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Abstract. Online and distance learning have recently been increasingly
used to enhance smart education. Traditional teaching quality evalu-
ation methods can not be directly used for online or distance learn-
ing platforms. To solve this problem, this research proposes an inte-
grated approach that uses fuzzy logic and machine learning. The pro-
posed method’s main contribution is combining student engagement with
teacher content evaluation for teaching quality evaluation. The emotional
engagement is tested on the FER2013 dataset and achieved an average
accuracy of 65%. Three experimental scenarios are presented for the pro-
posed fuzzy logic and machine learning integrated method to evaluate
teaching quality based on student emotion and teaching content. In these
scenarios, more than 94.33% values are assigned as High teaching quality,
65.33% as good teaching quality, and 11% as poor quality.

Keywords: Teaching quality evaluation - Emotion recognition - Fuzzy
Logic - Machine Learning - Smart Education

1 Introduction

Online classroom and distance learning platforms are on the rise, with insti-
tutions adopting them to train employees and cater to students, adults, and
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workers[1]. As online and distance teaching becomes an integral part of the
educational landscape, there is a pressing need to ensure its teaching quality.
Traditional teaching quality evaluation methods, such as self-reported student
feedback and expert direct observation, may not adequately capture the intrica-
cies of effective online teaching. The traditional methods are often subjective and
time-consuming. Effective and engaging teaching outside the physical classroom
requires robust evaluation mechanisms.

This research proposes a Fuzzy logic and machine learning teaching quality
evaluation system using video, audio, and text data analysis to comprehensively
evaluate teaching quality in online teaching scenarios (see Figure 1). In the pro-
posed method, the teaching content of the teacher and the student’s emotional
engagement level are used to evaluate the teaching quality level. The main con-
tribution of the research is the use of three types of data to evaluate teaching
quality. A video dataset is used to evaluate the engagement level of the students
because high-quality teaching is characterized by its ability to capture student’s
attention. To evaluate the teacher’s teaching content, the teacher’s teaching con-
tent is captured in audio form and then compared to the text that represents
the course syllabus.

Integrating machine learning with fuzzy logic enables the development of
systems capable of learning from data while also offering interpretable rule-
based reasoning through fuzzy logic. This unique combination allows for the
creation of intelligent systems that can process complex data and provide human-
understandable explanations for their decisions and actions. The paper is orga-
nized as follows: Section Two presents a brief literature review, Section Three
presents the proposed overall student engagement evaluation, Section Four presents
the proposed teaching content evaluation, Section Five presents the Fuzzy Infer-
ence System, Section Six presents the results, and Section Seven concludes the

paper.

2 Litrature Review

The evaluation of teaching quality is a cornerstone of educational quality as-
surance, encompassing a variety of methods, each tailored to different aspects
of teaching effectiveness. Historically, these methods have included direct obser-
vations, student evaluations, self-assessments, and peer reviews. Each method
offers unique insights but also presents specific challenges. For example, stu-
dent evaluations, while providing immediate feedback on teacher performance
from the learner’s perspective, can be influenced by students’ biases or grades,
potentially skewing the data [2]. Peer observations involve teachers assessing
each other’s performances, which can foster a collaborative environment and
professional growth. However, these are often criticized for their potential lack
of consistency and subjectivity in assessments. Similarly, self-assessments allow
educators to reflect on their teaching practices, though they may lack the objec-
tivity necessary for formal evaluation purposes [3].
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Fig. 1: Proposed Teaching quality evaluation method

The integration of advanced technologies into teaching quality evaluation
processes has provided new opportunities for more objective and nuanced as-
sessments. Artificial intelligence (AI) systems, for instance, can analyze verbal
and non-verbal communication in the classroom to provide feedback on teacher-
student interactions. Machine learning algorithms develop huge amounts of data
generated from classroom events to offer insights into the effectiveness of teach-
ing methods and student engagement [4]. Fuzzy Logic-based evaluation in class-
rooms provides comprehensive, multileveled dynamic feedback in the relevant
areas. In the past decade, several researchers have used fuzzy Logic in the field
of education to achieve a much finer, more accurate, and fairer assessment of stu-
dents, paving the way to new opportunities for personalized, adaptive learning
experiences[5-7].

