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ARTICLE INFO ABSTRACT 

Received:  25/03/2025 The image retrieval problem is performed on the C-Tree and KD-Tree 

structures which have brought many positive results regarding retrieval 

time and precision. The C-Tree structure is built according to the data 

clustering method, while the KD-Tree is built according to the multi-layer 

data classification method. Therefore, the common goal of these two 

structures applies to the image retrieval problem with quite high efficiency. 

In this paper, the results obtained from the two C-Tree and KD-Tree 

structures are evaluated, analyzed, and compared to the image retrieval 

problem. The experiments are conducted on the same COREL and WANG 

image data sets to serve as a basis for evaluating the performance of these 

two structures together; At the same time, the results are also compared 

with other works to demonstrate the effectiveness of the experimental 

method. Finally, some disadvantages of each structure are also analyzed 

for further improvements, and these two structures are combined to 

propose an image retrieval model to improve accuracy based on the 

advantages of the C-Tree and KD-Tree. 
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1. Introduction 

The research on image data has been an intensive problem in multimedia databases in recent decades. 

Digital images increase over time, which is a challenge for storage and retrieval. To solve this problem, 

the emergence of tree or graph data structures is necessary to improve storage efficiency and query time 

[1]. It is necessary to integrate many solutions and machine learning techniques to build a storage 

structure that satisfies the optimal requirements for memory space and retrieval performance. In this 

paper, the C-Tree and KD-Tree structures have been constructed and applied to store and retrieve related 

images, which we need to analyze, compare, and evaluate the effectiveness of these two structures. At 

the same time, detect the remaining limitations to have improved solutions, combined with some other 

techniques in the future to enhance the performance of the image retrieval problem.  

The works [9] – [11] and [15] – [17] experimented on the COREL image set, and the works [12] – 

[14] and [18] – [19] experimented on the COREL image set with the results of similar image search 

accuracy not reaching 70%. Therefore, the solution of building the C-Tree, and KD-Tree for the image 

search problem is appropriate and needs to be implemented. 

The image retrieval problem is performed by many methods, from improvements in content-based 

image retrieval to semantic image retrieval. In which, machine learning techniques are applied to image 

retrieval models that are quite effective in terms of accuracy and time. Storage organization and 

arrangement techniques are important factors contributing to improving the efficiency of image 

retrieval. In this paper, the C-Tree clustering structure and the KD-Tree layered structure have achieved 

positive results for the content-based image retrieval problem. 

The contributions of the paper are: (1) Comparing the methods of construction, storage, and 

searching on C-Tree and KD-Tree; (2) Analyzing, evaluating, and comparing the experimental results 

of searching images by content on two datasets COREL, WANG with two structures C-Tree and KD-

Tree; (3) Comparing the experimental results on C-Tree, KD-Tree with other works to confirm the 
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correctness of the experimental method; (4) Detecting the remaining limitations on C-Tree, KD-Tree to 

have further improvement proposals. 

2. Related works  

Retrieving similar images in huge image databases is one of the major challenges in computer vision. 

The need for an efficient data storage structure that can be searched quickly, stably, and with high 

accuracy without incurring too much computational cost is an issue that has received much research 

attention. In particular, data clustering is a simple, popular, and effective method to store data without 

incurring too much complexity. When the size of the image database increases too quickly, the number 

of clusters also increases rapidly, inserting or searching for data takes a long time, and the computational 

complexity is high due to having to manage all the data clusters. Therefore, the clustering tree structure 

is one of the powerful tools to organize and manage image data. Recent studies on clustering methods 

and clustering tree structures in image retrieval problems show that this is an issue that receives much 

attention. 

Machine learning techniques play a core role in the implementation of related problems such as social 

network analysis, building application models for social network analysis, image analysis, image 

retrieval, etc. However, the storage structure is a part that contributes to the implementation of the image 

retrieval problem, helping to optimize storage and search. In recent decades, tree and graph structures 

have made many contributions to the image retrieval problem, especially by integrating many semi-

supervised machine-learning techniques into the construction process. Therefore, quite a few works 

applying the C-Tree, and KD-Tree structures have brought certain results, some typical works that need 

to be mentioned such as: 

Zang H. (2018) et al. [2] proposed a method for feature extraction and organizing these vectors on a 

hierarchical tree structure (2-level) using the K-means. The JSEG method is used for image 

segmentation, and the features of each region are extracted based on HSV color histograms to form a 

48-dimensional vector. The root node represents the entire image, and the child nodes represent the 

regions segmented from the original image. This method was experimented on the COREL-1k with a 

precision of 0.5052, the number of clusters needs to be determined in advance so it is not suitable for 

rapidly changing data, creating child nodes by assigning to the nearest cluster, reducing the 

discriminative power between different child nodes. However, the dimensionality of the feature vector 

is low so the average query time is fast (19.32 ms). 

