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Abstract

With the development of artificial intelligence technology, various methods have been developed for
recognizing objects in images using machine learning. Image segmentation is the most effective among these
methods for recognizing objects within an image. Conventionally, image datasets of various classes are trained
simultaneously. In situations where several classes require segmentation, all datasets have to be trained
thoroughly. Such repeated training results in low training efficiency because most of the classes have already
been trained. In addition, the number of classes that appear in the datasets affects training. Some classes appear
in datasets in remarkably smaller numbers than others, and hence, the training errors will not be properly
reflected when all the classes are trained simultaneously. Therefore, a new method that separates some classes
from the dataset is proposed to improve efficiency during training. In addition, the accuracies of the
conventional and proposed methods are compared.
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1. Introduction

Various neural networks have been implemented by increasing the depth of artificial neural networks
based on the improvement of hardware performance. In addition, as the amount of information continues
to increase, more data can be acquired and learned through a neural network. Furthermore, the ability of
neural networks to perform tasks has gradually improved. However, owing to the increase in the
complexity of neural networks and the amount of data, training once requires hours or days, particularly
if large numbers of images and composite neural networks are used. The structures of neural networks
that classify or segment images containing various classes of objects have been developed through con-
siderable research. However, cases in which there are several classes in the dataset have not been trained
extensively. Conventionally, datasets containing images of various classes are trained simultaneously.
When the number of classes in the dataset increases, a dataset with new classes and the existing dataset
are merged to form a new dataset, and then, the merged dataset is trained again (Fig. 1(a)).

In the process of recreating and training a new dataset, the training process for the classes that have
been trained previously is duplicated, which is unnecessary. If the number of classes to be trained is
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significantly smaller than the number of classes that have already been trained, training all the datasets
again is not efficient. As mentioned earlier, the number of datasets is rapidly increasing, and each training
session consumes a significant amount of time and resources. Moreover, if cloud services are used,
unnecessary financial costs will be incurred. Nevertheless, the number of images for each class in the
dataset can influence the training accuracy. Owing to the limitations of graphics memory, all datasets
cannot be trained simultaneously. During training, the dataset is divided into several small subsets, and
the subsets, which are called batches, are used to train the neural network. Neural networks are trained
using the data in batches. If the neural networks are intensively trained using the error of the class that
accounts for a large portion of the dataset, the classes with a small number of images in the dataset will
not reflect the error precisely, because they cannot participate in all the batches equally. To improve the
training accuracy of all the classes in the dataset and to utilize the training model for the classes that have
already been trained when the number of classes increases in the dataset, we propose a new approach that
independently trains the separated datasets instead of training all the datasets again (Fig. 1(b)). The
contribution of this study is training separated datasets independently to improve the accuracy of the class
that accounts for a small portion of the dataset, and to recycle the previously trained model effectively

when the number of classes is increased.
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Fig. 1. Comparison of the conventional and proposed methods. (a) If all classes are trained simultaneously,
the previously existing classes will be trained repeatedly. (b) All cases are trained once.

2. Related Works

Various neural network structures have been proposed through the development of various tech-
nologies, such as image classification [1,2], object detection [3,4], and image segmentation [5,6]. Image
classification is used to determine specific objects in an image. The performance of convolutional neural

networks (CNNG5s) is usually improved through scaling up. An increase in the depth of the network from
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ResNet-18 to ResNet-200 improved the performance of ResNet [7,8]. Object detection techniques exhibit
slightly higher accuracy than image classification because they draw a bounding rectangle around the
object. Image segmentation is the most accurate method for recognizing objects in an image. The object
detection and image classification methods are based on the features of an image, whereas image
segmentation is based on the pixel level. A CNN, which has several layers, extracts features from images
using kernels to reduce the width and height of input images and increase the channel dimension. The
output of image classification or object recognition is a vector, whereas that of image segmentation is an
image. Obtaining the output of an image from a neural network is similar to the process of extracting
image features using a CNN, but it requires a decrease in the channel dimension and an increase in the
width and height [9]. Two types of image segmentation techniques exist: semantic [10,11] and instance
segmentation. Semantic segmentation recognizes the same objects in an image as a group and displays
them in the same color. By contrast, in instance segmentation, all objects in an image are independently
identified and shown in different colors [12,13]. Image segmentation is of interest in various fields. U-
Net [14] is a cell image segmentation technique that combines representative artificial neural networks
with biomedical sciences. As generative adversarial networks (GANs) have recently become popular,
attempts have been made to combine GANs and segmentation in biomedical sciences [15-17]. Image
segmentation is necessary for autonomous driving systems, which receive images from a camera mounted
on a vehicle. It is necessary to analyze the image and identify the obstacles around the vehicle accurately
[18,19]. In the neural network structure used for image segmentation, the dimensions of the output layer
are determined by the number of classes in the dataset. In addition, various neural network structures
have been developed because the technology is attracting attention in various fields; however, several
studies have not mentioned the method to be used when the number of classes in the dataset increases.
Therefore, the existing learning models need to be recycled when the number of classes in the dataset

increases.

