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Abstract—Human activity recognition has become an ac-
tive research field over the past few years due to its wide ap-
plication in various fields such as health-care, smart home
monitoring, and surveillance. Existing approaches for ac-
tivity recognition in smart homes have achieved promising
results. Most of these approaches evaluate real-time
recognition of activities using only sensor activations that
precede the evaluation time (where the decision is made).
However, in several critical situations, such as diagnosing
people with dementia, “preceding sensor activations”
are not always sufficient to accurately recognize the
inhabitant’s daily activities in each evaluated time. To
improve performance, we propose a method that delays
the recognition process in order to include some sensor
activations that occur after the point in time where the
decision needs to be made. For this, the proposed method
uses multiple incremental fuzzy temporal windows to
extract features from both preceding and some oncoming
sensor activations. The proposed method is evaluated with
two temporal deep learning models (convolutional neural
network and long short-term memory), on a binary sensor
dataset of real daily living activities. The experimental
evaluation shows that the proposed method achieves
significantly better results than the real-time approach,
and that the representation with fuzzy temporal windows
enhances performance within deep learning models.

Index Terms—Activity recognition, fuzzy temporal win-
dows, deep learning, temporal evaluation.

I. INTRODUCTION

SMART homes make use of distributed sensor networks with
high processing capabilities and low power consumption,

and have the ability to record information about the behavior of
an inhabitant who interacts with the environment [1], [2]. These
environments are made to perceive the user’s context in order
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to help people in their daily living activities and provide smart
solutions to address some of the problems associated with the
growing size of the population [3], [4].

Activity Recognition (AR) in smart homes is an active
research topic as well as a useful means to assess the cir-
cumstances of a person’s daily living. It aims to predict
human activities within the smart environment by continuously
observing a series of actions and environmental conditions. In
the health context, AR plays an important role in assessing the
patient’s condition. Examples of this include the identification
of abnormal behaviours for elderly dementia sufferers [5], and
the early detection of Alzheimer disease [6].

In data-driven AR, an activity model is built by training ma-
chine learning models on sensor data corresponding to various
activities of the inhabitant. Then, a testing stage is carried out to
evaluate the built model on a stream of sensor activations [7].
In particular, binary sensors are deemed to be one of the use-
ful means for unobtrusive monitoring within the home environ-
ment. One of the advantages of such data-driven AR approaches
consists in the capability of handling uncertainty and temporal
information. Among these approaches, Deep Learning methods
have been used for activity recognition, and evaluated on binary
sensors [8] by using Convolutional Neural Networks (CNN)
[9] and Long Short-Term Memories (LSTM) [10].

Existing approaches for activity recognition in smart homes
perform predictions in real time based on sensor activations that
precede the evaluation time. Due to only relying on previous
activations, such real-time approaches may lack precision in
recognizing some daily life activities. To overcome this prob-
lem, it becomes necessary to know which sensor activations are
generated later, since the activity to be recognized will depend
on the subsequent sensors. In order to illustrate the limitation of
the real-time approaches for activity recognition, let’s consider
the following two scenarios. In the first scenario, if a binary sen-
sor deployed on the front door generates an open activation, the
real-time approach will recognize the activity as “the inhabitant
has left the house”. However, it can happen that the inhabitant
opens the main door only to talk to another person in the entrance
of the house and returns to the house again without leaving it.
In this scenario, it is important to consider the activations gen-
erated after opening the door. Indeed, if nothing happens after a
short time (e.g., two minutes), then the inhabitant has performed
the activity “leaving the house”; however, if sensor activations
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are generated during the next two minutes after opening the
door, then the inhabitant has only opened the door without leav-
ing the house. The second scenario that illustrates the problem
of real-time activity recognition approaches is as follows. An
inhabitant goes to the kitchen and opens the refrigerator. Until
this action is followed up with interactions with other objects
(and therefore the activation of other sensors) it is not possible
to recognize exactly whether the inhabitant has gone to open
the refrigerator to have a snack and eat, or to perform some
other activity, for example, to take out certain products from
the refrigerator for cooking. Therefore, the accuracy of a real-
time (or online) activity recognition approach is confronted with
the use of oncoming sensor activations with a slight delay.

