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1 INTRODUCTION
Animals in nature are motivated by their internal state to
find places in the external environment that support their
survival and reproduction [3, 9]. Biologists attach devices to
animals to collect location data from which displacements
over discrete time intervals and move metrics can be derived
[3, 9, 11]. Distributions of some move metrics based on data
collected during different move behaviorsmay be statistically
different [5].

Our objective is to use deep learning to perform unsuper-
vised classification of move steps to identify different types
of move behaviors in large telemetry data sets. We use au-
toencoder recurrent neural networks with long short-term
memory (LSTM) units to account for sequential nature of
the data [8]. Move steps are classified based on the Deep
Embedded Clustering (DEC) approach [12]. We assess this
methodology using: (1) simulated telemetry data sets where
the type of move behavior for each move step is known and
(2) unlabeled biotelemetry data for an adult female golden
eagle (Aquila chryseatos) that was captured in 2016 in San
Diego County, California, USA.
We used Cray CS™system with Urika®-CS AI software

stack that includes Open Source Analytics (OSA) images that
run inside Singularity [1] containers. The OSA image soft-
ware we used includes Anaconda®Python, TensorFlow™and
Keras [4]. The model training was run on NVIDIA V100 GPU
node on the Tallgrass supercomputer provided by the Science
Analytics and Synthesis (SAS) Advanced Research Comput-
ing group at the U.S. Geological Survey [2].

2 DEEP LEARNING CLASSIFICATION
ALGORITHM

As a baseline approach, we cluster the data using K-means
algorithm described in Hartigan [6]. The algorithm divides
data points intoK disjoint clusters and minimizes the within-
cluster sum of squares. We compare the baseline clustering
with the DEC algorithm. The first part of the algorithm is
to train an autoencoder. We chose a deep recurrent autoen-
coder neural network architecture as described in Hinton

Figure 1: Deep recurrent autoencoder neural network archi-
tecture used to encodemovement data and DEC classifier ar-
chitecture used to predict class labels. In this example, the
classifier is predicting 3 class labels.

and Salakhutdinov [7]. The advantage of encoding is that it
can find features in the data automatically. We choose the
network architecture to be 2 LSTM layers in the encoder
and a 2 LSTM layer decoder with the rectified linear unit
as an activation function and Fully Connected Layer as the
output from the encoder and decoder with a sigmoid activa-
tion function. The neural network is trained for 300 epochs
to minimize the mean squared error loss function. After au-
toencoder is trained, we initialize the clustering assignment
by clustering the encoded data with the K-means algorithm.
The second part of the DEC algorithm is to update the clus-
tering assignments by using the high confidence clustering
predictions and improve the low confidence ones iteratively.
The autoencoder and DEC classifier architectures are shown
in Figure 1.

We evaluate the performance of the baseline K-means and
DEC approaches by computing unsupervised accuracy scores
for the simulated data which requires true label knowledge
and the silhouette score [10] which does not require true
labels.
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Table 1: Evaluation Metrics for Clustering Results

2 classes 3 classes 5 classes
baseline DEC baseline DEC baseline DEC

unsupervised accuracy (0, 1) 0.95 0.98 0.72 0.78 0.60 0.66
silhouette score (-1, 1) 0.59 0.98 0.37 0.85 0.34 0.56

Figure 2: Confusion matrix for 2 classes, 3 classes and 5
classes simulations.

Figure 3: Altitude vs. time with true class labels and with
DEC predicted class labels for 3 movement classes simula-
tion.

3 EVALUATIONWITH SIMULATED DATA
For each experiment, we simulated 3D time serieswith 500,000
time steps. We present evaluation metrics for the baseline
K-means and DEC algorithms for the three experiments in
Table 1 and the confusion matrix plot for the final predic-
tions in Figure 2. We plot altitude vs. time for the movement
data with 3 classes for the first 3 hours with true labels and
predicted labels in Figure 3.

4 EVALUATIONWITH GOLDEN EAGLE
BIOTELEMETRY DATA

We plot altitude vs. time for one eagle colored by time and
by predicted class in Figure 4. Baseline K-means predictions
and K-means predictions on encoded data are plotted in PCA
space in Figure 5. We chose to cluster with 9 classes. The
clusters are more separable after encoding the data. The
baseline silhouette score is 0.30 and 0.33 for encoded data.

Figure 4: Altitude vs. time colored by time andwith DEC pre-
dicted class labels.

Figure 5: Baseline K-means predictions and K-means predic-
tions after encoding data plotted in PCA space.

5 CONCLUSIONS
Our future goal is to apply unsupervised machine learning al-
gorithms to the telemetry data to cluster the movement data
into distinct behavioral classes. The higher unsupervised
accuracy score and higher silhouette score as determined
with this current work confirm that the DEC algorithm can
be used to improve over baseline K-means clustering assign-
ments.
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