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Abstract

:

Image classification is one of the most important tasks in the digital era. In terms of cultural heritage, it is important to develop classification methods that obtain good accuracy, but also are less computationally intensive, as image classification usually uses very large sets of data. This study aims to train and test four classification algorithms: (i) the multilayer perceptron, (ii) averaged one dependence estimators, (iii) forest by penalizing attributes, and (iv) the k-nearest neighbor rough sets and analogy based reasoning, and compares these with the results obtained from the Convolutional Neural Network (CNN). Three types of features were extracted from the images: (i) the edge histogram, (ii) the color layout, and (iii) the JPEG coefficients. The algorithms were tested before and after applying the attribute selection, and the results indicated that the best classification performance was obtained for the multilayer perceptron in both cases.
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1. Introduction


Cultural heritage represents a set of unique practices, objects, places, values, and artistic works that are formed throughout history in different countries and regions. Each society has its own cultural heritage that is usually passed on from generation to generation, thus enabling sharing and learning. Various types of cultural heritage can be found worldwide including archaeological sites, documents, photographs, historical monuments, and other elements. In particular, cultural heritage can be grouped into two main categories: (i) tangible and (ii) intangible, according to UNESCO [1]. Tangible cultural heritage can further be grouped into movable and unmovable cultural heritage. Movable cultural heritage involves physical objects and artifacts such as paintings, sculptures and furniture, while immovable heritage includes buildings, monuments, and archaeological sites [1]. Furthermore, intangible cultural heritage includes intellectual property such as the oral traditions, expressions, skills, knowledge, and language. Some examples of intangible cultural heritage include rituals, folklore, customs, and beliefs.



As digital technologies are being developed all the time, the opportunities they offer are also increasing and expending. In the context of cultural heritage, by using digital technologies, cultural heritage can not only be easily accessed and preserved, but also recreated. Three pillars of digital cultural heritage can be defined: (i) digitization that involves the conversion of objects into digital form, (ii) access to digital heritage, and (iii) long term preservation of digital objects [2]. In order to perform all three of these tasks, classification methods play a critical role.



Classification represents the method of building the classification model that will sort instances into categories, based on the provided set of data. It is a supervised learning approach (i.e., learning based on examples) where the model learns from a provided dataset and uses the obtained knowledge to perform classification on unseen data.



Classification of cultural heritage is important due to the fact that humanity needs to collect, manage, and preserve the heritage for future generations. Through digitization, the efforts to conserve and promote cultural heritage are being supported, as online accessibility to cultural heritage fuels the promotion of countries and regions, while at the same time maintaining and contributing to cultural diversity.



Many authors have developed and applied different techniques in order to classify cultural heritage and simplify web indexing. In a paper by [3], the authors used the deep learning techniques to classify cultural heritage images. In particular, two types of convolutional neural networks (CNN) were used, AlexNet and Inception V3, as well as two residual networks, ResNet and Inception-ResNet-v2, and stochastic gradient descent was used to train the optimization convolutional networks. The dataset included more than 10,000 images divided into 10 categories, i.e., types of architectural cultural heritage such as columns, domes, gargoyles, vaults, etc. The obtained results were compared in terms of their accuracy on a full training set of data and after fine tuning. In terms of full training, the best accuracy was achieved by ResNet on a 64 × 64 pixel image size. In terms of fine tuning, the highest accuracy was obtained for 128 × 128 pixel image size for the Inception-ResNet-v2 algorithm. The research concluded that, based on the obtained results, deep learning methods achieved better accuracy when dealing with complex problems such as image classification, compared to other state-of-the-art techniques.



In [4], convolutional and Recurrent Neural Networks (RNN) were used to classify Indonesian cultural heritage. In particular, CNN were used for image, audio, and video classification, while RNN were used to classify text. The algorithms were applied to the dataset containing 100 images, 100 audio files, 100 video files, and 100 text files divided into five categories each. The results showed that, in terms of accuracy, RNN achieved the highest performance, classifying 92% of the text data accurately. In terms of CNN, the best accuracy was achieved for image and video classification (76% each), while audio classification obtained only 57% accuracy.



