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ABSTRACT

The recent surge of IT and data acquisition is shifting the paradigm in all aspects of life, and these advances
are also affecting academic fields. Research topics and methods are being improved through academic
exchange and connections. In particular, data—based research methods are employed in various academic
fields, including landscape architecture, where continuous research is needed. Therefore, this study aims to
investigate the possibility of developing a landscape preference evaluation and prediction model using machine

learning, a branch of Artificial Intelligence, reflecting the current situation. To achieve the goal of this study,
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machine learning techniques were applied to the landscaping field to build a landscape preference evaluation
and prediction model to verify the simulation accuracy of the model. For this, wind power facility landscape
images, recently attracting attention as a renewable energy source, were selected as the research objects. For
analysis, images of the wind power facility landscapes were collected using web crawling techniques, and an
analysis dataset was built. Orange version 3.33, a program from the University of Ljubljana was used for
machine learning analysis to derive a prediction model with excellent performance. 1A model that integrates
the evaluation criteria of machine learning and a separate model structure for the evaluation criteria were
used to generate a model using kNN, SVM, Random Forest, Logistic Regression, and Neural Network
algorithms suitable for machine learning classification models. The performance evaluation of the generated
models was conducted to derive the most suitable prediction model. The prediction model derived in this
study separately evaluates three evaluation criteria, including classification by type of landscape, classification
by distance between landscape and target, and classification by preference, and then synthesizes and predicts
results. As a result of the study, a prediction model with a high accuracy of 0.986 for the evaluation criterion
according to the type of landscape, 0.973 for the evaluation criterion according to the distance, and 0.952 for
the evaluation criterion according to the preference was developed, and it can be seen that the verification
process through the evaluation of data prediction results exceeds the required performance value of the model.
As an experimental attempt to investigate the possibility of developing a prediction model using machine
learning in landscape-related research, this study was able to confirm the possibility of creating a
high—performance prediction model by building a data set through the collection and refinement of image
data and subsequently utilizing it in landscape-related research fields. Based on the results, implications, and
limitations of this study, it is believed that it is possible to develop various types of landscape prediction
models, including wind power facility natural, and cultural landscapes. Machine learning techniques can be
more useful and valuable in the field of landscape architecture by exploring and applying research methods
appropriate to the topic, reducing the time of data classification through the study of a model that classifies
images according to landscape types or analyzing the importance of landscape planning factors through the

analysis of landscape prediction factors using machine learning,

Keywords: Orange3, Neural Network, Landscape Preference Prediction Model, Wind Power Generating
Facility Landscape
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| Creating a model ‘
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[ Results and discussion |
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landscape cognitive
response models

¥

Interpret and validate predictions
| Type of ‘ Distance of Preference of
Landscape Landscape Landscape
Establishing a baseline Establishing a baseline
through visual judgment through surveys
[ Conclusion
Figure 1. Flow of the research process
Table 1. Image data web crawling results
Target Channel Search Keyword Mean
Naver image search 600
Daum image search g ] 1,273
Wind power generating facili A Wind power generating
PoWer g ) g fadilty Google image search 721
landscape image data
Instagram 5134
Total amount 7,728

o

a: Naver Image Search Web Crawling | b: Daum Image Search Web Crawling | c: Google Image Search Web Crawling | d: Instagram Search Web Crawling

24 a: https://blog.naver.com/mee3536/222102170159
b: https://cafe.daum.net/diquddus/LjjX/ 1497 q=%ED%92%BD%EB%AO%AS HEB%BO%ICHECHAO%BA & re=1
¢ http://news.kmib.co.kr/artide/view.asp? arcid=0017482566&code=61141911&sid1=0p
d: http://news.kmib.co.kr/artide/view.asp? arcid=0017482566 &code=61141911 &sid1=0p

Figure 2. Examples of data collection
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Table 2. Criteria for evaluating learning data of landscape cognitive response prediction mode

Criterion

Classification Explanation

Type of wind power generating
facility landscape

Seascape of wind power

I data indudi
generating facility mage data including seascape

Landscape of wind power

I data induding land
generating fadility rage data including fandscape

Segmentation according to the viewing
distance of landscape’

