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Abstract: This study proposes a machine learning (ML) framework to overcome emotion recognition chal-
lenges in classroom environments, where high facial expression similarity and complex postural backgrounds
hinder the accurate analysis. First, the histogram of oriented gradients (HOGs) was used to extract seven facial
expression features. Second, comparative analysis of six ML algorithms identified support vector machine
(SVM) as the optimal classifier. Third, grid search with cross-validation enhanced SVM’s recognition perfor-
mance by 13.9% accuracy, 11.3% precision, and 13.8% recall improvement. Fourth, students’ facial expressions
were recognized using HOG and the optimized SVM during eight course tasks. A classroom teaching effect
evaluation model was constructed to predict students’ learning concentration scores according to the positive
degree of different facial expressions. Absolute error, relative error, scatter, and violin plots all demonstrate
that the predicted concentration score is strongly linearly correlated with actual mission score and final grade;
mean absolute errors were 1.95 and 3.3, while mean relative errors were 2.57 and 4.42%, respectively. This
study provides a reliable new method for intervening in students’ learning concentration in advance and
fostering the quality of classroom teaching.
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evaluation model
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ERM  Empirical risk minimization
HOG  Histogram of oriented gradients
ML Machine learning

NN Neural network

SRM Structural risk minimization
SVM Support vector machine
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1 Introduction

Currently, machine learning (ML) is the closest intelligent learning method to the human brain [1]. With the

development of big data and artificial intelligence technology, today, ML algorithms have become more

intelligent and more efficient at processing various types of inventory data [2,3]. This has enabled more

and more breakthroughs in the fields of economy [4], engineering [5,6], medicine [7], and education [8,9].
Benbouras enhanced the effectiveness of artificial neural network (NN) methods by using nine hybrid

metaheuristic algorithms, which were applied for landslide mapping [10]. Wang et al. proposed a weighted

ensemble strategy hybrid method that combines intelligent optimization algorithms and ensemble learning
and can identify gang-related arson cases; they used the differential evolution algorithm to optimize the
parameters and combination weights of the classifier [11]. Westerveld et al. proposed an ML method to predict
transitions in the status of food security using transferable features [12]. Gupta et al. classified the evolutionary
pathogenic proteins of bacteria by constructing a pathogenic protein database and an optimized support
vector machine (SVM) algorithm; the constructed SVM classifier achieved an accuracy of 81.72% on the test
dataset [13]. Zidi et al. built a theft detection dataset and developed an ML-based solution for automated theft
identification [14]. ML approaches were also used to extract hidden theft detection information from smart
meter data, and the model performance could be improved by 10%. Wu and Sun proposed an ensemble
learning method based on self-adaption quantum genetic algorithm for the detection of civil aviation fatigue;
in a related experiment, a detection accuracy of 98.5% was achieved [15]. Rashid et al. proposed a vision-based

Bayesian filtering algorithm, which tracked the object as a whole rather than a point-based method [16].

Carnevali et al. proposed a graph-based method for positive and unlabeled learning, using a few positive

documents and unlabeled documents to retrieve a set of “interest” documents from a textual collection [17].
In the field of education, how to effectively capture students’ learning status and emotional feedback has

always been a focus of teachers’ attention. Traditional teaching methods often rely on teachers’ intuitive
judgments and post-class feedback. Consequently, this often has problems such as strong subjectivity and
poor timeliness. Moreover, Al is gradually penetrating into all aspects of education, bringing new opportu-
nities for supporting smarter education. In the era of AI, ML approaches for smarter education are gaining
traction. Accordingly, by ML facial expression recognition, it could be possible to better address them in the
related education environment and to better prepare construction of classroom teaching evaluation model for
smarter education.

However, the collected facial expression images are affected by many factors in the classroom such as
lighting, occlusion, distance, and the resolution of the acquisition device, all of which greatly reduce the
accuracy of algorithmic recognition. Therefore, facial expression recognition in real classroom scenarios
remains a challenging task.

Accordingly, the contributions of this article are summarized as follows:

(1) The histogram of oriented gradient (HOG) method is used to calculate the gradient direction histogram of
facial images, which is used to extract compact and discriminative high-quality expression feature vectors.

(2) The SVM with the highest accuracy for facial expression recognition is selected through the comparison of
six ML algorithm tests.

