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Abstract Pine trees in Korea are the tree species with the highest diversity, accounting for half of the
native coniferous trees. Pine trees once accounted for more than 60% of the nation's forests, but the
proportion has decreased to 25% due to infestations and wildfires. To classify Korea's native pine trees,
we use the standard image dataset held by the National Institute of Biological Resources to classify three
species. Instead of modifying a pre-trained model like ResNet 50, which has been proven to perform
well, we instead directly implement an image recognition model to perform species classification, which
showed an accuracy of 85%, and then determined the features derived from the recognition process. To
understand the impact of image size and growth on classification, we evaluated performance of the
model through image size and image growth. The performance improvement was about 3% for image
size and 6.4% for image growth. We also compare its performance with a machine learning model based
on data labeling. We extract the most weighted features for species classification from the image
recognition process and compare them with feature importance used in the labeling method, finding
that the most effective features for species classification in the labeling method and image recognition

are similar.
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Table 1. pine tree species selected with the specific
features for data labeling[7]

the color
Specifi number of size male female
pecilic of a tree (cm) flower flower
leaves bark
Pine 2 taupe 8~14 ellipse ellipse
Black . " . egg-
Pine 2 white 9~14 ellipse shaped
Pitch 3 raddish 714 cylin- egg-
Pine brown drical shaped
Korean dark » . egg-
Pine 5 brown 715 ellipse shaped
£ dAFoAE HolE HolEd 4] 4l oWRE
A8 27 7S Hed 45 vas) wug g
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2 45 5 1 0 Pinus koraiensis
3 5 5 1 0 Pinus koraiensis
4 5 5 1 0 Pinus koraiensis
5 52 5 1 0 Pinus koraiensis
6 52 5 1 0 Pinus koraiensis
7 55 5 1 0 Pinus koraiensis
8 55 5 1 0 Pinus koraiensis
9 55 5 1 0 Pinus koraiensis
10 5.6 5 1 0 Pinus koraiensis

Fig. 1. samples of labeled data in CSV format
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Table 2. con and pros of the machine learning
models used in data labeling[7]

Method advantages disadvantages
unclear coefficient
Linear Speed of learning values and very
regression and prediction difficult coefficient
analysis
Easy t derstand
KNN asy 1o understan Hardly uesd in the field
the model
Both .
. . Pre-processing and
low-dimensional/ )
SVM R X X parameter settings
high-dimensional required
behavior d
E t derstand
Decision asy to understan Not valid for time
through .
Tree . o series data
visualization
Slow training and
ensemble |The most widely used prediction using
based algorithm more memory than
linear models
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Fig. 2. the layered architecture of the CNN
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. 3. visualization of the last filter layer of the CNN

ek poolngld |

Fig. 4. Images generated after applying the last layer
of Maxpooling
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AR &85 =5 A A2438 A5%, 2023

3.3 ImageDataGenerator

ojulxjo] A4}, ¥ WE, A, I 59 "I F
o] oujAE FAX7l= WAo=, FAHQ TolHE
goto] o w2 g dol ¥ § J&E =t

S Y& o9 FE7t 7

s 2T 5 Jorng Wy
= A% 3 24 fYsteiof gt

£ =EoA= 3029 717 BT, F GPixel
A2 7IEe AIZE olE, 0.8 ~ 1.2 vl T o]u]]
g 9 EAsko 24 121709k29] HloleE St
Train Seto]] 28kl AF&51¥ 3, ImageDataGenerators
283t §9] olm|X|= Fig. 69 At

Z4]%l o]u]A&= Train setT} test seto]] XE3gloto] &
230 224 Table 394 CNN + ImageDataGen9 2
= CNN ©=HT} o B2 9] MES 711 g5
CNNo| E&F3idl Adto|c}.

ol

[o mlu gt

»

L

Fig. 6. Images generated by applying ImageDataGenerator

3.4 Class Activation Map(CAM)
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Fig. 7. the results of applying Grad-CAM to the

source image (a) the Grad-CAM image
heatmap (b) the result of superimposing the
heatmap image on the source image.
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Table 3. Accuracy comparison for the 6 models

Data Image Size
. Accuracy Classifi- Accuracy
Labeling N (Image)
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