Most research neglects to consider the impact of the teacher’s teaching con-
tent on student engagement. Many researchers often overlook student emotional
engagement as a measure of teaching quality. However, excellent teaching in-
volves rich content and high student emotional engagement [8]. In this research,
teaching quality is evaluated by assessing the teacher’s teaching content and the
level of student engagement. Therefore, an evaluation method has been devised
that combines teaching content with student emotion assessments.

3 Proposed method for teaching quality evaluation

We used the method shown in Figure 2 to evaluate the teaching quality. The
proposed method uses Fuzzy logic with inputs derived from machine learning
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models. The first input of the Fuzzy logic is used to determine the overall emo-
tion of the students. The second input of the Fuzzy logic is a teaching content
evaluation. The teaching content evaluation determines the level of match be-
tween the teacher’s teaching content and the course syllabus.

Student Emotion

1441339373
Machine learning based overall
Emotion Evaluation Input 1
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DEFUZZIFICATIONF —> Teaching Quality
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Text Data from Machine learning based Compare Matching Level Input 2
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Fig. 2: Teaching Quality Evaluation with Integrated Student Emotions and Con-
tent Analysis

3.1 Fuzzy logic Input 1: Proposed machine learning based overall
emotion recognition

The methodology for detecting the overall emotion from video footage involves
facial detection, emotion classification and classroom overall emotion determi-
nation. The steps are described as follows:

(1) Facial Detection: For each frame f; in the video, the facial region Ry, is
detected using the Haar Cascade Classifier, which is represented as

Ry, = DetectFaces(f;) (1)

where "DetectFaces(-)” is the face detection function applied to frame f;.

(2) Emotion Classification: Each detected facial region Ry, is then classified
into one of the emotion categories E = {e; = Anger,e; = Disgust, ez =
Fear, e4 = Sad, e5 = Neutral, es = Happy, e; = Surprise} using the emotion
detection model. The CNN model shown in Figure 3 is used to capture the
emotion from the video data. The video data is changed to several frames,
and the CNN model is used to capture the emotions of the students.
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The prediction for each face Py, is given by:
Py, = EmotionModel(Ry,) (2)

where “EmotionModel(-)” represents the emotion classification CNN model.
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Fig.3: The CNN model

(3) The overall emotion FEgyeran: is determined by identifying the emotion
category with the maximum frequency of occurrence across all frames:

N
Eovera - §P7 7 3
I argreneaggg (Prirei) 3)
]., ifpfi:(ii

(4)

0(Py,,e;) =
(Fr.. e1) {0, otherwise

where N is the total number of frames, and §(Py,, €) is an indicator function
that equals 1 if there is a predicted emotion or zero if there is no emotion

predicted.

3.2 Fuzzy logic Input 2: Proposed teaching content evaluation
method

The proposed teaching content evaluation method evaluates the alignment of
the teacher’s content with the course syllabus. To do this, the keywords from
the course syllabus are extracted using text-to-keyword extraction. Next, the
teacher’s audio is processed and converted into text. Finally, the processed
teacher’s content and the keywords from the course syllabus are compared using
the matching level algorithm to determine the level of alignment between the
teacher’s content and the course syllabus.

Teacher teaching Audio File-to-Text Conversion

The audio recording from the teacher teaching content is converted to text using
the following steps:

(1) Noise Reduction: Initial preprocessing reduces ambient noise in audio
recordings for clearer verbal content. This is achieved by

Y(t) = X(t) — A N(1); ()
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Fig. 4: Audio to text data processing

where Y (¢) represents the noise-attenuated signal, X (¢) the original signal,
N(t) the estimated noise, and A the coefficient moderating the noise deduc-
tion.

Normalization: Ensuring consistent audio volume in recordings is crucial
for efficient data processing. This is achieved via:

Y(t)

X0 = LY @)

where, X (t) denotes the normalized signal, Y (¢) the original signal, with C
as the normalization constant.

