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Abstract

Imaginary handwriting is an important research paradigm in the field of brain-controlled
typing. Neural signals exhibit high complexity, low signal-to-noise ratio, and strong tem-
poral and environmental variability, leading to significant inter-trial differences in the
temporal dynamics of character-related signals. These factors pose significant challenges
for segmenting character-related signals and accurately decoding imaginary handwriting.
To address these issues, this study proposes a Dynamic Time Warping Independent Com-
ponent Analysis (DTWICA) framework. This framework employs FastDTW to construct
individualized warping functions for each trial, followed by FastICA-based decomposition
to separate the signal into distinct temporal and neuronal factors. The decomposed tempo-
ral factors are then mapped and transformed using the warping function and subsequently
merged with the neuronal factors to reconstruct the signal. A sliding time window is then
applied for adaptive processing, yielding the transformed signal. Finally, the transformed
signals from multiple trials are averaged to generate a template for each character. Results
based on a publicly available neural signals dataset for imaginary handwriting indicate
that, compared with mainstream time warping models such as Shift, Linear, Piecewise, and
TWPCA, the proposed model improves the character decoding accuracy for 31 characters
by 14%, 13%, 7%, and 2%, respectively. This study not only constructs effective character
signal templates but also facilitates accurate character segmentation during unlabeled
imagined typing in an offline setting, providing a promising methodological basis for
future real-time imagined typing decoding systems.

Keywords: brain-computer interface (BCI); imaginary handwriting; character template;
time warping; cross-trial alignment

1. Introduction
Imaginary handwriting is a communication method based on neural recordings [1],

which enables text input without limb movement by recognizing brain activity during
imagined spelling. Compared to spelling paradigms based on motor imagery (MI) [2] or
steady-state visual evoked potential (SSVEP) [3], imaginary handwriting offers a higher
information transfer rate and a more natural interaction modality [4,5]. However, due to the
high dimensionality of neural recordings and the temporal variability across individuals
and trials [6–8], the decoding accuracy and stability of imaginary handwriting remain
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challenging [9]. Mapping and deforming neural signals of the same character across
different trials to construct standardized signal templates is crucial for distinguishing
character classes during imagined handwriting-based typing.

Neural signal templates are standardized feature representations from characteristic
signal patterns [10,11], which are widely used for signal alignment and decoding opti-
mization in BCI systems [12]. In imaginary handwriting tasks, different users or different
trials from the same user may exhibit significant temporal shifts [13]. Even for the same
imagined character, neural responses can vary dynamically across trials [14]. Such tempo-
ral variability can lead to instability in template matching, affecting character recognition
accuracy. Therefore, effectively aligning the temporal dynamics of character-related signals
and extracting stable neural patterns are key to neural signal template construction [15].
Signal alignment techniques rely on effective time warping methods [16]. The core of time
warping methods lies in developing an appropriate mapping strategy to stretch and adjust
signals, thereby eliminating temporal misalignment across trials of the same task.

Currently, time warping alignment techniques can be categorized into three main
types: distance-based time warping, feature-based time warping alignment, and deep
learning-based time warping alignment. Distance-based alignment methods achieve align-
ment by computing and optimizing the distance between data sequences. It mainly obtains
a mapping relationship through the calculation of the minimum distance, enabling differ-
ent time series to be aligned or matched in a certain sense [16]. Dynamic Time Warping
(DTW), as a classical time-series alignment technique, minimizes the distance between
sequences by allowing nonlinear mappings and is widely used in speech recognition, hand-
writing recognition, financial data analysis, and neuroscience. In 1985, Huang et al. [17]
first applied DTW to EEG analysis. In EEG analysis, DTW can adaptively align signals
with non-uniform speed variations and temporal delays, but it faces challenges such as
unstable alignment paths, high computational complexity, and sensitivity to noise when
handling high-dimensional and large-scale data. To address these issues, researchers have
proposed various improvements. Feng et al. [18] proposed Generalized Canonical Time
Warping, which integrates DTW with Canonical Correlation Analysis for joint alignment
of multimodal data. Zhao et al. [19] introduced Shape Dynamic Time Warping, which en-
hances the semantic consistency of alignment by incorporating local structural information.
Soheily-Khah et al. [20] proposed Sparsified-Paths search space DTW, which reduces com-
putational cost by sparsifying the alignment path. Additionally, Hong et al. [21] proposed
Shape Segment Dynamic Time Warping, which refines time segment division using wavelet
transforms to improve alignment accuracy. These studies provide diverse solutions for the
application of DTW in high-dimensional time series analysis, promoting its widespread
use in neuroscience and pattern recognition.

Feature-based alignment methods achieve alignment by adjusting key features in
the signal, such as time, frequency, and amplitude, enabling alignment between different
trials or signals, and are widely used in neuroscience and signal processing. Chemin
et al. [22] proposed a time warping method for EEG, which adjusts non-strictly periodic
EEG signals through time scaling and frequency domain analysis to improve the analysis
of rhythm-related neural responses. Williams et al. proposed Time Warped Principal
Components Analysis (TWPCA) [23], which uses Singular Value Decomposition to extract
the low-dimensional temporal and neuronal structures of neural data, modeling inter-trial
temporal variations. To deal with the problem of the insufficient adaptability of traditional
models to the changes of local details, a generalized linear and piecewise linear time warp-
ing framework was proposed [24], improving the flexibility of time warping modeling by
dynamically estimating phase and frequency variations across multiple trials. However,
its limitation lies in its dependence on task templates, which restricts its generalization
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capability to unknown tasks. To meet the need for transfer learning across tasks, Song
et al. [25] proposed an alignment method based on P300 signals, which uses latency, am-
plitude, and inversion factors to achieve cross-dataset signal transformation, significantly
improving transfer learning accuracy and demonstrating strong generalization ability. The
aforementioned studies provide multi-level solutions in the field of high-dimensional signal
time alignment, laying a solid foundation for neural data analysis.

