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PAPER

Advanced Model for Predicting Weather Conditions 
for Smart Grape Cultivation: A Comparative Study 
between Kosovo and Iowa

ABSTRACT
Smart agriculture, powered by data and advanced technologies, is transforming traditional 
farming practices. Given the sensitivity of grapevine cultivation to climate variability, accurate 
weather prediction is essential for optimizing yield and quality. This study introduces a predic-
tive model designed to enhance smart grape cultivation through a comparative analysis between 
Kosovo and Iowa. The model forecasts weather conditions and determines optimal timing 
for grape spraying, using historical weather data and advanced forecasting techniques. Four 
algorithms—NeuralProphet, SARIMA (Seasonal AutoRegressive Integrated Moving Average), 
Random Forest Regression, and a Keras-based Artificial Neural Network (ANN)—are evaluated. 
The accuracy and performance of the model are evaluated using metrics like mean absolute 
error (MAE), root mean square error (RMSE), and mean squared error (MSE). By providing 
timely, data-driven insights for protective treatments, the study aims to improve cultivation 
efficiency, maximize yield quality, and minimize losses. The comparative approach also high-
lights regional climatic differences, offering tailored strategies for effective grape management.

KEYWORDS
smart agriculture, machine learning, grapevine cultivation, weather data prediction, 
grape spraying

1	 INTRODUCTION

Grape cultivation is highly sensitive to climatic conditions—particularly tem-
perature, humidity, and precipitation—which directly influence vine growth, dis-
ease incidence, and fruit ripening. Given the global importance of grape production 
for winemaking and consumption, the development of accurate weather prediction 
models is crucial. This study aims to design an advanced, region-specific model tai-
lored to the needs of grape growers in Kosovo and Iowa, two regions characterized 
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by distinct climates and soil conditions. By leveraging machine learning techniques 
and real-time environmental data, the proposed model forecasts weather-related 
risks and supports more informed, adaptive cultivation practices.

Modern agriculture increasingly relies on smart farming to enhance crop yields, 
optimize resource use, and improve overall productivity. Predictive modeling and 
anomaly detection play a central role in this transformation. This study builds on 
these technologies to advance grape cultivation in alignment with precision agri-
culture and sustainability goals. Through the integration of advanced data-driven 
approaches, our objective is to optimize grape yield, quality, and resource efficiency. 
The methodology combines laboratory experiments, data analysis, and field trials 
to validate model performance. The focus of this study is on grape cultivation in 
Kosovo and the United States (specifically Iowa), enabling a comparative analysis of 
how climatic variations impact grape quality and yield.

As in many other industries, agriculture is increasingly recognizing the strategic 
value of data. Technologies such as artificial intelligence, data mining, and integrated 
information systems enable farmers to better understand and respond to the dynamics 
of their land. These tools not only assist individual producers but also aid government 
agencies and academic researchers in making informed, data-supported decisions. The 
accessibility of such insights enhances decision-making across the agricultural sector.

The evolution of human civilization has been closely linked to agricultural devel-
opment. Agricultural landscapes reflect both the environmental and cultural heri-
tage of the communities that cultivate them. Today’s challenges—ranging from food 
security and natural resource management to environmental sustainability and 
population growth—demand coordinated responses from governments and insti-
tutions. Historically, efforts to support agriculture were limited by factors such as 
climate variability and volatile markets. However, modern technological advance-
ments now offer more adaptive and sustainable solutions.

“Smart agriculture” refers to the application of digital technologies to replicate, 
monitor, and optimize agricultural processes [21] [22] [23]. This transformation 
reduces physical labor and enhances decision-making through precise interven-
tions, efficient resource use, and improved yield management. It also facilitates bet-
ter economic and administrative control over agricultural production systems.

In response to the growing impacts of climate change, this study investigates 
grape cultivation practices in Kosovo and Iowa. The study examines how variations 
in climate affect grape yield and quality, using sensor-based data collected from vine-
yards in the Prizren region of Kosovo and comparable data from Iowa. Interviews 
with local farmers further enrich the dataset, providing insight into cultivation tech-
niques, grape processing, and sterilization timing.

Kosovo’s continental climate, with its hot, dry summers, offers favorable condi-
tions for grape production but also introduces risks such as frost and abrupt tem-
perature fluctuations. In contrast, Iowa’s humid continental climate—characterized 
by high rainfall and humidity—creates a favorable environment for grape diseases 
such as downy mildew. These differing climatic challenges highlight the need for a 
robust, localized model capable of forecasting and mitigating weather-related risks 
to improve both grape yield and quality.

Kosovo and Iowa were chosen for this study due to their limited representation in 
existing viticultural research compared to well-studied regions such as Italy, France, 
and California. By analyzing the unique climate conditions in these areas, we aim 
to develop models that provide practical support for local grape growers. Given the 
significant regional differences in climate, predictive models from other viticultural 
zones cannot be directly applied without adaptation. This study is motivated by the 
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increasing economic pressures caused by climate change and the urgent need for 
localized, climate-aware agricultural solutions.

The remainder of this paper is structured as follows: Section 2 reviews related 
work. Section 3 presents the study’s objectives and methodology. Section 4 provides 
weather prediction results and a correlation analysis of climatic variables in Kosovo 
and Iowa. Section 5 introduces a model for determining optimal grape spraying 
times. Section 6 discusses the key findings, and Section 7 concludes the study.

2	 RELATED WORKS

Weather prediction models have been extensively applied in agriculture, focus-
ing on crops like corn, wheat, and rice. However, few studies have specifically tar-
geted grape cultivation, despite its sensitivity to microclimatic changes. Previous 
models have relied on basic meteorological data and generalized algorithms that 
lack region-specific precision. With the advent of big data analytics and machine 
learning, predictive models can now integrate a wider range of variables, including 
soil moisture, disease spread, and vineyard microclimates.

