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Medical image repositories have been rapidly growing due to the widespread use of imaging 
techniques, making manual annotation unfeasible. Efficient image retrieval systems are crucial for 
diagnosing diseases, planning treatments, and conducting medical research. This paper presents Deep 
Dictionary Clustering for Image Retrieval (DDicCIR), a novel framework that integrates deep learning 
with dictionary clustering for unsupervised medical image retrieval. The method employs DenseNet121 
to extract image features, followed by a two-level dictionary learning process. In the first dictionary 
layer, the sparse representations are learned to group similar images, while the second layer refines 
these representations to capture higher-level abstractions and improve feature discrimination. An 
iterative clustering mechanism, based on k-means, updates the clusters until convergence, enhancing 
sparsity, reducing noise, and strengthening category separation. Experimental results on the NIH 
Chest X-ray and IRMA datasets show that DDicCIR achieves significant improvements in precision, 
recall, and mean average precision (mAP), demonstrating its effectiveness for medical image retrieval. 
The code is available on https://github.com/sucharithasu/DDicCIR.
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 Certainly, searching for similar images based on image content from large repositories poses a significant 
challenge for multimedia systems. Traditional keyword-based searching methods have limitations, such as 
difficulty in capturing visual similarity and handling large datasets. Content-based image retrieval (CBIR) 
has emerged as a promising solution for searching similar images in large databases1–3. However, CBIR meets 
several challenges that must be addressed to improve the accuracy of image retrieval systems. These include 
the need for effective representation of image content, both automatic and manual image annotation, and 
bridging the semantic gap between low-level image features and high-level semantics. Additionally, resolving 
image ranking problems presents another substantial challenge. To improve feature extraction and bridge the 
semantic gap, extensive research efforts are necessary, as they are crucial for enhancing retrieval precision. The 
mushroom growth of hospitals and imaging techniques like histopathology, Computer Tomography (CT), X-ray, 
mammography, sonography, etc., is used to diagnose diseases, depositing the images in large amounts in hospital 
repositories4. Consequently, there is a great demand for a compelling image retrieval system to aid clinicians in 
surfing these massive datasets and improving the diagnostic accuracy. The detailed literature survey on content-
based and medical image retrieval is presented in5–8.

For a decade, the most popular image representations have relied on deep learning and dictionary learning (or 
sparse representation) methods9. Dictionary learning is a powerful technique that has a wide range of applications 
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in signal processing, image processing, and neuroscience. It leverages the ideas of sparse representation to 
capture the essential features of data efficiently. In the context of images, dictionary learning aims to learn a 
set of atoms (basis vectors) such that a given image can be well approximated by a sparse linear combination 
of these learned atoms. Many researchers have emphasized the significance of dictionary learning in statistics, 
machine learning10-11, signal processing, and computer vision applications12-13. Recent advancements have 
shown that data-driven dictionary learning has significant potential across various applications. Techniques 
such as K-SVD14-15 and the Method of Optimal Directions (MOD)16 have been developed to enable sparse 
representation for each database entry. Furthermore, the growing field of compressed sensing shows promise 
for exploiting the inherent sparsity in medical images. Alongside traditional approaches such as dictionary 
learning, deep learning models have increasingly been adopted in medical image retrieval. With architectural 
modifications, these models now enable more efficient unsupervised retrieval and offer significant improvements 
in feature representation and retrieval performance. For example, using a CNN model for feature extraction 
and the clustering technique for indexing the feature map database, the authors of17 proposed a content-
based medical image retrieval pipeline. Their method incorporated multi-level gain-based feature selection to 
reduce the dimensionality of feature vectors derived from pre-trained CNN models. Similarly, Weng et al.18 
proposed a novel unsupervised method for medical image retrieval, employing a self-distilling dual network to 
train a dual encoder for image feature extraction, followed by unsupervised metric learning to enhance feature 
representation. The subsequent Related Work section elaborates on existing approaches in greater detail and 
outlines the limitations that motivated this study.

The rest of the article is planned as follows: In “Related work” section, related works, “Proposed framework-
DDicCIR” section presents with proposed work, experimental results, and analysis in “Experimental analysis” 
section, and the article concludes with a conclusion in  “Conclusion”section.

Related work
The objective of this paper is to retrieve the grayscale medical image encompassing different organs, views, and 
modalities. For a specified number of clusters, we create an equal number of dictionaries to represent them. Each 
image in the database is linked to a dictionary based on a sparsity criterion. When a query image is provided, the 
concept of sparsity is used to determine the appropriate cluster, within which relevant images are retrieved. The 
effectiveness of the proposed method is demonstrated through comprehensive experimental results.

	(A)	 Deep learning models

 
The great success of pretrained deep learning models in extracting fine-grained features from images has 

