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Predicting crop disease severity
using real time weather variability
through machine learning
algorithms

Amit Bijlwan'®, Rajeev Ranjan®’"*, Manendra Singh?*, Rahul Purohit?, Arun Jyoti Nath* &
Sumit Chakravarty>™*

Integrating disease severity with real-time meteorological variables and advanced machine learning
techniques has provided valuable predictive insights for assessing disease severity in wheat. This study
emphasizes the potential of machine learning models, particularly artificial neural networks (ANN),

in predicting wheat disease severity with high accuracy. The field experiment was conducted over two
consecutive rabi growing seasons (2023 And 2024) using a randomized block design with four sowing
dates to investigate critical weather-disease relationships for two key wheat pathogens: Puccinia
striiformis f. sp. tritici (yellow rust) and Blumeria graminis f. sp. tritici (powdery mildew). Weekly
assessments of disease severity were combined with meteorological data and analyzed using ANN and
regularized regression models. The ANN model demonstrated superior predictive accuracy for yellow
rust and powdery mildew, achieving R-squared values (R? of 0.96 And 0.98 for calibration And 0.93
And 0.95 for validation, respectively. Random Forest (RF) models also exhibited robust performance
with R? values of 0.97 And 0.98 for calibration And 0.93 And 0.90 for validation for yellow rust and
powdery mildew, respectively. In contrast, Elastic Net, Lasso, and Ridge regression models showed
comparatively moderate predictive capabilities. Principal component analysis (PCA) explained the

key meteorological variables influencing disease incidence, with evapotranspiration, temperature,
wind speed and humidity emerging as critical factors. Disease prediction is an important aspect of
developing a decision support system, and it makes farmers make informed decisions to optimize
production.

Keywords Yellow rust, Powdery mildew, Crop weather-disease modelling, Machine learning, Crop
management

Wheat is an important global food crop, ranking as the third most-produced cereal after rice and maize and
the second most-produced primarily for human consumption'. Wheat consumption is projected to increase
by 11% by 2031, while the production area will expand by only 3%?2. The Food and Agriculture Organization
(FAO) estimates that 20-40% of crops are lost globally due to pests and disease incidence every yer’. However,
the actual loss in wheat yield is about 13%, mainly caused by pests and diseases’. Wheat yield loss is a global
concern as new races of rust and powdery mildew pathogens are more virulent and evolve radially>®. The yield
loss caused by powdery mildew in Warsaw And Holland is 1-50% And 1-54%, respectively, in 50 cultivars’®. In
China, wheat yield loss from pests And pathogens ranges from 4.84 to 16.29%°. Spring wheat was reported to
be susceptible to powdery mildew, which reduced the yield by 2.06-26.68% of 23 Egyptian cultivars'!. However,
under optimal climatic conditions, stripe rust And stem rust can lead to complete yield loss, while leaf rust may
result in crop losses ranging from 45 to 50%. Overcoming yield loss with disease and pest resistant varieties takes
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many years, typically depending on the crop, disease causing pathogen and available technology'2. Estimating
yield reductions in wheat crops infected with rust and powdery mildew requires an updated understanding
of specific disease progression curve elements for these complex pathosystems. Diseases such as wheat yellow
rust (stripe rust), brown rust (leaf rust), and powdery mildew have been recognized as major threats to wheat
production worldwide. Among these, the area under the disease progress curve (AUDPC), rate of disease
increase (r-value), and final disease severity have been critically linked to wheat yield losses. Higher AUDPC
values and faster disease progression rates have been strongly associated with greater reductions in grain
yield"®. Agriculture faces many challenges because of growing environmental concerns related to water use and
temperature fluctuations'®!>. It is projected that 22 metric tonnes of food grains will be deficient in South Asia
by 2030. A recent freeze, followed by hot and dry weather, has adversely affected the winter wheat crop in
the region!®-18. Historical temperature trends indicate that wheat yield declined by 5.5% from 1980 to 2010,
correlating with a 0.13 °C increase in decadal temperatures!®. Meteorological data shows that mean Annual
temperatures in regions where wheat, rice, maize, And soybean are cultivated have risen by approximately 1 °C
over the last century and are projected to continue rising in the future?®?!. The temperature increase is associated
with An estimated global wheat yield loss of 6.0+2.9% per degree Celsius. However, the spatial impacts of
temperature increases are highly heterogeneous. Estimated wheat yield losses per degree Celsius are similar to
the global average in the United States (5.5+4.4%) and France (6.0 £4.2%), whereas in India (9.1+5.4%) and
Russia (7.8 +6.3%) are more susceptible to temperature increases??~2,

Powdery mildew is a critical foliar disease of wheat, prevalent in most wheat-growing regions. Infection
with powdery mildew can lead to yield reductions of up to 40%, especially under humid rainfed and irrigated
conditions?>?°. Moreover, wheat blast, caused by the fungal pathogen, poses a significant risk to wheat
production in warm and humid regions?’. Recent studies have provided a more critical understanding of the
factors influencing yield loss due to powdery mildew. Early disease onset has been shown to intensify severity by
up to 82%, significantly contributing to yield reductions. In contrast, improved yields are associated with later
disease onset, faster progression rates, earlier cultivar maturation, and optimal planting dates. Furthermore,
favorable agro-ecological conditions such as increased rainy days in mid to late spring and warmer temperatures
during autumn through spring can mitigate the disease’s impact and support higher yields**-3. Earlier disease
onset, later sowing and maturity dates, lower cultivar resistance, increased rainy days, and higher wind speeds in
spring are significantly associated with greater disease severity’!~34. Climate change projections for 2040-2070
indicate that wheat blast will primarily spread in the tropics And southern hemisphere as temperatures And
relative humidity rise, potentially leading to a 13% annual global loss in wheat production. Moreover, wheat
blasts are expected to increase in the USA and Mexico. It can impact previously unaffected countries, including
Uruguay, Japan, Italy, Spain, and New Zealand. Due to a warmer climate, leaf rust is a major cause of significant
wheat yield losses, with occurrence and severity increasing in recent years. The global rise in leaf rust severity
across all winter wheat production regions has been a concern®. Leaf rust, a prevalent disease that can occur
under diverse climatic conditions, leads to substantial yield losses across large geographic areas®. Over the past
decades, leaf rust has been the second most frequently reported disease, followed by powdery mildew in Asia,
western and southern Europe and South America®”*%, A positive correlation between erratic rainfall patterns
and higher temperatures during wheat growing seasons affected the severity of leaf rust in wheat producing
regions globally**-41.

