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ABSTRACT

In this paper, we developed an effective wrapper-based model to optimize
the recognition of physical human daily life activities recorded by
smartphone built-in sensors. The proposed model employs the Sequential
Forward Selection (SFS) method in combination with the K-Nearest
Neighbor (KNN) classifier based on a group of five commonly used distance
measures: (Manhattan, Euclidean, Chebyshev, Canberra, and Correlation),
each having a specific geometric neighborhood interpretation. The
proposed SFS-KNN multi-distance approach allows each distance metric
to guide feature selection. It examines how the resulting feature subsets,
determined by each distance metric, affect overall recognition performance.
The goal is to identify the best feature subset that achieves the highest
accuracy with the lowest dimensionality. Our proposed distance-based

wrapper model was validated on two publicly available WISDM and UCI-
HAR datasets under 10-fold cross-validation. The experimental results on
both datasets showed that the proposed model's performance is
significantly affected by the choice of distance measure, as different feature
subsets are generated for each distance measure. For the WISDM dataset,
our model achieves an overall accuracy of 93.39% based on Euclidean
distance, with a reduction ratio of 71.42%. It also achieves a 95.9%
reduction in feature dimensionality on the UCI-HAR dataset using the
Correlation distance, with a recognition rate of 99.33%. These outcomes
confirm the superiority of our wrapper model over other feature selection-
based approaches proposed for the same datasets.

© 2026 The Author(s).
This is an open access article under the CC-BY-SA license.

1. Introduction

The recognition of the daily activities routinely performed by humans, often referred to as Activities
of Daily Living (ADLs), has attracted considerable attention in recent years. Thus, a new gateway to a
fast-growing research field, Human Activity Recognition (HAR), has been opened. This active field
presents promising potential to enhance the quality of human life via a broad range of application areas
such as healthcare monitoring, fall detection of elderly people, fitness tracking, smart environments, and
homeland security [1], [2]. These areas highlight the importance of HAR models as assistive tools for
understanding human behavior and actions.

The ADL recognition process commonly starts by recording body motion signals from wearable
sensors, ambient sensors, or both [3], [4], [5], [6]. First, the recorded signals are partitioned into equal
segments using a fixed-size sliding window. Then, the obtained raw segments are analyzed to extract
appropriate features via various feature extraction methods. Finally, the extracted features are used as
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inputs to machine learning approaches to yield the ultimate HAR model. The segment length and the
quality of the generated features play a vital role in determining the overall model performance [7].
Ambient sensors often rely on video cameras as a convenient means to capture human physical activities
in the ambient environment [8]. However, the disturbance they cause to human privacy due to their
intrusiveness has limited their ubiquitous use. On the contrary, considerable attention has been paid to
the use of various wearable sensor-based technologies, such as inertial, vital-signs, and GPS sensors, as
less invasive and more acceptable alternatives for HAR [8], [9].

Recently, various inertial sensors, to name but a few, accelerometers, gyroscopes, and magnetometers,
have been either integrated into ad-hoc sensors (e.g., IEE smart insoles and Shimmer) or built into
modern mobile devices (e.g., smartphones and smartwatches) [10], [11]. These devices have been
successfully used in real-world scenarios, alone or in combination, to differentiate among multiple basic
activities, which can be static (e.g., sitting, standing, and lying) or dynamic (e.g., walking, running, and
stair climbing). Compared with ad-hoc devices, the acceptability, ease of use, size, cost, processing, and
wireless capabilities are the main practical and technical aspects that have made smartphones the best
candidate sensing devices for unobtrusive activity recognition [12], [13]. More importantly, previous
studies demonstrated that body motion data retrieved by smartphone inertial sensors are adequately
accurate for HAR [14], [15].

Despite the aforesaid advantages, the availability of data collected from smartphone-based sensors is
relatively limited. This is because the majority of HAR literature has focused on vision-based sensors for
data acquisition [13]. Another significant reason is that most researchers conduct smartphone-based
HAR experiments based on their proprietary datasets, which are rarely available to the public domain.
As a result, this prevents the research community interested in this field from making objective
comparisons between the recently proposed HAR approaches and the previous ones. To facilitate
benchmarking studies, however, some research papers have offered free access to standard datasets:
WISDM [16], UCI-HAR [17], and HARTH [18], containing labeled inertial sensors data that were
recorded from groups of subjects performing a specific set of ADLs while carrying their smartphones.