simplified recognition and classification tasks for labeled datasets. Hang et al.19 surveyed various advanced 
deep learning models, such as RNN, FCNN, and ResNet, in medical image analysis, including tasks like 
segmentation, disease diagnosis, registration, retrieval, and more. Medical imaging datasets like Chest X-rays 
have further enabled large-scale deep learning applications for disease detection and retrieval20. Recently, 
several deep learning models have been proposed to learn fine-grained similarities among images, enhancing 
retrieval precision. Qiaoping He21 proposed the Deep-Embedding Global Feature Descriptor (DGFD), which 
incorporates frequency statistics ranking and embeds global topology features both spatially and channel-
wise into deep convolutional features. The Modified Resilient Back-Propagation (MRPROP) technique was 
employed in22 to improve CNN training’s efficiency and convergence for the image classification task. Zheng 
et al.23 introduced a novel system called DCDicL, which combines deep learning and dictionary learning. It 
learns the priors for both dictionaries and representation coefficients and adaptively modifies the dictionary for 
every input image according to its content. From these studies, it has been concluded that deep learning models 
play a significant role in medical image feature extraction across a wide range of applications. In this research, 
we employ DenseNet121(Dense Convolutional Networks), where each layer is connected to every other layer 
in a feed-forward manner, allowing for better feature reuse throughout the network. This architecture helps 
mitigate the vanishing gradient problem, enabling effective training of deep networks. As a result, DenseNet121 
is particularly well-suited for extracting fine features from data24. DenseNet121 consists of 121 layers, including 
dense blocks, convolutional layers, pooling layers, and fully connected layers25. The depth of this architecture 
enables it to effectively penetrate medical images, facilitating the extraction of more relevant and detailed 
features. The model is often pre-trained on large datasets like ImageNet, which allows it to learn generalized 
feature representations beneficial for various image types, including medical images such as chest X-rays. Due to 
its robustness to variability in patient positioning, imaging techniques, and pathological conditions, this model 
is particularly suitable for feature extraction in Chest X-ray images. In this study, 1,024 features are extracted per 
image, providing a rich representation for further extension through dictionary learning26. In summary, prior 
research underscores the importance of deep learning models in medical image analysis, and DenseNet121 is 
adopted in this work as a robust feature extractor to generate rich, discriminative representations for subsequent 
dictionary learning.

	(B)	 Dictionary learning

Naturally occurring signals often contain vast amounts of data, making it challenging to extract relevant 
information. Sparse coding is a technique that represents data as a sparse linear combination of basis functions 
or atoms from a dictionary. Its objective is to obtain a concise representation of the data by emphasizing the most 
relevant atoms while minimizing the number of non-zero coefficients. Dictionary learning, also known as sparse 
coding or representation learning, is a machine learning technique used to discover a dictionary (a set of basis 
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functions) that can efficiently represent a given dataset27–30. The goal is to obtain a compact and informative 
representation of the data by capturing its underlying structures and patterns. K-SVD (K-Singular Value 
Decomposition) is a widely used algorithm for dictionary learning31, particularly in sparse coding applications. 
It extends standard singular value decomposition (SVD) by incorporating sparsity constraints. The K-SVD 
algorithm learns a dictionary from training samples by iteratively updating both the dictionary atoms and their 
corresponding sparse codes. In the seminal work on K-SVD32, the dictionary is optimized in two stages. First, a 
greedy approach called Orthogonal Matching Pursuit (OMP) is applied to estimate the sparse coefficients under 
the ℓ₀-norm constraint, which controls the number of non-zero elements in the coefficient matrix. Second, 
Singular Value Decomposition (SVD) is used to update the dictionary. Subsequent improvements to the ℓ₀-
sparsity constraint have been proposed to optimize the coefficient matrix further, and these have been successfully 
applied to image retrieval tasks. The ultimate objective is to learn a dictionary that efficiently represents the 
training data using a sparse linear combination of dictionary atoms33. Unsupervised Learning of Visual Features 
by Contrasting Cluster Assignments (SwAV)34 introduces a clustering-based contrastive method that jointly 
assigns and learns features, achieving strong unsupervised representation learning without labeled data. Deep 
Clustering for Unsupervised Learning of Visual Features (DeepCluster)35 jointly learns feature representations 
and cluster assignments by iteratively applying k-means on deep features, enabling powerful unsupervised 
visual representation learning. In summary, sparse coding and dictionary learning, particularly through the 
K-SVD algorithm and its extensions, provide powerful mechanisms for deriving compact and discriminative 
representations of data, which have been effectively applied to tasks such as image retrieval.

	(C)	 Limitations

Many sparsity-based approaches have been developed for image classification, exploiting the idea that 
high-dimensional data such as images can be represented with only a few significant components using an 
appropriate basis or dictionary. Laplacian group sparse coding and graph-based Laplacian sparse coding36-37 
have been applied to classify images by capturing correlated and specific attributes. However, it is observed 
that Laplacian sparse coding is significantly affected by high computational complexity and slow convergence. 
In37-38, variants of convolutional sparse coding methods were introduced, leveraging their ability to learn 
localized and spatially invariant features. These methods employ convolutional filters to extract edge and texture 
information, representing each image as a sparse combination of the learned convolutional filters. The sparsity 
constraint helps focus on the most important features, leading to better generalization for classification and 
clustering tasks. Nevertheless, convolutional sparse coding remains computationally intensive and less flexible in 
updating dictionaries. Sadik et al.,39 introduced a multivariate dictionary learning model for portfolio selection, 
demonstrating efficient feature representation in financial data. However, like most conventional dictionary 
learning approaches, the method struggles with scalability and adaptability when applied to high-dimensional 
or complex datasets, highlighting the need for more flexible and hierarchical dictionary frameworks.

To overcome the limitations of sparse coding methods, this work proposes a new unsupervised method 
called Deep Dictionary Clustering for Image Retrieval (DDicCIR). Unlike previous studies that carry out 
shallow or one-layer dictionary learning, the proposed DDicCIR method utilizes a two-layer adaptive dictionary 
learning network that continuously updates and enhances the feature representations of clustered image data. 
The two dictionary layers produce sparse representations by convolutional kernels to maintain local and 
spatial dependencies in DenseNet121 feature maps, and then refine the fused sparse codes with higher-level 
discriminative structures. Besides, an iterative interaction process between k-means clustering and dictionary 
learning process guarantees that both cluster assignments and dictionary atoms are dynamically optimized until 
convergence, enhancing feature coherence and cluster compactness. The architecture is fully unsupervised, 
rendering it extremely well-fitted for large unlabeled medical image databases.

