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CNN-based Fall Detection Model for Humanoid Robots

Shin-Woo Park' and Hyun-Min Joe™

Abstract

Humanoid robots, designed to interact in human environments, require stable mobility to ensure safety. When a humanoid robot falls,
it causes damage, breakdown, and potential harm to the robot. Therefore, fall detection is critical to preventing the robot from falling.

Prevention of falling of a humanoid robot requires an operator controlling a crane. For efficient and safe walking control experiments,

a system that can replace a crane operator is needed. To replace such a crane operator, it is essential to detect the falling conditions of
humanoid robots. In this study, we propose falling detection methods using Convolution Neural Network (CNN) model. The image data
of a humanoid robot are collected from various angles and environments. A large amount of data is collected by dividing video data

into frames per second, and data augmentation techniques are used. The effectiveness of the proposed CNN model is verified by the

experiments with the humanoid robot MAX-EI.
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CNN-based Fall Detection Model for Humanoid Robots

Fig. 1. Standing posture of a humanoid robot.
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Fig. 2. Falling posture of a humanoid robot.
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Table 1. Structure of CNN model for falling detection of a humanoid
robot.

Layer Output Shape

(None, 84, 84, 32)
(None, 42, 42, 32)
(None, 42, 42, 64)

(None, 21, 21, 64)

Convolution 1
Max Pooling 1
Convolution 2

Max Pooling 2

Flatten (NOIIC, 28224)

Dense 1 (None, 100)

Dropout (None, 100)

Dense 2 (None, 2)

Feature Classification

| Convolution extraction
Pooling f—jﬂ A N
flatten

NSigmoid
| >
Input 4 <
. Output
4

Dropout + Dense

Fig. 3. Structure of CNN model for falling detection of a humanoid
robot.
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Fig. 4. Detection result of standing posture of a humanoid robot. (a): standing posture data. (b): detection result graph.
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Fig. 5. Detection result of falling posture of a humanoid robot. (a): falling posture data. (b): detection result graph.

Fig. 6. Structure of CNN model for falling detection of a humanoid
robot.
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Table 2. Structure of a CNN Model according to parameters change
of existing CNN model.

Layer Output Shape

(None, 84, 84, 32)
(None, 84, 84, 32)
(None, 84, 84, 32)
(None, 42, 42, 32)
(None, 42, 42, 64)
(None, 42, 42, 64)
(None, 42, 42, 64)
(None, 21, 21, 64)
(None, 21, 21, 64)
(None, 21, 21, 64)

Convolution 1
Batch Normalization 1
Dropout 1
Max Pooling 1
Convolution 2
Batch Normalization 2
Dropout 2
Max Pooling 2
Convolution 3

Batch Normalization 3

Dropout 3 (None, 21, 21, 64)

Max Pooling 3 (None, 10, 10, 64)
Flatten (None, 6400)
Batch Normalization 4 (None, 6400)
Dense 1 (None, 100)
Dropout 4 (None, 100)
Batch Normalization 5 (None, 100)

Dense 2 (None, 2)
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Fig. 7. Structure of a CNN Model according to parameters change of
existing CNN model.
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Fig. 8. Accuracy and loss of CNN model. (a): accuracy according to
Epoch. (b): loss according to Epoch.
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