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Shared Learning Activity Labels Across Heterogeneous
Datasets

Juan Ye *

Abstract. Nowadays, the advancement of sensing and communication technologies has led to the possibility of collecting a large
amount of sensor data, however, to build a reliable computational model and accurately recognise human activities we still need
the annotations on sensor data. Acquiring high-quality, detailed, continuous annotations is a challenging task. In this paper, we
explore the solution space on sharing annotated activities across different datasets in order to enhance the recognition accuracies.
The main challenge is to resolve heterogeneity in feature and activity space between datasets; that is, each dataset can have a
different number of sensors in heterogeneous sensing technologies and deployed in diverse environments and record various
activities on different users. To address the challenge, we have designed and developed sharing data and sharing classifiers algo-
rithms that feature the knowledge model to enable computationally-efficient feature space remapping and uncertainty reasoning
to enable effective classifier fusion. We have validated the algorithms on three third-party real-world datasets and demonstrated
their effectiveness in recognising activities only with annotations from as little as 0.1% of each dataset.

Keywords: Activity recognition, Uncertainty reasoning, Feature space remapping, Ontologies, Smart home, Transfer learning

1. Introduction

Sensor-based human activity recognition (HAR) has
been playing a significant role in many applications,
which enables to provide customised services to suit
people’s current context. Various machine learning in-
cluding recent deep learning techniques have been
applied to HAR in feature extraction [2] and sen-
sor fusion [15] and achieved promising accuracy on
recognising daily activities. However, these techniques
heavily rely on labelled training data in order to build
a robust computational model.

Labelling sensor data with activities is a time-
consuming and cost-sensitive task. Reducing the re-
liance on training data has long been a challenging re-
search topic, and different approaches have been at-
tempted, including unsupervised learning [33], active
learning [1], co-training [5], and transfer learning [27].
The majority of these approaches have reduced the an-
notation to a certain degree, but the annotation burden
on individual users is still heavy, and does not scale to
a large number of users.

*Juan Ye is with the School of Computer Science, University of
St Andrews, UK.
jy31@st-andrews.ac.uk

To directly tackle this challenge, we propose a
SLearn approach to relieve the annotation burden on
individual users via cross learning on scarce and par-
tially annotated data from multiple users to achieve
satisfactory activity recognition accuracies. The hy-
pothesis is that as long as each user contributes a small
number of labelled examples (even though these exam-
ples might not cover a complete set of activity types),
SLearn will learn annotated examples across all the
users and be able to build an activity recognition model
for each user to recognise all the activities. For ex-
ample, if a user A’s data only contains annotations on
‘sleeping’ and a user B’s only contains annotations on
‘preparing meal’, SLearn will take both users’ data and
build activity models to be able to recognise these two
activities on both users. In this way, SLearn reduces
labelling on individual users and still builds a robust
model to recognise activities.

The challenge faced by SLearn is the heterogene-
ity in different datasets. Take Figure 1 as an exam-
ple where each smart home has different spatial lay-
outs and is deployed with a different number of sen-
sors with different sensing technologies. Transferring
activity models across these smart homes, especially,
mapping and/or aligning features extracted from these
sensors, is a daunting task, as their feature space can
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2

1 1

2 2

3 3

4 4

5 5

6 6

7 7

8 8

9 9

10 10

11 11

12 12

13 13

14 14

15 15

16 16

17 17

18 18

19 19

20 20

21 21

22 22

23 23

24 24

25 25

26 26

27 27

28 28

29 29

30 30

31 31

32 32

33 33

34 34

35 35

36 36

37 37

38 38

39 39

40 40

41 41

42 42

43 43

44 44

45 45

46 46

47 47

48 48

49 49

50 50

51 51

Fig. 1. Three smart home deployments observing the same set of activities but with different spatial layouts and a different number of sensors.
Each table shows the averaged activation ratios of sensors (e.g., S1 or S2, mapping to red dots in each house setting) per each activity class (e.g.,
‘Leave home’ or ‘Sleep’).

be completely disparate. Here we focus on binary sen-
sors, including RFID sensors, door sensors, and pres-
sure sensors. Transfer learning across datasets on bi-
nary sensors is currently under-explored. Most transfer
learning techniques on sensor-based activity recogni-
tion focus on accelerometer data that have the uniform
format of sensor data [27].

We have explored preliminary sharing data and
sharing classifiers algorithms to integrate knowledge-
and data-driven approaches in our earlier work [30].
The algorithms have achieved promising results in
gaining reasonably good accuracy with a small amount
of training data from each dataset. However, the al-
gorithms struggle when there exists high heterogene-
ity between datasets and sensor data are noisy, mak-
ing it uncertain to select appropriate activity labels.
To tackle this challenge and improve the accuracy of
shared learning, we use the recent advance in uncer-
tainty reasoning to support robust classifier fusion in
the face of conflict and uncertainty among classifiers
in different datasets. We design a new hybrid approach
to combine sharing data and classifiers to complement
their limitations and reduce the risk of negative trans-
fer. We evaluate the algorithms on three third-party
datasets and demonstrate their effectiveness by com-
paring them against the state-of-the-art classification
techniques.

The rest of the paper is organised as follows. Sec-
tion 5 reviews the mainstream work on addressing the
scarcity of labelled data and identifies the difference
between them and SLearn. Section 2 describes the
SLearn approach and Section 3 introduces the evalua-
tion methodology and experiment setup. Section 4 per-
forms an evaluation and discusses the strength and lim-
itation of SLearn Algorithms, and Section 6 concludes
with some suggested future work.

2. Proposed Approach

We hypothesise that by shared learning across dif-
ferent datasets, we can build an activity model that
can recognise these users’ activities accurately only
with a small amount of training data. Let A =
{a1, a2, ..., ak} be a set of k activities of interest,
DS = {D1,D2, ...,Dn} be a collection of n datasets,
where Di (1 6 i 6 n) consists of pi partially labelled
training instances Li = {(x j, y j)}pi

j=1 (y j ∈ Ai) and
qi unlabelled instances Ui = {x j}qi

j=1. Ai is the set of
activity classes being annotated on Di and Ai ⊆ A.
SLearn aims to combine the training instances Li from
DS to build an activity model to recognise all the activ-
ities in A on unlabelled instances Ui in DS . A detailed
definition of SLearn is given in our previous work [31].