Although it has been well-addressed in literature, the task of HAR using smartphones' inertial
sensors is still of great interest to many researchers. Previous publications have shown the capability of
several classification models in offering successful recognition results for this task [13], [19], [20].
Recently, more attention has been paid to investigating the feasibility of utilizing various feature selection
methods (filter-based, wrapper-based, or a combination of both) with ML and DL approaches to
improve the recognition of a set of daily human activities [21], [22]. This section presents a detailed
revision of all previously proposed feature selection-based models for WISDM and UCI-HAR datasets
on basis of the best optimization method used, the optimal features obtained, the validation criterion
adopted, and the highest recognition accuracy achieved.

For WISDM dataset, the authors in [23] achieved 93.12% recognition accuracy with 11 features only
using a combination of Sequential Forward Selection (SFS) and Gradient Boosted trees (GBT). The
proposed SFS-GBT model was evaluated under 10-fold cross-validation criterion. Significant
improvement of more than 98% overall accuracy was obtained on the same dataset in [24] and [25], but
applying a smaller time window of size 2.56s with 50% overlapping for data segmentation than the
standard 10s adopted in the original paper [16]. Therefore, direct comparison with the recognition
results of these two studies cannot be conducted due to generating feature vectors with larger
dimensions.

For UCI-HAR dataset, the authors in [26] combined Particle Swarm Optimization (PSO) method
with K-Nearest Neighbors (KNN) based on Manhattan distance and achieved an accuracy rate of 98.89%
with 239 features under 10-fold cross-validation. In another study on the same dataset [27], a Random
Forest (RF) based feature selection method called Guided Regularized Random Forest (GRRF) was
proposed to identify the most relevant features for activity recognition and eliminate those with
minimum importance. For classification, Support Vector Machine (SVM) produced the best-reported
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accuracy of 99.3% using 185 features only. The 70 % training and 30% testing validation scheme was
adopted to evaluate the effectiveness of the proposed model.

Deep learning approaches namely, Recurrent Neural Network (RNN) and Deep Q-network (DQN)
have also been integrated with feature selection algorithms to improve the classification performance of
the set of activities recorded in WISDM and UCI-HAR datasets [28], [29]. In [28], the authors
proposed a new metaheuristic method called Colliding Bodies Optimization (CBO) and achieved
mediocre recognition results of about 90% on both datasets. Moreover, the authors did not report the
evaluation strategy and the final feature subset used to produce these accuracy scores. In [29], Bee Swarm
Optimization (BSO) was proposed to reduce UCI-HAR features using 70 % training and 30% testing
split ratio and an average accuracy of 98.41% was achieved. However, the authors did not mention the
reduced feature set used to generate this accuracy. More details of the optimization results obtained in
previous studies on the two datasets are presented in Table 1.

Table 1. Previous feature selection methods for WISDM and UCI-HAR datasets.

Proposed Optimal Testing
Paper Dataset Accur %
ape arase Method Features Approach iy ()
[23] WISDM SFS+GBT 11 10-fold cross- 93.12
validation
GB 70% training,
[24] UCI-HAR OGWO+SVM 304 30% testing ’8
o i
[25] UCI-HAR WOA+RF 236 70% training, 95.51
30% testing
[26] WISDM PSO+KNN 8 10-fold cross- 91.07
validation
UCI-HAR 239 98.89
o i
[27] UCI-HAR GRRF+SVM 185 70% training, 99.30
30% testing
[28] WISDM CBO+RNN Not listed Not explained 89.77
UCI-HAR 90.19
[29] UCI-HAR BSO+DQN Not listed 70% training 98.41
o i
[30] UCI-HAR FDDRT+RF 66 70% training, 98.72
30% testing
70% training,
[31] UCI-HAR CGA+MLP 386 . 95.79
30% testing
. 80% training,
[32] WISDM BBO+RF Not listed 79.38

