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Hierarchical Multi-label Classification for Activity Recognition

ABSTRACT: Activity recognition using wearable sensors is very important in many domains of health monitoring and is
therefore well researched. Most commonly classification considers all activities to be ‘equal’ (we will use term at classifica-
tion). However, intuition suggests better results could be achieved using a hierarchical approach for classification. In this
paper we compare three different approaches to classify activities: (i) Flat classification - classes are equal and we build one
model to classify all of them; (ii) Multi-model hierarchical classification - classes are arranged in trees, we build different
models to classify activities on different levels. We apply two different approaches; (iii) Hierarchical classification using CLUS
software1.
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1. Introduction

Activity recognition (AR) using wearable sensors has been addressed many times, some of the most important application being
personalized health systems. Many of developed methods for recognizing different activities used triaxial accelerometers worn on
different body parts. With development of wrist-worn devices in past several years and with their growing popularity in everyday
life, methods for recognizing sports activities [2], daily activities [3] and handspecific activities [4] using just wrist-worn sensors
were proposed. Although the performance gets better with adding additional body sensors, as Attal and al. [1] proved in 2015 by
reviewing the research done by then, we decided to focus our research on wrist-worn sensors due to before mentioned accessi-
bility and popularity.

Vens and al. [6] defined hierarchical multi-label classification (HMC) as a variant of classification, that differs from normal
classification in two ways: (1) a single example may belong to multiple classes simultaneously; and (2) the classes are organized
in a hierarchy:an example that belongs to some class automatically belongs to all its super classes, the
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so called hierarchy constraint.

Although hierarchical approach might seem quite intuitive for AR, as certain activities are pretty obvious grouped together, the
usage of hierarchical classification for AR has only been addressed a few times. None of the cases was specifically directed
towards usage of wrist-worn device for recognizing different hierarchical activities (physical, daily, hand-movement activities).
Khan and al. [8] proposed a hierarchical recognizer for recognition of limited amount of physical activities (static, transitions,
dynamic) using a chestworn sensor device. Zheng [9] explored human activity based on the hierarchical feature selection and
classification framework. He explored 2D and 3D motion (jumping, running, walking forward/left/right, upstairs/downstairs, static
activities).

2. Dataset

The dataset we are working with consists of data from seven people involved in different activities (sport, rest, handwork, eating
chores...). We organize the activities in hierarchy as presented in Table 1. First we tried to create structure tree by using Orange2

software for hierarchical clustering. We calculated features as will be explained later in paper and put them into Orange software.
We were looking for some indications of the hierarchy for different groups of activity. However, there was no clear or extremely
obvious structure visible. The final structure was designed using knowledge achieved from previous research on the same
dataset where at classification (for instance in research made by Cvetkovic et al. [4]) has been used for recognition of activities.

Group Activity

Daily activities chores
eating
handwork
washing

Exercise nordic
running
walking

Static lying
sitting
standing

Table 1. Activity grouping

2 https://orange.biolab.si/

3. Methods

In this paper we are comparing three different approaches for activity recognition. First we addressed at classification, which is
commonly used in previous research. Next, we implemented two multi-model hierarchical algorithms, based on approach pro-
posed by Paes et al.[11]. We use the term multi-model as different models were used for different levels of hierarchy. Finally we
used Clus software, which has algorithms for hierarchical multi-classidfication (HMC) already implemented and is mostly used in
the field of functional genomics and text classication as shown by Vens et al.[6].

The users were wearing a wearable device (wristband or smartwatch) on their non-dominant hand. For the purpose of this paper
we only considered triaxial accelerometer data, however for further research other measurements are available as well (heart rate,
galvanic skin response..)

From raw measurements we crated instances using 2 second sliding window and computed set of various features from acceler-
ometer data that were shown to perform well in similar setting (mean, average, skewness, kurtosis, peak counts) [4]. Additionally
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we computed the Euler angles pitch and roll and calculated some extra features from them as well - for instance, pitch and roll
manipulation, amount of roll motion, regularity of roll motion... Altogether we computed 105 features. Afterwards feature selection
was applied and the best of them were used to build models.

3.1 Feature Selection
Feature selection was used only in the cases of at classification and MM-HMC. For feature selection, we first ranked the features
by gain ratio. After that, we used a wrapper approach. We started with an empty feature set and added features in the order of their
rank. After each feature was added, we evaluated its contribution by building random forest classifiers and internally cross-
validating them on the training set. The feature was kept only and only if it increased the overall average accuracy. The ranking
by gain ratio and the random forest algorithm were implemented in the Weka machine-learning suite and run with default
parameter values.

3.2 Flat Classification
The most common approach for AR is the so-called at classification. All classes are considered equal, hierarchy is not taken into
account. Algorithms were implemented in java, using Weka3 library.

3.3 Multi-Model Hierarchical Classification
We implemented two different approaches for hierarchical classification. The first one, traditional hierarchical strategy Per Parent
Top Down (PPTD - Figure 1), based on “local per parent node”model, and the second one, named Sum of weighted Votes (SWV
- Figure 2), “local per level” model, proposed by Paes et al. in [10]. On the upper level we built a model to distinguish between three
groups - daily activities, exercise and static. This was done the same for both approaches. From here on, the approaches differ.