In recent years, deep learning-based time-series alignment techniques have demon-
strated great potential in cross-domain data analysis. The core idea is to introduce neural
network models that automatically learn time warping features, enabling more precise
signal alignment and analysis [26,27]. By integrating deep learning techniques such as
convolutional neural networks [28,29], recurrent neural networks [30], attention mecha-
nisms [31], and autoencoders [32], a fully automated process has been achieved, covering
feature learning to time warping modeling. With continuous advancements in technology,
these methods exhibit greater robustness and generalization capabilities in nonlinear signal
alignment, cross-trial and cross-dataset signal alignment, and large-scale data processing.

In summary, distance-based warping alignment algorithms are well suited for signals
with temporal continuity and sequential dependencies, effectively handling nonlinear
temporal variations within signals s [33]. However, the main drawbacks of DTW lie in its
high computational complexity and sensitivity to noisy data [27]. Feature-based warping
alignment methods offer strong interpretability, but they are highly dependent on the
definition of the mapping function and are susceptible to model selection biases. Deep
learning-based alignment methods can capture complex dynamics in multi-dimensional
time series, but they suffer from poor interpretability and high training costs. Therefore,
this study integrates distance-based and feature-based warping alignment methods and
proposes a Dynamic Time Warping Independent Component Analysis (DTWICA). The
main contributions of this work are as follows:

(1) This study proposes a character template construction method for neural signals
based on DTWICA. By optimizing the signal decomposition and mapping pro-
cesses, this approach enhances the accuracy and stability of neural signal during
imaginary handwriting.

(2) This method dynamically captures temporal similarities across trials by accounting
for time shifts and phase jitter in neural signals. It constructs an optimal time warping
function for each trial to obtain time mapping parameters.

(3) This method employs Fast Independent Component Analysis (FastICA) to separate
temporal and neuronal factors. The obtained time mapping parameters are applied to
the temporal factors, and after reintegrating with the neuronal factors, the transformed
neural signals are generated. A sliding time window is then used for adaptive
discrimination, producing the warped neural signals for character representation.

(4) We conducted a systematic evaluation of the DTWICA model on a publicly available
dataset. The results demonstrate that this method outperforms existing mainstream
approaches in terms of classification accuracy, F1 score, and other evaluation metrics,
validating its effectiveness and superiority.

2. Materials and Methods
2.1. Datasets

This study used the publicly available handwriting BCI dataset released by Willett
et al. [23] from Stanford University (https://datadryad.org/dataset/doi:10.5061/dryad.
wh70rxwmv, accessed on 11 April 2026). This dataset records neural activity from a
participant with severe spinal cord injury, who had two 96-channel Utah microelectrode
arrays (Utah MEAs [34]) implanted in the precentral gyrus of the brain. The participant was
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paralyzed below the neck, with hand movements limited to slight twitches and motions.
The experiment required the participant to imagine holding a pen and writing letters
and symbols in response to instructions displayed on a computer screen. This dataset
includes neural recordings of the participant during imagined handwriting of both single
characters and sentences. We utilized the single-character neural dataset to construct
character templates. The dataset contains 26 lowercase English letters and five special
characters (comma, apostrophe, question mark, period, and space), which serve as pause
markers during imagined handwriting sentences. Given that neural signals generated
when imagining handwriting of spaces and periods are weak and difficult to capture, the
experiment instructed the participant to use the greater-than symbol (‘>’) to represent spaces
and the tilde (‘~’) to represent periods. Figure 1 presents the reconstructed handwriting
trajectory decoded from neural signals corresponding to the imagined handwriting of
31 characters.

Figure 1. Example of decoded handwriting trajectories for 31 imagined characters. The red circles
indicate the starting points of the trajectories.

This study primarily constructs character templates based on neural signals during
imagined handwriting of single characters and evaluates their classification accuracy using
a KNN classifier. To comprehensively assess the performance of the constructed character
templates, the study applies the constructed character templates to segment the imagined
handwriting sentence into characters. The neural recordings contain 1000 sentences, each
of which is preprocessed into a 1200 × 192 matrix, where 1200 represents the number of
time points and 192 denotes the number of electrodes.

2.2. Overall Architecture

To effectively construct character templates for neural signals and evaluate their
performance, the process in this study is divided into three main stages: preprocessing,
template construction, and template evaluation, as illustrated in Figure 2.

https://doi.org/10.3390/info17040379
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Figure 2. Overview of the framework.