The severity assessments of wheat stripe rust and powdery mildew are primarily conducted through
visual observations*2. However, accurately estimating and predicting the lesion area percentage on individual
diseased wheat leaves remains challenging when relying solely on conventional severity grading standards for
wheat stripe rust. AUDPC, disease onset time, maximum disease incidence and severity, and Gaussian model
parameters (b, m, s), are significantly associated with stripe rust progression in wheat crops sown at different
planting dates>*4. This way, forecasting models integrating meteorological data have emerged as valuable ICT
tools, comparable to mobile applications, decision support systems, and remote sensing technologies commonly
employed in modern agricultural extension programs to enhance disease management*>*. Informing farmers
about upcoming diseases through integrating weather forecasts and crop disease severity in a particular region
using machine learning models is vital to ensuring effective crop protection practices*’+*3. Disease prediction
modelling techniques utilize deep data mining and probability tools combined with weather forecasting, serving
as early warning systems for predicting disease and informing farmers in advance through mobile apps and
farmers’ call centres to take adequate measures*’. Machine learning (ML) encompasses statistical methods that
identify patterns in complex datasets. Wheat crops are critically important to the global economy and food
security. Thus, ML techniques help predict disease on a regional basis®*>!.

Globally, climate change significantly contributes to wheat yield reduction and is influenced by diseases and
pests. Moreover, changes in the plant host environment system caused diseases and pest incidence in unaffected
regions globally®?. Therefore, farmers can anticipate disease outbreaks and implement timely interventions by
integrating meteorological data such as temperature, humidity, and rainfall into the current predictive model**-°.
However, microclimate-based pest and disease management is an important aspect of developing decision
support systems (DSS) to forecast the likelihood of disease occurrence®® enabling farmers to apply fungicides
more judiciously and reduce unnecessary applications™. This practice minimizes the economic burden and
mitigates environmental impact®®. This study aims to evaluate the effectiveness of ANN and regularized
regression models in explicating critical weather-disease correlations and predicting the most suitable multiple
regression model to predict disease. Wheat yield loss ascribed by yellow rust and powdery mildew is a global
concern. Thus, machine learning algorithms or digital technology offers a strategic approach for timely weather-
related disease interventions. Disease prediction minimises crop losses and optimises resource use®. Disease
prediction using weather data is an approach that enhances disease management and supports sustainable
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agricultural practices, ensuring long-term productivity and food security. Therefore, our research objective is to
quantify the relationship between meteorological variables and wheat crop rust and powdery mildew epidemics.

Material and methodology

Study area

The study was conducted in two consecutive rabi growing seasons in 2023 And 2024 at the Crop Research Center
of Govind Ballabh Pant University of Agriculture And Technology, Pantnagar. Geographically, it is located at a
longitude of 29.0222°E And latitude of 79.4908°N at An altitude of 243.86 m above mean sea level in the Shivalik
Himalayan foothills of the Terai region in Uttarakhand, India (Fig. 1). The region is weakly developed under the
catena of mollic epipedons and grouped under Mollisols order. Parent material is characterized by loamy alluvial
sediments with moderately coarse textures®2. The area is characterised by a humid sub-tropical climate with
hot And dry summers from the first week of March to June, May being the hottest month, And a cold season
from November to February. Maximum temperatures reach about 45+ 1.5 °C And 46+ 1.5 °C during summer
during the Kharif season, while a minimum temperature of 2.0+ 0.5 °C usually occurs in the Rabi season. Frost
generally occurs from December to February. The average Annual precipitation is about 1574.2 mm, And a
maximum rainfall of 1450 mm (80-90%) ocurs during the monsoon season (July to September).

Experimental design and data curation

The field experiment followed a randomized block design with PBW-343 variety utilized with four distinct
sowing dates: November 22nd, November 29th, December 6th, And December 13th, across the 2022-23
And 2023-24 growing seasons. The sowing dates were replicated in both growing seasons to provide various
environmental conditions for disease progress evaluation and prediction. The study focused on two important
wheat diseases: yellow rust and powdery mildew. Disease severity assessments were conducted every week by
visual appearance, starting from the first appearance of the disease until maximum severity was observed. To
quantify disease severity, standard rating scales were developed for yellow rust (Fig. 2) and powdery mildew
(Table 1). Meteorological data includes maximum temperature (T, ), minimum temperature (T . ), maximum
relative humidity (RH;), minimum relative humidity (RH;), sunshine hours (SSH), rainfall, wind speed (WV),
and evaporation (Eva), were obtained from the Department of Agrometeorology at Pantnagar under the IMD
recognition. Meteorological variables were categorized weekly using daily data to correspond with the disease
severity observation dates over the two growing seasons. Four different sowing dates were incorporated in the
experimental design to represent the wheat crop, which has a diverse range of environmental conditions. Thus,
it is vital to observe the influence of meteorological variables on disease progression. This approach facilitated a
comprehensive evaluation of the relationships between prevailing meteorological factors and the development
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Fig. 1. Spatial layout map of the study area (prepared by QGIS software- version 3.40.6; https://www.qgis.org).
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Fig. 2. Scale of rust severity (percent of leaf area infected)®.

0 | Immune (I) No visible signs or symptoms

1 | Highly resistant (HR) Small spots only

2 | Resistant (R) Chlorosis spots evident

3 | Moderately resistant (MR) Large spots with chlorosis and necrosis

4 | Low intermediate (LI) Mycelium and conidia detectable

5 | Intermediate (I) Small to moderate sized colony and conidia present

6 | High intermediate (HI) Predominance of moderate sized colony and conidia present

7 | Moderately susceptible (MS) | At the least 50% of the large colony and conidia are visual

8 | Susceptible (S) 75 to 80% of the leaf segment was covered with large colony and conidia
9 | Highly susceptible (HS) 100% of the leaf segment covered with large colony and conidia

Table 1. Wheat powdery mildew infection type (IT) according to a (0-9) scale®’.

of yellow rust and powdery mildew diseases in wheat under climatic conditions (Fig. 3). The objective is not to
predict final severity from real-time weather alone, but to capture the relationship between weather conditions
in the preceding weeks And the subsequent disease development trajectory. The total dataset consisted of 128
disease scores per year, providing 256 observations per disease.

