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Abstract. Stock time series data mining faces significant challenges in terms of
time and space. Time series feature representation is an important means of re-
ducing the dimensionality of time series. This study proposes a stock time series
feature representation method based on a combination of slope angle changes and
trend turning point screening. This method alleviates the limitations of single meth-
ods, such as local feature overfitting, loss of global trends, and sparse long-segment
features, through a multi-level collaborative mechanism of screening, filtering, and
supplementation. Experimental results show that compared with four other meth-
ods, the proposed method effectively preserves the original features of stock time
series, achieving good results in both similarity metrics and fitting errors.

Keywords: stock time series, feature representation, inclination angle turning point,
trend analysis.

1. Introduction

With the emergence of new concepts and technologies such as cloud computing, big
data, the Internet of Things, and mobile cloud computing, the rate of data growth is rapidly
increasing [7]. At the same time, the rapid advancement of computing power and massive
storage technology has enabled the systematic acquisition and storage of the complex
and heterogeneous data generated by human society in its daily operations and scien-
tific exploration. In this context, time series data, which is organized strictly according
to time sequence, has become an important research subject in the field of data analysis
because it can describe the dynamic evolution of the state or phenomenon of an object.
Efficient processing and in-depth mining of time series data are key means of revealing
its internal patterns, correlation laws, and predicting future trends, and have significant
practical value. The stock market is a typical application scenario for time series data.
Compared with traditional economic data, stock prices exhibit significant volatility and
high complexity, which poses unique challenges for the analysis and prediction of stock
time series. How to effectively extract useful information from stock time series data and
provide scientific guidance to investors has become a hot topic in scientific research.

Due to the inherent high-dimensional characteristics and strong sequence dependency
of stock time series, it is very difficult to perform data mining or similarity measure-
ment directly on the original time series. First, at the storage level, uncompressed high-
dimensional data occupies a large amount of physical space, resulting in significant stor-
age costs. Second, at the computing level, the computational complexity of traditional
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algorithms in high-dimensional spaces often increases exponentially, leading to a sharp
decline in processing efficiency. More importantly, raw data usually contains observa-
tional noise and measurement errors, and direct processing can easily cause the model to
overfit noise patterns, damaging the robustness and generalization ability of the results.
The benefits of time series feature representation in improving the efficiency and effec-
tiveness of time series mining have received widespread attention. For example, in areas
such as short-term electricity load forecasting [28], carbon price forecasting [39], and
electroencephalographic signal detection [2], the high dimensionality of the data and the
complexity of the features often result in unsatisfactory prediction results that fail to meet
expectations.

By performing feature representation on stock time series, the dimension can be sig-
nificantly reduced. Using data mining methods, it becomes easier to discover potential
patterns in the data, thereby improving data interpretability and prediction accuracy.

The core idea of time series feature representation is to map the original sequence
from a high-dimensional space to a low-dimensional feature space or symbolic sequence
through dimensionality reduction transformation or symbolic abstraction, thereby achiev-
ing the effects of compressing data scale, filtering high-frequency noise, and extracting
discriminative features. This preserves the key dynamic patterns and structural informa-
tion of the time series and enhances the ability to represent real information.

When dealing with stock time series feature representation issues, segmented linear
representation, extreme point extraction, and trend analysis have always been the core
technical approaches that attract the most attention. However, existing methods often face
limitations such as local feature overfitting, loss of global trends, and sparse long seg-
ment features. Therefore, this study proposes a new method for feature representation of
stock time series data using a multi-level collaborative mechanism. This method initially
screens important change points in stock time series using angle changes, then further
screens trend turning points using distance metrics, and finally supplements the turning
points with error thresholds to ensure trend continuity. Experimental results demonstrate
that the method proposed in this study can significantly reduce the volume of raw data,
enhance sensitivity to fluctuations in raw stock time series, and better characterize stock
price trends, providing important reference value for stock investors.

2. Related work

Two key aspects of time series data mining are time series feature representation and
time series similarity measurement. With the iterative evolution of information technol-
ogy and the deep penetration of machine learning methods, related research paradigms
have shown significant disciplinary transfer effects, gradually expanding to diverse appli-
cation scenarios such as financial modelling [23], eco-driving recognition [40], emotion
recognition [36], and biomedical diagnosis [1].