(3) Thirty-six hyperparameter combinations of SVM are optimized by grid search and cross-validation,
thereby effectively improving the accuracy of facial expression recognition.

(4) A classroom teaching effect evaluation model based on ML facial expression recognition is constructed.
Both the effectiveness and predictive performance of the proposed model are systematically evaluated
through the model-predicted concentration score, actual mission score, final grade, absolute errors, rela-
tive errors, scatter plots, and violin plots.

This article is structured as follows: The literature review is presented in Section 2, while Section 3
presents the comparison tests of six ML algorithms for facial expression recognition. Section 4 describes
the optimization process of the SVM algorithm, and Section 5 describes the construction process of the class-
room teaching evaluation model. Experimental verification and related discussion are also reported in Section 5.
The conclusion is presented in Section 6.
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2 Related works

Considerable efforts have been made to develop ML that can effectively support smarter education. Lu [18] and
Huang [19] used ML methods to predict the performance of students, which enables early intervention in at-risk
students to improve their chances of obtaining course credits. Nahar et al. explored the logical relationship between
semester grades and classroom participation using manually collected data on classroom participation, semester
grades, and accompanying tests [20]. Jong et al. proposed that an online programming system could save consider-
able manpower and costs when collecting information and data about course activities; their system recorded
useful student operation data, which they used to predict whether students will encounter learning difficulties [21].
Cardona et al. found that NN and SVM algorithms are the most commonly used algorithms for data mining in the
educational context [22,23]. Hooshyar et al. highlighted the importance of identifying all at-risk students to correctly
distinguish between negative and positive samples when predicting students’ learning effect [24]. To optimize
pedagogical preparation, Rashid et al. proposed an ML model, which used students’ past attendance records for
training to find a pattern of classroom attendance and predict the accurate class intensity on any future date [25].

Facial expressions are one of the most important ways for humans to express their own emotions and convey
emotions to others. Mehrabian proposed the famous formula of emotional expression [26], which states that about
55% of information is transmitted through facial expressions, much higher than information transmitted through
vocalization (38%) and language (7%). Facial expression recognition data can be used to analyze students’ learning
status and teachers’ teaching status; it also provides a new dimension to evaluate classroom effectiveness [27,28].
Zheng et al. made full use of both class label information and local spatial distribution information of samples and
proposed a new algorithm for facial expression recognition with discriminant ability [29]. Zhi et al. established an
optimization model based on three-dimensional convolutional NN; combined with statistical probability correlation
and adaptive subsequence matching algorithms, their model achieved the prediction of facial expressions [30].
Tseng and Chen recognized the expression changes of students by measuring the distance changes of key facial
features such as eyebrows, eyes, and mouth [31].

In addition, Zhang et al. encoded the skeleton-based action instance as a tensor and proposed a method to
evaluate students’ class state by adding action recognition [32]. Cai [33] and Yang [34] proposed comprehensive
methods to predict students’ mood in class by combining the characteristics of video action recognition and general
student behavioral recognition. Holifield et al. proposed the concept of classroom concentration, namely, active
classroom actions including reading aloud, listening to the teacher, and asking or answering questions [35]. Gaddam
et al. proposed a network using ResNet50 to classify human facial emotions using static images, which produced
better results than the existing models [36]. Lu et al. proposed a face recognition algorithm based on stacked
autoencoder and local binary pattern. The results showed that the recognition rate of the algorithm on Yale
database reached 99.05% [37]. To monitor and analyze learners’ behaviors in real time, Zhao and Qiu proposed
a dual-stream-coded image sentiment analysis method based on background actions and facial expressions [38].

In summary, facial expression recognition research is a cross-disciplinary subject that involves computer
vision, psychology, statistics, and other disciplines. At present, the accuracy of facial expression recognition in
the classroom cannot fully meet the requirements for the construction of an intelligent classroom teaching
evaluation model. In addition, how to clarify the logical relationship between variables such as students’
learning concentration score, actual mission score, and final grade, how to accurately construct a classroom
teaching effect evaluation model based on ML facial expression recognition, and how to comprehensively
evaluate such models all need further in-depth exploration.

