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ABSTRACT. Big data analytics has developed rapidly in recent years and data mining
has been a positive driver for development in all areas, but data in many areas is gross-
ly unbalanced, and there are still many limitations to current research on classifying big
data. To solve this problem, the study uses the K-means algorithm based on class distinc-
tion to approximately reduce the dimensionality of the data, and the untracked Kalman
filter (UKF) algorithm with an adaptive traceless Kalman filter (Sage-Husa) to reduce
the noise of the data. The noise-reduced and dimension-reduced data were obtained to
improve the random forest algorithm (K-U-S-H-RF). However, during the study of clas-
sifying low-dimensional unbalanced data using K-S-H-RF, it was found that the random
forest algorithm did not take account of the actual step-by-step of the data set and was
not effective in classifying the data. For this reason, the study introduced cost sensitivity,
cost error calculation for decision trees as well as voting. Random forest is parallelized
with MapReduce idea to achieve optimum of K-S-H-RF. Then the study constructs an
imbalanced big data classification model based on improved random forests. The model
can effectively classify unbalanced big data and provide a new path for big data applica-
tion in more fields, which has a positive effect on the development of the big data era.
Keywords: Improved RF algorithm, Unbalanced data, Classification recognition

1. Introduction. The exponential rise of data in the network as a result of the quick
advancement of information technology has steadily drawn attention to big data applica-
tions. Big data is a body of information that has grown beyond what can be acquired,
stored, managed, and analyzed by conventional technology. Data removal for traditional
relationships also includes unprocessed data such as videos, web pages, documents, au-
dio, and emails that do not have a structural or semi-structural schema [1]. In the age
of big data, data mining, which is the process of extracting meaningful information from
incomplete, enormous, noisy, ambiguous, and random data, is a significant technology [2].
Many of these fields have seriously unbalanced data. The number of samples belonging
to different categories is very different. Traditional machine learning methods usually use
the global classification accuracy as the training target, and the performance in unbal-
anced data mining is not ideal [3]. The classification problem is an important problem
in data mining. Imbalanced data classification can be widely used in credit card fraud
detection, medical diagnosis, spam classification, information retrieval, text classification,
smoke image detection, mechanical equipment failure prediction and other application
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fields [4]. There are many algorithms for classifying unbalanced data. At present, algo-
rithms such as logistic regression, K-nearest neighbor classifier, random forest (RF), and
Adaboost are relatively mature. One of the RF algorithms uses the concept of ensemble
learning to integrate many trees, and the basic unit is the decision number [5]. In order
to improve the RF algorithm and create a new algorithm, the study employs the K-means
algorithm based on class distinction to roughly reduce the dimensionality of the data. It
then combines the UKF algorithm with an adaptive traceless Kalman filter (Sage-Husa)
to reduce data noise (K-U-S-H-RF). The study introduces cost-sensitive and MapReduce
ideas to parallelize the RF and achieves optimization of K-U-S-H-RF. Synthesizing this,
the study constructs an imbalanced big data classification model based on the improved
RF. It is able to classify imbalanced big data effectively, provide technical support for
data mining in various fields, and has a positive effect on the development of the big data
era.

The main contributions in this study are as follows: 1) A dimensionality reduction
method for calculating class differentiation is proposed; 2) An improved K-U-S-H-RF
method is proposed to estimate costs more accurately; 3) K-U-S-H-RF algorithm was
designed in parallel by using MapReduce programming idea. The main research contents
in this study are the following. Firstly, aiming at the redundancy among features in high-
dimensional unbalanced data set and the few ignored strong correlation features, K-means
is used for feature clustering. The classification and differentiation of various character-
istics of cocoon were calculated. Secondly, a cost-sensitive RF classification algorithm is
proposed. The cost function is constructed according to the actual distribution of unbal-
anced data set, and the weight is introduced into the cost function. Thirdly, using the
idea of MapReduce, parallel design of cost-sensitive RF algorithm is carried out. Triple
parallel design is carried out in the modeling process of base classifier.