Given the high-dimensional, massive, and complex nature of time series data, Falout-
sos et al. [9] propose constructing a low-dimensional, robust feature representation space
and applying lossy dimensionality reduction compression to the original sequence, which
yields more significant effects on data mining. In the process of time series feature rep-
resentation, the core lies in mapping the multidimensional observations of the original
sequence to a low-dimensional space composed of discriminative feature vectors. This
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mapping must achieve two objectives: (1) significantly compress the data scale to re-
duce storage and computational overhead; (2) maximize the preservation of the global
evolutionary trends and local structural patterns of the sequence during the compression
process.

Therefore, the design of feature representation methods must satisfy three evaluation
criteria:

— High dimensionality reduction efficiency: significantly reduce the size of the original
sequence data;

— Strong feature fidelity: retain the overall trend pattern and key local features of the
sequence;

— Balance between computational efficiency and representation accuracy: achieve high-
precision feature encoding with limited computational resources.

In recent years, many excellent methods have been proposed to address the prob-
lem of time series feature representation. These methods can be broadly categorized into
segment-based feature representation methods, domain transformation-based feature rep-
resentation methods, and model-based feature representation methods, as shown in Figl.
To assess the similarity of time series or their segmented representations, various metrics
have been applied to time series similarity measurement, including Euclidean distance,
triangular distance, envelope-based metrics, distance based on dynamic time warping,
and distance calculated based on the longest common subsequence of two time series.

2.1. Time series feature representation methods

2.1.1 Segment-Based Feature Representation Methods The Piecewise Linear Rep-
resentation (PLR) method was first proposed by Wu et al. in 2004. They used the results
of PLR to study data similarity and stock price prediction [38]. In this method, the selec-
tion of segment points is particularly critical [22]. The PLR method is simple in form and
intuitive in interpretation, but early algorithms had large fitting errors. As the scale of time
series data continues to expand, researchers are paying more attention to segmented lin-
ear representations based on important point strategies, and trend research has gradually
become a hot topic. Wen et al. [32] proposed a bidirectional segmented linear represen-
tation method, using a set of linear fitting functions to represent the original time series,
which can achieve dimension reduction while maintaining its dynamic characteristics.
Hung et al[13]. used the mean and slope to perform piecewise approximation, but this
evenly spaced piecewise result easily distorts the overall trend of the time series. Sun et
al.[33] combined the trend distance index with the mean to construct a symbolic descrip-
tion, in order to more comprehensively characterize the overall evolutionary trend of the
sequence segment. Zhang et al. [41] designed a symbol representation method based on
trend feature enhancement, which retains the mean while integrating trend distance factors
and trend pattern factors to jointly encode the dynamic characteristics of the sequence.
Zhou et al. [45] proposed a segmented linear representation combining turning points
and maximum absolute deviation in stock time series to extract sequence features. Liu
et al.[43] proposed a turning point extraction strategy based on angle change thresholds,
which calculates the directional angle change between adjacent segments and combines
trend segment features to evaluate and screen for significant turning points. Liao et al.[20]
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designed a distance-driven threshold discrimination method, which determines the impor-
tance of candidate points by comparing them with a preset distance threshold. However,
its underlying basic inflection point screening relies solely on the numerical relationship
between three adjacent points, resulting in limited robustness. Chen et al.[4] proposed a
linear representation method for time series key points, which comprehensively consid-
ers the time span and amplitude changes and can efficiently extract key points from time
series.
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Fig. 1. Time Series Feature Representation Methods

Based on PLR, several classic algorithms such as piecewise aggregate approximation
(PAA) [16], top-down (TD) [19], and bottom-up (BU) [30] piecewise linear representa-
tion methods have been proposed. The PAA algorithm achieves dimension reduction by
dividing time series into equal intervals and using the average value of each segment to
represent the original sequence. This method does not take into account the differences
between adjacent samples, and the results are often unsatisfactory. Without addressing this
shortcoming, optimization research on PAA has primarily focused on two directions: fea-
ture representation and segmentation strategies. On one hand, Huang et al. [ 14] enhanced
the mean representation by integrating auxiliary features such as slope and variance.
On the other hand, Keogh et al. [17] proposed the Adaptive Partitioning Constant Ap-
proximation (APCA), which utilizes dynamic programming to achieve sequence-adaptive
optimal segmentation, resulting in non-uniformly partitioned segments. Additionally, to
simultaneously improve dimension reduction efficiency and enhance the representation
of sequence macro trends, researchers proposed the Symbolic Aggregate Approximation
(SAX) method [21] and its improved frameworks[15,12,44].

