Tai-
hang Mountains is typically under a synoptic pattern featur-
ing high pressure on the windward side and low pressure
on the leeward side, accompanied by west-to-southwesterly
upslope flow at the windward side (blue dots) and west-to-
northwesterly downslope flow at the leeward side (red dots)
(Fig. 5b). This configuration favors the advection of warm
and moist air masses which descend with sustained wind
speed and thereby fosters foehn formation. The conclusion
further confirmed the previous findings based on the SHAP
method in Sect. 3.1.

Figure 5c, d display the surface specific-humidity anoma-
lies. A pronounced dry anomaly extends northward from
South China to the region of Taihang Mountains (Fig. 5c).
Although the entire mountain area is drier than climatology,
the leeward side exhibits a sharp “upward bulge”, forming
the driest core at the same latitude (Fig. 5d). The combina-
tion of downslope flow and the inherently dry leeward en-
vironment further amplifies the foehn warming drying signal
on the leeward side. The synoptic analysis again corroborates
the results in Sect. 3.1.

At 500 hPa (Fig. 5e, f), a westerly cold trough (thick black
line) is formed over the region of Taihang Mountains, with
its low-pressure center situated on the leeward side (red dot)
(Fig. 5e). Strong northerly or north-easterly flow behind the
trough drives vigorous subsidence on the leeward side (black
contours in Fig. 5f; maximum ≈ 0.7 Pa s−1), supplying fa-
vorable dynamic conditions for the foehn formation through
adiabatic warming during subsidence and downward mo-
mentum transfer.

Figure 5g, h reveal the atmospheric stratification stability
through vertical potential-temperature (θ ) profiles. The foehn
events exhibit lower θ than the climatological mean between
700 and 300 hPa, with the largest deficit near 450 hPa on the
leeward side (Fig. 5h). This result shows that the presence
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Figure 4. The seasonal dominant factors of foehn formation and their associated SHAP values revealed by interpretable machine-learning
models. (a) SHAP summary plot for the key factors influencing winter foehn formation. (f) As in (a) but for summer. (b) SHAP scatter plot
for the leeward surface wind speed in winter. (c–e) As in (b) but for the windward 2-m temperature, the windward surface specific humidity,
and the leeward 2-m temperature in winter, respectively. (g) SHAP scatter plot for the leeward surface wind speed in summer. (h–j) As in
(g) but for the windward 2-m temperature, the windward surface specific humidity, and the leeward surface specific humidity in summer,
respectively.

of a mid-tropospheric cold air mass positively contributes
to the foehn formation. Compared with climatology, the lee-
ward side exhibits lower θ above 650 hPa, whereas the wind-
ward side shows a markedly lower θ within the 850–700 hPa
lower troposphere (Fig. 5g). It indicates that a pattern, which
is colder in lower troposphere on the windward side and
colder in upper layer on the leeward side, provides a stable
atmospheric environment highly conducive to foehn events.
In fact, both windward and leeward sides are within a sta-
bly stratified environment (θ increases with height) overall
(Fig. 5h). Previous results showed that the stable stratifica-
tion inhibits vertical mixing of the lower tropospheric air-
flow, leading to blocking of the cold air in the lower wind-
ward layer, while the warmer and drier air in the upper
layer flows over the mountain and sinks along isentropic sur-
faces on the leeside (i.e., isentropic drawdown mechanism
(Elvidge and Renfrew, 2016; Wiesner et al., 2024)). Also,
the stable stratification provides favorable dynamic condi-
tions for the development of mountain waves and hydraulic

jumps (Wiesner et al., 2024), which further accelerate the
sinking of leeward airflow and enhance the foehn effects of
temperature increase and humidity decrease. The large-scale
environmental conditions we identified in Fig. 5e, f further
reveal the synoptic patterns responsible for the formation of
stable stratification during foehn events in the Taihang Moun-
tains, linking large-scale synoptic conditions with local foehn
formation mechanisms and deepening the systematic under-
standing of foehn development.

