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Introduction
• Wearable devices and smartphones are ubiquitous, and many of these 

devices contain Inertial Measurement Units (IMUs) such as gyroscopes 
and accelerometers

• This data can be used to perform human activity recognition (HAR) to 
recognize the motion characteristics of a smartphone/watch user

• We use both Convolutional Neural Networks and LSTMs to classify 18 

unique activities ranging from eating chips to dribbling a ball from 
labelled, time-series data

LSTM & CNN
• Our Convolutional Neural Network consists of 4 Conv1D layers, 

accompanied with Batch Normalization and Max Pooling layers and 
lastly a flatten and two dense layers

• For the LSTM structure, we decided to use a stacked-LSTM structure. 
Specifically, we have two LSTM layers with 64 memory cells each, 

followed by a Dense Layer

• We chose to stack multiple recurrent states with multiple 
memory cells because it allows the model to determine more 

complex abstractions from the input data

Evaluation
• The resulting confusion matrix shows that the models on both devices 

struggle to differentiate between activities that require similar hand 
movements such as eating chips versus eating soup.

• Comparing LSTM and CNN on both watch and phone data sets, we 

see that the LSTM performs better than the CNN with 79% vs. 72% 

accuracy and 74% vs. 50% for each respective dataset.

Conclusion & Future Work

• We will use the expanded WISDM dataset that will be released later 

this year which includes more activities and a larger set of participants.

• We believe that with further fine-tuning of hyper parameters we can 
continue to improve the prediction accuracy of our approach.

• We will investigate creating unique models for each study participant as 
previous research has shown this approach to be more accurate

Dataset and Baseline
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Example Accelerometer & Gyroscope Data

Results

Accel/Gyroscope data for jogging Accel/Gyroscope data for eating a sandwich

Participant ID (beginning at 1600)], [timestamp(unix-based)], [x value], [y 

value], [z value] as shown above

• Our dataset consists of approximately 47,000 labelled, tri-axial sensor 

samples from the phone and watch IMUs from the WISDM [1] dataset
• The gyroscope and accelerometer tri-axial data was sampled at a rate 

of 20 Hz
• Weiss used five distinct algorithms: Random Forests, J48 decision trees, 

B3 instance-based learning, Naive Bayes, and multi-layer perceptron. 

Using these algorithms, Weiss was able to obtain an overall accuracy rate 
of 25.3% with the phone accelerometer data, and 64% accuracy with the 

watch accelerometer data.

Network Architecture & Analysis