20% testing

Despite significant efforts in feature selection methods for human activity recognition using datasets
like WISDM and UCI-HAR, several critical challenges remain unresolved. Most prior studies did not
specify the number of optimal features obtained or used a custom split of the data, making it difficult or
impossible to reproduce and compare their results. While some studies achieved high classification
accuracy, this came at the cost of large feature sizes or training on a small portion of the entire data.
Hence, compromising the generalization capability of their methods. These limitations call for an
effective feature selection approach that can reduce dimensionality while maintaining or enhancing
classification performance. To address such challenges, this paper proposes an efficient wrapper-based
approach integrating Sequential Forward Selection (SFS) with K-Nearest Neighbors (KNN) to enhance
the recognition accuracy of the set of ADLs recorded in the two popular datasets mentioned above. The
proposed model adopts five different distance measures, namely Manhattan, Euclidean, Chebyshev,
Canberra, and Correlation distances, to investigate the impact of the generated per-distance feature
subset on the overall classification performance. The overall contributions of this paper are summarized
as:

e A distance-conditioned wrapper feature selection study showing that the distance metric changes
the selected subset, and this materially changes accuracy and dimensionality reduction.
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e A fair benchmark protocol across two canonical HAR datasets under the same validation regime
(10-fold CV) and the same wrapper search strategy, with feature subsets reported.

e A considerable reduction in feature dimensionality is attained by selecting the most discriminant
feature subset per distance from the original feature spaces of both datasets.

¢ A substantial improvement in the recognition accuracy is achieved compared to the previous feature
selection HAR models that were trained and evaluated on the same datasets.

The rest of this paper is organized as follows: Section 2 demonstrates a detailed description of the
proposed methodology. Section 3 shows the experimental results of feature selection and classification
obtained on both datasets and compares them with those of existing alternative approaches. Finally,
Section 4 summarizes the conclusions and outlines the future direction.

2. Method

This section introduces a comprehensive description of the five steps of the proposed methodology
through which the present research was accomplished. The first step shows a brief overview of the main
characteristics of the WISDM and UCI-HAR datasets. The second step shows the preprocessing
mechanisms performed on WISDM data prior to classification. The third and fourth steps provide a
detailed explanation of the distance-based wrapper model that combines the sequential forward selection
method with k-nearest neighbor classifier using five distance measures: Manhattan, Euclidean,
Chebyshev, Canberra, and Correlation distances, respectively. The fifth step demonstrates the evaluation
metrics and the validation technique adopted for evaluating the performance of our wrapper model. Fig.
1 illustrates the proposed methodology followed in this paper. It is worth mentioning that the adoption
of these five different distance functions, shown in Fig. 1, is to ensure a multi-perspective feature
evaluation. This diversity is crucial for SFS-KNN, as it allows the model to evaluate feature subsets from
different angles and identify the relevant features determined by the most appropriate distance metric
for the data.
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Fig. 1.Proposed methodology.

2.1. HAR Datasets Characteristics

In this paper, two publicly available Human Activity Recognition (HAR) datasets were employed to
perform a set of feature selection and classification experiments. The first dataset, known as WISDM
(Wireless Sensor Data Mining) [33], contains accelerometer-based data collected from thirty-six

.
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volunteers, whereas the second dataset, UCI-HAR [34], incorporates gyroscope and accelerometer data
gathered from thirty participants. The volunteers in both datasets collection sessions performed a certain
group of physical daily life activities, often called Activities of Daily Living (ADL): (walking, jogging,
laying down, stair climbing, sitting and standing) for a specific time while having their Android
smartphones carried in their front pants pockets (for the WISDM data registration session) or mounted
to their waists (for the UCI-HAR data recording session). Table 2 presents an overview of the main
characteristics of the two datasets.

Table 2. Characteristics of WISDM and UCI-HAR datasets. * This type of activity was not recorded in
the respective dataset.

Activity Type WISDM Dataset WISDM Dataset UCI-HAR Dataset UCI-HAR Dataset

# of features # of Instances % # of Instances %
45 561

Walking 2081 38.41 1722 16.72

Jogging 1625 29.99 —a —a
Laying down — —a 1944 18.88
Upstairs 632 11.66 1544 14.99
Downstairs 528 9.75 1406 13.65
Sitting 306 5.65 1777 17.25
Standing 246 4.54 1906 18.51

Total 5418 10299

2.2. Preprocessing

Before conducting feature selection and classification experiments on the WISDM dataset, the
following data preparation steps are performed. First, features such as UNIQUE_ID and USER contain
only personal participant information, not accelerometer data. These two features are irrelevant to the
classification analysis and should be removed from the dataset as a preliminary step. Another irrelevant
feature is XAVG. This feature adds nothing to the discriminative power of the classification method, as
it incorporates only zero values across all instances. Therefore, XAVG has also been eliminated. Secondly,
three consecutive features namely, XPEAK, YPEAK, and ZPEAK are found to have notable missing
values in various instances. Table 3 presents the total missing-valued instances per activity type.

