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Abstract—Human Activity Recognition (HAR) plays a crucial
role in intelligent healthcare, smart environments, and elderly
monitoring. Traditional deep learning-based HAR methods often
function as black-box models, limiting their interpretability. The
recently proposed Kolmogorov-Arnold Network (KAN) utilizes
explicit, mathematically defined basis functions, which clarify its
operation and enhance interpretability. However, these methods
still face challenges, such as slow training speed, high computa-
tional costs and suboptimal performance. Here we propose the
Daily Activity Recognition with Optimized Wavelet-based KAN
(DARKAN), a lightweight architecture that leverages wavelet de-
composition to boost performance, and simplifies KAN structure
to lower model parameters and computational complexity. Specif-
ically, low- and high-frequency inertial measurement unit (IMU)
signals are extracted by a wavelet transform, while time-domain
features are incorporated to enrich feature representation. Sub-
sequently, the B-Spline is replaced by the wavelet function as the
activation function in KAN (wav-KAN), and the network depth
of wav-KAN is reduced to two layers. Finally, the optimized wav-
KAN is utilized to classify daily activities by fusing the extracted
time-frequency features. Extensive experiments on three open-
source datasets demonstrate that DARKAN outperforms state-
of-the-art methods, achieving 98.82%, 97.11% and 98.57% in
classification accuracy respectively while reducing the number
of model parameters by 1.45× and FLOPs by 4×. The code is
available at https://github.com/AnonysHar/HarKAN.

Impact Statement—Deep learning algorithms for human ac-
tivity recognition are dependent on their network depths and
the number of parameters. However, their performance is hin-
dered by model interpretability and computational resources,
especially for edge devices. This limitation negatively impacts the
effectiveness of activity recognition for reliable decision-making.
Our proposed DARKAN has mitigated this issue by introducing
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Wavelet-based Kolmogorov-Arnold Networks to enhance feature
representation and reduce computation complexity. This advance-
ment leads to better classification performance, has only 0.294 M
model parameters and 11.73 M FLOPs while improving model
interpretability. Consequently, this method ensures more reliable
decision-making for patient care, smarter ambient intelligence,
and enhanced safety for elderly individuals. By addressing
key challenges in HAR, this paper paves the way for more
transparent, efficient, and reliable activity recognition systems
based on edge devices, ultimately contributing to the development
of safer and more intelligent decision-making system.

Index Terms—Human Activity Recognition, Inertial Measure-
ment Unit, Kolmogorov-Arnold Networks, Wavelet Transform

I. INTRODUCTION

HUMAN Activity Recognition (HAR) [1], [2], [3] has
emerged as a crucial technology in various fields, in-

cluding healthcare [4], smart environments [5], and wearable
computing [6]. With the rapid advancements in mobile devices
and embedded sensors, HAR enables applications such as
fall detection for elderly care [7], fitness tracking [8], and
rehabilitation monitoring [9]. Despite these advancements,
developing accurate, robust, and scalable HAR models remains
challenging due to the complexities in human motion patterns,
environmental variations, and sensor noise.

Traditional HAR approaches rely on handcrafted feature ex-
traction and classical machine learning models such as Support
Vector Machines (SVM) [10] and Decision Trees [11]. While
these methods achieve reasonable performance on controlled
datasets, they often struggle with generalization and scalability.
In recent years, deep learning has significantly improved HAR
accuracy by automatically learning hierarchical representations
from raw sensor data [12]. Convolutional Neural Networks
(CNNs) [13], [14], [15] have been employed to extract spatial
features, whereas Recurrent Neural Networks (RNNs) and
Long Short-Term Memory (LSTM) networks [16], [17] have
been used to capture temporal dependencies. Hybrid models
combining CNNs and LSTMs have also been explored [18],
demonstrating improved performance. However, despite these
advancements, deep learning-based HAR methods still face
challenges in processing noise and cross-device variability.

Despite the progress brought by deep learning in HAR, sev-
eral critical challenges remain unresolved. For instance, CNN-
based models [19] demonstrate high accuracy in controlled
conditions but find it difficult to generalize across different
sensor configurations and user variations. Similarly, hybrid
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models integrating LSTM and attention mechanisms [20], [21]
have shown improvements in sequence modeling but remain
highly sensitive to sensor noise and require extensive labeled
data for effective training. Additionally, methods based on
Fourier Transform [22] extract frequency-domain features ef-
fectively but fail to capture localized temporal variations, lim-
iting their ability to recognize complex or transient activities.
Some studies have proposed using Wavelet Transform (WT)
with CNNs or RNNs [23], [24] to capture both time-domain
and frequency-domain information to improve accuracy, yet
existing solutions still lack interpretability and robustness to
noise, and their adaptability to real-world deployment remains
questionable.

To address the above challenges, this paper presents a novel
HAR framework, named DARKAN, which integrates Wavelet
Transform (WT) with a Kolmogorov-Arnold Network (KAN)
for robust and interpretable human daily activity recognition.
First, the time and frequency features are extracted from
IMU sensor using a linear network and wavelet transform,
respectively, and then, the two features are fused to generate
time-frequency features. Furthermore, the wavelet function is
utilized to replace the B-spline function in KAN, enhancing
the model’s robustness to noise and improve performance,
Finally, the time-frequency features are fed into the wavelet
KAN to classify human daily activities accurately. The key
contributions of our study are as follows:

• To the best of our knowledge, this paper is the first to
utilize an optimized Wav-KAN framework for human
daily activity recognition, referred to as DARKAN. Ulike
previous Wav-KAN, this optimized Wav-KAN integrates
time and frequency features to enhance activity feature
representation. Meanwhile, it also reduces model param-
eters and computational complexity by optimizing the
Wav-KAN structure. Additionally, the multi-resolution
and noise-filtering properties of the Wavelet transform
improve the model’s generalization while reducing train-
ing overfitting.

• Compared to Spline-based KAN, the proposed DARKAN
effectively captures both local and global patterns, en-
hancing multi-scale adaptability. Additionally, it decom-
poses signals into low- and high-frequency components to
mitigate overfitting. In comparison to standard Wavelet-
based KAN, DARKAN integrates time-domain features
as supplementary inputs to improve feature represen-
tation. This not only boosts HAR accuracy but also
accelerates model convergence.

• Extensive experiments conducted on three benchmark
datasets demonstrate that the proposed DARKAN out-
performs state-of-the-art methods, up to 99.88%, 99.99%,
and 99.66% classification accuracy, more than 1.4x model
parameters and 4x FLOPs reduction, which make it easier
to apply in edge devices.

This paper is organized as follows. Section II reviews
previous research on HAR, covering traditional methods,
deep learning approaches, and wavelet transform techniques.
Section III explains the DARKAN framework, including how
data is processed, the model design, and the training method.

Section IV shows the experimental results and benchmark
performance comparison. Finally, Section V concludes the
main findings, challenges, and future possibilities.

II. RELATED WORK

A. Fourier Transform-based Human Activity Recognition

Fourier Transform (FT) is commonly employed to break
down a signal into multiple sinusoidal elements, each char-
acterized by a specific frequency, amplitude, and phase [25].
This technique is particularly useful for identifying periodic or
stationary components in signals, which has made it popular
in various applications, such as HAR [26].

For example, Khtun et al. [22] proposed leveraging the
Fourier domain coefficient features to classify human daily
activities, demonstrating higher robustness to noise and rota-
tion invariance. Similarly, Gosciewska et al. [27] developed
multiple Fourier transforms to extract shape representations
and action descriptors, followed by a coarse classifier to
recognize different actions, ultimately achieving promising
results. Furthermore, Tanaka et al. [28] introduced a joint
Fourier algorithm by integrating the graph Fourier transform
(GFT) and the discrete Fourier transform (DFT), and it en-
hances the robustness against adversarial attacks and common
corruptions in skeleton-based action recognition. However,
FT only provides a global frequency representation of the
entire signal, making it incapable of tracking how frequency
components evolve over time. As a result, FT may struggle
to effectively classify complex or transient human activities,
when the frequency characteristics change dynamically.