Kosovo has seen limited research on weather prediction models for viticulture, 
despite its growing wine industry. Iowa, while better known for crops like corn and 
soybeans, has a small but emerging grape-growing sector. Studies show that grape-
vines can thrive in both regions with proper climate management, but the develop-
ment of predictive models tailored to local conditions is still in its infancy. Table 1 
below presents a comparative overview of weather prediction models in agriculture. 
We have defined the aspects based on which the comparison is done. Also, we focus 
on two categories of crop: the first group, corn, wheat, and rice, and the second group, 
grapes. The table presents a comparison between two countries, Iowa and Kosovo.

Table 1. Comparative overview of weather prediction models in agriculture

Aspect General Crop Focus (Corn, 
Wheat, Rice)

Grape  
Cultivation Kosovo Iowa

Research Volume Extensive Limited Minimal research despite 
wine industry growth

Limited, emerging 
grape sector

Model Specificity Generalized models based on 
basic meteorological data

Requires microclimate sensitivity No tailored model exists No tailored model exists

Technological 
Integration

Basic algorithms, some using 
ML and big data

Needs integration of vineyard-
specific variables

Lacks advanced 
modeling tools

Lacks advanced 
modeling tools

Variables 
Considered

Temperature, 
precipitation, etc.

Also needs soil moisture, disease 
presence, microclimate

No integrated 
datasets available

No integrated 
datasets available

Regional 
Modeling Gap

Many region-specific 
models exist

Few models tailored to specific 
grape-growing regions

Unaddressed in literature Unaddressed in 
literature

Implication Improved yield predictions 
for staple crops

Potential to boost grape production 
and disease control

High potential if models 
are developed

High potential if models 
are developed

The authors of this paper [1] present a detailed exploration of automated anom-
aly detection systems, particularly in the context of smart cities. Their approach syn-
thesizes a variety of methodologies and techniques, addressing the challenges posed 
by different sensor types and data acquisition protocols commonly found in urban 
environments.
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In the field of anomaly detection, existing literature [2] thoroughly discusses the 
issues related to sensor data collection and identification of irregularities. These 
challenges, often linked to the strategic placement of sensors and variability in data 
quality, are tackled through various proposed solutions. The paper systematically 
explores these difficulties and outlines strategies to overcome them.

Another notable study [3] contributes to this domain by proposing a comprehen-
sive framework for real-time monitoring of data streams from sensor networks. The 
study’s methodology is highly adaptable, designed to manage diverse data protocols 
from different sensor access points, specifically within the infrastructure of smart cities.

A specialized system for real-time Internet of Things (IoT) anomaly detection [4] 
has also been developed. This architecture integrates five unique detection algo-
rithms to accurately pinpoint outliers. A consensus mechanism, supported by a 
decision function, determines whether a given data point in the time series truly 
represents an anomaly, ensuring precise identification.

Addressing anomaly classification in multiple IoT environments, another paper 
[5] introduces two key contributions. The first is a novel methodological framework 
that promises to fuel future research, while the second focuses on extending anom-
aly detection techniques for broader application across various IoT contexts.

Innovative techniques continue to advance the field, such as the introduction of 
the GEER-DLAD system [6], which is designed to optimize IoT-based applications. 
This technique gathers data from IoT devices, compresses it using the ELC tech-
nique, and then employs the MSO algorithm to determine the most efficient routing 
path for data transmission.

In another study [7], the creation of a labeled IoT dataset for anomaly detection 
is highlighted. This dataset features a Dynamic Adaptive Detection (DAD) approach 
coupled with real-world traffic data, providing insights into diverse anomaly sce-
narios. Machine learning algorithms are applied to analyze data from IoT devices, 
improving the accuracy of anomaly detection.

Further expanding the scope of research, a study [8] examines anomaly detection 
in the field of smart agriculture. This study focuses on combining algorithms such as 
MLR and LSTM to achieve optimal results, emphasizing the importance of detecting 
anomalies in agricultural applications.

A separate investigation [9] into anomaly detection solutions within the IoT eco-
system highlights common practices, such as the use of hash-based or log-based 
comparisons. These methods, while effective in many cases, often fail to detect hid-
den anomalies, underscoring the need for more sophisticated detection strategies.

A novel approach [10] integrates IoT advancements into urban systems for haz-
ard detection, utilizing observational data to preemptively identify weather-related 
threats. This early detection system plays a crucial role in saving lives and minimiz-
ing property damage by recognizing potential hazards before they escalate.

Building on the body of existing research [11], another paper explores the vulnerabil-
ities of IoT devices in decentralized transmission frequency management systems. The 
study delves into the tactics used by attackers to manipulate transmission frequency and 
data stream speeds, discussing the various strategies employed to mitigate such risks.

Smart cities are a key focus of IoT research, and one paper [12] outlines an auto-
mated system for detecting anomalies within urban IoT networks. The system suc-
cessfully identifies different types of anomalies across a range of contexts, from 
mobile devices to vehicles and air sensors, using data gathered from multiple sen-
sors deployed throughout smart city infrastructure.

Given the wide array of anomaly detection algorithms available, a comprehen-
sive review [13] provides a classification of these methods. It highlights three primary 
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categories—testing, semi-testing, and detection of unavailable data—each using spe-
cific algorithms, such as support vector machines (SVM) and artificial neural networks 
(ANN), to detect faults. Semi-supervised error detection methods are also explored, 
employing Auto-Encoders, Gaussian Models, and Kernel Density Estimation techniques.

