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Abstract. Wearable activity recognition plays an important role in
human health monitoring. Traditional wearable activity recognition mod-
els are trained in an offline mode with static and pre-defined sensor
configurations. However, in real scenarios, data arrives in streams and
wearable sensors dynamically appear or disappear, resulting in corre-
sponding changes in the feature space, which is referred to as feature
evolution. Addressing the issue of feature evolution is a significant chal-
lenge in wearable activity recognition. In this paper, we propose a new
method, namely Online Learning method for Feature Evolvable Streams
(OLFES). OLFES learns the optimal model depth online according to
the complexity of the data stream, recovers the old features through the
feature space generation strategy, and finally integrates the prediction
results according to a weighted combination strategy. Extensive experi-
mental results on data science datasets and activity recognition datasets
demonstrate the feasibility and effectiveness of the proposed method.
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1 Introduction

Human activity recognition (HAR) has become a hot topic for many areas,
including healthcare, interactive games and sports [1,2]. It is able to detect and
identify human activities by analyzing the data collected from various types of
sensors. Wearable sensors, such as heart rate monitoring sensors, accelerometers,
gyroscopes, and magnetometers, exhibit robustness to occlusion, point-of-view
variations, illumination changes, and background fluctuations. This characteris-
tic enables individuals to transcend the limitations imposed by their immediate
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environment and offers significant advantages in activity recognition. Therefore,
wearable activity recognition is gaining increasing popularity among a growing
number of individuals.

Existing activity recognition methods typically assume that data is collected
with fixed sensors. The feature space will not undergo any changes. However,
this assumption does not hold in realistic scenarios. Specifically, in an open and
dynamic environment, the feature space evolves over time as sensors appear or dis-
appear. Traditional activity recognition models face two challenges. Firstly, they
are unable to utilize the data from newly emerged sensors to recognize user behav-
ior. Secondly, they fail to function properly when existing sensors are removed. A
straightforward idea is to learn a new activity recognition model on the new fea-
ture space and use the new model to recognize user’s activities. However, there
are some weaknesses in this method. On one hand, the new feature space has
just emerged and the collected samples are insufficient to train a well-performing
model. On the other hand, the knowledge learned by the old model on the vanished
old feature space cannot be reused, resulting in a waste overhead of previously col-
lected data. To solve these problems, a new learning paradigm for online learning
from evolvable feature spaces, named feature evolution learning [3]. There have
been many related researches [4-6] and have been applied in many fields [7,8]. It
not only rely on the current features, but also try to leverage the knowledge stored
in the existing model by recovering the disappeared features.

In the pioneering work [3], an important observation is that the feature space
does not change in an arbitrary way, and there is an evolving phase in the pro-
cess of change in which the old feature space and the current feature space exist
simultaneously. In the activity recognition task, we usually put on a new wear-
able device in advance before the old one runs out of power. Therefore, Hou [3] et
al. used Online Gradient Descent (OGD) to update the model in the old feature
space and the model in the new feature space. At the same time, the mapping
matrix from the current feature to the old feature is learned by taking advantage
of the simultaneous existence of the old and new feature spaces in the evolution
stage, so as to establish the mapping relationship between the two feature spaces.
After the old feature space disappears, the new model learned from the current
feature space can be aided by the historical data in the old feature space by
mapping from the current feature space to the old feature space. Liu [9] et al.
introduce a second-order online learning method into the evolvable feature space
to improve the convergence speed of the model. Zheng [10] proposed a feature
evolution learning method for image streams by replacing the fully connected
layer in Online Deep Learning (ODL) with ResNet and approximating the con-
nection between two feature spaces by minimizing the potential representation
mapping. Lian [11] et al. use variational self-encoders to map two feature spaces
into a shared latent subspace that can encode arbitrary expressible mapping
functions for feature reconstruction. However, for sensor stream data, shallow
learners have limited learning capabilities and cannot face high-dimensional fea-
tures. Meanwhile, linear mapping as well as self-coding reconstruction are not
sufficient to recover the vanished feature space well.
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To address these challenges, we propose a novel Online Learning method
for Feature Evolvable Streams, namely OLFES. OLFES is designed to support
the appearance and disappearance of sensors in real scenes. Specifically, OLFES
updates the classifier online by Hedge Backpropagation (HBP), which not only
learns the predictive model sequentially from the data stream, but also enables
the transition from shallow to deep models. In the evolving stage, a mapping from
new features to old features is learned through a feature space generation strat-
egy, then the learned mapping relation is used to recover the old features when
only the new feature space is available, and finally the prediction results of the
old and new models are integrated in a weighted combination. Experiments were
conducted on datasets from both data science and activity recognition domains,
and OLFES was able to obtain better classification accuracy and minimal regret.