Based on this issue, many approaches have been proposed
to combine optimized FT with time-domain techniques. For
instance, Guendel et al. [29] suggested utilizing the Win-
dowed Fourier Transform (WFT) or the Short-Time Fourier
Transform (STFT) to improve their model’s accuracy, which
performs the Fourier Transform (FT) on small, overlapping
portions of the signal to track temporal variations. Despite
achieving some improvements, it remains difficult to accu-
rately detect short-term features and deal with noisy data,
while signals are affected by various disturbances.

B. Wavelet Transform-based Human Activity Recognition

WT is a sophisticated technique for signal processing that
provides detailed frequency analysis [30]. Different from the
FT, WT can simultaneously extract both high- and low-
frequency components across multiple scales. This capability
makes it particularly effective for analyzing non-stationary
signals. For example, Stephane et al. [31] proposed the use
of WT for analyzing non-stationary signals, demonstrating its
effectiveness in HAR applications.

In recent years, Wavelet Transform has been combined with
various machine learning models, particularly neural networks,
to improve the accuracy and robustness of HAR systems. For
example, Nedorubova et al. [32] proposed using continuous
wavelet transform to extract frequency domain features, then,
the convolutional neural network is developed to identify
HAR based on the extracted features. Similarly, Ahmed et al.
[33] introduced a robust deep feature extraction method that



analyzes 1D multi-sensor data in the time-frequency domain
through a wavelet-based spectral visualization technique. This
approach effectively captures distinguishable patterns and deep
features from spectral images, achieving optimal performance.
However, these methods still face some challenges, such as
the difficulty in selecting the optimal wavelet functions and
decomposition levels for different activity recognition tasks.
Additionally, many existing approaches face limitations in
scalability and adaptability when applied to new and previ-
ously unseen environments. To address these issues, Abid et
al. [34] employed wavelet packet transform (WPT) for feature
extraction and reduced the feature set’s complexity using a
Genetic Algorithm (GA). This not only minimizes feature
redundancy but also enhances recognition accuracy.

Despite these advancements, the challenge of selecting the
most suitable wavelet functions and decomposition levels
remains a significant hurdle. Moreover, selecting suitable
wavelet functions and achieving generalization to real-world
scenarios remain open challenges.

C. Kolmogorov-Arnold Network

Neural network-based HAR is typically categorized into two
main types: (1) Feedforward Networks, such as Convolutional
Neural Networks (CNNs), which effectively capture spatial
patterns in sensor data for HAR, and (2) Recurrent Networks,
like Long Short-Term Memory (LSTM) and Gated Recurrent
Units (GRUs), which are specifically designed to model tem-
poral dependencies [35]. These models have been successfully
applied to various HAR datasets, achieving high accuracy in
recognizing activities such as walking, running, and sitting
[36], [37].

Despite their good performance in HAR, neural networks
are highly susceptible to overfitting, particularly when dealing
with noisy or unbalanced datasets. Targeting these challenges,
Yuan et al. [38] explored how learning three simple self-
supervised tasks, both independently and jointly, could im-
prove HAR performance across diverse environments. Never-
theless, these techniques function as black-box models, mak-
ing them difficult to interpret. In response to this limitation,
Liu et al. [39] introduced a novel neural network architecture
known as Kolmogorov-Arnold Networks (KANs) as feature
extractors for sensor-based HAR, particularly with IMU data.
In a subsequent work, Liu et al. [40] combined incremental
learning (IL) with KANs for wearable sensor-based HAR.
This integration not only mitigates catastrophic forgetting and
nonuniform input issues but also enhances the interpretability
of the HAR model.

Recent advancements have extended the original KAN
framework to improve efficiency and adaptability across
broader application domains. Aghaei et al.[41] proposed the
Fractional Kolmogorov–Arnold Network (fKAN), which in-
tegrates fractional-order Jacobi polynomials into the KAN
architecture as a replacement for traditional B-splines. This ap-
proach demonstrates improved performance—achieving lower
error rates and reduced training time—on a range of tasks,
including image recognition, signal denoising, sentiment clas-
sification, and solving differential equations. Despite these

advantages, fKAN introduces a complex control mechanism
that demands careful adjustment of boundary parameters such
as α, β, and γ, limiting its ease of deployment. Xu et al.[42]
introduced FourierKAN, which replaces spline kernels with a
minimal set of trainable sine and cosine basis functions. This
design choice significantly reduces the number of parame-
ters, enhances training stability, and speeds up convergence,
while retaining expressive power. However, its dependence
on globally defined basis functions restricts its capacity to
model localized or non-stationary structures effectively. To
address such limitations, Bozorgasl and Chen[43] proposed
Wav-KAN, a variant that leverages wavelet-based activation
functions to produce localized and adaptive representations.
By requiring only three parameters per wavelet—amplitude,
scale, and translation—Wav-KAN achieves improved extrac-
tion of fine-grained features while maintaining a low model
complexity. However, Wav-KAN still involves relatively high
model complexity and a large number of parameters, and
there remains room for improvement in both interpretability
and classification accuracy. To address these limitations, we
propose a lightweight variant of Wav-KAN, which extracts
frequency-domain information using low-pass and high-pass
filters and then fuses it with time-domain features.

III. THE PROPOSED DARKAN

A. The Framework of The Proposed Model

We designed a Daily Activity Recognition with Opti-
mized Wavelet-based Kolmogorov-Arnold Networks (refer to
as DARKAN) model, the framework of this DARKAN is
shown in Fig. 1, which employs a multi-stage processing ap-
proach that combines both time-domain and frequency-domain
features to improve HAR performance in complex dynamic
environments, the detailed steps as shown in Algorithm 1.
First, raw daily activity data is collected from the 3-axis IMU
sensor and extracted the time-domain features for tracking
the trends and variations in activity signals. Next, the wavelet
transforms are introduced to obtain frequency-domain features
at multiple scales, and decompose complex signals by using
translation and scaling operations so as to capture fine-grained
local changes. Then, the layers of Wav-KAN is optimized
to two layers with temporal feature as supplement input.
Furthermore, the time domain and frequency domain features
are fused to enhance feature representation, and these fused
features are fed into the optimized wavelet-based KAN (Wav-
KAN) to accurately classify human activities.

Different from Wav-KAN, DARKAN performs in-layer par-
allel additive fusion of a wavelet branch and a baseline branch
within each KAN layer, followed by batch normalization (BN).
Given the input x(ℓ−1) ∈ Rd of layer ℓ (with m output
channels), the wavelet branch computes

w
(ℓ)
i =

d∑
j=1

α
(ℓ)
ij ψ

(
x
(ℓ−1)
j − τ (ℓ)ij

s
(ℓ)
ij

)
, i = 1, . . . ,m,

where ψ(·) denotes the mother wavelet; τ (ℓ)ij and s
(ℓ)
ij are

learnable translation and scale for output channel i and input
dimension j; and α(ℓ)

ij is a learnable per-dimension aggregation
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Fig. 1. The Framework of Proposed DARKAN

weight. In parallel, the baseline branch models global and
cross-dimensional interactions via

b(ℓ) = W(ℓ) σ
(
x(ℓ−1)

)
,

where σ(·) is the SiLU activation and W(ℓ) ∈ Rm×d is a
linear mixing matrix. The layer output is then

h(ℓ) = BN
(
w(ℓ) + b(ℓ)

)
.