2. Related Works. In the era of big data, enterprises in various fields need to mine
and analyze data to formulate development strategies. However, these massive data often
have characteristics such as imbalance and high dimensionality. Scholars are increasingly
interested in learning how to store, extract significant information from data, and classify
data. To address the issue of an inaccurate classification learning algorithm caused by
an imbalanced sample set of data used in medical diagnosis applications, Han et al. [6]
accurately divided the minority samples according to the position of the minority sam-
ples, and synthesized the minority class (Mi C) samples by using the distribution-sensitive
sample synthesis method, and proposed a method: distribution sensitive imbalanced da-
ta oversampling algorithm. To process the fault data of motor rolling bearing diagnosis,
Hang et al. [7] used principal component analysis (PCA) to reduce the data dimension,
and then used the oversampling technique (SMOTE) algorithm to classify and synthesize
the unbalanced data. Based on the financial data of A-share listed companies in Shang-
hai Stock Exchange, Cong [8] used the Hellinger distance-based random forest algorithm
(HDRF) and HDDT-based classifier to form an integrated method to mine and analyze
a large amount of financial data. Pant et al. [9] found that dual support vector machines
(TWSN) are often used for learning in imbalanced datasets, but are not suitable for large
datasets. In search of a more suitable method for big data processing, a twin neural net-
work (Twin NN) architecture for learning from large unbalanced datasets was proposed.
Guha and Veeranjaneyulu [10] used the fuzzy c-means algorithm to sample the classifier,
and used the clustering method and GA-based artificial neural network to predict the
probability of company bankruptcy by considering different factors. In order to address
the problem that traditional data analysis algorithms found difficult to effectively mine
features and automatically produce accurate data when evaluating enormous multi-source
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heterogeneous data at the limit of rotation, Yan et al. [11] proposed an automatic learning
model using deep belief network (DBN), and accurately identify the rotor imbalance fault
in the fault state.

The random forest (RF) algorithm is an integrated learning algorithm based on a de-
cision tree-based learning model. It has high classification performance, which is widely
used in research in various fields. Balli et al. [12] employed smart watch sensor data and
RF algorithms to gather and classify human mobility data, and timely avert hazardous
situations in tracking users. Their research target was the detection of human motion
data in the sectors of medical care, fitness, and geriatric care. The security risk index
and variable weights were calculated using the RF algorithm by Chen et al. [13]. They
then used the method’s model parameters to evaluate and forewarn against the security
risks associated with large-scale group activities. Finally, the evaluation effect was verified
through experiments. Georganos et al. [14] proposed a new RF geographic implementa-
tion, geographic random forest (GRF), for RF algorithms that cannot solve the spatially
heterogeneous processes. Ao et al. [15] proposed a linear random forest algorithm to solve
the problems of high cost and time-consuming direct measurement of formation proper-
ties. The benefits of the linear random forest technique in the well logging regression
modeling were validated through investigation of its application in the model, and pro-
vided a more reasonable way for the further practice of the well logging regression model.
Liang et al. [16] took African swine fever (ASF) outbreak data and WorldClim database
meteorological data as the research object, combined the best feature selection method
with RF, studied the relationship between ASF outbreak and weather, and predicted the
outbreak. Based on this, a new ASF outbreak prediction model was constructed. Fitri et
al. [17] used the RF algorithm to analyze the sentiment of the dynamic data published in
social media, and compared the analysis effects of the Naive Bayesian algorithm and the
decision tree.

It can be learned from the above that there are many studies on classification processing
and RF of unbalanced big data with wide applications, but the improvement of traditional
RF algorithms applied in big data applications is not perfect. The study uses K-means
and UKF algorithms with Sage-Husa to optimize the RF algorithm to obtain the improved
K-U-S-H-RF and introduces cost-sensitive and MapReduce ideas to parallel the random
forest. The improved K-U-S-H-RF algorithm is applied to imbalanced big data processing
to classify high-dimensional imbalanced data and improve the recognition rate of few

classes, which is of great significance to data mining and analysis in various industrial
fields.

