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1. Introduction

Abstract

The action of a character is composed of a 3D matrix of 20 three-dimensional
coordinate points. The 20 points are the coordinates of the bones of the character's
body. I divided the 1,000 data into four types of character actions. Now | use the
Naive Bayes model and the linear Gaussian model to analyze the human skeleton
coordinates, and judge which model is more suitable for human skeletal action
prediction through the accuracy of the test set and the results of the confusion ma-
trix. Of course, We can also use the character Actions are divided into more cate-
gories. We can capture specific actions to determine the behavioral state of the
characters, and identify actions that endanger others. In the security field, this be-
havioral state of characters can help identify dangerous rioters so that we can take
precautions in advance.
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In this experiment, the character action data set is used. Each datum has 20 three-dimensional coordinates of bones.

In order to make the relationship between each coordinate, I used numerical numbers. Now | show the physical rela-
tionship represented by 20 points in the data, each variable has a three-dimensional coordinate, and a total of 60 va-
riables show the skeleton model of a person. We connect 20 bone coordinates through the relationship of line segments,
which is a model composed of human actions [1]. Now | have divided the data into four categories: "hands up", "right
arm on the side", "squat down™ and "right arm in front". I have divided more than 2000 data into four types. If there are
hundreds of actions and postures in the real security and defense situation, but for the sake of faster data calculation, the
four types of data are enough to allow us to complete all the experimental purposes [2]. Now | use coordinate graphics
to show the basic data model of the character.
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(1) 20 point human skeleton

Figure 1 is the graphical representation of the first data of 2000 data, which is composed of 20 points. We can see the
figure of a person. In order to show the relationship between each point and show the action of the person more clearly,
| used a straight line to connect the corresponding bone endpoints. We can clearly see the relationship between each
bone, which now constitutes a clear figure action pattern. In our dataset, data types from the histogram, According to
the column chart, we have about 2000 data, and about 500 action types of each character. Therefore, | can use Bayesian
and linear Gaussian methods to build models respectively based on these data.

2. Research Methodology/Theoretical Basis
2.1 Naive Baye Method

In the Naive Bayes model each of the 60 variables that define the body position are considered independent given the
class. The training process for this model will consist in estimating by MLE the values for the mean and variance for
each variable and class [3].

P(C = k| instance ) < P(C' = k) Hj = 120p(:1:2~,y,-, 2 | Tp(a)s Ypta)» 2P(1), C = k) (1)

EM algorithm

First, input the obtained data set. The algorithm has the initial probability of each instance, which belongs to each
class we want to cluster the instances, and the optional skeleton structure when loading comes from all data sets. The
algorithm will assume that all variables are independent in a given class (naive Bayesian model) [4]. The output of the
EM algorithm is to obtain the model and the probability distribution of each instance.

Establish a naive Bayesian model, and first use the test data set to measure the results. Each test data set consists of
four probability results, corresponding to the probability of action A, B, C, D, respectively. I find out the maximum
value of each data and make the maximum value of each data into a line graph. We can clearly see the probability of the
test set in naive Bayes. Each probability is more than 90%, which shows that it is feasible to recognize human motion
prediction with naive Bayes.

2.2 Linear Gauss principle

In the second model, we will use the linear Gaussian model and the Gaussian distribution of maximum likelihood es-
timation. One vector y contains the observations of the variable of interest, and one matrix X contains the observations
of the parent variable of Y. The two elements should have the same number of observations (i.e. rows). The output is a
list containing estimated beta values and Gaussian standard deviations. The input of the function model is an example of
the data set and model. The function calculates the logarithmic probability, receives a logarithmic probability vector and
outputs a vector of the same size. Its value is between [0,1] and adds up to 1.Same as the Bayesian model, but we cal-
culate the mean based on beta and parent variables according to the following formula:

p(@i | Tp(s)s Yp(i)» 20y, C) = Normal (Bo1 + Bu1Zy() + Ba1¥pti) + B312p(i); ) (1)
(Y | Zp(i)s Yp(i)» Zoi)s C) = Normal (B2 + Biazp() + Baaypi) + Bs22p(); o) (2)
p(2i | Tp(i), Yp(i)s 22p(i), €)= Normal(Bos + Bis@p(s) + Bastpr) + Paszpaio”)  (3)