3 Comparison of ML algorithm tests

3.1 Methodology

HOG is a feature extraction method for object detection and image classification processes. This method
divides the image into several small cells and calculates a histogram of gradient directions in each cell.
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These histograms are concatenated into a vector, which forms the feature description of the image. The
implementation steps of HOG are as follows:
S1: Image preprocessing.
S2: Gradient computation. The gradient magnitude and direction for each pixel in the image are calculated
using operators such as Sobel. The gradients at the pixel point (x, y) are represented as follows:

Gi(x,y)=H(x +1,y) - H(x - 1,y), 6
Gy(x,y) = Hx,y +1) - H(x,y - 1), )

where G,(x, y), Gy(x, ), and H(x, y) represent the horizontal gradient, vertical gradient, and pixel value,
respectively. The magnitude and the direction of gradients are denoted by equations (3) and (4):

G(%,Y) = JGx,y)? + Gy(x, )%, &)

Gy(X,)’)

: 4
G, y)

a(x,y) = tan’!

S3: Cell division.

S4: Accumulation HOG.

S5: Normalization. The histogram is normalized within each cell using L2-norm (equation (5)).
v

v = %V'z T (5)

where v denotes the histogram within a block, and € represents a small constant to prevent division by zero.
S6: Generation feature vector.

As a typical ML method, the main advantage of SVM is that it adopts the structural risk minimization
(SRM) principle. The conventional NN uses the traditional empirical risk minimization (ERM) principle. ERM
only seeks the minimum value of the training error, while SRM seeks the minimum value of the upper limit of
the generalization error, which is composed of the sum of training error and confidence. Compared with ERM,
SRM has been proved to be more effective in solving general classification and regression problems. The
implementation process of SVM mainly includes the following four steps:

S1: Selecting the kernel function.

S2: Constructing the objective function. This objective function usually includes the minimization of model
complexity and the maximization of classification margin and can be represented as a convex optimization
problem.

$3: Solving the optimization problem. The objective function is solved through optimization algorithms (such
as sequential minimal optimization or gradient descent) to obtain the optimal hyperplane parameters.

S4: Training the model. Training set samples and hyperplane parameters are used to train the model,
resulting in a classifier that can accurately classify new samples.

Here are the details:

Suppose that all input parameters form a set of vectors x; and y; is the sample label. When the number of
samples is N, the sample set is defined as {(X;, Y)}. Then, the relationship between the output and input of the
SVM can be approximately expressed by equation (6):

Y=fX)=W-¢X) + b, (6)
where @(x) represents the nonlinear mapping coefficient from the input space X to the high-dimensional

feature space. W and b are hyperplane parameters, which are estimated by minimizing regularized risk
functions (equations (7) and (8)):

1 1Y
Minimize: 2 |WIP? + CN Y L%, f (X)), Q)
i=1
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0 Y- fX)l < e

|Y; - f(X)| - € others, ®

Le(Y, f(X) =

where [[WI[ is a regularization term, which can be called “structured risk.” Minimizing [[W]F can flatten the function
maximally. The second term in equation (7) is the empirical error, which is measured by the loss function; this
second term is called “empirical risk,” where ¢ is the radius of the tube defined and C is a penalty parameter used to
determine the trade-off between training error and model flatness. By introducing the positive relaxation variables
¢; and ¢, the objective function and boundary conditions are transformed into equation (9):

1 1Y
Minimize: 2 (|W]? + CN 2 Le(Y, F(X)
i=1

Y- W-g0)-bse+q ©
Subjectto: {W- o) +b-Y<e+(, i=1 .., N
G204 =20.

By introducing the kernel functions K(X; X)), equation (6) is transformed into equation (10):

N
Y=f(X) =D (&~ a)KX;, X)) + b, (10)
i=1

where i and j represent different samples and a; and o;* are Lagrange multipliers. Therefore, the objective
function equation (9) is transformed into equation (11), and W and b are solved.

Subject to:

S 1 N N N N
Minimize: EZ Y (@-a)a- ) - KX, X) - e (- a”)+ ) Yi(a - a)
i=1

i=1j=1 i=1

N 1
Y@-a)=0

i=1

a;a;" € [0, C].

3.2 Comparison of ML algorithm tests

The implementation process of ML facilitated facial expression recognition (Figure 1) mainly includes six steps:

Data acquisition Data preprocessing Feature extraction

(s )
(e —

Model selection
and training

Model optimization Model evaluation

Figure 1: Process of ML facilitated facial expression recognition. Source: Created by the authors.

S1: Data acquisition, i.e., collecting the required facial expression images.