In the following, we will explore the solution space
to address this question. We will look into two di-
rections: sharing classifiers and sharing training data.
For both approaches, the key enabler is feature space
remapping; that is, transforming sensor feature from
one dataset to another.

2.1. Feature Space Remapping

Different feature remapping strategies have been
proposed [17] and a promising approach is a meta-
feature based mapping function for event-driven sen-
sors in smart home environments [4]. The authors have
defined a range of meta-features about each sensor; for
example, the average sensor event frequency over 1-
hour time periods, over 3/8/24-hour periods, the mean
and standard deviation of the time between this sen-
sor event and the next sensor event, and the probabil-
ity of the next event is from the same sensor. These
meta-features are used as a heuristic to guide the map-
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ping process. This is a data-driven approach for feature
space remapping, but its performance is affected by
the activity routine of various users. For example, one
user might often have breakfast at 6am while the other
might have at 9am, or one user prefers having shower
before breakfast while the other prefers the other way
around so that the sensors might be mis-matched on
the time scale. In addition, the density of the sensor de-
ployment and the frequencies and sensitivity of sensors
reporting events affect the mapping on the intervals be-
tween events. For example, one environment can be
more densely deployed with sensors so that the time
distances between events reported by different sensors
can be significantly shorter than the other environment
set up with much fewer sensors.

To reduce the impact of such differences in each
dataset, we adopt a more general approach - semantics-
based feature mapping. We will use the common
knowledge, which has demonstrated generality across
different smart home datasets [33]. The principle of
semantics-based feature mapping is to compute simi-
larity between a pair of sensors based on where they
are deployed and which object they have attached to.
Both location and object concepts are organised in an
ontological hierarchy, from which a conceptual simi-
larity measure [28] is applied to calculate the distance
between two concepts. For example, a sensor in House
A can be described with Kitchen (i.e., a location
concept) and Cup (i.e., an object concept), and a sen-
sor in House B with Kitchen and Pan. If the con-
ceptual similarity between Cup and Pan is 0.22, then
we can calculate the similarity between these two sen-
sors as 0.61 (= (1 + 0.22)/2). We construct a sim-
ple location ontology based on their functionality; e.g.,
Kitchen v CookingArea v DiningArea, and
an object ontology based on WordNet [14]; e.g., Cup
v Crockery v Tableware. The semantic simi-
larity between ontological concepts is based on the
hierarchy [28]. A detailed description of the ontolo-
gies and semantic similarities between sensors can be
found [34].

Definition 1. Given an instance XI = [xI,1, xI,2, ..., xI,nI ],
a semantics-based feature mapping function is defined
as θ(XI) = XII , denoted as [xII,1, xII,2, ..., xII,nII ], where
∀1 6 j 6 nII , xII, j =

∑
i∈S j

xi ∗ simS (sI,i, sII, j)/|S j|, S j is
a collection of sensors in the feature space I that are
similar to the sensor j in II. That is, S j = {sl|1 6 l 6

nI , simS (sI,l, sII, j) > ε}, where ε is the threshold to choose
similar sensors and simS is the similarity between two
sensors.

Using Definition 1, we can perform sensor feature
remapping. That is, a value xII, j in a converted instance
XII ∈ χII is the weighted average of the probabilities
of all the similar sensors in the source feature space
χI to the jth sensor in χII and the weight is their sen-
sor similarity. In another word, we try to estimate the
probability of the jth sensor reporting events by look-
ing at the probabilities of all of its similar sensors in
the source dataset.

Figure 2 illustrates an example of the above process.
Assume that there are two simplified datasets I and II,
each having 2 and 3 sensors respectively, and their sim-
ilarity scores have been calculated based on the simi-
larity of their attached objects and deployed locations.
Given a current sensor feature XI

1 in the dataset I,
we need to simulate a sensor feature XII in the other
dataset. First, for each sensor in II, we need to identify
similar sensors in I. Assume that the similarity thresh-
old is 0.5, according to the formula in Definition 1, we
identify the similar sensor sets S j( j = 1, 2, 3) for each
sensor in the dataset II as {sI,1}, {sI,1}, and {sI,2}.
Then the probability on each sensor is the averaged
contribution from their similar sensors.

Fig. 2. An example of sensor feature space remapping

2.2. Sharing Classifiers

To share classifiers, we design a uncertainty-driven
algorithm; that is, when the classifier from the current
dataset cannot confidently infer an activity label to a
given example, then we acquire labels from the classi-
fiers from the other datasets. This is inspired by active
learning; that is, identify uncertain examples and query

1We extract sensor feature from sensor events as X = [x1, ..., xn],
where n is the number of sensors being deployed and xi indicates
the probability of the ith sensor reporting an event during a certain
time interval (e.g., every 30 or 60 seconds); that is, xi = Ni/N,
where Ni is the number of events reported by the ith sensor and N
is the total number of events being reported in an interval. This is
a common approach for extracting features on binary event-driven
sensors [5, 26, 34].
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human operators for annotation. The difference here is
that we do not query human operators, but classifiers
in the other datasets.

We describe the process in Algorithm SC. To make
it work, we will need to solve two problems: (1) how
to evaluate whether an example is uncertain to label,
and (2) how to integrate results from multiple classi-
fiers. To address the first question, we will employ the
most common uncertainty sampling strategies from ac-
tive learning, which are least confidence, margin sam-
pling, and entropy [20]. We have run experiments on
these three strategies and in the end settle with infor-
mation entropy strategy that yields the best accuracy.
With the uncertainty sampling strategies, we can deter-
mine which example is not certain to be labelled from
its current classifier.

Then we will perform a feature space remapping
that converts it to examples in the other datasets to al-
low the other classifiers to label. Once the other clas-
sifiers complete the inference, we will need to col-
lect their results and integrate them to make a final
decision. The existing approaches to combine classi-
fiers include ensemble methods like boosting, bagging,
and stacking. However, we are constrained by the size
of training data, so a training data craving ensemble
method might not be applicable. Here we borrow the
recent advance in uncertainty reasoning techniques –
classifier fusion with contextual reliability evaluation
(CRE) [10]. It enables characterising refined reliabil-
ity of a classifier on individual classes and thus allow
more effective integration of classifiers.

