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Abstract. Crop yield prediction plays a central role in the agricultural
planning and decision-making processes. In this paper, we analyze the
phenology as a crucial aspect of this topic. We propose a simple model
to predict phenology groups on maize and wheat crops at the field-level
in Argentina. Our model uses logistic regression and includes photope-
riod as an explanatory variable, which is very simple to calculate taking
into account latitude and date as input. A large number of data records
are used to obtain accurate results. Our model has been tested with
over 77% accuracy for both crops. It was also benchmarked with Ran-
dom Forest, which gives comparable results. However, our study shows
that a very simple approach could be used with logistic regression, with
very little loss of performance. Our model obtains phenology groups and
also performs well with certain critical phenology stages for both crops.
Our study aims to provide a simple and effective method for predict-
ing phenology, which can be an aid to crop prediction and for farmers
to make accurate decisions. Our work emphasizes the simplicity of the
model, the use of a large number of data records, and the inclusion of
the photoperiod as an input variable.

Keywords: Phenology prediction · Logistic Regression · Photoperiod.

1 Introduction

Crop yield prediction is a crucial aspect of agricultural planning and decision-
making processes. One important factor in crop yield prediction is crop phe-
nology, which refers to the timing of the different stages of crop growth. Crop
phenology is influenced by various factors such as temperature, photoperiod,
and weather variability [9]. In recent years, remote sensing data has been used
to monitor crop phenology in near-real-time [7]. Several studies have proposed
models to predict crop phenology using different approaches such as logistic
regression [6], deep learning [11], and dynamic threshold methods [10]. These
models have been tested with good accuracy and have the potential to aid in
crop prediction and for farmers to make accurate decisions [6]. Additionally,
high-resolution crop phenological datasets have been produced for different re-
gions, such as China [12]. Understanding the spatiotemporal variability of crop
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phenology is important for monitoring and modeling land surface phenology
dynamics and crop management and production [12].

In this context, the present paper proposes a simple logistic regression model
approach to predict crop phenology groups on maize and wheat crops at the field-
level in Argentina [6]. The model uses photoperiod as an explanatory variable,
which is very simple to calculate taking into account latitude and date as input.
It also uses a strategically defined zonification as a categorical variable. The
model has been tested with very good accuracy and aims to provide a simple
and effective method for predicting phenology, which can be an aid to crop
prediction and for farmers to make accurate decisions [6].

Existing literature, such as the study by [2], demonstrates the potential for
predicting wheat phenology using photoperiod and temperature as input vari-
ables. The study highlighted the significant influence of these factors on wheat
development and applied logistic regression for prediction. However, this research
focused exclusively on wheat, leaving a gap in predicting maize phenology using
similar methods. Our study addresses this gap by proposing a model to predict
phenology groups for maize and wheat crops in Argentina, using logistic regres-
sion with photoperiod and zone as input variables. In contrast to the model in [2],
which employed growing degree days (GDD) and photoperiod for spring wheat
phenology in Pakistan, our model emphasizes photoperiod and zone for predict-
ing phenology groups in maize and wheat crops in Argentina. Additionally, our
approach benefits from a large dataset, resulting in over 77% accuracy at the
field level for both crops. Our results show that the proposed method outper-
forms Random Forest in maize. Although benchmarking with Random Forest
yields better results in wheat, our study underscores the simplicity and effec-
tiveness of logistic regression with minimal loss of accuracy or performance for
this case. Overall, the proposed model provides a practical and efficient method
for predicting maize and wheat crop phenology groups in Argentina, supporting
farmers in their decision-making processes.

This work is organized as follows: In Section 2, we discuss the methods used
for predicting phenology groups in maize and wheat crops, including the defi-
nition and importance of phenology groups, a primer to the logistic regression
approach, and an explanation of the benchmark with the Random Forest model.
Section 3 describes the experimental design, including the input dataset and the
setup for the experiments conducted on maize and wheat crops. In Section 4, we
present and discuss the results of our experiments, including the performance
of the logistic regression model and the benchmarking with the Random For-
est model. Finally, in Section 5, we draw conclusions about the effectiveness of
our proposed logistic regression model for predicting phenology groups and its
potential implications for agricultural decision-making. Additionally, we outline
future work to be conducted on the model, expanding the scope of our research.
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2 Methods

In this section, we describe the methods used for predicting phenology groups in
maize and wheat crops in Argentina. We first introduce how phenology groups
are defined and their importance in yield prediction. Then, we outline our lo-
gistic regression approach for predicting phenology, followed by the benchmark
model using Random Forest, in order to show the simplicity and efficiency of
our proposed method.