The rest of the paper is organized as follows. In Sect. 2, we present the related
work on activity recognition and feature evolvable stream learning. In Sect. 3, we
present the problem description of OLFES. In Sect. 4, we describe the proposed
OLFES method in detail. In Sect.5, extensive experiments are conducted to
evaluate the performance of OLFES and specific experimental results are given.
Conclusions and future work are presented in Sect. 6.

2 Relate Work

2.1 Activity Recognition

Traditional human activity recognition is mainly based on pattern recognition
and feature engineering, which consists of two main parts: feature extraction and
classification algorithms. Feature extraction requires the researcher to manually
design the extracted features. For example, Bao and Intille [12] collected a large
amount of accelerometer data using an accelerometer sensor and then manually
extracted four features of the data samples: mean, energy, frequency domain
entropy, and correlation coefficient, and then fed these extracted features to
a classifier for training. In terms of classification algorithms, various machine
learning methods have been applied in the field of wearable activity recognition,
such as SVM [13], decision trees [14].

Compared to shallow machine learning models, deep learning models using
neural networks have significant advantages in terms of classification accu-
racy [15]. In [16], a deep learning algorithm based on deep self-encoders is used to
reduce the feature dimensionality of the data, minimize unwanted activities and
extract hierarchical features of the data to learn the most appropriate feature
vector for activity recognition. In literature [17], Vollmer C et al. used sparse
coding method to learn human activity features using feature dimension reduc-
tion strategy to reduce computational complexity and time. In the literature [18],
Zeng et al. proposed a convolutional neural network-based human activity recog-
nition method, which can automatically extract features for activity recognition
by capturing the local dependence and scale invariance of the signal, and changes
in the same activity can be easily captured. Wang [19] et al. proposed a neural
network framework consisting of CNN and bidirectional LSTM to extract spatial
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and temporal data from the cell phone the raw acceleration data from mobile
phones to extract spatial and temporal features. Wen [20] developed their own
convolutional and recurrent network architectures, but did not illustrate their
performance in real-world heterogeneous environments.

However, the existing work requires that the dataset is fully available before
training and that the existing models are not applicable to scenarios with chang-
ing feature spaces. Real-world scenarios where data often arrives in streams and
the number of sensors changes dynamically due to various factors make static
models inapplicable.

2.2 Feature Evolvable Stream Learning

In an open environment [21], the feature dimension of the data is likely to change.
The earliest study of feature changes was incremental learning of features in
incremental learning. Guan [22] et al. proposed the ITID algorithm to solve the
problem of new features appearing in the training of neural networks. When new
features appear, they do not train from scratch using new data, but train the
old network with the old features, train the new network on the new features,
and finally combine them together. The paper [23] combined the PCA method
based on ITID algorithm to reduce the interference between input features and
improve the accuracy of model classification. Hu [24] et al. proposed FIRF, a
random forest-based feature incremental learning method, to solve the problem
of incremental features in wearable activity recognition due to the addition of
new sensors. However, the above method does not consider the scenario of feature
disappearance in an online environment.

In [3], Hou et al. proposed a feature evolution scenario that includes feature
addition and disappearance, which assumes that the change of features is not
arbitrary but there is an evolving stage, and learns the mapping relationship
between the two feature spaces during the evolving so as to recover the data
using the newly emerged features after the initial feature space disappears, and
trains the classifier on the two feature spaces separately, and finally integrates the
two prediction results are integrated. Zhang [25] et al. considered a more realis-
tic scenario where the disappearance of features is temporary and arbitrary, and
proposed an adaptive integration learning method FIDE for the problem of fea-
ture increment and decrement in gesture recognition. Based on [3], Zhang [26] et
al. further considered the scenario where features and distributions evolve simul-
taneously, and proposed evolutionary differences to measure differences between
successive batches of data and implement a difference minimization algorithm
using deep neural networks. Similarly, Hou [27] et al. proposed the one-time
incremental decremental learning approach (OPID), which assumes the scenario
that there will be an overlap of old and new features when the features evolve,
i.e., the old features will not disappear completely when they disappear, but only
partially, and the model that learns the disappearing features and the surviv-
ing features well will make predictions for the surviving features, and then the
multiclassification vectors obtained from the predictions and the new features
will be put together to learn the new. Zheng [10] proposed a feature evolution
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Fig. 1. Illustration of feature evolution

learning method for image streams by replacing the fully connected layer in
a neural network with ResNet and approximating the connection between two
feature spaces by minimizing the potential representation mapping. The current
state-of-the-art method is proposed by Lian [11] et al. who combine online deep
learning with a variational self-coding mapping approach to feature evolving
streams. However, the above methods are not suitable for complex and variable
sensor data streams.