Algorithm 1 SC: Share Classifiers
Require: a collection of datasets {D1,D2, ...,Dn}, where each

dataset Di is composed of a set of labelled examples Li and a set
of unlabelled examples Ui

1: initialise a classifier Ci for each dataset
2: for t= 1 do T
3: use labelled examples in each dataset Li to train its classifier

Ci and estimate an uncertainty measure µi
4: randomly create a subset of {U′1,U′2, ...,U′n} from unla-

belled examples
5: for each unlabelled example u ∈ U′i do
6: prob← Ci classifies u and returns its class probabilities
7: if µi evaluates prob to be uncertain then
8: use {C1, ...,Cn} to classify u and integrate the results
9: else

10: use Ci to label u
11: select k most confident and certain examples Ki from U′i
12: Li → Li ∪ Ki
13: Ui → Ui − Ki

2.2.1. Classifier Fusion with Contextual Reliability
Evaluation

CRE is built on top of a formal mathematical theory
of evidence, Dempster-Shafer Theory (DST), which
propagates uncertainty values and consequently pro-
vides an indication of the certainty of inferences. In the
following, we will briefly introduce the basics of DST,
its application to classification, and then move on to
CRE.

2.2.2. Basics of DST
Let Ω = {h1, . . . , hn} be a finite set of mutually ex-

clusive and exhaustive hypotheses, called the frame of
discernment. A basic belief assignment (BBA) func-
tion assigns belief across the frame; that is, m : 2Ω →
[0, 1], representing the belief committed to a subset A
of Ω, given a certain piece of evidence. 2Ω is the power
set of Ω; that is, 2Ω = {∅, h1 ∪ h2, . . . , h1 ∪ hn, . . . , h1 ∪
h2∪ . . . hn}. The BBA m(.) satisfies the following con-
ditions: m(∅) = 0 and

∑
A⊆Ω

m(A) = 1.

Associated with a BBA are belief and plausible
functions that define the lower and upper bounds of
imprecise probability of a BBA: bel(A) =

∑
B⊆A

m(B) and

pl(A) =
∑

A∩B6=∅
m(B). In another word, for any A ⊆ Ω,

[bel(A), pl(A)] is interpreted as the imprecise interval
of the unknown probability P(A), where bel(A) mea-
sures that the strength of evidence all supporting A
and 1 − pl(A) measures that the strength of evidence
contradicting A. When there exist multiple indepen-
dent sources expressing their beliefs through BBA, a
common way to combine these BBAs is the following
Dempster’s rule in Equation (1). Its principle is to nor-
malise the belief by redistributing the total conflicting
belief mass. That is, given two BBAs m1 and m2 over
2Ω, the combination on a nonempty common subset A
is defined as

m1

⊕
m2(A) =

∑
B∩C=A

m1(B)m2(C)

1−
∑

B∩C 6=∅
m1(B)m2(C)

. (1)

2.2.3. DST Application to Classification
In a classification problem, each hypothesis in Ω

refers to a class of interest. For an input example X,
a BBA m(A) characterises a classifier’s belief on as-
signing the example X to a set of classes. If A is a sin-
gular class, it represents the posterior probability; e.g,
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m({yi}) = p(yi|X) is the posterior probability of X be-
ing classified to the class yi. When A corresponds to
a set of classes, m(A) can be used to characterise the
imprecision degree among these classes in classifica-
tion of an input example; e.g., m({yi, y j}) presents the
probability of X belonging to either yi or y j, but there is
no preference of one or the other. In the extreme case,
when A = Ω, m(Ω) denotes the total ignorance de-
gree and it plays a neutral role in the fusion process of
multiple sources.

The combination of multiple classifiers’ results can
be done through the above Dempster’s rule, which
assumes that all the sources are completely reliable.
However, each classifier is subject to a certain degree
of reliability in that rarely it can produce 100% accura-
cies of inference on all the examples. To capture the re-
liability of each classifier, Shafer’s discounting method
is often applied. Shafer has defined an evidential op-
eration for discounting the partial mass of belief in a
BBA to the total ignorance according to a discounting
factor α (0 6 α 6 1) [21].

mα(A) =

{
αm(A), A ⊂ Ω, A 6= Ω

1− α + αm(Ω) A = Ω.
(2)

In the above discounting operation, the reliability of a
classifier is often described by a single value, and the
mass values on different hypotheses are equally dis-
counted. This can be problematic to the SLearn prob-
lem, as each dataset can contain training data that are
labelled with a subset of activity classes, suggesting
that some activities can be more reliably inferred than
the others. Contextual reliability evaluation [10] is em-
ployed to capture such difference by characterising the
reliability of classifiers associated with different con-
texts (i.e., classes).

2.2.4. Contextual Reliability Evaluation
CRE focuses on estimating the reliability of each

classifier’s inference m(A) and the discounting factor
α in Equation (2). The reliability of inference takes
into account of the confidence of inferring the current
example and the performance of a classifier inferring
similar examples. The discounting factor measures the
compatibility between the classifiers and helps to find
the most plausible class. In the following, we will de-
scribe how to estimate the above two parameters.

2.2.5. CRE – Reliability
Given an input example X in a dataset D (X ∈ χ),

let f̃ (X) = yi (yi ∈ Y) represent classifying X to a

class label yi and f (X) = yi represent the true label X
to be yi. A BBA function on the inference result yi is
estimated as follows.

m({yi}) = rii ∗ P( f̃ (X) = yi|X) = P( f (X) (3)

= yi| f̃ (X) = yi) ∗ P( f̃ (X) = yi|X)

=
P( f̃ (X) = yi| f (X) = yi)

c∑
l=1

P( f̃ (X) = yi| f (X) = yl)

∗ P( f̃ (X) = yi|X)

The BBA function represents the belief of a classi-
fier on inferring a class label yi. It takes into account
both the posterior probability of inferring an input ex-
ample P( f̃ (X) = yi|X) and the reliability profile rii of
a classifier on each class yi. We cannot directly esti-
mate rii on X as we do not know the true label of X.
A workaround solution is to estimate on the examples
similar to X in the training set, whose reliability can
serve as a proxy to the reliability profile on X, assum-
ing that a classifier achieves similar accuracies on sim-
ilar inputs.

To do so, we find the top close neighbours NG(X) to
X, and calculate the conditional probabilities P( f̃ (Xk) =
yi| f (Xk) = yl) on each neighbour Xk; that is, how
often a neighbour Xk is classified as yi given that its
true label is yl. This conditional probability will then
be penalised by the distance between the neighbour
Xk and X. The intuition is that the closer a neighbour
to X, the higher weights will be placed on its reliabil-
ity measure. The distance penalisation is defined on a
commonly applied exponential function with the rel-
ative distance of a neighbour Xk to X with respect to
the minimum distance to the nearest neighbours. The
above process is summarised in the following equa-
tions.

