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 A B S T R A C T

Natural environmental systems and human activities are deeply interconnected, especially in agriculture. 
Despite advancements in agricultural techniques, weather remains a critical factor influencing crop yields 
and livestock health. Precision agriculture relies on weather predictions to mitigate environmental risks 
caused by weather. However, numerical weather predictions are generated by global or regional numerical 
models, lacking the resolution to capture site-specific conditions. Artificial intelligence can address this gap 
by integrating numerical weather predictions data with local station observations. This study employs the 
Time-Series Mixer (TSMixer) neural network to forecast temperature, wind speed, relative humidity, and 
precipitation over a 45-hour horizon. Trained with predictions from the MOLOCH model and data from ARPA 
stations near six agricultural sites in Northern Italy, TSMixer achieves greater accuracy than the MOLOCH 
model. Additionally, TSMixer excels in detecting hazardous events for precision agriculture, including frost 
damage, heat stress, and germination block, highlighting its value for environmental risk management.
1. Introduction

Natural environmental systems and human activities are deeply 
interconnected. These intricate relationships are particularly evident 
in the domain of agriculture, where climate and weather influence 
the main management practices developed by humans to optimize 
production. In particular, mitigate the impacts of hazardous weather 
events is of pivotal importance for agriculture.

This mitigation can be achieved with weather forecasts. These 
are produced using numerical weather prediction (NWP) models that 
integrate data and physical laws to simulate various scenarios of the 
chaotic evolution of weather (Gneiting and Raftery, 2005). Farmers rely 
on these forecasts to anticipate conditions that could either benefit or 
challenge their activities (Guisiano et al., 2020). Weather forecasts can 
be categorized as either long-term (over months) or short-term (over 

∗ Corresponding author at: Department of Environmental Science and Policy, University of Milan, via Celoria 10, 20133 Milano, Italy.
E-mail address: marco.zanchi@unimi.it (M. Zanchi).

days) (Kumar et al., 2017). Long-term forecasts provide synoptic infor-
mation on possible anomalies for upcoming months or seasons, aiding 
in long-term farming strategies planning and enhancing resilience to 
climate variability (Hansen, 2005; Calanca et al., 2011). Examples of 
such weather-sensitive decisions include crop sequence selection, ad-
justments to the cropping calendar, and crop yield forecasting (Sivaku-
mar, 2006). Short and medium term weather forecasts offer detailed 
predictions of variables such as temperature, wind speed, humidity, and 
precipitation over the next few hours or days. These forecasts support 
the optimization of risk management strategies, such as frost dam-
age prevention, the timing of pesticide or fungicide application, and 
resource management for irrigation and fertilizer application (Easton 
et al., 2017).

Precision agriculture leverages data to optimize and enhance farm-
ing practices (Tantalaki et al., 2019). In this context, short-term
https://doi.org/10.1016/j.envsoft.2025.106509
Received 10 January 2025; Received in revised form 19 March 2025; Accepted 27 
vailable online 15 May 2025 
364-8152/© 2025 The Authors. Published by Elsevier Ltd. This is an open access ar
April 2025

ticle under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

https://www.elsevier.com/locate/envsoft
https://www.elsevier.com/locate/envsoft
https://orcid.org/0000-0003-4847-9367
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
https://tds.bo.isac.cnr.it/
mailto:marco.zanchi@unimi.it
https://doi.org/10.1016/j.envsoft.2025.106509
https://doi.org/10.1016/j.envsoft.2025.106509
http://creativecommons.org/licenses/by/4.0/


M. Zanchi et al. Environmental Modelling and Software 191 (2025) 106509 
weather forecasts are particularly synergistic with precision agricul-
ture (Bendre et al., 2015; Pujahari et al., 2022), enabling rapid decision-
making for optimizing and protecting agricultural production. How-
ever, weather forecasts are typically generated at a scale of about 10 km 
for global forecasts and around 1 km for regional forecasts, due to com-
putational constraints (Yang et al., 2022). This scale is misaligned with 
the goals of precision agriculture, which require precise and accurate 
environmental data at the field level (Hewage et al., 2020). Moreover, 
local weather conditions are often shaped by terrain morphology and 
vegetation, factors that are not fully captured by NWP models at these 
resolutions.

An alternative solution lies in using data-driven methods, such as 
machine learning algorithms, to predict weather evolution at agricul-
tural sites using local weather data. By training algorithms on data 
collected from weather stations that capture the conditions experienced 
at these sites, machine learning can provide valuable future insights. 
In recent years, deep learning algorithms have made significant strides 
in numerical weather forecasting at global scale (Olivetti and Messori, 
2024a), with global data-driven models like Pangu-Weather (Bi et al., 
2023), GraphCast (Lam et al., 2022) and GenCast (Price et al., 2025) 
achieving performance levels comparable to traditional NWP (Olivetti 
and Messori, 2024b). The application of these deep learning models 
is promising; however, their current use is limited to the synoptic 
scale, which may restrict their effectiveness in the context of preci-
sion agriculture. Despite that, different machine learning and deep 
learning algorithms have been utilized to predict weather patterns 
using local data and to identify extreme events. For a comprehensive 
review, see Salcedo-Sanz et al. (2024). Beyond general applications, 
these algorithms have also been used specifically to forecast weather 
at agricultural sites. For example, Smith et al. (2009) was among the 
first to apply AI for temperature prediction. Hewage et al. (2020) 
employed temporal convolutional neural networks to provide deter-
ministic predictions for weather variables critical to agriculture, with 
a forecast horizon ranging from single-hour to 24 h intervals. Other 
examples of deep learning applications for forecasting the evolution of 
weather variables, which are of fundamental importance for agricul-
tural management, include (Zhou et al., 2023; Marusov et al., 2024; 
Zanchi et al., 2024; Ma et al., 2024; Zanchi et al., 2025; Tsela et al., 
2025; Baumberger et al., 2025). In addition to forecasting, it is essential 
to identify hazardous agricultural events using AI models (Ghaffarian 
et al., 2022). For instance, Cadenas et al. (2020) applied a deep learning 
algorithm to predict frost damages in Spain. Despite the successes of AI, 
weather is a chaotic system, meaning predictions based solely on past 
local data may lack reliability and precision beyond a few hours. In 
addition, local data do not capture larger-scale weather patterns that 
can influence future climate conditions.

Therefore, there is the need for data-driven tools to integrate local 
weather data at the field level with large-scale forecasts from NWP. 
By combining insights from physical laws and broader-scale weather 
scenarios with real conditions experienced at agricultural sites, data-
driven method may offer more accurate and realistic weather forecasts 
for precision agriculture. While there is extensive literature on using 
machine learning methods to predict weather data based on past data 
collected at agricultural sites, the integration of numerical weather 
prediction (NWP) with local past weather data remains less explored. 
Shin et al. (2022) uses random forests to provide deterministic wind 
speed predictions for the next 48 h, combining local weather data 
with NWP from the Local Data Assimilation and Prediction System 
over the Korean Peninsula. Rozante et al. (2023) proposes a framework 
for forecasting frost events in Brazil using an artificial neural network 
that takes weather forecasts from the Eta model as inputs and assim-
ilated weather data at 5 km resolution. The Neural Forecast model in 
combination with seamless predictions from the Open Meteo service 
have been used to predict deterministic temperature evolution over 
the next 72 h (Perez Garcia et al., 2024b) and Equivalent Temperature 
Index deterministic evolution over the next 24 h (Perez Garcia et al., 
2 
2024a) in a pilot dairy farm located in Emilia-Romagna, Italy. In all 
the aforementioned studies, the integration of NWP with local weather 
data through machine learning techniques enhances the accuracy of 
predictions compared to the NWP alone.

From the current state of the art, three main gaps emerge in the 
literature: (1) existing studies on machine learning methods that inte-
grate NWP with local data typically focus on a single weather variable 
and provide only deterministic predictions; (2) existing models that 
integrate NWP with local data tend to either focus on the prediction of 
a hazardous event without forecasting the general weather evolution or 
on forecasting weather evolution without testing the correct prediction 
of hazardous events; (3) the hazardous event detection using machine 
learning algorithm trained on NWP and local weather data focuses 
solely on frost events.