Although real-time approaches enable permanent interaction
with users in smart environments, it has a lower recognition rate
[11], [12]. This is not admissible in some critical cases such
as diagnosing dementia, as it requires more accurate activity
recognition to correctly detect abnormal behaviours in the in-
habitant, [13]. These cases, although less frequent, prevent AR
from being a high-precision tool for assessing the conditions of
inhabitants in smart homes.

The contribution of this paper takes the above-mentioned
issues into consideration. We propose a data-driven approach
that aims to increase precision and sensitivity in daily activity
recognition by means of i) delaying the activity recognition,
ii) extracting representations of binary sensor activations that
occur before and after the time where the prediction is made,
iii) evaluating Deep Learning methods for classification, and iv)
analyzing the impact of the delayed AR process on precision
and sensitivity.

The remainder of this paper is structured as follows:
Section II describes previous work in activity recognition related
to our proposal, highlighting the main novelty of the proposed
methodology. Section III presents the proposed methodology
for activity recognition as a high-precision tool. In Section IV,
the proposed methodology is evaluated on a popular dataset with
daily activities developed in a real smart environment [4]. Fi-
nally, a conclusion and future works are proposed in Section V.

II. RELATED WORKS

Activity recognition based on the use of binary sensors is a
useful approach to evaluate the conditions of daily living within
a sensorized environment in an unobtrusive manner. Binary sen-
sors are small and light devices which are installed in everyday
objects to register human interaction, such as, passive infrared
sensors, motion detectors, contact switches, break-beam sen-
sors, and pressure mats [14]. They have been proposed as suit-
able devices for describing daily human activities within a smart
environment setting. Their main advantages are that they are:
i) easy to install, ii) small in size, iii) low-cost and iv) minimally
invasive in comparison to videos and microphones [15].

The real-time capabilities have become a key challenge in
activity recognition to offer a tool that meets real-world con-
ditions, and enable adequate assistance services which can be
offered within Ambient Assisted Living [16]. Previously, a
combination of human-defined binary sensor features, such as
the last activation within a fixed time period, or the current raw

activation, were proposed as suitable representations in real-time
AR using windowing approaches [17]. In [18], the combina-
tion of multiple and incremental fuzzy temporal windows has
shown an increase in the performance of real-time AR com-
pared to previous binary sensor representations. Most of the
algorithms carry out successful analyses on stored datasets, but
in real time, data should be quickly pre-processed for proper
action to be taken if needed [19]. Using smart home settings,
activity recognition systems attempt to recognize daily routine
activities. [20] recognizes a set of activities such as Breakfast,
Brushing teeth, Drinking, Showering, using machine learning
algorithms including Hidden Markov mode (HMM), condition
random field (CRF), hidden semi-Markov models (HSMM) and
semi-Markov conditional random field (SMCRF). [21] recog-
nizes daily living activities bedtoilet, transition, leaving, eat-
ing, cooking, relaxing, sleeping and working using Naive Bays,
HMM, SVM, CRF, SVMS, which consistently obtains 84%
average weighed accuracy. The increasingly large amounts of
smart home datasets have lead to the use of deep learning
approaches. [22] and [8] applied Long Short Term Memory
(LSTM) on three real world smart home datasets where the
number of activities are 10, 13, 16 for the first, second and third
houses respectively. The results of LSTM outperforms Naive
Bays, HMM, HSMM, CRF in terms of accuracy and perfor-
mance. However, the features of the datasets for the input mod-
els were computed using only equally-sized temporal windows
and the techniques of separating data for training and testing
phases to avoid over-fitting are not described. Moreover, the
accuracy of the individual classes are not computed, rather only
average accuracy of the models is shown and the training time
of each model is not computed. Hence, the recognition of which
activities are improved is not clear.