3. Construction of Big Data Classification Model Based on Improved K-U-S-
H-RF.

3.1. Data processing and classification model construction. There is redundan-
cy between features in high-dimensional unbalanced datasets. It is very easy to ignore
the problem of strong correlation features of Mi C [18]. The research uses the K-means
algorithm and class discrimination to reduce the dimensionality of high-dimensional fea-
tures and screen out effective and low-dimensional subset data. The K-means clustering
algorithm first needs to select the initial cluster centres, then classify all data points, and
finally keep adjusting the cluster centres in an iterative loop [19]. The K-means algorithm
performs approximate dimensionality reduction on high-dimensional features as shown in
Figure 1.

First, mark most categories and few categories separately, and characteristic attribute
K is selected as the cluster center, and all attributes are divided into the cluster center
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FiGURE 1. K-means clustering algorithm reduces the dimension of high-
dimensional features.

according to the principle of the shortest distance, as shown in Formula (1).

win {[[X — Zi(k)[ i = 1,2,.... K} = | X — Z,(k)|| = D, (k) (1)

In Formula (1), Z;(k) is the cluster center. K is the number of cluster centers. k indicates
the number of clusters already clustered. After iteration, continue to calculate the distance

from all points to the cluster center, and recalculate the cluster center according to the
feature points in each cluster, as shown in Formula (2).

1
7 xes;(k)

X, j=1,2,....K (2)

In Formula (2), if the new cluster center is equal to the previous cluster center, the
algorithm converges and the calculation ends. To reduce duplication, improve similarity
within the cluster, and decrease similarity between clusters, all features are classified into
k clusters using Formulas (1) and (2). The mutual information representation regarding
the category’s features is shown in the following Formula (3).

P (tk, Ci)
MI (ty,c;) = log ————+— 3
(t, ci) P o) P () (3)
In Formula (3), t is the attribute feature and ¢; is the feature category. After the features
are clustered according to the similarity, each characteristic in the clustering cluster has
its class discrimination degree calculated, and Formula (4) can be obtained by combining
Formula (3).
P (ty, c:) P (tx, c;) .
a = |MI (t, c;) — MI (t,,c;)| = |log . —log L, i#j (4
[MI (te. ) = MI (13, ;)] = |log 5 S5 =108 55 570 )
The degree of discrimination between the two categories is obtained by Formula (4). The
degree to which a characteristic is classified into a category differs from its mutual infor-
mation in the Mi C. The stronger the discrimination ability increases with the increase of
differences. The importance of each feature in the cluster is sorted according to the degree
of class discrimination, and the feature with the highest degree of class discrimination in
the cluster is screened out, such as Formula (5).

CDHI,, = max |MI (ty, c¢;) — MI (tg, c;)| = max |af

()
In Formula (5), n is the number of clusters. After obtaining the class discrimination of each

clustering data set, the features are deleted with small discrimination, and the features
that are beneficial to the Ma C are selected. After filtering, the dimensionality-reduced
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FI1GURE 2. Data noise reduction process of UKF algorithm and Sage-Husa

data is obtained. After reducing the dimensionality of the data, the study combined the
UKF algorithm with the adaptive unscented Kalman filter (Sage-Husa) to denoise the
data. The noise reduction process is shown in Figure 2.

The UKF algorithm performs UT transformation on the nonlinear filter near the esti-
mated point, and first generates the Sigma point. The generation process is as Formula

(6).

X, = X, i=0
Xi:X+<\/(n+)\)P>., 1=1,2,....n (6)
Xi:X—< (n—i—)\)P)', i=n+1,...,2n

In Formula (6), X is the Sigma point, n is the vector dimension, P is the variance, and
A is the scaling parameter. The weight after getting the point is shown in Formula (7).