P( f̃ (X) = yi| f (X) = yl)

=
∑

Xk∈NG(X)

P( f̃ (Xk) = yi| f (Xk) = yi) ∗ δk ,

δk = e−λ∗dk
,

dk =
d(X, Xk)

ε + min
Xk′∈NG(X)

d(X, Xk′ )
,

where ε is a small constant to compensate, when the
minimum distance is 0.

In the end, the reliability profile rii is a weighted sum
of the conditional probabilities on the close neighbours
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of X. The BBA of a classifier m(.) leverages the relia-
bility of a classifier on different classes and the poste-
rior probability of inferring an example.

2.2.6. CRE – Discounting Factor
The second part of CRE is to estimate the discount-

ing factor for each classifier. Dempster’s combination
rule in Equation (1) can produce unreasonable results
when the sources are highly conflicting [23]. To ad-
dress this problem, CRE proposes a compatibility mea-
sure based on the plausibility functions of each classi-
fier. The criteria of compatibility is to assess whether
two classifiers have any common inference. Given two
BBAs mi and m j over the same frame of discernment,
if there exists a common set of potential classes, then
their incompatibility degree is 0; otherwise, it is calcu-
lated on the joint product of their maximum plausibil-
ity functions. The potential classes Φi on each classi-
fier are sets of classes that have achieved high plausi-
ble functions. They are characterised as the subset of
classes if their plausible function is relatively close to
the maximum plausible function on the whole frame
of discernment. The estimation process is given as fol-
lows.

αi =
α̂i

max
j
α̂ j
, (4)

α̂i =
∑
j, j 6=i

(1− κ(i, j)), (5)

Φi = {A|
pli(A)

max
B⊆Ω

pli(B)
> τ}, (6)

κ(i, j) =


√

max
A∈2Ω

pli(A) max
B⊆Ω

pl j(B), if Φi ∩ Φ j = ∅

0, otherwise .
(7)

The compatibility-based discounting factor helps to
discount the highly conflicting situations between clas-
sifiers, which leads to a more effective application
of Dempster’s rule. The derived BBA mi(A) and dis-
counting factor αi will be applied to Shafer’s dis-
counting function in Equation (2), whose results will
be combined in Dempster’s combination function in
Equation (1). In the end, we will infer the class that
achieves the highest plausible value; that is, y ←
arg max

A⊆Ω,|A|=1
pl(A). Algorithm CC describes the classifier

fusion process.

Algorithm 2 CC: Combine Classifiers
Require: an unlabelled example u
Require: Classifiers {C1,C2, ...,Cn} for each dataset i ∈ [1, n]
1: initialise res to store the inference results
2: for each classifier Ci do
3: infer on u and calculate BBA using Equation (3)
4: estimate the discounting factors αi for each classifier, using

Equation (4)
5: integrate results using Shafer’s discounting function in Equa-

tion (2) and Dempster’s combination function in Equation (1)
6: compute the plausibility value on the integrated BBA
7: return [cls, pl], a class label cls with the highest plausible value

pl

2.3. Sharing data

A classic approach of dealing with a small amount
of training data is leveraging unlabelled data, which is
similar to the active learning approach, mentioned in
Section 5.2. That is, for each dataset, we train a classi-
fier on its labelled data and then use it to iteratively in-
fer the labels on its unlabelled examples for T rounds
or until the algorithm converges. For each iteration, we
select the top k most confident examples to enlarge the
labelled data pool and iteratively update the classifier.
However, given our assumption that the labelled data
might be too little and have not covered the whole set
of activities of interest, this basic approach can only
assign the labels that have been observed in the train-
ing data. We will need to leverage labels from the other
datasets. This gives rise to Algorithm SD. With feature
remapping, for each dataset, we will not only train a
classifier on its own train data but also on the trans-
ferred training data from the other datasets.

Algorithm 3 SD: Share training Data
Require: a collection of datasets {D1,D2, ...,Dn}, where each

dataset Di is composed of a set of labelled examples Li and a set
of unlabelled examples Ui

1: initialise a classifier Ci for each dataset
2: for t= 1 do T
3: Lc

i → Li ∪ {L′j|L′j = remap(L j, i), j 6= i, j ∈ [1, n]}
4: use labelled examples in each dataset Lc

i to train its classifier
Ci and estimate an uncertainty measure µi

5: randomly create a subset of {U′1,U′2, ...,U′n} from unla-
belled examples

6: use Ci to label U′i and select k most confident and certain
examples Ki

7: Li → Li ∪ Ki
8: Ui → Ui − Ki
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2.4. A Hybrid of Sharing Data and Classifiers

The advantage of the SD algorithm is to deal with
the cold start problem when there exists very few train-
ing examples in each dataset. It helps to accumulate
training examples, but it ignores the individual users’
activity routines and patterns. This can lead to negative
transfer; that is, learning across datasets might result
in decreased accuracies. To prevent the situation, we
proposed the SDC algorithm to share data and classi-
fiers in an informed way. The principle is that if the
performance of a dataset’s classifier is not improved
any more with sharing data, then we should stop us-
ing the other datasets’ data for training any more and
switch to sharing classifiers. There are different ways
to measure a classifier’s performance; for example, the
overall accuracies measure how accurately it infers a
correct class label. Here we opt for the class accuracies
as sharing data aims to improve the diversity of classes
on each dataset and the class accuracies will not biased
towards the classes observed in each dataset and will
provide more accurate view on the overall performance
of the classifier.

Algorithm 4 SDC: An informed combination of
SD and SC
Require: a collection of datasets {D1,D2, ...,Dn}, where each

dataset Di is composed of a set of labelled examples Li and a set
of unlabelled examples Ui

1: train a classifier Ci with labelled examples in each dataset and
estimate a performance γi

2: for t= 1 do T
3: Lc

i → Li ∪ {L′j|L′j = remap(L j, i), j 6= i, j ∈ [1, n]}
4: randomly create a subset of {U′1,U′2, ...,U′n} from unla-

belled examples
5: use Ci to label U′i and select k most confident and certain

examples Ki
6: Li → Li ∪ Ki
7: Ui → Ui − Ki
8: use labelled examples in each dataset Lc

i to train its classi-
fier Ci and estimate an uncertainty measure µi and a reliability
measure γ′i

9: if γ′i is not better than γ then
10: stop sharing on Ci

11: start Algorithm SC

3. Experiment Setup and Evaluation Methodology

The objectives of the evaluation is to assess the
accuracy of SLearn recognising activities by shared
learning on datasets that are only partially annotated
with activities of interest. More specifically, we aim to
answer the following questions:

Q1 Does SLearn outperform the classic supervised
and semi-supervised learning techniques in HAR?