2.1 Phenology Groups

Phenology groups refer to the categorization of crop development stages based on
observable growth characteristics. These groups play a crucial role in understand-
ing crop yield prediction as they are strongly correlated with crop performance
and productivity [8, 5]. In maize and wheat crops, phenology stages are defined
by key events such as germination, vegetative growth, reproductive growth, and
physiological maturity [13].

In maize, these stages range from Ve (Emergence) to R6 (Physiological Ma-
turity). Ve - V3 denotes the Emergence to 3-Leaf Collar stage, during which
the plant begins its life, developing its first three leaves. V4 - V6, the 4-Leaf to
6-Leaf Collar stage, witnesses the further vegetative development for the plant.
The Blister (R2) to Dent (R5) stages are when the kernels mature, changing
from blister-like to dented appearances due to starch accumulation. The 7-Leaf
to 10-Leaf Collar stage (V7 - V10) marks continued vegetative growth and rapid
stem elongation. The Tasseling to Silking stage (Vt - R1) signifies tassel emer-
gence and pollination initiation. Finally, R6 indicates the Physiological Maturity
stage, where maximum kernel dry weight is attained, and the plant is ready for
harvest [14].

In wheat, phenology stages are classified differently. The Germination to
Emergence stage is when the seedling emerges from the soil. Terminal spikelet is
the stage where the final spikelet on the head (or spike) of the plant is formed.
The First Node stage signifies the vegetative to reproductive transition as the
stem grows vertically, and the first node becomes detectable. Subsequently, the
Heading stage arrives, where the wheat head becomes visible as it emerges from
the sheath, signifying the imminent flowering stage. The Anthesis stage follows,
during which self-pollination occurs, setting the foundation for grain develop-
ment. Then comes the Grain Filling stage, where the grains fill with starch
and proteins, ultimately determining the final grain weight and impacting yield.
Lastly, the Maturity stage signifies the point at which the grain achieves its
maximum dry weight, indicating the plant is ready for harvest [1].

Accurate prediction of these stages can inform agricultural planning and
decision-making processes, allowing farmers to optimize crop management prac-
tices and improve yield outcomes.
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2.2 Logistic Regression Approach

The logistic regression model is a powerful statistical method for modeling the
probability of the occurrence of an event by fitting data to a logistic function. It
is particularly useful for predicting binary outcomes, making it suitable for pre-
dicting phenology group membership. In our study, we apply logistic regression
to estimate the probability of a crop belonging to a specific phenology group
based on photoperiod and zone as explanatory variables. The logistic function
is represented as:

P (y = 1) =
1

1 + e−(b0+b1x1+b2x2+...+bnxn)

where P (y = 1) is the probability of the event occurring (i.e., the crop be-
longing to a specific phenology group), b0 is the intercept, b1, b2, ..., bn are the
coefficients for the explanatory variables (photoperiod, zones), and x1, x2, ..., xn

are the values of the explanatory variables.

The zone is a categorical variable representing a geographical division in
Argentina. A binary transformation approach was used to include this variable
in the logistic regression model.

Using logistic regression for predicting phenology, which incorporates pho-
toperiod and zone as explanatory variables, we can provide a simple, yet effective,
method for estimating the probability of crop development stage based on easily
obtained input variables such as latitude, date, and geographical location.

2.3 Random Forest as a Benchmark Model

In this study, we also employ a more complex model, Random Forest [4], as a
benchmark for comparison with our logistic regression model. Random Forest
is an ensemble learning method that operates by constructing multiple deci-
sion trees during training and outputting the class that represents the mode of
the classes for classification or the mean prediction for regression [15]. It offers
robustness against overfitting and can handle large datasets with high dimen-
sionality. However, Random Forest has a known higher degree of complexity
and computational demand compared to logistic regression. By using it as a
benchmark, we aim to demonstrate the simplicity and efficiency of the proposed
logistic regression model. The primary goal of this comparison is to emphasize
the performance of the logistic regression approach without a substantial loss in
accuracy relative to the more complex benchmark model.