The average weather conditions during both wheat growing seasons from the onset of disease incidence
(Tables 2 and 3). The standard deviation ascribed larger than the mean, indicating the high degree of variability
in the severity of yellow rust disease. A wide range of disease severity was observed throughout both growing
periods for yellow rust and powdery mildew.

Model development

Artificial neural network (ANN)

The ANN model was developed using the ‘nnet’ package in R. The dataset was split into 70% training And
30% testing sets. The model used 3-fold cross-validation for hyperparameter tuning. Input features were
‘preprocessed’ by ‘centering’ and ‘scaling’ The model architecture was tuned using a grid search over different
combinations of hidden layer sizes (1, 3, 5 neurons) and weight decay values (0.1, 0.5, 1). The final model used a
linear output layer for regression. The training was performed using the ‘train’ function from the caret package,
with the method set to “nnet” (Table 4).

Scientific Reports |

(2025) 15:34767 | https://doi.org/10.1038/s41598-025-18613-7 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Data Collection (Rabi 2023 & 2024)
(November-April)

Yellow Rust
(Nov-Feb)

Powdery Mildew
Jan-March

Data Repository

”’ Machine Learning and Regularized ]

A 4

VK__t Regression Models }_\

Lasso

Ridge RF GBM ENET

Model Training

(Efﬁciency Calcu]ation}

o ,,

R squared

‘ RMSE ’ ‘ nRMSE ’ ‘ MAE ’ ‘ EE ’

Best Model Selection

Fig. 3. Flow Chart for yellow rust and powdery mildew disease severity prediction in wheat.

Met. Var. | Mean | Std (+) | Median | Min. | Max. | Skew | Kurtosis | SE(z)
DS 31.27 | 3291 15.00 0.00 | 100.00 0.58 | -1.21 3.51
Tmax 20.79 5.04 21.31 10.97 | 30.00 | -0.19 | -0.83 0.54
T, 816 | 190 | 809 | 506 | 1209 | 032]-094 |020
RH; 91.55 3.01 92.29 8543 | 96.71 | -0.58 | -0.53 0.32
RH; 57.39 | 17.14 59.29 29.00 | 86.29 0.01 | -1.37 1.83
Rainfall 4.59 | 12.60 0.00 0.00 | 60.00 3.85 | 14.03 1.34
SSH 4.80 2.83 5.53 0.46 9.09 | -0.11 | -1.51 0.30
WV 3.11 1.32 291 1.17 5.75 0.59 | -0.67 0.14
Eva 17.98 |10.29 16.35 4.60 | 54.00 1.18 1.64 1.10

Table 2. Meteorological condition during yellow rust progression during both growing season.
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Met. Var. | Mean | Std (+) | Median | Min. | Max. | Skew | Kurtosis | SE(+)

DS 2035 |33.55 |1250 | 0.00 [95.00 | 0.66 | -121  |3.62
Tmax | 2667 | 458 [2659 |12.66 |3524 |-0.42 | 025 | 0.49
T, 1105 | 279 1097 | 471 |16.19 |-030 | -0.60 | 0.30
RH, 87.10 | 606 |87.86 |70.57 |96.14 |-1.33 | 148 | 0.65
RH,, 4223 1425 |4086 | 1529 |84.00 | 0.58 | 021 | 154
Rainfall | 933 |20.07 | 000 | 0.00 |68.80 | 2.12 | 294 |2.16
SSH 731 [ 209 | 7.81 | 096 1031 |-095| 024 |0.22
wyv 352 [ 109 | 350 | 100 | 531|-021|-082 |02
Eva 2586 | 6.88 |2670 | 480 |37.00 |-0.70 | 055 |0.74

Table 3. Meteorological condition during powdery mildew progression during both growing season.

Model Hyperparameters tuned | Values/ranges

Hidden layer size (size) 1,3,5
ANN

Weight decay (decay) 0.1,0.5, 1

Lambda 500 values from 10° to 10~°
Ridge

Alpha Fixed at 0

Lambda 500 values from 10° to 107>
ENET

Alpha Fixed at 0.5

Number of trees 1000
GBM Interaction depth 3

Learning rate (shrinkage) | 0.01

Lambda 500 values from 10° to 107>
Lasso

Alpha Fixed at 1

mtry (variables per split) | Default (auto-tuned)
Random Forest

ntree (number of trees) Default

Table 4. Hyperparameter tuning for machine learning model.

Ridge regression

Ridge regression® was implemented using the ‘glmnet’ package. The data was split into 70:30 for training And
testing. The model used 3-fold cross-validation for lambda’ tuning. Features were ‘centered’ and ‘scaled’ A
lambda vector was created using 500 values ranging from 10° to 107°. The alpha parameter was set to 0 for ridge
regression. The ‘train’ function from caret was used with the method set to “glmnet”. The model was trained on
the training set, using the predefined lambda vector for tuning (Table 4).

6!

Elastic net (ENET)

The Elastic Net model®® also used the ‘glmnet’ package. Data splitting And preprocessing were similar to the
Ridge model. The key difference was setting alpha to 0.5, balancing between ridge and lasso penalties. The same
lambda vector (500 values from 10° to 107°) was used for tuning. The model was trained using caret’s ‘train’
function with method “glmnet’, incorporating both L1 and L2 regularization (Table 4).

Gradient boosting machine (GBM)

The GBM model®” was developed using the ‘gbm’ package. After the 70 —30 data split, features were ‘centered’
and ‘scaled’ The model was configured with 1000 decision trees, An interaction depth of 3, and a learning rate
(shrinkage) of 0.01. Five-fold cross-validation was used within the GBM training process. The distribution was
set to “gaussian” for regression tasks. The model was trained directly using the ‘gbm’ function, allowing for
parallel processing across available cores (Table 4).