To address these gaps, this research contributes to the current state 
of the art by pursuing the following objectives:

• Developing a multivariate probabilistic weather forecasting
model based on neural networks, leveraging both historical data 
and numerical weather forecasts.

• Establishing a unified forecasting framework for both general 
weather conditions and hazardous events.

• Improving hazardous event detection by leveraging probabilistic 
predictions to identify three major agricultural risks: frost damage 
to fruit, heat stress in dairy cows, and germination block in rice 
cultivation.

In particular, we use a Time-Series Mixer (TSMixer) neural network to 
forecast the probabilistic evolution of temperature, wind speed, relative 
humidity, and precipitation over the next 45 h for six locations near 
to agricultural sites in Northern Italy. The neural network takes as 
input both past weather data from Regional Environment Protection 
Agency (ARPA) weather stations, located near these agricultural sites, 
and 45 h weather forecats obtained from the high-resolution MOLOCH 
NWP model. The multivariate probabilistic predictions have been ex-
ploited to detect three different hazardous events for agriculture: frost 
damage to fruit, heat stress in dairy cows, and germination block in rice 
cultivation. The TSMixer performances have been compared against the 
MOLOCH model and a TSMixer trained solely on past weather data 
from local stations.

By delivering accurate probabilistic forecasts and enhancing haz-
ardous event detection, this research can significantly improve
decision-making in precision agriculture, promoting risk management, 
productivity, and resource optimization. Achieving these innovation is 
of pivotal importance because agriculture is highly sensitive to weather 
variability and extreme events, which can significantly impact produc-
tivity and profitability. With climate change increasing the frequency 
and severity of hazardous weather events, developing robust and accu-
rate forecasting methods is crucial for enhancing agricultural resilience 
and safeguarding food security. The potential impacts and applications 
of this research include better-informed agricultural practices, reduced 
economic losses from hazardous events and enhanced resilience of 
agricultural systems to climate variability.

2. Materials and methods

2.1. Study design

The workflow design of the present research is illustrated in Fig.  1 
and described in the following subsections.
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Fig. 1. Study design scheme. The first block displays the locations of the six ARPA weather stations in Northern Italy. The second block outlines the design of the Time-Series 
Mixer neural network used for probabilistic weather predictions. The third block illustrates the protocol for detecting hazardous events.
2.1.1. Weather data collection
We collected temperature, wind speed, relative humidity, and pre-

cipitation data from six ARPA weather stations located near agricultural 
sites in Northern Italy. Two stations are situated close to apple or-
chards, two near dairy farms, and two near rice fields. These ARPA 
weather stations serve as proxies for the actual weather conditions ex-
perienced by the agricultural sites. Additionally, we gathered weather 
forecasts from a NWP model, the MOLOCH model, for each grid cell 
containing these weather stations (and equivalently, the agricultural 
sites). The locations of the stations are shown in the first block of Fig. 
1.

2.1.2. Time-Series Mixer for precise local weather forecasts
We train a TSMixer to generate accurate weather forecasts for the 

agricultural sites. The TSMixer uses as inputs the past 48 h of temper-
ature, wind speed, relative humidity, and precipitation data collected 
by ARPA stations, combined with weather forecasts from the MOLOCH 
model for the next 45 h. The output consists of probabilistic predictions 
for temperature, wind speed, relative humidity, and precipitation over 
the following 45 h. An example of the temperature quantile predictions 
is shown in the second block of Fig.  1. By combining past local weather 
data with weather from the MOLOCH model, the TSMixer effectively 
calibrates general weather forecasts to reflect the microclimate char-
acteristics of the agricultural sites. To ensure the TSMixer adds value 
beyond existing numerical forecasts, its performance is compared with 
that of the MOLOCH model and to another TSMixer trained only with 
past weather data collected by the ARPA station (this model is named 
Past TSMixer).

2.1.3. Hazardous event detection
We test the TSMixer forecasting capability in detecting hazardous 

events relevant to agriculture. Specifically, we identify three different 
events, each associated with a particular agricultural site: (1) frost 
damage to apple orchards, (2) heat stress for dairy cows, and (3) 
3 
germination block for rice cultivation. We then compare the TSMixer 
probabilistic predictions with those of the MOLOCH model and the 
Past TSMixer to assess whether our approach adds value for prevention 
strategies.

2.2. Study area: Lombardy and Piedmont

The climates of Lombardy and Piedmont, where the study areas 
are located, are classified as humid subtropical (‘‘Cfa’’ according to 
the Köppen and Geiger classification Beck et al., 2018), characterized 
by warm, wet summers and cold winters. However, these regions 
display significant climate variations from the Köppen model due to 
local factors such as elevation, proximity to large water bodies, and 
metropolitan influences. In Lombardy, the annual average temperature 
is approximately 13.1 ◦C, with an average annual rainfall of around 
853 mm (Zanchi et al., 2022). In Piedmont, the annual average temper-
ature is about 11.4 ◦C, with an average annual rainfall of approximately 
612 mm.

2.3. Background on hazardous events

Frost occurrence, defined as temperatures dropping to 0 ◦C or lower 
measured at a height between 1.25 and 2.0 m in a meteorological 
shelter (Hogg, 1971), can significantly impact agricultural crops, es-
pecially in sensitive stages of development, such as apple buds and 
blossoms. The intensity and duration of frost are influenced by local 
factors like soil type and terrain orientation, and damage to crops can 
vary accordingly. While techniques such as frost protection sprinkling 
are effective to minimize damage caused by frost (Unterberger et al., 
2018), it remains crucial to anticipate frost events to mitigate potential 
damage.

When dairy cows face high temperatures and humidity conditions, 
they experience heat stress. The high temperature cause cows to rely 
heavily on evaporative cooling to regulate their body temperature. 
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Table 1
ARPA station locations. The table describes the ARPA station locations.
 Station location Coordinates Wgs84 (Lat,Lon) Height (m) Study case  
 Massazza, Biella (45.474699, 8.17086) 226 Rice  
 Landriano, Pavia (45.320567, 9.26714) 88 Rice  
 Fojanini, Sondrio (46.167553, 9.85094) 307 Fruits  
 Minoprio, Como (45.719011, 9.085488) 310 Fruits  
 Fossano, Cuneo (44.540635, 7.788169) 403 Livestock farm 
 Bauducchi, Torino (44.961901, 7.709583) 226 Livestock farm 

However, high humidity interferes with the process, making it difficult 
for the cows to effectively release body heat. As a result, their core 
temperature rises. The primary and most recognized outcome of heat 
stress in dairy cows is a reduction in both milk production and feed 
intake, leading to significant financial losses for dairy farmers (West, 
2003). To counteract the impact of high temperatures, efficient air 
circulation in the barn, along with the use of sprinklers or misters in 
resting areas, can enhance heat dissipation and help alleviate the effects 
of heat stress.

Low temperatures significantly limit rice growth and yield, with 
germination being one of the most sensitive developmental stages to 
cold stress (Teixeira et al., 2021). Under low-temperature stress, rice 
seeds experience imbalances in intracellular oxygen metabolism, lead-
ing to damage to the cell membrane system and potentially resulting 
in a germination block (Yang et al., 2019). In Northern Italy, 12 ◦C is 
considered the threshold below which germination block occurs.

2.4. Weather data from ARPA stations

The local weather data are provided by the ARPA. Specifically, data 
have been collected from six weather stations located in Lombardy 
and Piedmont regions, Italy. The dataset includes hourly measurements 
of temperature (◦C), wind speed (m/s), relative humidity (%), and 
precipitation (mm) from January 1, 2019, to June 30, 2024. The six 
locations have been selected based on the following criteria: (1) they 
have continuous weather data over the study period with minimal 
missing values; (2) they are situated near agricultural fields or livestock 
farms, providing practical case studies for agricultural applications. The 
handling of missing values will be addressed in the following sections. 
The 6 locations are resumed by Table  1.

