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In this paper we address a key problem in the emerging field of mobile health (mHealth) research [4]
that we will refer to as the hierarchical event detection and activity segmentation problem. Given
dense time series of biosignals continuously recorded using on-body sensors (e.g: respiration waveforms, electrocardiogram waveforms, actigraphy data, etc.), the goal is to infer a hierarchy of event
labels at multiple temporal scales. For general time series, the goal in this problem is to both infer
a hierarchical segmentation of the input time series consisting of a collection of non-overlapping
spans at each level that are nested across levels, and to infer a label for each span at each level.
Some examples of such labeled, nested segmentations are shown in Figure 1 (e)-(g). We present a
hierarchical span-based conditional random field (CRF) framework for this problem that leverages
higher-order factors to enforce the nesting constraint.
We focus in this paper on the specific problem of eating detection from actigraphy signals which
has two levels: the detection of individual eating gestures (the events), and the delineation of eating sessions (activity segmentation) [5, 9]. This two-level structure appears in a variety of other
mHealth problems including smoking detection, drinking detection, and conversation detection
[5, 1, 6]. While the first-level detection task can be addressed using standard classification methods,
the second-level segmentation task is significantly more complex due to the fact that the segments
can have arbitrary lengths, and the event labels that sit below a particular activity segment can be
heterogeneous (e.g: the gestures that occur during an eating segment are a mixture of both eating and
non-eating gestures) [9]. As a result, prior work within the mHealth research community has either
ignored the session delineation problem completely, used methods based on ad-hoc post-processing
of detections, or stacked simple segmentation models like linear chain CRFs on top of the detection
outputs [1, 6, 5, 9].
Our proposed framework, which we call the Hierarchical Nested Segmentation (HNS) model, instead solves the detection and segmentation problems jointly in a single unified model with a single
consistent maximum a posteriori (MAP) inference algorithm. We present our model as a conditional random field and compare against other, similar CRF based structured prediction models (see
Figure 1 (a)-(c)). Our framework allows for a variety of factors in addition to those enforcing a
valid nested segmentation including high-order cardinality factors and constraints on label positions
across layers. These factors can be used to model regularities in the structure of labels within and
across levels. These factors make the model more expressive than standard pairwise Potts models
used in computer vision and other areas [8].
For the specific case of the event detection and activity segmentation model described above, we
show that it is possible to perform exact MAP inference in time quadratic in the length of the input
sequence using dynamic programming. The inference algorithm is closely related to both inference
in semi-Markov CRFs [7] and the inside-outside algorithm used in CRF-based parsing [2]. We
leverage the MAP inference algorithm to learn the model parameters within the structured support
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Figure 1: Figure (a) shows a factor graph model for a standard linear chain CRF over a length-four
sequence. Figure (b) shows a two-level hierarchical CRF where the first level labels are grouped into
fixed size blocks at the second level, which has linear chain structure. Figure (c) shows a two-level
version of the proposed model, which includes a quadratic number of second level span variables,
one for each possible span. The global coordinating factor that ensures a valid segmentation connects
to all second-level span variables and is not pictured. Figures (d)-(f) show example segmentations
and labelings for a length four sequence. Our model (c) represents a distribution over all such
structures conditioned on the input features.
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Figure 2: Average precision, recall, and F1 results for event level (Left) and segment level (Right)
prediction experiments along with one standard error bars.

vector machine (SSVM) framework [10]. We note that the model we propose may thus be equivalently viewed as a higher-order CRF or an SSVM. We choose to describe the model as a CRF and
represent it graphically using a factor graph [3].
We evaluate the HNS model on the problem of eating detection in data gathered using wrist worn
accelerometers. The data was originally published in [9] and contains hand labeled time series
from 20 subjects performing a variety of tasks in a laboratory setting. For each subject, features
were calculated on a 6 second sliding window. We test the HNS model on two detection tasks.
Event detection consists of labeling each bottom level position in the sequence as an eating gesture
or not. On the event labeling task, we compare the HNS model against an independent logistic
regression (LR) model and the tree-structured CRF model shown in Figure 1 (b) (T-CRF). Segment
level detection consists of segmenting the sequence and labeling each sequence as eating or not. On
this task we compare against the T-CRF model. We calculate precision, recall, and F1 score for each
task across a 10-fold cross validation split. The average results along with one standard error bars
are shown in Figure 2. The HNS outperforms all models on both tasks with the biggest improvement
coming on the segmentation task. The improvement over LR on the event detection task and T-CRF
on the segmentation task are significant at the p = 0.05 level using a paired t-test.
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