( 0 A
wmin—l—/\
A
w2:n+/\+(1—a2+ﬁ), 1=1,2,...,2n (7)
i i A
w =W = ————
L " © 2(n+A)

In Formula (7), w,, represents the average weight, w. represents the covariance, § repre-
sents the non-negative weight coefficient to be selected, and « represents a fixed parameter,
generally set as [0, 1]. The state probability density function can be obtained by perform-
ing nonlinear mapping on the mean value and variance of the Sigma point set prediction.
The following Formula illustrates the UKF nonlinear system (8).

{ X(k+1) = fz(k), W(k))
Z(k) = h(x(k),V(F))

In Formula (8), f is the nonlinear filling equation function, A is the nonlinear observation
equation function, W (k) and V' (k) are Gaussian white noises of two covariance matrices.
The UKF algorithm is combined with the Sage-Husa filter to form the AUKF algorithm.
The adaptive filter corrects the noise in real time while using the system for filtering and
noise reduction. The data is input into the Sage-Husa adaptive noise estimator, and the
recursive process is shown in the following Formula (9).

(8)
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( 2n
Prot = (L= dgr) Qi + dist | Zer — > W' X' (k + 1[k)
1=0
1-5b
dk—}—l == m (9)
Qi1 = (1 — dys1) Qr + diia (Kkprerch Kby + Pra)
L Ck+1 = Zgy1 — Zk+1

In Formula (9), € is the prediction error of the measurement result. b is the forgetting
factor. After preprocessing the data, the imbalanced data is classified. The purpose of
classification is to formulate a series of rules to accurately predict the category of new
data, and there are a lot of unbalanced data in real life [20,21]. After reducing the dimen-
sionality and noise of the data, the RF algorithm is used to classify the data. The RF
algorithm trains, classifies, and predicts data using multiple decision trees. In the process
of data classification, the weight of each variable is evaluated. The research introduces
cost-sensitive learning to reduce the overall misclassification cost and address the imbal-
ance issue in addition to the RF algorithm’s improved ability to avoid over-fitting. Figure
3 depicts the RF algorithm’s basic idea.
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FI1GURE 3. Schematic diagram of random forest

Before modeling, the Bagging method is used to extract sample sets with replacement
and generate non-training sample sets that are different from each other. Then all feature
spaces are screened, and the selected sample subsets and feature subsets are used to
construct decision trees. First, the samples are trained, and the information gain rate is
studied for attribute splitting. The information entropy of the sample subset is shown in
the following Formula (10).

E<S) = Zpi 10g<pi> (10)

In Formula (10), p; is the probability of the ith subset in the sample. The expected entropy
after splitting is shown in Formula (11).

E(S,A)= )

vEX 4

S|
5]

E(S,) (11)
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In Formula (11), A is the selected feature, and S, is the data sub A-block of size in the
feature in the data set v. The information gain of attribute to data set is as Formula (12).
Gain(S,A) = E(S) — E(S, A) (12)

Combined with Formula (12), the information gain rate can be obtained as Formula
(13).

Gain(S, A)
split_inf o4 (D)
In Formula (13), split_inf 04(D) is the split information, representing the entropy of the
training D set A. The split information formula is as Formula (14).

| Dl | Dl
D] % D

Gain_ratio(S, A) = (13)

v
split_infos(D) = — Z
j=1
Combining the above operations, after selecting attributes according to the selection
principle for splitting, a decision tree model is constructed, such as Formula (15).

H(z) = argmng[ [hi(z) = Y] (15)

log (14)

In Formula (15), y is the classification result of the decision tree and () is the indicator
function. The test samples are voted on by all of the decision trees. The test sample’s
category label is determined by the category with the greatest aggregate score among all
of the base classifiers that participated in the voting.

3.2. Classification model construction based on improved K-S-H-RF. The tra-
ditional K-S-H-RF algorithm needs to vote for the test samples as in all decision trees,
and the base classifier with poor classification performance has a greater impact on the
final result [22]. In order to address the imbalance issue for this study, cost sensitivity is
introduced. However, because the traditional cost function construction uses Euclidean
distance to calculate the sample distance rather than taking account of the actual dis-
tribution of the data set, the classifier’'s performance is less than ideal. Therefore, the
misclassification cost is introduced in the attribute splitting of the decision tree, and the
cost factor is constructed on how the samples were really distributed, and the average
value of each feature column is taken, and the data set is expressed as a matrix, such as
Formula (16).