Information granularity, as a key extension of piecewise linear representation, focuses
on abstracting sequences into granular structures with semantic meaning. Based on infor-
mation granularity theory [31], Duan et al. [8] developed a time series granularity model
and constructed a granularity-driven clustering framework based on this model. Guo et al.
[11] designed a trend feature-guided granularity method and verified its representational
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validity in clustering tasks, confirming its advantages in representing time series structural
features.

2.1.2 Feature representation methods based on domain transformation The core
of feature representation based on domain transformation lies in mapping time series to
a transformation domain independent of the original data, where the transformation op-
erator and feature selection do not depend on the inherent characteristics of the data.
Typical transformation spaces include the frequency domain, spectral space, etc. Com-
monly used methods include the Discrete Fourier Transform (DFT)[18] and the Discrete
Wavelet Transform (DWT) [3].

DFT converts time-domain sequences into complex frequency-domain representa-
tions that characterize periodicity and frequency structure using trigonometric basis func-
tions. DFT preserves data length and is suitable for smooth sequences. However, it has
weak ability to capture local sudden changes. DWT retains local characteristics in both
time and frequency through multi-scale decomposition, and the wavelet coefficients it
generates can accurately describe the transient modes of non-stationary signals. Com-
pared with DFT, DWT demonstrates superior feature representation robustness in non-
stationary time series such as highly volatile financial data. Panda et al[29]. achieved
good results in tumor classification by constructing models using wavelet-based feature
learning and deep learning-based feature learning. De et al[37]. proposed an end-to-end
framework for stock price prediction called the Multi-level Wavelet Decomposition Inter-
action Network (MWDINet). MWDINet employs multi-scale wavelet decomposition in-
teraction modules (MWDI-Block) and Heron moving average modules (HMA-Block) to
extract frequency-domain and time-domain information from data, respectively, demon-
strating significant potential in stock price prediction.

2.1.3 Model-based feature representation methods Model-based feature representa-
tion methods assume that time series are generated by specific mathematical models, and
extract features by constructing corresponding models. Their advantages lie in the flexi-
bility of model selection and their derivative capabilities, but they have limitations such
as strong assumption dependence, high domain knowledge thresholds, and high compu-
tational complexity.

Based on statistical distribution assumptions, the current mainstream methods in-
clude autoregressive models (ARM), orthogonal polynomial regression models [10], hid-
den Markov models (HMM)[24], and kernel models. Such methods require domain-
specific prior knowledge to support model selection and are difficult to uniformly cap-
ture the coupled effects of long-term dependencies, cyclical patterns, and random fluc-
tuations. Methods based on neural network models utilize deep networks to automati-
cally learn feature representations, giving rise to methods such as CNN-RNN hybrid ar-
chitectures [26], WDCNN-LSTM[5], multi-channel deep convolutions, and hierarchical
bidirectional learning [34]. Lu et al[25]. developed a time series-based recurrent neural
network (TRNN) model specifically optimized for the characteristics of financial time
series data. The model achieves efficient data dimensionality reduction by intelligently
extracting key points of market trends and turning signals, and reinforces the impact of
recent trading volume on prices through a dynamic weighting mechanism, significantly
improving prediction accuracy while ensuring computational efficiency. Wang et al[35].
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proposed an enhanced interval value decomposition integral model based on comprehen-
sive feature extraction and optimized deep learning, utilizing interval variational modal
decomposition (FIVMD) with a feedback mechanism to extract internal features, achiev-
ing satisfactory prediction results. Although these methods have overcome the assump-
tion constraints of statistical models and enhanced the representational capabilities of big
data, the low interpretability, high computational overhead, and weak generalization per-
formance of neural networks in financial time series data remain critical issues that require
optimization.

2.2. Time series similarity measurement methods

After time series feature representation, time series similarity measures can be used to ob-
tain the degree of similarity between sub-sequences and between sub-sequences and the
original sequence. Such measures can usually be defined by a difference function, also
known as a distance function[27]. Euclidean distance has very efficient computational
performance, making it a commonly used method for measuring the distance between
time series. Euclidean distance metrics require sequences to be of equal length to achieve
“one-to-one” matching calculations between data, which also limits its scope of applica-
tion. Dynamic Time Warping (DTW) is a highly accurate and robust time series distance
measurement method originally applied in the field of speech recognition. Compared to
traditional Euclidean distance, DTW can match data points in time series by warping the
time domain of the time series, not only achieving better shape measurement effects but
also enabling the measurement of two time series of unequal length.

