INSTITUTE OF INFORMATION
AND COMMUNICATION TECHNOLOGIES
BULGARIAN ACADEMY OF SCIENCES
CYBERNETICS AND INFORMATION TECHNOLOGIES e Volume 26, No 3

Sofia ® 2026 Print ISSN: 1311-9702; Online ISSN: 1314-4081
DOI: 10.2478/cait-2026-0032

Interpretable Region-Attribute Graph Matching Framework for
Structure-Aware and Explainable Content-Based Image Retrieval

Prabhuraj Metipatil', Mrutyunjaya M. S.%, Sanjeev Prakashrao

Kaulgud®, Sunil Manoli'

1School of Computer Science and Engineering, REVA University, Bengaluru, Karnataka, India
2School of Engineering Technology, Svyasa Deemed to be University, Satva Global City, Campus,
Bangalore, Karnataka, India

3Department of Artificial Intelligence and Machine Learning, New Horizon College of Engineering,
Bengaluru, Karnataka, India

E-mails: pmetipatil@gmail.com mrutyunjayams@gmail.com sanjeev.kaulgud@gmail.com
sunil.manoli@reva.edu.in

Abstract: In recent years, Content-Based Image Retrieval (CBIR) has advanced
significantly with Deep Learning (DL), yet most of the existing models rely on
global descriptors and attention-based local features, which struggle to capture
explicit structural relationships within images. These models often operate as black
boxes and provide limited interpretability; they exhibit reduced robustness under
viewpoint and geometric variations. To address these limitations, an Interpretable
Region-Attribute Graph Network (IR-AGN) is proposed in this research.
Specifically, each image is decomposed into semantically meaningful regions,
where each node encodes visual and semantic descriptors while edges represent
geometric, appearance, and contextual relations. Consequently, a joint node-edge
graph matching strategy computes similarity by aligning visual descriptors and
relational structures between query and retrieval images. The results of the
proposed IR-AGN model exhibit a higher mean Average Precision (mAP) of
95.19% on the Revisited Paris (RParis) dataset, when compared with the existing
Multi-Layer Orientation Histogram (MLOH) model.

Keywords: Content-based image retrieval, Deep Learning, Interpretable Region-
Attribute Graph Network (IR-AGN), Mean Average Precision (mAP).

1. Introduction

In the digital era, Content-Based Image Retrieval (CBIR) has become a crucial field
in computer vision for retrieving visually similar images from large datasets [1].
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This process is carried out using the intrinsic content of images rather than metadata
or textual annotations. Moreover, similarity search over high-dimensional feature
vectors has become a fundamental operation in modern image retrieval systems,
allowing effective and scalable retrieval of visually similar images from large-scale
datasets [2]. Similarly, a high-quality image is one of the important components in
this procedure for supporting the interpretation and understanding of visual data [3].
In this process, the discriminative features are extracted by measuring the inter-
image similarity and ranking results based on visual relevance. However, the prior
CBIR systems heavily depended on handcrafted descriptors such as Scale-Invariant
Feature Transform (SIFT), Sped Up Robust Features (SURF), and color histograms,
which struggle with large-scale or complex datasets. Hence, the Convolutional
Neural Networks (CNNs) and Vision Transformers (ViTs) have significantly
improved the feature representation capability with the rapid growth of Deep
Learning (DL) [4]. This process enables the retrieval systems to capture higher-
level semantics, structural information, and contextual dependencies within the
image content [5, 6]. However, the DL-based retrieval systems continue to suffer
from interpretability and generalization challenges. Mostly, the CNN-based
methods aggregate features into a single global descriptor, although compact loses
fine-grained spatial relationships between regions [7, 8]. In addition, the attention-
driven models heavily depend on opaque learned weights, which lack human
interpretability [9]. Moreover, these attention mechanisms increase computational
complexity and reduce transparency in how similar decisions are made [10, 11].
Furthermore, the Graph Convolutional Networks (GCNs) and transformer-based
retrieval frameworks remain limited by their black-box nature, where the users do
not explicitly identify the regions that influence retrieval performance [12, 13].
Finally, these challenges highlight the requirement for interpretable, region-aware,
and computationally efficient retrieval strategies. Therefore, the aim behind the
proposed Interpretable Region-Attribute Graph Network (IR-AGN) framework is to
develop an explainable, attention-free CBIR system, which models the relationships
between local regions for maintaining high retrieval accuracy. In this context, the
approach exploits graph structures to represent the images as a set of semantically
meaningful regions and explicitly encodes geometric, appearance, and conceptual
relations between them [14, 15]. As a result, it captures both structural layout and
semantic context without depending on learned attention maps.