This in-layer design enables the network to simultaneously
capture localized/multi-scale patterns (via the wavelet branch)
and global/all-dimension patterns (via the baseline branch)
at every depth, rather than relying on one-shot input-level
concatenation.

B. Wavelet Transform

Wavelet Transform (WT) is a technique used to decompose
a signal into a series of fundamental components, it incudes
Discrete Wavelet Transform (DWT) and Continuous Wavelet
transform (CWT) [43]. DWT can be used to zoom in on
high-frequency details in the local area and zoom out on
low-frequency trends in global information, while CWT only
analyzes the signal at every possible scale and translation,
therefore, DWT is adopted in this DARKAN to enrich our
features.

More specifically, DWT constructs a set of basis func-
tions from a single mother wavelet by scaling and shifting
it. These basis functions are orthonormal, ensuring that the
DWT provides an efficient, non-redundant representation of
the signal. By repeatedly applying high-pass and low-pass
filters, the DWT decomposes the signal into approximation
and detail coefficients at multiple resolution levels, enabling a
hierarchical analysis.

Assuming ψ ∈ C2(R) and ϕ ∈ C2(R) are the mother
wavelet and scaling function, the s(t) ∈ C2(R) (as shown in

equation (1)) indicates the signals, which is decomposed into
two parts: approximation coefficients and detail coefficients,
they are represented by aci(j) and dci(j), the calculation of
both coefficients at level i as follows:

C2(R) =
{
f(x) |

∫
|f(x)|2 dx <∞

}
(1)

aci(j) =
∑
n

s(n)ϕi,j(n) (2)

dci(j) =
∑
n

s(n)ψi,j(n) (3)

In the equations (2) and (3), s(t) is the discrete IMU signal,
aci(j) and dci(j) are the scaling and wavelet functions at scale
i and position j.

The inverse DWT allows the original signal to be fully
restored from its wavelet coefficients, preserving all informa-
tion from the transformation. The reconstruction process is
expressed as:

s(n) =
∑
j

aci(j)ϕi,j(n) +

I∑
i=1

∑
j

di(j)ψi,j(n) (4)

where I is the number of decomposition levels.
There are different types of wavelets, each designed for spe-

cific applications and characterized by unique properties. The
classic wavelet transformation includes Derivative of Gaussian
(DOG), Mexican Hat, Coiflets, Symlets, and Meyer wavelets,
which are used in signal processing, time-frequency analysis.
In DARKAN, we compared three distinct wavelet functions:
Mexican Hat, Morlet and Derivative of Gaussian (DOG). The
following subsection provides a detailed introduction to these
wavelets.



1) Derivative of Gaussian (DOG) Wavelet: The Gaussian
Derivative Wavelet (DOG) represents the n-th order derivative
of a Gaussian function. It is particularly sensitive to abrupt
changes in signals (such as edges), and its mathematical
formulation is given as:

ψn(t) =
dn

dtn
e−

t2

2 (5)

Where e−
t2

2 represents the Gaussian kernel function, ensuring
the smoothness and localization properties of the signal. The
operator dn

dtn denotes the n-th order derivative of the Gaussian
function, allowing the adjustment of DOG wavelet character-
istics by modifying the order n. When the value of n is 2, it
corresponds to the Mexican Hat wavelet.

2) Mexican Hat Wavelet: The Mexican Hat wavelet is
essentially the second-order derivative of the DOG wavelet,
also known as DOG2, so it inherits the sensitivity of DOG to
abrupt changes in signals. In addition, it exhibits symmetry,
featuring a central positive peak flanked by negative lobes on
both sides, making it highly effective in highlighting signal
discontinuities. Its expression is shown below:

ψm(t) =
2√
3π

1
4

(t2 − 1)e−
t2

2 (6)

The 2
√
3π

1
4

represents a normalization factor, it is utilized to
ensure that the wavelet energy is normalized and satisfies the
admissibility condition for wavelet transforms. The component
(t2 − 1) indicates the second-order derivative of the Gaussian
function, which determines the shape of the Mexican Hat
wavelet, giving it a central positive peak and two negative
lobes. The function e−

t2

2 is the Gaussian kernel, which pro-
vides smoothness and ensures good time-domain localization
properties of the wavelet.

3) Morlet Wavelet: Morlet wavelet is a complex-valued
wavelet, formed by multiplying a sinusoidal wave with a
Gaussian envelope function. It consists of both real and imagi-
nary components, allowing simultaneous analysis of a signal’s
amplitude and phase information. However, its computational
complexity is relatively high due to the necessity of handling
complex number operations. The calculation equation is given
as follows:

ψm(t) = ej2πf0te−
t2

2 (7)

where:
• ej2πf0t is a complex exponential sinusoid, where f0

represents the central frequency (typically set to f0 = 5).
• e−

t2

2 is the Gaussian envelope function, ensuring time-
domain localization.

• j represents the imaginary unit. Since the Morlet wavelet
is a complex wavelet, it contains both real and imaginary
components.

In this paper, we employ the DWT and use the Mexican
Hat wavelet as a mother wavelet, and also compare different
wavelets. Here we define DWT as ψc(n) and Mexican Hat
wavelet as ψm(n) and the relationship between them can be
written as follows:

ψc(n) = wψm(n) (8)

where w is the coefficient of the DWT, a learnable parameter,
which, when multiplied by the mother wavelet formula, helps
adapt the shape of the mother wavelet to better approximate
the function.

While F̂ = Ft + Ff provides an input-level notation,
DARKAN executes fusion inside each KAN layer via the
dual-branch additive pathway with BN, yielding depth-wise
time–frequency coupling and hierarchical representations.

The choice of the Mexican Hat wavelet, due to its strong
localization and sensitivity to signal changes, provides a
powerful foundation for signal decomposition in our frame-
work. In particular, its shape enables effective separation
of relevant signal patterns from background noise, which is
critical in extracting meaningful features from CSI sequences.
By decomposing CSI signals into low- and high-frequency
components using such a compact wavelet basis, we eliminate
redundant or non-discriminative features inherent in raw data.
As a result, the input to the KAN becomes more structured
and concise, allowing the model to focus on learning from
meaningful multi-scale features rather than modeling noise or
high-dimensional raw sequences.By decomposing CSI signals
into low- and high-frequency components using a compact
wavelet basis (e.g., Mexican Hat), we eliminate redundant or
non-discriminative features inherent in raw data. As a result,
the input to the KAN becomes more structured and concise, al-
lowing the model to focus on learning from meaningful multi-
scale features rather than modeling noise or high-dimensional
raw sequences.

C. Kolmogorov-Arnold Representation Theorem
Kolmogorov-Arnold Network, based on the Kolmogorov-

Arnold Representation Theorem, is an innovative neural net-
work architecture that provides a promising alternative to
traditional Multi-Layer Perceptrons (MLPs). Compared to
MLPs, KAN significantly reduces parameter complexity while
improving the network’s ability to capture nonlinearity [44].
This advantage allows KAN to perform more efficiently when
processing complex data and high-dimensional problems. The
following discussion will begin with this theorem.

The Kolmogorov-Arnold Representation Theorem indicates
the multivariate continuous function defined on a bounded
domain can be expressed as a sum of a set of unary continuous
functions [45]. It means the computation and analysis of high-
dimensional functions can be reduced to the combination
of simpler univariate functions. The multivariate continuous
function can be formulated as below:

f(x) = f(x1, x2, . . . , xh) =

2h+1∑
l=1

ψl

(
h∑

p=1

ψl,p(xp)

)
(9)

Where the inner function ψlp(xp) is a univariate continuous
function for the single variable xp, and its summed output is
used as the input for the output function ψl, resulting in a total
of 2h+1 functions ψl. In KAN, every ψlp(xp) is defined as a
B-spline function, which is a curve function characterized by
polynomial segments.