Ghodratnama S. et al. (2021) [3] introduced a novel content-based image retrieval (CBIR) method 

that uses feature weights and C-means clustering in a multi-label classification framework. Images are 

clustered using a supervised C-means algorithm and feature weights are assigned in each cluster to 

reduce the classification error. A query image is matched to the closest cluster and retrieval is performed 

using the weighted features of that cluster. Experimental results on Corel1000, Corel5000, and Scene 

datasets demonstrate that this method outperforms conventional CBIR methods by effectively utilizing 

feature weights in a multi-label context, thus achieving high precision and recall rates. 

Joseph et al. (2021) [4], The authors proposed a content-based image retrieval (CBIR) system that 

uses a hybrid clustering method that combines K-means with the Moth Flame Optimization (MFO) 

algorithm, aiming to improve retrieval efficiency by reducing the search space. Low-level features such 

as color moments, HSV color histogram, color correlogram, GLCM, and wavelet transform are extracted 

to represent image content. The hybrid approach first uses MFO to optimize the clustering of centers 

and then applies K-means clustering to partition the dataset, which reduces the computational cost and 

improves the retrieval speed. When tested on the Corel-1K dataset, the hybrid KMFO method shows 

higher accuracy and faster response time than traditional CBIR techniques.  

Varnish, N. (2022) [5] presented an improved content-based image retrieval (CBIR) approach by 

merging color, texture, and shape features into a low-dimensional feature descriptor using histogram-

based color moments, texture features using Gray-Level Co-occurrence Matrix (GLCM) in the Discrete 

Cosine Transform (DCT) domain, and shape features through multi-resolution sub-images. These low-

level features are clustered with K-means and organized in an R-tree structure. The approach was 

evaluated on Corel-1k datasets with an average accuracy of 70.87%. Advantages of this approach 

include its simplicity and reduced computational cost, as it does not require complex processing. 
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However, it has limitations in structuring element size, which needs customization per dataset, limiting 

scalability.  

The image classification problem using the KD-Tree structure was implemented by the group of 

authors Y Narasimhulu and colleagues in 2021 [6] with positive results, starting a series of subsequent 

results when applying KD-Tree. First, a large unclassified data set was used to build the Coresets data 

set based on the classification algorithm proposed by the author. Then, based on the KD-Tree 

construction algorithm, a KD-Tree tree containing the classified data set was formed. After building the 

KD-Tree, each input image was searched according to the largest number of neighbors as a basis for 

determining the classification of the image. Finally, the author used the distance scale to classify the 

training image data sets. In this work, the KD-Tree tree is used directly to store data and classify an 

input image with good results without much additional cost. This is a proposed work for an image 

classification problem based on the KD-Tree structure which is considered quite good. 

A survey result on the application of KD-Tree conducted by author Sumeet Gill and colleagues in 

2021 [1] surveyed and summarized quite complete KD-Tree structural variations applicable to many 

cases in different problems, specifically: Movies (2009) [1] is a multidimensional index structure for 

storing objects with moving properties over time such as videos, requiring indexing, storage and query 

techniques on large data sets. Movies meet the need to update data over time, with low query time costs. 

Therefore, Movies handle moving objects well by considering images taken around the moving object 

to predict the properties and actions of the object to be surveyed. This work is developed and applied 

well to real-time video data. Randomly Projected K-d Trees (2011) [1] proposed a technique to build 

multiple KD-Tree trees into random forests for application to multi-object image retrieval problems. 

Buffer k-d Trees (2014) [1] is a KD-Tree structure built based on combining neighbor search techniques 

and focusing on GPU (Graphics Processing Units) memory in fast image processing. Progressive k-d 

Tree (2017) [1] is an improved structure from the classic KD-Tree by using the k-NN neighbor search 

algorithm in data retrieval. Sumeet Gill has conducted a fairly complete survey to help readers visualize 

the most general view possible while bringing great scientific value to the KD-Tree structure and its 

application to specific types of problems [1]. 

3. The structure of C-Tree and KD-Tree for image retrieval problem 

In this section, the C-Tree structure is constructed using the data clustering method, and the KD-Tree 

is built using the multi-layer data classification method from the root to the leaf. Each of these structures 

has its own characteristics presented in sections 3.1 and 3.2. 

