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Abstract
Fuzzy information mining and extraction in big data environments is affected by
small perturbation inter-class interference between data, leading to poor feature
clustering performance. This paper proposes a fuzzy information extraction
method based on an improved chaotic partition algorithm. The method per-
forms distributed structural reorganization on high-dimensional data streams,
utilizes the Lorenz chaotic attractor as a training and test set for adaptive learn-
ing training of big data fuzzy information extraction, employs phase space re-
construction technology to conduct autocorrelation feature matching processing
on the chaotic attractor load feature quantities of big data, extracts the aver-
age mutual information feature quantity of fuzzy information, and combines
association rule fuzzy pairing methods to perform big data chaotic partition-
ing, thereby achieving optimized clustering of fuzzy information. Based on the
data clustering results, accurate fuzzy information extraction is realized. The
extracted high-dimensional fuzzy information undergoes feature compression
to reduce computational overhead. Simulation results demonstrate that the
proposed method exhibits favorable clustering performance for fuzzy informa-
tion extraction from big data sample sequences, strong resistance to inter-class
perturbations, and high accuracy probability for fuzzy information extraction,
holding significant application value in data mining and feature extraction.
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Abstract: In big data environments, interference from small disturbances be-
tween data affects fuzzy information extraction, leading to poor clustering char-
acteristics of extracted information. This paper proposes a fuzzy information ex-
traction method based on an improved chaotic partition algorithm. The method
performs distributed structural reorganization of high-dimensional data informa-
tion flows and uses the Lorenz chaotic attractor as a training test set for adaptive
learning training in big data fuzzy information extraction. Phase space recon-
struction technology is employed for autocorrelation feature matching of chaotic
attractor load feature quantities in big data, extracting the average mutual in-
formation feature quantity of fuzzy information. Association rule fuzzy pair-
ing methods are combined for big data chaotic partitioning to achieve optimal
clustering of fuzzy information, enabling accurate fuzzy information extraction
based on data clustering results. Feature compression is performed on the ex-
tracted high-dimensional fuzzy information to reduce computational overhead.
Simulation results demonstrate that this method exhibits good clustering perfor-
mance for fuzzy information extraction from big data sample sequences, strong
resistance to inter-class disturbances, and high accuracy probability for fuzzy
information extraction, offering significant application value in data mining and
feature extraction.

Keywords: big data; chaos; partition algorithm; clustering; fuzzy information
extraction

0 Introduction
Research on related algorithms has received significant attention. The study
of fuzzy information extraction methods in big data environments is based on
big data clustering and information partitioning. According to the classifica-
tion attributes of big data, information partitioning is performed to extract
clustering information features. Using feature decomposition and association
rule mining methods, fuzzy information extraction from big data is achieved.
Common big data fuzzy information extraction methods include HPCC (High
Performance Computing Cluster) extraction methods, Roxie (HPCC Data Deliv-
ery Engine) information clustering feature extraction methods, frequent itemset
mining-based feature extraction methods, and fuzzy C-means clustering-based
fuzzy data information extraction methods [2,3]. By extracting attribute par-
tition features of fuzzy big data and employing corresponding clustering algo-
rithms, fuzzy information extraction from big data is realized. Combined with
correlation-based information fusion methods, fuzzy information detection ca-
pability is improved.

Based on the above principles, relevant scholars have conducted research on
fuzzy information extraction algorithms and achieved certain results. Litera-
ture [4] proposes a hybrid big data similarity information extraction method
based on inter-class closed frequent itemset mining, which uses multi-level se-
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mantic feature extraction for big data information mining and achieves big data
fuzzy partitioning based on user Jaccard similarity information to improve in-
formation fusion clustering capability. However, this method suffers from high
computational overhead and strong sparsity in similarity feature distribution
when performing fuzzy information extraction. Literature [5] proposes a fuzzy
big data information extraction method based on discrete Gaussian random
testing, which uses piecewise linear fusion for Gaussian random information
feature extraction of fuzzy information and employs matched filtering for redun-
dant information removal to enhance the statistical analysis capability of big
data fuzzy information extraction. However, this method experiences signifi-
cant inter-class interference in feature information fusion for fuzzy sets, easily
leading to misclassification of fuzzy information.

