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Abstract Physical and mental changes caused by emotions can affect various behaviors, such as driving or learning behavior.
Therefore, recognizing these emotions is a very important task because it can be used in various industries, such as recognizing and
controlling dangerous emotions while driving. In this paper, we attempted to solve the emotion recognition task by implementing a
multimodal model that recognizes emotions using both audio and video data from different domains. After extracting voice from video
data using RAVDESS data, features of voice data are extracted through a model using 2D-CNN. In addition, the video data features
are extracted using a slowfast feature extractor. And the information contained in the audio and video data, which have different
domains, are combined into one feature that contains all the information. Afterwards, emotion recognition is performed using the
combined features. Lastly, we evaluate the conventional methods that how to combine results from models and how to vote two
model’s results and a method of unifying the domain through feature extraction, then combining the features and performing
classification using a classifier.
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1 Input: Video data {V;,V5,...,V,.}, n is data size
2 Output: audio feature data set

3 Vi, = k'th Video file

4 extract = take Audio file from Video

5 cut(n, start, end) = crop audio n start to end
6 stft = Short Time Fourier Transform

7 mel = Mel Filter Bank Application

8 Nois! saussian Noising

9 pitch = Pitch changing

10 stretch = Time stretch

11 shift = Audio shifting

12 dataset = [ ]

13 for 0 <i< ndo

14 | A; = extract(V})

15 | A; = cut(4A;, start = 0, end = 126000)
16 | W= cut(A;. start = j x 400, end = j 4 400)
1| W= {Wy, Wa,.., Wais}

18 | for win W do

19 L f = mel(sftf(w))

20 | F; = concat(W)

21 | dataset.append(F;)

22 | G = noise(F})

23 | P = pitch(F;)

24 | S = stretch(F;)

25 H = shift(F;)

26 dataset.append(G, P, S, H)

27 return dataset

Fig. 2. Algorithm of audio preprocessing
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