The classification of the cultural heritage images was performed by using the k-nearest neighbor (kNN) classification in [5]. The experiment was performed on a dataset consisting of 1227 images of 12 cultural heritage monuments and landmarks in Pisa. The feature extraction was performed using SIFT (Scale Invariant Feature Transform), SURF (Speed up Robust Feature), ORB (Oriented FAST and Rotated BRIEF), and BRISK (Binary Robust Invariant Scalable Keypoints), while the performance of the algorithms was evaluated based on accuracy, precision, recall, and F1 scores. The results showed that the local feature based classifier performed the best, while in terms of features, the best performance was achieved using SIFT.



In [6], the authors classified 3D cultural heritage models by using WEKA software in combination with the Fiji image distribution. Several decision tree classifiers were tested, in particular J48, random tree, RepTREE, LogitBoost, random forest, fast random forest (16), and fast random forest (40), with fast random forest achieving the highest accuracy of 69%.



In [7], the k-nearest neighbor algorithm was used for classification and detection of alterations on historical buildings. The method proved to be efficient with the obtained classification accuracy of 92%.



Multimodal image classification was performed in [8] using Dense SURF, spectral information and support vector machine. The dataset was comprised of 100 cultural heritage wall painting images of reflected visible light, reflected infrared light, reflected ultraviolet light, and UV induced visible fluorescence used for classification. The results showed that the best accuracy was achieved in reflected ultraviolet light, followed by the visible image, reflected infrared light, and lastly, the fluorescence image. Furthermore, the research concluded that the combination of Dense SURF and spectral information achieved the best accuracy, compared to using them separately.



In [9], some of the most relevant cultural heritage image classification techniques were described and reviewed from the perspective of different types of cultural heritage. In terms of tangible and movable cultural heritage, naive Bayes and Support Vector Machine (SVM) algorithms are mostly used for image classification, but also rule based and genetic based algorithms can be found in the literature. Furthermore, for tangible and immovable cultural heritage, the most commonly used are CNN, which are perceived as accurate and able to deal with big sets of data. Lastly, intangible cultural heritage is mostly classified using SVM, kNN, CNN, decision trees, and CRF-GMM (Conditional Random Fields - Gaussian Mixture Model) algorithms.



Previous research was focused on classifying images by using decision tree based algorithms such as J48, Hoeffding tree, random tree, and random forest, in WEKA [10]. Feature extraction was performed using fuzzy and texture histogram, edge histogram, and JPEG coefficients, and the dataset included 150 cultural heritage images, divided into three classes (50 images per class): archaeological sites, frescoes, and monasteries. The results showed that the best performance was obtained by the random forest algorithm, followed by the Hoeffding tree, J48, and random tree.



The aim of this paper is to compare several classification algorithms from the perspective of cultural heritage. Four different classification algorithms were trained and tested before and after applying the attribute selection filter in order to obtain better accuracy of classification, and the results were compared. Moreover, the Convolutional Neural Network (CNN) was also developed for comparison purposes, as deep learning represents some of the most popular state-of-the-art models as observed from the literature [3,4]. There are several contributions of this paper, in particular: (i) all algorithms were tested with the same parameter configuration before and after applying the attribute selection, except for CNN, and (ii) Averaged One Dependence Estimators (AODE) and Forest by Penalizing Attributes (Forest PA) were used for the first time for cultural heritage image classification. In addition, K-Nearest Neighbor Rough Sets and analogy-based reasoning (RSeslibKnn) and the Multilayer Perceptron (MLP) algorithm were also applied to the dataset, in order to compare the performances to the other algorithms.



This paper is organized as follows. Section 2 explains the methods and materials used in this research. Section 3 presents the results of classification, followed by the discussion in Section 4. Finally, Section 5 gives conclusions from the study and future work.




2. Materials and Methods


2.1. Materials


The cultural heritage image classification was performed on a public dataset created by [3] and obtained from Datahub (https://old.datahub.io/dataset/architectural-heritage-elements-image-dataset). The initial dataset consisted of 10,235 images with a size of 128 × 128 pixels, classified into 10 cultural heritage categories. For the purpose of this research, 4000 images classified into 5 categories were randomly chosen from the dataset. The categories with image samples are shown in Figure 1. The categories included images representing (a) altars, (b) gargoyles, (c) domes, (d) columns, and (e) vaults.