2.2.1. Preprocessing Stage

After acquiring the data, a common-mode reference filter was first applied to subtract
the average signal across the neural recording array from each electrode signal, thereby
reducing common-mode noise. Subsequently, a band-pass filter (250–3000 Hz) was applied
to each neural channel, followed by threshold crossing detection. To compensate for
baseline firing-rate drift over time and inter-channel amplitude differences, the firing rate of
each neuron was normalized using z-score normalization, as shown in Equation (1), where,
Xn

k represents the data from the k-th trial sample (k = 1, 2, 3, . . ., 837) for the n-th neuron,
and Xn denotes the mean of all trials for the n-th neuron. The neural activity data were
then smoothed along the temporal dimension using a Gaussian filter (Python 3.13 using
SciPy (version 1.1.0)) with a standard deviation of 3 to control the degree of smoothing.

zn =
Xn

k − Xn√
1
n ∑n

i=1
(
Xn

k − Xn
)2

(1)

2.2.2. Template Construction Stage

Due to temporal differences across trials, DTWICA is used to align these trials to a
shared temporal space, allowing neural signals from different trials to be compared and
analyzed within the same time framework. DTWICA constructs a time warping function
for each trial using FastDTW and applies FastICA to perform matrix decomposition on the
signals, obtaining temporal and neuronal factors. The time warping function is applied
to the temporal factors of each trial, which is then combined with the neuronal factors to
form the warped signal. Then, the reconstruction error between the warped signal and
the original data is calculated to construct the loss function, and the warping function,
temporal factors, and neuronal factors are iteratively updated using the Adam optimizer.
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Subsequently, further processing with a sliding time window results in the appropriately
warped signal for the window. The overall DTWICA framework is shown in Figure 3 and
can be roughly divided into three stages: signal alignment, iterative optimization, and
sliding time window processing.

Figure 3. DTWICA Framework.

Signal Alignment: FastDTW is used to initialize the warping function f and perform
the initial time alignment of the data. Specifically, the mean of all trials for a single-character
dataset is computed to obtain the initial template X. Then, FastDTW is used to compute
the path relationship between the neural activity of each trial and the initial template,
obtaining the relative temporal offsets and constructing the warping function f for each
trial. Finally, the warping function f is applied to the original data, resulting in the initially
aligned data. The core idea of this process is to compute the similarity between each trial
and the initial template using the dynamic programming algorithm of FastDTW, and build
the warping function accordingly. FastDTW efficiently aligns two time series through
multi-scale approximation and local search windows. Its core operation involves aligning
the time series at a coarse resolution to obtain an approximate matching path. Then, the
path is refined at higher resolutions to narrow the alignment range. Finally, the process
is recursively performed layer by layer until the alignment is completed at the original
resolution. The process is as follows:

(1) Coarsening: The input time series is downsampled, reducing its length to a fraction
of the original data in order to construct a coarse alignment path.

(2) Rough Alignment: Standard DTW is performed between each trial and the initial
template according to Equation (2) to obtain an approximate matching path. Here, the
input data Xk ∈ Rt×n represents the neural activity of the k-th trial with t time points
and n neurons. Dist(i, j) =

∣∣|Xk[i]− X[j]|
∣∣, both i and j are indices of time points.

D(i, j) = Dist(i, j) + min[D(i − 1, j), D(i, j − 1), D(i − 1, j − 1)] (2)

(3) Path Projection: The rough alignment path is projected onto the time series Xk and
X at the original resolution, forming a search window to limit the search space for
precise alignment.

(4) Refinement: Local DTW is performed within the search window obtained from the
projection to optimize the final mapping relationship, resulting in the initially aligned
data Xa.

Each trial contains 201 time points and 192 channels of neural activity signals. Next,
the preliminarily aligned data Xa are subjected to FastICA matrix decomposition to obtain
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the initial temporal factors T and neuronal factors N, as shown in Equation (3). FastICA is a
widely used blind source separation algorithm designed to extract statistically independent
components from multidimensional signals. Its core is to use non-Gaussianity as a measure
of independence and extract independent components by maximizing negentropy. In this
study, FastICA is employed to extract latent independent components from neural activity
data and decompose them into T and N. The specific steps are as follows:

Xa ≈ T ∗ NT (3)

(1) Whitening process: To ensure the stability and performance of the algorithm, the
data are first centered using Equation (4). Next, the centered data is whitened using
Equation (5) to transform its covariance matrix into an identity matrix. First, the
covariance matrix of the data is computed and decomposed into eigenvectors and
eigenvalues. Then, the data are standardized by applying the inverse square root of
the eigenvalues, resulting in the whitened data Xw. Here, E represents the eigenvector
matrix, and D represents the eigenvalue matrix.

Xc = Xa − mean(Xa) (4)

Xw = XCED− 1
2 ET (5)

(2) Initialize Weight Vector: A weight vector wv is randomly initialized for each latent
independent component, where v = 1, 2, 3, . . ., V, and V = 5 in this study, which is
used to iteratively extract independent components.

(3) Nonlinear optimization: The core of the Fast ICA algorithm is iterative optimization
using nonlinear functions to achieve the separation of T and N. Non-Gaussianity
measures (such as using the tanh or u3 nonlinear activation functions) are used to
optimize each extracted independent component, updating the weight vector, as
shown in Equation (6). Here, y = Xw × wv is the signal obtained by projecting with
the weight vector, and g is the nonlinear function.

wnew_v = E[XT
wg(y)]− E[g′(y)]wv (6)

where E represents the eigenvector matrix.
Then, the updated weight vector is normalized. To ensure that the extracted compo-

nents are linearly independent, the linear components of the already extracted components
are removed by orthogonalization after each update, and the weight vector is normalized
to unit length. The above optimization steps are repeated until the change between the
new and old weight vectors is smaller than a set threshold, and at this time the algorithm is
considered to have converged, and the iteration is stopped.