In recent years, to alleviate the computational bottleneck of early time series similar-
ity measurement methods, Choi et al. [6]proposed the fast Sakoe-Chiba DTW (SC-DTW)
and the fast incremental DTW (I-DTW), which achieved a significant improvement in
computational speed compared to the traditional DTW. Zhang et al. [42] proposed a time
series similarity measurement method that combines sequence decomposition and DTW.
This method has lower computational complexity than DTW and demonstrates signifi-
cant efficiency in classification tasks. Additionally, for the granular representation of time
series information, some scholars have adopted the integral area method to measure the
distance between the same linear segments.

In the highly complex stock market, stock price sequences are influenced by the cou-
pled effects of multiple heterogeneous factors, coupled with significant interference from
high-frequency noise, resulting in their pronounced volatility and inherent instability. To
more effectively identify and analyze the underlying trend patterns within such sequences,
existing research primarily relies on linear transformation methods and feature representa-
tion techniques such as piecewise aggregation approximation. However, the effectiveness
of these methods is highly dependent on pre-set fixed or adaptive parameter thresholds.
This parameter dependency not only introduces significant subjective risks but may also
lead to information loss or false pattern recognition due to improper threshold selection,
thereby facing adaptive limitations when handling highly complex, non-stationary finan-
cial time series. Therefore, this study focuses on how to retain the main trend features
of stock time series while mitigating the limitations caused by segmented linear fitting,
such as local feature overfitting, global trend loss, and long segment feature sparsity. It
also employs appropriate similarity measurement methods to compare the advantages and
disadvantages of different feature representation methods.
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3. Preliminary

This section provides definitions related to the methods proposed in this study.

Definition 1 (time series): A time series is an ordered set of observations collected
in chronological order. Recorded as X = {(z1,t1), (x2,t2), -, (Tn,tn)}-Where(x;, t;)
represents the observed value at time ¢; and satisfies t; < to < --- < t,. If the sampling
interval is constant, i.e., At = t; 1 —t; is a constant, then the time series can be simplified
to a numerical sequence form: X = {1, x9,--- ,x,}. For stock time series, stock price
data comes from every transaction in the stock market, and there is a fixed time interval
between each transaction within the specified trading time. In the stock market, daily
transaction data is not continuous in time, but due to the fixed trading hours, stock price
data at different time granularities can be represented as:P = {p1,pa, - ,Pn }-

Definition 2 (Segmented Linear Representation of Stock Time Series): Divide the
stock time series P into m segments, each of which is approximated by a straight line
between the endpoints. The formal definition is:

Pprr = {(psl7pe1)7 (ps2;pe2)a Tty (psmypem)} €))

Where, psi, per € P,ek = sk + 1. Since the segment points are interconnected, the
sequence represented by the segments can be expressed as: Pprr = { DIsD3s s Pit1 }

Definition 3 (fitting error): The fitting error is obtained by linearly interpolating line
Ppy. g to obtain the approximate value P’ = {p1’,p1’,--- ,p,’} of the entire sequence.

Error = (pi — pi’)2 2)

Definition 4 (inclination angle turning points): Given a stock price time series P =
{p1,p2, "+ ,bn}, its slope turning point series P* = {p5,ps,...,ps, }. The absolute
angle change value «; at point p; must satisfy:

7= (107 = 07]),if 6~ x 0+ <0
J— >
i { |6= — 07|, otherwise =y )
Where, 6~ = arctan (%) is the direction angle of the front line segment, 07 =

arctan (%) is the direction angle of the rear line segment, and § is the angle change

threshold.

As defined in Definition 4, the smaller the angular change value of a point, the closer
the lines connecting the three points before and after that point as the midpoint approach
a straight line, indicating a smaller trend change. Consequently, the probability of that
point being a trend inflection point is smaller, while the opposite is true for a larger angular
change value. As shown in Fig2, Fig2(a) displays the K-line chart and closing prices of the
stock (SZ300059) from February 6, 2025, to March 5, 2025. Fig2(b) shows the sequence
of angle change values for the stock’s closing prices. As can be seen, the stock price time
series exhibits significant volatility, and angle change values can be used to efficiently
select segmentation points and achieve the preliminary goal of reducing the number of
time series.
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Definition 5 (Stock Time Series Trend): The stock time series trend is determined
by connecting adjacent inclination angle turning points. Given a stock time series in-
clination angle turning point sequence P* = {p3,p35,...,p5,}, the trend is defined as
T = {t1,t2,...,tj,...tm—1}. Here, t; represents the connecting line segment between
turning points p;andp; ;.

Candlestick chart and Close line chart

245 |

price
.