Table 3. Missing-valued instances per class.

Activity # of Instances %
Walking 52 2.5
Jogging 13 0.8
Upstairs 45 7.12
Downstairs 21 3.98
Sitting 172 56.21
Standing 171 69.51
Total 474 8.75

Table 3 indicates that missing-valued instances account for 8.75% of the WISDM dataset (474
instances out of 5418). It can also be seen from the underlined values that most of these instances belong
to the two non-dynamic activities (Sitting and Standing), despite having considerably fewer instances
than the other four dynamic ones, as shown in Table 2. Accordingly, the missing values associated with
the aforementioned three features are replaced by the estimated mean value of each feature vector
independently. Thirdly, the dataset has 12 features: YAVG, ZAVG, XPEAK, YPEAK, ZPEAK,
XABSOLDEV, YABSOLDEV, ZABSOLDEV, XSTANDDEV, YSTANDDEV, ZSTANDDEYV, and
RESULTANT with larger value ranges than the other 30 features. Therefore, to prevent these features
from dominating the distance computation while preserving the original distribution of the data, large-
valued features are scaled to the range [0,1] using min-max normalization expressed by Equation (1).

X’ — X — miny (1)

maxy — miny
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where x and x' are the original and scaled values of feature X, miny and maxy are its minimum and
maximum values, respectively.

2.3. Wrapper Model

With very large feature spaces, feature selection becomes an important and desirable step for developing
classification models due to the effect of irrelevant and redundant features on the computational
complexity, interpretability, and prediction performance of the model [35], [36]. In general, a
classification model trained on a smaller feature space is often more robust and reproducible than that
built on the original larger feature space [37]. Feature selection methods can be mainly categorized into
filter-based and wrapper-based methods. Filter-based methods often rely on statistical measures and can
be employed without a modeling algorithm. Though computationally efficient, these methods
completely ignore the effect of selected features on the prediction performance of the learning model
[38], [39]. In contrast to filter-based methods, wrapper-based methods iteratively take into consideration
the impact of adding or removing a particular feature on the model performance. Therefore, these
methods are computationally more expensive than filter methods, but are able to identify the optimal
feature subset yielding the highest performance for the specific classification model [40]. This paper
proposes a wrapper model that uses Sequential Forward Selection (SFS) in conjunction with K-Nearest
Neighbors (KNN) classifier. The proposed SFS-KNN method adopts five different distance measures
namely, Manhattan, Euclidean, Chebyshev, Canberra, and Correlation to analyze the eftect of a selected
subset of features based on a particular distance on the performance of the model. The following
subsections present a detailed explanation of these algorithms.

2.3.1. Sequential Forward Selection

Sequential Forward Selection (SFS) is a greedy search technique used to reduce the dimensionality
of the original feature space by iteratively selecting the subset of features most relevant to a classification
problem. The smaller feature subspace is guaranteed not only to improve the computational efficiency
of the classification model at a later stage, but also to yield a more general model [41], [42]. This
technique does not exhaustively search every possible feature subset, which is practically prohibitive due
to the huge number of feature subset combinations that can be created, even for medium-sized feature
sets. Consequently, SFS is computationally tractable as compared to the Exhaustive Feature Selection
(ESF) algorithm, which requires evaluation of all candidate subsets to find the optimal one [43]. The
standard SFS technique, described by the pseudocode in Algorithm 1, takes the entire n-dimensional
feature space as input and returns an m-dimensional feature subspace, where m < n. To achieve this
reduction in dimensionality, SFS initializes with an empty feature set Yy = @, m = 0 and iteratively
adds one feature, x* at a time to Y;, that maximizes a user-specified performance optimization function
J (), for instance, the predictive accuracy of a classification model. The procedure of progressively
incorporating features into larger subsets continues until no further optimization in performance is
achieved with the addition of other features.

Algorithm 1: Pseudo-code of the SFS technique [41].