Spectrogram: A spectrogram shows a sound signal’s frequency spectrum
over time. It is created using the Short-Time Fourier Transform (STFT),
which breaks down the sound signal into its frequency components across
brief, overlapping intervals. The mathematical framework underpinning the
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STFT is as

STFT{X(t)}(f,7) = /jo X(t)-w(t—71)-e 927t g, (7)

where, X (t) signifies the sound signal under analysis, w(t — 7) denotes a
window function centered at time 7, and f stands for frequency. The STFT
produces a complex function representing the magnitude and phase of the
signal for each frequency and time, which is then displayed as a spectrogram.

(4) Mel-Spectrogram:Spectrograms visually represent sound frequency, inten-
sity, and pitch over time but don’t fully account for how humans perceive
sound. The mel-spectrogram addresses this by using the mel scale, which
aligns better with the human ear response to different frequencies. This
scale compresses higher frequencies and expands lower ones to mimic hu-
man hearing sensitivity. The mathematical transformation from frequency
(f) in Hertz to the mel scale (m) employs

f
=2 -1 1+ =

Text-to-keyword Extraction

To extract keywords from the syllabus, the method shown in Figure 6 is
used. The process begins with text processing, where the text is converted to
lowercase and punctuations are removed for consistency. Then, tokenization is
used to convert the text to tokens for easier analysis. The next stage involves
normalization, usually achieved through lemmatization, to reduce words to their
root forms for consistency and accuracy in handling various word forms. Follow-
ing this, stop words, such as “we,” “will,” “a,” “is,” “that,” “of,” “or,” and “be” are
removed.

After modifying the text, the keywords are extracted using the TF-IDF (Term
Frequency-Inverse Document Frequency) method. TF-IDF assigns scores to each
term based on its frequency within the text relative to a larger corpus, highlight-
ing the most important terms. Finally, the terms with the highest TF-IDF scores
are taken as keywords. This approach ensures that the retrieved keywords are
relevant and useful.

Text Data
(Course Syllabus)

Text processing Tokenization

Normalization

Keyword
Keyword Output Extraction
(TF-IDF)

Stop word
Removal

Fig. 6: Text to keywords conversion

Matching algorithm
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The algorithm uses the Audio File-to-Text and Text-to-keyword extraction
methods described above (see Figure 7). The output of the Matching algorithm
is a percentage value that shows how much the teacher’s teaching content is
related to the course syllabus learning material.

Teaching Content Course Syllabus
(Audio Input) (Text Data)

Audio Text
Processing Processing

Audio-to-Text Text-to-Keyword
Conversion Conversion

Matching Level
Evaluation

Matching Level
Output

Fig. 7: Matching output between audio and text data

(1) Speech-to-Text Conversion: The audio file is converted into a textual
transcription 7', using the Audio File-to-Text AFT(-) conversion method:

T = AFT(audio_file). 9)

(2) Keyword Extraction: Keywords are retrieved from the text T" extracted
from audio teacher recording and the course syllabus learning materials L
using Text-to-keyword extraction function TKW (-):

Kp=TKW(T), Kp=TKW(L). (10)

(3) Match Level Computation: The match is calculated as the proportion
of keywords from the transcription (K7) to the keywords from the course
syllabus learning materials (syllabus) (K7,):

Match Level = ( ) x 100% (11)

Based on the computed match level, the final categorization into fuzzy sets:

Match level = {“no_match,” “little match,” “match,” “good match,”

“very good match”} are determined using

a) No Match: Match Level = 0%, indicating no keywords were found in
the text.

b) Little Match: 0% < Match Level < 25%, a minimal presence of key-
words.
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c) Match: 25% < Match_Level < 50%, a moderate level of keyword pres-

ence.

d) Good Match: 50% < Match_Level < 75%, a majority of the keywords
are present.

e) Very Good Match: Match Level > 75%, an extensive presence of
keywords indicating a high relevance of the text to the keyword set.

3.3 Research Components

The research components of the proposed method is shown in Table 1.