3 Experiments

In this section, we describe the experimental design used to test the performance
of the logistic regression model in predicting phenology groups.
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Table 1: Columns from the original wheat dataset, filled with dummy data
planting date plot lat plot lon plot zone scouting date phenology group

2014-07-29 LAT1 LON1 VII 2014-10-12 First Node
2014-07-29 LAT2 LON2 VII 2014-10-22 Heading
2014-06-09 LAT3 LON3 VI 2014-08-15 Terminal Spikelet
2014-06-09 LAT4 LON4 VI 2014-09-03 First Node
2014-06-09 LAT5 LON5 VI 2014-09-17 First Node

3.1 Input Dataset

The dataset used in this study includes records of maize and wheat crops in Ar-
gentina, comprising a total of 39,035 and 77,131 observations, respectively. The
source of the dataset is from the production database from an Argentine-based
company. The raw data is private and is not publicly available due to confiden-
tiality agreements signed by the company with both investors and customers.
However, we can provide the structure of the original dataset. Table 1 shows the
column names of the original dataset, filled with dummy data for wheat. The
columns, in order, are the planting date, the latitude, the longitude, the zone (in
Roman numbers, following the PAS nomenclature), the scouting date and the
observed phenology group for the observation.

The dataset was subjected to several preprocessing steps, including clean-
ing, removal of missing values, and transformation of variables as needed. The
preprocessing also involved filtering out records where the monitoring date was
before the sowing date or more than 180 days after the sowing date and records
where the phenology group did not correspond to the time elapsed between sow-
ing and monitoring. The sowing date was obtained as additional information
from another part of the database, and is not shown explicitly here. Addition-
ally, records with different phenology groups for the same field on the same date
were also removed. To demonstrate some of the preprocessing work, Figure 1 de-
picts the distribution of non-processed observations for maize phenology groups
based on the number of days since planting. Several outliers and inconsistent
data points were present in the phenology groups, and we removed them as part
of the preprocessing steps.

One explanatory variable used in the final dataset is photoperiod, which
was calculated from latitude and date. To obtain the photoperiod, we used the
daylength.py3 function in Python, which computes the length of the day given
the day of the year and latitude. The final dataset includes 13,953 records for
maize and 12,245 records for wheat. Table 2 shows dummy data for the result-
ing columns in wheat after the preprocessing steps, namely the plot zone, the
calculated photoperiod length in hours, and the phenology group. Table 3 sum-
marizes the observations per phenology group in the final dataset for maize and
wheat. The data is not evenly distributed along all the phenology stages for both

3 A Python function to compute the length of the day given day of the year and lati-
tude. https://gist.github.com/anttilipp/ed3ab35258c7636d87de6499475301ce
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Fig. 1: Distribution of unfiltered observations for maize phenology groups by days
since planting

Table 2: Columns from the processed wheat dataset, filled with dummy data
plot zone cphotoperiod phenology group

VII 866.752 First Node
VII 996.190 Heading
VI 1470.559 Grain Filling
VI 744.040 First Node
VI 1115.402 Anthesis

crops. This is due to the different perceived importance of each group. Farmers
consider that some phenology groups are more relevant than others in order to
track the growing status of each plant, and the consequence of these choices are
clearly evidenced on the different number of observations per stage in the source
dataset. It is worth noting that for both crops, all available observations in the
database were used for the original dataset.

As stated above in Section 1, the other input variable is the zone. In par-
ticular, in this paper the zone refers to a zonification named zona PAS (PAS
zone), created by the Buenos Aires Grain Exchange. The PAS zone comprises
a geographic region of Argentina which is used to study the planted area and
production of the main extensive crops. Argentina is divided into 15 zones, each
with its own nomenclature, which are used to analyze crop variables. The guide-
lines for the PAS zone zonification are detailed in [3]. To include the zone in the
logistic regression model, we used a one-hot encoding approach, which creates
binary variables for each zone category. This allows the model to capture the
influence of different geographical zones on phenology group prediction. Figure
2 shows the distributions of the observations in each PAS zone for maize (left)
and wheat (right). It can be seen that the distribution is uneven for both crops,
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Table 3: Observations per phenology group in the final dataset.

Crop Phenology Group Observations

Maize Ve - V3 3,540
V4 - V6 2,928
R2 - R5 2,538
V7 - V10 2,487
Vt - R1 1,607
R6 853
Total 13,953

Wheat Terminal Spikelet 3,671
Germination to Emergence 2,917
Grain Filling 2,224
First node 1,643
Anthesis 752
Heading 551
Maturity 487
Total 12,245

this is due to the number of available observations in the dataset for each PAS
zone.
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Fig. 2: Distribution of observations by PAS zone on maize and wheat

This input dataset comprised a substantial number of observations for maize
and wheat crops in Argentina, which were carefully preprocessed to ensure data
quality. It is to be noted that for both crops, the same variables (columns) were
used for the original and the processed final dataset, respectively.
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3.2 Logistic Regression Experiment

The logistic regression model was applied to the input dataset using photope-
riod and zone as input variables and phenology group membership as the output
variable. The experiment was designed to test the performance of the logistic re-
gression model in predicting phenology groups. A training-test stratified split of
80%-20% was performed on the final dataset. A classical 10-fold cross-validation
approach was applied for the training set. Both accuracy and F1-score were
obtained as performance metrics for the model.