Research gap and contributions
To address the above-mentioned limitations, this research introduces a novel unsupervised framework called 
DDicCIR pipeline, that incorporates two-layer K-SVD–based adaptive dictionary learning for fine-grained 
clustering of unlabelled images. In this approach, image features are first extracted using DenseNet121, a state-
of-the-art deep learning model known for its ability to capture deep semantic features across diverse image 
datasets. DenseNet121 in our framework is used solely as a feature extractor and is not trained using class 
labels for the retrieval task. Although the model weights are initialized using the standard ImageNet-pretrained 
checkpoint, no label information is used during training, optimization, or clustering in the DDicCIR pipeline. 
The network is frozen during feature extraction, and no supervised fine-tuning is performed. These extracted 
features are then used as input to the k-means clustering algorithm, which performs an initial partitioning of 
the data based on feature similarity. This serves as the first step in an iterative clustering process. Once the 
initial clusters are generated, the process advances to the first layer of dictionary learning (DicL1). At this stage, 
a compact and discriminative dictionary is learned for each cluster, enhancing the quality of the partition. For 
each image, sparse matrices are generated using different kernels, which are then aggregated into a single sparse 
matrix by applying average or max pooling. This aggregated sparse representation captures refined relational 
features from the image features, offering a more robust description of the underlying data structure.

The output from DicL1 is then passed to a second layer of dictionary learning (DicL2), which provides 
further refinement by capturing finer distinctions that may have been overlooked in the first stage. This two-
layer hierarchical strategy ensures that clustering becomes progressively more accurate and detailed with each 
iteration. The iterative process continues until convergence, when the cluster assignments stabilize and no further 
improvement in clustering quality is observed. Figure 1a provides a pictorial representation of the proposed 
framework, and (b) gives the detailed architecture of DenseNet121, illustrating the sequence of steps from 
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feature extraction to final cluster convergence. By enhancing both the discriminative power and compactness 
of features, the proposed method is particularly effective for handling complex and subtle variations in medical 
datasets such as NIH Chest X-rays and IRMA.

•	 Convolutional Dictionary Learning (CDicL)

A common approach in machine and image processing techniques is to represent an image patch vector 
y ∈ Rm as a linear combination of basis atoms, i.e., y = Dx, where D ∈ RmXd is the dictionary of atoms 
(a set of learned or predefined basis vectors), and x ∈ Rd is the representation coefficient vector. Generally, 
the image features y can be reconstructed as a weighted sum of atoms in D, with the coefficients for each atom 
expressed by the entries of x. This method is known as sparse coding or dictionary learning.

The DicL model can be expressed with the following equation. 

	
minD,x

1
2 ∥ DX − Y ∥2

2 + λ Dψ (D) + λ Xϕ (X)� (1)

 Y ∈ RmXN , represent a set of N training samples, where each column corresponds to a vectorized image 
patch. The matrix X ∈ RdXN , denotes the sparse representation matrix of Y over dictionary D. The ϕ (X) 
represents the coefficients X and ψ (D) represents the regularization term imposed on the dictionary D. The 
parameters λ X & λ D  are regularization weights for X & D, respectively, controlling the trade-off between 
reconstruction accuracy and the sparsity or regularization of the model. The alternative nature of performance 
on dictionary learning, K-SVD39-40, is mostly used sparse representation method. It first fixes D, performs sparse 
coding to compute X, and updates D through singular value decomposition (SVD). Even though the K-SVD is 
effective but it fails to capture the spatial relationship among the features of an image. This limit can be addressed 

Fig. 1.  (a) Schematic diagram of proposed method, including the layers information of DenseNet121 and 
k-means iterative structure for Dictionary layers features, (b) DenseNet121 architecture.
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by convolutional dictionary learning CDicL which preserves the spatial and local structures using pretrained 
convolutional filters41. Specifically, the function of CDicL can be written in Eq. (2).

	
minD,{Xi}

1
N

N∑
i=1

1
2∥ D ⋆ Xi − Yi ∥ 2

2 + λ Dψ (D) + λ Xϕ (X) ,� (2)

Here, Di ⋆ Xi=
∑

K
k=1Dk  ⊗Xk,i, ⊗ is 2D convolution function, and K is the number of kernels; 

D = {Dk}K
k=1, is the convolutional dictionary and Dk ∈ RcXc is the kth 2D dictionary kernel, 

Xi = {Xi,k}K
k=1, is the sparse coefficient of image features Yi ∈ RhXw, and Xi,k ∈ RhXw, is the kth kernel 

of Xi.  

Proposed framework-DDicCIR
The proposed Deep Dictionary Clustering architecture for image retrieval (DDicCIR), involves an iterative 
process where k-means clustering is used alongside two layers of dictionary learning. The goal is to progressively 
refine the feature representations of images and improve the accuracy of clustering. This section outlines the 
iterative procedure of clustering and dictionary learning, followed by a detailed mathematical explanation of the 
first dictionary learning layer. The overall framework of the proposed work is given in Fig. 2.

Iterative clustering and dictionary learning
The iterative procedure in DDicCIR involves the following steps:

	(A)	 Initial Feature Extraction:

First, image features are extracted using a pre-trained deep learning model such as DenseNet121. The image 
features for all database images are considered as Y = {Yi}N

i=1, where Yi ∈ Rh∗w∗f , characterizes the feature 
map of the ith image, h and w are the spatial dimensions, and f is the number of channels or kernels used in 
DenseNet121.