3 Problem Statement

We focus on the data stream classification task in the feature space evolution
scenario. Assume {(z¢,y)|t = 1,2,..., Ty + T5} is the input data stream, where
x4 is the instance observed at moment t. The true label y; € {1,2,...,c}, where
c is the number of classes. In the wearable activity recognition task, we assume
S1 and S denote the previous feature space and the current feature space,
respectively. Consistent with the scenario presented in [3], OLFES can also be
divided into three stages: the pre-evolving stage, the evolving stage and the post-
evolving stage. As shown in Fig. 1, in the pre-evolving stage, the data stream
comes from the old feature space S1. Then, in the evolving stage, a small number
of instances come from both the old feature space S; and the new feature space
So. Subsequently, in the post-evolving stage, instances come only from the new
feature space S3. A detailed description of the three time periods is given below.

e Pre-evolving stage: For each round in ¢t = 1,...,77 — B, the classifier receives
an instance xts 1 € R% collected from the feature space S;, where d; is the
dimension of the feature space S; and T} is the number of rounds in S;.

e Evolving stage: For each round in t =T — B+1, ..., T3, the classifier receives
an instance consisting of two vectors 251 and 252, z7' € R and 292 € R%
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are sampled from feature spaces S7 and S, where ds is the dimensionality of
feature space Ss.

e Post-evolving stage: For each round in ¢t = 71 + 1,...,T1 + T5, the classifier
receives an instance xts > € R% sampled from the feature space Sy, where T}
is the number of rounds of Ss.

Note that in Fig.1 we only show the feature evolution learning process in
one cycle which contains three different stages. This evolution can be extended
to the case with multiple cycles easily, where the post-evolving stage can be seen
as the pre-evolving stage for the next cycle.

At any moment t in the cycle, the classifier f; receives the instance z;.
Assume the prediction is denoted as g. Our goal is to learn a series of classifiers
{f1, f2y - fr,+1, }, that minimizes the empirical risk:

1 T +T>
minf1,~-»7fT1+T2m Z »C(ytvft(xt))v (1)
t=1

where L(-,-) denotes a loss function, such as cross-entropy loss or square loss.

4 Our Method

In this section, we present the proposed OLFES method. This section is orga-
nized as follows: First, in Sect. 4.1 we introduce the online deep learning method
with HBP, when S; and Sy are newly available we train deep adaptive models
in an online manner. Then, Sect. 4.2 presents the feature space generation strat-
egy used to recover old features by reconstructing S7 from Ss. Finally, Sect. 4.3
describes how to combine the models learned in the old and new feature spaces
in a weighted manner to obtain the final prediction. The architecture of OLFES
is described in Fig. 2.

4.1 Online Deep Learning with HBP

Traditional neural network algorithms usually require the entire training data to
be available before training. However, there are many realistic scenarios where
data arrives in the form of streams, limiting the use of neural networks. There-
fore, a Hedge Backpropagation method is proposed to enable the use of deep
neural networks in an online environment [28].

Assuming a deep neural network with L hidden layers, the final prediction
result can be expressed as:

L
F(z)=Y oW 0. (2)
=0

where f) = softmax (hW9D) Vi = 0,..,L, hO = ¢ (WORID) v =
1,...,L, and A9 = gz.
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the weighted combinations of the learned classifiers, thus allowing the learner to
acquire network knowledge from “shallow to deep”. The weight of each classifier
is denoted as o®. Our goal is to learn and update the parameters o), 0
and WO in the model and train the model by minimizing the loss function:
L= alL(fO(@),y).