The station in Massazza, in the province of Biella, is surrounded 
by rice fields cultivating varieties such as Carnaroli and Canovese rice. 
The station in Landriano, in the province of Pavia, is also notable for 
its proximity to areas known for producing Carnaroli rice. The Fojanini 
station, Sondrio, is located in the Valtellina region, renowned for apple 
production, and is near Fondazione Fojanini, which conducts biological 
research on apple orchards. The station in Minoprio, in the province of 
Como, is close to an experimental site involved in a regional project 
on apple orchard development, ‘‘Valorizzazione della frutticoltura lom-
barda’’. The station near Fossano, in the province of Cuneo, is situated 
14 km from a commercial farm. The station near Bauducchi, in the 
province of Torino, is located 12 km from a commercial farm. Given 
the plain terrain characterizing these two locations, we assume that 
microclimatic variables do not vary significantly across this distance. 
According to Kottek et al. (2006), the ARPA weather stations located 
in Massazza, Landriano, Minoprio, Fossano, and Bauducchi are classi-
fied as Cfa (humid subtropical climate) under the Köppen and Geiger 
system. In contrast, the Fojanini station is classified as Dfc (subarctic 
climate).

2.5. Weather data from MOLOCH model

The MOLOCH model (Malguzzi et al., 2006) generates forecasts 
with fine spatial resolution. It solves the nonhydrostatic, fully com-
pressible atmospheric equations on a 1.25 km grid with 60 vertical 
4 
Table 2
MOLOCH data. The table describes the MOLOCH data.
 Variable Unit of measure Symbol 
 Mean sea level pressure Pa Pmsl  
 Hourly total precipitation mm Pt  
 Total cloud cover % Cc  
 Downward short-wave radiation flux W m−2 Rsw  
 Hourly total snowfall m Sn  
 Water equivalent of accumulated snow depth kg m−2 Wsd  
 Lapse rate K m−1 Lr  
 Soil temperature K Ts  
 2-m temperature K T  
 10-m u wind component m/s Wu  
 10-m v wind component m/s Wv  
 2-m relative humidity % Hr  
 2-m dew point temperature K Tdew  

levels, utilizing a hybrid height-based coordinate system. The model 
produces 2-day forecasts over a 1154 × 1154 grid covering Italy and 
adjacent seas, with runs starting daily at 03:00 UTC. See Davolio 
et al. (2020) for more details on model description and operational 
implementation. The MOLOCH variables used in this study are listed 
in Table  2.

Since wind speed components are computed at a height of 10 m, we 
apply a logarithmic downscaling to adjust the MOLOCH wind speed to 
2 m, ensuring comparability with ARPA station measurements. First, 
we calculate the wind speed magnitude as follows: 

𝑊 10 m
𝑠 =

√

𝑊 2
𝑢 +𝑊 2

𝑣 (1)

Then, we derive the wind speed at 2 m using a logarithmic downscaling 
approach (Monteith and Unsworth, 2013): 

𝑊 2 m
𝑠 = 𝑊 10 m

𝑠

log( 2
𝑧0
)

log( 10𝑧0
)

(2)

where 𝑧0 is the roughness height, estimated at 0.03 for open fields.

2.6. Time-Series Mixer: architecture and application to weather forecasts

2.6.1. Time-Series Mixer architecture
The Time-Series Mixer (TSMixer) (Chen et al., 2023) is a neural 

network architecture tailored for forecasting the evolution of multivari-
ate time series. It employs mixing operations across both the temporal 
and feature dimensions to effectively extract relevant information. The 
model consists of multi-layer perceptrons (MLPs) organized along the 
temporal and feature axes. This structure facilitates time-mixing and 
feature-mixing processes, enabling TSMixer to capture both tempo-
ral dependencies and relationships between features. Its performance 
demonstrated strong competitiveness when compared to state-of-the-art 
models on the M-competition (Makridakis et al., 2022) datasets, includ-
ing those based on transformer architectures (Vaswani et al., 2017). 
TSMixer takes as input a set of observations of length 𝐼 composed by 
𝐶𝑖 time series and predicts the future evolution of a set of 𝐶𝑜 features 
for a temporal horizon of length 𝑂. It also possible to add a set of 
future covariates to reinforce the prediction. The future covariates are 
represented by a multivariate time series of 𝐶𝑓  features of length 𝑂.

Fig.  2 shows the TSMixer architecture. It primarily consists of the 
Mixer layer (second block in Fig.  2), which can be stacked multiple 
times, and the temporal projection (third block in Fig.  2). The Mixer 
layer plays a key role in capturing temporal dynamics and leveraging 
cross-variate information across feature dimensions. It is composed of 
two main components: the time-mixing multilayer perceptron (MLP) 
and the feature-mixing MLP. The time-mixing MLPs are designed to 
extract temporal patterns within the time series. They consist of a 
single fully connected layer followed by an activation function and 
dropout (Zeng et al., 2023). The input is transposed to enable the 
fully connected layer to operate along the temporal dimension. The 
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Fig. 2. Time-Series Mixer architecture. The first block: general structure of a Time-Series Mixer which receives as input an historical instance of 𝐼 time-steps for 𝐶𝑖 features and 
predict the evolution of 𝐶𝑜 features for 𝑂 time-steps, using 𝐶𝑓  future covariates. The second block: Mixer layer which is mainly composed by the time-mixing multilayer perceptron 
and the feature-mixing multilayer perceptron. The third block: temporal projection operation.
Source: Modified from Chen et al. (2023).
fully connected layer weights are shared across the features dimension. 
The feature-mixing MLPs are applied across each time step to capture 
covariate information between features. To enhance the model ability 
to learn complex inter-feature relationships, a two-layer MLP config-
uration is adopted. This module receives the transposed output from 
the time-mixing MLP and applies two fully connected layers along the 
feature dimension, with shared weights across time steps. The temporal 
projection consists of a fully connected layer that operates on the time 
axis, enabling the model to learn temporal patterns and map the input 
time series from its original length 𝐼 to the target forecast length 𝑂. In 
addition to the original fully connected layer, an additional layer has 
been incorporated to adjust the number of output features predicted by 
TSMixer.

Initially, the TSMixer receives as input the historical multivariate 
time series of dimensions 𝐼 × 𝐶𝑖, which are processed through Mixer 
layers and a Temporal Projection layer, resulting in an output of dimen-
sions 𝑂 × 𝐶𝑜. Next, the 𝐶𝑓  future covariates of length 𝑂 are appended 
to this output, creating a tensor of dimensions 𝑂 × (𝐶𝑜 + 𝐶𝑓 ). This 
tensor is then processed by another set of Mixer layers and a Temporal 
Projection layer, producing a final output of dimensions 𝑂 × 𝐶𝑜. This 
scheme is depicted in the first block of Fig.  2.

2.6.2. Time-Series Mixer application for probabilistic local weather fore-
casts

In the present study, the TSMixer produces probabilistic local
weather predictions as follows. Each day at 3:00 UTC, the model 
uses as historical inputs the local weather data from the past 48 h, 
sourced from an ARPA station, including temperature, wind speed, 
relative humidity, and precipitation data. These data are processed 
by 6 Mixer layers with 64 neurons each, using a ReLU activation 
function and a dropout rate of 0.33, resulting in an output of 4 features, 
each of length 45. Ideally, these values represent the 45 h future 
evolution predictions for temperature, wind speed, relative humidity, 
5 
and precipitation, based solely on local past data. These four arrays 
are then combined with the 13 arrays, each of 45 h, provided by 
the MOLOCH model, as described in Table  2. The multivariate time 
series, now comprising 17 features of length 45 h, is processed by 8 
additional Mixer layers with 128 neurons, a GeLU activation function, 
and a dropout rate of 0.13. The TSMixer outputs the probabilistic 
future evolution of local temperature, wind speed, relative humidity, 
and precipitation over the next 45 h. By probabilistic evolution, we 
refer to predictions of the following quantiles for each hour: 0.1, 0.25, 
0.5, 0.75, and 0.9. Predictions examples are shown in Fig.  3. The 
TSMixer hyperparameters have been optimized using the Hyperopt 
library (Bergstra et al., 2013), with a Tree-structured Parzen Estimator 
(TPE) for the search space.