Q2 Which SLearn algorithm is more effective and
under what circumstances?

Q3 Does CRE outperform DST, in terms of support-
ing robust classifier fusion in the face of high
conflict and uncertainty?

We measure the accuracy in overall accuracy – the
ratio of the learnt labels being the same as the true
labels, and class accuracy – the averaged ratio of
the learnt labels being the same as the true labels in
each class y ∈ Y . The class accuracy is more indica-
tive when the datasets have imbalanced class distri-
bution, which is a common problem with the HAR
datasets [5].

3.1. Datasets

To test SLearn, we need to find the datasets that
are collected in different environments but have the
common set of activities to allow for shared learning.
Therefore, we locate the three HAR datasets collected
by the University of Amsterdam [26], which are are
widely used in the literature. These datasets were col-
lected in real-world houses with different spatial lay-
outs, a different number of sensors, and the degree of
inherent noise. We believe that experimenting on these
datasets gives us a comprehensive view of the effec-
tiveness of the proposed technique.

These three datasets recorded the same set of 7 ac-
tivities, including leaving the house, preparing break-
fast or dinner, and sleeping. The activity distribution
is presented in Figure 3, which shows that the occur-
rence of the activities is imbalanced and each house
has a dominant activity. These three houses are de-
ployed with only binary sensors and a more detailed
description of the datasets can be found in [7]. The
House A dataset consists of 14 state-change sensors
attached to household objects like doors, cupboards,
and toilet flushes, while the other two datasets contain
more than 20 sensors, including reed switches to mea-
sure whether doors and cupboards are open or closed;
pressure mats to measure sitting on a couch or lying in
bed; mercury contacts to detect the movement of ob-
jects (e.g., drawers); passive infrared to detect motion
in a specific area; float sensors to measure the flush
of toilet. The sensor metadata are also provided along
with the dataset, and some of which are presented in
Figure 3. The metadata allows us to map sensor on the
Location and Object ontological concepts and facili-
tate the feature space remapping process.
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Fig. 3. Activity class distributions and sensor metadata of the three
datasets used for experimental evaluation

3.2. Model Configuration and Evaluation Process

As SLearn aims to explore how little the train-
ing data is required to build a robust activity model,
we are using the shallow learning techniques as base
classifiers, including Naive Bayes (NB), Random For-
est (RF), Logistic Regression (LR), Neural Networks
(NN), and Support Vector Machine (SVM).

3.3. Evaluation Process

The key objective of SLearn is to integrate partially
annotated, heterogeneous datasets to recognise a better
covered set of activities. To do so, we evaluate the al-
gorithms across different ratios of training data, from
0.1% to 80%. 0.1% is the extreme training data per-
centage for the chosen datasets; that is, the training
data for each dataset can only contain 1 or 2 exam-
ples. This extreme percentage can be too little to train
a classifier properly, but we would like to build a com-
prehensive performance profile of SLearn and decide
what training percentage is appropriate to SLearn.

The hypothesis of SLearn is that if the examples
from each dataset covers different activities; e.g.,
‘leave home’ from House A and ‘use toilet’ from
House B, SLearn will be able to recognise both activ-
ities on the test data in House A and B, while a tra-
ditional supervised activity recognition algorithm will
only be able to recognise ‘leave home’ in House A
and ‘use toilet’ in House B. Here we start with the
low training ratio and systematically increase the ratio
to find the optimal ratio of training data with which
SLearn can achieve reasonable accuracies.

4. Results and Discussion

This section discusses the evaluation results to ad-
dress the research questions in Section 3.

4.1. SLearn Model Configuration

Our first experiment is to understand the perfor-
mance of SC by evaluating the impact of different base
classifiers and distance measures on their accuracy.
Figure 4 presents the instance and class accuracy of
SC on House A, B and C, when we randomly sample
2% training instances from each dataset to run SC. We
have run the experiments on all the different number
of training instances and they have the similar pattern
as Figure 4.

The results show that none technique or distance
measures significantly outperforms the others, except
for that SVM performs the worst among all. This sug-
gests that SC is not sensitive to the choices of these
two configurations. In the following, we will report
the results on NB and RF for the following reasons.
These two algorithms represent two different styles of
classifiers: NB is a simpler model and consumes less
training data to produce good classification accuracies,
while RF has more capacity in building complex mod-
els but requires more training data. We want to see how
these two algorithms work when the training data is
little and how all the algorithms can enhance their per-
formance in this situation.

4.2. Comparison of CRE and DST in SC

In our previous work [31], we have evaluated SC Al-
gorithm and compared with the classic ensemble meth-
ods such as majority voting, highest confidence and
DST to integrate imperfect evidences from distinct
sources [12]. All three have achieved similar results
and DST has more consistently better performance.
Here we compare the averaged overall and class ac-
curacies of Algorithm SC with CRE and DST in Fig-
ure 5. In general, CRE-based Algorithm SC performs
better, suggesting that the inclusion of classifier reli-
ability and compatibility does help to fuse classifiers
more robustly. With the increase of training data, the
difference between these two gets smaller. The reason
is that when the training data is sufficient, the classi-
fier will be less uncertain about their inference and will
be more likely to use their own classifications, which
leads to similar accuracies towards the end spectrum
of the training data.
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Instance Class Instance Class Instance Class Instance Class Instance Class