Compared to the black-box operation of fixed activation
functions in MLPs, KAN offers a more structured and con-
trollable computational paradigm. Instead of traditional weight
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Fig. 2. The architecture of DARKAN. Each KAN layer contains two parallel branches (wavelet and baseline) that are additively fused and normalized (BN)
inside the layer, implementing layer-wise time–frequency integration and exposing hierarchical representations.

multiplication, KAN performs mappings through learnable
univariate functions on the edges, while the nodes simply
aggregate these outputs, thereby enhancing both functional
expressiveness and model interpretability.

D. Wav-KAN VS Spl-KAN
Recently, B-spline-based KAN has been proposed [44],

where B-spline functions construct smooth curves by linearly
combining a set of local control points, ensuring both conti-
nuity and smoothness. So B-splines are highly effective for
tasks involving regular, smooth curve fitting. However, their
expressive capability is limited in tasks that require fine-
grained representation. Because B-splines primarily rely on
local control points, it is difficult to capture complex local
variations or high-frequency details.

Compared to the B-spline function, wavelet transform em-
ploys translation and scaling operations to extract features of
a signal at different scales, enabling multi-resolution analysis.
It does not need an additional term in its activation func-
tions [43]. The wavelet-based edge functions act as frequency-
localized basis filters, fusing low- and high-frequency signal
components. This allows wavelet transforms to capture global
information from the low-frequency components, while accu-
rately identifying local variations in the high-frequency com-
ponents. Additionally, the time-frequency localization property
of wavelets offers greater flexibility in processing signals with
instantaneous changes and local features. In behavior clas-
sification tasks, where identifying transient events or abrupt
changes is often required, wavelet transforms can accurately
analyze these local features, helping the model better un-
derstand and classify complex behavior patterns. Therefore,
wavelet transforms are particularly well-suited to replace the
B-spline function in tasks such as behavior classification and
pattern recognition. The wavelet-based KAN is thus designed
to enhance model performance, as detailed in Algorithm 1.

To clearly summarize the difference between traditional
neural networks (MLPs), B-spline KAN (Spl-KAN) and Wav-
KAN, their details are summarized in TABLE I [43] below,
where N is input and output nodes with L layers, G is the grid
points.

MLPs are structurally simpler, they lack the flexibility and
interpretability of KANs. Spl-KAN relies on dense B-spline
kernels whose complexity scales with both G and the kernel
count k, resulting in O(N2L(G + k + 1)) parameters. In the
original work, the authors explored a range of grid interval
values, setting G ∈ {3, 5, 10, 20, 50, 100, 200, 500, 1000} for
empirical evaluation. The experimental results suggest that op-
timal performance is typically achieved when G lies between
50 and 100. Since the order of B-splines is typically 3 and
much smaller than G, the complexity term O(N2L(G+k+1))
can be simplified to O(N2LG). However, the choice of G is
highly dependent on factors such as the number of training
samples, task complexity, and network depth, and thus gener-
ally requires tuning via cross-validation. It was also observed
that increasing G may improve approximation accuracy, but
also leads to a higher risk of overfitting, manifesting as a
phenomenon known as the interpolation threshold. Specifi-
cally, given a total of M training samples and a model with
parameter count on the order of O(N2LG), the interpolation
threshold corresponds to the point where:

G ≈ M

N2L
(10)

Beyond this threshold, the number of model parameters ex-
ceeds the number of training samples, which may lead to
unstable generalization and increased test error.

Overall, the structure of KAN demands large grid libraries
to achieve flexible local approximations, increasing both com-
putation and memory overhead.

In contrast, Wav-KAN [43] replaces spline-based edge func-



Algorithm 1 DARKAN Model for Daily Activity Recognition
1: Input: Raw IMU data X = {x1, x2, . . . , xn}, where xi ∈

R9 represents the 9 signals including 3D accelerometer
(xa), 3D gyroscope (xg), and 3D magnetometer (xm).

2: Output: Predicted activity label ŷ
3: Step 1: Data Collection
4: X ← Collect raw IMU data from the sensor.
5: Step 2: Feature Extraction
6: 2.1 Time-domain Feature Extraction:
7: Extract time-domain features from X:

ytime = ftime(X) = {µ(X), σ(X), skew(X), kurt(X), . . . }

8: 2.2 Local Feature Extraction (Wavelet Transform):
9: Apply Wavelet Transform (WT) to extract local features

from X . The WT is computed as:

ψ(a,b)(t) = |a|
− 1

2 ψ

(
t− b
a

)
, a, b ∈ R, a ̸= 0

where a is the scale parameter and b is the shift factor.
10: Let the wavelet output be ywavelet: ywavelet = fwavelet(X)

where fwavelet is the wavelet transform function.
11: Step 3: Feature Fusion
12: Fuse the time-domain and wavelet outputs to create a

unified feature set: yfusion = ytime + ywavelet
13: Step 4: KAN Layers
14: for i = 1 to L do
15: Apply KAN layer i to the features from the previous

layer:

fi(x) =

2n+1∑
q=1

ψq

(
n∑

p=1

ϕq,p(xp)

)
16: Let the output of KAN layer i be yKANi.
17: end for
18: Step 5: Classification
19: Feed the output from KAN Layer i yKANi into the classi-

fier:
ŷ = classifier(yKANi)

20: Output: The final predicted activity label ŷ.

tions with fixed wavelet bases ψ, while introducing learnable
translation τ and scaling s parameters:

ψs,τ (x) =
1√
s
ψ

(
x− τ
s

)
(11)

This formulation allows each neuron in Wav-KAN to dy-
namically adjust the location and resolution of its receptive
field during training. The translation parameter τ enables
spatial shifting of the wavelet, while the scaling parameter
s controls the degree of dilation or compression, effectively
tuning the frequency band to which the neuron is most respon-
sive. By using a fixed wavelet basis and only learning (s, τ)
for each connection, Wav-KAN eliminates the need for explicit
grid sampling or large sets of learnable spline coefficients, as
required in Spl-KAN. This design not only reduces param-
eter redundancy and improves generalization—especially in
data-limited scenarios—but also enables neurons to respond

selectively to localized patterns in both time and frequency
domains. As a result, Wav-KAN efficiently captures both
global trends and transient local features, while maintaining
a fixed model complexity of O(3N2L).

In Wav-KAN, each edge function is modeled as a parametric
wavelet filter with learnable translation τ and scale s:

ψs,τ (x) =
1√
s

(
1−

(
x− τ
s

)2
)
exp

(
− (x− τ)2

2s2

)
(12)

Here, s adjusts the spatial extent and frequency selectivity
of the wavelet, while τ determines its position within the input
domain. During training, Wav-KAN learns the optimal (s, τ)
for each connection, allowing neurons to adaptively extract
features across scales and locations.

The Fourier transform of the Mexican Hat wavelet is given
by:

ψ̂(ω) = ω2e−ω2/2 (13)

This expression reveals that the wavelet acts as a bandpass
filter, suppressing both low- and high-frequency noise while
emphasizing intermediate frequencies—a range often rich in
discriminative patterns for time-series signals such as human
motion. As a result, the wavelet-based edge functions behave
as frequency-localized basis filters, effectively fusing low- and
high-frequency components from the input.

This property is particularly beneficial in HAR, where
input sequences often exhibit both long-term behaviors (e.g.,
walking cadence) and short bursts or transients (e.g., sudden
fall impacts). The Mexican Hat wavelet provides a principled
mechanism to represent both, enabling neurons to specialize
in meaningful temporal structures.