This framework provides interpretability, which allows users to trace how
specific regions and relationships contribute to similarity scores for higher
performance and human-understandable reasoning in visual retrieval [16, 17]. The
current state-of-the-art methods in CBIR focus on global and local feature
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aggregation, regional attention mechanisms, and graph-based reasoning. Here, the
models such as R-MAC, DELF, and NetVLAD highlight regional descriptors and
pooling for efficient retrieval. In addition, the transformer-based methods integrate
attention mechanisms to model inter-region dependencies for improving robustness
under viewpoint or illumination changes [18]. However, these models still treat
interpretability as a post-hoc process rather than an intrinsic design feature.
Moreover, the graph-based approaches using GCNs or attention layers have
explored relational reasoning, although the contribution of each relation is obscure.
Furthermore, the explicit region-attribute graphs with measurable geometric and
semantic edges for allowing retrieval decisions to be accurate and explainable. The
proposed Interpretable Region-Attribute Graph Network IR-AGN model employs
standard operations such as region patch extraction, cosine similarity, and semantic
embeddings to capture effective features of the image. The novelty of the proposed
model does not lie in individual mathematical components, as they are integrated
into an explicit and interpretable Region Attributed Graph (RAG), where each node
and edge carries human-readable attributes and also directly participates in
analytical similarity computation. Unlike the conventional graph-based CBIR
models, which heavily rely on learned graph embeddings and attention modules or
GCN-propagated weights, RAG is introduced by the proposed model, in which both
the nodes and edges are defined with explicit measurable descriptors rather than
latent parameters. The proposed framework performs joint node-edge graph
matching with analytical similarity decomposition while enabling each component
of the retrieval score. Moreover, the retrieval score helps to trace visual, semantic,
and geometric descriptors to specific regions and inter-region relations. The novelty
of the proposed mechanism makes interpretability an intrinsic property of the
retrieval mechanism instead of using post-hoc explanations, which provides the
level of transparency that is overlooked by previous graph-based CBIR approaches.

The contributions of the proposed model are listed below.

e The IR-AGN model introduced a RAG model that explicitly integrates
visual, semantic, and geometric information into a unified node and edge attributes.
This graph-based representation preserves regional context and spatial relationships,
which enables more discriminative similarity computation.

e A joint node-edge graph matching mechanism is employed to measure
image similarity through interpretable relational reasoning. When compared to
existing black-box attention, the matching objective decomposes similarity into
visual, semantic, and structural components by enabling transparent retrieval
decisions.
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e The proposed IR-AGN incorporates an interpretability module that
quantifies node and edge contributions, while explaining how specific regions and
relationships influence retrieval results.

The organization of the research is structured as follows: Section 2 describes
the literature review, Section 3 demonstrates the methodology, Section 4 specifies
the experimental results, Section 5 demonstrates the research implications, and
Section 6 specifies the conclusion.

2. Literature review

Shi et al. [19] presented a Canonical Correlation Analysis-based Image Retrieval
Framework (CCA-IRF) to improve image similarity detection by increasing the
correlation between paired image features. Initially, the suggested model extracted
feature maps from both images by using a pre-trained Convolutional Neural
Network (CNN) to capture deep spatial-semantic information. Subsequently, the
CCA identified the projection pairs that best represent shared information between
the two feature sets. Additionally, an element-wise selection provided a compact set
of transformed features by using a Chernoff-information-based criterion and a
binary hypothesis test to measure similarity between the images. The suggested
model provided high retrieval accuracy and robustness to feature variability.
However, it had computational overhead from correlation computation in a large-
scale dataset.