3.1. The C-Tree structure for image retrieval problem 

 

Figure 1. Illustration of the C-Tree structure 
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C-Tree [7] is a balanced clustering tree structure that uses hierarchical and partition-based clustering 

methods to store low-level feature vectors of images. C-Tree can store large amounts of data on external 

memory and supports fast searching. The balanced clustering tree structure of the C-Tree is illustrated 

in Figure 1. 

The balanced clustering tree, C-Tree, is described as follows: 

 The C-Tree consists of a root node, internal nodes 𝐼, and leaf nodes 𝐿. The nodes are connected 

by paths (links). 

 Nodes contain elements that are similar to each other and are clustered based on the Euclidean 

distance measure. 

 All leaf nodes 𝐿 are at the same depth (balancing condition). 

 The height of the C-Tree increases from the root node. 

 The leaf node 𝐿 is a node without child nodes and contains a maximum of 𝑀 data elements 𝐸: 

𝐿 = {𝐸𝑖, 1 ≤ 𝑖 ≤ 𝑀}, 𝐸𝑖 is the i-th data element in the leaf node 𝐿 with: 

𝐸𝑖 =< 𝑓, 𝐼𝐷, 𝑎𝑛𝑜, 𝑐𝑙𝑎 > 

where 𝑓 is low-level features vectors of images, 𝐼𝐷 is the image identifier, 𝑎𝑛𝑜 is the file containing 

image annotations, and 𝑐𝑙𝑎 represents the image subclasses, which are mapped from the set of 

image labels. 

 A internal node 𝐼 has at least 2 child nodes and contains a maximum of  𝑁 centroid elements 𝐶𝑗: 

𝐼 = {𝐶𝑗, 2 ≤ 𝑗 ≤ 𝑁}, with: 

𝐶 =< 𝑓𝑐 , 𝑏𝑜𝑙, 𝑝𝑎𝑡ℎ > 

where 𝑓𝑐 is the centroid vector of the low-level features vectors 𝑓 at a child node that has a 𝑝𝑎𝑡ℎ to 

𝐸𝐶 and 𝑏𝑜𝑙 is the value to check whether the next sub-cluster is leaf or not (Leaf – 1; Not Leaf – 

0); 

Image data is continuously increasing, so the C-Tree requires scalability to accommodate 

increasing image data. The storage capacity of the C-Tree must correspond to the increase in the 

number of images, ensure proper distribution, and enable fast searching of similar image datasets. 

Therefore, data elements will be inserted, and split nodes on C-Tree to expand data storage. Initially, 

when the root node is empty 𝑟𝑜𝑜𝑡 = ∅, the root acts as a leaf node 𝑟𝑜𝑜𝑡 = 𝐿𝑟𝑜𝑜𝑡, and data elements 𝐸 

are added to the root node: 𝐿𝑟𝑜𝑜𝑡 = {𝐸𝑖|𝑖 = 1. . 𝑀}. If 𝑖 > 𝑀 then 𝐿𝑟𝑜𝑜𝑡 splits the node into two nodes, 

creating a new root:  𝑟𝑜𝑜𝑡 = {𝐶𝑗|𝑗 = 2. . 𝑁}. At this time, the 𝑟𝑜𝑜𝑡 plays the role of an internal node, 

containing at least two elements 𝐶. Thus, the C-Tree is formed from the root node and branches are 

created through the node splitting process. Data elements 𝐸 are added to the tree according to the rule 

of choosing the branch with the closest measure to the cluster center based on the Euclidean distance, 

until a suitable leaf node is found to add; data elements 𝐸 are clustered into clusters with similar features 

and measures. After each data addition, recursive updates are performed from the leaves to the root of 

the C-Tree. 

3.2. The KD-Tree structure for image retrieval problem 

The KD-Tree structure is built according to the image classification method from the root node to 

the leaf node, the nodes in the weight vector storage have been trained by the supervised learning method 

to obtain the classification results at the leaf node. Classification using the KD-Tree structure is the 

process of classifying an object when going through each layer on the tree, performing one classification. 

At each node on the KD-Tree is a single-node neural network used to classify the image object once. 