Moreover, the mathematical form of the wavelet basis
allows each neuron to be interpreted in terms of its receptive
field center (τ ) and effective width (s). The magnitude of the
activation at each neuron directly reflects how well the local
signal pattern aligns with the wavelet shape. This structured
mapping from signal to activation enhances model inter-
pretability, allowing researchers to trace prediction pathways
back to specific signal patterns and positions.

TABLE I
COMPARISON OF MPLS AND KANS [43]

Model Order Parameters

MLPs
O(N 2L ) or

O(N 2L + NL ) weights and biases

Spl-KAN
O(N 2L (G + k + 1))

→ O(N 2LG ) weights

Wav-KAN O(3N 2L ) weight, translation, scaling

Different from the classic Wav-KAN, we propose an op-
timized architecture that incorporates both time-domain and
frequency-domain features to enhance the multi-resolution
representation capacity of the model. As shown in Fig. 2, the
process begins with the extraction of temporal features from
the raw signal using a combination of L2 normalization and
linear transformation layers. These components capture global
time-domain dynamics such as periodicity and trend.



Algorithm 2 The Optimized Wav-KAN (DARKAN) with In-
layer Dual-branch Fusion

1: Input: Time-frequency features Ftotal = Ft + Ff , where
Ft = {t1, . . . , tn} (time-domain features) and Ff =
{f1, . . . , fn} (frequency-domain features).

2: Output: Multi-resolution time–frequency representation
x(L)

3: Step 1: Time-domain feature extraction
4: X ← raw sequence (or segmented windows); extract time

features via a linear mapping:

Ft ← Flinear{X1, X2, . . . , Xn}.

5: Step 2: Wavelet-based signal decomposition
6: 2.1 Low-frequency feature extraction:

Fflow ← Lfilter(X) = {X1low , X2low , . . . , Xnlow}.

7: 2.2 High-frequency feature extraction:

Ffhigh ← Hfilter(X) = {X1high , X2high , . . . , Xnhigh}.

8: 2.3 Local frequency feature synthesis:

Ff ← Fflow + Ffhigh .

9: Step 3: Layer-wise functional fusion (in-layer dual-
branch)

10: Input alignment to a common latent dimension

x(0) ← PtFt + PfFf .

11: For each KAN layer ℓ = 1, . . . , L:
12: Wavelet branch (local/multi-scale):

w
(ℓ)
i ←

dℓ− 1∑
j=1

α
(ℓ)
ij ψ

(
x
(ℓ−1)
j − τ (ℓ)ij

s
(ℓ)
ij

)
, i = 1, . . . , dℓ,

13: Baseline branch (global/all-dimension mixing):

b(ℓ) ←W(ℓ) SiLU
(
x(ℓ−1)

)
.

14: Additive fusion with normalization:

x(ℓ) ← BN
(
w(ℓ) + b(ℓ)

)
.

15: Output: Final multi-resolution representation x(L).

Subsequently, wavelet transform is applied to perform multi-
scale signal decomposition. This operation yields two com-
plementary representations: low-frequency components Fflow ,
which capture coarse, long-term signal trends, and high-
frequency components Ffhigh

, which encode local, transient
features such as abrupt transitions or motion bursts. These
are obtained using predefined low-pass and high-pass wavelet
filters, respectively.

We then perform a fusion of the low- and high-frequency
components to obtain a consolidated frequency-domain feature
set Ff , which retains both global and local discriminative
information. This is further fused with the previously obtained
time-domain features Ft to form the final time-frequency
representation F̂ = Ft + Ff .

The fused feature set F̂ is subsequently fed into a two-layer
Wav-KAN module, where each edge is represented by a learn-
able, parameterized wavelet activation function. Specifically,
we employ the Mexican Hat wavelet as the activation basis
due to its symmetric structure, analytical smoothness, and
bandpass characteristics, which allow neurons to specialize in
distinct time-frequency subspaces.

The complete process is detailed in Algorithm 2, which
outlines the extraction, decomposition, fusion, and model-
ing pipeline. This step-wise framework enables the model
to learn interpretable and localized feature filters that are
inherently aligned with the time-frequency nature of human
activity signals. By fusing temporal and spectral cues early
in the network, the optimized Wav-KAN exhibits improved
discriminative power, generalization ability, and interpretabil-
ity, particularly for tasks involving complex dynamic pat-
terns such as fall detection or locomotion recognition. In
summary, unlike standard single-branch WavKAN, DARKAN
employs in-layer parallel additive fusion with BN and per-
dimension, per-channel learnable translation/scale, providing
a principled mechanism to couple temporal (baseline) and
spectral (wavelet) information at every depth.

IV. EXPERIMENT RESULTS

In this section, a series of experiments are conducted to as-
sess the performance of the proposed DARKAN system. First,
the dataset, hardware, and evaluation metrics are described.
Next, the overall performance of the system is presented
based on the experimental results. Subsequently, the influence
of various parameter settings on the model’s performance is
discussed. Finally, DARKAN is compared with other state-of-
the-art methods to highlight its superior performance.

A. Dataset Description

To assess the effectiveness of the proposed method,
we conducted extensive experiments on three widely used
open-source Human Activity Recognition (HAR) datasets:
MHEALTH [46], PAMAP2 [47], and DSADS [48]. These
datasets include diverse activity types, sensor configurations,
and users, enabling a comprehensive evaluation of model
generalization and robustness. Table II provides an overview of
these datasets, summarizing key attributes such as the number
of subjects, activity types, data collection devices, sampling
rates, and sensor placement locations.

For each dataset, we employed a random split strategy
to partition the data into training, validation, and test sets.
Specifically, 64% of the data was used for training, 20% for
validation, and 16% for testing. The dataset was first converted
into a TensorDataset, and then indices were randomly shuffled
to ensure unbiased splitting. The continuous sensor signals
were used as they are, with the aforementioned data split
ensuring a representative training and evaluation process.

1) MHEALTH Dataset: The MHEALTH (Mobile Health)
dataset was collected from 10 participants performing 12
different activities in an outdoor environment. The dataset
uses IMU sensors, including accelerometers, gyroscopes, and
magnetometers, which were attached to the participant’s chest,



right wrist, and left ankle using elastic straps. Each activity
lasted either 1 minute or was repeated 20 times. All sensors
operated at a sampling rate of 50 Hz.

2) PAMAP2 Dataset: The PAMAP2 (Physical Activity
Monitoring) dataset contains over 10 continuous hours of
recordings, collected using 3-axis IMUs and a heart rate
monitor. The subset of data collected by the heart rate monitor
is called ”Optional,” while the data from the three IMUs is
referred to as the ”Protocol” subset. In our study, we focused
exclusively on the ”Protocol” subset, as it is directly related
to the IMU experiments, and disregarded the ”Optional”
subset. The ”Protocol” subset contains detailed recordings of
12 distinct physical activities performed by 9 participants,
covering a range of both static and dynamic movements by
attaching devices on the chest, arm, and ankle. All sensors
were sampled at a frequency of 100 Hz.

3) DSADS Dataset: This dataset includes recordings of 19
different physical activities. Each participant wore five Xsens
MTx sensors, which were placed on the chest, right arm,
left arm, right leg, and left leg. Each Xsens MTx sensor
contained nine 3-axis IMUs with 25 Hz sampling frequency,
enabling comprehensive motion tracking across multiple body
segments. Data collection involved eight participants (four
males and four females), aged between 20 and 30, with
each activity being performed for five minutes. Following
the method described by Altun et al.[48], 1170 features were
extracted from each 5-second segment. Principal Component
Analysis (PCA) was then applied to reduce the feature set to
30 principal components.