Lasso regression

Lasso regression®® was implemented similarly to Ridge regression, using the ‘glmnet’ package. The key difference
was setting the alpha parameter to 1, which applies L1 regularization. Data splitting, preprocessing, and lambda
vector creation were identical to the Ridge model. The ‘train’ function from caret was used with method “glmnet’,
tuning over the same lambda vector but with alpha fixed at 1 (Table 4).

Random forest

The Random Forest model was developed using the ‘randomForest’ package®®’°. After the 70-30 data split,
3-fold cross-validation was used for model evaluation. Unlike the other models, explicit feature scaling wasn’t
necessary due to the nature of random forests. The model was trained using caret’s ‘train’ function with method
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“rf”. Default parameters were used for the number of trees and variables considered at each split, allowing the
algorithm to optimize these based on the data (Table 4).

Principle component analysis
The Principal Component Analysis was conducted in this study to reduce the dataset’s dimensionality and
explore the underlying patterns and relationships between wheat disease severity variables. By reducing the
number of variables, PCA simplifies the interpretation of the data and helps identify the most important features
driving the variation. Scaling was applied to the data before performing PCA to ensure that all variables were on
a similar scale and to prevent variables with larger magnitudes from dominating the analysis. This study used
standard scaling (z-score normalization), which subtracts the mean And divides by the standard deviation of
each variable. This standardization ensures that all variables have a mean of 0 And a standard deviation of 1,
making them directly comparable regarding their influence on the principal components.

The biplot was created, which visually represents the relationships between the independent variables and
disease severity. The biplot was customized to include ellipses for each disease type, making it easier to visualize
the separation between rust and powdery mildew.

Evaluation matrix

The performances of the different models were evaluated using several statistical criteria: coeflicient of
determination ( R?), Root Mean Squared Error (RMSE), normalized root mean square (nRMSE), mean
absolute error (MAE) and model efficiency ( EF). Values of evaluation metrics corresponding to a given
variable for yellow rust and powdery mildew were computed in R. R? values nearer to 1 and RMSE values
close to 0 indicate better model performance. The developed model is usually considered excellent, good, fair or
poor if the nRMSE value lies in the range of < 10%, 10-20%, 20-30% or >30%, respectively’’.

R2=1— Zz:(y(i—§;> 5 1)

1 ~
RMSE = \/n Z im1 (vi—y)? )

1 Z N ~
MAE = N i=1 ‘yl — y‘ (3)
MSE
nRMSE = % x 100 (4)

EF — 1 — Residual Sum of Squares

(5)

Total Sum of Squares

where,
y; = predicted value of y, § = mean value of y, n = number of predictors, N = total sample size.

Result
Yellow rust prediction
The performance metrics of six different ML models: ANN, LASSO, Ridge regression, ENET, GBR and RE,
to evaluate the impact of meteorological variables on disease severity of yellow rust in wheat are presented in
Table 5. The metrics used for assessment include Training RMSE, Training Mean Absolute Error (MAE), Training
R-squared (R? and Training Efficiency (EF), Testing RMSE, Testing MAE, Testing R-squared, and Testing EF.
The results showed that R2 between weather parameters And disease severity are strongly correlated
with values of 0.96 And 0.93, respectively, obtained in calibration And validation sets. Moreover, the lowest
RMSE, 6.38 And 10.96, was obtained during calibration And validation, respectively. The MAE value of 4.77
for calibration And 6.92 for validation envisaged that ANN showed robustness in disease prediction accuracy.
Similarly, the RF model also demonstrates excellent performance with R? values of 0.96 for calibration And 0.92
for validation, and RMSE (5.91 for calibration And 10.93 for validation) and MAE (4.48 for calibration And

Calibration Validation

Model | R®* | RMSE | nRMSE | MAE |EF | R* |RMSE | nRMSE | MAE | EF
ANN | 0.96 | 6.38 6.72 4.77 10.96 | 0.93 | 10.97 |10.97 6.92 | 0.88
ENET |0.80 | 14.72 | 1549 12.21 | 0.80 | 0.70 | 18.17 | 18.17 15.61 | 0.68
GBM [0.95| 0.23 8.01 0.18 [0.95 | 0.89 | 0.38 |12.79 0.26 | 0.84
Lasso |0.80 | 14.68 | 15.45 12.11 | 0.80 | 0.68 | 18.40 | 18.40 15.68 | 0.67
RF 097 | 591 6.22 4.48 1097 | 0.93 [ 1093 |10.93 7.58 | 0.88
Ridge |0.80 | 14.99 15.78 12.46 | 0.79 | 0.73 | 17.50 17.50 15.32 | 0.70

Table 5. Evaluation matrix of disease severity of yellow rust using machine learning models.
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7.58 for validation), confirming the RF reliability in disease prediction using climatic variables. Moreover, the
Elastic Net, Lasso and Ridge models exhibited moderate to lower predictive performance with lower R? values
and higher RMSE and MAE, revealing lesser accuracy among the models. The GBM model revealed a high R? of
0.94, which showed overfitting potential, but the least R? of 0.88. The EF values further validate these findings,
highlighting that AnN And RF are efficient models with EF values of 0.96 And 0.97 for calibration And 0.88
And 0.88 for validation, respectively. The ANN and RF models are the most effective and accurate for predicting
yellow rust in wheat, while ANN slightly outperforms RF in overall evaluation metrics.

The feature importance for predicting yellow rust in wheat using various machine learning models is presented
in Fig. 4. For the Ridge model, evapotranspiration and wind velocity are identified as the most significant
predictors, followed by rainfall and relative humidity. The Random Forest model highlights evapotranspiration as
the dominant predictor with a substantial margin, followed by Tmax and SSH. The Lasso model also underscores
the importance of evapotranspiration and wind velocity, with RHII and rainfall being moderately important.
The Elastic Net model aligns closely with Lasso, strongly emphasising evapotranspiration, followed by wind
velocity and RHII In the ANN model, evapotranspiration and wind velocity are most important, with minimum
temperature, SSH, and rainfall contributing significantly. Finally, the GBM model, represented by relative
influence (rel.inf), places the highest importance on evapotranspiration, followed by Tmax and Tmin, indicating
a similar pattern of critical features. Across all models, evapotranspiration consistently emerges as the most
critical feature, highlighting its pivotal role in predicting yellow rust in wheat. Wind velocity and temperature
variables (Tmax and Tmin) also appear prominently across different models, suggesting their relevance in
predicting disease. This comprehensive analysis of feature importance across diverse models underscores the
critical environmental variables that must be monitored for effective yellow rust prediction in wheat.