Angle change value sequence line chart

= Angle change value sequence
=== Threshold=1.0

Angle change value

Fig. 2. Example diagram of angle change values

Definition 6 (Stock Time Series Trend Turning Point): For the inclination angle turn-
ing point sequence P° = {p$,p3, ..., p? }, take the three consecutive points P;_1,p; and
Pj41 as the minimum pattern for trend formation. Use the vertical distance D,, between
the line segments connecting p? to pi_; and pj . as the standard for measuring its impor-
tance. The greater the distance, the greater the importance of p? in the trend turning point,
and the more likely it is to become an important node in the trend turning point. Form the

trend turning point sequence: P' = (p}, p, ..., pL).
S pt) (ta—t
Dy =y, + BB ) )
J ts — t1 J

Definition 7 (maximum error point): For sub-sequences formed by trend turning points
in stock time series, if the length of the sub-sequence segment exceeds the threshold or
the fitting error exceeds the threshold, calculate the absolute error between the fitted line
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and the original data points: £ = maz (|p; — f (x;)]). Select the maximum error point as
the supplementary trend turning point.

4. A method for representing stock time series characteristics based
on trends and inclination angle turning points

4.1. Method description

The stock time series feature representation method based on trends and inclination angle
turning points proposed by this research institute uses a multi-level collaborative mech-
anism supplemented by inclination angle turning points, trend turning points, and maxi-
mum error points to greatly reduce the amount of data while retaining the trend character-
istics of the original time series data to the greatest extent possible, laying the foundation
for time series analysis. The specific algorithm steps are as follows:Given a stock time
series P = {p1,p2,- -+ ,pn}, angle change threshold 4, distance threshold D, maximum
error threshold 7, and maximum segment length L.

I. Calculate the angle turning points of the stock time series. According to Definition
4, calculate the absolute angle change value of each data point in order, filter out the
data points greater than the angle change threshold, add the point to the inclination
angle turning point sequence P* = {p$,p5,...,ps,} , and form the trend segment
T = {t1,t2,...,1j,...tm—1} according to Definition 5.

II. Based on Definition 6, calculate the perpendicular distance between A and B and the
line connecting C, and select points greater than the distance threshold D as trend
turning points.

III. Based on the sequence length threshold L select the sequence segment greater than
L in II or the sequence segment with a fitting error greater than the maximum error
threshold, calculate the absolute error E between the fitting line and the original data
points in the sequence segment, and select the largest error point as the supplementary
trend turning point.

IV. Trend continuity test. For the trend turning point sequence formed in II and III, calcu-
late the slope of adjacent trend segments, merge trend segments with the same change
trend, and ensure that the trend segments are always in a state of alternating rises and
falls.

The algorithm flowchart is shown in Fig3. The algorithm pseudocode is shown in
Fig4.

Parameter Description: The algorithm in this paper involves four key parameters: an-
gle change threshold § , distance threshold D, maximum error threshold 7, and maximum
segment length L. § and D jointly control the sensitivity of trend inflection point detec-
tion. Setting the threshold too low may cause redundant local fluctuations to be misjudged
as trend changes, while setting it too high may result in important trend inflection points
being missed. n and L jointly regulate the granularity distribution of trend segments. By
constraining the upper limit of segmentation error and the maximum interval length, they
ensure feature density while avoiding over-segmentation issues. When optimizing param-
eters, it is recommended to prioritize balancing the values of § and D , while n and L can
be appropriately relaxed to improve the continuity of long trends.
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Stock time series P = {pl,pZ,...pn}

v

Given: angle change threshold, distance threshold D, maximum error
threshold, maximum segment length L

v

Calculate the angle turning point sequence and trend segment
according to Definition 4 and Definition 5.

v

According to Definition 6, look for trend turning point
sequences in angle turning point sequences.

According to Definition 7, supplement the trend turning
point sequence.
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Fig. 3. Algorithm flowchart

4.2. Evaluation indicators

Similarity measurement is an important part of evaluating the quality of time series fea-
ture representation methods. This study uses Euclidean distance and integral distance to
evaluate the fitting error and morphological similarity between the feature-represented
sequence and the original sequence data.

4.2.1 European distance European distance refers to the distance between two ob-
jects in m-dimensional space. Due to its highly efficient computational performance, it is
commonly used to measure the distance between time series. The calculation formula is
shown in Eq5:

European distance in two-dimensional space:

Dist = \/(:c1 —22)° + (y1 — y2)° ®)
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Input: A set of stock time series data P; angle change threshold; distance threshold D; maximum error
threshold; maximum segment length L.