4 Results

In this section, we present and discuss the results of our experiments on the
logistic regression model and the benchmark with the Random Forest model.

4.1 Results

For our experiments, all results were obtained with respect to test data, using the
trained model. From the original dataset sizes of 13,953 observations for maize
and 12,245 observations for wheat, the 20% test size was splitted using strati-
fication with respect to the phenology group as the target class, obtaining test
sets with sizes of 2791 observations for maize and 2449 observations for wheat.
In all cases, the total number of observations in each phenology stage was com-
puted. As well as this, the normalized number of observations in the range [0,1]
for each stage was added, in order to have a fair comparison among all stages.
The results from the logistic regression experiments indicate very good accu-
racy in predicting phenology groups for both maize and wheat crops. Regarding
maize, the confusion matrix is depicted in Figure 3 with the total observations
on the left, and the normalized observations on the right. The predicted labels
are shown on the columns and the true labels on the rows. Each cell contains a
numerical value which represents the number of observations for Figure 3a and
the normalized number of observations for Figure 3b. The color intensity of the
cell provides a visual aid for this value, with darker shades indicating higher
values. For the following analysis, the normalized values corresponding to the
actual values are written in parentheses next to the actual values. It can be seen
that the proposed logistic regression model achieved reasonably good results.
The model demonstrated high accuracy in the Ve - V3 and V4 - V6 stages,
with 614 (0.88) and 423 (0.73) correct classifications, respectively, indicating its
effectiveness in these stages. The model also performed relatively well in the V7
- V10 and Vt - R1 stages, with 319 (0.64) out of 491 and 195 (0.62) out of 327
observations correctly classified, respectively. However, the model performance
was lower in the R2 - R5 and R6 stages, with only 451 (0.86) out of 531 and 149
(0.90) out of 163 observations correctly classified, respectively, suggesting that
there might be room for improvement in these stages. The accuracy of the maize
classification model is approximately 73.1% and the F1 score is approximately
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Fig. 3: Confusion matrix for Logistic Regression in maize

81.8%. Therefore, the proposed model can be considered useful for predicting
the phenological stages of maize crops effectively.

Regarding wheat, the logistic regression model achieved overall good results,
as demonstrated by the confusion matrix in Figure 4. The highest number of cor-
rect classifications were in the Germination to Emergence and Terminal Spikelet
stages, with 609 (0.99) and 682 (0.97) correct classifications, respectively, in-
dicating that the model is effective in these stages. The model also performed
well in the First Node stage, with 297 (0.94) out of 327 observations correctly
classified. Additionally, the model demonstrated acceptable performance in the
Heading and Anthesis stages, with 39 (0.35) out of 119 observations correctly
classified in the Heading stage and 114 (0.78) out of 144 observations correctly
classified in the Floración stage. The model demonstrated relatively high perfor-
mance in the Grain Filling and Maturity stages, with 407 (0.96) out of 430 and
75 (0.62) out of 107 observations correctly classified, respectively. The results
indicate that the model has satisfactory overall performance and is appropriate
for predicting phenological stages of wheat crops with a high degree of accuracy.
Specifically, the wheat logistic regression model achieves an accuracy rate of ap-
proximately 94.2% and an F1 score of approximately 93.4%. The effectiveness
of the model is supported by the confusion matrix, demonstrating that it is a
valuable tool for predicting phenological stages in wheat crops.

4.2 Benchmarking

To benchmark the logistic regression model, we applied the Random Forest
model to the same input dataset using the same experimental setup. The per-
formance metrics of the Random Forest model were also calculated for each
experiment.
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(a) Wheat (b) Wheat, normalized

Fig. 4: Confusion matrix for Logistic Regression in wheat

The confusion matrices shown in Figure 5 provide insight into the accuracy of
Random Forest in predicting the phenological stages of maize and wheat crops.
For maize (Figure 5b), the highest number of correctly predicted observations
is in the Ve-V3 stage with 611 (0.87), while the lowest number of correctly
predicted observations is in the R6 stage with only 149 (0.92). In stage Vt - R1
there is a lower performance with 127 misclassified observations out of 327 total
observations for the group. Overall, the accuracy rate of the model for maize is
approximately 72.7%.