Table 1: Teaching Evaluation System: Research Components

. System
Component Function Method Accuracy Robustness
. Track teacher Video and audio Dependent on sensor
Camera & Audio . . .
and student data capture in High quality and
Sensor . .
behaviors real-time placement
Emotion Train emotion Machine learning Moderate- Sensitive to data
Training detection models with FER2013 High variability
. btai 11 .
Emotion o am overa Aggregate emotional Robust to
. emotion in the . Moderate . .
Analysis data analysis fluctuations in data
classroom
Machine Collect and Speech—.to—text . .
. , conversion and . Requires clear audio
Evaluation process teacher’s High .
. text-to-keyword signals
System audio .
extraction
Evaluate the
Text and Audio alignment Comparison Moderate Sensitive to
Matching between text algorithms discrepancies in data
data and audio
. Eval F logi . .
Fuzzy Evaluation .Va uate ey oglc based‘ on . Adaptive to input
teaching content | inputs from emotion Varies C .
System . . varlations
quality and text matching

4 The Fuzzy logic design

In this section, the membership functions and the Fuzzy rules are described in

detail.

4.1 Design of membership functions

(1) Overall emotion: For the input variable “overall emotion,” which is derived
from facial emotion recognition, the membership functions are designed to
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categorize the predominant emotional ambiance of a classroom. Each emo-

tion category is assigned a specific value on the scale of 0 to 6, corresponding
to the output of the emotion detection algorithm. The M F' for each emotion
is assigned a value from 0 to 1, depending on the overall detected emotion,

as shown in Figure 8a.

(2) Match level: For the input variable match _level, which assesses the align-
ment between teaching content and learning objectives, the membership
functions need to reflect the continuum from no alignment to perfect align-
ment. Triangular MFs are used to represent the degree of match because

of their simplicity and ease of interpretation. For Match level = {M L) =
“no_match”, M Lo =“little_match”, M L3 =“match”, M L, =“good match”,

M Ls =“very good match”} as shown in Figure 8b.
(3) Teaching quality: Designing membership functions for the output variable,

“teaching quality,” defined within the range of 0 to 100, with membership
functions categorizing this range into different levels of teaching effectiveness:

Poor, Normal, Good, Very Good, and Excellent (see Figure 8c).

1.0 A A A 1.0 A A
// \ A Ahgry rlm_match
0.81 / ‘\ | Disgust 0.8 little_match
/ \ | —— Fear ~—— match
2 / \ | — Ha 2 —— good_match
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Fig. 8: Membership Functions
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a) Poor Teaching Quality: The “Poor” teaching quality is represented by
a triangular membership function, capturing the lowest end of the teach-
ing quality spectrum. This function peaks at a low score and increases
as the score moves away from this low value.

b) Normal Teaching Quality: “Normal” teaching quality is represented
by a triangular membership function that intersects with both “Poor”
and “Good” at its boundaries.

¢) Good Teaching Quality The “Good” category is also represented by
a triangular membership function designed to capture the mid-range of
teaching quality.

d) Very Good Teaching Quality For teaching quality that is better than
“Good” but not quite “Excellent,” the “Very Good” category is defined.

e) Excellent Teaching QualityFinally, “Excellent” teaching quality cap-
tures the highest tier of effectiveness, with a membership function that
increases towards the upper limit of the scale.

4.2 Rule base construction

Expert knowledge is used to define the rules for teaching quality evaluation
based on the overall emotion value and the match level value. See Table 2 for
a partial list of rules.

Table 2: Sample fuzzy rules for teaching quality evaluation based on overall
emotion and match level
[No.[Input 1 (overall _emotion)[Input 2 (match_level)[Output (teaching _quality)]

1 Happy Very Good Match Excellent
2 Angry Match Normal
3 Disgust Good Match Good

4 Neutral Very Good Match Very Good

5 Results and analysis

5.1 The Emotional classification result and analysis

The emotional classification model was tested using the 2013 Facial Emotion
Recognition series dataset, which is publicly available through the Kaggle plat-
form. It contains 35,000 48 x 48 grayscale pictures of faces having a range of
feelings.