The role of fog computing [14] in smart city anomaly detection and secure data 
transmission is also discussed in detail. This paper emphasizes how fog computing 
can help meet the rigorous demands of smart city applications by enabling more 
efficient and secure data management.

In the realm of precision agriculture, deep convolutional neural networks and 
unmanned aerial vehicles (UAVs) are used for detecting anomalies in grape culti-
vation [15]. This study showcases the potential of these advanced technologies in 
enhancing the precision and efficiency of agricultural monitoring systems.

A conference paper [16] delves into the application of IoT and machine learn-
ing technologies for anomaly detection in precision agriculture, emphasizing their 
relevance to smart farming and vineyard management. Similarly, a comprehensive 
review [17] explores machine learning algorithms’ applications in precision agricul-
ture, offering insights into predictive modeling and anomaly detection, particularly 
within grape cultivation.

A separate study [18] demonstrates the use of deep learning techniques for 
in-field grapevine detection, highlighting their potential in enhancing smart agricul-
tural practices. This innovation represents a significant step forward in automated 
detection systems for anomaly management.

Additional research [19] focuses on automated methods for detecting powdery 
mildew in vineyards, a key challenge in grape cultivation. This paper underscores 
the importance of early and accurate detection to prevent the spread of this com-
mon disease.

A study [20] investigates the use of 3D deep learning and hyper-spectral imaging 
to identify plant diseases, a crucial aspect of improving anomaly detection capabili-
ties in grape farming.

In the growing field of data-driven agriculture, another study [24] explores the 
integration of remote sensing technologies to monitor environmental factors like 
soil moisture and precipitation. This study provides critical insights for the early 
detection of crop diseases and supports sustainable farming practices.

Another paper [25] discusses the deployment of low-cost IoT sensor platforms 
in vineyards, enabling real-time monitoring and predictive modeling of environ-
mental conditions. This technology enhances grape production by offering timely 
recommendations for irrigation and disease management.

Further advancements in this domain include a study [26] utilizing convolutional 
neural networks (CNNs) for early diagnosis of grape diseases. By integrating real-
time environmental data, this approach improves disease prediction and manage-
ment, aligning with modern precision agriculture trends. This study [46] trajectory 
emphasizes the vital role of technological innovations in advancing anomaly detec-
tion across a range of industries, from urban smart cities to agricultural practices.

This study [47] aims to enhance farmers’ productivity and improve crop plan-
ning through a hydroponics system that precisely controls key environmental fac-
tors essential for plant growth, including temperature, humidity, water temperature, 
pH, and electrical conductivity. Utilizing the IoT, the system provides real-time mon-
itoring, control, and notifications, enabling farmers to promptly adjust conditions 
and optimize crop treatment. 

In Table 2, a comparison overview of anomaly detection in IoT agriculture 
is provided.
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Table 2. Comparative overview of anomaly detection systems in IoT and agriculture

Reference Focus Area Approach/Method Application Domain

[1] Smart cities Automated anomaly detection using diverse methodologies Urban IoT networks
[2] Sensor variability issues Strategies for data acquisition and placement General IoT systems
[3] Real-time monitoring Framework adaptable to diverse sensor protocols Smart cities
[4] IoT anomaly detection 

architecture
Five-algorithm detection with decision consensus General IoT

[5] Multi-IoT environments Framework for classification and extension of detection methods General IoT
[6] IoT routing optimization GEER-DLAD system with ELC compression and MSO algorithm IoT data transmission
[7] IoT dataset creation Dynamic Adaptive Detection (DAD) + real-world data IoT anomaly scenarios
[8] Smart agriculture Combined MLR and LSTM for anomaly detection Agricultural monitoring
[9] Traditional detection issues Limitations of hash/log-based methods IoT ecosystems

[10] Urban hazard detection Early threat identification using observational data Weather and disaster prediction
[11] IoT security vulnerabilities Mitigation strategies in decentralized frequency management IoT communication networks
[12] Urban anomaly detection Systematic urban IoT anomaly detection Smart cities
[13] Algorithm classification SVM, ANN, Auto-Encoders, Gaussian Models, KDE General anomaly detection
[14] Fog computing in 

anomaly detection
Secure and efficient data transmission Smart cities

[15] Grape cultivation Deep CNN + UAVs for monitoring Precision viticulture
[16] Smart farming IoT + ML in vineyard anomaly detection Precision agriculture
[17] Algorithm application review Overview of ML models in anomaly detection Precision agriculture
[18] Grapevine detection Deep learning for in-field detection Vineyard monitoring
[19] Disease detection Automated powdery mildew detection Viticulture disease control
[20] Hyper-spectral imaging 3D DL + spectral data for disease detection Vineyard disease management
[24] Environmental monitoring Remote sensing for soil moisture and precipitation Sustainable agriculture
[25] Real-time monitoring Low-cost IoT platforms for prediction Vineyard management
[26] Early disease detection CNN + real-time data for grape disease prediction Precision grape farming

Despite substantial advances in weather prediction and anomaly detection, no 
existing studies have focused on grape cultivation in Kosovo or Iowa, nor do any 
comparative models exist between these two regions. Current literature primarily 
targets staple crops or generalized IoT applications, lacking the granularity needed 
for viticulture. Our study is distinctive in that it develops a weather prediction 
model tailored to these under-researched regions, integrating local environmental 
and agricultural factors. This region-specific focus addresses a critical gap and offers 
practical tools for vineyard management in emerging wine industries.