To generate probabilistic predictions, the TSMixer is trained using 
a custom quantile loss function: 

𝐿𝑄 = 𝐿𝑠
𝑄 + 𝐿𝑝

𝑄 (3)

Here, 𝐿𝑠
𝑄 represents a standard quantile loss function (Wen et al., 

2017), which is used to evaluate prediction errors for temperature, 
wind speed, and relative humidity. In contrast, 𝐿𝑝

𝑄 is a zero-inflated 
quantile loss function employed to assess precipitation errors. This 
choice reflects the statistical properties of hourly precipitation, which is 
highly skewed towards zero. In order to counteract the negative effects 
of predicting a variable highly skewed to 0, we have predicted the 
logarithm of precipitation by computing: 

𝑙𝑜𝑔𝑝𝑟𝑒𝑐 = log(1 + 𝑝𝑟𝑒𝑐) (4)

Each predictions has been then transformed back to the precipitation in 
mm units (therefore the results on precipitation are always represented 
in  mm units). The choice of using the log precipitation is further 
discussed in the Supplementary Materials.
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The loss functions are defined as follows. 

𝐿𝑠
𝑄 = 1

3 ∗ 5 ∗ 45

3
∑

𝑓=1

5
∑

𝑞=1

45
∑

ℎ=1
𝐿𝑞(𝑦𝑓 (ℎ), 𝑦̂

𝑞
𝑓 (ℎ)) (5)

where 

𝐿𝑞(𝑦, 𝑦̂) = 𝑞(𝑦 − 𝑦̂𝑞)+ + (1 − 𝑞)(𝑦̂𝑞 − 𝑦)+ (6)

where 𝑦𝑓  and 𝑦̂𝑓  are the true and predicted values for the output feature 
𝑓 , which can be temperature, wind speed, relative humidity, 𝑞 is the 
quantile and ℎ is the hour in the forecasting horizon. The (𝑥)+ operation 
for a generic value 𝑥 is defined as max(0, 𝑥). 

𝐿𝑃
𝑄 = 1

5 ∗ 45

5
∑

𝑞=1

45
∑

ℎ=1
(𝐿𝑞(𝑦𝑝(ℎ), 𝑦̂𝑞𝑝(ℎ)))𝑃 + 𝛼(1 − 𝑃 )(𝐿𝑞(𝑦𝑝(ℎ), 𝑦̂𝑞𝑝(ℎ))) (7)

where 

𝑃 =

{

1 if 𝑦𝑝(ℎ) ≥ 0,
0 if 𝑦𝑝(ℎ) = 0

(8)

and 𝛼 is a penalization term equal to 0.225, used to penalize the errors 
for the more frequent zero precipitation. Since the value of 𝛼 directly 
influences the magnitude of the loss function, we manually calibrated 
it. After optimizing the other hyperparameters, we tested different 𝛼
values (ranging from 0 to 1) and selected the highest value that did 
not cause a collapse of the quantile predictions for precipitation. Specif-
ically, we avoided values that led to the median, 0.75, and 0.90 quantile 
predictions collapsing to zero, a phenomenon driven by the highly 
skewed nature of hourly precipitation distribution. In addition, since 
relative humidity is physically constrained between 0% and 100%, and 
the ReLU activation function does not impose any upper bounds, we 
manually clip predicted humidity values to a maximum of 100% to 
prevent unphysical predictions. Further details regarding this choice 
are provided in the Supplementary Materials.

The TSMixer is trained on weather data from January 1, 2019, 
to December 31, 2021, validated on data from January 1, 2022, to 
December 31, 2022, and tested on data from January 1, 2023, to 
June 30, 2024. The train, validation and test data division follows 
the guidelines outlined in Schultz et al. (2021). Since the original 
data measured by the ARPA stations contains some missing values, 
we removed instances with missing data, resulting in a total of 718 
discarded instances. All the data have been normalized according to 
a min–max scaler. The scaler parameters have been derived from the 
training set to avoid data leakage. The training has been performed us-
ing single precision floating point (FP32). The gradient descent process 
in this study employs the AdamW optimizer (Loshchilov and Hutter, 
2017) with an initial learning rate set to 0.001 and a weight decay 
set to 0.004 (the value of the weight decay has been chosen with the 
hyperparameter optimization). The TSMixer has been trained for 2000 
epochs on the training set, with an early stopping patience of 500 
epochs based on validation set performance. The final model weights 
are those that minimize the loss function on the validation set. After 
training, the TSMixer is tested on the test set, and all reported results 
are derived solely from this model application.

In addition to the TSMixer model described above, which is trained 
on past covariates from ARPA weather stations and future covariates 
from the MOLOCH model, another TSMixer model is trained using the 
same procedure but only on past covariates. The hyperparameters of 
the model have been optimized using the TPE algorithm as was done 
for the TSMixer model. Their values are presented in the Supplementary 
Materials. This model serves to demonstrate the importance of includ-
ing future covariates in the predictions. This model will be addressed 
as Past TSMixer.
6 
2.6.3. Time-Series Mixer interpretation
To address the black-box nature of neural networks, we implement 

the method proposed in Zanchi et al. (2023) to interpret the influence 
of input variables on the TSMixer model output. This technique in-
volves systematically replacing each input variable with random values, 
uniformly extracted within its minimum and maximum range, while 
keeping the other inputs unchanged. The TSMixer is then tested on this 
randomized dataset, and the mean absolute error respect to the median 
prediction (quantile 0.5) is calculated. These results are compared to 
the MAE values obtained from the original, non-randomized test set. To 
account for statistical variability, the randomization process is repeated 
300 times. The mean absolute percentage error of the differences in 
MAE between the randomized and original tests is computed to derive 
the final values and it is described by the following equation: 

𝑅𝑖,𝑓 ,ℎ
𝑚𝑎𝑝𝑒 =

300
∑

𝑛=1

𝑀𝐴𝐸𝑛,𝑖,𝑓 ,ℎ
𝑟 −𝑀𝐴𝐸𝑓,ℎ

𝑠

𝑀𝐴𝐸𝑓,ℎ
𝑠

(9)

where 𝑓 is the output feature, ℎ is the prediction hour, 𝑖 is the perturbed 
input feature, 𝑀𝐴𝐸𝑖,𝑓

𝑟  is the mean absolute error for the output feature 
𝑓 at hour ℎ obtained by replacing the input feature 𝑖 with random 
samples at the 𝑛−𝑒𝑠𝑖𝑚𝑒 sampling and 𝑀𝐴𝐸𝑓

𝑠  is the mean absolute error 
for the output feature 𝑓 at hour ℎ on the non perturbed data. A high 
mean absolute percentage error for a given input variable indicates its 
significant role in the prediction. This process reveals the importance of 
each input variable by analyzing how MAE changes when that variable 
is randomized.

2.6.4. Hazardous event detection with Time-Series Mixer
This research aims to evaluate the effectiveness of TSMixer in 

detecting events that pose risks to precision agriculture. Three specific 
hazardous events have been identified: frost for apple orchards, heat 
stress for dairy cow farms, and germination block for rice cultivation. 
Frost events occur when temperatures drop below 0 ◦C. Heat stress 
events are detected using the equivalent temperature index (ETI) (Yan 
et al., 2021), which is defined as:
𝐸𝑇𝐼 = 27.88 − 0.456𝑇 + 0.010754𝑇 2 − 0.4905𝑅𝐻 + 0.00088𝑅𝐻2

+1.15𝑊𝑠 − 0.12644𝑊 2
𝑠 + 0.019876𝑇𝑅𝐻 − 0.046313𝑇𝑊𝑠 (10)

where 𝑇  is the temperature (◦C), 𝑅𝐻 is the relative humidity (%) and 
𝑊𝑠 is the wind speed (m/s). When the ETI exceeds a value of 30, a heat 
stress condition is identified (Yan et al., 2021). The germination block 
events occur when temperatures fall below 12 ◦C during the months of 
March, April, or May, which is the rice germination period. For each 
event, we selected two weather stations located near apple orchards, 
cattle farms, and rice fields, as summarized in Table  1.

We propose the following strategy to detect the occurrence of haz-
ardous events using TSMixer probabilistic predictions. The approach 
varies between detecting frost and germination block versus heat stress, 
so we describe them separately.