As explained previously, since real-time activity recognition
approaches use only the preceding sensor activations, they can
perform poorly in recognizing some activities [11]. From an
operational perspective, there are situations where one needs to
achieve higher precision while tolerating a short time delay (i.e.
real time is not necessary). For example, when monitoring a
person with early dementia using binary sensors, it is necessary
to provide high accuracy even if it means introducing a short
delay in recognizing the activity. The proposed data-driven ap-
proach differs from the previously proposed ones by taking into
consideration the aforementioned issues, and aiming to further
increase the precision and sensitivity of the activity recognition
by means of:

� Including multiple and incremental fuzzy temporal win-
dows (FTWs) to compute the features from a given sensor
in both preceding activations, as well as oncoming ac-
tivations. In order to avoid the human configuration of
FTWs we have modeled their shapes with the Fibonacci
sequence, which has been defined to model incremental
sequences in a harmonic way under the fields of mathe-
matics, science, and engineering [23].

� Evaluating the temporal models using a Deep Learning ap-
proach has presented significant differences compared to
other contexts of activity recognition [24]. Hybrid models
combining CNN and LSTM are evaluated as Deep Learn-
ing architectures. This is compared with other models
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under delayed representation of sensor activations. More-
over, we have evaluated the configuration for LSTM and
CNN described in [8] based on equal-sized temporal win-
dows for extracting features, showing the impact of FTWs
in extracting features to represent suitable long-term per-
formance of sensor activations with a low number of fea-
tures and achieving better F1-score.

� Analyzing the impact of delaying the activity recogni-
tion by using oncoming sensor activations in real daily
activities. Specifically, showing the impact of including
oncoming sensor activations in activity recognition to im-
prove the recognition of some rare activities such as leav-
ing, snack, grooming and dinner that have been poorly
recognized using only real-time activity recognition.

Consequently, to the best of our knowledge, including and
evaluating both preceding and oncoming sensor activations for
activity recognition has not been attempted before. Human activ-
ity recognition considering oncoming sensors activation plays a
key role in recognizing activities properly for the purpose of en-
hancing elderly care alert systems. In concrete terms, in building
robust AR for diagnosing patients based on their user activities
in smart homes in a highly accurate way.

III. METHODOLOGY

In order to increase the precision and sensitivity of activity
recognition in smart homes, in this paper we propose a new data-
driven methodology that applies multiple and incremental fuzzy
temporal windows to extract features from both preceding and
partial oncoming sensor activations. This results in a sequence
of temporal features that boosts learning using LSTM sequence
models as well as CNN.

A. Representation of Activities and Binary Sensors

A set of binary sensors is represented by S = {S1 , . . . , S|S |}
whose related set of daily activities is represented by A =
{A1 , . . . , A|A |}, where |S| and |A| are the number of sensors
and daily activities respectively. Each binary sensor and each
daily activity are described by a set of binary activations within
a range of time, defined by a starting and ending point of time
as shown by Eq. (1):

Si = {Si0 , . . . , S|Si |}, Sij
= {S0

ij
, S+

ij
}

Ai = {Ai0 , . . . , A|Ai |}, Aij
= {A0

ij
, A+

ij
}

(1)

where i in |Si | and |Ai | is the total number of activations
for a given binary sensor Si and a daily activity respectively,
and ii) S0

ij
, S+

ij
the starting and ending point of a given time

of activation respectively. Finally, the timeline is determined by
the range of time T = {min(S0

ij
),max(S+

ij
)}.

B. Feature Sequence of Binary Sensors With
Incremental Fuzzy Temporal Windows

In this Section, a binary-sensor representation by means of
multiple and incremental FTWs is described. A FTW describes
a membership degree from a given time t∗ to a point of time

Fig. 1. Activation degree from a FTW Tk and different binary activations
Sij , which is computed as the maximal degree of Tk for each point ti of
time within the sensor activation. Top) No overlapping between Tk and
Sij , middle) partial overlapping between Tk and Sij and bottom) partial
overlapping within support limits of Tk .

ti by means of their temporal distance Δt∗i = t∗ − ti , t
∗ > ti .

