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ABSTRACT

OHIZX|E= XM=

GeoXAI (Geospatial eXplainable Artificial Intelligence)

With the announcement of the carbon neutral green growth basic plan, it became necessary to calculate carbon absorption

at the city level. Because existing methods require a lot of time and budget, research was conducted to indirectly measure

the biomass of carbon sinks using artificial intelligence technology and satellite images. However, black box models such as

deep learning have high prediction accuracy, but have the disadvantage of making it difficult to understand the process and

interpret the results, and the judgment criteria and process for Al prediction results must be verified, which led to the birth

of XAI Therefore, in this study, we aim to produce a carbon uptake prediction map of carbon sinks in Seoul based on
GeoXAl, which applies XAl technology to GeoAl using spatial information. XGBoost was used as a machine learning
technique, and SHAP was used as an XAI technique. We analyzed the impact of the vegetation index on carbon absorption,
identified the vegetation index that has a significant impact on carbon absorption, and created a carbon uptake prediction map

for Seoul. It is expected that the method presented in this study can be used to establish plans to achieve carbon neutrality

in the future when establishing carbon-neutral green growth plans and urban master plans.
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HREsL oa WA, BUs wyo] 3¢ solEua
meuct % JoEs AW A0E 0P EEde

Alof| gk g 9] o|sfet sfjalo] ofHAY E7Fs st
@ol ek AF 9 18 weE WReA BEd
1w 71 9 o] AFE ofof ol wet AW Vs
3+ Al, Explainable AI(XAI) 2= 71¥=7F =33
Kim (2022) AolA= 7€ APAT=S 7|6t E &
Y EeL Thrdt K3 HlolE 9] gERe] e Al|Al &

IE ggRlster, g2 5 Az 7HA e HE

o] Z&0] 7hesittal wastlt. ol 545 7|Hte
2 7 Ee} AL Hlolg viold ¥ MAs AR W

S AWt o] A= 4L FEAE A
GeoAIZ}1l Sith(Alastal and Shaqfa, 2022; Gao, 2021;
Hu et al., 2019; Janowicz et al., 2020; Li, 2020; Li and
Hsu, 2022; Purbahapsari and Batoarung, 2022; VoPham et
al.,, 2018; Xie, 2020). GeoXAI:x= ©o]Z3t GeoAl 7]&]
XAI7|&S &8s Al A|AH o]tk (Roussel and Béhm,
2023). 22402 B FHEE & F7 HuolE
gk A1) B4 ol A AT 5 U= Al AILH
2 GeoXAIZt & 4= QtH(Graser et al., 2022). GeoAl2]
WA XAl tiet A|&2Ql HAE B3 714 2
dlo] xRt Ftavto] gt 3EEE AlFotal JF
U= EAS AAsteid, A=A JiE 2 $43 XAIE
Soole A9 F34S Axst(alali et al., 2023).
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Fig. 1. Study area
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Table 1. Analysis using vegetation index
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Vegetation Index Name Calculation Formula
PSRI Plant Senescene Reflectance Index PSRI= Band8
Band4
RVI Ratio Vegetation Index RVI= gjz;ﬁ
NDVirel Normalized Diff::;flet;aglel\/egetation Index NDVEel — %
NDVIre2 Normalized Dift;eerzfl;iiaglezvegetation Index NDVEe2 = %
NDVire3 Normalized Dift::er:l;agle;/egetation Index NDVEe3 = %
NDVired Normalized Diff::;fl;ijagle‘:/egetation Index NDVied = %
NDVI Normalized Difference Vegetation Index NDVI= %
NDRE Normalized Difference Red Edge NDRE= %
EVI Enhanced Vegetation Index EVI= (Ban dgiSQngZi: ifgld2)+l
SAVI Soil Adjusted Vegetation Index SAVI= (Bands ?;ii;ﬁnj;@* 1.428
NDMI Normalized Difference Moisture Index NDMI= %
MSI Moisture Stress Index MSI= 3;242181
NDWI Normalized Difference Water Index NDWI= %
GCI Green Chlorophyll Index Ga= gzngl
LCI Leaf Chlorophyll Index Lar= %
SIPI Structure Insensitive Pigment Index SIPI= %

http://www.ekscc.re.kr
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Table 2. Carbon emission factors of representative tree species in settlement areas
Species Landuse n ton C ha-1 yr-1
Zelkova serrata Roadside Tree 411 3.294522
Zelkova serrata Urban Park 111 3.152283
Zelkova serrata Landscape Green Space 124 3.395121
Acer palmatum Roadside Tree 61 3.191505
Acer palmatum Urban Park 88 1.825702
Acer palmatum Landscape Green Space 177 1.508157
Metasequoia glyptostroboides Roadside Tree 334 1.354557
Metasequoia glyptostroboides Urban Park 105 2.089328
Metasequoia glyptostroboides Landscape Green Space 104 2.079778
Platanus occidentalis Roadside Tree 174 2.7605
Platanus occidentalis Urban Park 12 1.452715
Platanus occidentalis Landscape Green Space 21 1.249304
Prunus yedoensis Roadside Tree 401 2.034496
Prunus yedoensis Urban Park 87 1.631707
Prunus yedoensis Landscape Green Space 125 1.858739
Pinus densiflora Roadside Tree 14 6.515996
Pinus densiflora Urban Park 511 3.208994
Pinus densiflora Landscape Green Space 297 4.388875
Ginkgo biloba Roadside Tree 585 1.333171
Ginkgo biloba Urban Park 45 1.751935
Ginkgo biloba Landscape Green Space 64 1.377442
Chionanthus retusus Roadside Tree 159 6.962543
Chionanthus retusus Urban Park 83 3.93885
Chionanthus retusus Landscape Green Space 64 4.199364
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Fig. 2. Tree location data used for analysis
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Fig. 4. Research process
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71 % SlYo|ti(Oh et al., 2019).
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Table 3. Performance of tree—decision machine
learning model

Model Accuracy Precision 1 -Score
Extreme
Gradient
. 0.8383 0.8226 0.8378
Boosting
Classifier

Table 4. Hyperparameter of tree—decision model

Model Hyperparameter

colsample_bytree: 0.8,
gamma: 0.1,
learning_rate: 0.1,
Extreme Gradient max_depth: 7,
Boosting Classifier n_estimators: 1000,
reg_alpha: 0.1,
reg_lambda: 0.1,

subsample: 0.8

xsist Precentag:

0.931985

0.072666

Fig. 5. Tree presence prediction

map
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Table 5. Performance comparison between tree
prediction threshold

Tree prediction threshold Accuracy
0.5 0.885
0.6 0.8131
0.7 0.6957
0.8 0.487
0.9 0.1282

Fig. 6. Tree presence prediction map at 60%
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St ABASER olRold FPUClHE A=At
o] Julolel 2 AH83] 71 A5HS AIZL, XGBoost 7]
Aty 29S wagsw oF mds AYYT
XGBoost2 €] sfolmutetule g g o Fo] A%
2 R2: 0.495, RMSE: 0.0814, MAPE: 11.52442 4yttt
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Table 6. Performance of carbon absorption prediction

model
Model Accuracy Precision F1-Score
Extreme
Gradient 0.495 0.0814 11.5244
Boosting
Regressor

Table 7. Hyperparameter of carbon absorption
prediction model

Model Hyperparameter
colsample_bytree: 0.6,
gamma: 0.1,
learning_rate: 0.1,
Extreme Gradient max_depth: 7,

Boosting Regressor n_estimators: 100,
reg_alpha: 0.1,
reg_lambda: 0,

subsample: 0.8

Fig. 7. Carbon uptake prediction map
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