3.2 Powdery mildew prediction
Table 6 presents the performance of various machine learning models in predicting powdery mildew of wheat.
The AnN model demonstrated exceptional performance, with An R-squared value of 0.98 And 0.95 for the
calibration And validation sets. It exhibited relatively low RMSE values of 4.98 And 6.98, along with nRMSE
values of 5.24 And 7.35 And MAE values of 3.32 And 4.98 for the calibration And validation sets, respectively.
The EF values were also high at 0.98 And 0.95, indicating excellent model efficiency. The GBM model also
showed promising results, with An R-squared of 0.98 And 0.90, RMSE of 0.15 And 0.30, nRMSE of 5.28 And
10.86, MAE of 0.10 And 0.22, And EF of 0.98 And 0.89 for the calibration And validation sets, respectively. The
RF model performed similarly well, with An R-squared of 0.98 And 0.90, RMSE of 4.52 And 10.60, nRMSE
of 475 And 11.16, MAE of 2.82 And 6.85, And EF of 0.98 And 0.89 for the calibration and validation sets,
respectively.

On the other hand, the Elastic Net, Lasso, And Ridge Regression models exhibited relatively lower
performance. The Elastic Net model had An R-squared of 0.77 And 0.95, RMSE of 16.35 And 6.98, nRMSE
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Fig. 4. Variable importance unit for different models for yellow rust severity assessment.
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Calibration Validation

Model | R? |RMSE | nRMSE | MAE |EF |R*> |RMSE | nRMSE | MAE | EF
ANN | 098 | 498 | 5.24 3.32 [0.98 |0.95 | 6.98 | 7.35 4.98 |0.95
ENET |0.77 | 1635 |17.21 13.46 | 0.77 | 095 | 698 | 7.35 4.98 |0.95
GBM |098 | 0.15 | 528 0.10 [0.98 | 0.90 | 0.30 |10.86 0.22 | 0.89
Lasso |0.77 [ 1638 |17.24 [13.54 | 0.77 | 0.74 | 1636 |17.22 | 14.55 | 0.73
RF 0.98 | 452 | 4.75 2.82 (098 [ 0.90 [10.60 |[11.16 6.85 | 0.89
Ridge |0.74 | 17.41 [1832 [14.66 |0.74 | 0.73 | 16.69 |17.57 | 14.24 | 0.72

=

Table 6. Evaluation matrix for disease severity of powdery mildew for machine learning models.

Ridge Random Forest
RHI

Tmin

re|
i
Rainall | ]
ssH =
Tmax -
RHII | ]
|

wv

Tmax
Eva

Feature
Feature

SSH
wv

Rainall
Eva RHII

)
N
]

50 75 100 0 25 50 75 100
Importance Importance

Lasso Elastic Net

| macl
on- [ oin- [
- 0] rei1
[ | rint
- Rainallq -
[ | ]

Feature
Feature

Rainall
RHII
Eva Eva-

w Wy

0 25 50 75 100 0 25 50 75 100
Importance Importance
ANN GBM
— Tin-| |
ssi £ rH{ I
» w1 [ Rl |
3 ruoy g seii NN
N 00000 £ Eey HEN
ee| ' owi B
max| [ [ZECTE I |
Rainall Rainall{ |
0 25 50 75 100 0 10 20 30 40
Importance rel.inf

Fig. 5. Variable importance unit for different models for Powdery Mildew severity assessment.

of 17.21 And 7.35, MAE of 13.46 And 4.98, And EF of 0.77 And 0.95 for the calibration And validation sets,
respectively. The Lasso model showed consistent performance with An R-squared of 0.77 And 0.74, RMSE
of 16.38 And 16.36, nRMSE of 17.24 And 17.22, MAE of 13.54 And 14.55, And EF of 0.77 And 0.73 for the
calibration And validation sets, respectively. The Ridge Regression model had An R-squared of 0.74 And 0.73,
RMSE of 17.41 And 16.69, nRMSE of 18.32 And 17.57, MAE of 14.66 And 14.24, And EF of 0.74 And 0.72 for
the calibration and validation sets, respectively.

The variable importance plot (Fig. 6) provide valuable insights into the relative importance of various
meteorological factors in modeling powdery mildew in wheat, allowing for better understanding and potential
improvements in the prediction models. For the Ridge Regression, the most important variables are relative
humidity, Tmin, rainfall, SSH, and Tmax. The Random Forest model assigns high importance to Tmin, Tmax,
relative humidity, Eva, and SSH. The Lasso Regression model highlights Tmax, Tmin, relative humidity, SSH,
and rainfall as the top influential variables. The Elastic Net model also identifies Tmin, relative humidity, SSH,
rainfall, and Eva as the most critical factors.

The ANN model reveals that Tmin, SSH, WYV, relative humidity, rainfall, Eva, and Tmax are the most
significant variables for predicting powdery mildew. The variable importance plot indicates that the GBM model
assigns importance to Tmin, relative humidity, Tmax, SSH, and Eva as crucial predictors of powdery mildew
based on the collective importance assigned by multiple machine learning models, the key factors that appear to
be most influential for predicting powdery mildew in wheat are Tmin, relative humidity, rainfall and sunshine
hours.

The density distributions of predicted values for yellow rust and powdery mildew disease severity in wheat,
obtained from various machine learning models are presented in Fig. 6. The density distribution plot for yellow
rust showed multiple peaks, signifying that the models predict varying levels of disease severity. The ANN and
Ridge models exhibited distinct dense peaks at certain severity values. In contrast, other models such as Elastic
Net, GBM, Lasso, and RF showed dispersed distributions with several local peaks. The powdery mildew density
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Fig. 6. Density distributions of predicted values for two different diseases affecting wheat yellow rust and
powdery mildew disease.

distribution pattern is concentrated with higher peaks, indicating that the models predict specific severity levels
more frequently. The ANN and Ridge models revealed sharper peaks, indicating more consistent predictions,
while the other models show slightly broader distributions with multiple local maxima. The multi-modal
distributions indicate that most models predict a range of severity levels, with some models tending to predict
specific severity levels more frequently than others.