To address the above problems, this paper proposes a fuzzy information extrac-
tion method based on an improved chaotic partition algorithm by leveraging the
random clustering and anti-disturbance properties of chaos. First, a fuzzy infor-
mation flow model for big data is constructed to perform information reorgani-
zation and phase space reconstruction. Then, the chaotic partition algorithm is
used for feature extraction and data clustering to achieve optimized fuzzy infor-
mation extraction from big data. Finally, experimental analysis demonstrates
the superior performance of the proposed method in improving the accuracy of
big data fuzzy information extraction.

1.1 Fuzzy Information Distributed Structure Reorganization

To achieve fuzzy information extraction from big data, chaotic partition meth-
ods are employed for association rule mining to extract fuzzy information feature
quantities from big data. The first step in chaotic sequence analysis of big data
fuzzy information time series is phase space reconstruction [6], which enables
distributed structural reconstruction and data structure analysis of fuzzy infor-
mation. Assuming the observed time series of the big data information flow to
be mined, denoted as 𝑋(𝑛), is a set of non-stationary broadband time series,
structural mapping of fuzzy information is performed in an 𝑚-dimensional dis-
tributed feature space to obtain the distributed reorganization structure of big
data as follows:

𝑋(𝑛) = {𝑥(𝑛), 𝑥(𝑛 + 𝜏), ⋯ , 𝑥(𝑛 + (𝑚 − 1)𝜏)}, 𝑛 = 1, 2, ⋯ , 𝑁

where 𝜏 represents the sampling time delay of big data in high-dimensional
space. Using adaptive chaotic training methods for feature fusion and perform-
ing phase trajectory evolution analysis in high-dimensional feature space [7], the
distribution trajectory of reconstructed big data fuzzy information is obtained
as:
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𝑋 =
⎡
⎢⎢
⎣

𝑥(1) 𝑥(1 + 𝜏) ⋯ 𝑥(1 + (𝑚 − 1)𝜏)
𝑥(2) 𝑥(2 + 𝜏) ⋯ 𝑥(2 + (𝑚 − 1)𝜏)

⋮ ⋮ ⋱ ⋮
𝑥(𝑁 − (𝑚 − 1)𝜏) 𝑥(𝑁 − (𝑚 − 2)𝜏) ⋯ 𝑥(𝑁)

⎤
⎥⎥
⎦

where all quantities are dimensionless after reduction, 𝑡 represents the sampling
time for fuzzy data; 𝑥, 𝑦, 𝑧 denote the partition variables of the Lorenz chaotic
attractor; 𝜎, 𝑟, 𝑏 are fuzzy constraint parameters. Using the fourth-order Runge-
Kutta method for chaotic partitioning of fuzzy information, for a feature vector
𝑋𝑖 of fuzzy information, a neighboring trajectory vector 𝑋𝑗 is selected in the
finite domain of chaotic partitioning. Let 𝑑𝑖𝑗 be the distance between 𝑋𝑖 and
𝑋𝑗, the Euclidean distance of clustering centers for big data chaotic partitioning
is obtained as:

𝑑𝑖𝑗 = ‖𝑋𝑖 − 𝑋𝑗‖ =
√√
⎷

𝑚
∑
𝑘=1

(𝑥𝑖𝑘 − 𝑥𝑗𝑘)2

1.2 Big Data Phase Space Reconstruction

Based on distributed structure reorganization of high-dimensional data informa-
tion flow, big data phase space reconstruction is performed. Using the Lorenz
chaotic attractor as the training test set for adaptive learning training of big
data fuzzy information extraction [8], the two subspaces in phase space are 𝑆
and 𝑄 respectively. Subspace 𝑆 is composed of solution vectors 𝑠𝑖 from the fuzzy
training set, satisfying the conditional probability 𝑃(𝑠𝑖) of clustering attributes
of the Lorenz chaotic attractor. Subspace 𝑄 is composed of solution vectors 𝑞𝑗
from the big data fuzzy test set, with corresponding detection probability 𝑃(𝑞𝑗)
for big data fuzzy information extraction. Under chaotic partition training, the
phase space reconstruction model for big data fuzzy information is constructed
as:

𝐻(𝑆) = −
𝑛𝑠

∑
𝑖=1

𝑃(𝑠𝑖) log 𝑃(𝑠𝑖)

𝐻(𝑄) = −
𝑛𝑞

∑
𝑗=1

𝑃(𝑞𝑗) log 𝑃(𝑞𝑗)

𝐼(𝑄, 𝑆) = 𝐻(𝑄) − 𝐻(𝑄|𝑆)

where 𝑃(𝑠𝑖) represents the probability of fuzzy information semantic concept
set 𝑠𝑖 appearing in chaotic partition region 𝑆, and similarly, 𝑃(𝑞𝑗) represents
the probability of fuzzy information ontology feature concept set 𝑞𝑗 appearing
in chaotic partition region 𝑄. Under the condition of consistent similarity, the
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average mutual information satisfying fuzzy information clustering conditions
in phase space is calculated as:

𝐻(𝑄|𝑆) = − ∑
𝑠𝑖∈𝑆

∑
𝑞𝑗∈𝑄

𝑃(𝑠𝑖, 𝑞𝑗) log
𝑃(𝑠𝑖, 𝑞𝑗)

𝑃 (𝑠𝑖)

representing the classification attribute set satisfying condition 𝑃(𝑠𝑖|𝑞𝑗). Us-
ing the average mutual information fusion method, high-dimensional feature
quantities of fuzzy information are extracted based on the above phase space re-
construction structure. Combined with the chaotic partition algorithm for fuzzy
clustering, the clustering performance of fuzzy information mining is improved.

2.1 Improved Chaotic Partition Algorithm

Based on the preprocessing of distributed structure reorganization and phase
space reconstruction of high-dimensional data information flow, the big data
fuzzy information extraction algorithm is optimized. This paper proposes a
fuzzy information extraction method based on an improved chaotic partition
algorithm. Using the Lorenz chaotic attractor as the training test set, fuzzy
attribute partitioning of big data is performed. The Lorenz chaotic attractor
expression is given as:

⎧{
⎨{⎩

𝑑𝑥
𝑑𝑡 = 𝜎(𝑦 − 𝑥)
𝑑𝑦
𝑑𝑡 = 𝑥(𝑟 − 𝑧) − 𝑦
𝑑𝑧
𝑑𝑡 = 𝑥𝑦 − 𝑏𝑧

Adaptive learning is performed in the reconstructed phase space. When the
embedding dimension of phase space increases from 𝑚 to 𝑚 + 1 and time de-
lay increases from 𝜏 to 𝜏 + 1, the optimized clustering center value of chaotic
partition for fuzzy information extraction is expressed as 𝑅(𝑚+1)

𝑡𝑜𝑙 . After chaotic
partitioning, the association rule fuzzy feature vector set 𝑅𝑡𝑜𝑙 satisfies inter-class
balance, and the extracted eigenvalue clustering fusion degree is sorted as:

𝑅(𝑚+1)
𝑡𝑜𝑙 = 1

𝑁
𝑁

∑
𝑘=1

[𝐴𝑘 − 1
𝑁

𝑁
∑
𝑙=1

𝑥(𝑚+1)
𝑛𝑙 ] > 0

Analysis shows that the dimension of certain information extracted using the
above method is relatively high, requiring feature compression. The steps for
feature compression are described as:

a) Calculate the 𝑑-dimensional fuzzy information feature vector 𝑋𝑛 in the
chaotic partition region, and compute the fuzzy information partition dis-
persion 𝑑𝑖𝑗 based on partition clustering attribute values. Calculate the 𝑙
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eigenvalues and corresponding high-dimensional feature quantities of fuzzy
information.

b) According to the center vector of the chaotic partition attractor, obtain
the dispersion 𝑅𝑡𝑜𝑙 of fuzzy clustering, where 𝑡𝑜𝑙 is the partition threshold
of the Lorenz chaotic attractor. Based on empirical values, 𝑡𝑜𝑙 can be
taken as 15, and 𝐴 represents the decision threshold for fuzzy information
chaotic partitioning, typically set to 2.

c) Using decision statistical regression analysis methods, perform feature
compression in high-dimensional space and output feature quantities 𝑌 =
{𝑦1, 𝑦2, ⋯ , 𝑦𝑙}. Use K-L transform for feature sorting to obtain the feature
arrangement.

d) Output the 𝑑-dimensional fuzzy information extraction feature quan-
tity, extract the first 𝑑 feature vectors as the training set, output
𝑊 = [𝑦1, 𝑦2, ⋯ , 𝑦𝑑], and obtain the fuzzy transformation matrix
𝑊 ∗ = 𝑇 𝑇 𝑋. Extract the average mutual information feature quantity of
fuzzy information in the closed frequent item region of chaotic partition
as 𝐽(𝑋) = {𝐽1(𝑋), 𝐽2(𝑋), ⋯ , 𝐽𝑙(𝑋)}.

e) Output the information extraction result after feature compression as
𝐽1(𝑋) ≥ 𝐽2(𝑋) ≥ ⋯ ≥ 𝐽𝑑(𝑋). Through the above processing, the dimen-
sion of fuzzy information feature quantities output after chaotic partition
is reduced from 𝐿 to 𝑑, thereby decreasing computational overhead.

2.2 Information Extraction and Feature Compression

Assume the distribution time series of fuzzy information {𝑋𝑛}, 𝑛 = 1, 2, ⋯ , 𝑁
is the original big data feature distribution set to be partitioned. Under chaotic
partition processing, the feature distribution after chaotic partitioning is ob-
tained as 𝑋 = 𝑋̄ + 𝜂, where 𝜂 is observation noise. Among 𝑑 big data distribu-
tion sources, phase space reconstruction technology is used for autocorrelation
feature matching processing of chaotic attractor load feature quantities in big
data [11], obtaining feature matching results.

Using singular value decomposition to decompose fuzzy information eigenvalues,
𝑑-dimensional chaotic partitioned big data is obtained. By analogy with the
above method, the output feature values of fuzzy information extraction are
obtained as:

Σ = diag(𝜎1, 𝜎2, ⋯ , 𝜎𝑚) ∈ ℝ𝑚×𝑚
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3 Simulation Experiments and Results Analysis
To verify the application performance of the proposed method for fuzzy infor-
mation extraction under large datasets, simulation experiments are conducted.
The experiments use Visual C++ for algorithm compilation and MATLAB for
data processing programming design. Data extraction and information clus-
tering analysis are performed within the MapReduce programming framework.
The big dataset originates from the Hadoop cloud platform, with the big data
processing tool component being Thor (HPCC Data Refinery Cluster). The big
data test sample set is OAEI (Ontology Alignment Evaluation Initiative), which
stores multi-version semantic data and serves as a test set with good informa-
tion coverage capability for this experiment. The data sampling time interval
is 2.4s, the test set size is 2400 Gbit, and the sampling length of the big data
training set is 1024. The initial parameter values of the Lorenz chaotic attractor
are set as [𝑥, 𝑦, 𝑧] = [1, 0, −1], [𝜎, 𝑟, 𝑏] = [16, 45.92, 4.0]. The training step size
for chaotic partition iteration is ℎ = 0.01. The information distribution interval
for big data clustering is [0, 1000]. The interference intensity in information ex-
traction is -10 dB. Based on the above simulation environment and parameter
settings, big data fuzzy information extraction simulation experiments are con-
ducted. Three groups of test samples are taken, and the time-domain waveforms
are obtained as shown in Figure 1 [Figure 1: see original paper].