The key parameters for the model were a learning rate of 0.01, a batch size
of 64, and an 80% training and 20% testing dataset split. An early stopping
mechanism was used to avoid overfitting. The training was conducted using the
FER2013 dataset with 35 epochs. The model was trained ten times, showing
an accuracy ranging from 0.65 to 0.73 (see Figure 9). The confusion matrix
indicated fairly good classification, with most categories above 60%.
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Teaching Quality Evaluation

5.2 The Fuzzy Inference System result and analysis
The fuzzy logic model for evaluating teaching effectiveness was evaluated using

the following experimented scenarios.
(1) Scenario A High Engagement and Content Relevance:
Inputs: Overall Emotion = Happy, Match Level = very good match

Output: Teaching Quality = Excellent ( 94.33% (see Figure 11))
This scenario reflects a situation where students are generally happy, and

the teaching content closely aligns with learning objectives, resulting in
an excellent teaching quality assessment.
(2) Scenario B Moderate Engagement, Adequate Content Relevance:
Inputs: Overall Emotion = Neutral, Match Level = match
Output: Teaching Quality = Good (65.33%)
Here, the emotional ambiance is neutral, and the content relevance is
adequate, leading to a good assessment of teaching quality.

(3) Scenario C Low Engagement, Poor Content Relevance:
Inputs: Overall Emotion = Sad, Match Level = no__match

Output: Teaching Quality = Poor (11% )
This scenario represents a case where students are mostly sad, and the
content does not meet learning objectives, resulting in a poor teaching

quality rating.

1.0+
— Poor
0.8 Normal | ,
—— Good / |
%0 5 — Very Good / /
2 7 | —— Excellent / /
o J |
£ “
Q 04' f’l ‘I."l
= .fl (
/
0.2 [
Jlf
0.0 : S
) 20 40 60
teaching_quality

Fig. 11: Experimental scenario for excellent teaching quality

The fuzzy logic model shows that emotional engagement and content rel-
evance are key to teaching effectiveness. Positive emotional engagement, like
happiness, strongly correlates with higher evaluations of teaching quality. The

alignment between teaching content and learning objectives is crucial for high-
quality teaching. The model is sensitive to emotion variations, and teaching
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Table 3: Comparison of Fuzzy Logic in Classroom Evaluation
Research Components Method Evaluation |Implementation
Focus Used Focus Context
Outcome Based Fuzzy .loglc for Student Traditional
Assessment Calculus class continuous .
. performance in classroom
Using Fuzzy |performance data| performance . . .
. specific subjects settings
Logic [9] assessment

Fuzzy Logic
and Multilevel

Online classroom

Multilevel fuzzy

Teaching quality

Online teaching

Analysis-Based data, fuzzy logic logic evaluation in digital and digital
. model environments classrooms
Evaluation [10]
Applying Fuzzy Faullt tree Fuzzy fault tree Classr9om University
Fault Tree analysis, fuzzy method for teaching classrooms
Method [11] logic reliability effectiveness
Learnu.qg Student Fuzzy model for Student Technology-
Evaluation o .
Using Fuzzy monitoring data, student engagement and mediated
Logic [12] fuzzy logic monitoring learning progress classrooms
Cameras, audio | Fuzzy logic with Teacher Dls.tance.
. : performance, teaching with
Our Project sensors, fuzzy |emotion and text . .
logic svstem matchin teaching real-time data
g1C 8y & effectiveness analysis

content evaluations match level variations. This underscores the importance of
a balanced approach to evaluating and enhancing educational quality.
The developed method was compared with other methods (see Table 3).

Unlike other methods, the proposed teaching quality evaluation uses student
engagement and teaching content assessment through video, audio and text pro-
cessing. This gives the method a significant advantage over other methods.

6 Conclusion

This study presents a method for evaluating teaching quality in distance learning
platforms by combining student engagement levels with the alignment of teach-
ing content to the course syllabus. Using the FER2013 dataset, the emotion
recognition component achieved a maximum accuracy of 73%, demonstrating its
potential in capturing real-time student engagement during interactive classroom
settings. This provides valuable insights into students’ emotional responses to
different teaching techniques and activities. The content evaluation component,
based on keyword extraction and TF-IDF matching, is adaptable to a wide range
of subjects, from technical fields to the humanities, where course materials and
instructional strategies vary significantly. This flexibility ensures the method’s
applicability across diverse educational contexts. The combined outputs from the
emotion evaluation and content evaluation components were used as inputs for
a fuzzy inference model to assess teaching quality. Teaching quality levels were
categorized as Excellent, Very Good, Good, Normal, and Poor. The results indi-
cate that this approach shows promise in effectively evaluating teaching quality
in distance learning environments.
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