The temporal factors are computed as T = XwW, T ∈ R201×5, W represents the final ex-
tracted mixing weight matrix. The neuronal factors are obtained as N = W−1, N ∈ R192×5.
These factors reveal the latent independent sources within the signal, corresponding to
temporal dynamic patterns and neuronal spatial patterns, respectively. To ensure that
the temporal and neuronal factors have the same scale, they are rescaled according to
Equations (7) and (8), respectively.

T =
T ∗

√
∥ T ∥2 ∗ ∥ NT ∥2

∥ T ∥2
(7)

N =
N ∗

√
∥ T ∥2 ∗ ∥ NT ∥2

∥ N ∥2
(8)
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Here, ∥ ∗ ∥2 denotes the Euclidean norm for each column of the factor matrix.
Iterative Optimization: The Adam optimizer is used to alternately optimize and

update the neural factor N, the time factor T, and the time warping function f . Using
the current f and T, the warped time factor f (T) is obtained, and the reconstructed data
predicted by the model is computed, which can be expressed by Equation (9), where X̂k

represents warped reconstructed signal.

X̂k = f (T) ∗ NT (9)

The reconstruction error Lrecon of the neural signals is constructed as the objective
function according to Equation (10), where λ ∗ R( f ) controls the smoothness of the time
warping, and the initial value of f is set to 0.001 to prevent overfitting. Then, the gra-
dients of the loss function with respect to T, N, and f are calculated, and the temporal
factors T, neuronal factors N, and time warping function f are updated, as shown in
Equations (11)–(13), where η is the learning rate set to 10-3. This process is repeated until
the loss function converges or the maximum number of iterations (1000) is reached.

Lrecon =
ntrials

∑
k=1

∥∥Xk − X̂k
∥∥2

F + λ ∗ R( f ) =
ntrials

∑
k=1

∥ f (T) ∗ NT − Xk∥2
F + λ ∗ R( f ) (10)

T(n+1) = T(n) − η
∂Lrecon

∂T
(11)

N(n+1) = N(n) − η
∂Lrecon

∂N
(12)

f (n+1) = f (n) − η
∂Lrecon

∂ f
(13)

Sliding Time Window Processing: The warped reconstruction data X̂k = {x1, x2, . . . , xt}
is processed using a sliding window to further obtain a more standardized neural signal.
Here, xt represents the data collected at the t-th time point. By setting the window size c and
the window step size s, the number of windows m is obtained, as shown in Equation (14).
Here, ⌊.⌋ denotes the floor function. Temporal features within the window are extracted
using the sliding step, resulting in the final warped signal.

m =

⌊
t − c

s

⌋
+ 1 (14)

After processing with DTWICA to obtain the corresponding character’s time-warped
data, the mean of all trials is first calculated along the trial dimension to obtain a more
standardized neural signal, i.e., the constructed character signal template. We compute the
average value at each time point and for each neuron, ignoring NaN values to eliminate
individual differences between trials. Next, we perform one-dimensional Gaussian filtering
along the time dimension to smooth the time series and reduce noise. Subsequently, the data
is fed into Principal Component Analysis (PCA) for training, reducing the dimensionality
of the neural activity. The reduced data will be reconstructed into the original space,
but only the first 10 principal components will be retained, thereby reducing noise and
removing less-contributing components. After these processing steps, a character template
is obtained, which will provide high-quality template data for subsequent signal analysis
and classification tasks.
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2.2.3. Template Evaluation Stage

(1) Evaluation Process

After the time alignment processing using the DTWICA framework, the warped
neural activity features were directly used for KNN classification to evaluate the character
decoding performance. A 10-fold cross-validation strategy was adopted, in which 90% of
the samples were used as the training set and the remaining 10% as the testing set in each
fold. The average classification accuracy was obtained across all ten folds. In addition,
t-Distributed Stochastic Neighbor Embedding (t-SNE) was separately performed only for
two-dimensional visualization of feature clustering and class separability. The perplexity
parameter, which controls the balance of local data structures, was set to 20. It should be
noted that the t-SNE embeddings were used solely for visualization and were not involved
in the KNN classification process.

Additionally, the character templates are applied to the partition of sentences based
on the Hidden Markov Model (HMM) [35], and the classification performance of words,
and sentences is evaluated using a Recurrent Neural Network (RNN).

It should be noted that this character-level KNN experiment is designed primarily to
validate the effectiveness of the constructed templates for downstream sentence segmenta-
tion, rather than to serve as a strict generalization benchmark.

(2) Evaluation Metrics

This study primarily evaluates the template performance using accuracy, recall, preci-
sion, and F1 score. Accuracy measures the proportion of correctly predicted samples out of
the total number of samples, as shown in Formula (15); Precision measures the proportion
of true positive samples among the samples predicted as positive by the model, as shown
in Formula (16); Recall represents the proportion of true positive samples that the model
correctly identifies among all actual positive samples, as shown in Formula (17); F1 score
is the harmonic mean of precision and recall, providing a comprehensive reflection of the
model’s overall performance, as shown in Formula (18).

Accuracy =
TP + TN

TP + TN + FP + FN
(15)

Precision =
TP

TP + FP
(16)

Recall =
TP

TP + FN
(17)

F1 =
2 × Precision × Recall

Precision + Recall
(18)

where TP stands for True Positive, FN for False Negative, TN for True Negative, and FP for
False Positive.