For frost and germination block detection, we examine whether 
the 0.10, 0.25, and 0.5 quantiles from the probabilistic temperature 
predictions for the next 45 h fall below 0 ◦C (for frost) or 12 ◦C 
(for germination block) at least once. If this condition is met, a value 
of 1 is assigned to indicate the prediction of the hazardous event; 
otherwise, it is assigned a value of 0. This classification is then com-
pared to the actual temperature measurements recorded by the ARPA 
weather stations. We have decided to compare classifications across 
three quantiles to balance the trade-off between the cost and reliability 
of implementing countermeasures based on probabilistic predictions.

For heat stress detection, we compute the future ETI scenario over 
the next 45 h using the 0.5, 0.75, and 0.9 quantile predictions for 
temperature and humidity, along with the 0.5, 0.25, and 0.1 quantile 
predictions for wind speed. As indicated by Eq.  (10), ETI is maximized 
when high temperature and humidity coincide with low wind speed. 
By combining the highest quantile predictions for temperature and 
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humidity with the lowest quantile predictions for wind speed, we aim 
to characterize the worst-case scenario for heat stress events. We define 
this combination of quantiles in heat stress detection as 𝑞1, 5 and 𝑞2, 4, 
where the first index refers to the wind speed quantile and the second to 
the temperature and relative humidity quantile. A value of 1 is assigned 
for each hour in which the ETI exceeds 30 (0 otherwise), resulting in 
45 classifications across each prediction window.

We apply different classification strategies for frost and germination 
block detection versus heat stress detection due to the nature of the 
respective countermeasures. Frost and germination block countermea-
sures involve high-cost, irreversible actions such as tree shielding, 
anti-frost spraying, or flooding rice fields. Therefore, the detection of at 
least one hazardous event will trigger countermeasures which affect all 
the other time steps after it. In contrast, heat stress countermeasures, 
like activating ventilation systems or water showers for dairy cows, are 
more flexible and can be readily switched on and off at hourly fre-
quency. To evaluate the innovation and value offered by the TSMixer, 
we compare its accuracy in detecting agricultural hazards with that of 
the MOLOCH model and the Past TSMixer.

2.7. Evaluation metrics

2.7.1. Absolute error with respect to the median prediction
The mean absolute error has been used to evaluate the accuracy of 

the median predictions (the predictions originating from the quantile 
0.5): 

𝑀𝐴𝐸𝑀𝑃𝑓 =

∑𝑁
𝑖=1

⟨

|𝑦𝑓 − 𝑦̂0.5𝑓 |

⟩

𝐻
𝑁

(11)

where 𝑦̂0.5𝑓  is a prediction of the weather feature 𝑓 for the quantile 
0.5, 𝑦𝑓  represents the respectively real values and 𝑁 is the number 
of samples in the test set. The operation ⟨⟩𝐻  indicates the average over 
the prediction horizon of 45 h. The distribution of the absolute error 
has also been computed by collecting all the values in the sum over 
the test set samples. In addition to the mean absolute error, we have 
defined the absolute error profile, which shows the average absolute 
error of the test set over the prediction horizon hour: 

𝐴𝐸𝑃𝑓 =

∑𝑁
𝑖=1 |𝑦𝑓 − 𝑦̂0.5𝑓 |

𝑁
(12)

where 𝑦̂0.5𝑓  is a prediction of the weather feature 𝑓 for the quantile 
0.5, 𝑦𝑓  represents the respectively real values and 𝑁 is the number of 
samples in the test set. The 𝐴𝐸𝑃𝑓  for a weather feature 𝑓 is a numerical 
array of length 45.

2.7.2. Validity
A validity measure has been exploited to evaluate the reliability of 

the quantile prediction. The validity is defined as follows. For a given 
quantile band (𝑎, 𝑏), a prediction sampled from a quantile distribution 
should fall within this band in the (𝑏− 𝑎)% of cases. Therefore for each 
data sample in the test set we have computed how many times the 
real values fall within the respectively predicted quantile bands. The 
counting has been performed for each hour of the prediction horizon. 
The validity measure for a quantile band (𝑎, 𝑏) for the weather feature 
𝑓 can be defined as the average of this counts over all the predictions: 

𝑉𝑓 (𝑎, 𝑏) =

∑𝑁
𝑖=1

∑45
ℎ=1 𝑣(𝑦𝑓 (ℎ), 𝑦̂

𝑎
𝑓 (ℎ), 𝑦̂

𝑏
𝑓 (ℎ))

45𝑁
(13)

where 𝑦𝑓 (ℎ) represents the real weather values at hour ℎ, 𝑦̂𝑏𝑓 (ℎ) is the 
prediction of quantile 𝑏 at hour ℎ and 𝑣(𝑥, 𝑧, 𝑘) is defined as: 

𝑣(𝑥, 𝑧, 𝑘) =

{

1 𝑧 < 𝑥 < 𝑘,
0 else

(14)

If the 𝑉 𝑎𝑙𝑖𝑑𝑖𝑡𝑦(𝑎, 𝑏) value is near to (𝑏−𝑎)% the probabilistic predic-
tions works. The validity measure helps assessing whether TSMixer can 
produce a reliable probabilistic forecast. We have applied the validity 
measures over the quantile bands (0.1, 0.9) and (0.25, 0.75).
7 
2.7.3. Efficiency
An efficiency metric has been utilized to assess the model confidence 

in generating probabilistic predictions. This metric evaluates the width 
of the quantile band. For a given quantile band (𝑎, 𝑏), for a weather 
feature 𝑓 the efficiency is defined as: 

𝐸𝑓 (𝑎, 𝑏) =

∑𝑁
𝑖=1

∑45
ℎ=1 |𝑦̂

𝑎
𝑓 (ℎ) − 𝑦̂𝑏𝑓 (ℎ)|

45𝑁
(15)

where 𝑦̂𝑎𝑓 (ℎ) is the prediction of quantile 𝑎 (same for 𝑏) at hour ℎ and 𝑁
is the number of samples in the test set. A lower efficiency value (i.e., a 
smaller average thickness) indicates that the model produces a tighter 
band, which may suggest a more confident prediction. However, if the 
bands are too narrow, it may indicate that the model underestimates 
the uncertainty.

2.7.4. Classification metrics
The TSMixer model used in the present study is primarily designed 

for probabilistic regression tasks. However, as outlined in previous 
sections, this approach can also be leveraged to classify if a hazardous 
event will happen in the predicted future horizon. For instance, given 
a predicted temperature quantile over the next 45 h, we can check for 
the occurrence of frost (if the quantile falls below 0 ◦C) by assigning a 
value of 1 for a frost event or 0 for no frost event. This method allows 
for the application of various classification metrics, which are discussed 
below.

Accuracy is the proportion of correctly classified instances (both 
true positives and true negatives) out of all the instances. It is calculated 
as follows: 
Accuracy = 𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(16)

where:

• 𝑇𝑃 = True Positives (correctly predicted positive instances)
• 𝑇𝑁 = True Negatives (correctly predicted negative instances)
• 𝐹𝑃 = False Positives (incorrectly predicted as positive)
• 𝐹𝑁 = False Negatives (incorrectly predicted as negative)

The true positive rate, also known as sensitivity or recall, measures 
the proportion of actual positives that are correctly identified. It is 
given by: 

TPR = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(17)

The false positive rate is the proportion of negative instances that 
are incorrectly classified as positive. It is given by: 

FPR = 𝐹𝑃
𝐹𝑃 + 𝑇𝑁

(18)

The true negative rate, also known as specificity, measures the 
proportion of actual negatives that are correctly identified: 

TNR = 𝑇𝑁
𝑇𝑁 + 𝐹𝑃

(19)

The Receiver Operating Characteristic (ROC) curve is a graphical 
representation of a classifier performance across different threshold 
values. The curve plots the true positive rate (TPR) against the false 
positive rate (FPR):

• X-axis: False Positive Rate (FPR)
• Y-axis: True Positive Rate (TPR)
The ROC curve allows visualization of the trade-off between sensi-

tivity and specificity.
The area under the ROC curve (AUC) quantifies the overall ability 

of the model to distinguish between classes. A perfect model has an 
AUC of 1, whereas a random model has an AUC of 0.5: 

AUC = ∫

1

0
TPR(𝑡) 𝑑FPR(𝑡) (20)

where 𝑡 represents the threshold used for classification.
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Fig. 3. Time-Series Mixer prediction examples. The figure shows four examples of Time-Series Mixer predictions, with each row corresponding to a different 45 h forecast (X-axis 
across all plots). The black curve represents the actual values measured by the ARPA stations. The red line represents the median of the probabilistic prediction, while the yellow 
and orange bands show the quantile ranges: [0.1−0.9] and [0.25−0.75], respectively. Temperature is given in Kelvin, wind speed in meters per second, relative humidity in percentage, 
and precipitation in millimeters.
3. Results and discussion

3.1. Time-Series Mixer predictions

The following section presents the results of the TSMixer predictions 
on the test set. We first showcase four prediction examples to illustrate 
how individual forecasts are generated. Then, we analyze the overall 
performance of the neural network across all test samples.