B. Implementation Setting

The hardware contains an NVIDIA RTX A6000 GPU with
47.5 GB of memory and an Intel Xeon(R) w5-3435X CPU. All
implementations were built on PyTorch 2.0 and Python 3.9.
The detailed parameters used in the experiments are shown in
Table III, We trained for up to 200 epochs using the Adam
optimizer (weight decay 1 × 10−4). The initial learning rate
was 1 × 10−6 and was adapted by a ReduceLROnPlateau
scheduler based on validation loss. To ensure stable conver-
gence, we used a batch size of 16, gradient clipping at 1.0,
and early stopping driven by an EMA-smoothed validation
loss. To assess architectural and basis sensitivity, we conducted
experiments with single-layer, double-layer, and triple-layer
KAN networks, along with three wavelet types in the KAN
linear units: mexican hat, dog, and morlet. Specifically, the
triple-layer variant follows the structure input dim → 64 →
128 → 256 before the linear classifier. The double-layer
variant uses input dim → 64 → 128, while the single-layer
variant uses input dim→ 64. Unless otherwise specified, the
classifier head consists of a fully connected layer applied to the
final hidden representation. Each KANLinear layer combines
the selected wavelet branch with a SiLU activation function
and BatchNorm1d. The loss function used is class-weighted
CrossEntropy, with class weights calculated from the training
data.

C. Evaluation Metrics

The metrics used in our experiments include accuracy,
precision, recall, and F1 score. The ratio of correctly classified
samples to the total instances provides an assessment of
precision. When properly identified, activities are classified
as true positives (TP) or true 7negatives (TN). Conversely,
misclassifications are categorized as false negatives (FN) or
false positives (FP). These values are used to calculate the
specific metrics, as shown in equation (10)-(13):

Accuracy =
TP + TN

TP + TN + FP + FN
(14)

Accuracy is calculated as the sum of correctly identified
samples (TP + TN) over all samples.

Precision =
TP

TP + FP
(15)

Precision represents the proportion of correctly identified pos-
itive samples (TP) relative to all positively identified samples
(TP + FP).

Recall =
TP

TP + FN
(16)

Recall (or sensitivity) measures the proportion of actual pos-
itive samples that were correctly identified (TP) overall true
positive samples (TP + FN).

F1score =
2× Precision× Recall

Precision + Recall
(17)

F1-score serves as a balanced metric for datasets with imbal-
anced classes, providing the harmonic mean of precision and
recall.

D. Result Analysis

1) MHEALTH Dataset: The results on the MHEALTH
dataset are summarized in Table IV, which compares
DARKAN with state-of-the-art approaches. Our model
achieves 98.82% in Accuracy, Precision, Recall, and F1 score
simultaneously, delivering a strong and well-balanced perfor-
mance across all evaluation metrics. Compared with traditional
architectures such as Transformer, DARKAN provides sub-
stantial improvements of more than 3%–4% on all metrics,
confirming its robustness and superior feature extraction abil-
ity.

2) PAMAP2 Dataset: Table V presents a comparative analy-
sis between DARKAN and several state-of-the-art approaches
on the PAMAP2 dataset. Our model achieves 97.11% in
Accuracy, Precision, Recall, and F1 score, outperforming all
other listed methods. In particular, DARKAN surpasses the
widely used DP-FusedNN-EL by more than 1% across all
metrics, and shows a clear advantage over CNN-BiLSTM-
BiGRU, CSNet, and TCCSNet, which remain below 75% in
several metrics.

3) DSADS Dataset: Table VI reports the comparison be-
tween DARKAN and existing approaches on the DSADS
dataset. Our method achieves 98.57% Accuracy, 98.60%
Precision, 98.57% Recall, and 98.55% F1 score, showing
consistently strong results across all metrics. Compared with
AMSL, DARKAN improves Accuracy, Precision, and Recall



TABLE II
KEY CHARACTERISTICS OF EXPERIMENTAL DATASETS

Dataset Subjects Activities Data Collection
Device

Sampling rate Data Collection
Position

Train/Val/Test

MHEALTH[46] 10 12 Accelerometer,
Gyroscope,

Magnetometer

50 Hz Chest, Right
Wrist, Left Ankle

64%/20%/16%

PAMAP2[47] 12 12 Accelerometer,
Gyroscope,

Magnetometer

100 Hz Chest, Ankle,
Wrist

64%/20%/16%

DSADS[48] 8 19 Accelerometer,
Gyroscope,

Magnetometer

25 Hz Torso, Right Arm,
Left Arm, Right
Leg, Left Leg

64%/20%/16%

TABLE III
THE EXPERIMENTAL PARAMETER CONFIGURATION ON THE THREE

DATASETS.

Dataset
Parameter

Epoch BS LR Opt KLs HLs Wav

MHEALTH 200 128 0.005 Adam 2 [128,
256]

MH

PAMAP2 200 128 0.005 Adam 2 [128,
256]

MH

DSADS 200 128 0.005 Adam 3 [128,
256]

MH

TABLE IV
PERFORMANCE COMPARISON ON THE MHEALTH DATASET.

Method
Performance

Accuracy
(%)

Precision
(%)

Recall
(%)

F1 score
(%)

HMR-CNN-
GRU[49]

99.38 99.35 99.35 99.35

CSNet[50] 97.66 97.04 97.77 97.51

TCCSNet[50] 98.60 98.31 98.66 98.15

Transformer[50] 95.56 94.28 94.21 95.48

UniMTScite[51] 97.00 / / 97.30

DP-FusedNN-
EL[52]

99.66 / / 99.67

DCTCSS[53] 98.40 / / /

Proposed 98.82 98.82 98.82 98.82

by 4.50%, 5.62%, and 5.05%, respectively, highlighting its
superior feature extraction capability. Although Multi-STMT
attains slightly higher Accuracy and F1 score, DARKAN
delivers more balanced performance across all evaluation
metrics, demonstrating its robustness and competitiveness in
complex multi-class activity recognition.

TABLE VII reports a representative subset of leave-one-
user-out results on MHEALTH, PAMAP2, and DSADS. In
each fold, one subject is held out for testing, and the remaining
subjects are split into training and validation sets with an 8:2
ratio. On the rows shown, test accuracy ranges from 78.60–
87.86% for MHEALTH, 66.06–76.69% for PAMAP2, and
87.54–95.79% for DSADS, with the best DSADS fold reach-
ing 95.79/96.58/95.79/98.70 (Accuracy/Precision/Recall/F1).

TABLE V
PERFORMANCE COMPARISON ON THE PAMAP2 DATASET.

Model
Performance

Accuracy
(%)

Precision
(%)

Recall
(%)

F1 score
(%)

DP-FusedNN-
EL[52]

96.04 96.29 94.93 95.52

CNN-BiLSTM-
BiGRU[54]

96.10 79.65 84.57 87.82

CSNet[50] 88.43 84.09 85.34 83.83

TCCSNet[50] 89.10 86.42 87.95 87.82

Channel-
Equalization-
HAR[6]

92.14 91.94 92.43 92.18

Proposed 97.11 97.12 97.11 97.11

TABLE VI
PERFORMANCE COMPARISON ON THE DSADS DATASET.