Input: Y = {y ¥y’ ..’ ¥}
Process:
Step 1: Start with empty set Yy =@, m =0
Step 2: Select the best next feature
xt = argxér}}g)}gm](Ym + x)

Update feature set

Y1 =Ym+xH;,m=m+1
Go to Step 2.
Output: Y, = {y; I'jp=12 .. my, € Y}

Abdalrabman et al. (Distance-based wrapper model for human activity recognition)
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2.3.2. K-Nearest Neighbors

K-Nearest Neighbors (KNN) is an instance-based supervised machine learning algorithm widely used
for classification and regression due to its simplicity, robustness, and reasonable accuracy. KNN has been
successfully used for various pattern classification problems including object recognition [44], pattern
recognition [45], ranking models [46], and text categorization [47]. It has also been used in other
application areas such as Bioinformatics and medicine [44], [48]. In contrast to many classification
algorithms, KNN does not explicitly train a model. Instead, it stores all training set samples and waits
until producing a test sample. Therefore, KNN is often considered as a lazy learning method [49]. KNN
is a non-parametric technique [50]. This implies that no assumptions about the underlying distribution
of samples are required. As a result, it is an eftective option for any classification problem that does not
involve prior knowledge of the data samples' functional form. The traditional KNN algorithm,
summarized by the pseudocode in Algorithm 2, works as follows. Given a training set D, a test sample
q = (x, ¢"), and the value K (the number of nearest neighbors). The algorithm adopts a user-specified
distance function or similarity measure to calculate the distance between ¢ and every training sample,
p = (9, ¢ € D to identify its nearest-neighbor list, D,. In this notation, x denotes the feature vector of
the test sample g and ¢’ is its class label. Similarly, y is the feature vector of the training sample p and ¢
is its class label. Once the D, list is determined, the test sample is classified by the majority class (i.e.

the most frequent class) of its K closest neighbors:

o/ = argmax

- v Z(yi,ci)GDq I(V = Ci) (2)
where v is a class label, ¢; is te class of the ih nearest training sample, and I (*) is an indication function
that returns 1 if its argument is satisfied and 0 if not. When K = 1, then the class of the nearest training
neighbor is assigned to ¢.

Algorithm 2 Pseudo-code of KNN algorithm [49].

Input:

Training set D, Test sample ¢ = (2’ ¢), K

Process:

Compute d(x’y), the distance between qand every training sample, p = (y’c) € D
Select D, € D, the set of Knearest training samples to q.

Output: ¢ = arg max Z(yi,ci)EDq I(v=c)

The distance measure used by the KNN algorithm, and the pre-defined number of nearest neighbors
(K), have a considerable influence on its final classification performance [51], [52]. The classical approach
of optimizing the accuracy of KNN is often conducted experimentally. That is, various K values are tested
for each distance function on the dataset under consideration, and the one that yields the highest overall
accuracy for a given distance will be chosen to define the model. However, some previous benchmarking
studies have attempted new approaches for augmenting the performance of KNN, either by proposing a
non-convex distance measure [53] or by investigating other KNN variants that mitigate the need for
determining the value of K in advance [54]. Despite the success and rationale of these methods,
experimental results show that no single optimal distance or K value applies to all real-world datasets.
This conclusion is consistent with the "No Free Lunch" theorem. In this paper, five distance measures,
as shown in Table 4, are evaluated with the proposed SFS-KNN model to determine the most
appropriate distance for the two human activity recognition datasets. Furthermore, the K-neighbors
value is set to 1 intentionally during feature selection to ensure that any performance improvement
achieved by the generated feature subset must be due to the distance measure used.

Table 4 illustrates the mathematical formulation of each distance function d(x, y) to estimate the
farness or dissimilarity between x and y, where x = (xq, x5,..., x,) and y = (y1, ¥,, ..., ¥,) are the
feature vectors of the testing and training samples having n numeric values. The distance functions given
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by Equations (3-5) belong to the Minkowski distance (or Ly, norm) family [55]. This power distance is
a generalized measure and can be formulated as:

A y) = (Sily -y, p>0 ®)

It becomes Manhattan (also called L; norm or City block distance) when p="1" , Euclidean (also
known as L, norm or Ruler distance) when p="2", Chebyshev (also referred to as Lagrange or Maximum
value distance) when p= . The Canberra distance represented by Equation (6) belongs to the L; norm
family of measures that includes various modified versions of Manhattan distance [55]. The Correlation
distance presented in Equation (7) is a normalized version of the Pearson distance measure that is
calculated by subtracting the Pearson's correlation coefficient (PCC) between two vectors from oe [56].
It is worth mentioning that these distances, except for the Correlation distance, satisfy the four metric
properties and considered as metric distances [55], [56].