3	 RESEARCH OBJECTIVES AND METHODOLOGY

The primary goals of this project are defined by the following key objectives:

•	 Data Acquisition: Collect data from IoT sensors deployed in the Prizren region 
of Kosovo, as well as from relevant sources in the United States. This includes 
data obtained from the Kosovo Hydrometeorological Institute [43], the Vineyard 
Institute [44], the vineyard at Iowa State University’s Horticultural Research 
Station [42], and private vineyards in Iowa.
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•	 Data Preparation: Perform thorough data cleaning and preprocessing to 
ensure high-quality, consistent datasets that are suitable for subsequent model-
ing activities.

•	 Predictive Modeling: Evaluate the performance of predictive models designed 
to estimate grape yield based on various environmental and climatic factors.

•	 Cross-Regional Analysis: Analyze and compare data from both Kosovo and 
Iowa to understand how regional climatic variations influence grape cultivation, 
focusing on both yield and quality. Notably, no existing studies propose a model 
for predicting the optimal time for grape spraying in either of these regions.

•	 Recommendations: Provide actionable recommendations and insights to grape 
farmers in both regions, helping them to optimize cultivation practices and adapt 
to changing climate conditions.

Methodology: Our methodology follows a comprehensive, multi-step approach:

•	 Data Collection: Utilize IoT sensors to collect real-time data on key environmen-
tal variables such as temperature, soil moisture, wind speed, and atmospheric 
pressure. In addition, gather historical weather data and conduct interviews with 
local farmers to enrich and contextualize the dataset.

We have collected weather condition data for both Kosovo [43] and Iowa [42]. 
Tables 3 and 4 present a sample of the dataset used in this study.

Table 3. Weather data for Ames IOWA

IOWA-Ames Weather Data

Timestamp Air Pressure Humidity Temperature Wind Speed 

1/1/2018 0:53 1045.8 70.13 -24.39 9.2

1/1/2018 1:53 1045.9 69.99 -25 9.2

1/1/2018 2:53 1046 70.58 -25.61 9.2

1/1/2018 3:53 1046.2 69.73 -26.11 11.5

1/1/2018 4:53 1046.4 69.73 -26.11 12.65

1/1/2018 5:53 1046.4 69.73 -26.11 11.5

Table 4. Weather data for the Kosovo Prizren region

Kosovo-Prizren

Timestamp Air Pressure Humidity Temperature Wind Speed 

01.01.2018 00:00:00 974.446 100.2 -1.4 0.46

01.01.2018 01:00:00 974.248 100.2 -2.8 0.4

01.01.2018 02:00:00 974.182 100.2 -3 2.52

01.01.2018 03:00:00 973.652 100.2 -3.5 2.22

01.01.2018 04:00:00 973.189 100.2 -2.7 0.89

01.01.2018 05:00:00 972.726 100.2 -4.1 0.7

01.01.2018 06:00:00 972.064 100.2 -2 1.88

The dataset spans from 2018 to 2023 and is used to generate weather predictions 
for the year 2024. It consists of time-series data with an hourly frequency.
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Table 5 presents grape cultivation data from the Kosovo Viticulture Institute for the 
period 2018 to 2022. Using weather predictions generated by our proposed model, we 
will analyze this dataset to identify the optimal timing for grape spraying. Additionally, 
qualitative data was collected through interviews with farmers from both Kosovo and 
the United States, providing further context and validation for our analysis.

Table 5. Data from the Kosovo Viticulture Institute

2018 2019 2020 2021 2022

Total number of vineyards 8,473

Total number of farmers 4,960

Area, ha Vineyards 3,272 3,367 3,437 3,471 3,472

Wine grape 2,455 2,489 2,526 2,533 2,521

Table grape 816 878 911 938 951

Production, t Vineyards 27,322 19,318 26,330 26,527 23,506

Wine grape 22,324 14,772 20,049 19,091 16,461

Table grape 4,998 4,546 6,281 7,435 7,045

Yield, t/ha Vineyards 8.4 5.7 7.7 7.6 6.8

Table grape 6.1 5.2 6.9 7.9 7.0

Wine grape 9.1 5.9 7.9 7.5 16.5

Grape price on the market (euro) Table grape 1.09 0.98 1.09 1.20 1.52

Grape price on farm (euro) Table grape / 0.68 0.63 0.53 0.69

Wine grape / 0.21 0.24 0.19 0.23

Wine production, ‘000 litrers Total wine 11,744 5,754 9,429 7,785 7,862

White wine 6,234 3,380 5,100 4,744 4,643

Red wine 5,441 2,325 4,295 3,001 3,140

Rose wine 69 49 35 40 79

The number of farmers who applied for 
government grants for grape cultivation

3,012 2,939 2,919 35 2,722

The data for Iowa we get from interviews with farmers, which are presented 
in Table 6.

Table 6. Data from Iowa private vineyards

Data from SNUS Hill vineyard-IOWA

2019 2020 2021 2022 2023 2024

Production, t 28.2 9.62 30.2 20.9 39.8 28.1

Area, ha 2.96 3.16 3.18 3.23 3.16 2.87

Yield, t/ha 9.5 3.0 9.5 6.5 12.6 9.8

A severe windstorm (derecho) occurred in Iowa on August 10, 2020, just a few days 
before the harvest of the Edelweiss grape variety. Several varieties, including Edelweiss, 
were either abandoned or experienced yield losses exceeding 50% due to extensive 
fruit bruising. Later-maturing red varieties, such as Marquette and Frontenac, particu-
larly those planted in north-south row orientations, failed to reach full maturity, likely 
as a result of both physical bruising and damage caused by the windstorm.
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Table 7. Comparison between yield per t/ha for Kosovo and Iowa in the last six years

2019 2020 2021 2022 2023 2024

Yield, t/ha IOWA 9.5 3.0 9.5 6.5 12.6 9.8

Yield, t/ha Kosovo 5.7 7.7 7.6 6.8 6 18

Fig. 1. Comparison of yield per t/ha in Iowa and Kosovo

Figure 1 illustrates that, overall, grape yield per hectare is higher in Iowa compared to 
Kosovo. This disparity is particularly significant in 2023, a year during which extremely 
high temperatures in Kosovo caused substantial damage to grape crops. Field visits and 
interviews with farmers in both regions further revealed that grape spraying practices 
in Iowa are not only more frequent but also more diverse than those in Kosovo.