Model
Performance (100%)

Accuracy Precision Recall F1 score

AMSL[55] 94.07 92.98 93.52 93.32

ASK-HAR[56] 89.42 / / /

LSTM-AE[57] 78.52 84.71 77.29 80.83

ConvLSTM-AE[58] 71.21 81.64 69.51 75.09

ConvLSTM-COMP[58] 75.18 82.29 73.79 77.81

BeatGAN[59] 78.18 95.17 56.63 71.00

MNAD-R[60] 78.11 83.37 76.94 80.03

GDN[61] 82.51 87.06 81.51 84.19

UODA[62] 83.65 86.79 82.81 84.75

Multi-STMT[63] 99.48 / / 99.49

Proposed 98.57 98.60 98.57 98.55

These representative folds indicate consistent cross-user per-
formance across datasets.

TABLE VIII compares the computational complexity of
different models on the PAMAP2 dataset, focusing on three
key metrics: the number of parameters, FLOPs (floating-point
operations), and training speed (each epoch). The results show
that the proposed model has a significantly lower parameter
count (0.294M) and computational cost (11.73M FLOPs) than
all benchmark models, while also achieving the fastest training



TABLE VII
PER-USER PERFORMANCE ON MHEALTH, PAMAP2 AND DSADS.

Dataset Test user Performance
Accuracy Precision Recall F1 score

Mhealth

4 87.86 90.13 88.10 88.29
9 86.03 89.40 86.13 86.13
3 83.82 79.16 84.32 80.94
10 78.60 83.81 79.20 76.41

PAMAP2

6 76.69 79.92 76.69 74.84
3 71.07 75.89 71.07 72.27
1 68.61 75.63 68.61 68.22
2 66.06 80.52 66.06 68.19

DSADS

6 95.79 96.58 95.79 98.70
2 90.35 94.36 90.35 88.58
7 90.09 93.62 90.09 88.46
4 89.56 94.66 89.56 88.76
1 87.54 86.38 87.54 85.01

TABLE VIII
COMPUTATIONAL COMPLEXITY COMPARISON ON THE PAMAP2 DATASET.

Model
Performance

Parameters
(M)

FLOPs
(M)

Training
Speed
(s/epoch)

TAS-ABE[64] 0.587 / 100.03

UAVST[65] 0.907 / 295.7

Layer-wise CNN[66] 2.6 279.74 /

HARMamba[67] 0.4271 30.60 /

Channel-Equalization-HAR[67] 1.680 488.69 /

HS-ResNet[68] 1.2 220.54 /

TimesNet[69] 1.24 887.31 /

Seq2Dense U-Net[70] 0.69 38.21 /

ELK-ResNet[71] 0.43 198.61 /

ABCSearch[72] 0.47 246.47 /

GT-WHAR[73] 1.26 212.38 /

TCN-Inception[74] 1.82 471.55 /

MLCNNwav[23] 2.81 507.16 /

HMTF-CFAF[75] 1.11 43.32 /

ResNet+NC[76] 1.37 245 /

CNN-BiLSTM[77] 0.648 / 162.60

Proposed 0.294 11.73 32.14

TABLE IX
DEPLOYMENT METRICS OF THE PROPOSED MODEL ON THREE DATASETS

Model Inference
Latency
(s/epoch)

Max GPU Mem-
ory (MB)

GPU Power (W)

MHEALTH 0.1726 33.51 77.64
PAMAP2 0.1464 74.65 74.18
DSADS 0.4075 130.09 100.47

speed (32.14 s/epoch). In contrast, models like ELK-ResNet
have more than 0.4M parameters, exceeding DARKAN’s
parameter count by more than 0.1M. Some models, such as

TimesNet, require up to 887.31M FLOPs, while HARMamba,
which has the second lowest computational cost, is still
18.87M FLOPs higher than our model. Additionally, UAVST
has a slower training speed (295.7 s/epoch), and even TAS-
ABE, the fastest model in terms of training speed, is 67.89
seconds slower than the proposed DARKAN. To assess the
practical efficiency of the proposed model, we evaluated three
key deployment-related metrics: inference latency (s/epoch),
maximum GPU memory usage (MB), and average GPU power
draw (W). These metrics were collected during the inference
stage on three benchmark datasets—MHEALTH, PAMAP2,
and DSADS—using a standardized hardware platform. The
results are summarized in Table IX. The MHEALTH offers
the best efficiency, with the lowest inference latency (0.1726
s/epoch), smallest GPU memory usage (33.51 MB), while
the PAMAP2 has slightly better latency (0.1464 s/epoch) but
higher memory usage (74.65 MB) and lower power (74.18 W).
In contrast, the DSADS is the most resource-intensive, with
the highest latency (0.4075 s/epoch), memory usage (130.09
MB), and power (100.47 W).

Additionally, Fig. 3 presents the t-SNE visualizations across
the three datasets, where each color denotes a distinct activity
class. In (a), the MHEALTH dataset shows relatively compact
and well-separated clusters, with only minor overlaps at the
class boundaries. In (b), the PAMAP2 dataset exhibits a
comparable degree of separability, with even clearer margins
among most activity groups. In (c), the DSADS dataset, which
contains a larger number of activity categories, demonstrates
more fragmented and elongated clusters, leading to higher
intra-class variability and greater overlap between classes. This
highlights the increased complexity and classification difficulty
compared with MHEALTH and PAMAP2.

In Fig. 4, we plot training (blue) and validation (orange)
loss (a–c) and accuracy (d–f) for MHEALTH, PAMAP2, and
DSADS. Across all three datasets, the loss drops rapidly
in the initial stage and then plateaus, while the accuracy
rises monotonically to a high, stable level with a small
train–validation gap. PAMAP2 (b, e) converges the fastest,
stabilizing after approximately 25–30 epochs with closely
matched curves, indicating strong generalization. MHEALTH
(a, d) shows similarly high performance with mild oscillations
on the validation loss. DSADS (c, f) starts with a higher loss
and converges more slowly, exhibiting a slightly larger but
still modest gap between training and validation due to its
greater class complexity; nevertheless, the curves eventually
stabilize at a high accuracy. Overall, the learning dynamics
show effective optimization without signs of overfitting.

Fig. 5 highlights the generalisation characteristics under
the user-wise split. To ensure subject-independent evaluation,
two users were randomly selected for validation, two for
testing, and the remaining users for training in each dataset.
Specifically, in MHEALTH (10 users), users 10 and 3 were
assigned to validation and users 4 and 9 to testing; in PAMAP2
(9 users), users 1 and 2 were used for validation and users 6
and 3 for testing; and in DSADS (9 users), users 4 and 7
were used for validation and users 2 and 6 for testing. The
learning curves in Fig. 5 show consistent convergence across
all three datasets: training loss decreases smoothly, validation



Fig. 3. t-SNE distribution visualization on the three datasets. (a)–(b) show 12-activity t-SNE on MHEALTH and PAMAP2; c) indicates t-SNE distributions
based on the DSADS dataset, including Playing basketball, Cycling, etc.

Fig. 4. Loss and accuracy on the three datasets. Blue curves denote training and orange curves denote validation. (a)–(c) show loss; (d)–(f) show accuracy
on MHEALTH, PAMAP2, and DSADS.

loss stabilises, and accuracy reaches a high, steady level.
DSADS achieves the closest alignment between training and
validation curves, with validation accuracy approaching 90–
95%, indicating strong generalisation. PAMAP2 attains stable
performance after about 25–30 epochs, with validation accu-
racy around 50–60% and characteristic oscillations reflecting
greater user diversity. MHEALTH achieves 60–70% validation
accuracy with stable convergence and only minor fluctuations.