S2: Data preprocessing. To improve the training efficiency and accuracy of the model, the images are
subjected to size standardization, normalization, and data augmentation. The data are then divided into
training set and testing set.

S3: Feature extraction. By dimensionality reduction, feature fusion, and feature encoding of facial images,
compact and discriminative feature vectors are obtained.
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S4: Model selection and training. ML models are selected and trained using data features and data labels.
S5: Model evaluation. The performance of the trained model is evaluated by the test set. Evaluation indica-
tors include accuracy, precision, and recall.

S6: Model optimization. To improve the generalization ability, the models are optimized according to the
evaluation results, including hyperparameter optimization, model fusion, and feature selection.

To select an accurate and efficient method for the recognition of facial expressions, in the experiment
presented in this section, images from the Jaffe database [39,40] were used as experimental subjects. Seven
facial expression features (i.e., angry, disgust, fear, happy, neutral, sad, and surprise) were extracted using the
HOG method, as shown in Figure 2. A total of 80% of the data were randomly selected for model training, and
the remaining 20% were used for testing. Six ML algorithms (i.e., K-nearest neighbors (KNN), decision tree,
naive Bayes, logistic regression, random forest, and SVM) were used for recognition training. As software
environment, Python version 3.12 was used. The test results were evaluated using the three indicators of
accuracy (equation (12)), precision (equation (13)), and recall (equation (14)). Herein, TP (true positive) and FP
(false positive) denote the numbers of correct and incorrect predictions for the classification, respectively; TN
(true negative) and FN (false negative) represent the numbers of correct and incorrect predictions for the
classification. The results are shown in Table 1 and Figure 3.

Neutral Sad Surprise
Figure 2: Facial expression samples. Source: Derived from the Jaffe database [39,40].

Table 1: Comparison of recognition results of six algorithms (%)

S/N Indicator KNN SVM Decision tree Naive Bayes Logistic regression Random forest
1 Accuracy 67.4 83.7 51.2 67.4 48.8 81.4
2 Precision 724 86.4 50.9 68.4 54.4 823

3 Recall 65.5 82.9 52.9 67.3 50.5 81.4
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Figure 3: Comparison of recognition results of six algorithms. Source: Created by the authors.

Accuracy = P+ IN 12)

Y= TIp + IN+ P + N

TP
Precision = ———, (13)
TP + FP
TP

Recall = ——. 14
eca 0+ IN (149

The results of the analysis are presented as follows:

(1) The fluctuation range of the three indicator values of each algorithm remains within 5%, indicating that
the three indicators maintain a high degree of consistency.

(2) Most algorithms have high precision values, while the accuracy results are relatively conservative.

(3) The results show that SVM achieves the best recognition results, followed by random forest, with both
algorithms achieving accuracy levels exceeding 80%. The recognition results of decision tree and logistic
regression are relatively poor, with accuracy levels of only 51.2 and 48.8%, respectively.

Based on the analysis presented earlier, SVM with the highest accuracy rate was selected for students'
facial expression recognition in the classroom.

4 Hyperparameter optimization

ML provides data support for the design and optimization of smart education. However, as ML algorithms are
often directly used in the application of facial expression recognition, algorithms that do not conduct hyper-
parameter optimization can seriously undermine the fitting and accuracy of the model. In addition, the impact
of different independent variable datasets on the classification performance of the model also needs to be
clarified.

Currently, the main methods for hyperparameter optimization include random search, greedy search, and
grid search. Random search identifies the optimal hyperparameter by randomly sampling various combina-
tions of hyperparameters. However, random search does not cover all possible hyperparameter combinations,
nor can it adjust its next step based on the tuning results of the previous step. These limitations imply that the
method cannot guarantee that a good combination of hyperparameters can be found. Greedy search attempts
to improve model performance by setting the values of hyperparameters one by one. Greedy search adopts the
concept of stepwise optimization and local optimization, i.e., each time a hyperparameter is selected for
optimization, other hyperparameters remain fixed (or have already been optimized), until all hyperpara-
meters are optimized. Thus, the disadvantage is that it may identify a local optimum instead of the global
optimum.
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Grid search seeks the optimal hyperparameter by iterating through all possible combinations of hyper-
parameters. First, each hyperparameter is linked to a set of candidate values. These values are generated as
Cartesian products, forming a grid of hyperparameter combinations. Then, grid search is used to train the
model for each combination of hyperparameters. Moreover, cross-validation is used to accurately evaluate the
effect of each combination of hyperparameters, thereby finding the best performance combination.