3. Proposed Solution

3.1 Dataset Preparation

In this study, 700 indoor images were collected from seven buildings, and the objects were given labels,
such as floors, doors, walls, and lockers. The labeling tool “Label Me” was used to label the images (Fig.
2). To check the effect of the number of images per class on a dataset, 600 images containing only a floor,
door, and wall were collected. Subsequently, 100 images labeled with lockers were collected.

Fig. 2. Data images for indoor environments. (a) Images collected from various indoor environments.
(b) Add labels to target objects, such as floors, door walls, lockers, in collected images.
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The target image uses the palette mode rather than the normal RGB mode to represent labels
effectively. During the labeling process, a JSON file that generates target images from input images was
created. This is because images in the palette format show reduced capacity, as only the color type of the
pixel is represented instead of the RGB value. Thus, each pixel in the RGB images had a capacity of 24
bits, because there were three channels. In contrast, the images in the palette format had only one channel.
Therefore, each pixel in the palette mode had a capacity of 8 bits. Fig. 3 shows the target images in the
palette format created using JSON files.

Fig. 3. Target image stored in the palette format with red, green, blue, and purple representing the door,
floor, wall, and locker, respectively.

3.2 Training and Evaluation

Fig. 4(a) shows the solution proposed herein. When training for partial classes of the dataset was
completed, some classes were trained separately if there were additional classes to be learned or if the
number of partial classes of the dataset was significantly smaller compared with the number of other
classes. Consequently, at the end of the training, several models were created, with the number of models

equal to the number of subsets in the dataset.
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Fig. 4. Training and inference methods proposed herein. (a) During training all classes are trained only
once. (b) During inferencing each model segments corresponding objects.
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During inference, the proposed novel learning scheme generates several images corresponding to the
number of models. As all classes that can be identified by all models are different, only the parts selected
simultaneously by the overall models as the background should be treated as the real background. Fig.
4(b) illustrates the process of creating the resultant image by combining the images from the previous

step.

4. Experiments

Two experiments were conducted to compare the experimental results intuitively. The conventional
method was used in the first experiment, and the method proposed herein was used in the second
experiment. Both experiments used DeepLab V3 as the backbone and ResNet-101 as the encoder. The
batch size was 8, and the total number of epochs was 500. The batch size is the number of images that
are simultaneously loaded into the memory on all days. The epoch is the number of times that all the
datasets are repeated during training. The dataset is divided into three groups. The first group is a subset
with a floor, door, wall, and locker, the second group is a subset with a floor, door, and wall, and the third
group is a subset with only a locker. As shown in Fig. 5(a), only the floor, door and wall of the building
were labeled. In the second group, the floor, wall, and door, along with the locker inside the building,
were labeled simultaneously, as shown in Fig. 5(b). The remaining images were individually labeled as
locker images in the building, as shown in Fig. 5(c).

The experiment was conducted in the following manner to compare the conventional and proposed
methods. The conventional method collected the datasets again and relearned them when the number of
classes in the dataset was increased. First, training was performed using a dataset with labels only for the
floor, door, and wall, as shown in Fig. 5(a). The time taken for training was 7.75 hours. Then, training
was performed again through a dataset with labels for the floor, wall, door, and locker by following the
conventional method, as shown in Fig. 5(b). The time taken for training was 8.78 hours.

In this paper, we propose that classes added to the dataset should be learned separately. Fig. 5(c) shows
a separate dataset that labels the locker among the image datasets. It required 2.28 hours to complete the
training process to segment the locker, which is four times shorter than the time taken by the existing
method when comparing the additional time, except for 7.75 hours.

(a) (b) (©

Fig. 5. (a) Conventional image and image labeled with wall (blue), floor (green), and door (red). (b) Image
in the palette mode, which is labeled with wall (blue), floor (green), door (red), and locker (purple). (c)
Image labeled with locker (purple).
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4.1 Loss Visualization

Fig. 6 shows the changes that occurred during the training process. The red curve represents the results
of training only for the lockers. The blue curve shows the results of training for the floor, door, and wall.
The orange curve indicates the results of training for the floor, door, wall, and locker simultaneously. The
error is the smallest when the training occurs separately for changes in the classes in the dataset. The

experimental conditions are listed in Table 1.

®
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w

Fig. 6. Error changes in the training process.

Table 1. Experimental environment

Specification
Operating system Ubuntu 2018 LTS
CPU Intel 19 9900k
GPU RTX 2080-ti
RAM 32G
Language Python 3.6.0
IDE PyCharm 2021.1.1

4.2 Composition of Resultant Images

Two training models were created as a result of training using the method proposed herein: one
segmented the images with the floor, wall, and door in indoor images, and the other segmented the images
with the locker. The image segmentation training model identified only the previously trained objects in
the image and painted them in a unique color, whereas the remaining background was black.