	(B)	  k-means Clustering:

Primarily, the image features database Y = {Yi}N
i=1, are clustered using k-means into k number of clusters. Let 

Ck denote the group of image features belonging to the kth cluster.

	 {C1, C2, ..CK} = Kmeans(Y )� (3)

Each cluster Ck consists of images that have similar feature representations.

Fig. 2.  Block diagram of the proposed framework for database images and query image.
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	(C)	 Two-layer Dictionary Construction:

The DDicCIR model employs a hierarchical two-layer dictionary structure. The first layer operates on the feature 
representations extracted from DenseNet121 and performs cluster-specific dictionary learning, generating 
sparse representations for each cluster independently. The second layer refines these representations by learning 
a global dictionary over the aggregated sparse matrices (via max-pooling), thereby capturing cross-cluster 
dependencies and higher-level abstractions.

	(D)	 Relationship Between the Two Layers:

The first layer focuses on intra-cluster refinement, enhancing local feature quality and compactness, while the 
second layer captures inter-cluster relations to improve global separability. Together, these layers form a coarse-
to-fine hierarchical representation, where the output of the first layer acts as the input to the second, creating a 
progressively refined and discriminative feature space.

	(E)	  First Layer of Dictionary Learning & its Initialization:

The initial dictionary is generated after performing k-means clustering on the DenseNet121-extracted image 
features. Each cluster produced by k-means is assigned an individual dictionary, initialized using the feature 
vectors of the images belonging to that cluster. The initial dictionary atoms D(0) = {D1, D2, . . . , DK}
are formed by selecting representative cluster features, ensuring that each dictionary captures the intrinsic 
characteristics of its corresponding cluster. This cluster-specific initialization provides a meaningful starting 
point for dictionary learning, leading to faster convergence and more discriminative sparse representations.

In this first dictionary learning layer, convolutional dictionary learning is applied to learn sparse representations 
that preserve local spatial structures. The goal of this layer is to learn a set of convolutional dictionaries that can 
effectively capture the local spatial structures in the image features extracted from DenseNet121.

For the ith image, the feature map Yi ∈ Rh∗w∗f . The first layer of dictionary learning on this feature map is 
as follows:

	
minD1, {X1

i }
1
N

N∑
i=1

(1
2 ∥ D1 ∗ X1

i − Yi∥ 2
2 + λ D1 ψ

(
D1)

+ λ X1 ϕ
(
X1

i

))
� (4)

In this, the term D1 =
{

D1
k

}K

k=1
, is the deep convolutional dictionary with K number of kernels or filters, 

D1
kϵRc∗c∗f , here c ∗ c is the spatial dimension of the kernel, f is the channels in an image, and the X1

i  denotes 
the sparse feature maps to the corresponding dictionary atoms. The sparse matrix dimensions are given like 
X1

i = Rh∗w∗K1 , and each channel in X1
i [:, :, k] , denotes the activation of the kth dictionary atom for the ith 

image feature. Dk
1 ∗ X1

i,k, represents the convolution operation on the kth kernel to the kth sparse feature map. 
λ D  and λ X  are regularization parameters for the dictionary and the sparse coefficients, respectively. Here, 
these hyperparameters were empirically determined based on preliminary grid search evaluations on a held-
out validation set during the 5-fold cross-validation procedure. Specifically, for λ X  (sparsity regularization 
parameter), we tested a range of values: {0.001,0.01,0.1,1.0}, in this research the value for λ X  = 0.1, is chosen. 
On the other hand, λ D  regularizes the dictionary D to prevent it from overfitting. In this research, the value 
for λ D = 0.001 is chosen, which consistently produced the best trade-off between sparsity and reconstruction 
accuracy, and prevents overfitting across both datasets (NIH Chest X-ray and IRMA) during validation.

To promote smoothness in the kernels and minimize noise, the regularization terms play a vital role. In the 
above equation, ψ

(
D1)

 penalize the large dictionary atoms and validate the smoother kernels.

	
ψ (D1) =

K∑
k=1

∥ D1
k ∥ 2

2� (5)

The other regularization term ϕ
(
X1

i

)
, enhances the sparsity in the X1

i  coefficients by minimizing the noise. 
This l1-norm regularization confirms that only a small number of dictionary atoms are active for each image 
feature. Actually, l1-norm is a way of measuring the “size” or “magnitude” of a vector by summing up the 
absolute values of its components.

	 ϕ
(
X1

i

)
= ∥ X1

i ∥ 1� (6)

Before aggregating the dictionaries, Dictionary Coherence is used to evaluate the similarity or distinctiveness of 
the basis vectors (atoms) within the dictionaries. Low coherence indicates that the dictionary atoms are diverse 
and represent a wide range of features in the data, which is essential for representing variability in image features. 
Conversely, high coherence suggests that the atoms are overly similar, leading to redundancy and potential 
overfitting. By reducing coherence, we ensure that only distinct, meaningful dictionaries are aggregated, 
contributing to improved generalization and reduced model complexity.
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The coherence µ (DConv) of a convolutional dictionary DConv = {d1, d2, . . . .dk} , is defined as the 
maximum absolute inner product (cosine similarity) between any two distinct atoms di and dj , normalized 
by their norms:

	
µ (DConv) = maxi̸= j

∣∣dT
i dj

∣∣
∥ di ∥ ∥ dj ∥

� (7)

Where, di and dj  are two distinct dictionary atoms of two different kernels, dT
i dj  is the dot product between 

di and dj .