NB 0.72±0.08 0.57±0.12 0.68±0.09 0.56±0.11 0.68±0.09 0.51±0.11 0.68±0.1 0.56±0.11 0.69 0.55
LR 0.65±0.18 0.43±0.14 0.63±0.16 0.49±0.14 0.65±0.08 0.46±0.11 0.68±0.07 0.51±0.11 0.65 0.47
NN 0.64±0.13 0.52±0.12 0.65±0.11 0.49±0.13 0.63±0.11 0.51±0.08 0.63±0.13 0.47±0.13 0.64 0.5
SVM 0.28±0.11 0.07±0.1 0.26±0.14 0.06±0.06 0.29±0.1 0.06±0.05 0.32±0.1 0.08±0.06 0.29 0.07
RF 0.67±0.1 0.53±0.09 0.64±0.1 0.51±0.11 0.65±0.08 0.48±0.09 0.65±0.09 0.48±0.12 0.65 0.5

AVG 0.59 0.42 0.57 0.42 0.58 0.4 0.59 0.42

Instance Class Instance Class Instance Class Instance Class Instance Class

NB 0.72±0.06 0.38±0.09 0.71±0.11 0.43±0.11 0.74±0.04 0.39±0.09 0.66±0.14 0.45±0.1 0.71 0.41
LR 0.69±0.17 0.34±0.12 0.71±0.17 0.33±0.09 0.74±0.06 0.33±0.12 0.75±0.06 0.33±0.1 0.72 0.33
NN 0.76±0.05 0.34±0.06 0.76±0.05 0.37±0.08 0.72±0.07 0.33±0.11 0.72±0.06 0.32±0.09 0.74 0.34
SVM 0.68±0.01 0.09±0.02 0.65±0.01 0.1±0.02 0.6±0.15 0.08±0.02 0.62±0.11 0.09±0.02 0.64 0.09
RF 0.76±0.05 0.34±0.11 0.76±0.06 0.34±0.01 0.78±0.05 0.39±0.12 0.76±0.05 0.36±0.09 0.77 0.36

AVG 0.69 0.3 0.72 0.33 0.72 0.3 0.7 0.31

Instance Class Instance Class Instance Class Instance Class Instance Class

NB 0.78±0.04 0.4±0.09 0.76±0.13 0.42±0.08 0.78±0.05 0.38±0.08 0.76±0.06 0.41±0.1 0.77 0.4
LR 0.75±0.06 0.34±0.11 0.73±0.17 0.34±0.12 0.79±0.05 0.39±0.1 0.76±0.14 0.39±0.1 0.76 0.37
NN 0.75±0.07 0.3±0.13 0.76±0.05 0.36±0.09 0.74±0.04 0.33±0.07 0.76±0.15 0.38±0.09 0.75 0.34
SVM 0.6±0.12 0.09±0.02 0.63±0 0.09±0 0.63±0 0.09±0 0.76±0.16 0.1±0.04 0.66 0.09
RF 0.78±0.04 0.39±0.09 0.77±0.05 0.38±0.08 0.8±0.04 0.4±0.09 0.78±0.03 0.4±0.05 0.78 0.39

AVG 0.73 0.3 0.73 0.32 0.75 0.32 0.76 0.34

Accuracy	of	different	SC	algorithm	configurations	(House	C)

Accuracy	of	different	SC	algorithm	configurations	(House	B)

Accuracy	of	different	SC	algorithm	configurations	(House	A)
AVG

AVG

AVG

EU CS MA KL

EU CS MA KL

EU CS MA KL

Fig. 4. SC Accuracy with different base classifiers and distance met-
rics in CRE when the percentage of training sample is 2%. We re-
port mean and standard deviation of instance and class accuracy.
We mark the highest mean accuracy as bold, per distance measure,
per classifier, and overall. The distance metrics are Euclidean EU,
Cosine CS, Manhattan MA, and Kullback–Leibler divergence KL.

In some cases, DST works better, especially when
the training data is very small. For example on House
B, when the percentage of training data is 0.1%, DST-
based Algorithm CC works best. This can be due to
the noise in the data where different activities share the
same sensor signature. In this case, if the closest neigh-
bour to the current example is labelled with a different
activity, then the estimated reliability in Equation (3)
can compromise the posterior probability of the classi-
fier inferring the example. However, when the training
data increases, there are more candidates in the train-
ing set to be selected as neighbours, and the impact
of the noise reduces, leading to better performance of
CRE.

4.3. Comparison of SLearn and Baseline Techniques

Figure 6 compares overall and class accuracies of
SDC, SC, SD, (B)aseline, and (A)ctive learning algo-
rithms. SLearn Algorithms improve both overall and
class accuracies when the ratio of training data is small
and perform comparably with the baseline approaches
afterwards.

We can see that even when the ratio of training data
is only 0.1%, the overall accuracies on the baseline ap-
proaches can be as high as 50%, especially on House B
and C. After looking into the inference results, we find
that on these two datasets, if the training data only con-
tains the high frequency activities, then both the classi-

fiers NB and RF will only predict these two activities,
leading to the final overall accuracies to be the actual
class distribution. This also explains why on House B,
Algorithms SDC and SC do not achieve higher overall
accuracies than Baseline approaches when the percent-
age of training data is less than 0.4%. When the train-
ing data are from the dominated activities, the classifier
on individual datasets will work better, without losing
the specifics of sensor signature during the sensor fea-
ture remapping or compromising accuracies with the
training data from the other datasets.

To gain a deeper insight, we plot the confusion ma-
trices of SDC, SC, and Baseline algorithms on Naive
Bayes and Random Forest in Figure 7, when one ex-
ample from House A, B, and C is selected: ‘toilet’,
‘leave house’, and ‘sleep’ respectively. These activities
are dominant in each dataset, as shown in Figure 3.
With the baseline classifiers, especially RF, the clas-
sifier is completely biased towards the activity being
observed. For NB, if a test example is not similar to
the observed instance, then it assigns the evenly dis-
tributed probabilities to all the activities, which result
in the first class always being inferred. On the con-
trary, SD and SC algorithms have exhibited the ability
to gather and integrate the examples from each dataset
and make more meaningful and better covered predic-
tions. For example, on House A, both SLearn algo-
rithms can recognise the ‘leave home’ and ‘sleep’ ac-
tivities, which are not in the training data of House A
but learnt from House B and C.

We have experimented three uncertainty sampling
strategies of active learning including least confidence,
margin of confidence, and information entropy, and
the uncertainty entropy strategy produces the best ac-
curacy. The performance of active learning with the
information entropy uncertainty sampling strategy is
presented in Figure 6, including the times of queries
(Q) to acquire labels on uncertain examples from hu-
man operators and the overall and class accuracies. Ac-
tive learning achieves better accuracies, however, it re-
quires to query 10% or 20% of test data to human oper-
ators, which makes the actual amount of training data
is actually much higher than the specified.