Typ - Tim C

: . (16)

Tn1 *° Tpm C
In Formula (16), ¢ represents the category, the columns in the matrix are the character-
istics of each data, and the rows represent the data samples. The calculation formula of
the Ma C center is displayed in the formula below.

1 n
n;w (17)

The center of the Ma C is obtained by Formula (17). Similarly, the center of the Mi C
and the entire data set are calculated using the same method. After obtaining the category
center, calculate the weight distance from the center to the center of the entire dataset.
The information gain is used to measure the importance of each attribute in the Mi C
and the Ma C. The formula is shown in the following Formula (18).
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IG (g, ¢;) = Z Z P(z,c)log ————~ P(z,c) (18)
ce{ci,c;} xe{zy, K} ( ) ( )

In Formula (18), P(x,c) represents the probability of ¢ including a feature in a category
x, the probability p(c) of a category ¢ in the total data, and the probability of p(x) is a
feature in a data set x. All the features are got by using Formula (18) to generate weight
vectors in the Ma C and the Mi C, and add the respective weight vectors when calculating
the weight distance between the category and the training set. The weight distance is
shown in the following Formula (19).

d; = Z w; (Ayj — (19)

In Formula (19), w; is the weight value of the feature in the Ma C, A;; is the category
center of the Ma C, and A is the center of all sample sets. Similarly, Formula (19) is used
to calculate the weight distance between the minority samples and the center of the data
set. Coefficients for each category are defined. The formula is displayed in the formula

below. .

Z §=0 N;
N;
In Formula (20), the unbalanced data set is N. N; is the number of data points in each
category. Formulas (19) and (20) are combined to construct a cost function. The cost
function is shown in Formula (21).

Yi = (20)

( d/
Vik =, di < d!
& )
d’
Flee)) =q vix =5 di<djf (21)
0, i=j
L a=a

In Formula (21), d} is the weight distance d between the category center and the center
of the entire data set. ¢; and ¢; are the weight distance from the center of the entire data
set. In the original data set, the Bagging method is used to extract sample sets to obtain
different sample spaces.

The feature m is from the feature space of each original dataset. Calculate the cost
reduction value, as shown in Formula (22).

Rec = Mc— Z Mc(A;) (22)
i=0
In Formula (22), Rec is the cost drop value generated after splitting, Mc is the cost
without splitting, and A; represents the feature. The final misclassification cost of the
split point in Formula (22) is shown in Formula (23).

> " Me(A;) =n* FP - (FP*ZnZ—irFN* > pz) (23)
=0 i=r+1
In Formula (23), n is the number of the Ma C, and P is the number of the Mi C. After the
descending value is obtained, the largest descending value is selected each time to split
the node. Finally, a decision tree classifier is generated. In the base classifier composi-
tion stage, for unbalanced data, each decision tree uses the AUC value for performance
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evaluation, uses the AUC value for weighted voting, and assigns the obtained weights to
the base classifier. Finally, the output formula of the RF classifier is obtained, such as
Formula (24).

H(z) = arg max} apl [hi(z) = ] (24)

In Formula (24), hy, represents the decision tree model, I( ) represents the indicator func-
tion, and ay, is the voting weight of the decision tree. The traditional RF algorithm does
not adopt a parallel method in building the base classifier. The slow efficiency of RF
building results from the requirement to wait for the training of the preceding classifier to
be finished before training the next model. When solving big data problems, it seriously
affects the performance of the algorithm. Therefore, the parallel design of the algorithm
is studied. The idea of MapReduce is introduced into the study. In the RF, each sub-
model is regarded as a “sub-problem”, that is, the Map process. The establishment of all
base classifiers is completed in the Map process, and there are two parallel processes for
attribute splitting. Reduce summarizes the base classifiers obtained in the Map process,
writes each base classifier to the distributed file system, and completes the modeling of the
final integrated classifier. After all decision trees are constructed, the Out-of-Bag samples
of each decision tree are tested to obtain the AUC values. Then the voting process is
weighted for a number of Map functions here, and the weight values are counted using
the Reduce process to obtain the categories predicted by the samples. The flow of the
study’s classification algorithm for imbalanced big data is shown in Figure 4.
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F1GURE 4. Unbalanced big data classification algorithm flow