In case Δt∗i > 0, we are evaluating a preceding point of time,
and in case Δt∗i < 0 an oncoming point of time. A FTW Tk

is defined by a fuzzy set Tk (Δt∗i ), which is characterized by a
membership function µT̃k

(Δti). In sake of simplicity we note
Tk (Δt∗i ) instead of µT̃k

(Δt∗i ).
In this work, each FTW Tk is described by a fuzzy set char-

acterized with a membership function and its shape corresponds
to a trapezoidal function Tk (Δt∗i )[l1 , l2 , l3 , l4 ]. The well-known
trapezoidal membership functions are defined by a lower limit
l1 , an upper limit l4 , a lower support limit l2 , and an upper
support limit l3 according to Eq. (2):

TS(x)[l1 , l2 , l3 , l4 ] =

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

0 x ≤ l1

(x − l1)/(l2 − l1) l1 < x < l2

1 l2 ≤ x ≤ l3

(l4 − x)/(l4 − l3) l3 < x < l4

0 l4 ≤ x

(2)

Once a FTW Tk is defined, the activation degree of a binary
activation Sij

from a sensor Si at evaluated time t∗ is computed
by Eq. (3).

Tk (Sij
, t∗) =

{
max(Tk (Δt∗i ))∀ti ∈ Sij

∃ti ∈ [S0
ij

, S+
ij

]

0 otherwise
(3)

So, in order to obtain the degree of the binary activation Sij

within the FTW Tk , we compute the maximal degree of Tk

for each point ti of time within the time interval from sensor
activation.

In Fig. 1, some examples of activation degree from a FTW
Tk and three different binary activations Sij

are shown.
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Next, in order to evaluate a FTW Tk and a sensor Si in
the complete timeline, we aggregate Tk (Si, t

∗) computing the
maximal value in the time-line according to Eq. (4).

Tk (Si, t
∗) = max(Tk (Sij

, t∗)),∀Sij
∈ Si (4)

This representation includes an updated model from previous
works [18], [25], where a fuzzy aggregation of the sensor ac-
tivation in wearable and binary sensors was initially proposed.
In this work, we have simplified and improved the computing
of the activation degree by evaluating the sensor activation and
FTW in a continuous way using Eq. (3). In Fig. 2, a representa-
tion of preceding and oncoming FTWs defined by the Fibonacci
sequence in an sample timeline is shown.

C. Preceding and Oncoming Sensor Activation With
FTWs

In this work multiple and incremental FTWs are defined to
collect i) long-term to short-term temporal sensor activations,
and ii) the preceding and oncoming sensor activations. To do
so, first, the maximal temporal size is defined for evaluating
preceding and oncoming sensor activations, which are defined
by L∗

−; and L∗
+ respectively. We note:

� L∗
−; must include a value which determines a wide range

of preceding evaluation of sensors, as it has been demon-
strated that long-term activations of sensors are key to
improve AR [18], [26]. For example, the difference be-
tween some activities carried out in the kitchen, such as
breakfast, lunch, dinner or snack, is determined by the
evaluation of the bed sensor activation in short, middle
and long term. In addition, due to temporal aggregation
with incremental FTWs, defining hours of sensor evalua-
tion are reduced to a short number of features [18]. The
definition of preceding FTWs is determined by Tk (Δt∗i )
where Δt∗i > 0, t∗ − L∗

−; ≤ ti ≤ t∗.
� L∗

+ represents the maximal time to evaluate oncoming
sensor activations. A long-term evaluation will improve
the results. For this reason, in the same way as L∗

−; , with
preceding sensor activations, the results also improved. It
generates a delay in comparison with real-time AR. How-
ever, the results obtained will be more precise. The more
time is spent to evaluate oncoming sensor activations, the
more time is needed to obtain the recognized activity. So,
t+ defines the evaluating time which is defined as the point
of time where the AR evaluates the time t∗. The defini-
tion of oncoming FTWs is determined by Tk (Δt∗i ) where
Δt∗i < 0, t∗ ≤ ti ≤ t+ .

Second, in order to generate multiple and incremental FTWs
from L∗

−; and L∗
+ in a simple manner, the following process is

proposed:
� A set of incrementally ordered evaluation times L = {L1 ,

. . . , L|L |}, Li−1 < Li , which define the limits of the trape-
zoidal functions, are calculated according to the temporal
window index Tk = Tk (Δt∗i )[Lk , Lk−1 , Lk−2 , Lk−3 ].

� L is defined by the Fibonacci sequence [27] L =
{1, 2, 3, 5, 8, . . .}, which has been previously shown as a

successful sequence for defining FTWs without requiring
expert knowledge definition [26].