Using the data samples from Figure 1 as the research object, the proposed
method is applied for chaotic partition clustering and information extraction.
The chaotic partition and fuzzy information extraction results for each group
of samples under optimal phase space embedding dimension and time delay are
obtained as shown in Figures 2-4 [Figure 2: see original paper][Figure 3: see
original paper][Figure 4: see original paper].

Figure 2 corresponds to the first group of data samples, whose time-domain
waveform fluctuations are relatively stable, indicating strong information cover-
age capability. As shown in Figure 2, using the proposed method for chaotic
partition clustering and information extraction yields clear chaotic partition
and fuzzy information extraction results under optimal phase space embedding
dimension and time delay, with good attribute clustering performance. This
demonstrates that the proposed method can achieve accurate information ex-
traction from big data. This is because the method combines decision criteria
and decision statistics for big data fuzzy information extraction and adaptive
learning training, along with feature extraction, making it more suitable for the
data environment.

Figure 3 corresponds to the second group of data samples, which exhibit fewer
overall fluctuations with consistent amplitude, indicating relatively dispersed
data distribution and high dimensionality, resulting in poor inherent clustering
performance. However, after applying the proposed method for chaotic par-
tition and fuzzy information extraction, the attribute clustering performance
of chaotic partitioning is improved, and the inter-class convergence of informa-
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tion extraction is enhanced. This is due to the proposed method’s utilization
of adaptive chaotic training for feature fusion and phase trajectory evolution
analysis in high-dimensional feature space, which reconstructs big data fuzzy
information and thereby improves chaotic partitioning and fuzzy information
extraction capability.

Figure 4 corresponds to the third group of data samples, whose time-domain
waveform fluctuations are irregular with large amplitude, indicating significant
inter-class interference. Nevertheless, the proposed method still maintains good
chaotic partition and fuzzy information extraction performance, demonstrating
strong anti-inter-class interference capability. This is primarily because the
proposed method simultaneously performs feature compression when extract-
ing high-dimensional information, and the dimensionality reduction effectively
decreases the interference level of processed data samples, thereby improving
performance.

Analysis of the above results reveals that the proposed method for big data in-
formation extraction exhibits good attribute clustering performance for chaotic
partitioning, high inter-class convergence for information extraction, and strong
anti-inter-class disturbance capability, providing excellent fuzzy information ex-
traction ability.

For performance comparison, different methods are applied to extract fuzzy
information from each group of samples, analyzing extraction accuracy and
computational overhead parameters. The performance comparison results are
shown in Table 1 and Table 2 . Analysis of the results demonstrates that the pro-
posed method achieves smaller time overhead for fuzzy information extraction,
higher extraction accuracy, and superior performance compared to traditional
methods.

4 Conclusion
In big data environments, accurate feature analysis and extraction of fuzzy in-
formation, rapid mining of required data information, data integration, and
achievement of information sharing and accurate link transmission are crucial.
This paper proposes a fuzzy information extraction method based on an im-
proved chaotic partition algorithm by utilizing the random clustering and anti-
disturbance properties of chaos. The Lorenz chaotic attractor is used for big
data chaotic partitioning, fuzzy information extraction is implemented in the
reconstructed phase space, and dimensionality reduction is performed on the
extracted high-dimensional data. The research demonstrates that the proposed
method can improve the accuracy of fuzzy information extraction, reduce com-
putational overhead, and provide strong anti-inter-class interference capability
with superior performance.
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