2.2. Methods


All experiments were performed in WEKA (Waikato Environment for Knowledge Analysis) [11], which is a free data mining software based on Java. Additionally, the CNN model was developed in Python v.3.7 with the use of the Keras library. The experiments were performed on a Windows machine with a 2.3 GHz processor and 8 GB of RAM.



Before applying the algorithms on the dataset, the feature extraction was performed using the imageFilters package, which contains different filters for image processing and is based on LIRE (Lucene Image REtrieval), a Java library for image retrieval. Three filters were applied on the dataset in order to extract feature descriptors from images, in particular the edge histogram filter, the color Layout filter, and the JPEG coefficients filter.



The edge histogram filter extracts the MPEG7 edge features from the images. Histograms are very useful in image processing, as they represent the composition of the image, regardless of the image rotation [12]. An edge histogram shows the directions of edges in an image, based on the frequency and brightness changes [12]. The edge histogram considers 5 types of edges in each local area (i.e., sub-image), including: vertical, horizontal, 45-degree diagonal, 135-degree diagonal, and non-directional edges [12,13] (Figure 2). Each sub-image consisted of 4 × 4 blocks totaling 16 blocks regardless of the image size; hence, the edge histogram was generated for each of these blocks, representing the distribution of the aforementioned edges in the observed sub-image [12,13].



The color layout features can be extracted from images by using the color layout filter in WEKA, where the image (on RGB color space) was divided into 64 blocks and the average color for each block was calculated. The features were computed based on the calculated average color. The color layout features represented the spatial distribution of colors [14], and were extracted from the images in two steps: (1) the selection of the representative color by partitioning the image and selecting the color and (2) the discrete cosine transform followed by the zigzag scanning and weighting [14].



The JPEG coefficients filter was used to extract JPEG coefficients from images. Feature extraction was performed by discarding information from images that was unnoticeable by humans. The image was split into parts of different frequencies based on the discrete cosine transform, after which the less important frequencies were excluded [15].



After the extraction of the features from the images, the dataset consisted of 307 attributes. The dataset was divided into 70% of images for training and 30% for testing the algorithms. This research tested and compared four algorithms for image classification: (i) MLP, (ii) Forest PA, (iii) AODE, and (iv) RSeslibKnn, followed by the additionally developed CNN model as a representation of the state-of-the-art techniques used in image classification.



Because the dataset consisted of 4000 images and 307 attributes, in order to improve performance in WEKA, the feature selection using the AttributeSelection filter was applied to extract the most important attributes from the set. The same attribute selection configuration was applied to all the algorithms. In particular, attribute search was performed using the best first method, while attribute evaluation was performed using CFS subset evaluator. In total, 89 attributes were extracted from the set and passed to the algorithm.



The MLP consists of a minimum of three layers: an input layer, a hidden layer, and an output layer, where each layer consists of neurons (nodes). It is an Artificial Neural Network (ANN) that uses a nonlinear activation function; hence, it is suitable for solving different types of problems. The neurons in each layer are connected to the neurons in the next layer, but at the same time, the neurons are not interconnected [16]. Furthermore, the nodes are connected by weights, and MLP uses backpropagation for training. One of the main advantages of MLP is that it does not make any assumptions regarding the distribution of data; hence, it can be used to model non-linear functions [17].



AODE is a classification method that was developed in order to slacken the naive Bayes independence assumptions, while at the same time obtaining good prediction accuracy with lower computational costs [18]. It estimates the probability of each class and creates a set of one dependence probability distribution estimators. These estimators are classifiers in which the probability of each value of the attribute is determined by other attributes and by the class to which the attribute belongs [19].