Output: Stock Time Series Trend Turning Point Sequence X

P=pl.p2,....pi

Define set X to store trend turning points, initialized as empty.

Define error set E, used to store the fitting error of the trend turning point, initialized as empty.

Definition function find Angular inflection point (P, &)  p?// Searching for angle turning point sequences

Definition function find_Trend turning points ( p*) P' // Finding trend turning point sequences
Definition function Additional turning point ( p*) E // Supplemental turning point sequence.
while True
ifE = max(lp; — fG)]) = n
P* append p;
if K(pfy, )" K(pf, pf1)>0
P™=P" (p{_1,P[+.)
Else
pt=pt
Else
pt=pt
X=pt
Break
Return X

Fig. 4. Algorithm pseudocode

4.2.2 Areadistance Area-based similarity measurement methods can measure the mor-
phological similarity between feature representations and original sequences after linear
interpolation. For stock time series, the more similar the morphology, the more important
it is for guiding future investment decisions. Therefore, this study uses the area distance
method to measure the degree of morphological similarity between feature representa-
tions and original sequences.

Given the original stock time series A, the sequence B obtained by linear interpolation
after feature representation is used, wheren = m. There are two types of relationships
between the two sequences: intersecting and non-intersecting, as shown in Fig5. As shown
in Fig5(a), the integral distance when two sequences do not intersect is:

to
Dist — / [yt + by) — (ot + bo)] dt ©)
t1
As shown in Fig5(b), the integral distance between the two sequences relative to t* is:
to

Dist = /t [(klt + bl) - (kgt + bg)] dt + / [(k’gt + bg) — (klt + bl)] dt (7)

1 t*

5. Analysis and evaluation of experimental results

5.1. [Experimental Process

5.1.1 Experimental Environment When implementing the algorithm for identifying
extreme points in stock time series trends, we selected a series of development compo-
nents. The specific selection of these components is shown in Tablel.
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Fig. 5. Relationships between sequences
Table 1. Experimental environment setting
Name Configurations
Processor CPU Intel(R) Core(TM) 17-8550U CPU @ 1.80GHz 2.00 GHz
Memory RAM DDR4 8GB 2400MHz
Hard disk 128GB Solid State Drive (Toshiba)
Operating System OS Windows 10 Home Edition 19043.1889
Programming Language Python3.5.0
IDE JetBrains PyCharm 2018.3.2
Toolkits Pandas NumPy et.al




A method for representing stock time series features... 177

5.1.2 Dataset To ensure that the research findings possess strong industry representa-
tiveness and external validity, this study adhered to strict industry coverage and repre-
sentativeness principles when designing the experimental dataset. Specifically, the pri-
mary dataset selected leading listed companies from different industry sectors traded
on China’s two major securities exchanges—the Shanghai Stock Exchange (SSE) and
the Shenzhen Stock Exchange (SZSE)—as the research subjects. The time span is from
March 1, 2024, to February 28, 2025, which is a relatively complete annualized opera-
tional cycle. This avoids the influence of extreme short-term noise while reflecting market
dynamics and structural characteristics with a certain degree of continuity. The stock data
is at a 30-minute interval, which, compared to traditional daily data, can more precisely
reveal intraday price behavior patterns, short-term volatility characteristics, and poten-
tial microstructural effects. The data source is Wind Financial Terminal (Wind), which
is a widely recognized and authoritative professional financial data and analysis service
provider in China’s financial markets. Its database boasts high completeness, timeliness,
and accuracy, making it a commonly used and reliable data source for empirical finan-
cial research in both academic and professional circles domestically and internationally.
Specific stock information is shown in Table2.

Table 2. Data set stock information

Data

Num Code Name Industry
volume
1 000063SZ 7TE 1928 Industrial Cpmmumcatlon
Device, 5G
2 | 00033352 Midea Group 1928 | FBlectrical and Mechanical
Industries
3 001979SZ China Merchants She.kou 1928 Real Estate Development
Industrial Zone Holdings Sector

Semiconductor and electronic
components sector
Automotive Manufacturing

4 002371SZ | NAURA Technology Group 1928

5 00259487 BYD 1928
Sector
6 600030SH Citic Securities 1928 Big finance, securities
7 600519SH KweichowMoutai 1928 Distillery Industry
8 601138SH | Foxconn Industrial Internet 1928 Industrial Internet
9 601985SH | China National Nuclear Power | 1928 Power industry