In Figure 4, MapReduce encapsulates the function of realizing distributed computing.
Users only need to process input data. The MapReduce distributes tasks to different work
nodes for execution. The algorithm is defined by two functions, namely, Map function
and Reduce function. In this paper, in the MapReduce framework, the establishment of
decision tree is parallelized twice. The construction process and the split feature selection
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process are completed in the Map task, including the establishment of base classifier and
the two parallel processes of attribute splitting. There is also a parallelization in the final
voting process, because the voting of each decision tree is also independent of each other
and does not interfere with each other. Finally, it is summarized in the Reduce process.
Each base classifier is written to the distributed file system to complete the modeling of
the final integrated classifier. Integrating the above, the study uses K-means and class
distinction to achieve approximate dimensionality reduction for high-dimensional data.
The cost-sensitive and MapReduce ideas are introduced to improve the random forest
algorithm to identify imbalanced data. An imbalanced big data classification model based
on the improved random forest algorithm is constructed to achieve the mining and analysis
of high-dimensional imbalanced data.

4. Performance Analysis of Classification Model Based on Improved K-S-H-
RF Algorithm. With the advancement of science and technology, people’s ability to
obtain stable data has been greatly improved. Classification is one of the tasks in the field
of data mining, which is the process of extracting hidden information from a huge amount
of data. Data used in the experiment are obtained from UCI database with four data sets:
Amazon_initial, 20-Newgroups, waveform and Covtype. Amazon_initial contains 10,000
features and 50 categories, which are selected to accumulate as a minority class and the
rest as a majority class. 20-Newgroups is a set of high-dimensional samples frequently used
by text, with a total of 19,997 sample points and 100,000 features. 20-Newgroups contains
20 category tags. Waveform contains 15,000 data sets and Covtype data set contains
28,000 sample numbers. In the data set, there are relatively few important features. It
is unfair to calculate the construction cost of Euclidean distance from the class center
to the whole data set. This paper introduces weight distance and uses information gain
to measure the importance of each attribute in majority class and minority class. The
calculation method is shown in Formula (25).

IG (zh,¢;) = Z Z (x,c logm (25)

ce{ci,ei} we{wy,zr}

In Formula (25), ¢; represents the feature, and the information gain of the feature is IG.
The size of the IG value is proportional to the amount of contribution that the feature
provides to the classification. In this paper, the information gain value is used to rank
the features. Then the weights are assigned according to the ranking results.

To realize the efficient classification of HAUD, the study uses K-means combined with
a class discrimination algorithm (CDHI) to make HAUD less dimensional and uses the
improved RF algorithm to classify the data, thus constructing an imbalanced big data
classification model based on improved RF algorithm. To verify the dimensionality re-
duction effect, its performance was measured by the AUC value. The CDHI algorithm
was compared with traditional feature selection algorithms such as (chi-square detection)
CHI algorithm, information gain (IG) algorithm, and mutual information (MI). Select
two classifiers, NB and RF, and use the CDHI algorithm to select AUC values with dif-
ferent numbers of features in each feature cluster for comparison. The details are shown
in Figure 5.