Areas where wind power generation fadlities can be recognized independently

Near distance view . .
and in detail

Medium distance view Areas where the facility group is recognized as part of the landscape

Far distance view Areas where the shape of the topography or skyline stands out more than

the fadility
Good Good preference (conduct a survey)
Preference of landscape
Bad Bad preference (conduct a survey)

"Source : Higuchi(1983); Yoshinobu(19

94); Yoo(2000); Shinohara(2010); Hong(2010) to reorganize researchers.
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Table 3. Learning data construction results of landscape cognitive response prediction mode

Criterion (lassification Data amount Total amount
Seascape of wind power 129
Type of wind power generating generating facility 296
facility landscape Landscape of wind power 267
generating facility
Near distance view 120
S tation according to th
egmertation accarding 1o e Medium distance view 192 3%
viewing distance of landscape
Far distance view 84
Good 216
Preference of landscape 3%
Bad 180
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Figure 3. Differences between criterion-integrated and criterion-separate model structures
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Table 4. Predictive model performance assessment comparison

Al SVM(support vector machine)o] 94+ ¥12Fo2 MeEQlom F1 2= 7] 0.882, AlAZ7t 0.855,

A7} 0.69002 et logloss 4+7]

= Ao

1 ot

] 0.253, AA=7} 0323, 437} 0.6042 Lersth logloss 4

A9) %9 Bo] MO FEFS HoFER Y3lort HE /1 Bdo] Fl 421 7] 9ot H=rt ol
A 8452 BT 4 ok ol EEUR AP Sl 4 Il W, Hlole F4L Bt 1

e mdle A% A7, AT 7Ee] i RE BHoA neural networkZ} AEIEIOH F1 £2)E o]

0.986, A7} 0.973, 497} 09522 Uekon] logloss 4]
2 ettt dig 2elo] %9 F1 40e] o
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Landscape

Model Detailed model Algorithms AUC CA F1 Precision Recall LogLoss
kNN 0.972 0.919 0.917 0.922 0.919 0.176
T ‘ SWM 0.999 0.971 0.97 0.972 0.971 0.055
lar:’dp;o Random Forest 0.969 0920 0918 0925 0920 0.249
P Neural Network 0.999 0.986 0.986 0.986 0.986 0.033
Logistics Regression 0.998 0.977 0.977 0.977 0.977 0.060
o d kNN 0.957 0.862 0.861 0.861 0.862 0.419
Augmented data _ SVM 0.997 0.963 0.963 0.963 0.963 0.110
evaluation Viewing of
L ) Random Forest 0.965 0.880 0.876 0.880 0.880 0.372
criteria distance
Neural Network 0.995 0.973 0.973 0.973 0.973 0.100
separated model
Logistics Regression 0.995 0.965 0.965 0.965 0.965 0.097
kNN 0.787 0.698 0.695 0.698 0.698 0.609
ref f SW 0.953 0.875 0.875 0.875 0.875 0.297
rlarf;:::e [ Random Forest 0836 0.763 0.763 0.764 0.763 0521
P Neural Network 0.990 0.952 0.952 0.952 0.952 0.126
Logistics Regression 0.970 0.915 0.915 0.915 0.915 0.226
! ! I}
Type of Viewing of Preference of