Cambricon Technologies

101 6882565H Corporation Limited

1928 Artificial Intelligence Chip

Data preprocessing is an important part of data mining. Through analysis of the origi-
nal dataset, the stock data selected for this study shows no missing values between March
1, 2024, and February 28, 2025. The 30-minute line data consists of eight data points for
each trading day, totaling 241 trading days. To fully reflect the original state of the stock
time series, this study did not standardize the original series.
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5.2. Analysis of experimental results

In order to verify the validity of the stock time series feature representation method based
on inclination angle and trend turning points proposed in this study, we selected the stock
time series feature representation method based on trend feature points (TFP) [17], the
time series trend feature extraction method based on turning points and trend segments
(TPTS)[21], PLR-ITTP [15], and PLR-KP [12]for comparison.

5.2.1 European distance After feature representation, the method proposed in this
study uses linear interpolation to fill in the time series. The other four methods also use
linear interpolation to fill in the gaps, and then calculate the European distance between
the filled-in sequence and the original sequence. Table3 shows the European distance of
different methods at a compression rate of 70%.

Table 3. European distance for different methods at a compression rate of 70%

TPTS PLR-KP PLR-ITTP TFP Our
000063SZ 4.2697 9.7442 5.1305 6.8978 4.1358
000333SZ 7.0874 17.013 7.9028 9.5392 6.6985
001979572 2.2585 3.2936 2.4531 3.1167 2.0417
002371SZ 78.7373 99.5045 57.5954 77.276 57.3243
002594587 40.202 66.0142 35.5037 44.3144 32.8873
600030SH 2.6216 6.0502 2.9709 5.8952 2.3209
600519SH 263.6387 237.6315 130.4544 184.0867 130.567
601138SH 4.265 7.8261 5.1287 7.3047 4.1947
601985SH 1.3405 2.0641 1.6546 2.077 1.2407
688256SH 176.7896 203.3061 116.9405 155.6698 114.68

As can be seen from Table3, except for the 600519SH, where the method proposed in
this study is slightly greater than PLR-ITTP in terms of European distance, the method
proposed in this study has the smallest value in terms of European distance measurement
for other stocks, while the PLR-KP method has the largest value for most stocks. This in-
dicates that considering only the key points and time spans of the time series is insufficient
for accurately representing stock time series in an effective linear manner. In contrast, the
three-level collaborative method proposed in this study achieves excellent results in the
segmented linear representation of stock time series. Because the method proposed in this
study uses two parameters, the maximum error threshold 7 and the maximum segment
length L, to split long time series that other methods fail to focus on, the length of the
sub-segments after feature representation is relatively uniform. In this case, the measured
European distance will be smaller than that of other methods, which also shows that the
method proposed in this paper can more accurately characterize the original stock time
series.

5.2.2 Area distance Based on European distance measurement, the formula is used to
calculate the area distance in order to measure the morphological similarity between the



A method for representing stock time series features... 179

feature representation sequence and the original sequence. Figoshows the area distance of
different methods at a compression rate of 70%.
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Fig. 6. Area distance of different methods at a compression ratio of 70%

As can be seen from the experimental results in Fig6, there are significant differences
among different methods in terms of area distance metrics. The method proposed in this
study achieved the minimum area distance for all stocks except 600519SH, indicating that
after using the method proposed in this paper for stock time series feature representation,
the resulting trend lines of turning points maintain the highest degree of similarity with
the original series, better aligning with the original stock time series pattern. While the
PLR-ITTP method achieved the minimum area distance for the 600519SH stock, its per-
formance on other stock sequences was unstable. The experimental results indicate that
the method proposed in this study has good adaptability and demonstrates robust perfor-
mance in stock time series feature representation.

5.2.3 Fitting error Based on Eq2, the fitting error between the linear interpolation se-
quence after feature representation and the original sequence was calculated. The calcula-
tion indicators included root mean square error (RMSE) and mean absolute error (MAE).
The experimental results are shown in Table 4.