	(F)	  Sparse matrices Aggregation:

After the first dictionary learning layer, we have multiple sparse matrices 
{

X
(1,k)
i

}K

k=1
, where each X

(1,k)
i  is 

the sparse coefficient matrix for the kth dictionary atom in the first layer. There are two major ways to aggregate 
these sparse matrices into a single sparse matrix: concatenation and max-pooling. Upon the advantage of max-
pooling over concatenation in terms of precise sparse representation, max-pooling has been observed in this 
research. The max-pooling operation is applied to select the strongest activation at each spatial location. This 
results in a more compact and focused representation, which is then passed to the second dictionary learning 
layer for further refinement. Hence, the max-pooling aggregates the information from each kernel and produces 
a single sparse matrix called the aggregated sparse matrix Xaggregated

i , for the second dictionary layer.
For every spatial location (x1, x2) , in the sparse coefficient matrices, max-pooling selects the maximum 

value across all the kernel matrices 
{

X
(1,k)
i

}K

k=1
. The computation procedure for Xaggregated

i  is follows:

	 Xaggregated
i (x1, x2) = maxK

k=1X
(1,k)
i (x1, x2)� (8)

Here, Xaggregated
i ∈ Rh∗w, is the ensuing aggregated sparse matrix for an image from one particular cluster. 

X
(1,k)
i (x1, x2) , is the value of sparse coefficient at the given spatial location of (x1, x2) for k-kernel.
Second layer of Dictionary learning with Aggregated Matrix:
The single aggregated sparse matrix Xaggregated

i , from the first dictionary layer produced by the max-
pooling operation, serves as the input to the second layer. This layer further refines the sparse representation by 
solving the following optimization problem:

	
minD2,{X2

i }
1

|Ck|
∑

i∈ Ck

(1
2∥ D2 ∗ X2

i − Xaggregated
i ∥ 2

2 + λ D2 ψ
(
D2)

+ λ X2 ϕ
(
X2

i

))
� (9)

Each dictionary learning layer alternates between sparse coding via Orthogonal Matching Pursuit, OMP and 
dictionary update via Singular Value Decomposition, SVD. Convergence is achieved when the relative change in 
reconstruction error between two successive iterations becomes smaller than 10−4.

	(G)	  k-means iteration:

After the second layer of dictionary learning, the refined sparse matrices for each cluster 
{

X2
i

}
are used to 

recalibrate k-means clustering. The updated clusters {Ck}K
k=1 are formed based on the new sparse features. This 

iterative process between two layers of dictionary learning and k-means clustering ensures progressive feature 
refinement, leading to improved clustering and image retrieval results. The outer k-means loop iteratively refines 
clusters based on the updated sparse features obtained from the two-layer dictionary learning. The process stops 
when the cluster centroids stabilize, measured by the relative centroid movement falling below a threshold of 
10−3 is reached. This ensures that the iterative clustering dictionary refinement process converges efficiently 

without overfitting or unnecessary computation. The results section that follows demonstrates the effectiveness 
of the proposed framework compared with existing methods on unsupervised medical image retrieval.

Experimental analysis
The proposed framework was evaluated on two benchmark databases: NIH Chest X-ray and IRMA. The NIH 
Chest X-ray database was released by the National Institutes of Health for medical research, particularly to 
train deep learning models for medical image analysis and the detection and diagnosis of thoracic diseases42. 
This dataset consists of 112,120 frontal-view X-ray images from 30,805 unique patients. It covers 14 disease 
categories, including “No Findings,” and many images are associated with more than one disease. Sample X-ray 
images for different diseases from the database are shown in Fig. 3. In this experimental setup, we employed a 
5-fold cross-validation strategy to ensure robust performance evaluation. Specifically, the dataset was randomly 
divided into five equal parts and, all images were resized to 224 × 224 pixels to match the input requirements of 
DenseNet121. In each fold, three parts were used for training, one part for validation (for iterative optimization 
such as k-means and feature learning), and the remaining part for testing retrieval performance. This process was 
repeated five times so that each subset served as the test set once, and the average performance across all folds 
was reported for all evaluation metrics. This strategy helps mitigate overfitting and ensures that our retrieval 
framework generalizes well across different subsets of data. The same procedure was consistently applied to both 
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the NIH Chest X-ray and IRMA datasets. The proposed framework is implemented on NVIDIA Tesla V100 
GPU (32GB VRAM), Intel(R) Core(TM) Ultra 7 155 H (1.40 GHz), 32GB RAM, PyTorch 1.12 for DenseNet121 
feature extraction, scikit-learn for K-means clustering and evaluation metrics, and SPAMS library for dictionary 
learning and sparse coding.

Based on prior knowledge of the dataset, 15 clusters were chosen for k-means clustering, and the process 
was iterated until convergence. Instead of using DenseNet121 with pretrained weights, we trained the model 
from scratch on 40,000 samples from the NIH Chest X-ray dataset to extract fine-grained features for clustering. 
Once the model was trained, image features were extracted for all database images. The significance of the 
proposed framework is demonstrated by comparing it with several popular methods on this dataset. Specifically, 
we compared our approach with Sparse Convolutional Neural Networks43, Spatial Pyramid Matching44, 
DenseNet121 features25, ResNet50 features45, DenseNet121 + Dictionary Learning (DL)2, ResNet50 + DL, 
DGFD21. While doing comparison all baseline models, including DeepCluster and SwAV, were employed with 
their original backbone architectures and configurations as proposed in their respective studies. No re-training 
or architectural modification was performed.