For the update of «, in the initial iteration, all the weights a are uniformly

distributed, i.c., o) = 5. In each subsequent iteration, the classifier f(

makes a prediction gﬁ”. Subsequently, the basic fact is revealed that the weights
of the classifier are updated according to the losses in this round:

a§21 — agl)ﬁﬂ(fm(x)’y), (3)
where 3 € (0,1) is the discount rate parameter and £(f"(x),y) € (0,1). In
each iteration, the weights of the classifier are discounted according to the per-
formance of the classifier by a factor of ﬁﬁ(f(L)(w)’y). At the end of each round,
the value of weight o will be renormalized such that ), agl) = 1. Since the shal-
low model tends to converge faster than the deep model, we set the smoothing
parameter S € (0,1) to balance exploration and exploitation [29] by setting a
minimum weight for each classifier. The weights of a are smoothed after updating
them in each iteration: () — maz(a®, 2).

For the learning of the parameters 8(), consider the online gradient descent
approach, where the input to the [*" classifier is A", which is similar to the
update of the output layer weights in the original feedforward network and can
be expressed as:

0, — 6 - NV g0 L(F (w1,91))

(4)
= egl) - na(l)vgél)ﬁ(f(l)7 yt)



Wearable Activity Recognition with Feature Evolvable Streams 399

Feature Space S, —) L Classifier f§+ J

\ Category consistency
P loss

Lo =

/ :

Feature Space S, E——) L Classifier f3> J
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For the learning of the parameters W), where the error derivatives are
back-propagated from the output layer, which is different from the previous
back-propagation. Here, the error derivatives are back-propagated from each
classifier f(). Therefore, using the adaptive loss function £ and applying it to
the OGD, the update of W can be expressed as:

L

t(j-)l - t(l) - nza(”kuw(f(”,yt), (5)
j=l

where 7 is the learning rate. Here, the summation (gradient term) starts from
j = I because only the deeper classifiers rely on W for prediction. Hedge enjoys
the regret of Ry < /TInN, where N represents the depth of the network in our
method.

4.2 Feature Space Generation Strategy

In the post-evolving stage, the old feature space disappears. To be able to use
the knowledge learned in the old model, we used a generative model to recover
the vanished features. The generation model GAN [30] contains two networks:
a generator and a discriminator. Where the generator is trained to generate
samples and the discriminator is trained to discriminate between the samples
generated by the generator. The competing strategy makes both networks con-
tinuously improve. Inspired by the idea of conditional GAN [30,31], we propose
a new generative network to establish the connection between two feature spaces
in the evolving stage. The framework of our model is shown in Fig. 3.

An important observation is that in the evolving stage, the two feature spaces
coexist and the corresponding instance labels are consistent. In wearable activ-
ity recognition, the activity observed by the sensor at the same time is always
the same. Our feature space generation strategy consists of a generator G and
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a discriminator D. The generator is used to generate instances Z2! in the cor-
responding S feature space from instances arriving in the Sy feature space:
Efl = (:EtSQ) The discriminator is used to discriminate the instances in the
generated S; feature space. In addition, to ensure the generated S; instances
get the same predicted labels as the original instances, we additionally impose
a category consistency loss for the generator to ensure the consistency of the
classification results.
At this point, our optimization goal is:

G* = argmGin mngCGAN(G, D)+ Mo (G) (6)

M
£o(@) = =5 30D uiclog(Po), (7)

where Lo(G) is the category consistency loss, M represents the number of cate-
gories. y;. is the true category of the symbolic function sample i equal to ¢ takes
1, otherwise takes 0. P;. is the probability that the observed sample belongs to
category c.

4.3 Prediction with Weighted Combination

During the T5 time span, the old feature space S; disappears. Since the evolving
stage B is very short, it is unlikely that the model fts2 learned on the new features
will achieve a good convergence. Relying on ff 2 alone to predict instances in S
would lead to great regret.

In order to be able to benefit from the recovered feature space, we utilize
the model f* trained on the old feature space. Based on the generative model
learned in Sect. 4.2, we reconstruct the old features from the new features. When
fts2 training instances are insufficient, the predictions of the two models are
weighted and combined to produce accurate predictions. Specifically, we train
the model fts2 in time period T, using instances received in the new feature
space; at the same time, the mapping relations learned in the evolving stage are
utilized to recover the data in the old feature space, following which we continue
to update the learned model fts . Finally, the predictions of the two models are
ensembled and represented as follows:

ge=p- fPNE) + (1= p)f72 (27?), (8)

where p is the weight of the classifier fts ! learned in the feature space Sj.

5 Experiment

In this section, we compare the proposed OLFES algorithm with four other
state-of-the-art methods on six datasets involving two domains. We describe the
experimental setup in detail, including the datasets, the comparison methods,
and the evaluation metrics, in Sect. 5.1. Section 5.2 shows the results of the com-
parison between OLFES and the other methods, along with the corresponding
conclusions.
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Table 1. The statistical information of the dataset. 177 represents the number of
instances in the entire feature space Si, B represents the number of instances in the
evolving stage, and T> represents the number of instances in the post-evolving stage
where only S exists. di and dz represent the dimensions of the two feature spaces,
respectively, and ¢ represents the number of categories.