Forest PA is an algorithm developed in 2017 by [20]. It is a decision forest algorithm that is developed in order to overcome some of the shortcomings of the random forest algorithm and achieve better prediction power. Forest PA uses the full set of attributes, but at the same time, it assigns weights (i.e., penalties) to the attributes that already participated in the previous decision tree [20]. This algorithm uses the bootstrap sample by generating it from the training set, after which it develops a decision tree from that bootstrap sample using the attribute weights. The weights of the attributes used in the previous tree are, then, updated, and in the final step, the weights of the attributes that are not present in the previous tree are updated [20]. Forest PA is highly dependent on SimpleCart, which allows for minimal cost complexity pruning [21].



RSeslibKnn is the k-nearest neighbor classifier that uses a k optimization and is adequate for large sets of data, as it employs a fast neighbor search [22]. The algorithm first calculates a distance measure based on the weighted sum of distances and then creates an indexing tree. The weights can be calculated using three different methods: the distance based method, the accuracy based method, and a perceptron based method [22]. Classification is made by finding the k nearest neighbors in the set and voting for the decision. Three voting methods are supported, in particular the equally weighted method, the inverse distance weights, and the inverse square distance weights [22].



CNN is a neural network composed of the convolution and pooling layers, along with the standard type of layers that are used in different types of neural networks such as the fully connected layers. This type of neural network is mostly used for image processing, as it takes images as inputs and automatically extracts features from those images. The CNN usually consists of convolutional layers (each consisting of a predefined number of filters or nodes and kernel size). The convolutional layer is followed by the pooling layer, which is used to reduce the data dimensionality. Two types of pooling can be performed: max-pooling and average pooling. Max-pooling finds the maximum value from the image corresponding to the predefined kernel size, while average pooling finds the average of all the values. After image processing is done through these layers, the features from a two-dimensional matrix are transformed into a vector with the use of a flatten layer, and the obtained output is sent to the fully connected layer, which is the dense layer.



In terms of the parameter configuration, MLP used one hidden layer with 50 neurons and a learning rate set to 0.5, a momentum of 0.6, and the number of epochs set to 500. The batch size was set to 32, and the sigmoid activation function was used for both hidden and output layers. All attributes, including the target, were standardized. This configuration was chosen because it provided the best performance in terms of errors and accuracy.



AODE used the default WEKA parameters, while Forest PA included developing 30 trees in the forest. Furthermore, RSeslibKnn used the city and simple value difference as a distance measure, the inverse square distance as the voting method, and the distance based weighting method.



Lastly, the CNN architecture included four convolutional layers with 32 neurons in the first two layers, 64 neurons in the last two convolutional layers, one hidden layer with 128 neurons, and an output layer with 5 neurons corresponding to five classes. All convolutional and hidden layers used the hyperbolic tangent (tanh) activation function, which had an output in the range between −1 and 1, while the output layer used the softmax activation function. The kernel size of the convolutional layers was set to 3 × 3, while the pooling size in the pooling layer was set to 2 × 2. All pooling layers included max-pooling. Rmsprop was used as an optimizer, as it solves the problem with varying magnitudes of the gradient. The network used a dropout of 0.2. Lastly, in order to avoid overfitting, the early stopping regularization parameter was used with patience set to 3. The number of epochs was set to 50, but the training stopped after 18 epochs because there was no further improvement in the accuracy. The model used 80% of data for training and the rest of the data for validation.




2.3. Evaluation Metrics


In order to access the classification potential of each of the tested algorithms, several evaluation metrics were obtained. In particular, the percentage of correctly classified instances, precision, recall, F-score, kappa statistics, and ROC area were used to choose the best model.



The percentage of correctly classified instances represents the instances that are correctly classified by the algorithm, i.e., the accuracy. Precision is the proportion of instances that belong to the observed class and the total instances that are classified by the algorithm to that class, while recall presents the true positive rate of prediction [23]. The F-measure represents the classification accuracy based on the average of precision and recall values. The F-measure values closer to 1 indicate a better classification accuracy. This measure is calculated as follows:


  F = 2 ∗   p r e c i s i o n ∗ r e c a l l   p r e c i s i o n + r e c a l l   .  



(1)







Kappa is the measure of agreement and can be computed as [24]:


  k =    P a  −  P b    1 −  P b    .  