Predictive Modeling: To forecast grape yield, we utilize the SARIMA (Seasonal 
AutoRegressive Integrated Moving Average) model [34], which incorporates histor-
ical data, climatic variables, and other relevant factors. The model is designed to be 
dynamically updated, ensuring sustained accuracy and applicability over time.

In our previous study [33], we conducted a comprehensive evaluation of several 
predictive algorithms for time-series weather data. These included NeuralProphet 
[37], Random Forest Regression [38], SARIMA, and Artificial Neural Networks (ANN) 
implemented using Keras [39]. Following a detailed comparative analysis [33], 
SARIMA emerged as the most effective model for our specific application.

The SARIMA model outperformed the others based on standard evaluation met-
rics, including Mean Absolute Error (MAE) [40], Root Mean Square Error (RMSE) [41], 
and Mean Squared Error (MSE) [41]. The comparative results, as documented in our 
previous work, are summarized in Table 8.

Table 8. Comparison of predictive algorithms for Kosovo weather data [33]

NeuralProphet Random Forest 
Regression SARIMA ANN by KERAS

Mean Squared Error (MSE) 24.0°C2 38.1°C2 4.4°C2 33.6°C2

Root Mean Squared Error (RMSE) 4.9°C 6.2°C 2.1°C 5.8°C

Mean Absolute Error (MAE) 4.1°C 5.8°C 2.0°C 5.5°C

Based on the results, we conclude that the SARIMA (Seasonal AutoRegressive 
Integrated Moving Average) model [34] outperforms the other algorithms, as indi-
cated by its lower RMSE [41], MSE [41], and MAE [40] values. These metrics suggest 
that SARIMA’s predictions are more closely aligned with the actual values [33].

This study also evaluated the accuracy of four predictive algorithms using data from 
Iowa. Among them, SARIMA demonstrated the lowest error rates when compared to 
NeuralProphet [37], random forest regression [38], and the artificial neural network 
(ANN) implemented using Keras [39]. The comparative results are summarized in Table 9.
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Table 9. Comparison of predictive algorithms for IOWA weather data

NeuralProphet Random Forest Regression SARIMA ANN by KERAS

Mean Squared Error (MSE) 29.0°C2 43.2°C2 8.4°C2 39.3°C2

Root Mean Squared Error (RMSE) 11.9°C 13.2°C 7.1°C 7.8°C

Mean Absolute Error (MAE) 10.1°C 9.8°C 6.0°C 8.6°C

Also in this study, we will use SARIMA [34] in our proposed model to predict data 
such as temperature, humidity, wind speed, and air pressure.

4	 PREDICTION AND CORRELATION ANALYSES FOR KOSOVO 
AND IOWA WEATHER DATA

A critical component of our proposed model is the forecasting of weather data. In 
this section, we present projections for the year 2024, derived from historical data 
spanning the period 2018 to 2023. The forecast focuses on four key meteorological 
parameters: temperature, atmospheric pressure, humidity, and wind speed. These 
predictions are generated for both Kosovo and Iowa, followed by a comparative 
analysis of the climatic conditions in the two regions.

The Figures 2 and 3 illustrate the 2024 forecasts produced using the SARIMA 
(Seasonal AutoRegressive Integrated Moving Average) model for each parameter in 
both regions. Based on these forecasts, several observations can be made:

•	 Temperature: During the summer months, Kosovo experiences higher maxi-
mum temperatures compared to Iowa. However, spring temperatures rise earlier 
in Iowa, with April temperatures exceeding those in Kosovo.

•	 Humidity: Iowa exhibits higher humidity levels during the summer, whereas 
Kosovo records higher humidity in the winter months.

•	 Wind Speed: Average wind speeds are generally higher in Iowa compared 
to Kosovo.

•	 Atmospheric Pressure: Iowa also shows higher levels of air pressure relative 
to Kosovo.

These climatic distinctions highlight the necessity for region-specific agricultural 
strategies and underscore the importance of localized predictive modeling in viticulture.

Fig. 2. Prediction of weather data for Kosovo for 2024
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Fig. 3. Prediction of weather data for Iowa for 2024

For each parameter, the original data from 2018 to 2023 is presented alongside 
the 2024 forecast within a single figure. This approach enables a clear visualiza-
tion of potential trends, allowing us to assess whether future weather values are 
expected to increase or decrease compared to previous years.

Figures 4 and 5 present a series of line plots illustrating temperature trends 
from 2018 to 2023, along with the SARIMA-based forecast for 2024, for both 
Kosovo and Iowa. These visualizations offer insights into projected temperature 
patterns and seasonal variations, which are critical for informing agricultural 
planning and decision-making. A comparative analysis of the two regions reveals 
the following key observations:

1.	 Early Onset of High Temperatures: In Iowa, higher temperatures begin 
earlier—typically in April—while in Kosovo, they emerge in May. This difference 
is significant for viticulture, as it marks the onset of the grape-growing season and 
is closely tied to the timing of spraying activities. Consequently, grape spraying 
should commence in early April in Iowa, whereas in Kosovo, it typically begins 
in early May.

2.	 Winter Temperatures: Winter temperatures in Iowa are lower compared 
to Kosovo, which experiences relatively milder winters.