Fig.  3 presents four different examples of TSMixer probabilistic 
predictions (each row corresponds to one example). These examples 
demonstrate that the median prediction can serve as a deterministic 
forecast, allowing comparison with actual values (and with MOLOCH 
NWP). The probabilistic ranges provide additional insights, which are 
useful for risk assessment. Narrower bands indicate greater model con-
fidence in the median prediction. From these examples, we observe that 
the temperature and relative humidity have much narrower quantile 
bands compared to wind speed. For wind speed, the median follows the 
general trend, while the quantile bands capture the fluctuations around 
this trend. Precipitation represents a special case. In the examples, the 
lower quantiles ([0.1, 0.25]) are consistently zero, while the median and 
higher quantiles reach non-zero values. This behavior is explained by 
the statistical properties of hourly precipitation, which is highly skewed 
towards zero. As a result, the lower quantiles are compressed towards 
zero (since precipitation cannot be negative). The custom loss function, 
defined in Eq.  (7), enables non-zero values for the higher quantiles, 
providing a useful proxy for the observed precipitation. Due to the 
differences in prediction behavior, we analyze the overall performance 
of the TSMixer model in predicting temperature, wind speed, and 
humidity separately from precipitation.

3.1.1. Time-Series Mixer predictions: temperature, wind speed and relative 
humidity

Since the TSMixer prediction includes both deterministic values 
(the median prediction) and two probabilistic intervals based on the 
8 
four other quantiles used in the loss function, we evaluate these two 
aspects separately. The mean absolute error with respect to the median 
prediction is calculated on the test set for temperature, wind speed, and 
relative humidity, using Eq.  (11). The resulting values are: 1.44 K for 
temperature, 0.61m

s  for wind speed, and 6.86% for relative humidity. 
The error values for temperature and relative humidity are comparable 
to the typical accuracy of weather observation sensors, while the wind 
speed mean absolute error is comparable with that obtained in Shin 
et al. (2022). The empirical cumulative distribution function of absolute 
errors with respect to the TSMixer median (shown in red) is compared 
to those of the MOLOCH model (light blue) and the Past TSMixer model 
(green) in Fig.  4A, for each variable. In all cases, the TSMixer model 
exhibits smaller error distributions compared to the other two models. 
Additionally, the Past TSMixer model outperforms the MOLOCH model, 
except for the relative humidity where the MOLOCH model has lighter 
tails. We then compute the absolute error profile with respect to the 
median over the 45 h prediction horizon, as defined in Eq.  (12). The 
error profiles are displayed in Fig.  4B. The TSMixer model (red curve) 
consistently outperforms both the Past TSMixer (green curve) and the 
MOLOCH model (light blue curve) at each hour for all predicted vari-
ables. It is interesting to note that both AI models exhibit a bias around 
1 p.m., where higher temperatures may lead to more unstable weather 
conditions, resulting in larger absolute errors. In contrast, the MOLOCH 
model shows a minimum error around these hours for temperature. It is 
also noteworthy that the Past TSMixer shows an increasing trend over 
the prediction horizon for both temperature and relative humidity. In 
the first few hours, the error is comparable or even lower to that of the 
TSMixer, but it gradually increases, eventually surpassing the MOLOCH 
curve. This can be explained by the chaotic nature of weather system, 
where the information from past observations loses relevance after a 
short period. In contrast, the MOLOCH model incorporates the dynamic 
future evolution of weather, governed by physical laws, and therefore 
do not exhibit an increasing trend in absolute error. The TSMixer model 
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Fig. 4. Time-Series Mixer absolute error comparisons: temperature, wind speed and relative humidity. (A) The figure compares the empirical cumulative distribution function 
(ECDF) for three models: Time-Series Mixer (red), Past Time-Series Mixer (green), and the MOLOCH model (light blue), across the three weather variables. The 𝑋-axis represents 
the absolute error, while the 𝑌 -axis shows the ECDF. (B) The figure shows the average absolute error profile over the 45 h prediction horizon for the three models. The 𝑋-axis 
represents the prediction horizon (from 3 a.m. to 12 p.m. the following day), and the 𝑌 -axis represents the absolute error averaged over the test set.
Table 3
Time-Series Mixer validity. The table describes the validity metrics results.
 Model Temperature Wind speed Relative humidity 
 TSMixer q1,5 0.76 0.80 0.77  
 TSMixer q2,4 0.46 0.50 0.46  
 Past TSMixer q1,5 0.78 0.81 0.77  
 Past TSMixer q2,4 0.48 0.51 0.47  

Table 4
Time-Series Mixer efficiency. The table describes the efficiency metrics results.
 Model Temperature Wind speed Relative humidity 
 TSMixer q1,5 3.93 1.83 19.07  
 TSMixer q2,4 2.06 0.95 9.92  
 Past TSMixer q1,5 5.89 2.03 26.42  
 Past TSMixer q2,4 2.94 1.01 12.37  

shows a mixed behavior: in the first hours of the prediction horizon the 
absolute error has an increasing trend which then saturates after few 
hours.

To evaluate the TSMixer ability in generating accurate probabilis-
tic forecasts, we use the validity and efficiency metrics, defined in 
Eqs. (13) and (15). Validity measures the neural network ability to 
capture the quantiles of the true distribution, while efficiency assesses 
the neural network confidence in its quantile predictions. The validity 
results for the TSMixer and Past TSMixer quantile predictions are 
presented in Table  3.

Both neural networks show good validity, with values approaching 
the expected 0.80 for the [0.1, 0.9] quantile band and 0.50 for the 
[0.25, 0.75] quantile band. This indicates that the neural networks are 
capable of capturing the statistical variations of the true processes and 
providing reliable risk intervals for future predictions.

The efficiency results for the quantiles predictions of the TSMixer 
and Past TSMixer are shown in Table  4.

The TSMixer produces smaller risk intervals in all cases, indicating 
greater confidence when incorporating NWP as future covariates. These 
9 
results, combined with validity metrics, show that both models exhibit 
comparable validity, with the Past TSMixer performing slightly better 
by a few percentage points. However, the efficiency intervals of the 
Past TSMixer are significantly larger than those of the TSMixer model. 
The larger risk intervals produced by the Past TSMixer increase the 
likelihood of encompassing the true values, making its predictions 
appear more valid. However, the TSMixer achieves the same level 
of validity while maintaining narrower risk intervals, demonstrating 
higher confidence in its predictions. This highlights the importance of 
incorporating future covariates in local weather forecasting.