(2)




where   P a   represents the proportion of observed agreements and   P b   is the proportion of agreements by chance [24]. The agreement can be in an interval of 0–1, where the values in the range 0.81–1 represent almost perfect agreement, while values close to 0 represent poor agreement [24].



The area under the ROC curve represents the ratio of the true positives and the false positives. This value should be close to 1, indicating a perfect prediction, while the values under 0.5 indicate a random guess [25].





3. Results


The algorithms used in this study were first tested on the full set of data consisting of 307 attributes. The performance for each algorithm can be observed in Table 1. Based on the results, it can be observed that the MLP algorithm performed the best with 85% of correctly classified instances, followed by RSeslibKnn with 82% of correctly classified instances, AODE with 79%, and Forest PA with 78%. It can be also observed that the values of the kappa statistics, precision, recall, and the F-measure were better for the MLP algorithm, compared to the other tested algorithms.



After applying the attribute selection, the algorithms were again trained and tested, and the obtained results for each algorithm are shown in Table 2. In general, considering each of the performance measures, the algorithm that obtained the best results was the MLP algorithm. In particular, MLP correctly classified 98.9% of instances, followed by AODE with 80.83%, RSeslibKnn with 80.67%, and Forest PA with 78.67% of correctly classified instances. In terms of the kappa statistics, MLP also obtained the best value of 0.986, which can be interpreted as an almost perfect agreement [24], followed by AODE (0.760), RSeslibKnn (0.758), and Forest PA (0.733), indicating a substantial agreement [24]. Furthermore, in terms of the F-measure, the best value was obtained for MLP (0.986), followed by RSeslibKnn (0.811), AODE (0.807), and Forest PA (0.797). Lastly, the values of the area under the ROC curve indicated an almost perfect prediction for the MLP (0.996), followed by AODE (0.965), Forest PA (0.959), and RSeslibKnn (0.879). All of these values demonstrated a strong classification power of each of the applied algorithms, with MLP and AODE performing the best in terms of different performance measures.



In order to observe which of the classes the model classified wrongly, the confusion matrices were generated. The numbers in the diagonal represent the correctly classified instances, while other numbers in rows represent the misclassifications. Table 3 and Table 4 present the confusion matrices before and after applying the attribute selection. It was observed that the MLP and the Forest PA algorithms most correctly classified the dome images, while AODE and the RSeslibKnn most correctly classified the altar images (Table 3). In terms of misclassifications, MLP mostly misclassified the vault images, while AODE, Forest PA, and RSeslibKnn misclassified mainly the column images.



After applying the attribute selection, the confusion matrix in Table 4 was generated. It can be observed that the MLP algorithm mostly misclassified the column images, with 19 images in total being wrongly classified. The AODE algorithm mostly misclassified the column images, Forest PA mostly misclassified images belonging to the column and vault classes, while the RSeslibKnn algorithm mostly misclassified the vault images. Furthermore, in terms of the correctly classified images, the MLP, Forest PA, and RSeslibKnn algorithms most often correctly classified the dome images, while AODE most often correctly classified the altar and dome images.



Lastly, in order to fully observe the performance of these algorithms, the CNN model was developed in Python, and the obtained results are presented in Figure 3.



As observed, the CNN model performed well with an accuracy of 92.91%. Both training and validation loss had a decreasing trend achieving the value of 0.21 for training and 0.42 for validation in the last epoch.




4. Discussion


This study aimed to test and compare different algorithms for cultural heritage image classification tasks. In particular, a large dataset comprised of 4000 images classified into five categories was used, and several key findings were derived from the study: (i) the neural network based algorithms performed much better when classifying images compared to the other algorithms (both MLP and CNN obtained a relatively good accuracy); (ii) the k-nearest neighbor classifier performed better than the decision tree based classifier; (iii) all classifiers performed better after reducing the attribute number, except for the k-nearest neighbor classifier, which lost its prediction accuracy; and (iv) images of columns were most frequently misclassified, while images representing the dome were most frequently correctly classified by these algorithms.