To improve the accuracy of SVM for facial expression recognition, grid search and K-fold cross-validation
were used to optimize hyperparameters (namely, penalty coefficient C and kernel function coefficient y) of
SVM. The candidate values of hyperparameters are shown in Table 2, and a total of 36 different combinations
of hyperparameters had to be evaluated. The specific steps of K-fold cross-validation are as follows:

Table 2: The Candidate values of the hyperparameters

S/N Hyperparameter  Candidate Candidate Candidate Candidate Candidate Candidate
value value value value value value

1 C 0.0001 0.01 0.1 1 2 10

2 14 0.001 0.1 0.1 1 10 100

S1: The original training set is evenly divided into K subsets (folds), such as taking K as 5.

S2: Each subset is set as the validation set in turn, and the remaining K — 1 subsets are used as the training set
for K rounds of training and validation. After each verification, the performance metrics of the model are
calculated.

$3: The average of the performance metrics of K times of validation is taken as the performance estimate of
the model on the entire dataset.

After conducting fivefold cross-validation on 36 sets of hyperparameter combinations, the optimal hyper-
parameter combination (C = 2, y = 10) with the best performance was obtained. Herein, the three performance
indicators (accuracy, precision, and recall) of SVM were 95.3, 96.2, and 94.3%, respectively. Compared with the
initial state, the three indicators increased by 13.9, 11.3, and 13.8%, respectively. This increase demonstrates
that the cross-validation makes full use of all samples in the dataset, ensuring that each sample participates in
both training and validation, thereby cross-validation effectively prevents both overfitting and underfitting
and ensures that the evaluation results are highly reliable. In addition, by conducting multiple evaluations on
different training and validation sets, the generalization ability of the model can be better evaluated and the
hyperparameter combination that performs best on the validation set is obtained.

5 Verification result

5.1 Constructing the teaching effect evaluation model

This section describes an experiment, where the course of “artificial intelligence” is taken as the experimental
object and facial expression images were collected from a total of 40 students during class. Facial expressions
are recognized using the HOG and optimized SVM model. Scores are allocated based on the positive learning
response of students’ different expressions, and a classroom teaching evaluation model to predict students’
learning concentration score is constructed. Finally, the predicted mean concentration score (i.e., the mean
score of eight course missions), actual mission score (i.e., the actual score given by the teacher based on the
quality of the mission completed by a student), and final grade (i.e., the final grade based on student’s
attendance, class performance, and mission completion) are analyzed. The construction process of the class-
room teaching evaluation model is depicted in Figure 4, and the main steps are explained as follows:
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Data acquisition Reflection and improvement
(Facial expression images) (Intervene students in advance)
Data preprocessing Evaluation of the predicted results
(Grayscale, data augmentation) (Predicted score, actual score)
Feature extraction Predicting concentration scores
(HOG) (Eight course missions)
| i
Model training Assignment of scores to the output
(Optimized SVM) (Positive degree of expressions)

| ]

Figure 4: Construction process of the classroom teaching evaluation model. Source: Created by the authors.

S1: Data acquisition. Facial expression images of each student were captured at the 2nd, 5th, 10th, 15th, 20th,
24th, 28th, 32nd, 35th, and 38th min of each class (10 times in total) through a camera located in front of the
students.

S2: Data preprocessing. The images were subjected to size normalization, grayscale, and enhancement
processing to reduce both noise and interference and improve the reliability of dataset recognition.

S3: Feature extraction. Compact and discriminative feature vectors were extracted from the captured images
using the HOG method. Facial expressions encountered in the classroom include excited, thinking, neutral,
daze, and tired.

S4: Model training. The optimized SVM model was trained using the training dataset.

S5: Assignment of scores to the output results. After SVM has output the facial expression recognition results,
it assigned scores based on Table 3. The student’s concentration scores for this class were calculated using
equation (15), where S; represents the concentration score for the ith class. Pexcited> Pthinking Pneutrat, Pdaze, and
Pyirq represent the probability values for the model outputting excited, thinking, neutral, daze, and tired
expressions for the students in this class.