In Table4, bolded data indicate the smallest error. As shown in Table4, among the 10
stock time series, the method proposed in this study achieved the smallest fitting error
across all time series, while the PLR-KP method performed poorly in most time series.
This indicates that by employing multi-level collaborative screening and supplementation
of turning points, it is possible to avoid the premature rejection of important turning points
to the greatest extent. By preserving the overall trend of the time series and adequately
reducing dimensionality, the method mitigates the limitations of local feature overfitting,
loss of global trends, and sparsity of long-term features, thereby reducing fitting errors.
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Table 4. Fitting error of different methods at a compression ratio of 70%

TPTS PLR-KP PLR-ITTP TFP Our
RMSE| MAE |RMSE| MAE |[RMSE| MAE [RMSE| MAE |RMSE| MAE
000063SZ{0.0972| 0.066 |0.2219]0.1174|0.1168|0.0757{0.1571|0.0931{0.0942{0.0633
000333S7(0.1614|0.1082]0.3875|0.2221| 0.18 ]0.1212]0.2172|0.1328|0.1526|0.1008
001979SZ{0.0514|0.0331| 0.075 |0.0449(0.0559|0.0389| 0.071 |0.0448|0.0465|0.0291
002371SZ{1.7932|0.9954|2.2662{1.2308|1.3117]0.8753|1.7599|1.0462|1.3055|0.8684
002594S7(0.9156(0.5388|1.5034|0.8026|0.8086|0.5343|1.0092|0.6022| 0.749 {0.5053
600030SH |[0.0597| 0.039 |0.1378] 0.065 |0.0677|0.0449]0.1343|0.0599(0.0529|0.0342
600519SH |[6.0042{3.0027|5.4119|2.8604| 2.971 |1.9852(4.1925|2.5142|2.9736|1.9845
601138SH|0.0971| 0.065 [0.1782|0.1013|0.1168]0.0793|0.1664|0.0939(0.0955|0.0632
601985SH |[0.0305{0.0203| 0.047 [0.0281|0.0377|0.0258]0.0473|0.0284 |0.0283|0.0184
688256SH (4.0263|2.0858|4.6302|2.4118|2.6632|1.7871|3.5453|1.9661 |2.6118|1.7689

This further demonstrates the effectiveness and superiority of the method proposed in this
study.

5.2.4 Fitting error of each method at different compression rates After calculating
the European distance, area distance, and fitting error of various methods under the same
compression ratio, the effectiveness of the method proposed in this study was verified.
In this section, we examined the fitting error of the five methods for stock 002371SZ
at compression ratios of 70%, 75%, 80%, 85%, and 90%. The experimental results are
shown in Fig7 and Fig8.
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Fig. 7. RMSE line charts for each method at different compression rates
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MAE line chart for each method at different compression rates
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Fig. 8. MAE line charts for each method at different compression rates

As shown in Fig7 and Fig8, the proposed method achieves the minimum RMSE and
MAE values before a compression rate of 80%. When the compression rate exceeds 80%,
the proposed method still achieves relatively low RMSE and MAE values. PLR-ITTP and
PLR-KP perform well at higher compression rates. Meanwhile, as the compression rate
increases, the growth of RMSE and MAE is relatively stable, indicating the stability of
the proposed method in terms of fitting performance.

6. Conclusions

Feature representation of stock time series data is a process aimed at transforming raw
high-dimensional data into a low-dimensional form. Its core objective is to significantly
improve the efficiency of subsequent data mining, similarity measurement, and other re-
lated research tasks while maximizing the retention of key information from the orig-
inal sequence. Based on the segmented linear representation of time series, this study
proposes a stock time series feature representation method based on a combination of
inclination angle changes and trend turning point screening. Through a multi-level col-
laborative mechanism, this method alleviates the limitations of local feature overfitting,
global trend loss, and long segment feature sparsity in a single method. The study reached
the following conclusions:

— The stock time series feature representation method proposed in this study, which
combines inclination angle changes with trend turning point screening, has achieved
good results in terms of European distance, area distance, and fitting error evalua-
tion indicators. It can effectively retain the original features of stock time series and
maintain good stability.
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— The method proposed in this study can more accurately capture trend features in stock
time series analysis, providing investors with more reliable and precise decision-
making basis. This research finding has important implications for understanding the
stock market and making investment decisions.

However, this study still has some limitations: first, although the proposed multi-level
collaborative processing mechanism improves the depth of analysis of the original se-
quence, the increased algorithm complexity may affect its computational efficiency on
large-scale datasets. Second, the current validation is only applicable to specific types of
stock time-series data, and the generalization ability of the method needs further investi-
gation.

Future work will focus on the following directions: (1) reducing computational com-
plexity through algorithm optimization to improve processing efficiency; (2) validating
the method’s adaptability in broader data scenarios (such as high-frequency trading data
and cross-market indices); and (3) exploring its integration with deep learning models to
enhance its stability and predictive capabilities in noisy market environments. These im-
provements will help advance the practical application of this method in complex financial
scenarios.
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