As observed in the previous section, the MLP algorithm performed the best in terms of all performance measures. It achieved the highest classification accuracy, compared to the other tested algorithms, and performed the best in terms of the other performance measures, such as MAE, kappa statistics, and the ROC area. The results showed almost perfect classification agreement and accuracy. Moreover, the developed CNN model showed very good classification accuracy, confirming some of the findings from the literature. In particular, neural networks mostly perform better than other non-neural network algorithms used for classification tasks [26,27,28], especially when classifying images [29,30]. Furthermore, neural networks are more suitable for large sets of data due to the overfitting problems that can occur more often with small datasets. Even though the neural networks are more computationally intensive, they achieve better performances and allow extensive hyperparameter tuning. MLP was able to improve its classification accuracy after the attribute selection, hence confirming its flexibility, while CNN obtained very good accuracy without using any additional algorithm for performance improvement.



The RSeslibKnn algorithm performed slightly better than the Forest PA algorithm, which was used for the first time for image classification tasks. These findings supported some of the findings from the literature, as the k-nearest neighbor classification algorithm mostly performed better than decision tree based algorithms [31,32]. On the contrary, this was the only one from the tested algorithms that did not improve its performance after the attribute selection. This showed that RSeslibKnn was indeed better to use with larger sets of data, as its performance degraded with the decreased number of data in the dataset.



Forest PA achieved the lowest accuracy of classification, both before and after applying the attribute selection. In particular, the algorithm performed slightly better in the second case, but still maintained the accuracy below 80%. In terms of the ROC area value, it performed better than the k-nearest neighbor algorithm, indicating a good prediction potential. These results demonstrated the potential of the algorithm and its suitability for larger sets of data, particularly in terms of the attribute number.



Before the attribute selection, the AODE algorithm performed better than Forest PA, in terms of the percentage of correctly classified instances, but worse than MLP and RSeslibKnn. After selecting the attributes, AODE performed better than both Forest PA and RSeslibKnn. The algorithm mostly misclassified the column images, followed by the vault images.



The comparison of the tested algorithms in terms of the obtained accuracy is shown in Table 5. As observed, the best performance after the attribute selection was obtained for the MLP algorithm, while the lowest performance was obtained for the RSeslibKnn algorithm. The other two algorithms obtained a very small decrease in accuracy, after the attribute selection. As deep neural networks automatically scan images and extract features from them, no attribute selection was applied to this model; hence, CNN was compared to the accuracy of the applied algorithms both before and after the attribute selection. In these terms, the CNN achieved much better accuracy (92.91%) than all other models (before attribute selection), but it obtained a lower accuracy than the MLP model (after attribute selection).



The results of this study can be used for developing new cultural heritage image classification models that will be more efficient and computationally compact. As image classification usually involves large sets of data, this task needs to be performed correctly and in a timely manner. Furthermore, image classification requires large computational resources; hence, working towards developing optimized models and classification methods is extremely important for future work.




5. Conclusions


This paper compared several classification algorithms for the purpose of cultural heritage image classification. In particular, MLP, AODE, Forest PA, and RSeslibKnn were tested before and after the attribute selection, in WEKA, while CNN was tested in Python on the full dataset with automatically extracted features. Overall, the best performance was achieved by the CNN algorithm, but considering the attribute selection, the MLP algorithm obtained the best classification accuracy. Other tested algorithms obtained no more than 82% accuracy.



This work confirmed that CNN are a much better choice for image classification, as they do not require manually extracting features from images, are easy to use, and can be thoroughly configured.
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Figure 1. Examples of images used for each of the five classes, in particular: (a) the altar, (b) the gargoyle, (c) the outer dome, (d) the column, and (e) the vault. 
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Figure 2. Types of edge directions in the edge histogram, in particular (a) the horizontal edge, (b) the vertical edge, (c) the 45-degree edge, (d) the 135-degree edge, and (e) the non-directional edge. 
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Figure 3. The (a) accuracy and (b) loss results for the CNN model. 
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Table 1. The performance for each of the applied algorithms before attribute selection.
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	Algorithm
	MLP
	Forest PA
	AODE
	RSeslibKnn