Table 3: Expression score table

Expression Excited Thinking Neutral Daze Tired
Score 100 80 70 40 30
Si =100 x Pexcited + 80 x Pthinking + 70 % Pneutral +40 x Pdaze +30 x Ptired~ (15)

S6: Predicting the students’ concentration scores in the course. The predicted mean concentration scores Qx
during all missions were calculated using equation (16), where N represents the number of class sessions for
the eight missions in the course.

Q = %Xsi. (16)
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S7: Evaluation of the prediction results. The predicted mean concentration score Qy, actual mission score Ry,
and final grade Z, were comprehensively analyzed. The accuracy and reliability of the prediction results

were evaluated.

S8: Reflection and improvement. Based on the predicted results, classroom activities for students with lower
predicted concentration scores can be amended in advance to enhance the learning effectiveness of at-risk
students and improve their academic performance.

5.2 Analysis

In this subsection, the predictive performance of the proposed model is evaluated by analyzing the predicted
single mission concentration score Ey, the predicted mean concentration score Qy, the actual mission score Ry,
and the final grade Z; for each student.

Figure 5 presents the results of the predicted single mission concentration score and predicted mean
concentration score, where M1-M8 are the mission numbers and Q is the predicted mean concentration score.
The analysis is presented as follows:

———— —— 95 T
95 LI % O | S— M5 .
o M2 M6 L] 90 *
90 5 A M3 > M7 P
. o
2 85 flooms |2 b gy =
AR >
B8 A . B 80 [ g e
Bl A
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Figure 5: The predicted single mission concentration score and mean concentration score. Source: Created by the authors.

(1) The predicted concentration scores vary among different missions, indicating that students’ actual per-
formance varies across different missions. Student ID30 had the largest variation between predicted scores
(19). Moreover, this student was the only one whose scores were all below 60. The student showed the
highest frequency of daze and tired expressions. The student’s actual learning enthusiasm was also the
lowest of all students in the actual classroom.
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(2) The predicted scores of 30 students (75% of the total) were within 10 points of each other. The average
floating value of all students’ predicted scores was 8.2 points. This result indicates that the predictive
performance of the developed model is relatively stable, and its generalization performance is good during
all teaching periods of the course.

To analyze the correlation and fitting relationship among predicted mean concentration score, actual
mission score, and final grade, a scatter plot of these three variables is drawn, as shown in Figure 6. The
analysis is presented as follows:

100 1 1~ T 1 T 1T T T 7 T "]
95 | v B
90 [ o  Final grade > ]
85 [ - - - Polynomial fitting of Final grade 'g’ B ]
g0 L |z=-0.008x2+2x-263 0837 9K ]
gk |l kg ]
3 qf R=09623 -8 v ]
2 o5k = 0.0015x2 +0.96x - 5,98
< 60 C s B
ssl » R? = 0.9662 N
50 [ v Actual mission score -
45 L Polynomial fitting of Actual mission score-]
40 I I I I I I I I I ]

45 50 55 60 65 70 75 80 85 90 95

Predicted Score

Figure 6: Scatter plot. Source: Created by the authors.

(1) The Pearson coefficient between final grade and predicted mean concentration score is 0.97, indicating a
strong linear correlation between them. The fitting curve of these two variables is shown in equation (17),
with a determination coefficient of R* = 0.94. When fitting with a quadratic equation, the curve is given by
equation (18), which achieves a better fitting effect with a determination coefficient of 0.96.

z = 0.84x + 15.93 1
z = -0.008x? + 2x - 26.3 (18)

(2) A strong linear correlation was also found between actual mission score and predicted score, with a
Pearson coefficient of 0.98. The fitting curves of the linear equation and the quadratic equation are shown
in equations (19) and (20), respectively, with a determination coefficient of 0.96, indicating similar fitting
effects.

y = 118x - 1371 (19)
y = 0.0015x% + 0.96x — 5.98 (20)

Figure 7 demonstrates the predicted mean concentration score, actual mission score, and final grade of all
students. Figure 8 shows the absolute error between the predicted mean concentration score, the actual
mission score, and the final grade. Figure 9 presents violin plots, which mainly evaluate the model from
the dimensions of error probability density distribution, error median, error Kernel density distribution, and
quartile range. The results of the analysis are presented as follows:

(1) The change trends of the three curves (Figure 7) are basically consistent. The predicted mean concentra-
tion scores of four students remain below 70, including ID9 (69), ID21 (68), ID22 (68), and ID30 (47). The
actual mission scores of these students are 66, 64, 70, and 42, with final grades of 74, 73, 76, and 50,
respectively. This result indicates that by predicting mean concentration scores, actual mission scores
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Figure 7: The curves of three scores. Source: Created by the authors.
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Figure 8: The absolute error. Source: Created by the authors.
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Figure 9: Violin plots. Source: Created by the authors.

and even the interval of final grades can be predicted well. Consequently, based on the predicted scores, it
is possible to intervene in the classroom activities of students with low concentration scores in advance,
thereby improving the academic performance of at-risk students.

