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ABSTRACT

In Japan, many debris flows occur throughout the country every year, and these occurrences have been detected using wire sensors and
other devices. However, from the viewpoints of equipment maintenance and more efficient detection of debris flows, there is a need to
establish a detection method using camera images. In this study, we developed a method for detecting mudslides from camera images using
deep learning. Study has confirmed that video data can be used to detect debris flows more accurately than still images. Particularly, recall
rate was high, at 90%, and the occurrence of debris flow was rarely missed. On the other hand, the lack of training data and the limited train-

ing time due to computer performance have been issues. By solving these issues, it is expected that more accurate models can be created.

INTRODUCTION
To monitor debris flows, many fixed cameras such as CCTV cameras have been installed in rivers and streams in mountainous areas. The
recorded video images are often checked visually, but in order to quickly recognize the occurrence of debris flows and to promote labour

saving, it is necessary to establish an automated method of detection.

Recent studies on debris flow detection from movies have used optical flow and PIV (Particle Image Velocimetry) (Takeru K, et.al. 2022 and
Yusei M, et al. 2021), one of these methods, and some of these methods have been developed with high detection accuracy. On the other
hand, rule-based methods require reconsideration of judgment conditions each time the camera or installation location changes. Image
recognition based on deep learning is expected to detect images with different installation conditions and images with large illumination
and weather changes appropriately by preparing and learning images with various shooting conditions. In this study, a method for detecting
debris flow bores from CCTV video using deep learning was studied and tested. The field for this study is a mountain stream on Japan's

highest mountain, Mt. Fuiji.

METHODS

Video recognition by deep learning includes video classification, action detection, video caption generation, and object tracking. Detection
of debris flow from videos can be regarded as a classification problem, i.e., whether or not the video in a certain segment contains the be-
ginning of debris flow (bore). In this study, we used the Video Transformer Network (Daniel N, et al. 2021), one of the video classification
tasks. In addition, many models using Transformer (Ashish Vaswani, et al 2017) have been proposed for recent classification problems, and
are expected to have higher recognition performance than conventional CNN methods (Daniel Neimark, et al 2021). Video Transformer
Network is a model that inputs each frame of a video to a feature extractor and inputs the resulting output to a classifier using a Transformer

to classify the video.
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Figure 1. Structure of Video Transformer Network
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For comparison with video classification, each frame of the video was treated as a still image (hereafter referred to as "image"), and image
classification was performed to determine whether or not a bore was included in each image. We used ResNet50 (Kaiming H, et al. 2016)

for image classification. The resolution of the video is 2 million pixels and the frame rate is 30 fps.

RESULTS AND DISCUSSION
The training data was the debris flow recorded by the CCTV camera on March 21, 2021, for 10 minutes (600 seconds). First, the time of oc-
currence of debris flow stage waves was arranged. The time when the debris flow started to appear in the video was Time 1, and the time

when the debris flow reached the check dam near the center of the screen was Time 2.

Next, a clip video was generated by shifting the 5-second clip by 1 second for the target video. The reason why the clip video length was
set at 5 seconds is that the debris flow discussed in this study are characterized by the appearance of bores over a period of several seconds.
In order to determine the occurrence of debris flows in more detail, the clip videos were made by sliding them at 1-second intervals. The

number of clip videos created is 600, of which 106 are labeled as bores.

For each clip, a "debris flow" label was assigned if the clip overlapped with the time of the debris flow stage wave, and a "non-debris flow"
label was assigned if it did not. A training model was constructed using the first 500 seconds of the video as training data and the second 100
seconds as validation data. Images used for image classification were labelled and trained in the same way. The number of clipped videos

in the validation data is 100, of which 14 are labeled with bores labels. The occurrence of bores is 2 times.

Figure 2. Example of deciphering the time of occurrence of debris flow bores. (a: Time1, b: TimeZ)

The video classification accuracy for each clip of the validation data is shown in Table 1. Accuracy rate is the percentage of clips that cor-
rectly determine the presence or absence of bores in debris flows. Precision rate is the percentage of clips that actually contain bores among
the clips that were judged to have bores. Recall rate is the ratio of clips judged to have bores out of the clips that actually contain bores.
The F value is the harmonic mean of the fit ratio and the reproducibility ratio. The reproducibility is 0.917, which is very high, and the result
shows that there are few missed detections. Precision rate is 0.647, and the F value, the harmonic mean of the recall and precision, is 0.759.

Qualitative consistency is also confirmed.

classification

Video Image

Accuracy 0.854 0.835
Precision 0.647 0.387
Recall 0.917 0.656
F value 0.759 0.487

Table 1. Accuracy for each clip of the validation data

There are several issues to be addressed in this study. First, in general, video classification consumes more memory and requires more
computation due to the complexity of the model compared to learning images. In this study, the model was trained up to the GPU memory

limit, but if a GPU with a larger memory capacity is used and the training data is increased, the model performance is expected to improve.
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Secondly, the model was trained on video clips including before and after the onset of the bores, so it is considered difficult to identify de-
bris flow in which the bores are not clearly visible. In addition, each frame of the video data was treated as image, and image classification
was performed to classify whether or not the frame contained debris flow bores. The objective was to verify the effect of using videos as
input to the model by attempting classification using only images. The results showed that although classification could be performed to
some extent using only images, the model with video clips as input had higher classification accuracy. In many cases, it is difficult for even a
human to determine whether a single image is bore or a following current. On the other hand, in the case of video clips, the model learned
the sequence of flow from the state of turbid water to the appearance of bores, and in this respect, the video classification was considered
to have higher classification accuracy.

CONCLUSIONS

We attempted to detect debris flow bores from videos using deep learning. The Video Transformer Network was able to determine with 80%
accuracy whether or not bores were seen in a 5-second clip of video. In particular, the reproduction rate was as high as 90%, and debris

flow bores were detected even when the video was quite unclear. In this trial, training and validation were conducted using a short video

clip. Future work is required to improve the accuracy by enhancing the training data and to validate the generality of the model.
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