4.4. Discussion

4.4.1. Comparison between SLearn Algorithms
When the training data is small, sharing data works

better than sharing classifiers. As presented in Fig-
ure 6, Algorithm SDC and SD achieves higher over-
all and class accuracies than Algorithms SC when



10

1 1

2 2

3 3

4 4

5 5

6 6

7 7

8 8

9 9

10 10

11 11

12 12

13 13

14 14

15 15

16 16

17 17

18 18

19 19

20 20

21 21

22 22

23 23

24 24

25 25

26 26

27 27

28 28

29 29

30 30

31 31

32 32

33 33

34 34

35 35

36 36

37 37

38 38

39 39

40 40

41 41

42 42

43 43

44 44

45 45

46 46

47 47

48 48

49 49

50 50

51 51

Overall Accuracies on House A 
CRE vs. DST

Percentage of training data

P
er
ce
nt
ag
e

0.001 0.004 0.008 0.02 0.06 0.1 0.4 0.8
0.0

0.2

0.4

0.6

0.8

1.0 CRE-NB CRE-RF DST-NB DST-RF

Class Accuracies on House A 
CRE vs. DST

Percentage of training data

P
er
ce
nt
ag
e

0.001 0.004 0.008 0.02 0.06 0.1 0.4 0.8
0.0

0.2

0.4

0.6

0.8

1.0 CRE-NB CRE-RF DST-NB DST-RF

Overall Accuracies on House B 
CRE vs. DST

Percentage of training data

P
er
ce
nt
ag
e

0.001 0.004 0.008 0.02 0.06 0.1 0.4 0.8
0.0

0.2

0.4

0.6

0.8

1.0 CRE-NB CRE-RF DST-NB DST-RF

Class Accuracies on House B 
CRE vs. DST

Percentage of training data

P
er
ce
nt
ag
e

0.001 0.004 0.008 0.02 0.06 0.1 0.4 0.8
0.0

0.2

0.4

0.6

0.8

1.0 CRE-NB CRE-RF DST-NB DST-RF

Overall Accuracies on House C 
CRE vs. DST

Percentage of training data

P
er
ce
nt
ag
e

0.001 0.004 0.008 0.02 0.06 0.1 0.4 0.8
0.0

0.2

0.4

0.6

0.8

1.0 CRE-NB CRE-RF DST-NB DST-RF

Class Accuracies on House C 
CRE vs. DST

Percentage of training data

P
er
ce
nt
ag
e

0.001 0.004 0.008 0.02 0.06 0.1 0.4 0.8
0.0

0.2

0.4

0.6

0.8

1.0 CRE-NB CRE-RF DST-NB DST-RF

Fig. 5. Comparison of overall and class accuracies of CRE- and DST-based classifier fusions.

the training percentage is less than 1%. It suggests
that sharing data expands the training data for each
dataset and improves the activity coverage, which
helps to boost the performance. Sharing data can en-
hance activity coverage, but not necessarily improve
identifying activities for individual users. Both overall
and class accuracies of Algorithm SD do not change
much with the increase of training data, especially on
House B and C. This observation justifies Algorithm
SDC that leverages sharing data when the training data
is insufficient and switches to sharing classifiers only
when the current classifier is uncertain about their in-
ference.

Algorithm SC needs more training data than Algo-
rithm SDC and SD to perform well, as there is no sig-
nificant improvement when the training ratio is very
small. First of all, Algorithm SC still trains its own
classifier on training data from its own dataset; that is,
the training data size is not enlarged like Algorithm
SDC and SD. But when the training ratio increases,
SC has better improvement. Secondly, the small train-
ing data significantly undermines the estimation of
the uncertainty threshold. This becomes a more severe
problem on RF than NB.

4.4.2. Challenges in Activity Recognition Datasets
In the experiments, we have encountered two chal-

lenges in these activity recognition datasets: (1) imbal-
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Fig. 6. Comparison of overall and class accuracies of SDC, SC, SD,(B)aseline, and (A)ctive learning algorithms.
anced class distribution and (2) the variety of patterns
in activities. The imbalanced class distribution often
leads the high overall accuracies as the training data
is more likely to contain the examples from the domi-
nated, frequent activities. However, it does not help im-
prove class accuracies. In the future, various sampling
techniques can be applied to either under-sampling fre-
quent activities or over-sampling infrequent activities.
Also, recent data augmentation techniques [13, 22, 24]
can be applied to either simulate data samples and aug-
ment data with variations.

Each activity can have a variety of patterns, and
some activities can have similar or the same patterns.
Often we need a large amount of training data to learn
the difference so as to be able to distinguish them. This

will be a particular challenge to SLearn. We try to ad-
dress this challenge by introducing contextual reliabil-
ity evaluation based classifier fusion. However, when
the training data is too small, the algorithm fails to lo-
cate enough neighbours to draw a reliable conclusion.
When the neighbours are labelled with a different ac-
tivity, then the reliability scores are compromised.

4.4.3. Comparison with Active Learning Algorithms
Figure 6 has shown that active learning outperforms

SLearn algorithms. In addition to the high query ratio,
another reason for the better performance is that active
learning assumes the always availability of true labels
for each user’s own sensor data. On the one hand, this
allows annotating sensor data for individual users and
thus improves their own activity recognition model.
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Fig. 7. Confusion matrices on House A with SD, SC, and Baseline algorithms on Naive Bayes and Random Forest.

On the other hand, it has better coverage of the ac-
tivity space than our proposed methods in that the la-
bels that we share in SD and SC are constrained by
their availability in the other datasets’ training data.
For example, if all the datasets only contain ‘having
a meal’ and ‘sleeping’ activities altogether, then our
techniques will not be able to detect any activities other
than these two, but the active learning technique will
still be able to learn the others such as ‘taking shower”
or ‘having drink’ because of the always availability as-
sumption.

4.4.4. Knowledge Engineering Effort
The smart home ontologies that we are using are

light-weight and generic to various smart home envi-
ronments without any modifications, which has been
demonstrated in our previous work [33, 34]. To per-
form feature space remapping, we take the sensor de-
ployment file to map sensors to their corresponding lo-
cation and object concepts.

However, we understand that not all of the envi-
ronments have well-recorded sensor deployment files,
which will involve some manual labelling on sensors.
Also if a sensor is removed or moved, or a new sensor
is introduced, we will need to remap sensors and this
effort is unavoidable in our current design. This limits
the application of our knowledge-driven approach.