(2) Compared with the final grade, the absolute error between predicted mean concentration score and actual
mission score is smaller. The final grade considers factors such as student attendance and additional
points; therefore, the final grade is slightly higher than the predicted mean concentration score. The
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mean absolute errors between predicted mean concentration scores as well as actual mission scores and
final grades were 1.95 and 3.3, respectively.

(3) The probability density distribution of the error between predicted mean concentration scores as well as
actual mission scores and final grades follows a basic normal distribution. The maximum error between
predicted mean concentration scores and actual mission scores is 5 points. Similarly, the maximum error
between predicted mean concentration scores and final grades is 8 points.

(4) The distribution of errors between predicted mean concentration scores and actual mission scores is more
concentrated, with a smaller quartile range.

Figure 10 demonstrates the relative error between predicted mean concentration scores as well as actual
mission scores and final grades. Table 4 presents the results of the error index. The analysis results are as follows:
(1) The relative error value between predicted mean concentration scores and actual mission scores is 90%,

15% T T T T T T T T T T 15%
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E 5% M e N co-- Ao AT &L 5% é‘
o N A0 e “ 24 aana 4 °
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Figure 10: The relative error. Source: Created by the authors.

Table 4: Error index results

S/N Maximum absolute error Mean absolute error Maximum relative error (%) Mean relative error (%)
1 5 1.95 10.6 2.57
2 8 3.3 1.7 4.42

concentrated between [-5 and 5%], with the horizontal line of 0% as the axis of symmetry. However, the
relative error between predicted mean concentration scores and final grades is 97%, concentrated between
[0 and 10%], with a 5% level line as the axis of symmetry.

(2) The maximum relative errors between predicted mean concentration scores as well as actual mission scores
and final grades are 10.6 and 11.47%, respectively, with mean relative errors of 2.57 and 4.42%, respectively. The
relative error plot further confirms the results of the error analysis of the absolute error and violin plots.

As mentioned earlier, it can be concluded that the optimized model can accurately predict mean con-

centration scores and maintains a strong linear correlation with actual mission scores and final grades, while
also having good generalization performance.

6 Conclusion

To improve the accuracy of ML facial expression recognition, in this article, the gradient direction histogram of
facial images was calculated by HOG, and then, compact and discriminative expression feature vectors were
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extracted. Through a comparison of six ML algorithms tests, the SVM with the highest accuracy of expression

recognition was selected. Thirty-six sets of SVM hyperparameter combinations were optimized by grid search

and cross-validation. Combining HOG and optimized SVM algorithm, a classroom teaching evaluation model
was constructed to predict students’ classroom concentration scores.
The following conclusions can be derived based on the results and application:

(1) Through grid search and cross-validation, the three indicators of accuracy, precision, and recall increased
by 13.9, 11.3, and 13.8%, respectively. This optimization method can effectively improve the expression
recognition accuracy of the ML model and effectively evaluate the generalization ability of the model.

(2) The Pearson coefficients between predicted mean concentration score as well as actual mission score and
final grade were 0.98 and 0.97, indicating that the three variables are strongly linearly correlated. Final
grade and predicted mean concentration score are better fitted by a quadratic equation. However, the two
variables of actual mission score and predicted mean concentration score are better fitted by a linear
equation and a quadratic equation, respectively, and the determination coefficient reached 0.96.

(3) Students with final grade or actual mission score below 70 can be predicted in advance by the mean
concentration scores predicted by the proposed model. This demonstrates that based on predicted scores,
it is possible to intervene in the classroom activities of students with low concentration scores in advance,
thereby improving the academic performance of at-risk students.

(4) The mean relative errors between predicted mean concentration scores as well as actual mission scores
and final grades are 2.57 and 4.42%, respectively. This result indicates that the novel classroom teaching
evaluation model constructed in this article has high precision, strong generalization ability, and high
reliability and can effectively support smart education.
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