Table 4. Distance functions formulas.

Distance Formula Range
Manhattan L [0, + 0] (3)
d(xy) = Y lxi - v
i=1
Euclidean n [0, + o] (4)
dey) = | G-y
i=1
Chebyshev d(x,y) = miaxlxi =il [0; + OO] (5)
Canberra LG . 0, +n 6
d(x,y) _ |XL yll [ ) T ] ( )
L |x;| + |yl
i=1
Correlation Z?: o —%) =) 0,1 7
d(x’y)zz(l_ = 1 1_2 nz — [7] ()
\/Zi:l(xi —X) Zi=1(yi -y)

n n
here £=10 ki and 7=
where x=- ) x an y—n'lyi.

i=

i=1

Intuitively, the mathematical definitions provided in Table 4 explain how each distance measure
uniquely quantifies the closeness between data points. As a result, this creates a variation in performance
among these distances according to their different sensitivity to the inherent characteristics of the HAR
data. The Euclidean distance is highly sensitive to significant magnitude differences (e.g., Sitting vs.
Jogging). The Manhattan distance is less influenced by outliers, making it more appropriate for raw
sensor data, which often contains noise. In contrast, the Chebyshev distance, defined by the maximum
difference across any single feature dimension, is sensitive to extreme sensor values. The Canberra
distance is particularly useful when sensor values are of different scales (e.g., accelerometer vs. gyroscope
readings). Finally, the correlation distance is highly efficient when the waveform or temporal pattern of
the sensor data is the main discrimination factor.

2.4. Performance Assessment

To evaluate the recognition performance of our proposed distance-based SFS-KNN model and for
the sake of comparison with prior works, three principal performance metrics: accuracy, recall, and
precision, were utilized. The accuracy of a classification model reflects its overall performance, whereas
both recall and precision assess its performance for each particular class. Mathematically, these three

evaluation metrics can be deduced from the "confusion matrix" shown in Table 5.
.

Abdalrabman et al. (Distance-based wrapper model for human activity recognition)



ISSN 2442-6571 International Journal of Advances in Intelligent Informatics 615
Vol. 12, No. 2, March 2026, pp. 607-621

Table 5. A multi-class problem confusion matrix.

Actual Classes

Actual Class ¢4 Actual Class c, Actual Class c,,
Predicted as ¢, C11 C12 Cin
Predicted Predicted as ¢, C1 Cyp Con
Classes ; : : : :
Predicted as c, Cn1 Cna Chn

Fig. 2 illustrates the n X n confusion matrix, where n is the number of target classes in the dataset
under consideration. For each class ¢;, the matrix shows the number of positive class instances that are
correctly recognized as positives (TP), the number of negative class instances that are mistakenly
classified as positives (FP), and the number of positive class data samples that are incorrectly identified
as negatives (FN). These terms are defined by Equations (9-11), respectively.

TPCi = Cii (9)
FPy = Xk=1 Cir _TPe; (10)
FP; = X6, TP (11)

The accuracy, recall, and precision of a multi-class problem are given as:

T TP
Accuracy = o — 12
RS T (2
— l n TP¢i
Average Recall = - 1 7p e (13)
.. _ l n TP¢i
Average Precision = -3, = (14)

During feature selection and classification, standard 10-fold stratified cross-validation was used to
evaluate the SFS-KNN model [57]. According to this recommended technique, the entire dataset is
divided into ten subsets, each having roughly 10% of the data samples and the same class fractions as in
the original set. The first nine subsets are used to train the model, whereas the remaining subset (i.e.,
the testing or validation set) is used to evaluate the model's performance. This process is repeated until
all 10 subsets are used as validation sets.

