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Abstract

This paper studies human activity image classification using deep transfer learning techniques focused on the

inception convolutional neural networks (InceptionV3) model. For this, we used UFC-101 public datasets containing
a group of students’ behaviors in mathematics classrooms at a school in Thailand. The video dataset contains Play

Sitar, Tai Chi, Walking with Dog, and Student Study (our dataset) classes. The experiment was conducted in three
phases. First, it extracts an image frame from the video, and a tag is labeled on the frame. Second, it loads the dataset

into the inception V3 with transfer learning for image classification of four classes. Lastly, we evaluate the model’s

accuracy using precision, recall, F1-Score, and confusion matrix. The outcomes of the classifications for the public
and our dataset are 1) Play Sitar (precision = 1.0, recall = 1.0, F1 = 1.0), 2), Tai Chi (precision = 1.0, recall = 1.0, F1
= 1.0), 3) Walking with Dog (precision = 1.0, recall = 1.0, F1 = 1.0), and 4) Student Study (precision = 1.0, recall =
1.0, F1 = 1.0), respectively. The results show that the overall accuracy of the classification rate is 100% which states
the model is more powerful for learning UCF-101 and our dataset with higher accuracy.

1. Introduction

Artificial intelligence (Al) is evolving and growing to top
technology; it is powerful and highly efficient, especially in
machine learning (ML) and deep learning (DL). ML and DL
are subsections of Al and are very popular in various fields
such as industries [1], medical, agricultural, educational, and
so on. Al has many parts and differences in the branch, such
as computer vision and natural language processing. When
referring to computer vision is very interesting to apply a
video analysis for detection and classification, such as
violence detection and behavior classification. As mentioned,
it is good to consider studying a video dataset on human
activity classification.

This research applies deep transfer learning methods to
classify human activities. To begin with, we collected the
public UCF-101 datasets [2], which are Play Sitar, Tai Chi,
Walking with Dog, and Student Behavior (our dataset). Each
dataset contains different textures, colors, and shapes with
various labels. Then we applied a deep transfer learning
technique focused on Inception V3 architecture to classify
each activity on images. Finally, the model is evaluated on the

accuracy of the statistic value for precision, recall, and
F1-Score. A confusion matrix is used to calculate the
efficiency of the model.

The remaining paper is systematized as follows. Section 2
presents the proposed method used the transfer learning.
Section 3 contains the experimental process. The results and
analysis are discussed in Section 4. The conclusion is given in
Section 5.

2. Proposed Method

2.1 Transfer Learning
Transfer learning or transfer of learning is primarily

proposed to explore how individuals transfer their learning
from one context to another similar context (Woodworth and
Thorndike, 1901). Transfer learning is usually described as the
process and the practical extent to which past experiences
affect learning performances in a new situation. That is, a pre-
trained model can be transferred to implement a similar task
by learning further data distribution and fine-tuning
parameters across all layers of the model [3].
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(Figure 1) Overview of the proposed framework.

2.2 MobileNetV2

The MobileNetV2 is the version after the
MobileNetV1. A depth-wise separable convolution exists
introduced to reduce the complexity of the network. A residual
has two types, a block with one stride and another with two
block strides used for downsizing, and each block has three
layers, the first 1x1 convolution with ReLU®6, the second has
depth-wise convolution, and the last 1x1 convolution

unincluded non-linearity [4].
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(Figure 2) MobileNetV2 [5].

2.3 Inception V3

The GoogLeNet is a CNN developed by Google teams in
2014. In the network, the inception network structure is
adopted in a new way to reduce the number of network
parameters and increase the network depth. Culminate is
widely used in image classification tasks in this architecture.
As a set of the GoogLeNet is the Inception network structure,
the GoogLeNet network is called the Inception network. There
are many versions of GoogLeNet such as Inception v1 (2014),
Inception v2 (2015), Inception v3 (2015), Inception v4 (2016),
and Inception-ResNet (2016). The Inception architecture is a
module that typically has three types of convolutions and one
maximum pooling with different sizes. The channel is
aggregated in the previous layer for the network output after
the convolution operation. After that, the nonlinear fusion is

performed. This architecture presents the expression of the
network, and the adaptability to different scales can be
improved [6].

2.4 Evaluation Metrics

In this experiment, we used the confusion matrix to evaluate
the performance of the proposed model. The precision metric
measures correctly classified positive class samples using Eq.
(1). Recall measures the percentage of identified all actual
positive samples derived in Eqg. (2). And F-measures or F1-
Score derived in Eq. (3). are used to analyze the intuitive trade-
off between precision and recall so that the constraint can be
adjusted [7].

P
o RO PR = e—
Precision TP+ 7P (1)
P
' = —_— 2
Recall TP+ FN (2)
i (14 3)Precisionftecall 3)

.f."Prl cision+ Recall

3. Experiment

We collected the UCF-101 public dataset, and our datasets
consisted of Playing Sitar, Tai Chi, Walking with Dog, and
Student Study. We extracted images from a video frame and
selected 2,867 photos randomly. Then we separated them into
the train, validate, and test-set. The details are shown in Table
1. After that, the datasets are loaded into the model shown in
Figure 1, and the sample dataset is shown in Figure 3.

<Table 1> Collection datasets.

Train | Validate | Test | Amount
No. Class Name 70% | 15% | 15% | 100%
1 PlayingGuitar 555 119 119 793
2 StudentStudy 452 97 97 646
3 TaiChi 463 99 99 662
4 | WalkingWithDog 536 115 115 766
Total/lmages 2,867
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(Figure 3) Sample dataset.

4. Result and Discussion

Using the transfer learning technique, we loaded the
datasets (shown in Table 1) into the MobileNetV2 and
InceptionV3 models. The training accuracy of the models is
shown in Figures 4 and 5. The results of the macro average of
Precision, Recall, and F1-Score are shown in Table 2.
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(Figure 4) Training result of MobileNetV2.
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(Figure 5) Training accuracy of InceptionV3.

We randomly loaded an image to predict the model
consisting of 430 photos; the result is shown in Table 2.

<Table 2> Macro average of Precision, Recall, and F1-Score.

Model Precision Recall F1-Score
MobileNetV2 0.998 0.997 0.998
InceptionV3 1.000 1.000 1.000

(Figure 6) MobileNetV2 failed to predict.

The actual class was Student Study, but the model predicted

Walk with Dog. It happened because one picture behind the
boy looked like a dog.

5. Conclusion

The MobileNetV2 obtained the accuracy of Training is 1.0
Validation is 0.98 and Test is 0.98 compared with InceptionV3
can get the accuracy of Training is 0.99, Validation is 1.00 and
Test of 1.00, The InceptionV3 is stronger than MobileNetV2.
The dataset is wildly different in each class, making the model
learn very well of various features.

In the next experiment, we will use only the student’s behavior
dataset, separating it into four classes with similar features for
train and testing in the same environment to find the best accuracy.
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