For wheat (Figure 5d), the highest number of correctly predicted observations
is in the Terminal Spikelet stage with 680 (0.96), while the lowest number of
correctly predicted observations is in the Maturity stage with only 94 (0.85).
The model yields 45 misclassified observations in the Grain Filling stage across
all the other phenological groups, out of the 430 total observations for the group.
Overall, the accuracy rate of the model for wheat is approximately 96.9%.

Comparing the results, the Random Forest model performs better in predict-
ing the phenological stages of wheat crops than maize crops. This is evident in
the higher accuracy rate for wheat compared to maize. The model for wheat was
able to correctly predict more observations across all stages than the model for
maize. This behavior is consistent with that of the Logistic Regression Approach.

To compare the Logistic Regression approach against the Random Forest
approach, an ANOVA test was performed. To ensure statistical significance, the
experiment was repeated 100 times using different random splits of the dataset
into training and testing subsets, and applying each split equally to both models.
Results from the repeated experiments with different dataset splits were sum-
marized using performance metrics such as accuracy and F1-score, taking into
account the variability in the performance metrics across the repeated experi-
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Fig. 5: Results for Random Forest on maize and wheat

ments. These metrics provide a comprehensive understanding of the performance
in predicting the phenology groups for both models.

The results of the ANOVA test for maize indicate that there is a highly
significant difference between the mean values of the two groups, with p-values of
2.87×10−69 for accuracy and 5.54×10−62 for the F1 score. This suggests that our
Logistic Regression model outperforms Random Forest in terms of predicting the
phenological stages of maize crops. Specifically, our model yields both a higher
mean accuracy and F1 score and therefore is comparatively better than Random
Forest. It is worth noting that both approaches achieved relatively high levels
of accuracy, with mean values of 0.775 and 0.764 for the Logistic Regression
accuracy and the Random Forest accuracy, respectively. Regarding wheat, from
the ANOVA test we obtained very small p-values for both accuracy (5.65 ×
10−188) and F1 score (2.33× 10−183), indicating a significant difference in mean
values between the Random Forest and logistic regression models for predicting
phenological stages in wheat crops. While Random Forest outperformed logistic
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regression, with mean accuracy values of 0.92 and 0.85, respectively, as well as
mean F1 scores of 0.92 and 0.83, respectively, the difference in accuracy and
F1 score is not substantial. The results show that while the Random Forest
model exhibits comparable performance to the logistic regression approach, the
latter achieves comparable accuracy with a significantly simpler approach and
less computational demand. This demonstrates the effectiveness of our proposed
logistic regression model for predicting phenology groups in maize and wheat
crops.

As well as the above, a computational demand assessment was performed
for each method. A 11th Gen Intel® Core™ i5-1135G7 at 2.42 GHz with 12GB
RAM with Windows® 10 Pro was used for all the experiments. The average
time for each training run ranged between 14 and 16 seconds, with no noticeable
difference between both methods.

5 Conclusions

In this paper, we presented the results of our experiments on predicting the
phenological stages of maize and wheat crops using a logistic regression model
and benchmarked it against the Random Forest model. Our logistic regression
model achieved very good accuracy rates for both maize and wheat crops, demon-
strating high effectiveness in several stages. Although the Random Forest model
yielded slightly better results for wheat, the difference in accuracy and F1 score
was not substantial. We performed an ANOVA test to compare the performance
of both models, which showed that our Logistic Regression model outperformed
the Random Forest model in predicting the phenological stages of maize crops.
The Logistic Regression approach achieved comparable accuracy rates with a
significantly simpler and less computationally demanding approach. Therefore,
our proposed Logistic Regression model is an effective and cost-efficient tool for
predicting the phenological stages of maize and wheat crops.

By using a large dataset and including photoperiod and zone as explana-
tory variables, our model demonstrates good accuracy in predicting critical phe-
nology stages for both crops. Furthermore, the simplicity of our model, when
benchmarked against the more complex Random Forest model, highlights the
potential for this approach to be a valuable tool for farmers and agricultural
decision-makers. Future research could explore additional input variables, other
main crops such as soybean, and model refinements to further improve the ac-
curacy and generalizability of the logistic regression model in predicting crop
phenology.
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