Datasets | T B T di|da|c
Magic 19,019 |1,919 |17,100 |10|30 |2
Adult 32,559 |3,559 29,000 |14/302
Dry Bean | 13,611 |1,400 12,211 |16 327
DSADS |130,000 | 15,000 | 115,000 | 18|27 |19
PAMAP2 | 200,000 | 20,000 | 180,000 | 12 | 24 | 12
HHAR 200,000 | 15,000 | 185,000 |6 |6 |6

5.1 Experimental Setup

Datasets. To evaluate the performance of OLFES, we conducted comparative
experiments on three UCI data science dataset as well as three UCI activity
recognition datasets. For the UCI activity recognition dataset, we use the col-
lected raw sensor data for training. Table1 shows the details of these public
datasets.

e Magic [32]: UCI data science dataset. Magic is MC generated to simulate
registration of high energy gamma particles in a ground-based atmospheric
Cherenkov gamma telescope using the imaging technique. This dataset ini-
tially has only one feature space S, and we artificially created a new feature
space So by means of a random Gaussian matrix. These two feature spaces
were concatenated in the manner showed in Fig. 1 to simulate a feature evo-
lution scenario.

e Adult [33]: UCI data science dataset. Adult was extracted from the 1994
Census database. Prediction task is to determine whether a person makes
over 50K a year. The data set is processed in the same way as above and
cascaded as in Fig. 1.

e Dry Bean [34]: UCI data science dataset. Dry Bean contains 13,611 images
of seven different registered dry beans with 16-dimensional features such as
area and perimeter extracted by a computer vision system. Process in the
same manner and connect in series as shown in Fig. 1.

e DSADS [35]: UCT activity recognition dataset. DSADS consists of 19 daily
and physical activities performed by eight subjects. Three types of sensors
(accelerometer, gyroscope, and magnetometer) were placed at five different
positions of the body. To simulate the feature evolution scenario, we divided
the sensors of five body positions into two parts. The first part contains
sensor data from two positions, represents the feature space Sy; the second
part contains sensor data from the remained three positions, represents the
feature space Ss.
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e PAMAP?2 [36]: UCI activity recognition dataset. PAMAP2 consists of 18 dif-
ferent physical activities performed by 9 subjects. Each subject wore 3 inertial
measurement units (IMU) and a heart rate monitor. Some subjects were miss-
ing 6 optional activities, we selected only activities from the 12 protocols. As
there are many missing values in the data collected by the heart rate mon-
itor, we only use the data collected by the IMU in our experiments. Each
IMU consists of two accelerometers, one magnetometer and one gyroscope.
We divided the three IMUs into two parts. The first part contains the data of
one IMU, which represents the feature space S7; the second part contains the
data of the remained two parts IMU, which represents the feature space Ss.

e HHAR [37]: UCI activity recognition datasets. The HHAR consisted of 6 dif-
ferent daily activities performed by 9 subjects. Each subject wore two different
devices (smartphone and smartwatch), each of which contains two embedded
sensors, an accelerometer and a gyroscope. We divided the two devices into
two parts. The first part contains data from smartphones, represents the fea-
ture space Si; the second part contains data from smartwatches, represents
the feature space Ss.

Comparison Methods. We compare OLFES with four state-of-the-art meth-
ods. The details of the comparison methods are listed below.

e FESL-C [3]: Pioneer of feature evolvable streams. Use a shallow learner and
employ a linear mapping function to learn the mapping relationship. The final
prediction is a weighted combination of the two models learned on the old
and new feature spaces.

e FESL-S [3]: Instead of combining old and new models weighted for prediction
as in FESL-C, the best single model is utilized for prediction.

e OLD?3S [11]: The most advanced algorithm available. For the first time, online
deep learning is combined with variational self-encoder mapping. The final
prediction is a weighted combination of the old and new models.

e OLFES-N: A variant of OLFES. For the vanished feature space, we do not
do anything with it and only use the new model trained on the new feature
space for classification.