The comparison was carried out in terms of precision, recall, F1-score, and cluster purity for the top 20 
retrieved images, using the equations defined in Eqs. (10)–(13). Cosine similarity, as given in Eq. (14), was 
used to measure similarity between the query feature vector and the feature vectors of all database images, 
with higher similarity values indicating greater relevance. The comparative analysis of the proposed framework 
against existing methods is presented in Table 1, with graphical representations shown in Figs. 4 and 5. The 
choice of k = 15 clusters was made empirically to achieve an optimal balance between over-segmentation and 
under-representation of features. This value was selected after conducting preliminary experiments with varying 
cluster counts (ranging from 5 to 30), where k = 15 yielded the best trade-off between retrieval accuracy and 
computational efficiency46.

The mathematical representation for the metrics used is as follows:

	
P recision = No.of relevant images retrieved

T otal No.of images retrieved
� (10)

	
Recall = No.of relevant images retrieved

T otal No.of relevant images in the database
� (11)

	
F 1_Score = 2XP recisionXRecall

P recision + Recall
� (12)

Algorithm % Precision %Recall %F1_Score %mAP Cluster Purity

SCNN 66.37 65.82 66.09 64.25 0.6

SPM 65.28 64.97 65.12 63.94 0.68

ResNet50 68.51 67.28 67.88 65.21 0.71

DenseNet121 71.23 69.17 70.18 69.41 0.77

DGFD 72.49 70.89 71.68 70.56 0.78

ResNet50 + DL 74.54 73.28 73.9 73.86 0.81

DenseNet121 + DL 75.15 74.86 75.01 74.38 0.84

DeepCluster (ResNet50 Backbone) 82.01 80.27 81.13 77.65 0.85

SwAV (ResNet50 backbone) 81.43 80.35 80.88 77.24 0.84

DDicCIR 84.53 83.24 83.88 82.28 0.87

Table 1.  Comparative analysis of existing algorithms over the proposed framework for n = 20 & no.of clusters 
k = 15 on NIH-Chest X-Ray dataset.

 

Fig. 3.  Sample images from NIH Chest X-ray dataset.
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Method Inference Time (ms/query) Relative accuracy (mAP)

ResNet50 (feature extraction only) 8 ms 0.72

DenseNet121 (feature extraction only) 10 ms 0.74

DeepCluster 11 ms 0.77

SwAV 13 ms 0.76

DDicCIR 12 ms 0.86

Table 3.  The inference time of trained models is shown here for a query image.

 

Fig. 5.  Precision vs. recall for existing approaches to the proposed approach on NIH Chest X-ray dataset.

 

Fig. 4.  Graphical representation of mAP vs. No.of retrieved images of NIH-chest X-Ray dataset.
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mAP = 1
n

∑

i ∈ T est
Database

Pi

� (13)

	
Cosine Similarity = fdb.Iq

∥ fdb ∥ ∥ Iq ∥ � (14)

Here, fdb, Iq  are feature vectors of the database and the query image feature vector, respectively. In this work, 
mAP was computed using a top-N truncation strategy, denoted as mAP@N, where N ∈ {5, 10, 15, 20, 25, 30, 35, 
40}. This measures the retrieval accuracy within the most relevant subset of results, which is clinically meaningful 
for medical image retrieval scenarios.

Normalized discounted cumulative gain (nDCG) Since the NIH Chest X-ray dataset is multi-label, a graded 
relevance measure is required. We therefore adopt nDCG, which evaluates both the relevance and ranking 
position of retrieved results. The DCG at cutoff k is defined as.

	
DCG@k =

k∑
i=1

2reli − 1
log2(i + 1) � (15)

where reli​ is the graded relevance score of the ith retrieved item. The ideal DCG (IDCG@k) is the maximum 
possible DCG for the given query. The normalized score is then:

	
nDCG@k = DCG@k

IDCG@k
� (16)

For multi-label datasets such as NIH Chest X-ray, the relevance score relifor a retrieved image is defined as the 
normalized overlap between the label sets of the query and the retrieved image:

	
reli = | Lq ∩ Li |

| Lq | � (17)

where Lq  and Li are the label sets of the query and the ithretrieved image, respectively.
This definition ensures that partially relevant images receive fractional relevance values, consistent with 

graded relevance protocols in multi-label retrieval tasks. A higher nDCG indicates better ranking quality. In 
our experiments, we report nDCG@5 and nDCG@10 to evaluate retrieval effectiveness at different cutoff levels.

Cluster purity is the metric given in Eq. (18) used to evaluate and validate the quality of clustering algorithm 
results in terms of containing data points from a single ground truth class and its performance. It helps quantify 
how well the clustering associates with the original labels or categories.

	
Cluster P urity = 1

N

k∑
i=1

|Ci| · No.of points in Ci that belongs m (Ci)
|Ci|

� (18)

Here, Ci is ith cluster, m (Ci) is the majority of Cicluster, N is the total no.of data points. The cluster purity 
value varies from 0 to 1, 1 for pure clustering (i.e., maximum no.of similar data points), 0 is for the worst possible 
clustering. In Fig. 6, the images of one particular cluster is shown with the no.of overlapping images for the top 
20 ranked in that cluster. To demonstrate efficiency and scalability, we have compared the average inference 
time per query with existing retrieval methods are shown in Table 3. Results show that our method achieves 
competitive inference time compared to DenseNet121-only retrieval and traditional dictionary learning, while 
offering significantly higher retrieval accuracy.

As predicted, nDCG@10 rankings are very slightly below nDCG@5 rankings for all methods as shown in 
Table 4, since a higher number of lower-ranking items generally decreases ranking quality on average. However, 
ours DDicCIR framework still has the overall highest ranking at both cutoff levels, validating that it can bring 
highly relevant images forward in the ranked list early a key necessity in medical image retrieval.