Li, Liu and Lu [20] demonstrated a Multi-Layer Orientation Histogram
(MLOH) to improve feature representation by integrating semantic and orientation
cues across multiple CNN layers. Initially, the deep features were extracted from
various convolutional layers to capture different semantic levels. Additionally, an
iterative multilayer integration technique was employed to combine multi-scale
features for improving spatial discrimination. Subsequently, Gabor filtering was
used to detect and amplify the dominant orientation cues, allowing the model to
encode both structural and directional information effectively. Further, the
integrated representation improved global feature discriminability and retrieval
precision. The suggested model had the ability to jointly capture semantic and
orientation features, although the integration of multi-layer and orientation
extraction led to increased computational cost.

An et al. [21] developed a Pixel Retrieval Benchmarks (PRB) to extend
conventional image retrieval to the pixel level by enabling fine-grained recognition
of query-related regions. Initially, the datasets were improved by professional
annotators who labelled the images through multiple verification rounds to ensure
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high-quality segmentation. In addition, these pixel-level annotations were structured
into a benchmark dataset, which was designed to evaluate the retrieval accuracy at
the pixel granularity. Subsequently, the state-of-the-art image search, matching, and
segmentation models were tested to assess their performance on the new
benchmarks. The utilization of a benchmark dataset provided a foundation for
developing more precise and content-aware retrieval systems. However, high
annotation complexity and computational cost have increased for large-scale pixel-
level evaluation.

Park and Hwang [22] introduced a Hierarchical K-Means Clustering
(HKMC) to accelerate CBIR by maintaining higher accuracy. Initially, the
suggested model was employed to organize the global image descriptors from the
dataset into structured clusters to reduce the search space. In addition, the query
image was encoded as a compact descriptor and compared only with the descriptor
sets, which were located in the leaf nodes of the hierarchy. Consequently, three
optimized tree search algorithms were employed to balance retrieval speed and
precision. The suggested model has the ability to achieve faster retrieval with higher
accuracy for a large-scale dataset. However, there was an increased potential loss of
retrieval precision during deep hierarchical clustering.

Zhang et al. [23] established a Deep Semantic Correlation Descriptor
(DSCD) to improve the instance image retrieval accuracy by improving object
localization and feature compactness. Initially, a channel semantic correlation
learning mechanism was introduced to localize the targeted objects by learning
inter-channel semantic relationships from an auxiliary dataset for reducing
background interference. Additionally, a hierarchical attention mechanism had
combined the local and global features through object and focus attention modules
by generating refined feature maps with improved target relevance. Subsequently,
an adaptive Principal Component Analysis (PCA)-whitening method was employed
to dynamically reduce dimensionality and improve robustness of compact feature
vectors. The suggested model has superior retrieval accuracy and generalization
across multiple datasets, although the integration of multi-level attention led to
increased computational complexity.

Liu et al. [24] demonstrated Sublimated Deep Feature Histogram (SDFH) to
improve image quality by connecting all the semantic gaps among low and high-
level features. Firstly, orientation-selective features were presented to match the
visual cortex orientation selection mechanism and captured global shapes of the
object, also reducing CNNs' texture error. Subsequently, perceptual colored features
were combined to reintroduce color information rejected by classical deep features
by enhancing discriminative representation. Finally, a gain whitening learning
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strategy was used to refine feature representation for efficient retrievals. The model
has advantages such as the ability to achieve human-aligned meaningful retrieval
accuracy. However, the model faced issues as it had high computation during
orientation and also color feature extraction.

Zhu et al. [25] presented a Coarse-to-Fine Compact Discriminative (CFCD)
representation to achieve accurate one-step image retrieval by using image-level
labels. Initially, SoftMax-based loss was designed to adjust scale and margin
dynamically with each mini-batch, which improved supervision and ensured intra-
class compactness. Consequently, a negative sampling strategy was used to
strengthen the intra-class compactness and inter-class discrimination. Moreover,
this model was capable of fusing local and global representations for accurate
retrieval performance across viewpoint and occlusion differentiations. However, the
model led to computational intensity during adaptive training and selection as it
increased the complexity of the model.

2.1. Research gap

Although the DL has significantly improved CBIR, the existing models still rely on
global descriptors and attention-based local features, which lack explicit structural
reasoning and provide limited interpretability. Current graph-based approaches
often depend on learned attention weights, which make their relational features
challenging to justify. Moreover, the existing convolutional-based retrieval
frameworks model semantic, geometric, and appearance relations together, leading
to mismatched structural variations. Therefore, there remains a clear research gap
that provides an interpretable and region-aware retrieval model to capture explicit
region-to-region relationships while providing transparent similarity explanations.

