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Abstract

This study proposes a methodology for detecting carbon sinks (trees) within residential areas using a transfer
learning-based XGBoost machine learning model, aiming to develop a tree detection model applicable even
in municipalities lacking up-to-date tree information. Seasonal baseline models were constructed using public
tree location data from Seoul and Sentinel-2 satellite imagery and then transferred to Daegu’s data to explore
the model's predictive performance in environments with limited labeled data. The summer model (August)
demonstrated the highest performance, with the transfer model improving accuracy by 0.022 compared to the
baseline. Interpretability of the prediction results was ensured through SHAP analysis. The tree distributions
predicted by the transfer model showed high spatial agreement with actual tree locations, especially in densely
vegetated urban street areas within residential zones. This study provides a foundation for future research
directions, including high-resolution image-based detection, applications in data-scarce environments, and
integration with greenhouse gas inventory frameworks.
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Table 1. Information of variables used as input dataset for XGBoost

Variable Type Variables Formula Reference
Public street tree location (https://www.data.go.kr/
of Daegu, Korea data/15109655/fileData.do)
Dependent . . (https:/data.seoul.go.kr/
Public street tree location dataList/OA-1325//1/
’ datasetView.do)
Plant Senescence red — blue
Reflectance Index(PSRI) ved edge? (Zhang et al., 2018)
Ratio Vegetation NIR (Jordan, 1969; Pearson and
Index(RVI) red Miller, 1972)
Normalized Difference
. IR — 1
Vegetation Index red-edge % (Sharma et al., 2015)
1(NDVIrel) rea eage
Vi%ﬁ?éf‘fg dlzfizgﬂ%ze NIR—red edge2 (Fernandez-Manso et al.,
2(NDVIre2) NIR+ red edge? 2016)
V?%ﬂgi?éf?g dlggzzf_%%e . NIR narrow —ved edgel (Fernandez-Manso et al.,
% narrow(NDVIreln)g NIR narrow +red edgel 2016)
Vleﬁ(;rtr;?;f?g dlz)l(ﬁr’zze_r;%e . NIR narrow —red edge2 (Fernandez-Manso et al.,
Zgnarrow(N DVIreZn)g NIR narrow +red edge2 2016)
Normalized Difference
. NIR —vred edge 3
Vegetation Index red-edge NIR m::Ow T :e y ¢ d‘qe 3 (Navarro et al., 2017)
3 narrow(NDVIre3n) narrow T rea edge
Normalized Difference NIR—red
Vegetation Index(NDVI) NIR+ red (Rouse Jret al., 1973)
Normalized Difference NIR— red edge3 (Klemas and Smart, 1983;
Ind dent Red Edge(NDRE) NIR+ red edge3 Nasiri et al., 2022)
ndependen
G* red edge3—red
L+red edge3+ C*red — C,*blue (Liu and Huete, 1995;
Enhanced Vegetation Jwhere Jiang, Z. et al., 2008;
Index(EVI) G: Gain factor, Majasalmi and Rautiainen,

2018)

Cy, Cy: coefficients of the aerosol rvesistance term,
L :Soil adjustment factor
«  NIR—red .
Soil Adjusted Vegetation (1+1) NIR+red + L (Huete, 1988;
Erdenesumbee Sulderdene,
Index(SAVI) ,where tal., 2017)
L: Soil adjustment factor erak,
Normalized Difference NIR— SWIR1 (Xiao et al., 2018;
Moisture Index(NDMI) NIR+ SWIR1 Lastovicka et al., 2020)
Moisture Stress SWIR1 (Hunt, 1989; Dotzler
Index(MSI) NIR etal., 2015)
Normaliezed Difference NIR— green (Mcfeeters, 1996; Du
Water Index(NDWI) NIR+ green etal., 2016)
Green Chlorophyll NIR (Gitelson et al., 2003; Attaf
Index(GCI) green—1 etal.,2024-04-15)
Leaf Chlorophyll NIR—red edgel (Datt, 1999; Thenkabail et
Index(LCI) NIR+ red al., 2000)
Structure Insensitive NIR— Aerosol
Pigment Index(SIPI) NIR+ red (Pen Uelas et al., 1995)
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Table 3. Seasonal training data configuration for base
and transfer models. Each model was trained using
season-matched Sentinel-2 imagery from Seoul (base)

and Daegu (transfer)
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Repsreeasse;ll:mg Base Model Transfer Model
Training Data Training Data
Winter 2024.01.12 2024.01.04
Spring 2024.04.01 2024.04.13
Summer 2024.08.29 2024.08.31
Fall 2024.11.07 2024.10.30
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Table 4. Tuned hyperparameters for seasonal XGBoost
models. Each column shows the optimal set of
hyperparameters obtained for the pretrained model
trained on tree-vegetation index data from each season.