Each target character class was sequentially defined as the positive class, while the
remaining 30 classes were collectively treated as the negative class. The corresponding
TP, TN, FP, and FN metrics were then calculated independently for each class. Finally, by
applying the above binary evaluation procedure to all 31 classes separately, the performance
of the overall multi-class classification task was comprehensively quantified. In this study,
Precision, Recall, and F1 are computed for each class and then macro-averaged across all
classes. All results are based on the average through cross-validation.

https://doi.org/10.3390/info17040379
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3. Result
3.1. Effect of the Warping Function on Character Template

Since the warping function plays a crucial role in DTWICA, we compared the sep-
arability of characters before and after warping. The results are shown in Table 1. The
average accuracy of 10-fold cross-validation without time warping was 53.44%. After
applying FastDTW to construct the warping function, the average accuracy was increased
to 93.45%. It can be observed that after applying the warping function constructed by
FastDTW to deform the signals, the average accuracy was improved by approximately
40%, demonstrating the importance of the warping function in brain decoding different
character categories.

Table 1. Introduction of Datasets.

Unwarped FastDTW-Warped

Accuracy (%) 53.44 ± 6.20 93.45 ± 1.71
Note: Bold text indicates best results.

We further visualized the neural activity during the imagined handwriting process
before and after time warping, as shown in Figure 4. Compared to the neural activity of
individual trials without time warping, the neural activity after time warping showed
a clear alignment trend. Moreover, for the original data not processed by the DTWICA
model, the neural activity of 27 trials for the character “a” was lightly stable within a time
range for the first two independent components, while for independent components 3 to 5,
the neural activity exhibits a more chaotic pattern, increasing the complexity of subsequent
decoding operations. After warping, a clear peak alignment trend was observed for all five
independent components. This indicated that even though the neural activity became more
chaotic with an increasing number of independent components, FastDTW was still able to
capture complex neural signals and achieve more refined trial alignment, demonstrating
the effectiveness of the model proposed in this study.

Figure 4. Neural activity of the first five independent components across different trials during imag-
ined handwriting of the character “a”. IC score represents the activation level of each independent
component at a specific time point.

3.2. Effect of Signal Decomposition Methods on Character Template

Keeping the overall framework of this study unchanged, we individually replaced the
signal decomposition methods and obtained the template accuracy for 31 characters, as
shown in Figure 5. Regardless of the decomposition method used, the classification accuracy
of characters exceeded 90%, demonstrating the effectiveness of the overall framework.
Furthermore, our proposed method achieved the highest character classification accuracy
(94.31%), outperforming other decomposition methods. Specifically, PCA achieved a
classification accuracy of 94.21%, which is close to but slightly lower than that of FastICA.
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The classification performance of Factor Analysis (FA, 93.61%), Dictionary Learning (DL,
93.57%) and TruncatedSVD (93.45%) is quite comparable. In comparison, the TCA method
achieved the lowest classification accuracy but still reached 91.6%.

Figure 5. Effect of Matrix Decomposition Methods on Character Template Accuracy.

3.3. Effect of Sliding Time Window on Character Template

After applying time warping to the signals, we performed sliding window processing,
selecting appropriate window sizes to remove the unrelated noise. Figure 6 illustrates the
impact of different window sizes on template accuracy. Across six signal decomposition
methods, we found that the optimal window size for DTWPCA (FastDTW + PCA), DTWDL
(FastDTW + DL), DTWTCA (FastDTW + TCA), and DTWFA (FastDTW + FA) was 191 time
points, whereas DTWSVD (FastDTW + TruncatedSVD) and our proposed method achieved
optimal performance with a window size of 181 time points. Our method not only exhibited
faster convergence but also achieved the highest classification accuracy among all methods,
with an average accuracy of 94.39% under ten-fold cross-validation. Additionally, we
further investigated the effect of the sliding step size on the signal when using a window size
of 181 time points (see Table 2). As the sliding window moved, the character classification
accuracy gradually declined.

Table 2. Effect of Sliding Step Size on Character Template.

Methods

Acccuracy (Mean ± STD) Time Window Range (ms)

[0, 181] [5, 186] [10, 191] [15, 196] [20, 201]

DTWSVD 93.88 ± 1.43 91.93 ± 3.87 89.92 ± 3.46 89.40 ± 4.12 88.66 ± 3.07
DTWPCA 92.38 ± 3.04 * 92.33 ± 2.88 90.90 ± 3.26 90.42 ± 3.18 87.65 ± 1.98
DTWDL 93.76 ± 2.77 91.96 ± 3.06 91.27 ± 2.99 90.74 ± 2.95 88.24 ± 2.54

DTWTCA 90.86 ± 2.05 *** 89.67 ± 2.65 88.10 ± 3.14 86.65 ± 4.55 83.87 ± 4.24
DTWFA 92.66 ± 3.30 * 93.03 ± 3.08 91.31 ± 4.11 89.77 ± 3.31 88.15 ± 2.66

Ours 94.39 ± 2.63 92.06 ± 3.27 90.86 ± 2.97 89.94 ± 4.38 86.56 ± 2.99

Note: * p < 0.05, *** p < 0.001, Bold text indicates best results.
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Figure 6. Effect of Sliding Time Window Size on Character Template.