2.2. Problem statement and objective

Despite the advancements in CBIR systems, most of the existing models depend on
global descriptors and attention-based local features, which fail to capture explicit
structural relationships between image regions, making their retrieval process
difficult to interpret. Graph-based models also rely on learned attention weights,
which complicate the true influence of regional and relational attributes. Moreover,
the existing models struggle with viewpoint variations, geometric changes, and
fine-grained structural dependencies while providing post-hoc explanations that
lack semantic clarity. Therefore, the main objective of this research is to design an
interpretable and attention-free CBIR framework that represents images through
explicit graphs integrating visual, semantic, and geometric attributes.
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3. Methodology

In this section, the proposed IR-AGN integrates the deep visual features with
interpretable structural reasoning through the RAG model. Each image is
decomposed into semantic and visual regions to represent it as a graph with nodes
and edges. The nodes encode fused descriptors, and the edges capture geometric,
appearance, and semantic relations. Moreover, a joint node-edge graph matching is
introduced to compute similarity between the query image and structure-aware
retrieval images. This analysis provides interpretability while ranking the retrieved
image using the final graph similarity to return the most relevant images. The
architecture of the proposed IR-AGN is presented in Fig. 1.
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RParis)
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Fig. 1. The architecture of the proposed IR-AGN model for content-based image retrieval for
enhanced interpretability

3.1. Data collection
The Revisited Oxford (ROxford) [26] dataset comprises 5062 images that were
collected from Flickr, representing 11 landmark buildings in Oxford, United
Kingdom (UK), and All Souls College (ASC). Each landmark forms a distinct class
with multiple viewpoints, lighting, and scale variations. The dataset provides query
images and ground truth images for evaluating instance-level and structure-aware
image retrieval methods.

The Revisited Paris (RParis) dataset contains 6412 high-resolution images of
11 famous Paris landmarks such as the Eiffel Tower and Notre Dame. Each
landmark corresponds to a unique class, which was captured under varying
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viewpoints, weather conditions, and bounding boxes to enable accurate
benchmarking of feature-based and geometry-driven retrieval models in complex
urban scenes.

3.2. Data preprocessing

The input images undergo standardized preprocessing to ensure consistency and
robustness before extracting features. In this context, normalization, contrast
enhancement, and Gaussian filtering are considered for preprocessing. These
preprocessing models simultaneously standardize the lighting conditions and reduce
high-frequency noise while preserving fine geometric features over classical
histogram-only techniques. Each image in the dataset I(x,y) is first resized to a
uniform resolution of 256 X 256 pixels and normalized to eliminate illumination
bias. Normalization is performed channel-wise in a resized image, which is given in
the equation

(1) I¢(x,y) = Dk

Oc
where p. and g, denote the mean and standard deviation of the Red, Green, and

Blue (RGB) channels c in an image. Further, the image is processed with histogram
equalization [27] to balance the brightness and enhance local contrast to improve
the detection of architectural textures and edges. Subsequently, a Gaussian filter

_x%+y?
e 202 is applied for smoothing the noise while preserving

G(x,y,0) =5—
salient structural information, which is required for graph node generation, where
G(x,y,0) denotes the Gaussian kernel x and y denote spatial coordinates, o
specifies the standard deviation for controlling the extent of smoothness, and

specifies a constant.

3.3. Region extraction

Each preprocessed image is divided into 64 X 64 overlapping patches with a stride
t = 32 for regional-level representation, which is given in the equation

2) P =1'(x+i4,y+jh), i j€[1LN],

where P;; denotes the overlapping patches, I specifies the preprocessed image, and
A signifies the scaling factor with 50% spatial overlapping between adjacent
patches with 49 patches for a 256 X 256 image using a 7 X 7 grid size. The
regional-level refinement is crucial for constructing reliable Region-Attribute
Graphs (RAGs) to ensure subsequent node descriptors contain intrinsic structural
and semantic content, rather than illumination and noise artifacts. In this region
extraction, each region represents a localized visual entity such as a window,
architecture, or tower segment. The Convolutional Neural Network (CNN) model
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with Residual Network (ResNet50) is employed to extract feature maps from each
region as described in the equation

3 F;;j = ¢(Py;0),

where ¢(-) represents the convolutional transformation and 6 denotes the learned
parameters. Each region descriptor is obtained with a spatial average across
activation maps that is mathematically expressed in the equation

1
“4) F; = |F—U|Zx,y Fij(x,y),
where f;; denotes the region descriptor that contains high-level semantics in the

regions of an image.