In summary, foehns on the eastern Taihang Mountains
preferentially occur in a stably stratified atmospheric envi-
ronment with a surface pressure pattern characterized by a
high- and low-pressure system on the windward and leeward
sides, respectively. The foehn events are accompanied by an
upper-level cold trough at 500 hPa and pronounced subsi-
dence at 850 hPa on the leeward side.
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Figure 5. Anomalies of meteorological fields relative to the clima-
tological mean during foehn events in winter on the eastern foothills
of the Taihang Mountains: (a–b) Sea-level pressure (shaded) and
10 m wind field; (c–d) Surface specific humidity and 10 m wind
field; (e–f) 500 hPa geopotential height (thick black contour denotes
the westerly transverse trough), wind field, and 850 hPa vertical ve-
locity (black contours, solid lines indicate subsidence); (g) Vertical
profiles of potential temperature on the windward and leeward sides.
Blue and red dots mark the windward and leeward stations, respec-
tively; the orange solid line indicates the position of the Taihang
Mountains (defined by the 1000 m elevation contour); the black
dashed box in the left column outlines the domain shown in the
right column. (h) Vertical profiles of potential temperature on the
windward and leeward sides; “Foehn” and “Ave” denote the foehn
events and the climatological mean, respectively.

4 Discussion and Conclusion

Based on the 64 years (1959–2022) of surface observations
and ERA5 reanalysis data, and by integrating an interpretable
machine-learning model with synoptic analysis, this study
finds the dominant factors of foehn events on the eastern
foothills of the Taihang Mountains as well as their spatiotem-
poral variability and its matched synoptic patterns.

Our study identifies WLee, DirLee, TWind, QWind as the four
most influential factors for the foehn formation on the east-

ern Taihang foothills. In contrast to the previous reported
foehn formation in Antarctica (Bozkurt et al., 2018) or the
Alps (Aichinger-Rosenberger et al., 2022; Zumbrunnen et
al., 2009), which rely heavily on upper-level jets or atmo-
spheric rivers, the Taihang foehn is governed almost ex-
clusively by the surface factors and local topography, with
upper-air contributes little. This result underscores a surface-
dominated mechanism driven by local topography and the
coupled surface wind–thermal system. Therefore, we recom-
mend that the government should reinforce the weather mon-
itoring stations along the eastern Taihang Mountain, priori-
tizing real-time observations of the leeward wind and of the
windward temperature and specific humidity. Meanwhile, it
is necessary to optimize the regional observation network so
that more accurate inputs can be provided for foehn early
warning systems.

By applying the SHAP-based explainable machine learn-
ing, we have quantified the critical dynamic thresholds for
the foehn formation in this region and demonstrated their
pronounced seasonal and spatial variability for the first time,
instead of only setting fixed and empirical thresholds that
lack seasonal and spatial adaptability (Ayitikan et al., 2023;
Elvidge et al., 2020; Francis et al., 2023; Jansing et al., 2022;
Laffin et al., 2021; Widmer, 1966). The threshold of the lee-
ward 10-m wind speed (WLee) remains stably above 3 m s−1

year-round, yet its contribution to foehn occurrence is sig-
nificantly stronger in winter than in summer. Differently, the
threshold of the windward 2-m temperature (TWind) is sea-
sonally variable, being −10 °C annually, −17 °C in winter,
and 9 °C in summer, with stronger impacts in summer than in
winter. The windward specific humidity (QWind) is predomi-
nantly suppressive and its thresholds are 0.1 g kg−1 annually,
0.07 g kg−1 in winter and 0.75 g kg−1 in summer, exerting a
greater influence in winter than in summer. The thresholds
of leeward wind-direction (DirLee) are given as the favorable
range from 203 to 324°, with the range from 237 to 294°
being most conducive to foehn formation. Based on these
findings, the Froude number (Fr) range most favorable for
foehn occurrence in the Taihang Mountains is identified as
0.82 to 1.5. This result cannot be obtained through tradi-
tional theoretical methods alone. Classical theory has only
indicated that a Fr of approximately 1 favors foehn. This
study, for the first time, extends this to a specific range, ad-
vancing the global understanding of foehn dynamics. These
thresholds can directly guide the development of seasonally
and slope-resolved (windward versus leeward) differentiated
early-warning models. For example, winter warnings should
particularly target persistent strong foehns with an extended
lead time (up to 24 h) and focus on leeward wind speeds
(WLee) exceeding 3 m s−1 and windward specific humidity
(QWind) above 0.07 g kg−1, while summer warnings should
focus on windward temperature (TWind) below 9 °C (Fig. 4).