The figure (Fig. 7) presents a scatter plot comparison between the observed and predicted values of disease
severity for yellow rust and powdery mildew in wheat obtained from various machine learning models. The
scatter points align closely along the diagonal line for yellow rust disease severity, indicating a good agreement
between the observed and predicted values across the different models. The points are evenly distributed,
suggesting that the models can accurately predict disease severity levels across the range of observed values.
However, there are a few outliers where the predicted values deviate from the observed ones.

In the case of powdery mildew disease severity, the scatter points also follow the diagonal line reasonably well,
implying that the models can capture the observed disease severity levels to a reasonable extent. Nevertheless,
there appears to be slightly more deviation from the diagonal, particularly at higher severity levels, where some
models tend to overpredict or underpredict the observed values. Additionally, there are more scattered outliers
than the yellow rust plot, indicating instances where the models struggle to predict the severity of powdery
mildew accurately.

Opverall, the scatter plots provide a visual assessment of the model performance, allowing for the identification
of potential biases or discrepancies between the observed and predicted values. While both diseases exhibit
satisfactory agreement, the powdery mildew plot suggests slightly more challenges in predicting disease severity
accurately, especially at higher severity levels, compared to yellow rust.

Regression models

The regression equations (Table 7) provide insights into the relationships between meteorological factors and the
severity of yellow rust disease, enabling better understanding and potential improvements in disease prediction
and management strategies.

The regression equation obtained from ENET suggests that Eva, WV, rainfall, and sunshine hours positively
influence the severity of yellow rust. At the same time, it is negatively affected by maximum relative humidity
(RHII). Like the Elastic Net equation, the Lasso regression equation shows a positive relationship between
disease severity and Eva, WV, and rainfall, while relative humidity has a negative impact. The Ridge regression
equation also exhibits positive coefficients for Eva, WV, rainfall, and Tmax, suggesting that higher values of these
variables are associated with increased yellow rust severity.

The regression equations obtained from different machine learning models for predicting the severity of
powdery mildew disease in wheat are presented in Table 8. The regression equation obtained for ENET suggests
that the severity of powdery mildew is negatively influenced by maximum temperature and relative humidity
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Fig. 7. Comparison between the observed and predicted values for the severity of two crop diseases: Yellow
Rust and Powdery Mildew.

Model Regression equation

Elastic Net | DS=31.937+15.215 x Eva+8.423 x WV —5.534 x RHII +3.645 x Rainfall + 0.829 x SSH
Lasso DS=31.937+16.681 x Eva+8.471 x WV —5.849 x RHII +3.3 x Rainfall + 0 x Tmax
Ridge DS=31.937+10.999 x Eva+8.071 x WV +4.964 x Rainfall —4.711 x RHII +2.495 x Tmax

Table 7. Regression equations obtained for disease severity prediction using different machine learning
approaches for yellow rust.

Model Regression equation

Elastic Net | DS=29.726-27.312 x Tmax +25.748 x Tmin —24.939 x RHI+10.553 x SSH —3.673 x RHIL

Lasso DS=29.726-26.375 x Tmax +25.032 x Tmin —24.927 x RHI+10.582 x SSH + 3.075 x Rainfall
Ridge DS=29.726-16.601 x RHI +13.925 x Tmin +4.192 x Rainfall +3.114 x SSH —1.46 x Tmax

Table 8. Regression equations obtained for disease severity prediction using different machine learning
approaches for powdery mildew.

(RHI and RHII). At the same time, it is positively related to Tmin and sunshine hours. Like the Elastic Net
equation, the Lasso regression equation shows a negative relationship between disease severity, Tmax, and
relative humidity. At the same time, Tmin and sunshine hours have a positive impact.

Additionally, the Lasso model includes rainfall as a significant predictor, with a positive coeflicient indicating
that higher rainfall is associated with increased powdery mildew severity. The Ridge regression equation also
exhibits a negative coefficient for maximum relative humidity (RHI) and Tmax. On the other hand, Tmin,
rainfall, and sunshine hours have positive coefficients.

Based on the regression equations and variable importance plots, some notable differences exist in the
influential variables for predicting yellow rust and powdery mildew severity in wheat. Eva and WV emerge as
significant positive predictors across the Elastic Net, Lasso, and Ridge regression equations, and rainfall also
has a positive coefficient. On the other hand, temperature variables (Tmax and Tmin) play a crucial role in
powdery mildew prediction. This suggests that higher maximum temperatures may suppress powdery mildew
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Fig. 8. Taylor diagram for performance of different machine learning models for predicting Yellow Rust and
Powdery Mildew in Wheat.

Variables PC1 PC2 PC3
Maximum temperature | —0.439 | 0.103 | 0.100
Minimum temperature | —0.332 | —0.314 | 0.402
Relative Humidity (I) 0.340 | -0.338 | 0.151
Relative Humidity (II) 0.413 | -0.263 | 0.026
Rainfall —-0.134 | -0.589 | -0.744
Sunshine Hours -0.426 | 0.167 | —0.109
Wind Speed —-0.219 | -0.570 | 0.456
Evaporation —-0.400 | -0.080 | -0.171
Eigenvalue 4.75 1.62 0.59
Cumulative (%) 59.43 | 79.77 | 87.18
Standard deviation 2.18 1.27 0.77

Table 9. Component matrix for the first three principal components of yellow rust.

development, while higher minimum temperatures could promote disease severity. Additionally, the plots of
variable importance further highlight the differences in influential factors for the two diseases. Variables like
Eva, WV, and rainfall appear to be more important for yellow rust. In contrast, for powdery mildew, temperature
variables (minimum and maximum temperatures), relative humidity, and sunshine hours are among the top
influential factors. These differences in the significant predictors and their relationships with disease severity
suggest that the environmental conditions favouring yellow rust and powdery mildew development and spread
may differ. This insight can be valuable for targeted disease management strategies and understanding each
disease’s unique environmental requirements.