3.4. Graph construction

The region descriptor contains visual and semantic descriptors that are defined as
(f;, s;). This is further useful for constructing the RAG as G = (V, E, Ay, Ag), where
V denotes the set of nodes and E specifies the set of edges. Nodes denote the image
regions, and edges connect to the spatially related regions. Furthermore, A, refers
to the node attributes and Ar defines the edge attributes. In this context, the high-
level semantics s; is derived from a pretrained visual-text encoder. In this regard,
the proposed model is described as the attention-free mechanism because all
relational reasoning, joint node-edge matching, and similarity computation are
conducted without an attention mechanism and learned from relational weights.
Although the semantic node descriptors are extracted using a pretrained visual-text
encoder, these descriptors remain fixed and do not influence region importance via
attention. Also, they serve solely as static semantic attributes while interpretability
is achieved intrinsically from the explicit graph structure and analytically similar
decomposition. The concatenation of these components of the node attributes is
®) v; = [fi;si] € R,
where f; € R? denote the feature vector from Resnet50 and s; € RY specifies the
semantic descriptor of the region i. The edge set E = {(i,j)} is formed by
connecting each node to its spatially nearest neighbors within the image grid while
enabling geometric consistency. For each edge in the RAG, an interpretable
relational attribute vector is computed and defined in the equation
(©) ai; = [dij, 7ij, 0],

eyl

where d;; = > denotes the normalized Euclidean distance between centroids

max

c; and c¢; of the regions, where d;; € [0,1], 6;; specifies relative distance.

Tij—mint

Furthermore, 7;; = , where 7;; € [-1,1] to [0, 1] signifies the texture

maxTt—mint

correlation between regional features and o;; = cos(si,sj) signifies the semantic
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co-occurrence between conceptual embeddings, which is transformed to [0, 1] for
ensuring comparability. This relational attribute signifies the edge attributes
enabling a similarity function for maintaining structural consistency between the
query image and retrieval images. Unlike conventional graph-based methods or
attention-based CBIR models, the proposed IR-AGN model introduces a semantic-
aware and explainable edge definition, which implicitly describes the visual and
semantic relations between image regions rather than learning them. This
mechanism enabled the proposed IR-AGN model for subsequent matching and
retrieval to operate without hidden attention weights while preserving
interpretability and regional-level similarity computation.

3.5. Graph matching and retrieval

Furthermore, the retrieval of images is performed after constructing the RAG by
computing structural and semantic similarity between a query graph
Gq = (Vq, Eg, Ag, Ag) and a retrieval image graph Gg = (Vg, Eg, A%, A%). Unlike
conventional GCN or transformer-based retrieval models, which learn latent
relation weights implicitly, the proposed IR-AGN model defines measurable and
interpretable edge similarities based on geometric and semantic attributes. This
enables the model to justify retrieval outcomes via observable relational evidence.
For instance, one image is retrieved, the proposed IR-AGN model justifies the
similarity by using aligned spatial layouts or consistent semantic co-occurrence
instead of randomly assigning higher importance with activation functions. In
addition, the main objective of image retrieval is to identify the most similar graphs
in the dataset that best match the query structure. Each node in the graph

corresponds to a region descriptor, which is defined as viq = [fl.q; siq]. Similarly,

each node in the retrieval image graph is specified with v]fg = [ jg; Sjg]. The node

similarity between regions i and j is computed as a weighted sum of visual and
semantic similarities, which is given in the equation

