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Research on college students” classroom
behavior detection based on CNN deep learning model

ZUO Guocai', SU Xiuzhi', WANG Haidong®, WU Xiaoping'
(1 Hunan Vocational Institute of Software, Xiangtan Hunan 411100, China; 2 Hunan University, Changsha 410082, China)

[ Abstract] In order to improve the classroom teaching quality of teachers in vocational colleges, the various classroom behaviors
of students in professional courses are tested and analyzed, which could quantify whether students focus on the classroom and the
actual teaching effect of teachers, therefore achieve the purpose of improving the classroom teaching quality of teachers and
supervising students to concentrate on classroom learning. The paper proposes applying the Convolutional Neural Network in—depth
learning model to the detection and recognition of students” classroom behavior, so as to classify whether the students are focused on
classroom learning. Experiments show that the Convolution Neural Network can extract the depth features of the detected target

features, and achieve good recognition results for students” classroom behavior detection in class.
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Fig. 1 Structure of VGG16
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Fig. 2 VGG16 execution process
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Fig. 3 Flow chart of classroom behavior detection and analysis
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model = ‘imagenet”,
i_path = “test.jpg’
img = image.load_img(i_path, target_size =
(224, 224))
Sfeatur = model.preict(x)
pre = decode_preictions(featur, top =5)[0]
for element in pre:
values.append ( element[2])
bar_label.append (element[ 1])
z = fig.add_subplot(111)
z.bar(range(len(values) ) , values, tick_label =
bar_label , width = 0.5, fc ="g")
for a,b in zip(range(len(values)), values) :
ztext(a, b + 0.000 5, percent(b), ha =

‘center”, va = ‘bottom”, fonisize =7)



160 B o /5 M5 MM

510 %

3 KBERSH

RS RG22 L R P A PR M A2
MR AR AT B SC R . BEXHARE =R
DRAP AR A 4 AT, 5€ B e PR A8 8 T ik B |
EBON GRS H VN GRILAERL | BERLIE PRI ZR A A
WA P BCE NG SRR LB 8.2, “A%
)7 R AT R SRR A R A 4 PR, < L
27 PREEAT R SEIEE R AN 5 iR

4 “FEFEITRETH

Fig. 4 "Unfocused learning" classroom behavior
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Fig. 5 "Concentrated learning" classroom behavior
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