Taylor diagram obtained for yellow rust predictions, the ANN and Lasso models demonstrate the highest
correlation with the observed data, followed by the ENET, RE, Ridge, and GBM models. The ANN model again
exhibits the lowest centered root mean square error (CRMSE), suggesting superior performance in predicting
yellow rust severity compared to the other models. In the case of powdery mildew predictions, the ANN and
RF models show the highest correlation with the observed data, followed by the Lasso, ENET, Ridge, and GBM
models. The ANN model exhibits the lowest CRMSE, indicating the best overall performance among the
evaluated models (Fig. 8).

Principal component analysis

PCA for yellow rust

Factor analysis was conducted to cluster the originally recognized eight weather parameters into statistical
factors based on their correlation patterns. Using the Cumulative Variance Explained approach, three principal
components (PCs) with eigenvalues greater than 0.5 were selected (Table 9), collectively accounting for 87.18% of
the cumulative variance. The first principal component (PC1) has a significant contribution from several variables,
with Tmax (-0.4395), SSH (-0.4262), RHII (0.4137), and Eva (—0.4009) showing the highest loadings, indicating
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Fig. 9. Scree plot of principal component analysis for yellow rust.

Variables PC1 PC2 | PC3
Maximum Temperature | 0.452 | —0.034 | 0.092
Minimum Temperature | 0.355 | 0.228 | 0.477
Relative Humidity (I) —-0.407 | 0.115 | -0.206
Relative Humidity (II) | -0.409 | 0.184 | 0.306
Rainfall -0.023 | 0.691 | 0.325
Sunshine Hours 0.405 | -0.060 | —0.359
Wind Speed -0.003 | 0.599 | -0.624
Evaporation 0.411 | 0.243 | —-0.044
Eigenvalue 4.65 1.56 0.84
Cumulative (%) 5822 | 77.77 | 88.36
Standard deviation 2.15 1.25 0.92

Table 10. Component matrix for the first three principal components of powdery mildew.

these variables strongly influence PC1. This component explains the largest proportion of variance, 59.43%,
with An eigenvalue of approximately 4.75, suggesting it captures a substantial portion of the data’s variability.
The second principal component (PC2) has significant loadings from Rainfall (-0.5893), WV (-0.5702), and
Tmin (-0.3141), explaining 20.35% of the variance with An eigenvalue of around 1.63. This suggests that these
variables are primarily associated with PC2, indicating a distinct underlying pattern in the weather data. The
third principal component (PC3) has the highest contributions from Rainfall (-0.7448), WV (0.4560), and
Tmin (0.4025), explaining 7.41% of the variance with An eigenvalue of approximately 0.59. This component
captures additional variability not explained by the first two components. These three principal components
collectively explain 87.18% of the total variance in the weather data, with each component highlighting specific
weather parameters that contribute most significantly to the observed patterns. Temperature-related variables
and sunshine hours dominate PC1, PC2 is influenced mainly by rainfall and wind velocity, and PC3 highlights
the variability due to rainfall, wind velocity, and Tmin (Fig. 9).

PCA for powdery mildew

The Factor analysis was conducted to cluster the initially recognized eight weather parameters into statistical
factors based on their correlation patterns. Using the Cumulative Variance Explained approach, three principal
components (PCs) with eigenvalues greater than 0.5 were selected (Table 10), collectively accounting for 88.36%
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of the cumulative variance. The first principal component (PC1) has significant contributions from Tmax
(0.4528), SSH (0.4056), Eva (0.4120), and RHII (-0.4097), indicating these variables strongly influence PCI.
This component explains the largest proportion of variance, 58.22%, with An eigenvalue of approximately 4.66,
suggesting it captures a substantial portion of the data’s variability. The second principal component (PC2)
has significant loadings from Rainfall (0.6912), WV (0.5991), and Tmin (0.2284), explaining 19.55% of the
variance with An eigenvalue of around 1.56. This suggests that these variables are primarily associated with
PC2, indicating a distinct underlying pattern in the weather data. The third principal component (PC3) has
the highest contributions from Tmin (0.4773), Rainfall (0.3258), and RHII (0.3063), explaining 10.59% of the
variance with An eigenvalue of approximately 0.85. This component captures additional variability not explained
by the first two components. These three principal components collectively explain 88.36% of the total variance
in the weather data, with each component highlighting specific weather parameters that contribute most
significantly to the observed patterns. Temperature-related variables and sunshine hours dominate PC1, PC2 is
influenced mainly by rainfall and wind velocity, and PC3 highlights the variability due to minimum temperature,
rainfall, and relative humidity (Fig. 10).

The PCA biplot for yellow rust disease of wheat reveals that relative humidity indices (RHI and RHII) and
rainfall are closely associated with the disease incidence, indicating a positive correlation. Conversely, factors
like Tmin, SSH, and Eva negatively correlate.

In the case of powdery mildew disease, the biplot shows that sunshine hours (SSH), Tmax, and evaporation are
positively correlated with the disease incidence. These environmental factors likely create conditions conducive
to the growth and proliferation of the powdery mildew pathogen. On the other hand, relative humidity indices
(RHI and RHII) and wind velocity exhibit a negative correlation (Fig. 11).

Discussion

Region-wise prediction of rust and powdery mildew based on meteorological data is crucial for effective disease
management and optimizing crop yields’>7%. Specific weather conditions influence these fungal diseases;
meteorological data is crucial for forecasting outbreaks®®. The study results indicate rust and powdery mildew
infestations increase with average temperature and humidity. Similarly, previous studies also reported that
powdery mildew flourishes in high humidity and moderate temperatures (15-20 °C), while rust is favoured by
warm temperatures (20-25 °C) and prolonged leaf wetness’>’%. A strong correlation between disease incidence
and severity of winter wheat rust with weather data (r=0.89 and r=0.87, respectively) was reported using CART or
decision tree analysis’’. However, in our study, the coefficient of determination between weather parameters And
disease severity strongly correlates with values of 0.96 And 0.93 during calibration and validation, respectively.
Hence, it is best to describe the relationship between weather variables and winter wheat rust epidemics with
some differences in weather variables’>’8. Stepwise regression analysis for wheat rust showed that maximum
relative humidity positively correlated with rust severity, while solar radiation and minimum relative humidity
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Fig. 10. Scree Plot of Principal Component Analysis for Powdery Mildew.
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Fig. 11. Biplot of principal component analysis for Yellow Rust and Powdery Mildew.

were negatively correlated in disease prediction’”. Temperature-related variables are the most crucial for
explaining and forecasting the occurrence of leaf rust, whereas a humid and warm environment better explains
stripe rust. However, evapotranspiration is primarily a function of maximum air temperature®®8! whereas wind
velocity and temperature also appear as important variables across different models®2. Similarly, our results align
with these findings as the most critical feature across all machine learning models.