� L+ and L−; are established from the maximal tempo-
ral size L∗

−; and L∗
+ respectively. In both cases, the

number of FTWs defined by Fibonacci is a set to
the closer value of L∗

−; and L∗
+ in the sequence L.

For example, if L∗
+ = 240m, L+ = {0m, 1m, 1m, 2m,

3m, 5m, . . . , 144m, 240m}.

D. Configuring Sequence Features With FTWs, Time
Segmentation and Labeling

The use of FTWs Tk defines a sequence representation of
preceding and oncoming features for each sensor Si in a given
point of time ti . For evaluation purposes of the AR model,
the activity is estimated for each evaluation time step of the
timeline [17].

So, the timeline T = {min(S0
ij

),max(S+
ij

)} is divided in
time steps t∗ defined by a temporal granularity ΔT where t∗−1 =
t∗ − ΔT, t∗+1 = t∗ + ΔT,∀t∗, which configure the points of
time where the AR is evaluated.

For each evaluated time step t∗ and sensor Si , the preceding
and oncoming FTWs are computed to determine the sequence
features. It is worth noting that the FTW parameters are de-
fined according to distance to the evaluated time t∗, so a sliding
window configuration [28] is developed in the timeline T to
compute the features.

Finally, in order to label each evaluated time step t∗, the
activity Ai is selected, which is developed if and only if ∃t∗ ∈
[A0

ij
, A+

ij
]∀Aij

.

IV. EXPERIMENTAL SETUP AND EVALUATION

A. Data

Data from two real intelligent homes A and B in which partici-
pants perform their daily routine were acquired for this work [4].
These two homes are equipped with sensors that are able to cap-
ture the movements and interactions of the resident. In home A,
9 human daily activities that were performed in 14 days over a
period of 19,932 minutes were described by an incoming stream
of binary events from 12 sensors in the home. In home B, 10
human daily activities that were performed in 22 days over a
period of 30,495 minutes were described by 12 binary sensors.
The timeline of the activities is segmented in time slots using
the window size Δ t=60 s, based on the standard reference from
[8], [17], [24]. The activities of homes A and B are Breakfast,
Grooming, Leaving, Lunch, Showering, Sleeping, Snack, Spare
Time, Toileting; in addition to these, home B has the activity
Dinner.

The leave-one-day-out cross-validation is used for evaluation,
where a single day of the activities is used for the test set and
the rest of the days are used for the training set. This process
is repeated until the data from all the days is involved in the
training set and the testing set [15]. The average F-score is
computed from the results of the cross-validation as done in
[8], [24].
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Fig. 2. Example of preceding and oncoming FTWs L+ = {0, 1, 1, 2, 3} and L−; = {0, 1, 1, 2, 3, 5, 8}. Evaluation time t+ and the evaluated time t∗
in the timeline are shown.

Since the classes of the datasets are imbalanced, the sampling
approach is used by randomly oversampling observations of the
minority class and undersampling observations of the majority
class to have an equal number of samples (5000 samples) for
each class. This allows us to create a more balanced dataset
and avoid having models biased toward one class or the other
[18], [29].

B. Feature Vector

Features are computed by applying 15 FTWs on the raw data
from all 12 binary sensors in each minute for both datasets.
The datasets A and B have 19,932 and 30,495 samples respec-
tively, where each sample represents one minute of data with
12 × 15 = 180 features. The resulting datasets are used for real-
time activity recognition. Feature extraction based on FTWs is
evaluated and compared with Equally-sized (1 minute) temporal
windows (ESTWs) [8] and Raw Last sensor Activation (RAW)
in one-minute windows [26]. Regarding the feature extraction
with delays in time, different delays in time are considered,
which are 5 minutes, 20 minutes, 1 hour, and 4 hours. For ex-
ample, when a 5-minutes delay is used over real time, 4 FTWs
in addition to 15 FTWs are computed, where the 4 FTWs repre-
sent the 5-minute delay in time, hence, the number of features
becomes 12sensors × 19FTWs. For other delays in time, 20
minutes, 1 hour, and 4 hours, the number of features for each
sensor becomes 22, 24, and 27 respectively.

