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Generating Extreme Close-up Shot Dataset Based On ROI Detection
For Classifying Shots Using Artificial Neural Network

Dongwann Kang® and Yang-mi Lim”*
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Abstract

This study aims to analyze movies which contain various stories according to the size of their shots. To achieve this, it is
needed to classify dataset according to the shot size, such as extreme close-up shots, close-up shots, medium shots, full shots, and
long shots. However, a typical video storytelling is mainly composed of close-up shots, medium shots, full shots, and long shots,
it is not an easy task to construct an appropriate dataset for extreme close-up shots. To solve this, we propose an image cropping
method based on the region of interest (ROI) detection. In this paper, we use the face detection and saliency detection to estimate
the ROL By cropping the ROI of close-up images, we generate extreme close-up images. The dataset which is enriched by
proposed method is utilized to construct a model for classifying shots based on its size. The study can help to analyze the
emotional changes of characters in video stories and to predict how the composition of the story changes over time. If Al is used
more actively in the future in entertainment fields, it is expected to affect the automatic adjustment and creation of characters,
dialogue, and image editing.

Keyword : video storytelling, shot sizes types, artificial neural network, region of interest, image saliency
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Table 1. ImageDataGenerator parameter
from keras.preprocessing.image import ImageDataGenerator
AlS] A
datagen = ImageDataGenerator( V. dE 2
rotation__range= 0.8,
width__shift_range= 0.8, ofgfe] 3 29} # 3 Kerasol Al Al33te Lambdag}
height__shift_range= 0.8, Concatenate®] d2twEl AMS: WS Adsiy #
rescale =1./(0~255), KerasE ©1§% 7@ o)A& RoZTh
shear__range= 0.8, zoom__range= 0.8,
horizontal__flip= True, fill__mode = "nearest’

H 2. Lambda layer I}2iH|E{
Table 2. Lambda layer parameter

9712 AN F)E HAo] WOl B Ao glo] keras.layers.Lambda(function, output__shape =None,
= =2 =L LR S T L

HE S48 AL 3Y2 e So] A HS Keras APLY] mask =None, arguments=None)
ImageDataGeneratorg AH&-3to] o] & a3ttt & 12

N 5 AME ol B HoFn o] o)gs)] 19 73 7 I 3. Concatenate layer IiZ{H|E{

Table 3. Concatenate layer parameter
o] 720*480°.% HloE] Alg FAstE oA S A7E

QT 2AFAT 3,13} 3280 AAS I rEY S22 | keras.layers.Concatenate(axis =-1)
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I 4. Lambda layer 2} Concatenate layer| Z=712H 154
Table 4. Program implementation of Lambda layer and Concatenate
layer

def slice_4(t):
return t(:, 1, 3, :]

slice_layer1 = Lambda
slice_layer2 = Lambdal
slice_layer3 = Lambdal
slice_layer4 = Lambda

slice_1)
slice_2)
slice_3)
slice_4)

=N

features = []
for k1 in range(w):
features1 = slice_layer1(cnn_features)
cnn_features = slice_layer2(cnn_features)
for k2 in range(h):
features2 = slice_layer3(features1)
features1 = slice_layer4(features?2)
features.append(features?2)

relations = []
concat = Concate_nate()
for featurest—in features:
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