Linear regression analysis relating leaf rust severity to maximum air temperature and humidity thermal ratio
showed 12 values of 0.68 And 0.71, respectively®. The relationship between wheat leaf rust and weather variables
was analysed by®* using the stochastic approach, including the Dennis model and Monte Carlo simulation.
This approach emphasized the study of the combined effects of temperature, relative humidity, and rainfall on
the infection of wheat by P. striiformis during continuous Hours over the critical period for the development
of stripe rust incidence And severity in wheat. The results indicated optimal conditions for developing wheat
stripe rust included a combination of relative humidity greater than 92%, temperatures between 4 °C And 16 °C
for at least 4 continuous Hours, And rainfall of 0.1 mm or less. Shrinkage regression and machine-learning
approaches envisaged that the ANN model is outperformed in calibration and validation to derive models for
predicting epidemiological characteristics of white rust in mustard crops®. A decision tree classifier is utilized to
predict stripe rust in wheat using limited weather variables And achieved a training And test accuracy of 75.70%.
However, stem rust developed a prediction accuracy of 90.05% using 10-fold cross-validation® In the present
study, a six linear regression model showed the highest accuracy of 1*=90.60, revealing that WV and relative
humidity are important variables in predicting disease®’”. Similarly, features importance by our best-performing
model ANN gives a high importance/weightage to WV for predicting yellow rust severity. In contrast, regression
analysis by Lasso and Ridge shows that minimum relative humidity is negatively aligned with the prediction of
yellow rust.

An empirical model study®” shows that wind is the primary weather factor influencing the powdery mildew
epidemic, followed by sunshine and radiation. However, temperature is the main weather factor influencing
disease severity®. Clam weather conditions create a humid environment that favors the development of powdery
mildew severity®>*. The effect of wind on humidity is stronger than the effect of wind on dispersal. Low wind
runs may still be sufficient to move the initial inoculum between fields. Our best-performing model, ANN also
shows the importance of minimum temperature and sun shine hours for prediction of powdery mildew.

The stepwise selection method in logistic regression revealed that weekly mean temperature, relative
humidity and sunshine are the key predictor variables for powdery mildew assessment at the high risk®’. Odds
ratio point estimates indicate that increasing weekly temperature (from 11.5 to 21.9 °C) and decreasing weekly
relative humidity (from 65.6 to 41.8%) and sunshine hours (from 8.7 to 5.4 h) were key drivers for high powdery
mildew severity. Cumulative logit models relating the development of wheat powdery mildew to six weather
variables produced R? of 84.1%. Rainfall and vapor pressure deficit were statistically significantly related to
the disease score. The best model with temperature and humidity-related produced a generalized R? of 72.4%.
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Greater average wind speed positively impacts the mildew epidemic?®°2. Hence, the positive effect of wind on
spore dispersal outweighs its negative effect on reducing humidity’*>. However, precipitation has a negative
effect on spore survival due to the leaching of spores into deep soil.

Accurate disease prediction aids in implementing integrated pest management (IPM) strategies, combining
cultural practices, resistant varieties, and targeted chemical applications®*?>. Early warnings of disease incidence
allow for proactive measures, such as adjusting irrigation schedules to reduce leaf wetness or optimizing planting
dates to avoid peak disease periods®®*’. Leveraging meteorological data for predicting wheat powdery mildew
and rust is vital for enhancing disease management strategies?®®. It empowers farmers to make informed
decisions, safeguarding crop health, ensuring food security, and promoting sustainable agricultural practices.

PCA conducted by*? to associate wheat leaf rust with weather And planting date revealed a tripartite
structure in the leaf rust progress curves, collectively explaining 73% of the total variance. The first principal
component (PC1) accounted for 33.8% of the variability, PC2, explaining 21.6% of the total variance, was
predominantly associated with the mean monthly temperature And the frequency of days characterized by
minimum temperatures ranging from 5 °C to 25 °C, coupled with maximum relative humidity exceeding 60%.
The third principal component (PC3) elucidated 17.9% of the total variance and demonstrated a moderate
positive relation for the mean monthly temperature.

Conclusion

The integration of ANN and regularized regression models with meteorological data demonstrates a powerful
approach to predicting the severity of wheat diseases. The ANN model emerged as the most effective. Results
indicate superior predictive accuracy and robustness, with low RMSE and MAE values for both diseases. The
RF model also showed strong predictive performance, although slightly less accurate than the ANN model.
The principal component analysis (PCA) identified evapotranspiration, temperature, and maximum relative
humidity as the most critical variables influencing disease incidence, accounting for a significant portion of
the variance in the data (87.18% for yellow rust And 88.36% for powdery mildew). The findings emphasize
the importance of monitoring key meteorological variables, particularly evapotranspiration, temperature, and
humidity, for effective disease prediction and management in wheat. The ANN and RF models provide valuable
tools for farmers and researchers, enabling more accurate and timely predictions of disease outbreaks, which can
inform proactive management strategies to mitigate the impact of these diseases on wheat production. Future
research could explore integrating additional environmental factors and applying these models to other crops
and regions to further enhance their predictive capabilities and generalizability. One limitation of our current
methodology is the reliance on visual assessment of disease severity, which may not precisely capture the subtle
or early-stage changes in disease progression and may introduce observer bias. Furthermore, while our models
incorporate real-time weather data, they may not fully account for the latent period between infection and visible
symptom development, potentially weakening the temporal alignment between weather events and disease
severity. In future studies, integrating lagged weather variables, spore dispersal data, and high-resolution remote
sensing or hyperspectral imaging for disease detection could enhance the temporal sensitivity and predictive
power of disease models. Moreover, integrating mechanistic disease models with machine learning models that
simulate the biological development of the pathogen in response to cumulative weather thresholds could offer a
more robust framework for predicting disease outbreaks and severity.
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