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Table 1. 22X IA 2% Dataset
Iltem Value

g9 Bolg F 770
8 & (background), HAH
(bunker), H o9 ol

glolg B&F (fairway), Z12l(green), 212}
2E(ground), Z%(lake),
El(tee)

&t& dlole 21174

ot ool F 237}

= olo|X| 37| 512x512

Fig. 1. 2= 3A B& dlole oA (R 23 ololx|, B =&
W 8% 28 oS

B o) AR &= Bl oR] #2448 9J8F Transformer(6]
7]8ke] |22 F2¢] Swin-TransformerE AME3C} o) on)x|
B, oujEA 28 Fo] 2del| lo] vllg- EFoln, Tietst
PN FHold des BAE Ao deA gtk vlure g
=yt ow]RJof] gk ofn]E2 23 B2 DeepLabV3+1],
HRNetV2+OCR[2] Z12]al Swin-Transformer[3]2 #-8-3k} =
sk, 9 omAel| gt omlEx 2 29 FarSeg[4]%

PointFlow[5]2 #-83c}.

Table 2. AP 2E oM =3 Md& HlW &

AR z=El A& (mloU)
DeeplabV3+ 25.4
HRNetV2+OCR 50.9
Swin—-Transformer 63.98
FarSeg 59.08
PointFlow 22.21
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Table 3. 2= A QEME E3J Dataset
Iltem Value

oo olg F 1174
Green, Bunker, Tree,
Forest, Building, Car,

RENE EF Boat, Lake, Football Park,
American Foottball,
Warehouse

&t& dlole =+ 32674

ot ololg F 1074

3 o|o|X| 37| 224x224

Fig. 2, 2= 34 2BME FF M0l oA (2% 22 olo|x|,

o2% SUHE £R ¥

O

2 Ao Akd FH¥ mdlf= ResNet[7]7]8F¢] Faster
R-CNN[8] eBAE 5 wuls ALR3K). Faster R-CNN 4o
ResNet2 backbone 0 2 AR831H, ow]|x|ejA] Tt F719) ey
o] SBAESE FHHoT A& F gk AR gy mdle
COCO(Common objects in context)[9] Hlo[EAlS: 53] g<5H
RS ARgg)

Table 4. AIM 2E o|M =™ & 2t QEXNE Cfst N
S H ®
2EAE olMZ=Y AS5(AP)
Green 100.00
Bunker 100.00
Tree 53.11
Forest 68.65
Building 70.96
Car 73.56
Boat 51.38
Lake 100.0
Football Park 66.67
American Football 50.50
Warehouse 37.50
Total 70.21

Hlok 4% Ak Sk Rl e ke ), 7} o ualEd)
st 4358 vlwsk Foftk A% A|EE= mAP(mean Average
Precision)Z A3}, Average Precision (AP)&= FUw=-Adhg
321 (Precision-Recall curve) olzje] ole Ukl Moz,
B4 Szl tigk mdle] s UElSAshks vl ARSErt oful,
A (Precision)= 2 2lo| True Positive= o|&351 W2 2= 2|2

True Positive?] AZ2] Hlgo|H, AFE (Recall)S 24| True
Positive Z % Rdlo| True Positive® ¢j&3} MZo] Hl &S
opmgict. A e BAES g AP it 70212 383} 7ksgt
T T S Hlrk

I, Conclusion
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