These parameter settings were maintained for transfer

learning
Hyperparameter Winter | Spring | Summer Fall
(2024.01.12) (2024.04.01) |(2024.08.29) (2024.11.07)

n_estimators 1000 1500 1000 1500
max_depth 8 8 8 8

learning_rate 0.03 0.05 0.05 0.05
subsample 0.8 0.8 0.8 0.8
Coﬁample— 075 07 075 07

ytree

gamma 0.1 0.1 0.5 0.1
reg_alpha 0.5 1.0 1 1
reg_lambda 0.5 0.5 0.5 0.5
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A egton), 53] 89 melo] 7bg St A S nglet
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Fig. 5. Performance comparison of transfer models by training volume across four seasons: (a) January, (b) April,

(c) August, and (d) November. Accuracy is shown in black, precision in red, and F1-score in blue line.

The plots illustrate how performance metrics respond to increasing training iterations

Table 5. Performance metrics of seasonal base models
trained with Seoul data. Four base models were trained

using Sentinel-2 images from different seasons

Performance, Winter Spring | Summer Fall
metrics  |(2024.01.12) (2024.04.01)| (2024.08.29) (2024.11.07)
Train 0.799 0.842 0.853 0.813
Accuracy

Test 0.742 0.798 0.809 0.764
Accuracy

Test 0.740 0788 0797 0756
Precision

Test 0.748 0.803 0.817 0.771
Fl1-score
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]It} Precision 0.70300| A 0.6942 A3 714519 O, 0]
L melo] W} M4 Aol Tk Sl T B Ak
& Aztolr}

d50]

Table 6. Classification performance of pretrained and

transfer models for binary tree detection

Base model Transfer model
Accuracy 0.686 0.708
Precision 0.703 0.694
Fl-score 0.648 0.690
Recall 0.601 0.710
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Table 7. Tuned hyperparameters for XGBoost model.
Each column shows the optimal set of hyperparameters

obtained for the model trained on tree-vegetation index

data from Daegu
XGBoost Classifier Trained
Hyperparameter on Daegu Tree-Vegetation
Index data
n_estimators 100
max_depth 7
learning_rate 0.05
subsample 0.8
colsample bytree 0.75
gamma 0.3
reg_alpha 1
reg_lambda 0.5
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Table 8. Classification performance of XGBoost model

trained on tree-vegetation index data from daegu

XGBoost Classifier Trained on
Daegu Tree-Vegetation Index data
Train Accuracy 0.982
Test Accuracy 0.786
Test Precision 0.785
Test Fl-score 0.787
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Fig. 6. SHAP summary plots for the transfer model:

(a) average importance of independent variables based on
mean absolute SHAP values, (b) SHAP value distributions
for each variable. Pink indicates higher input values and

blue indicates lower ones
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Fig. 7. SHAP-based interaction analysis between

independent variables: (a) NDMI and NDWI, (b) RVI
and NDWI. The X-axis represents the value of a primary

variable, and the Y-axis shows its SHAP value, indicating the
variable's contribution to the model output. Color denotes
the value of a secondary interacting variable, allowing the

visualization of interaction effects between the two
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Fig. 9. Histogram of predicted tree existence probabilities:
(a) base model, (b) transfer model. The solid black,
green dashed, and red dashed lines indicate the mean
probability, +1 standard deviation, and the 50% threshold
of predicted tree probability, respectively
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Fig. 10. Binary classification maps of street trees in
Daegu: (a) base model, (b) transfer model. The maps show
predicted locations of street trees (green) and non-tree
areas (brown) using a 50% probability threshold
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Fig. 11. Qualitative comparison of model predictions in two sample areas: (a) Seondol Park, (b) Daegu Keimyung Station. Each

row shows true color imagery, prediction of the base model, and prediction of the transfer model from left to right. The base

model tends to overpredict tree locations and misclassify buildings, while the transfer model yields more conservative and

spatially consistent predictions
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Fig. 12. Qualitative comparison of model predictions in two sample areas: (a) Seondol Park and (b) Daegu Keimyung

Station. Each row shows true color imagery, prediction of XGBoost Classifier trained on Daegu tree-vegetaion index data,

and prediction of the transfer model from left to right. The Daegu-trained model tends to underpredict tree locations on

linear vegetation cluster
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