To analyze the classification performance of each activ-
ity, the confusion matrix on the three datasets is provided.
As shown in Fig. 6, accuracies of all activities are above

95%. In (a), predictions concentrate almost entirely on the
diagonal—most classes exceed 99%—indicating near-perfect
discrimination. The only visible errors occur among the last
few classes, with slight spillover from class 9 to 10 or 11
and from 10 to 11. On the PAMAP2 dataset, as illustrated in
(b), the main sources of confusion appear among the higher-
indexed classes. Specifically, the diagonal accuracy for class
8 decreases to 88%, with most misclassifications occurring
in class 9, while class 9 attains 91% accuracy but exhibits
spillover into classes 7 and 10. In contrast, all other classes
achieve diagonal accuracies consistently in the mid- to high-



Fig. 5. Loss and accuracy on the three datasets ((user-wise split)). Blue curves denote training and orange curves denote validation. (a)–(c) show loss; (d)–(f)
show accuracy on MHEALTH, PAMAP2, and DSADS.

Fig. 6. Confusion matrix, Fig. (a) and (b) show each activity recognition result on the MHEALTH and PAMAP2 dataset separately, labels 0 to 11 represent
12 activities included in the two datasets.

90% range.

Fig. 7 illustrates the confusion matrix on the DSADS
dataset. Most activities achieve classification accuracies ex-
ceeding 99%, demonstrating highly reliable recognition per-

formance. However, activity 6 shows a diagonal accuracy of
96.9% with minor confusion into class 7, while activity 7
attains 83.3%, reflecting more pronounced misclassifications,
primarily into class 6. Despite the larger number of activity



Fig. 7. Confusion matrix on DSADS dataset, which indicates each activity
recognition result, and labels 0 to 18 are the 19 activities included in this
dataset.

TABLE X
ACCURACY (100%) COMPARISONS BETWEEN DIFFERENT KAN LAYERS

Model
Datasets

MHEALTH PAMAP2 DSADS

1-layer DARKAN 95.78 94.22 98.57

2-layer 98.53 96.34 91.39

3-layer DARKAN 98.82 97.11 89.36

TABLE XI
ACCURACY (100%) COMPARISONS BETWEEN DIFFERENT WAVELETS

Wavelet
Datasets

MHEALTH PAMAP2 DSADS

Derivative of Gaussian 98.57 92.79 97.31

Mexican Hat 98.82 96.87 98.57

Morlet 97.78 97.11 98.41

categories compared with the previous datasets, the overall
recognition accuracy remains consistently high, confirming the
model’s robustness and scalability to more complex multi-class
scenarios.

E. Ablation Studies

To eliminate the effect of different factors, we conducted
a series of ablation experiments by removing or modifying
specific blocks, then, evaluating their performance. The abla-
tion study covered various aspects of DARKAN, including the
number of KAN layers, the types of wavelet transforms, and
variations in the KAN architecture.

1) Impact of wav-KAN Layers: Different wav-KAN lay-
ers are capable of extracting features at varying levels of
abstraction, which in turn affects the model’s performance.
To assess this impact, we conducted experiments with 1-,
2-, and 3-layer wav-KAN configurations, as summarized in
Table X. The results show that the 3-layer wav-KAN-based

TABLE XII
ACCURACY (100%) COMPARISONS BETWEEN DIFFERENT KAN

ARCHITECTURE

Model
Datasets

MHEALTH PAMAP2 DSADS

MLP 93.94 95.82 82.89

Spl-KAN 70.11 79.76 87.12

WavKAN[78] 98.43 94.84 97.59

FastKAN[79] 98.61 97.06 98.90

FourierKAN[42] 96.56 96.72 98.68

LarctanKAN[80] 98.69 96.70 97.53

DARKAN 98.82 97.11 98.57

DARKAN achieves the highest accuracies on the MHEALTH
and PAMAP2 datasets, with values of 98.82% and 97.11%,
respectively. In contrast, the 1-layer variant performs best
on the DSADS dataset, reaching 98.57%, which surpasses
both the 2- and 3-layer models. These findings suggest that
deeper architectures benefit relatively simpler datasets, while
shallower designs may generalize better when the dataset
contains more complex or diverse activity classes.

2) Effect of Different Wavelet Types: Wavelet types influ-
ence the feature representation capability of the model. To
evaluate this effect, we compare three wavelets: Derivative
of Gaussian (DOG), Mexican Hat, and Morlet, with results
summarized in Table XI. As shown, all three wavelets achieve
strong performance across the three datasets. Specifically,
the Mexican Hat wavelet yields the highest accuracies on
the MHEALTH and DSADS datasets, reaching 98.82% and
98.57%, respectively. In contrast, the Morlet wavelet per-
forms best on the PAMAP2 dataset, achieving an accuracy of
97.11%. These observations suggest that the choice of wavelet
has a dataset-dependent effect, and different wavelets may be
more suitable for different activity recognition scenarios.

3) Comparison of Different KAN Architecture: To verify
the effect on wavelet or time-features, we removed wavelet or
based output block (no time-features) to execute experiments,
accuracies are presented in TABLE XII.

The proposed DARKAN model achieves the highest over-
all accuracy across the three datasets, reaching 98.82% on
MHEALTH, 97.11% on PAMAP2, and 98.57% on DSADS.
To further assess the role of individual architectural com-
ponents, we compared DARKAN with several KAN-based
variants as well as a baseline MLP. As shown in Table XII,
MLP yields substantially lower performance, particularly on
DSADS where its accuracy drops to 82.89%. The Spl-KAN
variant, which excludes the Base Output, also shows clear
performance degradation, especially on MHEALTH (70.11%).
Other KAN variants, such as WavKAN, FastKAN, Fouri-
erKAN, and LarctanKAN, achieve competitive results but con-
sistently fall short of DARKAN on at least one dataset. These
findings confirm that both the Wavelet Transform and the Base
Output are crucial to DARKAN’s architecture, enabling it to
maintain superior performance across diverse datasets.



F. Discussion

During experiments, we also attempted to extract global
frequency-domain features using the Fast Fourier Transform
(FFT). We hypothesized that the global frequency-domain
features are helpful in revealing periodic patterns in human
motion. However, compared to the DARKAN without FFT,
DARKAN with FFT exhibited a loss value approximately tens
of times higher, with a slower convergence rate, resulting in
a more sluggish and unstable training process. For example,
on the MHEALTH dataset, the model showed an accuracy of
84.54%, precision of 85.74%, recall of 84.54%, and an F1
score of 84.86%. These results indicate that time domain fea-
tures are beneficial to enhancing the model’s robustness, and
redundant global features may affect the model’s performance.

V. CONCLUSION AND FUTURE WORK

A. Conclusion

In this paper, we proposed DARKAN, a framework that
integrated wavelet transform with the KAN network, to rec-
ognize human daily activities. The proposed method first
extracted time domain features using a linear neural network,
then, the wavelet transformation was utilized to obtain local
features from low- and high-frequency data. Further more, the
time-frequency features were generated by combining the two
features, and formed a rich feature representation. Finally, the
time-frequency features are fed into the DARKAN for HAR
to improve classification accuracy and lower computational
complexity.

Extensive experimental results based on the three public
HAR datasets demonstrated that our approach outperformed
state-of-the-art methods. Specifically, our method achieved
a 0.15% to 14.18% improvement in recognition accuracy,
and x4 FLOPs reduction compared to existing deep learning
approaches. These findings indicated that our proposed frame-
work has significant potential and much-improved benchmark
scores for real-world applications, such as health monitoring,
sports analysis, and industrial activity tracking.

B. Future Work

Although the proposed algorithm has achieved promising
results, practical evaluation on actual edge devices may en-
counter issues, such as inconsistent sensor placement, vari-
ations in hardware quality, new environmental noise, and
missing signal segments [81]. Therefore, the physical hardware
testing will be considered in our future work to further enhance
the model’s robustness and adaptability [82]. Additionally, to
further enhance model’s generalization capability and adapt to
cross-datasets, we will explore introducing Large Model and
knowledge distillation technology.
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