1. PPTD For this approach, we split instances into three different subsets regarding to the classified group. We then run feature
selection for each of the subsets separately and built three different models - on for each group of activities. Features were dierent
for each group.

2. SVW After the first level, the classified group has been added to instances as an additional feature. Feature selection has been
done again - this time for the whole level, and one model has been built to distinguish between activities.

Same authors have explored feature selection for both approaches in [11], where they have shown that the best results are
obtained when using the lazy approach - this approach executes feature selection at the classification time of each instance. We
have decided to use the eager approach, where feature selection is done prior to classification.

3https://www.cs.waikato.ac.nz/ml/weka/

Figure 1. PPTD - local per parent node approach
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Figure 2. SVW - local per level approach

3.4 CLUS-Classification
CLUS is a decision tree and rule learning system that works in the predictive clustering framework. One of its important function-
alists is the CLUS-HMC algorithm for hierarchical multi-label classification. The software has been shown to work very well in the
field of functional genomics [6], so the idea to use it in hierarchical classification for activity recognition seems reasonable. Clus-
HMC algorithm is a variant of standard greedy top-down algorithm for decision tree induction. To achieve the task of predicting
a set of classes instead of a single class, additional changes to the learning procedure are needed, as shown in [12].

Figure 4. CLUS settings fisle example

In our experiment we worked with random forest (to make it comparable with other two approaches), and we allowed the decision
tree to go up to depth 20. We have shown experimentally that performance increases sharply up to decided depth, while
afterwards the contribution has become negligible. The error we used for optimization was the average AUPRC (area under the
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precision-recall curve). We have tested the performance by changing the threshold determining when the probability output by
the model is considered to predict a class. All of the above mentioned parameters are set in the settings le as seen in Figure 4.

4. Experimental Setup and Results

In our case the hierarchy is very simple, reduced to two levels. For HMC problems Clus returns several error values. To get fair
results for each person included in the dataset, leave-one-person-out approach has been used, as mentioned before. For
evaluation of the results we decided to choose standard measurements - precision, recall and F-score. However, when it comes
to the evaluation of highly skewed class distributions, similar as with our dataset where for instance daily activities have a much
higher frequency than rest, precision-recall curves are the most suitable evaluation tool [7], so this was also added. Vens el al.
[6] have addressed the problem of most eligible evaluation tools for hierarchical classification. From the proposed evaluation
tools we used the area under the precision-recall curve.

To evaluate predictive models independently from the threshold, two types of evaluation are suitable: ROC analysis and
analysis of precision-recall curves (PRC). ROC analysis is better known in machine learning, however for hierarchical multi-label
classification PR is more suitable. [?] PR curve plots the precision of a model as a function of its recall, and although it helps
understanding the predictions, single value is more appropriate for comparing quality of different models. A score often used to
represent this is the so-called “area under the PR curve” (AUPRC). The closer the AUPRC is to 1.0, the better the model.

AUPRCw = Σi wi  AUPRCi

If all the weights are set to wi = 1/|C|, where C is the set of classes, score is called average AUPRC, and is denoted as AUPRC. If
the weigths are set to wi = vi / Σ jvj where vi is the frequency of class ci  in data, we call this weighted AUPRC and denote it as
AUPRCw. We have compared the performance of the proposed methods by comparing the precision, recall, F-score and AUPRC
score by activity. Validation has been done using “leave-one-person-out” approach. We computed all of the mentioned mea-
sures for each person and averaged them to get the performance accuracy by method. Methods that we compared are at
classification, multi-model classification using SVW (local per level) approach and CLUS-classification using same approach.
We decided to leave out the comparison of PPTD algorithm due to lack of data. Classes for static group were poorly represented
from the beginning and after classification on the first level some were left with only few examples. To avoid losing data we
propose additional approach, which is roughly explained in the conclusion.

Using the same dataset Cvetkovic and al. [4] have reported on 70% accuracy for five different classes (sports, eating, chores,
handwork, washing). We expected high confusion in group of daily activities (handwork, chores, eating, washing) and some
confusion between other groups and within them as hand movements can be very similar in this group. Table 2 and Table 3 show
the results of the experiments. We could not compare the AUPRC of at classication when classifying groups, as we only get the
values for classied activities on lower level. However, we could compare at classification to other two approaches using other
measures. As shown in Table 2 MM-HMC performs the best for AR on the upper level, but not much better than at. On the lower
level the results from at classification and from MM-HMC were quite similar, with one approach performing better in some cases
and worse in others. From the fact that direct classification on the upper level (MM-HMC) is not much better from the indirect,
it is safe to conclude that this is the reason, that for similar results between the mentioned two approaches on the lower level.
The achieved average accuracy for at classification has been 70:5% and very similar for MM-HMC. Each works better in some
cases. Results using CLUS are not the most promising. However, there are many possible combinations of settings available and
the performance could be improved by choosing different set of parameters and their values. We tried many possible combina-
tions and the presented results are the best so far.