3.4. Comparison with Mainstream Time Warping Techniques

To evaluate the performance of the proposed method, we compared it with four main-
stream time warping methods, as shown in Table 3. The classification accuracy of neural
signals without time alignment was the lowest (53.44% ± 6.20%), confirming that tempo-
ral variability significantly impacts character template classification. After applying the
Shift and Linear methods, the accuracy improved to 79.47% ± 3.95% and 81.47% ± 4.29%,
respectively, demonstrating that basic temporal adjustments could partially reduce er-
rors. The Piecewise method further optimized the time alignment process and achieved
87.79% ± 3.59%, which represented a 6.32% improvement over the Linear method and
highlights the advantage of nonlinear alignment approaches. The TWPCA method, which
combined time warping alignment and signal decomposition, enhanced classification accu-
racy to 92.73% ± 3.75%, showing the benefit of integrated feature extraction and temporal
correction. Notably, our proposed method achieved the highest classification accuracy
(94.39% ± 2.63%) with the smallest error margin, confirming its superiority in temporal
dynamic correction and its effectiveness in neural classification.

Table 3. Effect of Warping Function on Character Template.

Methods Unwarped Shift Linear Piecewise TWPCA Ours

Accuracy (%) 53.44 ± 6.20 79.47 ± 3.95 81.47 ± 4.29 87.79 ± 3.59 92.73 ± 3.75 94.39 ± 2.63
Note: Bold text indicates best results.

To further validate the effectiveness of the proposed method, we conducted t-SNE
visualization to analyze the feature clustering performance of different warping approaches
(Figure 7). The unwarped data (Figure 7a) exhibited poor clustering characteristics, with
features widely dispersed and significant inter-class overlap, roughly forming four major
clusters corresponding to character groups with similar stroke patterns (“m”, “n”, “h”),
enclosed structures (“o”, “b”, “p”), and similar shapes (“l”, “i”). While both Shift (Figure 7b)
and Linear (Figure 7c) methods improved intra-class compactness to some extent, they fail
to achieve satisfactory inter-class separation. The Piecewise method (Figure 7d) shows en-
hanced discriminability but still struggles with certain character pairs. TWPCA (Figure 7e)
further improved class boundaries and feature compactness, though some challenging
pairs like “x”/”y” and “d”/”o” remain overlapping. In contrast, our proposed method
(Figure 7f) demonstrated superior performance, effectively separating these easily confus-
able character pairs while maintaining excellent intra-class cohesion, thereby validating its
effectiveness in the time warping alignment method.
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Figure 7. 2D t-SNE Visualization of Neural Activity for Different Time Warping Alignment Methods.

To comprehensively assess different alignment strategies, we analyzed confusion
matrices (Figure 8). The baseline method without time warping (Figure 8a) demonstrated
significantly inferior performance compared to other approaches. Application of the Shift
method (Figure 8b) yielded substantial improvement, with 13 characters achieving perfect
recall (1.0). The Linear method (Figure 8c) further enhanced performance, enabling 16 char-
acters to reach full recall, though the character “h” remains problematic with a low recall of
only 0.2. The Piecewise method (Figure 8d) showed incremental progress, improving the
recall of “h” to 0.4 while maintaining other characters’ performance. TWPCA (Figure 8e)
represented a notable advancement, with 21 characters attaining perfect recall, although
“h”’s recall persists at 0.4. Our proposed method demonstrated consistent improvements
across multiple challenging characters (“h”, “j”, “k”, “m”, “n”, “o”, “x”, “>“, “,”), despite
minor regressions (e.g., “b” decreasing from 1.0 to 0.88). The experimental results conclu-
sively demonstrated our model’s superior robustness and classification performance across
diverse character recognition tasks.

To rigorously assess the method’s robustness, we conducted a focused analysis on five
frequently confused characters (“h,” “k,” “m,” “n,” and “o”). Table 4 demonstrates that
our proposed method yielded substantial improvements across all three evaluation metrics
for these challenging cases compared to unwarped data. Notably, the proposed approach
outperforms all competing methods in distinguishing these confusable characters, with
TWPCA showing comparatively inferior performance.

Table 4. Comparison of Recall, Precision, and F1 Score for Five Easily Confused Characters.

Characters Metrics
Methods

Unwarped Shift Linear Piecewise TWPCA Ours

h
Recall 0.20 0.20 0.20 0.40 0.40 0.57

Precision 0.09 0.25 0.20 0.33 0.40 0.33
F1-score 0.12 0.22 0.20 0.36 0.40 0.42

k
Recall 0.00 1.00 0.80 0.80 0.80 1.00

Precision 0.00 0.71 0.80 1.00 0.67 0.83
F1-score 0.00 0.83 0.80 0.89 0.75 0.91
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Table 4. Cont.

Characters Metrics
Methods

Unwarped Shift Linear Piecewise TWPCA Ours

m
Recall 0.43 0.71 0.71 0.57 0.86 0.88

Precision 0.60 0.71 0.56 0.44 1.00 1.00
F1-score 0.50 0.71 0.63 0.50 0.92 0.94

n
Recall 0.25 0.50 0.50 0.25 0.50 0.56

Precision 0.50 0.57 0.67 0.67 1.00 0.67
F1-score 0.33 0.53 0.57 0.36 0.67 0.61

o
Recall 0.50 0.88 1.00 1.00 0.88 0.91

Precision 1.00 0.88 0.89 1.00 1.00 1.00
F1-score 0.67 0.88 0.94 1.00 0.94 0.95

Note: Bold text indicates best results.

Figure 8. Confusion Matrices Under the KNN Classifier. The values in the confusion matrix represent
the recall rate of each character, ranging from 0 to 1. The darker the color, the closer it is to 1; the
lighter the color, the closer it is to 0.

