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Abstract

In this paper, we propose an efficient object classification method based on semantic segmentation for multi-labeled image data.
In addition to various pixel unit information and processing techniques such as color information, contour, contrast, and saturation
included in image data, a detailed region in which each object is located is extracted as a meaningful unit and the experiment is
conducted to reflect the result in the inference. We use a neural network that has been proven to perform well in image
classification to understand which object is located where image data containing various class objects are located. Based on these
researches, we aim to provide artificial intelligence services that can classify real-time detailed areas of complex images containing
various objects in the future.
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Fig. 1. Example of convolutional neural networks (Image classification)
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Table 1. Fully convolutional densenet layers

Dense layer Architecture of FCDenseNet67(growth rate = 16)
Batch Normalization Input Input, ch = 3(RGB image)
ReLU First convolution 3 x 3 convolution, ch = 48
3 x 3 Convolution DB (5 Dense layers) + TD, ch = 128
Dropout = 0.2

DB (5 Dense layers) + TD, ch = 208

Downsampling DB (5 Dense layers) + TD, ch = 288

Transition down(TD) DB (5 Dense layers) + TD, ch = 368

Batch Normalization DB (5 Dense layers) + TD, ch = 448
RelLU Bottleneck DB (5 Dense layers), ch = 528

1 x 1 Convolution TU + DB (5 Dense layers), ch = 448

Dropout = 0.2 TU + DB (5 Dense layers), ch = 368

2 x 2 Max pooling Upsampling TU + DB (5 Dense layers), ch = 288

TU + DB (5 Dense layers), ch = 208

Transition up(TU) TU + DB (5 Dense layers), ch = 288

3 x 3 Transposed Convolution Fully convolution 1 x 1 convolution, ch = 59 (classes)

stride = 2

Classification Softmax
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Table 2. Data Set Description

Data Description

1689 samples, 1007 images with train and
341 images with validation,
341 images with test.

Quantity

Number of classes 58 (+1 backgorund)

Resize images with a with of 224, height

Image size L .
9 dependent on original size.

We expanded 57 classes of fashionista

Remarks dataset to 59 categories of ccp dataset.
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Fig. 6. Examples of semantic segmentation
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Fig. 7. Comparison of results with FCN-based architecture
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Fig. 8. Successful classification of the background and person, but the case of not inferring the detail of the object
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Table 3. Learning results by data set

Data set NLL loss loU accuracy(%)

Train Set 0.490 86.46
Validation Set 0.892 81.93

Test Set 0.868 82.04

¥ 4. &% oH il
Table 4. Learning parameters

Hyperparameter Value
RMSprop

Optimizer

NLLloss(Negative log likelihood loss)

Loss function ) e
for categorical classification

Learning rate 1e-3

Learning rate decay 0.995 (every 1 epoch)

Mini batch size 1
Epoch 900
Weight initialization

Initialize to zero
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