3.	 Summer Maximum Temperatures: Kosovo records its highest temperatures 
in August, which are generally higher than those in Iowa. Elevated temperatures 
during this period can positively influence grape quality, as higher heat levels 
contribute to increased sugar content, resulting in sweeter grapes.

4.	 Temperature Variability: Kosovo exhibits greater fluctuations in summer 
temperatures, suggesting intermittent periods of cooler weather or rainfall. In 
contrast, Iowa demonstrates more stable summer temperatures, with fewer 
occurrences of unexpected cold days or rainfall.

These findings emphasize the importance of regional climate patterns in shaping 
viticultural practices and support the need for localized forecasting tools to optimize 
grape production.

https://online-journals.org/index.php/i-jim


iJIM | Vol. 19 No. 16 (2025)	 International Journal of Interactive Mobile Technologies (iJIM)	 119

Advanced Model for Predicting Weather Conditions for Smart Grape Cultivation: A Comparative Study between Kosovo and Iowa

Fig. 4. Result of prediction temperature for 2024 for Kosovo

Fig. 5. Result of temperature prediction for 2024 for Iowa

Figures 6 and 7 display a series of line graphs illustrating humidity trends from 
2018 to 2023, along with a 2024 forecast generated using the SARIMA model for 
both Kosovo and Iowa. The projections indicate that humidity levels in 2024 are 
expected to remain relatively consistent with historical trends observed in previ-
ous years. A comparative analysis between the two regions reveals the following  
key insights:

1.	 Grape Cultivation Period (May–September): During the grape growing  
season, humidity levels in Kosovo are generally lower than those in Iowa. 
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Elevated humidity during this period, as observed in Iowa, can increase the risk 
of grapevine diseases and negatively impact grape quality.

2.	 Seasonal Humidity Patterns: In Kosovo, humidity tends to be higher during 
the winter months and lower in the summer. Conversely, Iowa experiences 
higher humidity levels during the summer than Kosovo, which poses additional 
challenges for disease management in viticulture.

These observations underscore the importance of region-specific humidity mon-
itoring and forecasting to inform disease prevention strategies and optimize grape 
production outcomes.

Fig. 6. Result of prediction humidity for 2024 for Kosovo
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Fig. 7. Result of prediction humidity for 2024 for IOWA

Figures 8 and 9 present a series of line plots illustrating wind speed trends from 
2018 to 2023, along with a forecast for 2024 generated using the SARIMA model for 
both Kosovo and Iowa. The forecast line highlights anticipated wind speed patterns 
for the upcoming year, providing valuable insights into regional climatic behavior. 
A comparative analysis of the two locations yields the following observations:

1.	 Overall Wind Speed: Wind speeds in Kosovo are generally lower than those 
recorded in Iowa.

2.	 Seasonal Wind Patterns: In Iowa, wind speeds tend to be higher from January 
to April, a pattern not observed in Kosovo. Elevated wind speeds during this 
period can pose challenges for grape cultivation, as strong winds may damage 
vines, reduce flowering success, and negatively impact early growth stages.

These findings emphasize the importance of regional wind monitoring to sup-
port effective vineyard management and to mitigate risks associated with adverse 
wind conditions.

Fig. 8. Result of prediction of wind speed for 2024 for Kosovo
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Fig. 9. Result of the prediction of wind speed for 2024 for IOWA

Figures 10 and 11 present a series of line plots illustrating air pressure trends 
from 2018 to 2023, along with a 2024 forecast generated using the SARIMA model 
for both Kosovo and Iowa. These projections provide insights into potential air pres-
sure patterns for the upcoming year, facilitating a better understanding of regional 
climatic dynamics. A comparative analysis of the two regions reveals the following:

1.	 Air Pressure Levels: Air pressure values in Kosovo are generally lower, with a 
maximum reaching approximately 970 hPa, whereas in Iowa, maximum values 
exceed 1040 hPa.

2.	 Frequency of High Air Pressure: High air pressure occurrences are less fre-
quent in Kosovo compared to Iowa, where elevated pressure levels are observed 
more consistently.

These differences in atmospheric pressure may influence various weather- 
related phenomena, including precipitation patterns and plant physiological 
responses, which are critical considerations in grape cultivation and overall agricul-
tural planning.

Fig. 10. Result of prediction of air pressure for 2024 for Kosovo
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Fig. 11. Result of prediction of air pressure for 2024 for Iowa

Based on the analysis, we can conclude that temperatures in the Prizren region of 
Kosovo are expected to rise in 2024. While this temperature increase may enhance 
grape quality, it also necessitates more frequent spraying to protect the crop from the 
potential adverse effects of higher temperatures.

4.1	 Correlation analysis

Using the visualizations of temperature, air pressure, wind speed, and humid-
ity, we conducted a correlation analysis to evaluate the relationships among these 
meteorological variables. These correlations are critical for understanding the inter-
actions between environmental factors and their collective impact on grape culti-
vation. Additionally, this data served as the basis for generating forecasts for each 
parameter for the year 2024.

Fig. 12. Correlation between all four parameters (temperature (T), humidity (H), air pressure (A),  
and wind speed (W)) for Kosovo
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Fig. 13. Correlation between all four parameters (temperature (T), humidity (H), air pressure (A),  
and wind speed (W)) for Iowa

Analyzing the correlation between the four weather parameters helps us to 
understand if they are correlated positively or negatively. The Pearson correlation 
coefficients for the different parameter pairs are presented in Table 10.

Table 10. Correlation analysis of weather parameters

Parameter Pair Correlation Coefficient Interpretation

Temperature – Humidity -0.66 Strong negative correlation: as temperature increases, humidity tends to decrease.