Therefore, the KD-Tree structure has brought high image classification results after training. However, 

the cost of training the classification weight set on the KD tree is quite large. In the classification process, 

each leaf node is an image classification illustrated in Figure 2 [8]. 
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Figure 2. Description of the components on KD-Tree 

 The 𝑅𝑜𝑜𝑡 is a node with no parent, stores a weight vector (w0), has a left child node set {𝑙𝑒𝑓𝑡}, a 

right child node set {𝑟𝑖𝑔ℎ𝑡} and a level in the tree ofℎ0 (𝑙𝑒𝑣𝑒𝑙 = ℎ0). Notation: 𝑅𝑜𝑜𝑡 = <
𝑤0, {𝑙𝑒𝑓𝑡}, {𝑟𝑖𝑔ℎ𝑡}, ℎ0 >; 

 An internal node (𝑁𝑜𝑑𝑒𝑖) is a node that has a parent node, stores a weight vector (𝑤𝑖), has a left 

child node set {𝑙𝑒𝑓𝑡}, a right child node set {𝑟𝑖𝑔ℎ𝑡}, and has a level in the tree (𝑙𝑒𝑣𝑒𝑙 =  ℎ𝑖). 

Notation: 𝑁𝑜𝑑𝑒𝑖  = < 𝑝𝑎𝑟𝑒𝑛𝑡, 𝑤𝑖, {𝑙𝑒𝑓𝑡}, {𝑟𝑖𝑔ℎ𝑡}, ℎ𝑖 > ; 

 A leaf node (𝐿𝑒𝑎𝑓𝑘) is a node with one parent node, no children, stores the image feature vector 

set {𝑓1, … , 𝑓𝑚}, has one level in the tree (𝑙𝑒𝑣𝑒𝑙 = ℎ)  and is assigned a label (𝑙𝑎𝑏𝑒𝑙). Notation: 

𝑙𝑒𝑎𝑓𝑘 = < 𝑝𝑎𝑟𝑒𝑛𝑡, {𝑓1, … , 𝑓𝑚}, 𝑙𝑒𝑣𝑒𝑙, 𝑙𝑎𝑏𝑒𝑙 >; 

After building the KD-Tree for image classification, the process of clustering similar elements at a 

leaf, forming similar data clusters that can be applied to the image retrieval problem. The method of 

building KD-Tree classification before clustering into similar groups according to Euclidean measure 

has contributed to improving the accuracy of searching images by content. Some results of content based 

image retrieval on KD-Tree are presented in section 4.2.   

4. Evaluation of experimental results  

4.1. Experimental results on C-Tree 

The results show that the image retrieval accuracy of image sets such as COREL (0,7372) and 

WANG (0,6621) is not too high (Table 1). However, the average image retrieval time of each image 

dataset is small, COREL (25,47 ms) and WANG (38,76 ms), which proves that the balanced structure 

of C-Tree is effective in image retrieval speed. 

Table 1. Image retrieval performance on C-Tree structure of image datasets  

Data sets No. Images Avg. Precision Time query (ms) 

COREL 1.000 0,7372 25,47 

WANG 80.000 0,6621 38,76 
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4.2. Experimental results on KD-Tree  

The results of applying KD-Tree for image classification on COREL and WANG data sets are 

presented in Table 2. 

Table 2. The results of applying KD-Tree for image classification 

Data sets No. Images No. lacsses Accuracy 

COREL 1.000 10 0,8110 

WANG 80.000 80 0,7586 

Some experimental results of image retrieval by content performed on KD-Tree with two image data 

sets COREL, WANG are presented in table 3. 

Table 3. The results of applying KD-Tree for image retrieval 

Data sets No. Images Avg. Precision Time query (ms) 

COREL 10.000 0,7981 41,77 

WANG 80.000 0,7268 59,62 

4.3. Analyzing, comparing and evaluating experimental results  

To evaluate the precision and efficiency of the image retrieval method based on C-Tree, the 

performance obtained from experiments is compared with other methods of other research works on the 

same image datasets.  

Table 4. Comparison of precision on C-Tree with other methods  

Data sets Method  Avg. Precision 

COREL Multi-feature and Decision tree, (2021) [9] 0,6680 

COREL  GLCM + DCT domain + shape features, (2022) [10] 0,7350 

COREL 
Dominant Color Descriptor (DCD) with weighted informative pixels, 

(2022) [11] 
0,7087 

COREL C-Tree  0,7372 

 Color Difference Histogram + HSV+entropy, 2019 [12] 0,5067 

WANG Combined feature HSV+LBP+Canny, 2018 [13] 0,5998 

WANG Image signature + BoSW, (2021) [14] 0,6000 

WANG C-Tree  0,6621 

Thus, comparing the precision of the proposed method (C-Tree-based image retrieval) with other 

modern image retrieval methods shows that, with similar approaches such as extracting low-level 

features based on color, shape, texture and using traditional data clustering and classification algorithms, 

this method gives better or equivalent results. 