Building upon the demonstrated superiority in character decoding accuracy of both
our proposed method and TWPCA, we extended their application to sentence-level decod-
ing tasks. In this implementation, we employed a HMM framework to perform sentence
signal segmentation using the learned character templates. This process transformed
the character-level signals within sentences into a one-hot encoded probability matrix,
which was then utilized as input for training and classification within a RNN architec-
ture. The experimental results presented in Table 5 reveal that our proposed method
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achieved a 2.11% improvement in word recognition accuracy and an 8.76% enhancement
in sentence recognition accuracy compared to the TWPCA, thereby conclusively validating
the efficacy of character templates for sentence segmentation tasks. These results pro-
vided a solid foundation for developing real-time neural decoding systems for imagined
handwriting applications.

Table 5. Application Effect of Character Templates in Sentence Segmentation.

Models Word Accuracy (%) Sentence Accuracy (%)

TWPCA [23] 85.76 25.40
Ours 87.87 34.16

Note: Bold text indicates best results.

4. Discussion
We present a general time-warping-based framework for constructing character signal

templates, which autonomously discovers precise temporal patterns in neural data through
an unsupervised, data-driven approach, effectively extracting representative signal tem-
plates for imagined handwriting of individual characters. Leveraging these templates,
our method achieves a classification accuracy of 94.39% on the imagined handwriting
single-character dataset using KNN. For the imagined handwriting sentence dataset, the
system attains word-level and sentence-level classification accuracies of 87.87% and 34.16%,
respectively, when employing RNN-based classification.

4.1. Neurocognitive Basis of Character-Specific Neural Variability

Imagined handwriting neural signals refer to the intracortical neural activity elicited
when a participant performs the motor imagery process of handwriting characters without
producing any actual limb movement [36]. This process is essentially an advanced form
of motor imagery, involving multi-level neural cognitive activities ranging from character
representation to the generation of complex writing trajectories. During imagined hand-
writing, the brain first performs visual and semantic representation of the target character
at a higher cognitive level. Subsequently, at the motor planning level, the writing trajectory
is internally organized and activates neural networks that are highly associated with actual
handwriting movements, including the primary motor cortex, supplementary motor area,
premotor cortex, and parietal-related regions [37]. The coordinated activity of these regions
is reflected as recordable neural signals through changes in synaptic potentials. Although
no actual muscle contraction occurs, this neural activation pattern exhibits a high degree of
similarity to real handwriting in terms of both temporal structure and spatial distribution.
From the perspective of signal generation, imagined handwriting neural signals are not
the output of a single neural source; rather, they are the superimposed result of neuronal
population activities across multiple functional regions. Along the temporal axis, these sig-
nals reflect dynamic changes at key stages such as writing initiation, stroke transition, and
writing termination. Therefore, different characters can evoke temporally distinguishable
neural patterns during imagined handwriting, which provides the physiological basis for
neural based character recognition and decoding.

4.2. Effect of Time Warping Functions

This study constructs warping functions based on FastDTW to effectively address
nonlinear alignment issues in neural signals. Experimental comparisons demonstrate that
its performance surpasses existing mainstream methods. It is well known that changes
in environment and mental or physical state can cause variations in how an individual
processes the same event [38]. Similarly, when the same subject imagines handwriting the
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same character, different trials of neural signals often exhibit temporal misalignment and
morphological variations. The traditional Shift method only applies a simple translation
to the signal, which can partially alleviate temporal misalignment but does not account
for complex variations in brain signal morphology [24]. The Linear method allows for
global linear stretching and compression of the signal, considering both temporal shifts and
morphological differences in brain signals. However, it applies a uniform transformation
across all trials of the same task. In contrast, the Piecewise is more flexible, introducing
segmentation nodes to apply localized transformations within the same trial, allowing
both translation and deformation of the signal. Originally developed for neuroscience
applications, it has been used to study behavioral decoupling and inter-trial temporal
variations [24]. The above techniques directly deform the original signals, whereas the
TWPCA model is fundamentally different. It introduces signal decomposition before
deformation, using the decomposed temporal signals combined with the Shift technique to
achieve temporal translation, thus avoiding unreasonable deformation of spatial domain
information. Currently, brain-controlled typing is mainly achieved through decoding
multi-channel data, which not only relies on temporal features of brain signals but is also
closely related to spatial and phase features. Based on this, this study further improves
the TWPCA model, primarily by using factor decomposition methods combined with
FastDTW to deform brain signals, thereby achieving high consistency across different trials
of the same character. FastDTW is an optimized version of DTW, primarily aligning each
trial with an initial template, calculating the time offset for each trial through multi-scale
approximation and local search window strategies, and applying this to each trial’s signal
to complete the signal deformation [39]. This method not only takes into account the
nonlinear correction of temporal features but also addresses the issue of preserving the
integrity of spatial features, thereby solving the problem of over-correction caused by
nonlinear warping.

