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A Study on GPR Image Classification by Semi-supervised Learning with CNN
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Abstract

GPR data is used for underground exploration. The data gathered are interpreted by experts based on experience as
the underground facilities often reflect GPR. In addition, GPR data are different in the noise and characteristics of
the data depending on the equipment, environment, etc. This often results in insufficient data with accurate labels.
Generally, a large amount of training data have to be obtained to apply CNN models that exhibit high performance
in image classification problems. However, due to the characteristics of GPR data, it makes difficult to obtain sufficient
data. Finally, this makes neural networks unable to learn based on general supervised learning methods.

This paper proposes an image classification method considering data characteristics to ensure that the accuracy of each
label is similar. The proposed method is based on semi-supervised learning, and the image is classified using clustering
techniques after extracting the feature values of the image from the neural network. This method can be utilized not

only when the amount of the labeled data is insufficient, but also when labels that depend on the data are not highly
reliable.

m Keyword : GPR, Image classification, CNN, Semi-supervised learning, Image clustering
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Algorithm 1 Main model training algorithm

Input: labeled training data set of GPR image x, data x’s

label set y
ft « mainModel(x) # Get datax’s feature value set
Cirain < average(ftly = i)  # Calculate centroids
of each labels
Fit MinMaxScaler by ft
Cirain < MinMaxScaler (Cerqin)
centroids
mainModel « mainModel. fit(x, Cerain)
# Train the model by traming data and new label as
centroids

Output: trained mainModel

# Scaling the
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Algorithm 2 Algorithm of classification by unlabeled data
Input: labeled training data set of GPR image x, data x’s
label set y, unlabeled training data set of GPR image x’,
classification target image set IMG, the number of cluster for
k-means clustering n

ft' «mainModel(x") # Get data x"s feature value set
y' <« Kmeans(n|ft") # Set arbitrary label y' from
cluster of k-means clustering by ft'

C'train < average(ft'ly' =1i)

#Calcuate centroids of each arbitrary label

ft « mainModel(x) # Get data x’s feature value set
Yarp < argminctfmm ((ft - Céruin)z)

# Get arbitrary label of data x

L(y) « argmax,(the number of y|y' = 1)

# Match the clusters with class

fting < mainModel(IMG)
# Get data IMG’s feature value set

ymg < argming  ((ftiug — Ciraim)?)
# Get arbitrary label of data IMG
Lime <« L(yiqg)  # Convert clustering results to class
Output: images IMG’s class Ljyq
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