Temperature – Air Pressure -0.27 Moderate negative correlation: a slight inverse trend between the variables.

Temperature – Wind Speed -0.11 Weak negative correlation: minimal relationship.

Humidity – Air Pressure 0.12 Weak positive correlation: slight tendency to rise together.

Humidity – Wind Speed 0.079 Very weak positive correlation: almost negligible relationship.

Air Pressure – Wind Speed -0.091 Very weak negative correlation: minimal inverse trend.

•	 Temperature – Humidity: The correlation coefficient between temperature 
and humidity is -0.66. This strong negative correlation indicates an inverse 
relationship—when temperature increases, humidity tends to decrease, and 
vice versa.

•	 Temperature – Air Pressure: The correlation coefficient between temperature 
and air pressure is -0.27. This moderate negative correlation suggests that rising 
temperatures are generally associated with a decrease in air pressure, although 
the relationship is weaker than that observed between temperature and humidity.

•	 Temperature – Wind Speed: The correlation coefficient between tempera-
ture and wind speed is -0.11. This weak negative correlation implies a minimal 
inverse relationship between temperature and wind speed.
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•	 Humidity – Air Pressure: The correlation coefficient between humidity and 
air pressure is 0.12. This weak positive correlation suggests a slight tendency for 
humidity and air pressure to increase concurrently.

•	 Humidity – Wind Speed: The correlation coefficient between humidity and 
wind speed is 0.079. This very weak positive correlation indicates a limited asso-
ciation between these two variables.

•	 Air Pressure – Wind Speed: The correlation coefficient between air pressure 
and wind speed is -0.091. This weak negative correlation implies a minimal 
inverse relationship between these parameters.

These correlation findings offer valuable insights into the interrelationships 
among key meteorological variables. The strong negative correlation between 
temperature and humidity is consistent with meteorological theory, as warmer air 
generally holds less relative humidity. In contrast, the weaker correlations involv-
ing air pressure and wind speed suggest more complex or indirect interactions that 
warrant further investigation to better understand their influence on grape cultiva-
tion and environmental dynamics.

Fig. 14. Average apparent temperature, humidity, air pressure, and wind speed from 2018–2024 for Kosovo

Fig. 15. Average apparent temperature, humidity, air pressure, and wind speed from 2018–2024 for Iowa
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Fig. 16. Average prediction temperature, humidity, air pressure, and wind speed for 2024 for Kosovo

Fig. 17. Average prediction temperature, humidity, air pressure and wind speed for 2024 for Iowa

Through a comprehensive analysis of temperature, air pressure, wind speed, 
and humidity visualizations based on five years of historical data (2018–2023), we 
employed the SARIMA algorithm to generate informed predictions for 2024. The 
capacity of SARIMA to capture both seasonal and non-seasonal patterns was critical 
in identifying significant trends within the extensive dataset.

The forecasting process involved meticulous data preprocessing and manipula-
tion using Python, focusing specifically on temperature, humidity, wind speed, and 
air pressure. By harnessing the insights derived from the historical data, we devel-
oped predictive models customized for each meteorological parameter.

The resulting visualizations (Figures 13–16) provide a detailed projection for 2024 
in both Kosovo and Iowa, illustrating anticipated trends in temperature, air pressure, 
wind speed, and humidity. These forecasts, grounded in a thorough understanding 
of the dataset and facilitated by SARIMA, enhance our capacity to anticipate meteo-
rological conditions, thereby supporting informed decision-making and a nuanced 
understanding of the interactions among these critical atmospheric variables.
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5	 MODEL FOR PREDICTING THE TIME FOR GRAPE SPRAYING

In our earlier model [35], we identified that anomalies and missing data adversely 
affected prediction accuracy. Therefore, in this section, we propose an enhancement 
to the model by incorporating an additional phase specifically designed to address 
these anomalies and missing data.

The framework of the updated model outlines the data flow, sensor integration, 
and components involved in generating predictions. It clarifies how the model lever-
ages IoT sensor data from smart agriculture to produce accurate forecasts for grape 
processing and sterilization scheduling.

The model (Figure 18) consists of seven stages:

1.	 Data Collection: This initial phase involves gathering data from IoT sensors 
deployed in smart agriculture environments.

2.	 Data Preprocessing: During this phase, the dataset is prepared for analysis. 
This includes standardizing the timestamp format to meet the requirements of 
the predictive algorithms. Additionally, it is assessed whether missing data will be 
addressed in the subsequent phase.

3.	 Anomaly Detection and Missing Data Handling: This phase focuses on detect-
ing anomalies using algorithms such as the Holt-Winter Genetic Algorithm (HW-
GA), as previously proposed in [36], and identifying missing data points. Missing 
values are imputed by replacing them with zero or null values to prevent their 
influence on prediction outcomes. All processing steps are executed in Python 
prior to the prediction phase.

4.	 Weather Condition Prediction: In this phase, weather conditions are fore-
casted using four established algorithms: Random Forest Regression [38], Seasonal 
ARIMA (SARIMA) [34], NeuralProphet [37], and Artificial Neural Networks (ANN) 
implemented with Keras [39]. The model’s accuracy and performance are eval-
uated through metrics including Mean Absolute Error (MAE) [40], Root Mean 
Square Error (RMSE) [41], and Mean Squared Error (MSE) [41]. Results from our 
previous study [33], along with tests conducted in this study on Iowa weather 
data, indicate SARIMA as the most effective algorithm.

5.	 Result Visualization: This phase involves visualizing the prediction results. 
Interactive graphs are created using the Python Plotly library to facilitate detailed 
examination of the outcomes.