Fig. 7(a) shows an image that does not exist in the training dataset, and Fig. 7(b) shows the result of
the segmentation, showing the floor, wall, and door in different colors using the method proposed herein.
Fig. 7(c) shows the result of segmentation showing the locker in a unique color using the proposed
method, in which the background is removed. Fig. 7(d) shows the result of segmenting only the locker in
the image, and Fig. 7(e) shows the result of segmenting the floor, door, and wall in the image. Fig. 7(f)
shows the result of overlapping the entire image created by the proposed method with the conventional
image.
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(d (e) ®
Fig. 7. Process of generating resultant images. (a) An indoor image as input of the model. (b) An input
image is segmented with wall (blue), floor (green), and door (red). (¢) An input image is segmented with
locker (purple). (d) Superimposing the area identified as the locker in the image (a). (¢) Superimposition
of the results of segmenting floors, doors, and walls from the input image. (f) Overlapping the entire
image created by the proposed method from the input image.

4.3 Result Visualization

The results of inference using the previous and proposed methods were compared. Fig. 8(a) shows an
image that does not exist in the training dataset, and Fig. 8(b) shows the result of segmentation using the
conventional method. Fig. 8(c) shows the segmentation results obtained using the proposed method, and
Fig. 8(d) shows the ground-truth image of Fig. 8(a). The overall results do not differ much visually,
although the time required for the training process is considerably reduced compared with that taken by
conventional methods. The intersection-over-union (IoU) value compares common errors in image

classification and image segmentation methods.

(©) (d)
Fig. 8. Comparisons of the two methods. (a) Indoor images not included in the training dataset. (b) The
outcome of the conventional method that all datasets are trained simultaneously. (¢) The outcome of the
proposed method that some classes are trained seperately. (d) The ground-truth of input images.
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Fig. 9 shows the method of computation of the IoU, which shows the extent to which the predicted
result matches the ground-truth image by calculating the ratio of the intersection and union of the two
images. Table 2 compares the loU values from the inference results of the conventional and proposed
methods.

Overlapping Region
Ol =

Combined Region

Table 2. [oU values from different training methods

Fig. 9. Method of calculation of the IOU.

. 10U (%)
Object -
Previous method Proposed method
Wall 82.96 83.77
Floor 97.79 97.92
Door 76.03 74.95
Locker 91.66 92.43

Fig. 10 shows the result of segmentation for lockers, which have significantly fewer images than the
other classes in the datasets. Fig. 10(a) shows an input image, and Fig. 10(b) shows the result of training
all the objects simultaneously without considering the effect of the number of images per class on a
dataset. Fig. 10(c) shows the results of training separately from the other classes. Consequently, if objects
of different classes simultaneously participate in machine learning, the difference in their proportions in
the entire dataset can affect training accuracy. A separate training method can be a solution for increasing
the accuracy of training for objects in a class.

(a) (b) (c)

Fig. 10. Effect on training when significantly fewer classes are added to datasets and trained together. (a)
Indoor image as input of the model. (b) Among the data sets, there are remarkably few images, including
a locker, so a part of the locker in the image is not accurately segmented. (c) The problem shown in (b)
solved by training the image which contains the locker separately.
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5. Conclusion

Various techniques have been developed for identifying objects in an image through a neural network;
however, the existing methods attempted to increase the accuracy of a dataset with fixed classes. Con-
ventionally, if the number of classes in a dataset increases, the dataset is reconfigured and the entire
dataset is trained again. This process is not necessary for classes that have already been trained; conse-
quently, significant amounts of time and resources are consumed. All the datasets in a group can affect
the learning accuracy of a partial class. This is because all the datasets cannot be trained simultaneously
because of the limitation of the GPU capacity. During training, the neural network is trained using
separate subsets, which are separated from the dataset by batch size. Consequently, the neural network
cannot be properly trained owing to errors in a small number of classes in datasets. A new approach that
efficiently reuses the previous training model instead of discarding the results is proposed. The testing
showed that the subsets of datasets can be learned separately to solve the aforementioned problem.

In the future, we will investigate a new method that can eliminate unnecessary duplications in the
inference process. If training is conducted using the proposed method, several learning models can be
created. During the generation of the resultant image, the inference process should be repeated as many
times as the number of training models there are. As the number of training models increases, the number
of inferences correspondingly increases. This problem can be solved by stacking multiple neural
networks, which is the same as the neural networks used in training separate datasets. The weights of the
newly constructed neural network are obtained from several trained models.

Segmenting a small object in an image remains a difficult problem. In the label data, the background
is labeled 0. If the target object is very small in the image, almost all parts are marked as zero values. In
this situation, the neural network tends to output the value of all pixels to zero to minimize the error value.
These problems can be solved by modifying the method used to calculate the errors. We know which
pixels constitute the background in the target image. Therefore, during the training of the neural network,

the accuracy can be improved by reducing the weight of errors calculated from the background pixels.
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