From Figure 5(a), with the increase of the number of feature samples, the AUC values of
each algorithm have increased. When the number of features is 100, the CDHI algorithm’s
AUC value is 0.800, the IG algorithm’s AUC value is 0.780, which is 0.020 less than that
of the CDHI algorithm, the MI algorithm’s AUC value is 0.776, which is 0.024 lower
than that of the CDHI algorithm, and the CHI algorithm’s AUC value is 0.657, 0.143
less than that of the CDHI algorithm. When the number of feature values is 1500, the
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F1cURE 5. Comparison of AUC values

CDHI algorithm’s AUC value is 0.902, the IG algorithm’s AUC value is 0.839, 0.063 less
than that of the CDHI algorithm, and the MI algorithm’s AUC value is 0.825, which
is 0.077 lower than that of the CDHI algorithm, and the CHI algorithm’s AUC value is
0.728, which is 0.174 lower than that of the CDHI algorithm. The classification accuracy
of the CDHI algorithm is higher, and the classification performance is better than other
algorithms. From Figure 5(b) that CDHI-RF1 and CDHI-NB1, CDHI-RF2 and CDHI-
NB2 are the features with the largest class discrimination in each cluster, as the number
of clusters increases, the features themselves will have interference from non-strongly
correlated features. Therefore, CDHI-RF2 and CDHI-NB2 with a large number of features
will change from a higher AUC value to a slightly lower value at the beginning in CDHI-
RF1 and CDHI-NB1. Based on the above content, it can be seen that the CDHI algorithm
has a good classification performance in feature selection, and the number of features also
affects its classification effect.

In order to compare the noise reduction effects of the AUKF and UKF algorithms and
compare the filter trajectory and deviation under the conditions of true air speed and
drift angle, the research compares the noise reduction effects of the data using the AUKF
and UKF algorithms, as shown in Figure 6.

From Figure 6, the filtered curve is smoother. The two algorithms are effective for data
noise reduction processing, among which the UKF filter curve deviates more from the
original data track than the AUKF filter curve. It can be seen from the two figures of
Figures 6(c) and 6(d) that the deviation of AUKF is smaller, and the change range is
not large. The filter deviation is maintained between 3.5 and 3.7 at true air speed, and
the deviation value is 0.2 in the case of bias angle. It fluctuates between 0.5 and UKF
deviation value which is constantly changing with the increase of the number of features,
and the range of change is very large. The filter deviation remains floating between 3.6
and 6.7 at true air speed, the deviation value variables between 0.4 and 1.5 under the
condition of bias angle. The results showed that the data processed by AUKF is more
accurate and trustworthy because it is closer to the genuine value.

Next, the study introduces root mean square error (RMSE), signal-to-noise ratio (SNR)
and smoothness (R) to evaluate the noise reduction effect, as shown in Table 1.

The data in Table 1 shows that in both cases, the SNR obtained by UKF is smaller than
that of AUKF, the root mean square error is larger than that of AUKF, and after filtering
by UKF, the smoothness of the data is larger than that of AUKF. The comprehensive
comparative analysis of the data shows that the AUKF selected in the study can retain
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TABLE 1. Evaluation of noise reduction effect

Evaluation criteria Va:g}r{anelomty gi?i;mg El}alzl;l ngle ﬁltg;?g
RMSE 1.4965 10.5432 0.5689 1.6895

SNR 61.5874 44.6895 32.4698 23.5692

R 1.4689 8.3245 1.6948 3.4597

more effective data information after processing the original data, and can reduce the
noise of the data.

The classification model before and after introducing cost sensitivity is explored when
the degree of data imbalance is 1 : 25 and 1 : 50 to confirm the validity of introducing
cost sensitivity in the process of utilizing the RF algorithm to classify imbalanced data
after dimensionality reduction. Figure 7 illustrates a comparison of the recognition effect.

From Figure 7, before and after the introduction of cost-sensitivity, as the degree of
imbalance increases, the small class recognition rate solution gradually decreases. When
the imbalance ratio reaches 1 : 25, the model before the introduction of cost-sensitivity is
64.8%. The recognition rate of the small class is 63.2%), and the recognition rate of the
model after the introduction of cost sensitivity is 78.5%. The comprehensive comparison
shows that after the introduction of cost sensitivity, the RF algorithm is less affected
by the degree of data imbalance. The recognition rate of small classes is also increased.
In terms of recognition rate and generalization performance, it performs better than the
conventional RF algorithm.

