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Predicting Blooming and Fall Dates for Robinia pseudoacacia
Using Machine Learning

Sungjun OH, Keunseob Shim* and Janghyun Park
Co. SmartFarmAgent, Anyang 14093, Republic of Korea

m In recent years, due to the effects of rapid climate change, the blooming and falling seasons
of acacia trees distributed on the Korean Peninsula have changed significantly, causing great
damage to the beekeeping industry. Therefore, this study aimed to find a prediction model that
predicts the actual blooming and falling season of acacia trees with a small margin of error
by using a total of 27 variables, including weather and location data, and machine learning to
predict the blooming and falling season of acacia trees observed at five locations nationwide
over the past 10 years (2015~2024). Three models were used: RandomForest, Support Vector
Machine (SVM), and CatBoost, and various hyperparameter combinations were created and
applied to the models using GridSearchCV. The prediction results showed that RandomForest
and Support Vector Machine (SVM) performed well, with an error range of 0.1~2.66 days.
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Table 1. Latitude longitude altitude information for five regions

Region Longitude (°E) Latitude (°N) Elevation (m)
Gwangju 126.89 35.17 70.28
Daegu 128.65 35.88 54.27
Jeonju 127.11 35.84 60.44
Cheongju 127.44 36.64 58.7
Pohang 129.38 36.03 3.94
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Table 2. Presents the average seasonal temperature and precipitation for the five selected regions (Gwangju, Daegu, Jeonju, Cheongju, and

Pohang) over the period from 2015 to 2024

Wintertime Springtime
(December, January, February) (March, April)
Region
Average precipitation Average temperature Average precipitation Average temperature

(mm) O (mm) §®)
Gwangju 1.205 2.861 2.54 11.827
Daegu 0.741 2.328 2.006 12.1
Jeonju 1.237 1.882 2.146 11.1
Cheongju 0.909 0.654 1.752 11.358
Pohang 1.059 3.757 2.341 12.268

The seasonal data is categorized into wintertime (December, January, and February) and springtime (March and April), with values representing the mean

temperature (°C) and total precipitation (mm) for each season.
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Fig. 1. Visualize correlations in data with heatmaps (A correlation heatmap is a graphical representation that uses color to indicate the strength
and direction of relationships between multiple variables. Darker colors typically signify stronger correlations).
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Table 3. Each model (RandomForestRegressor, SupportVectorRegressor, CatBoostRegressor) with their predicted values, actual values, abso-
lute errors, and best performing parameters, and R? for each of the blooming start, full bloom, fall start, and fall end dates

Predicted Actual

Absolute

Region Target Model value value error Best params R?
start SVR 112.87 114 1.13 C: 0.1, gamma: auto, kernel: poly 0.655
. full SVR 120.24 118 2.24 C: 1.0, gamma: scale, kernel: rbf 0.733
Gwangju fall SVR 12424 122 224 C: 1.0, gamma: scale, kernel: tbf 0.793
end SVR 126.24 124 224 C: 1.0, gamma: scale, kernel: rbf 0.802
start SVR 116.86 118 1.14 C: 1.0, gamma: scale, kernel: rbf 0.681
Daegu full SVR 121.05 123 1.95 C: 100, gamma: scale, kernel: rbf 0.574
fall SVR 125.05 127 1.95 C: 100, gamma: scale, kernel: rbf 0.608
end SVR 127.05 129 1.95 C: 100, gamma: scale, kernel: rbf 0514
start RFR 119.1 119 0.1 max_depth: None, min_samples_leaf: 1, 0.667
min_samples_split: 2, n_estimators: 100
full RFR 126.66 124 2.66 max_depth: None, min_samples_leaf: 1, 0.869
Jeonju min_samples_split: 2, n_estimators: 100
fall RFR 130.66 128 2.66 max_depth: None, min_samples_leaf: 1, 0.898
min_samples_split: 2, n_estimators: 100
end RFR 132.66 130 2.66 max_depth: None, min_samples_leaf: 1, 0.886
min_samples_split: 2, n_estimators: 100
start RFR 120.84 119 1.84 max_depth: None, min_samples_leaf: 1, 0.876
min_samples_split: 2, n_estimators: 100
full RFR 126.39 124 2.39 max_depth: 30, min_samples_leaf: 1, 0.922
. min_samples_split: 5, n_estimators: 100
Cheongju .
fall RFR 130.39 128 2.39 max_depth: None, min_samples_leaf: 1, 0.882
min_samples_split: 2, n_estimators: 50
end RFR 132.36 130 2.36 max_depth: None, min_samples_leaf: 1, 0.774
min_samples_split: 2, n_estimators: 100
start RFR 117.1 117 0.1 max_depth: None, min_samples_leaf: 1, 0.833
min_samples_split: 2, n_estimators: 100
Pohang full SVR 122.05 121 1.05 C: 1.0, gamma: scale, kernel: rbf 0.753
fall SVR 126.05 125 1.05 C: 1.0, gamma: scale, kernel: rbf 0.851
end SVR 128.05 127 1.05 C: 1.0, gamma: scale, kernel: rbf 0.739

The predicted values and actual values are based on daily predictions, starting from January 1st, with each subsequent value increasing by 1 for each

day that passes
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Random Forest Feature Importances - Gwangju
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Random Forest Feature Importances - Cheongju
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Random Forest Feature Importances - Pohang
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Fig. 2. Random Forest feature importance by region (A higher feature importance score indicates that the corresponding feature plays a more
significant role in the model’s predictions).
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Fig. 3. Scatter plot visualization of actual vs. predicted values.

62 http://journal.bee.or.kr/



OMTIFAILLR JH3}- 3t of| = o

Table 4. Actual and predicted bloom and fall times by region (2024)

Region Target Predicted date Actual date
start 422 423
. full 429 427
Gwangju
fall 53 5.1
end 55 53
start 4.28 4.27
full 4.30 52
Daegu
fall 54 5.6
end 5.6 5.8
start 4.28 4.28
. full 55 53
Jeonju
fall 59 5.7
end 5.11 59
start 4.30 4.28
. full 55 53
Cheongju
fall 59 5.7
end 5.11 59
start 4.26 4.26
full 5.1 4.30
Pohang
fall 55 54
end 5.7 5.6
Y
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