5. Conclusion

In this work we compared three approaches to activity recognition. Our results show that for the purpose of activity recognition
with 2 levels of activity (group and activity), at classification performs as well as both types of hierarchical classification - or
even better. In some other uses of HMC, for instance functional genomics, fast performance and correct classification of higher
levels is of greater importance than correct classification of lower levels. Unfortunately in the case of activity recognition fast
performance was the only upside.

There are some possible improvements for future work. The dataset we were working on, was not really extensive. There were
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Flat MM-HMC CLUS

Fscore 82.05% 83.71% 74.36%

Precision 82.03% 83.73% 76.22%

Recall  82.12% 84.05% 73.10%

AUPRC 89.61% 81.09%

Flat MM-HMC CLUS

Fscore 65:14% 66:79% 52:23%

Precision 68:29% 65:92% 58:31%

Recall 65:48% 67:69% 51:08%

AUPRC 68:63% 66:67% 54:76%

Table 2. Results upper level (group)

Table 3. Results lower level (activity)

many activities involved and not many instances of each. This could be solved with joining more similar datasets.

Some of the HMC-related papers mentioned different classifiers for classification. We used random forest, as it has performed the
best in our previous research where we were only using at classication, however some other classifiers may perform better on the
hierarchical problem. Better accuracy could as well be achieved by adding measurements from some other sensors (heart rate
sensor), as maybe there are some more distinctive differences between subsets of the proposed hierarchy.

A possibility to improve the performance of MM-HMC is to add additional activities to each of the groups. For instance, we add
exercise and static as two new activities in group of daily activities. Similar would be done for other two groups of activities. After
building models for the lower level, we would then build additional models for all “new activities” classied to wrong group. We will
try this approach in our future work.

References

[1] Attal, F., Mohammed, S., Dedabrishvili, M., Chamroukhi. F., Oukhellou, L., Amirat, Y. (2015). Physical Human Activity Recog-
nition Using Wearable Sensors. Sensors 15(12). Basel  31314-18.

[2] Siirtola, P., Lurinen, P., Haapalainen, E., Rnoning, J., Kinnunen, H. (2009). Clustering-based activity classification with a wrist-
worn accelerometer using basic features. In: 2009 IEEE Symposium on Computational Intelligence and Data Mining. CIMD 2009
- Proceedings. 95-100.

[3] Chernbumroong, S., Atkins, A.S. (2011)Activity classification using a single wrist-worn accelerometer. In: 2011 5th  Interna-
tional Conference on Software, Knowledge Information, Industrial Managrment and Applications (SKIMA) Proceedings.  1-6.

[4] Cvetkovic B., Drobnic V., Lustrek M. (2017) Recognizing Hand-Specic Activities with a Smartwatch Placed on Dominant or
Non-dominant Wrist. In: Information Society. Ljubljana

[5] Nweke, H.F., Teh, Y.M., Al-gardi, M.A., Alo, U.R.(2018). Deep learning algorithms for human activity recognition using mobile
and wearable sensor networks: State of the art and research challanges. Expert Systems With Applications. 105. 233-261.



               Progress in Signals and Telecommunication Engineering   Volume   8   Number   1   March   2019           15

[6] Vens, C., Stryuf, J., Schietgat, L., Dzeroski, S., Blockeel H. Decision trees for hierarchical multi-label classsification. In: Machine
Learning, 73 (2) 185-214.

[7] Davis, J., Goadrich, M. (2006). The relationship between precision-recall and ROC curves. In: Proceedings of the 23rd Internation
Conference on Machine Learning.  233-240.

[8] Khan, A.M., Lee, Y.K., Lee, S.Y., Kim, T.S. (2010). A Triaxial Accelerometer-Based Physical-Activity recognition via Augmented-
Signal Features and a Hierarchical Recognizer. In: IEEE Transactions on Information Technology in Biomedicine. 14 (5) 1166-72

[9] Zheng, Y. (2015). Human Activity Recognition Based on the Hierarchical Feature Selection and Classification Framework.
Journal of Electrical and Computer engineering. doi:10.1155/2015/140820

[10] Paes, B.C., Plastino, A., Freitas, A.A. (2012). Improving Local Per Level Hierarchical Classification. Journal of Information
and Data Manegement 3 (3) 394-409.

[11] Paes, B.C., Plastino, A., freita s, A.A. (2014). Exploring Attribute Selection in Hierarchical Classification. In: Journal of
information and Data manegment- Vol. 5 (1) 124-133.

[12] Blockeel, H., Bruynooghe, M., D—zeroski, S., Ramon, J., Struyf; J. (2002). Hierarchical mulit-classification. In: Proceedings of
the ACM SIGKDD 2002 Workshop on Mulit-Relational Data Mining (MRDM 2002). 21-35.

[13] Cesa-Bianchi, N., Gentile, C., Zaniboni, L. Incremental algorithms for hierarchical classification. Journal of Machine Learn-
ing. (2006) 31-54

[14] Clus Homepage (last accessed 26 Jun 2018) https://dtai.cs.kuleuven.be/clus/index.html.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