	Correctly classified instances
	84.83%
	77.92%
	79.25%
	82.17%



	Kappa statistics
	0.810
	0.724
	0.741
	0.777



	Precision
	0.849
	0.778
	0.793
	0.824



	Recall
	0.848
	0.779
	0.793
	0.822



	F-measure
	0.848
	0.778
	0.791
	0.820



	ROC Area
	0.974
	0.954
	0.959
	0.888



	Running time (in seconds)
	1038.09
	54.02
	122.72
	93.14
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Table 2. The performance for each of the applied algorithms after attribute selection.
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	Algorithm
	MLP
	Forest PA
	AODE
	RSeslibKnn





	Correctly classified instances
	98.9%
	78.67%
	80.83%
	80.67%



	Kappa statistics
	0.986
	0.733
	0.760
	0.758



	Precision
	0.989
	0.787
	0.808
	0.811



	Recall
	0.989
	0.787
	0.808
	0.807



	F-measure
	0.986
	0.797
	0.807
	0.805



	ROC Area
	0.996
	0.959
	0.965
	0.879



	Running time (in seconds)
	892.02
	62.01
	115.17
	109.27
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Table 3. The confusion matrices for each algorithm, before attribute selection.
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	Algorithm
	Altar
	Column
	Dome
	Gargoyle
	Vault
	Classified as





	
	216
	6
	2
	0
	19
	altar



	
	4
	193
	9
	18
	14
	column



	MLP
	3
	16
	220
	13
	1
	dome



	
	0
	8
	15
	196
	6
	gargoyle



	
	20
	12
	3
	13
	193
	vault



	
	217
	9
	2
	1
	14
	altar



	
	13
	163
	27
	19
	16
	column



	AODE
	2
	13
	213
	21
	4
	dome



	
	0
	7
	25
	174
	19
	gargoyle



	
	32
	7
	1
	17
	184
	vault



	
	206
	14
	1
	2
	20
	altar



	
	7
	167
	27
	21
	16
	column



	Forest PA
	2
	17
	215
	14
	5
	dome



	
	1
	12
	26
	170
	16
	gargoyle



	
	29
	13
	0
	22
	177
	vault



	
	231
	4
	2
	0
	6
	altar



	
	19
	169
	17
	15
	18
	column



	RSeslibKnn
	8
	13
	224
	8
	0
	dome



	
	3
	12
	29
	174
	7
	gargoyle



	
	33
	6
	2
	12
	188
	vault
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Table 4. The confusion matrices for each algorithm, after attribute selection.
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	Algorithm
	Altar
	Column
	Dome
	Gargoyle
	Vault
	Classified as





	
	239
	0
	0
	0
	1
	altar



	
	1
	237
	0
	0
	2
	column



	MLP
	0
	1
	238
	1
	0
	dome



	
	0
	0
	0
	238
	2
	gargoyle



	
	0
	2
	2
	1
	235
	vault



	
	217
	6
	3
	0
	17
	altar



	
	10
	168
	27
	18
	15
	column



	AODE
	3
	13
	217
	18
	2
	dome



	
	0
	8
	23
	179
	15
	gargoyle



	
	28
	11
	0
	13
	189
	vault



	
	201
	18
	1
	3
	20
	altar



	
	6
	177
	22
	22
	11
	column



	Forest PA
	1
	18
	210
	22
	2
	dome



	
	2
	13
	26
	176
	8
	gargoyle



	
	30
	12
	0
	19
	180
	vault



	
	226
	1
	5
	2
	9
	altar



	
	19
	170
	22
	15
	12
	column



	RSeslibKnn
	6
	13
	223
	10
	1
	dome



	
	4
	10
	29
	175
	7
	gargoyle



	
	40
	7
	0
	20
	174
	vault
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Table 5. The accuracy of each of the applied algorithms.
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Algorithm

	
MLP

	
Forest PA

	
AODE

	
RSeslibKnn

	
CNN






	
Before attribute selection

	
84.83

	
77.92

	
79.25

	
82.17

	
92.91




	
After attribute selection

	
98.9

	
78.67

	
80.83

	
80.67
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