3. Results and Discussion

Having determined the optimal feature subset for each distance function using the proposed SFS-
KNN model, accuracy, precision, and recall are calculated to identify the most suitable distance for each
dataset, following the aforementioned 10-fold cross-validation strategy. The classification, feature
selection, and preprocessing experiments were performed using integrated tools available in Rapid Miner
Studio (Educational Edition 9.10) installed on a laptop with a 2.3 GHz Intel Core i7 processor, a 256
GB SSD, and 8 GB of RAM. In this section, the results of all activity recognition experiments conducted
on WISDM and UCI-HAR datasets are summarized in Tables 6 to 9. Furthermore, a detailed
comparison with previous models is provided in Table 10.

Table 6. Classification results on the WISDM dataset. # F: number of selected features.

Distance #F Avg. Accuracy (%)  Avg. Recall (%)  Avg. Precision (%)
Manhattan 1 92.86 (+1.00) 90.03 (+1.39) 91.58 (+1.46)
Fuclidean 12 93.00 (£0.92) 90.13 (+1.08) 91.59 (+1.28)
Chebyshev 10 92.12 (+1.58) 88.72 (+2.20) 90.43 (+1.88)
Canberra 7 90.38 (0.81) 86.96 (+1.62) 88.73 (+1.21)
Correlation 16 92.21 (x0.99) 88.56 (+1.89) 90.73 (£1.65)
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Table 7. Classification results on UCI-HAR dataset. # F: number of selected features.

Distance #F Avg. Accuracy (%)  Avg. Recall (%)  Avg. Precision (%)
Manhattan 30 99.32 (0.37) 99.34 (£0.35) 99.35 (+0.35)
Euclidean 36 99.24 (+0.53) 99.26 (+0.49) 99.28 (+0.50)
Chebyshev 30 98.58 (+1.54) 98.58 (+1.53) 98.61 (+1.63)
Canberra 30 98.78 (+0.71) 98.80 (+0.73) 98.81 (+0.69)
Correlation 23 99.33 (20.46) 99.35 (20.43) 99.36 (+0.44)

Table 6 and 7 present the optimal feature count achieved by the SFS-KNN model for each distance
and their relative accuracy, recall, precision ratios, along with the standard deviation values of these three
performance measures for both datasets. For the WISDM dataset, it is evident that among the other
four distance functions used by the proposed wrapper model, the Euclidean distance achieved the highest
accuracy, recall, and precision rates of 93.39%, 90.89%, and 92.10%, respectively. Although it has
produced a lower reduction ratio of 71.42%; as demonstrated by the number of selected 12 out of 42
original features; than those produced by Manhattan, Chebyshev, and Canberra, these three distances
had a lower classification performance in terms of accuracy, precision, and recall. Moreover, all other
four distances showed higher standard deviations values across folds than those observed for the
Euclidean distance. For the UCI-HAR dataset, the wrapper model attained more than 99% accuracy
using either Manhattan, Euclidean, or Correlation distances. However, the prediction results of
Correlation distance were slightly higher than the other two counterparts, with 99.33% accuracy and
average recall and precision of 99.35% and 99.36%, respectively. More importantly, it was able to yield
a smaller feature set than the rest distance measures by reducing the original features from 561 to 23
only and achieving a greater reduction ratio of 95.9%. It is also worth mentioning that for both WISDM
and UCI-HAR datasets, the proposed model had less convincing classification results based on
Chebyshev and Canberra distances, indicating their unsuitability for activity recognition task. In
summary, it can be noticed that:

e For the WISDM dataset, the Euclidean distance attained the highest classification performance and
lower variability but with moderate reduction ratio.

e For the UCI-HAR dataset, the Correlation distance was the top performer among other distances
with the best feature reduction ratio but with slightly higher variability than Manhattan and
Euclidean, which came in the second place.

e For both datasets, the Chebyshev and Canberra distances exhibited less suitablility and efficiency for
the HAR task using the proposed SFS-KNN model.

Table 8 and 9 display the confusion matrices achieved by the SFS-KNN approach over both human
activity datasets for the two top-performing distances. They present the classification results from our
proposed model for the six basic human activities in the WISDM and UCI-HAR datasets. For WISDM's
confusion matrix, as indicated by the underlined values, more than 78% of classification errors (i.e., 299
out of 380 incorrectly classified instances). It arises from overlap among the three dynamic activities:
Upstairs, Downstairs, and Walking.

Table 8. Confusion matrix of the Euclidean distance-based SFS-KNN model (WISDM dataset).