5. Related Work

Activity recognition has been an active research
topic in the last decade, and a large number of
knowledge- and data-driven techniques have been pro-
posed [32]. Among them, different approaches have
been designed to address the scarcity challenge of ac-
tivity annotation, including unsupervised learning, ac-
tivity learning, and transfer learning. In the following,
we will compare and contrast these approaches with
SLearn.
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5.1. Unsupervised Learning

Unsupervised learning automatically partitions and
characterises sensor data into patterns that can be
mapped to different activities without the need of an-
notated training data. Pattern mining and clustering
are the two mostly used techniques that support un-
supervised activity recognition. Gu et al. have applied
emerging patterns to mine the sequential patterns for
interleaved and concurrent activities [6]. Rashidi et
al. propose a method to discover the activity patterns
and then manually group them into activity defini-
tions [19]. Based on the patterns, they create a boosted
version of a Hidden Markov Model (HMM) to repre-
sent the activities and their variations in order to recog-
nise activities in real time. Similarly, Ye et al. have
combined the sequential mining and clustering algo-
rithms to discover representative sensor events for ac-
tivities. Different from the work in [19], they have ap-
plied the generic ontologies to automatically map the
discovered sensor sequential patterns to activity labels
through a semantic matching process [33]. Yordanova
et al. have also applied domain knowledge in rule-
based systems to generate probabilistic models for ac-
tivity recognition [8, 36].

Taking a different route, researchers also have ap-
plied web mining and information retrieval techniques
to extract the common sense knowledge between ac-
tivities and objects via mining online documents; that
is, what objects are used to perform a daily activity and
how significant each object is contributed to identify-
ing this activity [16, 29, 35, 37]. During the reasoning
process, the mined objects are mapped to sensor events
and an appropriate activity will be recognised.

SLearn is not a classic activity recognition problem
where for each dataset a model is trained with labelled
instances and used to recognise unlabelled instances.
In SLearn, the training data is assumed to be incom-
plete in that it might not cover all the activities of in-
terest. SLearn is not a unsupervised learning technique
as it still relies on labelled training data, but the labels
can come from different datasets.

5.2. Active Learning

Active learning, so called ‘query learning”, is a
subfield of machine learning, which is motivated by
the scenario when there is a large amount of unla-
belled data but a limited and insufficient amount of la-
belled data. As the labelling process is tedious, time-
consuming and expensive in real-world applications,

active learning methods are employed to alleviate the
labelling effort by selecting the most informative in-
stances to be annotated [20].

Alemdar et al. apply active learning strategies to se-
lect the most uncertain instances to be annotated; that
is, the instances sit at the boundaries of different activ-
ity classes [1]. The annotated instances are then used
to iteratively update a HMM to infer daily activities.
The active learning strategies have improved recogni-
tion accuracies, compared to random selection. Cheng
et al. apply a density-weighted method that combines
both uncertainty and density measures into an objec-
tive function to select the most representative instances
for user annotation [3].

SLearn is better than an active learning problem [20]
in that the latter still needs to query a user or a human
operator, but SLearn queries the labels from the other
datasets. However, we could use the uncertainty sam-
pling strategies in active learning to determine when an
algorithm should leverage training data or classifiers
from other datasets.

5.3. Transfer Learning

Want et al. [27] propose a stratified transfer learning
to improve accuracies of cross-domain activity recog-
nition. Here, cross-domains mean different positions
where the accelerometers are placed. The key idea is
to exploit the intra-affinity of classes to perform intra-
class knowledge transfer.

Maekawa et al. [11] propose an unsupervised ap-
proach to recognise physical activities from accelerom-
eter data. They utilise information about users’ charac-
teristics such as height and gender to compute the sim-
ilarity between users, and find and adapt the models
for the new users from the similar users. van Kasteren
et al. [25] propose a manual mapping between sen-
sors in different households and learn the parameters
of a target model using the EM algorithm to transit
probabilities of HMM models from source to target.
Similarly, Rashidi et al. [18] learn sensor mappings
based on their locations and roles in activity models.
The role is characterised in mutual information, mea-
suring the mutual dependence between an activity and
a sensor and suggests the relevance of using the sen-
sor in predicting the corresponding activity. Feuz et
al. [4] propose a data-driven approach to automatically
map sensors based on their meta-features, which are
mainly about when a sensor reports, and time intervals
between events reported by this sensor and others.
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SLearn works on a different assumption from the
above works where they assume a complete model
(that is, containing all the activities of interest) can
be learnt on a source domain, while we assume each
domain can only have a small fraction of data be-
ing annotated (that is, the activities having been an-
notated can be a subset of activities of interest in a
domain) and we do not assume any domain neces-
sarily as a source or target domain. However, trans-
fer learning techniques such as feature remapping can
be applied to SLearn. Especially, our approach is most
similar to the above three, where we focus on sensor
mappings to support sharing sensor data across mul-
tiple datasets. The difference is that we are using a
knowledge-driven approach where sensors are mod-
elled in location and object ontologies whose general-
ity across different households and sensing technolo-
gies has been demonstrated in other works [33].

6. Conclusion and Future Work

This paper proposes a set of SLearn algorithms to
address the problem on the scarcity of activity an-
notations by leveraging annotations across different
datasets that can have different sensing technologies,
different sensor deployment, and different users, as
long as they share the same mission with compatible
sensor features and activities of interest.

The evaluation results have consistently demon-
strated a significant improvement on recognition ac-
curacies when training data is small. The success of
SLearn can scale activity recognition applications by
leveraging each user’s sporadic annotations.

The future work is to resolve heterogeneity of activ-
ity labels in different datasets. For example, given that
two datasets have annotations on ‘preparing breakfast’
and ‘preparing dinner’, can we combine them to recog-
nise ‘making a meal’ on the third dataset? To address
this question, we will first define the semantic similar-
ity between different activity labels [33]; that is, speci-
fying an activity with the common location and object
ontologies. Then we can look into an instance trans-
ferring approach to factor the activity similarity in. For
example, we will start with the recent approach that
has the capacity of borrowing examples from similar
but not the same classes by boosting the loss function
with similarity weight for a target class in the objective
function [9]. We will also adapt the current approach
to accelerometer data-based activity recognition.
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