Further analysis reveals that winter foehns not only ac-
count for 34 % of annual events but also exhibit the longest
durations (up to 24 h). These persistent episodes coincide
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with stable synoptic patterns that favor subsidence warming
(Fig. 5). Such conditions enhance low-level inversions and
suppress boundary-layer ventilation, allowing pollutants to
accumulate in a shallow surface layer and form a wintertime
leeward haze layer (Gao et al., 2015; Li et al., 2020b; Wang
et al., 2015; Zhong et al., 2019). The severe haze pollution
events in winter pose potentially severe health risks along
the Taihang Mountain foothills. Consequently, winter alerts
must pay particular attention to the superposition of foehn
and stagnant weather.

Unlike the persistent haze pollution in winter, sum-
mer foehns act synergistically with heat waves and ozone
episodes. Previous work shows that foehns can trigger
anomalously hot and dry heat waves (Takane and Kusaka,
2011), amplifying the surface radiative heating and acceler-
ating the photochemical reactions (Li et al., 2020b; Zhang et
al., 2024; Zhou et al., 2025), thereby causing rapid ozone ac-
cumulation. Summer foehn warnings should therefore moni-
tor the coupled threshold of the rising temperature and plung-
ing humidity on the leeward side to mitigate compound
heat-ozone hazards. Moreover, the foehn’s dry-hot signa-
ture sharply reduces humidity and elevates temperature on
the leeward side, significantly increasing fire danger during
the dry autumn–winter vegetation period (Zumbrunnen et al.,
2009). Our study shows that westerly winds > 3 m s−1 dur-
ing foehn events can further accelerate fire spread. An in-
tegrated “foehn–fire” monitoring and early-warning mecha-
nism is therefore essential.

Composite analysis of winter foehn events, which dom-
inate among different seasons, reveals the following favor-
able synoptic background: (1) A pronounced pressure gra-
dient with higher pressure on the windward side and lower
pressure on the leeward side drives westerly flow across the
range; (2) the ambient air mass is cold and dry, whereas the
leeward slope becomes markedly warm and dry; (3) a 500-
hPa cold trough in the westerlies affects the leeward slope,
inducing westerly or north-westerly downslope flow and pro-
nounced subsidence in the lower troposphere (850 hPa); (4)
the thermal structure is characterized by a stable stratifica-
tion with colder air at low levels on the windward side and
colder mid-upper levels on the leeward side. Therefore, pri-
ority should be given to the surface pressure gradient, the
low-level vertical motion (especially subsidence), and the
position of westerly troughs and ridges across the range of
Taihang Mountains. Through identifying the specific synop-
tic patterns favorable for foehn occurrence in the Taihang
Mountains, we link large-scale synoptic conditions with lo-
cal thresholds for the formation of foehn in this study. This
cross-scale physical connection and its mutual validation
are difficult to achieve with conventional statistical methods
alone. Therefore, we also recommend that when develop-
ing foehn-warning models, it is better to combine the sur-
face thresholds with favorable synoptic-pattern information
to construct a reliable “synoptic pattern plus surface factors”
framework that overcomes the physical interpretability limi-

tations of traditional single-model approaches (Seluchi et al.,
2003; Stauffer et al., 2024).

Based on the findings above, here we recommend inte-
grating the dynamic thresholds identified here into coupled
meteorology-chemistry models to establish a unified “foehn–
pollution–fire” monitoring and response system, thereby en-
hancing regional disaster prevention and climate-change re-
silience. In winter, the system should prioritize haze events
triggered by continuous, intense foehn events that coincide
with surface-based temperature inversions, and should ex-
tend the forecast horizon to 24 h. In summer, the focus shifts
to foehn-triggered heatwaves and ozone pollution, with in-
tensified joint monitoring of high temperature and low hu-
midity on the leeward side. A dynamic fire-risk module also
should be embedded, coupling foehn wind-speed and hu-
midity thresholds with a vegetation dryness index to enable
early detection and rapid response to natural hazards. Fur-
thermore, our future study will further develop a regression
model to predict specific foehn intensity metrics (e.g., foehn
wind speed and warming magnitude), and reapply the SHAP
interpretable method to quantify and reveal the key influenc-
ing factors governing these intensity indicators. These will
serve as a useful reference for understanding foehn winds in
other regions of the world.
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