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Design and Implementation of an EMG-Based Wrist Band Device
with Imperfect Hand Gesture Recognition for Patients
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ABSTRACT

EMG-based hand gesture recognition, which can recognize natural hand gestures in detail, is actively studied as
an interface technology for patients. Existing research on gesture recognition does not take into account the
characteristics of patients and hospital environments. Because patients have weak muscles and constrained range of
motion, it is difficult to fully perform the specified gestures and easy to perform imperfect hand gestures. In addition,
a device considering the convenience and hygiene for patients is needed. In this paper, we design and implement
a wrist band device with imperfect hand gesture recognition for patients. The proposed method allows hand gesture
recognition for patients by collecting an EMG dataset including imperfect hand gestures and training a lightweight
deep neural network model. The implemented devices using low-power MCU and dry-type EMG sensors can recognize
hand gestures in real-time. In addition, we study the performance of imperfect hand gesture recognition according
to model architecture, quantization, sensor configuration, users, and sessions. As a result, the proposed method shows

an accuracy of 87.68% and an accuracy of 84.98% after quantization.
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Fig. 1.Implementation of a wrist band device with hand gesture recognition (a) Implemented device (b) Real-time hand
gesture recognition using the device (c) Using the device in smart hospital
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(a) (h) Hand gesture recognition firmware (c) A Wrist band device for patients
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Table 4. Comparison according to segment size
FCNN CNN DS-CNN

Channel

N 32 | 64 | 128 | 16 | 32 | 64 | 32 | 64 | 128
Parameter

4 10k | 28k | 80k | 7k | 28k | 111k | 4k | 14k | 53k
Accuracy

@) 68.18 | 78.81  79.98 | 71.74 | 85.25 | 87.38 | 77.68 | 86.22 | 87.68
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