C. Model Selection and Architecture

The models that have been used in this study are described
below.

� Long-Short Term Memory (LSTM): a type of recurrent
neural network (RNN) that includes a memory and is des-
ignated to learn from sequence data, such as sequences of
observations over time. LSTM is most widely used in nat-
ural language processing and speech recognition that can
model temporal dependence between observations [30].
LSTM has obtained satisfying results in activity recogni-
tion [31], [32]. Hence, in this study LSTM is designed to
be used in the experiments by stacking a LSTM layer with

40% dropout rate and 0.001 learning rate followed by a
fully-connected, i.e., a dense layer and a soft-max layer.
For all the models in this study the batch size and training
epochs are equal to 10, which is a total of 100 batches
during the entire training process. Commonly, large batch
sizes result in quicker progress in training but mostly do
not always converge as fast. On the other hand, smaller
batch sizes train slower but could converge faster, there-
fore it is mostly an independent problem [33]. Regarding
the 40% dropout, which is a regularization technique for
preventing deep learning models from overfitting [34],
the dropout ignores randomly selected neurons during the
training phase. Those ignored neurons are temporally re-
moved on the forward pass and their weights are not up-
dated on the backward pass.

� Convolutional Neural Network (CNN): used in the exper-
iments because CNN is competent in extracting features
from signals. CNN has obtained promising results in im-
age classification, text analysis and speech recognition
[32]. CNN has two advantages for human activity recog-
nition which are local dependency and scale invariance.
Local dependency refers to the nearby observations in hu-
man activity recognition that are likely to be correlated,
while scale invariance means the scale is invariant for dif-
ferent paces or frequencies. CNN can learn hierarchical
data representations which leads to rendering promising
results in human activity recognition [32]. In this study,
a one dimensional (1D) CNN architecture is developed
which can extract local 1D sub-sequences from the se-
quence data. The 1D CNN could be competitive with
RNNs on some sequence-processing applications such as
audio generation and machine translation with a cheaper
computation cost compared to RNN. The model is de-
signed by stacking two convolutional layers with 40%
dropout rate and 0.001 learning rate followed by a max-
pooling layer and followed by a fully-connected, i.e., a
dense layer and a soft-max layer.

� Hybrid model: since input sub-sequences are processed by
1D CNN independently, unlike LSTM, the sub-sequences
are not sensitive to the time step order. However, many
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convolution layers and pooling layers could be stacked to
recognize longer-term patterns. This leads to long chunks
of the original inputs to be considered by the upper lay-
ers. Yet this is not a fairly strong way to induce order
sensitivity, when order sensitivity is key to activity recog-
nition, since RNNs for processing very long sequences are
highly expensive, while 1D CNNs are cheap. Hence, de-
signing a hybrid model by combining the speed and light-
ness of CNNs with the order-sensitivity of LSTM consists
in using a 1D CNN as a pre-processing step before an
LSTM. This strategy is particularly important because the
1D CNN turns the long input sequence data into much
shorter sequences of high-level features. The sequence
data of extracted features by 1D CNN then becomes the
input to the LSTM part of the network. The hybrid model
is the combination of two deep learning models, particu-
larly Convolutional neural network and Long-Short Term
Memory (CNN LSTM). CNN LSTM is able to systemati-
cally learn feature representation and model the temporal
tendencies between their activations [24]. The model is
designed by stacking a convolutional layer that was fol-
lowed by a max-pooling layer. Then, a LSTM Layer with
40% dropout rate and 0.001 learning rate is followed by a
fully-connected, i.e., a dense layer and a soft-max layer.

D. Measurement

The following well-known metrics are used to evaluate the
models.

� Precision represents the proportion of correct observa-
tions of a class to the entire observations classified as that
class, with high precision indicating low false positives.
Precision is equal to T P

T P +F P :
� Sensitivity (recall) shows the proportion of observations

correctly classified as a given class to the actual total
observations in that class calculated using the formula

T P
T P +F N :

� F1-score (F1-sc) shows an insight into the balanced
between precision ( T P

T P +F P ) and sensitivity (recall)

( T P
T P +F N ). This metric is also used in Activity recognition

[17].