Actual Classes

Predicted

Classes Jogging Walking Upstairs Downstairs Sitting Standing
Jogging 1592 5 15 6 0 0
Walking 7 2022 45 69 1 3
Ubpstairs 15 31 513 74 0 4

Downstairs 10 23 57 377 1 3

Sitting 0 0 1 1 301 3

Standing 1 0 1 1 3 233
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Table 9. Confusion matrix of the Correlation distance-based SFS-KNN model (UCI-HAR dataset).

Actual Classes

Pgizid Standing Sitting Laying Walking Downstairs Upstairs
Standing 1879 28 0 0 0 0
Sitting 27 1748 0 0 0 0
Laying 0 0 1944 0 0 0
Walking 0 0 0 1720 4 3

Downstairs 0 0 0 1 1399 1
Ubstairs 0 1 0 1 3 1540

This high misclassification percentage, as explained in the original work [16], is due to the analogous
signal-variation patterns. Such overlap caused a significant deterioration in the classification accuracy for
stair-climbing actions because both have fewer instances than the Walking activity. Consequently, it has
reduced the overall accuracy of the proposed model, as shown in Table 6. Regarding the confusion matrix
for the UCI-HAR dataset, the wrapper model shows a clear difticulty in distinguishing between the two
non-dynamic actions (Sitting and Standing). The reason for this, as stated in the originally published
paper [17], is the smartphone's physical position. However, the results indicate that the proposed model
has successfully recognised the three dynamic actions and delivered a perfect classification for the Lying
down activity. It should be noted that the misclassification overlaps shown in both confusion matrices
are significantly less than those generated by the methods proposed in [16] and [17]. Table 10 highlights
the improvement in accuracy achieved by the proposed model for each activity type, particularly for those
with higher misclassification overlap in the aforementioned original studies.

Table 10. Per-activity comparison against models proposed in original works (MLP [16] and multiclass SVM
[17]). Activity names are abbreviated.

Dataset Method  Overall % of correctly classified instances
(%) Walk Jog Up Down Sit Stand Lie
WISDM MLP 91.7 91.7 98.3 61.5 44.3 95 91.9 -
SFS-KNN 93 97.16 97.97 81.17 71.4 98.37 94.72 -
(Ours)
Multiclass
UCI SVM 96 99.5 - 96 98 88.0 97 100
SFS-KNN 99.33 99.88 - 99.74 99.5 98.37 98.58 100
(Ours)

Table 10 shows that our proposed solution delivers remarkably higher discrimination results than
the MLP model for the two stair-climbing activities and more robust accuracy scores for Sitting and
Standing compared to multiclass SVM. It also provides much better recognition results for the set of
remaining actions recorded in both datasets. This reflects the ability of our model to recognize each
performed activity more efficiently. Compared with the previous optimisation methods reviewed in
Section 2, our HAR model achieves the same accuracy as the best approach proposed for the WISDM
dataset [23], while adopting the same feature selection method but a different classification technique.
Our proposed model also achieves higher overall accuracy than all optimisation solutions for the UCI-
HAR dataset, while showing performance equivalent to the method proposed in [27], with considerably
better feature dimensionality reduction (23 vs 185 features).

4. Conclusion

This paper proposes an efficient wrapper-based feature selection framework to reduce feature
dimensionality while achieving state-of-the-art recognition accuracy for the daily human activities. The
proposed model integrates sequential forward selection technique with k-nearest neighbor classifier
using five distinct distance measures (Manhattan, Euclidean, Chebyshev, Canberra, and Correlation).
Two open-source and benchmark datasets, WISDM and UCI-HAR, were used to evaluate the efficiency
and robusness of the proposed model. The experimental results demonstrated different feature subsets
'
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and classification accuracies for each adopted distance. Based on Euclidean distance, the wrapper model
achieved a reduction ratio of over 71% and an overall accuracy of 93% for the WISDM dataset. It also
attained a significant 95.9% reduction in feature space for the UCI-HAR dataset based on Correlation
distance, with a recognition rate of 99.33%. These findings confirm the superiority of our solution over
previously proposed feature selection models for both datasets. For our upcoming work, we seek to use
other publicly available HAR datasets, investigate larger groups of distance metrics, and combine various
feature selection methods with other versions of the k-nearest neighbors algorithm to create more robust
and accurate HAR solutions.
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