Method nDCG@5 nDCG@10

ResNet50 + DL 0.71 0.68

DenseNet121 + DL 0.75 0.72

DeepCluster 0.78 0.74

SwAV 0.8 0.76

DDicCIR 0.86 0.83

Table 4.  nDCG results on NIH chest X-ray dataset. Signifiacnce value bold.
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In this research to generate an aggregated sparse matrix from the first layer dictionary learning to the second 
layer of dictionary learning can be done by two approaches, as explained: concatenation and max-pooling. The 
following Table 5 tries to demonstrate the significance of the max-pooling approach in increasing the accuracy.

To understand the significance of the proposed framework’s structure, an ablation study has been conducted, 
which highlights the systematic improvements leading to the achieved performance. This study explains how 
each component contributes to the accuracy, as shown in Tables 1 and 2, and compares the framework against 
existing methods. Specifically, we analyze the effect on accuracy when the following components are excluded:

•	 Second Dictionary Layer: By not including this layer, we observe a lack of refinement in the sparse representa-
tion, which negatively impacts cluster purity. As shown in Table 6, the absence of this layer results in a signif-
icant decay in performance metrics, and the Table 7 is given with an extended ablation study with respect to 
number of Kernels, pooling layers and number of clusters.

•	 k-means Reiteration: This iterative procedure updates the clusters based on fine-grained features. We test the 
framework without this recalibration step to assess its importance. The results reveal the necessity of this 
iterative process for maintaining clustering accuracy.

No.of retrieved images SCNN SPM ResNet50 DenseNet121 DGFD ResNet50 + DL DenseNet 121 + DL SwAV Deep Cluster DDicCIR

5 72.64 71.68 73.67 75.22 76.15 78.01 79.27 82.42 83.56 89.85

10 70.35 69.24 71.24 74.84 75.18 76.58 78.95 80.12 81.74 88.71

15 68.28 67.89 69.76 73.51 74.54 75.31 77.14 79.35 80.25 86.84

20 66.37 65.28 68.51 71.23 72.57 74.54 75.85 77.23 77.65 84.53

25 64.21 63.52 65.31 69.54 70.81 72.81 74.05 75.74 76.67 81.85

30 62.72 61.38 63.84 67.21 68.49 69.97 72.89 73.88 74.22 79.27

35 59.84 59.12 62.67 65.98 67.11 68.03 70.11 71.51 72.75 77.31

40 56.95 55.68 60.95 63.14 64.32 65.85 68.64 69.37 71.02 74.54

Table 2.  Comparison of existing approaches to proposed framework over % of mAP vs. no.of retrieved images 
from NIH-Chest X-ray dataset.

 

Aggregation Method %Precision %Recall F1_Score %mAP

Concatenation 66.89 64.72 65.78 68.29

Max-pooling 76.54 72.48 74.45 74.54

Table 5.  Aggregation approaches vs. metrics over n = 40 (No.of retrieved Images).

 

Fig. 6.  Cluster purity for one particular disease for the top 20 images and identification of non-related images 
in red boundaries.
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Dictionary stability In this unsupervised learning, the number of iterations will be taken as per the convergence 
of clusters. Dictionary stability is the key indicator of convergence in dictionary learning. If the dictionary is still 
changing significantly between iterations, the learning process hasn’t converged yet. Stabilizing the dictionary 
implies that the atoms have settled and are effectively representing the input data. To measure dictionary stability, 
we need to compute Frobenius norm difference between the dictionaries at consecutive iterations during the 
learning process. A very low difference suggests the dictionary has converged and it is given in Table 8.

	 F robenius Norm Difference = ∥ D(It) − D(It−1) ∥ F
� (19)

Here, D(It), D(It−1) are dictionary at iteration It and It-1.

Algorithm % Precision %Recall %F1_Score %mAP Cluster purity IRMA error

ResNet50 72.38 71.27 71.82 71.41 0.76 0.26

DenseNet121 75.46 74.13 74.78 73.74 0.79 0.22

DGFD 76.85 76.08 76.84 75.81 0.80 0.22

ResNet50 + DL 78.95 77.52 78.23 77.62 0.83 0.19

DenseNet121 + DL 82.57 81.33 81.94 80.34 0.86 0.18

DDicCIR 89.83 88.45 89.13 87.18 0.91 0.15

Table 8.  Comparison of the proposed framework over existing on IRMA dataset for n = 20 (No.of images 
retrieved).

 

Iteration F robenius Norm Difference = ∥ D(It) − D(It−1) ∥ F

Iteration 1–2 15.34

Iteration 2–3 12.97

Iteration 3–4 8.21

Iteration 4–5 5.45

Iteration 5–6 3.89

Iteration 7–8 1.73

Iteration 8–9 0.84

Iteration 9–10 0.35

Iteration10-11 0.10

Table 8.  Dictionary stability for each iteration.

 

Variation Setting %Precision %Recall F1-Score %mAP

Baseline K = 64, Max-Pooling, k = 15 84.53 83.24 83.88 82.28

Number of Kernels (K)

K = 32 81.29 80.35 80.82 80.32

K = 128 82.92 81.45 82.19 81.54

K = 256 84.83 83.46 84.14 83.62

Aggregation method
Average-pooling 79.81 78.32 79.05 78.39

Max-pooling 84.53 83.24 83.88 82.28

Number of clusters (k)

k = 10 78.45 77.81 78.13 78.54

k = 15 84.53 83.24 83.88 82.28

k = 20 81.87 80.65 81.25 81.23

Table 7.  Extended ablation study of the proposed method with respect to the various hyperparameters.