3.1.2. Time-Series Mixer predictions: precipitation
Next, we analyze the precipitation predictions. We confirm that the 

TSMixer generally predicts zero values for the first two quantiles. A 
similar behavior is observed in the Past TSMixer model. However, the 
use of an innovative custom quantile loss function defined in Eq.  (7), 
which penalizes zero predictions, combined with the prediction of log 
precipitation, has enabled TSMixer to predict non-zero values for the 
median and fourth and fifth quantiles. Despite these improvements, 
predicting local hourly precipitation remains an open challenge in the 
literature. Fig.  5 presents the results of the precipitation predictions 
on the test set. Fig.  5A compares the cumulative distribution of the 
logarithmic absolute error among the TSMixer model, the MOLOCH 
model, and the Past TSMixer model. A logarithmic scale is used to 
better visualize the distribution profiles, which would otherwise be con-
centrated near zero. As shown, the median predictions of the TSMixer 
model are slightly more accurate than those of the MOLOCH and Past 
TSMixer models. The Past TSMixer exhibits higher errors at smaller er-
ror scales. Fig.  5B compares the errors of the three models in predicting 
cumulative precipitation over the entire prediction horizon (i.e., total 
rainfall over the next two days). In this case, the MOLOCH model is 
slightly more accurate than the TSMixer model, while the Past TSMixer 
produces larger errors. Additionally, we perform a classification task 
to determine whether precipitation will occur in each of the next 45 h 
based on the models predictions. We then compute the ROC curve for 
this classification, along with the AUC, as defined in Eq.  (20). The 
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Fig. 5. Time-Series Mixer predictions: precipitation. (A) The figure shows the empirical cumulative distribution function (Y-axis) of the logarithm of the absolute error (X-axis) for 
precipitation predictions. It compares the Time-Series Mixer median prediction (red curve), the MOLOCH predictions (light blue curve), and the Past Time-Series Mixer median 
prediction (green curve). (B) The figure shows the empirical cumulative distribution function (Y-axis) of the absolute error (X-axis) for the cumulative precipitation predictions 
over the prediction horizon. It compares the Time-Series Mixer median prediction (red curve), the MOLOCH predictions (light blue curve), and the Past Time-Series Mixer median 
prediction (green curve). (C) The plot compares the ROC curves for predicting whether there is precipitation for each hour, using the Time-Series Mixer median, fourth and fifth 
quantiles (red, orange and yellow curves), the MOLOCH predictions (light blue curve), and the Past Time-Series Mixer median, fourth and fifth quantiles prediction (green, pale 
green and light green curves). The 𝑋-axis represents the false positive rate, and the 𝑌 -axis represents the true positive rate. The area under the curve (AUC) is displayed in the 
legend.
results are shown in Fig.  5C. All TSMixer quantile bands outperform the 
MOLOCH model, achieving higher AUC values, which indicate a better 
balance between true positive and false positive rates. Notably, the 
MOLOCH model has a false positive rate (FPR) comparable to the fifth 
quantile of the TSMixer model, suggesting that it tends to overpredict 
precipitation. This may explain the discrepancy between Fig.  5A and 
B, where the MOLOCH model cumulative precipitation predictions 
outperform the TSMixer model median predictions. The Past TSMixer 
model performs similarly to a random classifier for the fourth and 
fifth quantiles, while its median prediction exhibits a very high false 
positive rate. Overall, the MOLOCH and TSMixer models demonstrate 
comparable performance, whereas the Past TSMixer model performs 
significantly worse. This result is expected, as predicting future pre-
cipitation solely from past data patterns is inherently challenging. The 
MOLOCH model, specifically designed for convective phenomena, nat-
urally excels in precipitation forecasting; however, at such small scales 
it is far from guaranteed that convection can be correctly predicted 
in time and space, given the consistently significant uncertainty. The 
TSMixer model is able to approximate these forecasts but does not 
provide additional predictive value. The statistical properties of hourly 
precipitation present significant challenges for neural networks, making 
accurate predictions for localized fields particularly difficult.

For precipitation, the model faces clear limitations due to the com-
plex physical nature of precipitation and its challenging statistical 
properties on hourly time scales. An improvement in precipitation 
predictions could be achieved by incorporating additional factors such 
as the spatial characteristics of the terrain and vegetation presence, 
which may influence precipitation patterns.
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3.2. Time-Series Mixer interpretation

Given the inherently black-box nature of the TSMixer algorithm, it 
is crucial to interpret how the neural network produces predictions, 
or at least identify which inputs are most influential. To achieve this, 
we apply an input perturbation strategy, as described in the Methods 
Section 2.6.3.

The results of the input perturbation analysis for each hour of the 
prediction horizon are shown in Fig.  6 for temperature, wind speed, 
and relative humidity predictions. We have excluded precipitation from 
this analysis, as the TSMixer model does not outperform the MOLOCH 
model in that case, making it less relevant for interpretation. Fig.  6A 
illustrates the input importance for the median temperature prediction. 
Perturbing the past temperature measured by the ARPA weather station 
results in mean absolute errors 5 times higher during the initial hours of 
the prediction horizon (the errors have been defined in Eq.  (9)). Among 
the future variables, air temperature is the most influential, followed 
by wind speed, dew point temperature, and soil temperature. Fig.  6B 
shows the input importance for the median wind speed prediction. 
The most significant past variable is wind speed, especially in the first 
hours of the prediction horizon. The most relevant future covariates 
are precipitation and the U and V components of wind speed. Fig.  6C 
highlights the input importance for the relative humidity prediction. 
Past relative humidity is the most important input, particularly in 
the early hours of the prediction horizon. Among future covariates, 
downward short-wave radiation flux, temperature, and wind speed are 
the most influential. This analysis reveals that past input variables 
related to the predicted variable play a crucial role in the prediction 
process, especially during the first hours of the prediction horizon 
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Fig. 6. Time-Series Mixer input importance. The figure illustrates the importance of past and future inputs for Time-Series Mixer predictions of temperature (A), wind speed (B), 
and relative humidity (C). The 𝑌 -axis lists the input variables, with the upper plot displaying the importance of past inputs and the bottom plot showing the importance of future 
inputs. The 𝑋-axis represents the prediction horizon in hours. The colorbar indicates the mean absolute percentage error resulting from input perturbation, defined in Eq.  (9).
for temperature and relative humidity. This finding aligns with the 
results in Fig.  4B, where the TSMixer and Past TSMixer show similar 
performance in the early hours, when past information still plays a 
significant role compared to the chaotic nature of weather systems. 
Additionally, future covariates related to the predicted variable are 
important. For temperature predictions, MOLOCH air temperature, 
soil temperature, and dew point are particularly influential, while 
for wind speed predictions, the U and V components of wind speed 
and precipitation are key variables. The case of relative humidity is 
particularly interesting, as MOLOCH relative humidity appears to have 
little influence on local relative humidity predictions. Instead, the most 
important future variables are downward short-wave radiation flux 
and temperature and wind speed. This behavior can be explained by 
the fact that local humidity is heavily affected by local vegetation 
and terrain, factors not fully captured by the MOLOCH model, while 
temperature and short-wave radiation may help adjust predictions for 
relative humidity.

3.3. Prediction of hazardous events for agriculture

Since we have confirmed that the TSMixer neural network, trained 
with local weather data and NWP, outperforms both the MOLOCH 
model and the Past TSMixer, and that its predictions are interpretable, 
we now aim to assess its practical value in the context of precision 
agriculture. Specifically, we want to ensure that its application is not 
merely technical but offers real value. To this end, we evaluate TSMixer 
ability to predict hazardous events for agriculture. Each hazardous 
event is associated with specific weather conditions, as defined in the 
Methods section. We verify that the TSMixer predictions accurately 
capture these events. To assess TSMixer performance, we conduct a 
classification analysis. A value of 1 is assigned when the hazardous 
event is correctly detected (i.e., TSMixer predicts it and it actually oc-
currs), and 0 otherwise. We then apply classification metrics, as defined 
in the Methods section, to compare the performance of TSMixer with 
that of the MOLOCH model and the Past TSMixer. For each hazardous 
event, we select two weather stations located near agricultural sites 
susceptible to the event. In the following paragraphs, we describe the 
results obtained for each event separately.

Fig.  7A presents the ROC curve for detecting frost events within the 
next 45 h. Based on the AUC metric, the TSMixer model outperforms 
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Table 5
Frost event classification. The table describes the frost event classification metrics.
 Model TP FP TN FN Sens. Spec. 
 MOLOCH 205 188 663 6 0.97 0.78  
 TSMixer median 167 17 834 44 0.79 0.98  
 TSMixer q1 205 109 742 6 0.97 0.87  
 TSMixer q2 199 57 794 12 0.94 0.93  
 Past TSMixer median 135 7 844 76 0.64 0.99  
 Past TSMixer q1 193 83 768 18 0.91 0.90  
 Past TSMixer q2 166 46 805 45 0.79 0.95  

both the Past TSMixer and the MOLOCH model. From a cost optimiza-
tion perspective, the second quantile prediction of TSMixer offers a 
strong balance between true positive rate (TPR) and false positive rate 
(FPR) compared to the other models. However, as shown in Table  5, 
the first quantile prediction of TSMixer and the MOLOCH achieve the 
highest sensitivity. The MOLOCH model presents an higher FPR with 
respect to the first quantile prediction of TSMixer. Therefore, the last 
model should be taken into consideration, if the cost of implementing 
frost protection measures in orchards is considered lower than the 
potential damage caused by frost misclassification.

