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Human activity recognition (HAR) is a technology that aims to offer an automatic
recognition of what a person is doing with respect to their body motion and gestures,
HAR is essential in many applications such as human-computer interaction, health
care, rehabilitation engineering, video surveillance, and artificial intelligence.
Smartphones are becoming the most popular platform for activity recognition owing
to their convenience, portability, and ease of use. The noticeable change in
smartphone-based activity recognition is the adoption of a deep learning algorithm
leading to successful learning outcomes, In this article, we analyze the technology
trend of activity recognition using smartphone sensors, challenging issues for future
development, and a strategy change in terms of the generation of a activity

recognition dataset.
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ANN Artificial Neural Network
A CFS Correlation Feature Selection
CNN Convolutional Neural Network
v. Z8 DCNN Deep Convolutional Neural Networks
DFT Discrete Fourier Transform
AREAH 4 (HAR: Human Activity Recogni- DNN Deep Neural Networks
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HCI Human-Computer Interaction
HRI Human-Robot Interaction
IBL Instance-Based Learning
KNN K-Nearest Neighbor
LOO Leave-One-Out
MFCC Mel-Frequency Cepstral Coefficients
RF Random Forest
RFID Radio Frequency Identification
RNN Recurrent Neural Network
STFT Short-Time Fourier Transform
SVM Support Vector Machines
WEKA Waikato Environment for Knowledge Analysis
WISDM  Wireless Sensor Data Mining
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