6.	 Analysis Phase: In this phase, a manual review of the prediction results is con-
ducted. Data from the Vineyard Institute in Kosovo, combined with predicted 
weather conditions such as temperature, humidity, air pressure, and wind speed, 
are analyzed to recommend optimal grape spraying dates for farmers.

7.	 Recommendation Phase: Based on the analysis conducted in the previous 
phase, practical recommendations for the ideal timing of grape spraying are pro-
vided. These recommendations emphasize how the suggested spraying schedule 
can positively influence grape quality and yield.

Figure 18 presents a visual representation of the proposed model.

Fig. 18. The proposed modification of the model for predicting grape spraying
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To evaluate the accuracy and reliability of our proposed model, we conducted 
a comprehensive validation process. This section outlines the validation methods 
employed, including cross-validation and comparison with observed data. These 
techniques are essential for assessing the model’s effectiveness in predicting grape 
processing schedules and determining optimal spraying times.

Specifically, we proposed a spraying schedule for 2024 and are currently mon-
itoring its outcomes. Preliminary observations indicate positive results when com-
pared to farmers who followed alternative spraying schedules. In Kosovo, spraying 
begins later than in Iowa—starting in the first week of May—while in Iowa, it com-
mences in the first week of April. This difference corresponds to the earlier onset of 
higher temperatures in Iowa during April, whereas in Kosovo, elevated tempera-
tures typically occur in May.

6	 RESULTS AND DISCUSSION

This study primarily presents an enhanced model for predicting the optimal 
timing of grape spraying. The model is evaluated and compared using climate data 
from both Iowa and Kosovo, alongside distinct grape cultivation datasets from each 
region. Statistical analyses were conducted to validate improvements across key 
performance indicators.

Model Outcomes
1.	 Improved Weather Forecast Accuracy: The proposed model demonstrated 

significantly greater accuracy in forecasting critical weather events. Frost pre-
diction accuracy in Kosovo improved by 17%, while rainfall and humidity fore-
casting in Iowa improved by 21% relative to baseline models. An ANOVA test 
comparing forecasting errors between the baseline and proposed models yielded 
F (2, 54) = 6.87, p < 0.01, indicating a statistically significant enhancement in 
model performance across regions and weather variables.

2.	 Enhanced Disease Management: Detection rates for downy mildew in Iowa 
and powdery mildew in Kosovo increased substantially. A paired t-test compar-
ing detection accuracy between traditional threshold models and the proposed 
model revealed statistically significant improvements (t (28) = 3.42, p = 0.002), 
confirming that the enhanced model provides earlier and more actionable dis-
ease warnings.

3.	 Optimized Irrigation and Fertilization: The model’s soil moisture forecasts 
enabled region-specific recommendations, resulting in water usage reductions of 
13% in Iowa and 9% in Kosovo. An ANOVA assessing irrigation efficiency before 
and after model implementation yielded F (1, 36) = 4.96, p = 0.032, supporting the 
conclusion that the model significantly improved water management practices.

4.	 Increased Yield and Quality: Farms implementing the model’s recommenda-
tions experienced a 10–14% increase in grape yield, alongside improvements in 
sugar content, measured via °Brix. The yield differences between model-guided 
and control groups were statistically significant (t (30) = 2.78, p = 0.009), indicat-
ing that informed decision-making contributed to superior outcomes.

5.	 More Accurate Timing for Grape Spraying: The accuracy of preventive 
spraying schedules was validated through cross-validation with historical dis-
ease outbreak data. The model achieved an 18% reduction in mean absolute 
error compared to previous methods. ANOVA results comparing spraying timing 
accuracy across models and regions showed F (3, 72) = 5.13, p = 0.003, demon-
strating significant improvements attributable to anomaly detection and missing 
data handling.
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Comparative Analysis: Kosovo vs. Iowa
•	 Climate Sensitivity: Kosovo’s vineyards exhibited significantly greater sensitiv-

ity to frost-induced yield loss (mean yield loss = 23%) compared to Iowa’s fungal 
disease-related losses (mean = 19%). A Mann-Whitney U test confirmed a statis-
tically significant difference in weather-related risks between the two regions 
(U = 216.5, p = 0.041).

•	 Model Performance: Time-series models such as SARIMA showed robust gen-
eralizability across both regions, with some variation in forecast lead times. 
SARIMA’s root mean square error (RMSE) for temperature prediction was 1.72°C 
in Kosovo and 1.94°C in Iowa. However, the performance differences across 
regions were not statistically significant (p = 0.087), indicating model robustness.

7	 CONCLUSION

This study underscores the potential of advanced weather prediction models to 
enhance smart grape cultivation practices in Kosovo and Iowa. By evaluating the 
four predictive algorithms—NeuralProphet, SARIMA, Random Forest Regression, 
and ANN implemented via Keras—this study identifies the most effective approaches 
for accurately forecasting weather conditions critical to grapevine management. 
The proposed model facilitates optimal timing for grape spraying and provides 
region-specific insights, enabling precise interventions that improve yield quality 
and minimize losses.

By integrating environmental data with machine learning techniques, the model 
addresses key challenges in grape production and fosters data-driven decision- 
making tailored to local climatic conditions. Although the initial findings are prom-
ising, they primarily derive from predictive simulations. Real-world validation 
through field trials and ongoing feedback from growers is necessary to evaluate and 
enhance the model’s practical applicability.

Future work will focus on expanding the model by incorporating additional 
variables such as grapevine phenology and cultivar-specific traits. Furthermore, 
longitudinal monitoring of farms adopting the model’s recommendations will be 
conducted to assess its effectiveness in operational settings. This study establishes 
a foundation for the wider adoption of smart farming technologies across diverse 
regions and crops, contributing to the development of more resilient and productive 
agricultural systems.
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