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Image recognition based on deep convolutional neural networks has demonstrated its effectiveness in extracting spatial patterns,
and has recently been used in various earth sciences. The main results of this project in FY2021 are the development of semantic
segmentation techniques for detecting and quantifying litters in coastal images. By projecting the detection results onto a
composition taken from the sky, the area covered by litter was successfully estimated with high accuracy. Other achievements
include the development of a classification method for the highly accurate detection of clouds that are precursors of tropical
cyclones from atmospheric simulation data. In particular, we were able to obtain high classification accuracy by efficiently
sampling the majority class and watering down the minority class when there is a 20-fold imbalance in the number of data.

Keywords : Deep convolutional neural network, image classification, semantic segmentation, beached
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1. Introduction

Deep learning, a method of machine learning using
multilayered neural networks, has been increasingly used in
various fields of earth sciences in recent years. In particular, deep
convolutional neural networks, which are specialized for image
recognition, are excellent for detecting spatial patterns and have
a high affinity in the study of oceans, weather, earthquakes, etc.
The purpose of this project is to apply the latest technology in
image recognition using deep learning to the earth sciences.

The four themes of this project are (1) object detection,
regression, and class classification, (2) geophysical quantity
transformation, (3) fusion of heterogeneous data, and (4)
enhancement of resolution of low-resolution images. The results
of FY2021 include the detection of beached litters from coastal
images using semantic segmentation related to (1), and efficient
classification of imbalance cloud image data in tropical cyclone
detection related to (2).

2. Semantic segmentation for detecting beach litter

In this study, image analysis was performed on photographs of
beaches taken by digital cameras to provide quantitative
information on beached litter with excellent versatility and
practicality (Hidaka et al. 2022 [1]). As an image analysis
technique for photographs taken from the ground, we employed
semantic segmentation, which classifies the input images into
classes on a pixel-by-pixel basis. Eight classification classes were
established: beach, sea, sky, plant, installation, and background,
in addition to artificial litter such as plastic bottles, cans, and

wood, and natural litter such as drifiwood and seaweed. Here, in

order to learn the patterns (colors, patterns, shapes, etc.) specific
to each class, a photograph of the beach and a pair of correct
answer labels painted for each class in pixel units are required
(Fig. 1). In this study, correct labels were created for 3500 coastal
monitoring data provided by the Shonai Regional Government
of Yamagata Prefecture. 2800 of the 3500 paired images were
used as training data and 700 as evaluation data.

Accuracy using 700 data for evaluation showed that 30-70%
of the pixels in the image that indicate artificial litter and 40-80%
of the pixels that indicate naturally litter were detected correctly.
If the two types of litter are combined into one class, including
the case of mistaking wood (artificial litter) and driftwood
(naturally litter), the detection accuracy is about 60%-90%.

The developed method can be used not only to count the
number of pixels of litter in the image, but also to estimate the
area covered by litter. In a case study conducted using the true
value of the area of man-made litter detected visually from
coastal images taken aerially by a drone, the area of coverage was
successfully estimated with an error of about 10% even from
ground photographs. In this method, it is necessary to perform
projective transformation of the ground photo into a composition
similar to that of the aerial photograph and also to make the size
of the image correspond to the actual scale. To achieve this,
information such as the angle of view of the camera when taking
the picture and the distance to the bottom of the image are
required. The training dataset for semantic segmentation used in
this study is available (but only for academic use) through data
repositories (Sugiyama et al. 2022 [2]; Sugiyama et al. 2022 [3]).
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3. Classification of cloud image for detecting tropical
cyclone

Image class classification is one of the most basic image
recognition tasks, which is also utilized in the categorization of
handwritten text, human faces, animals, and vehicles. For
weather data, it is used to classify and predict the presence or
absence of tropical cyclones such as typhoons, fronts,
atmospheric rivers, etc. in the target area. On the other hand, the
number of cases of such infrequent occurrences of so-called
extreme weather events is extremely small, and the imbalance of
data among each class contributes to the accuracy of
classification predictions. In this study, we used the data for 2-
class classification used in a previous study to develop a highly
accurate class classification method for imbalance data
(Matsuoka 2021 [4]; Matsuoka 2022 [5]).

The data used were 100,000 tropical cyclone images and 2
million other images. A machine learning model using a deep
convolutional neural network was built to perform classification
and prediction of unbalanced two-class images. The approaches
used here are (1) data sampling, (2) ensemble learning, and (3)
utilization of advanced deep learning methods. The most
accurate model had Precision=0.66 when Recall=0.80, a 65.4%
improvement over the results from the previous method
(Matsuoka et al. 2018 [6]).
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