For further verification research, the accuracy rate, recall rate (Re), execution time,
and AUC value are introduced to evaluate the model performance. Four imbalanced da-
ta sample sets with unbalanced class distribution were selected and classified using the
improved K-U-S-H-RF imbalanced big data classification model (Model 1) and the more
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FIGURE 7. Scatter chart of recognition before and after introducing cost
sensitivity under different balances

TABLE 2. Comparison of classification of four models

Accuracy

Re

Execution time

Project | Dataset SN (%) (%) AUC (ms) F-measure
1 94.586  |91.132]0.802 4085 0.825
Model 1 2 93.565  92.468 | 0.8H4 3729 0.846
3 92.973  91.985|0.824 4156 0.878
4 94.051  {92.069 | 0.896 3943 0.849
1 90.589  |88.4690.785 19454 0.796
Model 2 2 90.238  |87.285(0.759 18796 0.785
3 89.568  |88.0230.792 19632 0.768
4 89.569  |89.464|0.774 20110 0.694
1 89.379  |88.233|0.798 19584 0.699
Model 3 2 88.958  |87.6920.658 20115 0.692
3 90.023  |86.985| 0.691 21054 0.701
4 88.491  [86.9990.725 20036 0.658
1 88.269  |87.456|0.721 21058 0.669
Model 4 2 89.465 |86.987(0.695 22345 0.667
3 90.369  |87.263|0.693 21937 0.682
4 91.466  |88.021|0.701 22018 0.701

commonly used classification models, including convolutional neural network-based classi-
fication model (Model 2), integrated neural network-based classification model (Model 3),
and linear analysis-based classification model (Model 4). All four models were computed
in parallel using MapReduce. The results are shown in Table 2.
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From Table 2, the Model 1’s average accuracy is 93.80%, and the Model 2’s average
accuracy is 89.99%, which is 3.81% lower than Model 1. The Model 3’s average accuracy
is 89.21%, which is 4.59% lower than Model 1. The Model 4’s average accuracy rate is
89.89%, which is 3.91% lower than the recognition and classification accuracy rate of
Model 1. For other evaluation values, the value of Model 1 is greater than that of the
other three models. Therefore, Model 1 has better performance and can better classify
unbalanced data.

5. Conclusion. With the rise of big data, all kinds of tools in daily lives are getting more
intelligent. Economic development is also accelerated through data, and data mining is an
essential research area. However, there is usually a serious imbalance in the data in vari-
ous fields. To achieve the dimensionality reduction of high-dimensional unbalanced data,
the study uses the K-means clustering algorithm based on class distinction to reduce the
dimensionality of the data, and combines the UKF algorithm and Sage-Husa to improve
the RF to obtain the improved K-U-S-H-RF algorithm. During the study, it was found
that the K-U-S-H-RF algorithm did not take account of the actual step-by-step of the
dataset and did not work well in classifying the data. For this reason, the study introduced
cost sensitivity, cost error calculation for decision trees as well as voting, and parallelized
random forests by introducing MapReduce ideas to achieve optimization of the algorithm.
Overall, the study constructs an imbalanced big data classification model based on im-
proved random forests. The experimental analysis shows that the average recognition
classification accuracy of Model 1 is 93.80%, the AUC value is 0.844, the Recall value
is 91.91%, the average running time is 3978 ms, and the F-measure value is 0.850. The
model constructed in the study can accurately and effectively classify high-dimensional
unbalanced data. The research model performed well while categorizing vast volumes of
data; however, there is opportunity for speed enhancement, which can be investigated
in future studies. In unbalanced big data classification, the selection of appropriate fea-
tures is crucial for classification performance. The research may not fully consider the
correlation between sample imbalance and features. In the future, new feature selection
and feature combination methods can be explored to improve the performance of random
forest algorithms in unbalanced big data classification.
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