E. Results and Discussion

In this section, results of different models are shown and dis-
cussed based on different feature extraction approaches. In a
real-time activity recognition scenario, only past sensor data are
considered for each evaluation time. Evaluation time is the time
when the decision-making of each activity has been developed.
Here, two different feature extraction approaches based on sev-
eral machine algorithms have been compared with FTWs. First
approaches described in [4] included an ad-hoc feature vector
with Raw and Last sensor Activation (RLA) within a one-minute
window as a suitable configuration for learning AR with C4.5
and SVM for the homes A and B. Second, we include the results
from approach [8], where equally-sized temporal windows (ES-
TWs) of one minute sensor activation are described as a suitable
feature extraction approach for AR binary sensors with LSTM

and CNN models. Table I shows the results of the F1-score and
training time for real-time recognition of different models based
on extracting features with ESTWs, RLA and FTWs. The train-
ing time is the average of 10 runs of the training model. The
F1-score results of the models based on FTWs are significantly
higher than the results of the models based on ESTWs and RLA.
Therefore, FTWs have been used for this paper as a contribution
to AR research, with different delays in time in addition to real
time to improve the recognition process. To predict what activity
has been performed in a specific time T, different time delays of
oncoming sensors after the time T in addition to the preceding
sensor activations of the time T are included in the feature ex-
traction based on FTWs. For example, now (Evaluation time),
we evaluate what activity was developed 4 hours ago (Evaluated
time). Evaluated time. It is the time which is evaluated by the
classifier to recognize which activity has been developed in this
point of time based on the preceding and oncoming sensor data.
In the case of real time, evaluation time is equal to evaluated
time. In the case of delays in time that consider oncoming sensor
data, evaluation time is higher (delayed) from evaluated time.

In the scenario where the activity recognition is delayed, pre-
ceding sensor activations with different time delays, particularly
5 minutes, 20 minutes, 1 hour, and 4 hours, are tested to im-
prove the recognition process. The results show that delaying
time with LSTM in decision-making leads to building more
accurate models. The results are significantly improved when
considering oncoming sensor activations and increasing delay
in the evaluated time. In house A, for example, the total results
of F1-score of the model in real time is 89.05, while the results
of the model are improved notably, up to 96.44, when consid-
ering oncoming sensor activations. Tables II and III show the
results of the F1-score and training time of LSTM, CNN, and
the hybrid CNN LSTM based on FTWs from home A and B
respectively.

The results indicate that the F1-score of the models improves
substantially by increasing time delays with a slight increase
of training time. This means that delaying the decision-making
of human activity recognition yields better and more accurate
models. In addition to the F1-score, a precision summary of the
models is also shown in Fig. 3 for homes A and B respectively.
The figures show that the precision of the models is increased
when considering oncoming sensor activations over real time.

Finally, the results of the models with 4-hour time delays
are based on extracting features using three approaches. Firstly,
Raw and Last Next Activation (RLNA) for learning AR with
C4.5 and SVM. Secondly, Equally-sized Temporal Windows
(ESTWs) [8] for learning AR with LSTM. Thirdly, Fuzzy Tem-
poral Windows (FTWs) for learning AR with LSTM. Table IV
shows the results of the F1-score and training time of the models
based on extracting features with ESTWs, RLNA and FTWs.
The results indicate that LSTM based on FTWs has obtained
the highest F1-score with suitable and reasonable training time
compared to LSTM based on ESTWs or C4.5 and CVM based
on RLNA.

In summary, the proposed method of this paper has enhanced
the models for recognizing all the activities performed in homes
A and B while maintaining a low time cost. We highlight that
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TABLE I
F1-SCORE AND TRAINING TIME FOR REAL-TIME RECOGNITION OF DIFFERENT MODELS BASED ON EXTRACTING FEATURES WITH EQUAL-SIZED TEMPORAL

WINDOWS (ESTWS), RAW AND LAST ACTIVATION (RLA) AND FUZZY TEMPORAL WINDOWS (FTWS)

TABLE II
F1-SCORE AND TRAINING TIME (MINUTES) OF LSTM, CNN, AND CNN LSTM WITH DIFFERENT DELAYS IN TIME BASED ON FTWS FROM ORDONEZ HOME A

TABLE III
F1-SCORE AND TRAINING TIME (MINUTES) OF LSTM, CNN, AND CNN LSTM WITH DIFFERENT DELAYS IN TIME FROM ORDONEZ HOME B

the proposed model with FTWs and Deep Learning achieves
encouraging performance regarding ad-hoc classical approaches
and sensor representations, as well as previous approaches based
on Deep Learning with Equally-sized temporal windows.