Evaluation Metrics. Ouline Classification Accuracy (OCA) as well as Average
Cumulative Regret (ACR) [11] are frequently used measures in online learning
methods. OCA dynamically evaluates the accuracy of the classifier f; at round
t and validates it on the most recent K instances:

t

OCA(f,) = — = D lvi=fulw)]. )

z:th
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Table 2. Comparison results of the average cumulative regret (ACR) over the six
datasets, with the symbol e indicating the optimal result.

Datasets | FESL-C FESL-S OLD3S OLFES-N | OLFES
Magic .0473£.014 | .0448+.013 | .04144.020e | .05044.024 | .0456+£.015
Adult .0500£.013 | .0420+.017 | .0514£.013 |.0493£.021 | .0346+£.020e

Dry Bean |.1313+.018 | .1132+£.016 | .0576£.019 |.0657+.018 | .0495+.014e
DSADS | .1593=£.039 | .1590+.036 | .0942+.026 | .0826+£.035 | .0589+.014e
PAMAP2 | .1182+.012 | .12354.011 | .1075£.009 |.0902=.008 | .0877=+.006e
HHAR 1137£.012 | .1085+.012 | .0658+.010 | .06184.009 | .0569+.008e

ACR evaluates the degree of regret of the online classifier compared to the opti-
mal f* by accumulating the OCA difference between f; and f* in the T round.
In general, a lower ACR indicates better performance of an online algorithm.
ACR can be expressed as:

1 & .
ACR = Z[n}%x OCA(f*) — OCA(f,)]. (10)

t=1

5.2 Experimental Results

In this section, we show the results of the proposed OLFES algorithm compared
with the other four methods. Table 2 gives the ACR of all the compared meth-
ods on the datasets of Table1. The OCA of all the compared methods on the
datasets of Table1 is given in Fig.4. Results for all methods are averaged over
10 independent runs.

From Table 2, we can observe that our OLFES method can achieve the small-
est ACR on the Adult, Dry Bean, DSADS, PAMAP2, and HHAR datasets. And
on the Magic dataset, OLD?S achieved the smallest ACR. The reason why both
variants of FESL will achieve the highest ACR in most cases compared to the
nonlinear mapping methods is that the linear mapping methods reconstruct the
feature space with a large error compared to the original feature space, leading
to a decrease in accuracy.

OLFES has a higher OCA in the non-evolving stages than FESL-C, FESL-S
and OLD3S methods in Fig.4. The reason for this is that the two variants of
FESL learn linear shallow models and cannot learn nonlinear functions in com-
plex application scenarios. Although OLD3S uses the HBP method to update
the parameters of the network online, it employs a variational self-encoder map-
ping into a latent space before the data stream is fed to the classifier. Since the
data stream is complex and variable, the self-encoder produces a certain error
in the mapping, thus leading to a gap in the OCA.

At the end of the evolving stage, OLFES does not lead to a sudden drop
in OCA performance, indicating that our feature space generation strategy is
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Fig. 4. Compare the online accuracy of five methods on six datasets. For all six sub-
plots, the horizontal axis indicates the number of instances and the vertical axis indi-
cates the online classification accuracy.

superior to the linear mapping and the variational self-encoder mapping meth-
ods. In terms of the degree of decline, the two variants of FESL have the largest
gap between before and after evolution, and the OLD?S method is significantly
better than the method using linearity. The reason for this is that the com-
plex relationship between two feature spaces is often nonlinear and cannot be
approximated by a simple linear mapping.

In the comparison results with OLFES-N, our method does not lead to a
steep drop in OCA in the case of evolution of the old feature space, which has
a clear advantage. The reason is that the old features generated through the
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proposed mapping method positively help the learning of the current features,
indicating that our feature space generation strategy is reasonable and effective.

6 Conclusion

In this paper, a novel Online Learning method for Feature Evolvable Streams
(OLFES) is proposed for the feature evolution problem due to the appearance
and disappearance of sensors in wearable activity recognition. The method can
not only learns the optimal depth of the model from the data stream, but also
reconstructs the old features from the new ones after the old have disappeared,
allowing the model to use the information of the old and new features and make
accurate online predictions through a weighted combination. Comparative exper-
iments with four other state-of-the-art methods on three data science datasets
and three activity recognition datasets demonstrate the effectiveness of OLFES.

However, only the appearance and disappearance of sensors of the same type
and frequency are considered in our method. In real life, there are many sensors of
different types and frequencies. Compared with a single type of sensor, multiple
types of sensors often bring complementary information that can help to further
improve the performance of the model. In our future research, we will plan how to
incorporate multimodal sensors into the paradigm of feature evolvable learning
to further enhance the generalizability of the model.
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