The results of image retrieval by the content of COREL and WANG image data sets on KD-Tree 

are compared with some other works using different methods presented in Table 5. 

Table 5. Comparison of precision on KD-Tree with other methods  

Data sets Method  Avg. Precision 

COREL Multi-feature and SVM, 2018 [15] 0,7657 

COREL Multi-feature with neural network, 2020 [16] 0,7941 

COREL ORB 8-dimensions with MPL, 2020 [17] 0,6656 
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COREL KD-Tree  0,7981 

WANG 8D-GLCM+GSF+ HSVCM, 2019 [18] 0,5970 

WANG ORB and SIFT features, 2020 [17] 0,6320 

WANG DSFH (low feature + VGG-16), 2021 [19] 0,7894 

WANG KD-Tree  0,7268 

The visual illustration of the image retrieval precision comparison between C-Tree and KD-Tree on 

the image data sets COREL and WANG is shown in Figures 3 and 4. 

 

Figure 3. The chart of comparison precision on C-Tree and KD-Tree on the COREL data set  

 

Figure 4. The chart of comparison precision on C-Tree and KD-Tree on the WANG data set 

Comparing the average query time on C-Tree and KD-Tree, we conduct experiments on the same 

computer configuration with Intel(R) Core i7-5200U processors, CPU 2.70GHz, RAM 16GB, and 

Windows 10 Professional operating systems. Server configuration for training image retrieval models 

using Knowledge Graph: Xeon(R) Gold 6258R CPU 2.70Ghz CPU, 1024GB SSD, 16GB RAM, Server 

Datacenter 2019 operating system. The visual illustration of the time query comparison between C-Tree 

and KD-Tree on the image data sets COREL and WANG is shown in Figures 5 and 6. 
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Figure 5. The chart of comparison time query on C-Tree and KD-Tree on the COREL data set 

 

Figure 6. The chart of comparison time query on C-Tree and KD-Tree on the WANG data set 

Through the comparison charts of experimental results, C-Tree has a lower query time than KD-Tree 

because C-Tree is a hierarchical clustering, the height is smaller than KD-Tree, so the query process on 

C-Tree is faster. On the contrary, the accuracy of retrieving similar images on the KD-Tree is higher 

than on the C-Tree. However, the cost of building the KD-Tree is more than the C-Tree for the same set 

of experimental images.  

During the experiment, we found that single-object image sets such as COREL and WANG are 

suitable for the two structures KD-Tree and C-Tree in the problem of content-based image retrieval. 

Therefore, to extend the experiment to other image sets should also be performed on single-object image 

sets. 

The technique of building C-Tree and KD-Tree by clustering and classification can be applied to the 

problem of image retrieval by content quite well. The comparison results of image retrievalaccuracy 

show that KD-Tree has better results than C-Tree. However, the query time on C-Tree is faster than 

retrieving on KD-Tree, at the same time, the cost of training KD-Tree is more costly in terms of 

resources and time than C-Tree. 

Clustered and balanced C-Tree can store large data, effective for image retrieval. C-Tree implements 

partition clustering and hierarchical clustering methods, so it can quickly search along the branch with 

the most similar measure to find similar elements at the leaf node cluster, so C-Tree has fast search time 

and relatively high accuracy. However, the main disadvantage of C-Tree is that each time a node is split, 
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similar elements may be split into different nodes, in the worst case, these nodes may be on separate 

branches. Therefore, the image search process on C-Tree may miss similar elements that have been 

branched. This affects the retrieval performance on C-Tree. 

In this evaluation, the extension to time-growing image sets is feasible on KD-Tree because KD-

Tree is built using a layered approach, training weights at internal nodes. For C-Tree, this task is more 

difficult to implement. 

 5. Conclusions 

In this paper, we have performed a comparison table, evaluating the performance of image retrieval 

on two structures C-Tree and KD-Tree; and at the same time, analyzing the advantages and 

disadvantages that affect the image retrieval results. Each structure is built according to a different 

method but both achieve positive results in terms of accuracy. However, with these structures applied 

to image retrieval by content with low accuracy, it is necessary to develop the form of image retrieval 

by semantic approach to solve the remaining problems in these experiments. Therefore, following these 

results, in the future, we will combine the C-Tree, and KD-Tree with an image knowledge graph to 

develop in the direction of semantic image retrieval in different domains or develop the problem of 

extracting image captions and analyzing image semantics. 
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