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V. Classification.

Y. Supervised Learning.

Y. Regression.

¢. Unsupervised Learning.

°. Clustering.

1. Semi-supervised Learning.

V. Reinforcement Learning.

A. Convolution Neural Network.
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'*. Back-Propagation.
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*. Threshold.
"7, Stride.
'*, Padding.
'°. Fully Connected Layer.
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. Max-pooling.

*. Mixed .

¥, Importance-based pooling(LIP).
¢, Stochastic Pooling(SP).

. Soft function.

. Discrete Wavelet Transform.

. Objects Segmentation.

. Training Phase.
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Exploring the types of fusion layers for deep learning-based image
classification

Azam Noroozi'*
V- Faculty of Engineering - Department of Civil Engineering and Architecture - Torbath Heydariyeh University — Torbath
Heydariyeh - Iran.

Abstract

The fusion layer has been widely used for image classification with more than a decade of deep learning. Many models using
the fusion layer have tried to overcome the disadvantages of the traditional algorithm, which depends on the hand-drawn
features. In general, deep learning models often contain trainable parameters and require a large number of labeled examples
to achieve optimal performance. This paper focuses on optimal parameters and related previous work. Various advanced
approaches have been evaluated through several experiments. The evaluation results on the CIFAR-) + dataset showed that the
fastest and best method is the computationally simplest method, which is the Maximum Fusion method. After the Maximum
method, the Lip Fusion method has the best results, but it increases the detection time by almost fifty percent. This increase in
time is due to its logarithmic and exponential computational complexities. The hybrid method could not perform better than
the maximum pooling in terms of classification criteria in experiments. However, this method has the lowest error rate in the
training phase.

Keywords: Deep learning, fusion layer, image classification, convolutional neural network, machine learning.