This is particularly so in the activities that real-time models
have difficulty recognizing accurately, such as Leaving, Snack,
Grooming, and Toileting from home A. Regarding home B, the
results of the same activities in addition to Dinner are signif-
icantly improved. This refers to the fact that taking oncoming

sensor activations into account is crucial in order to enhance the
learning process of the models.

Finally, we note the learning time in Deep Learning is in
the magnitude of minutes compared with classical approaches
which develop learning in seconds. However, the evaluation of
Deep Learning under this approach has been developed with
low learning time requirements (10 epochs which take less than
6 minutes). In addition, one limitation of this work is the diffi-
culty in handling interleaved activities due to a single classifier
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Fig. 3. Precision of LSTM, CNN and CNN LSTM for real time and different delays in time.

TABLE IV
F1-SCORE AND TRAINING TIME FROM 4 HOURS DELAYED IN ADDITION TO REAL-TIME RECOGNITION FOR DIFFERENT MODELS WITH EQUAL-SIZED

TEMPORAL WINDOWS (ESTWS), RAW AND LAST NEXT ACTIVATION (RLNA) AND FUZZY TEMPORAL WINDOWS(FTWS)

being developed for learning with multi-class labels. In order
to enable this methodology to support interleaved activities, a
configuration using an ensemble architecture (where each ac-
tivity is represented by a classifier) is necessary [26]; however,
we note that the learning time and learning data size required is
multiplied by the number of classes.

V. CONCLUSION AND FUTURE WORK

Human activity recognition is a highly dynamic and challeng-
ing research field that plays a crucial role in diverse applications
such as health care, elderly care, emergencies, security, smart
environments, surveillance and context-aware-systems. In this
study, we have proposed a new data-driven approach that aims to
increase precision and sensitivity in human activity recognition
applied in a smart home setting. The proposed method considers
the partial oncoming sensor activations in addition to preceding
sensor activations. With the use of oncoming sensor activation,
we can take the benefits of enhancing the learning process that

leads to improved recognition performance compared with the
approaches using only the preceding sensor activations in the
intelligent environment. Multiple and incremental fuzzy tempo-
ral windows were used to extract features from both preceding
and partial oncoming sensor activations. Defining multiple and
incremental fuzzy temporal windows from long-term to short-
term has provided suitable semantics to determine a sequence
of temporal features that boosts learning using LSTM sequence
models and CNN.

Experiments show that precision and sensitivity increase by
magnitudes when using preceding as well as partial oncoming
sensor activations compared to precision and sensitivity when
using only preceding sensor activations. The results of the ex-
periment indicate that the more partial oncoming sensors are
included, the better results are achieved. However, results are
also improved when considering partial oncoming in addition to
preceding sensor activations within a short amount of time, for
example 5 minutes. The proposed approach of this paper has en-
hanced the models for recognizing all the activities performed in
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houses A and B. Particularly the activities that real-time models
have difficulty to recognize accurately such as Leaving, Snack,
Grooming, and Toileting from house A. Regarding house B,
the results of the same activities in addition to Dinner are sig-
nificantly improved. This refers to the fact that taking partial
oncoming sensor activations into account is crucial in order to
enhance the learning process of the models.

Future work will explore the proposed approach in two main
directions. First, we will work on boosting learning over dif-
ferent smart homes aiming to perform robust recognition of
dangerous situations and detect behaviour deviations in order to
enhance elderly-care alert systems. The long-term goal of our
project based on the proposed approach will be key to transfer-
ring knowledge over different smart homes in terms of layout,
resident and sensor configuration. Second, we will integrate
heterogeneous sensors from wearable and location sources us-
ing fuzzy logic and scales in learning AR of patients in smart
homes, which have been previously demonstrated as suitable
fusion representation [35].
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