Distance

Landscape

Criteria
Decision making
structure

Criteria
Decision making
structure

Criteria
Decision making
structure

Landscépe type
prediction

Viewing'distance
type prediction

Preference type
prediction

v

Landscape-Viewing
distance-Preference
Prediction Result

Figure 4. Structure of the prediction model
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Data Result of evaluation Data Result of evaluation
Data No. 0006 Landscape - Far - Bad Data No. 0852 Landscape - Near - Bad
Data No. 0013 Landscape - Medium - Good Data No. 0880 Seascape - Near - Bad
Data No. 0042 Landscape - Near - Bad Data No. 0881 Landscape - Far - Good
Data No. 0101 Seascape - Far - Good Data No. 0987 Landscape - Medium - Good
Data No. 0159 Seascape - Medium - Bad Data No. 0989 Seascape - Near - Bad
Data No. 0190 Seascape - Medium - Good Data No. 1012 Landscape - Near - Good
Data No. 0203 Seascape - Medium - Good Data No. 1042 Landscape - Medium - Bad
Data No. 0210 Landscape - Medium - Bad Data No. 1068 Seascape - Far - Good
Data No. 0238 Landscape - Near - Good Data No. 1140 Seascape - Medium - Good
Data No. 0257 Landscape - Medium - Bad Data No. 1242 Landscape - Near - Good
Data No. 0263 Seascape - Near - Bad Data No. 1256 Seascape - Medium - Bad
Data No. 0292 Seascape - Near - Good Data No. 1348 Landscape - Near - Bad
Data No. 0317 Landscape - Far - Good Data No. 1378 Landscape - Near - Bad
Data No. 0327 Seascape - Near - Good Data No. 1428 Seascape - Far - Good
Data No. 0475 Landscape - Medium - Bad Data No. 1447 Seascape - Near - Good
Data No. 0483 Seascape - Medium - Good Data No. 1451 Landscape - Near - Good
Data No. 0502 Landscape - Near - Bad Data No. 1493 Landscape - Near - Bad
Data No. 0511 Seascape - Medium - Bad Data No. 1625 Seascape - Near - Good
Data No. 0523 Landscape - Near - Bad Data No. 1708 Landscape - Medium - Bad
Data No. 0653 Seascape - Near - Bad Data No. 1778 Seascape - Near - Good
Data No. 0663 Seascape - Medium - Bad Data No. 1798 Landscape - Far - Bad
Data No. 0675 Seascape - Medium - Good Data No. 1837 Landscape - Far - Good
Data No. 0678 Landscape - Near - Bad Data No. 1929 Landscape - Near - Bad
Data No. 0769 Seascape - Medium - Good Data No. 2020 Landscape - Medium - Good
Data No. 0833 Landscape - Medium - Good Data No. 2048 Seascape - Medium - Bad
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Table 6. Comparison of prediction and validation results

Viewing of Viewing of Preference of Preference of
Type of landscape | Type of landscape i )
Data o o distance distance landscape landscape Result
prediction validation o o o .
prediction validation prediction validation
Data No. 0653 Seascape Seascape Near Near Bad Good Fault
Data No. 0989 Seascape Seascape Near Near Bad Good Fault
Data No. 1451 Landscape Landscape Near Medium Good Good Fault

a: Data No. 0653 b: Data No. 0989 ¢ Data No. 1451
Figure 5. Incorrect validation evaluation data
TV‘:; Predict  Predict D‘s“’“‘;‘: Predict = Predict = Predict P’e‘e’encj Predict = Predict
Landscape (Land) (Sea) Landscape (Near) = (Medium) (Far) Landscape (Good) (Bad)
Actual [ 100% 0% Actual| 95.5% 0% 0% Actual | 100% 8.7%
(Land)| (27) ©) (Near)|  (21) () () (Good) | (27 @
Actual 0% 100% Actual| 4.5% 100% 0% Actual 0% 91.3%
(sea)|  (0) (23) (Medium)| (1) (20) () (Bad)| (0 1)
Actual 0% 0% 100%
(Far) 0) ) (8)
Figure 6. Results of prediction confusion matrix
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Table 7. Comparison of prediction model evaluation indicators and prediction results evaluation indicators

Classification Detailed model CA F1 Precision Recall LogLoss
Type of landscape 0.986 0.986 0.986 0.986 0.033
Prediction model Distance of landscape 0.973 0.973 0.973 0.973 0.100
Preference of landscape 0.952 0.952 0.952 0.952 0.126
Type of landscape 1 1 1 1 0
Prediction result Distance of landscape 0.987 0.980 0.980 0.980 0.03492
Preference of landscape 0.960 0.955 0.913 1 0.063213
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