4.3. Effect of Decomposition Methods

Neural signals encompass multi-dimensional information such as temporal, frequency,
and spatial domains [40]. Direct time warping of the entire signal may lead to abnor-
mal changes in features from other dimensions. Therefore, it is crucial to decompose
independent temporal factors from signals. There are many decomposition methods for
signals, such as TruncatedSVD, PCA, DL, TCA, FA, and FastICA. TruncatedSVD is based
on Singular Value Decomposition, retaining only the top k largest singular values and
their corresponding singular vectors to achieve dimensionality reduction [41]. In this
decomposition framework, the top k left singular vectors form the temporal factors, while
the right singular vectors correspond to the neuronal factors. However, TruncatedSVD
primarily focuses on the global structure of the data and has limitations when handling
local features in signals. PCA computes the covariance matrix and performs eigenvalue
decomposition [42], extracting the top k eigenvectors with the largest variance as neuronal
factors. The original data is projected onto this feature space to obtain temporal factors.
PCA assumes the data is linearly separable and cannot effectively handle the nonlinear
features in signals, thus having limitations in capturing complex temporal dynamics. DL
learns a set of dictionary elements, enabling signals to be represented as a sparse linear
combination [43]. The optimization process of DL alternates between updating the dic-
tionary matrix and the sparse coding matrix, with the final dictionary matrix and sparse
coding matrix corresponding to the temporal factors and neuronal factors, respectively.
DL effectively extracts sparse features from signals but cannot handle high-dimensional
representations of signals effectively. TCA decomposes high-dimensional data tensors
into the product of multiple low-dimensional tensors, minimizing reconstruction error
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by optimizing the objective function, thereby obtaining the final temporal factors and
neuronal factor [44]. However, TCA does not explicitly optimize the separability between
dimensions, making it difficult to ensure that the decomposed temporal and neuronal
factors have strong discriminative power. FA assumes that observed data consists of a
linear combination of latent factors plus noise, decomposing the signal into the product of a
factor loading matrix and a factor score matrix, with an error term added [45]. The temporal
factors and neuronal factors are formed by the final optimized factor loading matrix and
factor score matrix. The goal of FA is to maximize the variance explained, but due to its
focus on the covariance structure of the data, it has limited adaptability to nonlinear signals.
As shown in Figure 5, among the methods discussed, PCA performs the best, followed
by DL, then FA, TruncatedSVD, and TCA in sequence. In contrast, the current study uses
FastICA to decompose high-dimensional signals, removing irrelevant artifacts and extract-
ing independent temporal and spatial features. FastICA first centers and whitens the data,
then optimizes the iterative process based on non-Gaussianity metrics to maximize the
independence of the decomposed components. The neuronal factors are formed by the
independent components of FastICA, while the temporal factors are obtained through the
projection of the signals onto the space. signals have high-dimensional complexity and
non-Gaussian properties, while FastICA can extract independent temporal patterns from
complex data, reduce aliasing effects, and ensure that temporal factors can decouple the
signals more precisely during time alignment, thus improving alignment accuracy. At
the same time, FastICA can remove artifacts such as eye movements and muscle activity,
ensuring that the alignment focuses primarily on the relevant brain signals associated with
imagined handwriting, rather than noise. This is the reason why the temporal factors
obtained using FastICA in this study are superior.

4.4. Effect of Sliding Time Window

After warping and transforming the decomposed temporal factors and re-integrating
them with the neuronal factors, the time axes of each trial are roughly synchronized.
However, using a fixed window length may fail to fully extract temporal features and
lead to resource waste, making it difficult to construct refined signal templates for each
character. In contrast, the sliding time window not only further isolates noise but also
allows independent processing of the signal within each window [46]. Generally, even after
time alignment, signals may still contain complex temporal variations. For instance, some
dynamic features (such as periodic waveforms or non-stationarity) may manifest as changes
over short periods of time for signals. By using a sliding time window, the model can more
accurately capture these dynamic features in the temporal domain, thereby improving
classification performance. As shown in Figure 7 and Table 2, the adaptive sliding time
window can select the optimal window length. In addition, appropriate window settings
help improve character template, allowing the model to process large-scale data in a shorter
amount of time.

4.5. Limitations and Future Perspectives

In practical BCI systems, robustness to noise and inter-session variability remains a
well-recognized challenge. Neural signals may vary substantially across different recording
sessions due to signal drift, electrode condition changes, user fatigue, fluctuations in
mental state, and environmental differences, all of which can significantly affect decoding
stability and system reliability [38]. To address this issue in real-world deployment, the BCI
framework proposed in this study is designed to adopt a daily personalized calibration
strategy. That is, before each use of the system, the participant first completes a character
imagery practice task. Based on the neural signals collected from this practice, a subject-
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specific character recognition template is built for that day. Then, in subsequent online
tasks such as actual spelling and mental communication, this daily personalized character
template serves as the basis for classification and decoding, enabling stable mental character
output and communication based on the day’s calibration data.

Notably, although the sentence-level accuracy is only 34.16%, errors in individual
characters can be effectively corrected by incorporating a large language model. After
integrating the Bigram LM large language model, the decoded sentences achieved an
accuracy of 71%, making it possible for practical application.

Despite these promising results, several limitations remain. First, the template con-
structed in this study has not fully explored other dimensional information such as the
frequency domain and spatial domain. Secondly, due to differences in individual writing
habits and environmental variability, there may be significant differences in neural activa-
tion patterns among different subjects. Thirdly, the current manuscript does not provide
neurophysiological validation, which is an important direction for future work.

5. Conclusions
Due to temporal variations in neural signals caused by physiological, psychological,

and external factors during repeated execution of the same character in brain typing, signif-
icant challenges exist in both segmenting character-level signals and achieving accurate
imagined typing decoding. To address this issue, this study proposes a DTWICA-based
character signal template construction method, which effectively builds character-specific
signal templates and facilitates character segmentation from continuous imagined typing
sentences in an offline setting. These results provide a promising methodological basis for
future online and real-time imagined typing decoding systems.
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