Fig.  7B shows the ROC curve for detecting rice germination block 
events within the next 45 h. Based on the AUC metric, the TSMixer 
and Past TSMixer median predictions outperform the MOLOCH model. 
The first and second quantiles of TSMixer perform better than the Past 
TSMixer model, primarily due to a lower FPR. Table  6 provides addi-
tional classification metrics for germination block detection. Overall, 
both the TSMixer and Past TSMixer median offer the best combination 
of sensitivity and specificity compared to the other predictions. How-
ever, TSMixer exhibits a higher number of false negatives than the Past 
TSMixer, and the MOLOCH model, which on the contrary, have higher 
false positive rates. These results suggest that for purely protective 
purposes, the MOLOCH model may suffice to prevent germination 
blockages. However, from a cost-optimization perspective, AI models 
like TSMixer can reduce the number of false positives, thus lowering 
resource use for unnecessary preventive measures.

Fig.  7C presents the ROC curve for detecting heat stress events over 
the next 45 h (one event per hour). Based on the AUC metric, the 
TSMixer model outperforms both the Past TSMixer and the MOLOCH 
model, achieving AUC values of 0.95, 0.97, and 0.95 for the median, 
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Fig. 7. Hazardous event classification with Time-Series Mixer. The figure presents the ROC curves for hazardous event classification: (A) frost, (B) germination block, and (C) heat 
stress. The following predictions are compared: MOLOCH model (light blue), Time-Series Mixer median (red), Time-Series Mixer first quantile (yellow), Time-Series Mixer second 
quantile (orange), Past Time-Series Mixer median (green), Past Time-Series Mixer first quantile (lime green), and Past Time-Series Mixer second quantile (pale green). The legend 
also includes the AUC values for each model.
Table 6
Germination block event classification. The table describes the germination block event 
classification metrics.
 Model TP FP TN FN Sens. Spec. 
 MOLOCH 265 39 34 1 0.99 0.47  
 TSMixer median 235 1 72 31 0.88 0.99  
 TSMixer q1 263 17 56 3 0.99 0.77  
 TSMixer q2 253 6 67 13 0.95 0.92  
 Past TSMixer median 236 1 72 30 0.89 0.99  
 Past TSMixer q1 266 37 36 0 1.00 0.49  
 Past TSMixer q2 262 16 57 4 0.98 0.78  

Table 7
Heat stress event classification. The table describes the heat stress event classification 
metrics.
 Model TP FP TN FN Sens. Spec. 
 MOLOCH 881 188 42048 537 0.62 0.99  
 TSMixer median 1294 736 41500 124 0.91 0.98  
 TSMixer q4,2 1399 2352 39884 19 0.99 0.94  
 TSMixer q5,1 1410 4137 38099 8 0.99 0.90  
 Past TSMixer median 912 436 41800 506 0.64 0.64  
 Past TSMixer q4,2 1357 2459 39777 61 0.96 0.94  
 Past TSMixer q5,1 1403 6084 36152 15 0.99 0.86  

first-fifth, and second-fourth quantile predictions, respectively. Table 
7 provides additional classification metrics for heat stress detection. 
Also for these metrics the TSMixer shows better performances with 
respect to the MOLOCH and Past TSMixer models. The TSMixer first-
fifth quantile model shows less false negatives than the second-fourth 
quantile model, whilst the TSMixer second-fourth quantile model shows 
less false positives than the first-fifth quantile model. However, in the 
case of detecting individual hours of heat stress—which does not incur 
significant costs in terms of prevention or milk production loss—a 
well-balanced model like the second-fourth quantile predictions from 
TSMixer may be the optimal choice.

The classification analysis shows that the TSMixer model achieves 
high accuracy in detecting hazardous events, also optimizing cost-
effective counteracting strategies. Overall, the TSMixer model outper-
forms both the MOLOCH and Past TSMixer models. In addition, we 
have evaluated the TSMixer capabilities in detecting consecutive hours 
with hazardous event in the Supplementary materials, showing its great 
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capabilities. From a risk prevention perspective, the MOLOCH model 
proves reliable for frost and germination blockage events, showing 
very few false negatives. In contrast, MOLOCH predictions are less 
reliable for heat stress prevention, likely because the heat stress indi-
cator combines several weather variables and is more sensitive to local 
field conditions. In addition, the MOLOCH model exhibits a cold bias 
at higher temperatures, potentially impairing its ability to accurately 
detect heat stress events. From a cost-optimization standpoint, the AI 
models outperform the MOLOCH model, positioning them as promis-
ing tools for providing reliable weather predictions tailored to local 
agricultural sites.

4. Conclusions

We develop an AI-based framework using TSMixer to produce mul-
tivariate weather forecasts. Trained on past local data and MOLOCH 
model predictions, TSMixer predicts the 45 h probabilistic evolution of 
temperature, wind speed, humidity, and precipitation for six agricul-
tural sites in Northern Italy. The model outperforms both MOLOCH and 
a past-data-only TSMixer for temperature, wind speed, and humidity, 
whilst the hourly precipitation predictions are comparable between the 
MOLOCH and TSMixer model. Input analysis confirms that TSMixer 
focuses on key physical variables. Additionally, TSMixer surpasses both 
models in detecting agricultural hazards, including frost, germination 
block, and heat stress.

The primary limitation of our approach lies in hourly precipitation 
predictions. The statistical properties of precipitation, which are highly 
skewed towards zero, make accurate neural network predictions chal-
lenging. Improvements could be achieved by incorporating additional 
factors such as terrain characteristics and vegetation presence, which 
likely influence precipitation patterns. A further potential solution 
could involve interpolating the MOLOCH grid point data to smooth 
variations in weather variables. Another limitation is the relatively 
short period covered by the test set (from January 1, 2023, to June 
30, 2024). While this period provides a reasonable sample of hazardous 
events, it does not span a long time frame. This constraint arises from 
the need for substantial data for training and validation. Future studies 
could extend the testing period or augment the data by incorporating 
additional weather stations.



M. Zanchi et al.

cts/

Environmental Modelling and Software 191 (2025) 106509 
Despite the challenges in hourly precipitation prediction, our study 
addresses key gaps in the literature by introducing probabilistic, mul-
tivariate weather forecasting that combines local data and numerical 
predictions using AI. These forecasts are effective for detecting haz-
ardous events related to temperature, humidity, and wind speed. By 
providing reliable probabilistic forecasts and enhancing the early de-
tection of hazardous events, our study substantially supports decision-
making processes in precision agriculture. This approach facilitates 
improved risk management, boosts agricultural productivity, and op-
timizes resource utilization. These innovations are especially critical 
given agriculture high sensitivity to weather variability and extreme 
events, both of which strongly influence farm productivity and eco-
nomic returns. As climate change continues to increase the occurrence 
and intensity of extreme weather conditions, robust and precise fore-
casting methods become indispensable. Additionally, the lightweight 
nature of TSMixer makes it well-suited for on-field implementation. 
By transmitting NWP data for the agricultural site to IoT sensors and 
weather stations via Internet connections, TSMixer can run directly 
on these devices, enabling real-time monitoring of local microclimate 
conditions in precision agriculture.

Software and data availability section

• Software name: LocalWeatherPredictionsDL
• Developer: Marco Zanchi
• Contact information: marco.zanchi97@gmail.com
• First year available: 2025
• Software required: Google Colab
• Program language: Python
• Source code at https://github.com/dndg/LocalWeatherPrediction
sDL

• Documentation: Detailed documentation for application installa-
tion, testing can be found at https://github.com/dndg/LocalWea
therPredictionsDL

• Data availability: MOLOCH data are available in grib2 format 
upon request from the server https://tds.bo.isac.cnr.it/. Please 
send your request to dinamica@isac.cnr.it or to the corresponding 
author.
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