3. Results and discussion

3.1 Cross validation to select the optimal model parameters

This evaluation validates our model and allows us to continue evaluating them performance. The confusion matrix
highlights the differences [5]. All instances of class 2 are correctly classified. However, 3 instances of class 1 are pre-
dicted to belong to class 3, and 25 instances are predicted to belong to class 8. In addition, 48 instances of class 3 are
predicted to belong to class 8, and 21 instances of class 8 are predicted to belong to class 3. The cross-validation func-
tion is described above. For this test, the provided datasets were used sequentially as training and validation sets. Then
extract the best model and use the validation dataset as a testset. Compare to beta and sigma stored in model_lg. Their
differences are compared with 1e-10. With this, we know that our model is at least as good as 1e-10. The models pro-
vided are similar. Since the dataset was shuffled, the function did not output the same model when cross-validating
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twice, resulting in different accuracies on the validation set.

3.1.1 Bayesian model

The Bayesian model data set is best training model is selected by cross validation, and its accuracy is calculated. The
plain Bayesian classification model does is to classify the dataset into labels with the largest posterior probability
among n labels based on the prior probability based on the minimum error rate Bayesian decision principle. Finally, we
can see the training results through the confusion matrix.

Confusion matrix of optimal Naive Bayes model
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(2) Bayesian confusion matrix

Bayesian model cross-validation is helpful to extract better models than the previous models learned from the entire
data set, using the optimal parameter detection results can be easily found from the confusion matrix, from the overall
color distribution can be seen that the overall effect is very good, but in more than two thousand data, the judgment er-

ror 61 times, it is obvious that from here we also need to improve the accuracy of the model again, in order to make the
action prediction model more accurate.

3.1.2 Gaussian model

The confusion matrix can be used to observe the performance of the model on each category, and the accuracy and
recall of the model corresponding to each category can be calculated. Through the confusion matrix, we can observe
which categories are not easy to distinguish directly, and visualize the model classification.

Confusion matrix of optimal Linear Gaussian model
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(3) Gaussian confusion matrix

As shown below, the second model classifies all the instances in the entire dataset, and by comparison, we can easily
see that the second trained model produces better accuracy. | must also point out that none of these naive Yes models
can beat any linear Gaussian model [6]. From the confusion matrix species of more than 2000 data, in the linear Gaus-
sian model species only 15 data prediction error, such a performance has been very good, the Bayesian model accuracy
rate is only 97%, but linear Gaussian model accuracy rate reached 99.26%, with a high accuracy prediction as the basis,
the prediction action is safer.

4. Conclusion

Through the comparison of the two models, the linear Gaussian model is more suitable for the human skeleton coor-
dinate posture recognition in this experiment, and the accuracy rate has reached nearly 97%. This accuracy rate is
enough to complete the prediction of human movements, which will help us in many application scenarios in the field
of human security and camera recognition. When the coordinate data of human movements are read through infrared
devices or graphic recognition sensors, we can more accurately judge whether a person's action posture is a safe action
or a dangerous action through model classification and recognition. In our laboratory, we have proved that the linear
Gaussian model has better accuracy than the naive Bayesian model. The linear Gaussian function considers the parent
variable. This information is essential to produce better results and make better predictions. However, Na 1 ve Bayes is a
simpler model. If the relationship between variables is unknown, it can be used safely. Cross validation is a good tool
for extracting better models. Finally, we got a linear Gauss action recognition model with an accuracy rate of 99.26%,
which can effectively complete the campus early warning security model. Of course, this is only a corner of the action
recognition field. In other fields, I believe that with such a high accuracy rate of action recognition model as the basis, it
will certainly have excellent performance in other fields.
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