 

Algorithm % Precision %Recall %F1_Score %mAP Cluster purity

Full Model (DDicCIR) 84.53 83.24 83.88 82.28 0.87

Without Second DL 78.25 76.48 77.35 75.37 0.76

Without k-means iteration 74.47 72.81 73.63 73.12 0.69

Table 6.  Ablation study of the proposed framework to represent the Stepwise accuracy.
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The IRMA (Image Retrieval in Medical Applications) dataset is a widely used dataset for research in medical 
image retrieval47. The dataset contains 14,410 x-ray images categorized using a.

hierarchical IRMA code that encodes aspects like imaging modality, anatomical region, pathology, and 
orientation. The dataset provides a benchmark for testing retrieval systems, making it valuable for your research 
in dictionary learning and medical image retrieval. The IRMA dataset can help evaluate feature extraction and 
retrieval models using metrics like precision, recall, mAP, and the IRMA error score. The proposed method’s 
significance over existing methods on IRMA is given in Table 8. The precision and recall are significantly higher 
as compared to the NIH Chest X-ray dataset due its’ nature of the samples. The sample images and retrieved 

Fig. 7.  (a) Sample images from the IRMA Dataset and retrieved results in (b).
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results are shown in Fig. 7a, b, respectively, and he hyperparameters of the DDicCIR is given in the following 
Table 9.
 IRMA Error Metric:

The IRMA error quantifies hierarchical retrieval accuracy on the IRMA dataset by comparing the IRMA 
codes of the query and retrieved images. Each IRMA code encodes four hierarchical axes: technical (T), 
directional (D), anatomical (A), and biological (B). Errors in higher-level positions are penalized more heavily 
than those in deeper levels. The error is defined as Eq. (20):

	
EIRMA = 1

n

n∑
i=1

4∑
j=1

1
bj

δ (lij , l̂ij)� (20)

where bj is the number of code branches and δ (lij , l̂ij) equals 1 if the jthcode differs and 0 otherwise. The final 
error value lies in [0,1], with smaller values indicating higher retrieval consistency. In this study, the proposed 
DDicCIR achieves an IRMA error of approximately 0.15, outperforming recent unsupervised deep clustering 
methods.

Conclusion
The proposed Deep Dictionary Clustering for Image Retrieval (DDicCIR) framework offers an unsupervised 
approach for efficient image retrieval using clustering techniques. Its effectiveness was evaluated on two 
benchmark datasets: NIH Chest X-ray and IRMA. The two-layer dictionary learning approach refines image 
features, thereby enhancing both clustering and retrieval performance. First, image features are extracted 
using DenseNet121, which are then supplied to the two-layer deep dictionary model for fine clustering via 
k-means. The first dictionary learning layer captures diverse, high-level features using convolutional filters, 
while the second layer further fine-tunes these representations to extract more detailed and abstract patterns. 
To eliminate redundancy and promote diversity among the learned atoms (basis vectors) in the first layer, 
dictionary coherence is applied. On the NIH Chest X-ray dataset, DDicCIR achieved significant improvements 
in precision, recall, mean Average Precision (mAP), nDCG@5, nDCG@10, and cluster purity, indicating better 
feature representation and more accurate retrieval of relevant medical images. Similarly, on the IRMA dataset, 
the framework demonstrated notable improvements across these metrics. By integrating multi-layer dictionary 
learning with clustering, the DDicCIR framework provides a scalable and robust solution for medical image 
retrieval. Its ability to capture diverse image features and improve retrieval accuracy makes it a valuable tool 
for supporting diagnostic decisions, enabling healthcare professionals to quickly and accurately retrieve similar 
medical cases.

Data availability
This article used publicly available datasets, no private is used. The web links for the datasets used are given 
below.​h​t​t​p​s​:​​/​/​w​w​w​.​​k​a​g​g​l​e​​.​c​o​m​/​d​​a​t​a​s​e​​t​s​/​n​i​h​​-​c​h​e​s​t​​-​x​r​a​y​s​​/​d​a​t​a, ​h​t​t​p​s​:​​​/​​/​w​w​​w​.​k​a​g​g​l​​e​.​c​​o​m​​/​d​a​t​a​s​​e​​t​s​/​r​​a​d​​d​a​r​/​​i​​r​m​a​-​​​x​r​
a​y​-​d​a​t​a​s​e​t.
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Parameter Description Final value

Kernel size (DicL₁) Size of convolutional filters used in first-layer dictionary 3 × 3

Stride (DicL₁) Stride applied during convolution in first dictionary layer 1

Padding (DicL₁) Zero-padding to preserve spatial dimensions 1

Number of kernels (DicL₁) Number of dictionary atoms per cluster in first layer 128

Kernel size (DicL₂) Convolutional filter size in second dictionary layer 3 × 3

Stride (DicL₂) Stride used in second-layer dictionary learning 1

Padding (DicL₂) Padding in second dictionary layer 1

Number of kernels (DicL₂) Total number of global dictionary atoms in second layer 256

OMP sparsity level Maximum number of active atoms in sparse representation 15

k-means iterations Maximum iterations for iterative clustering loop 15

Feature dimension Output feature size from DenseNet121 (before dictionary learning) 1024

Image input size Resized input image resolution 224 × 224

Regularization parameters λ X  = 0.1, λ D  = 0.001

Convergence threshold (dictionary update) Stop when relative change in reconstruction error < ε1 10− 4

Table 9.  Hyperparameters and implementation settings of the proposed DDicCIR Framework.
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