@) SSGpH=a- cos( iq,fjg) +(1—a)-cos (s?, s].g),
where cos(-) denotes the cosine similarity, fiq and qu denotes the visual feature
vector of the query and retrieval image regions. In addition, sl-q and sjg specifies the

corresponding semantic descriptors and « € [0,1] signifies the weighting
coefficient, which balances the importance of visual and semantic components. This
mechanism ensures that both appearance and concept similarities contribute to
transparent node matching. The structural comparison is achieved by computing an
edge similarity function, as it quantifies the relationship between pairs of connected
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regions in both graphs. For two edges (i,k) € Eq and (j, 1) € Eg, the similarity is

computed as

®) S, ((i.k).(/.1)) = Be + Bcos (63,05 )+ Bcos (7,74 )+ Bicos (o, 0% ),
where d;;, denotes the normalized Euclidean distance between nodes i and k, 8
specifies the relative orientation of the edges; 7;;, signifies the visual texture
correlation, and oy, specifies the semantic co-occurrence of the connected regions.
The coefficients By, B2, B3, B = 0 are helpful to control the influence of
geometric, orientation, appearance, and semantic relations, respectively, and k
denotes the number of nearest neighbors in graph edges. Consequently, the optimal
region between two graphs 1is determined with an assignment matrix

q g
_‘dik _d/'[‘

X € {0, 1}|Vq|X|Vg | where X ij = 1 indicates that node i in the query graph is matched
to node j in the dataset graph. Moreover, to ensure one-to-one each query node
matches at most specified as Z?ﬁ 1 M;; <1, and the M;; is defined as
©) M, = {1 ifnode i inG is matched tonodej inG,
J 0 otherwise,
similarly, each gallery node matches at most one query node, and it is defined as
Z?fl M;; <1, by using these assignments, the model performs optimal partial
matching. In addition, the binary constraint for the graph matching is defined as
M;; € [0,1] and the partial permutation constraint is applied when the graphs have

equal size and is given in the equation

ng g
(10) MU = 1, MU = 1,

j:l i=1
subsequently, the overall graph similarity is optimized using the equation
(1) S = max (Zi,j Sy (L))Xij + Xierg L Dekg Se((i,K), G, l))Xi,ijl)-

This similarity is employed based on one-to-one matching constraints,

including }; X;; <1 and }; X;; < 1. This objective function ensures that both
node-level and edge-level similarities are jointly maximized while considering a
globally consistent alignment between the two graphs. After the optimal matching,
the final similarity score between the query and the retrieval graph is computed
using the equation
(12) S(Gq) Gg) = 21 T3 Sy (6, DXi ™2 Tisor, iy Se (G k), Gy D) Xij X
where 4; and A, denotes the coefficients, which balance the contribution of node
and edge similarities. The computed similarity scores for all gallery graphs are
ranked in descending order, and the top-K images with the highest. S(Gq, Gg)

values are returned as retrieval results.
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3.5.1. Retrieval ranking for selecting top-K images
After computing the global similarity score S (Gq, Gg) between the query graph Gg
and each gallery graph G all gallery images are ranked in descending order in

terms of similarity. The ranking function is expressed as given in the equation

(13) R(Gq) = argsortGgeD (S(Gq, Gg)) ,

where D denotes gallery database, and R (Gq) returns an ordered list of retrieved
images. The top-K ranked images are selected as the final retrieval outcome. This
ranking ensures that each retrieved image corresponds to a structurally and
semantically aligned representation with the query, based on both regional-level and
relational consistencies. To ensure transparency of retrieval outcomes,
interpretability, and explainability are incorporated as intrinsic parts of the model.
Rather than depending on post-hoc visualizations, interpretability in the proposed
IR- AGN network emerges directly from graph structure and its attribute-driven
similarity computation. The total graph similarity between query and gallery image
is decomposed into interpretable components as given in the equation

(14) S(Gy Gg) = SY'S + S5 + S5 + S 4 S5em,

where Sy =2, %; ja cos( iq, fjg) X;; denotes the visual feature similarity

between matched regions, Sy¢™ =4, Y,;; (1 — a)cos (siq,sjfg) X;j represents the

semanticsimilarity, Sa'" = A, (i), 1) B3cos (Tgc, T]‘.gl) X;jXj, captures appearance

consistency, and S = A5 Y. k), (j1) BaCOS (agc,aj%) X;jXp reflects the semantic
co-occurrence similarity. Each component thus represents the distinct interpretable
aspect of the retrieval process. To visually interpret the retrieval result, node-level
contribution is analyzed by using the similarity difference attained by eliminating a
specific node. For node viq, the contribution is defined as

(15) C(v) = 5(Gy, Gg) = S(Gy \ v}, Gy),

where S (Gq \ viq, Gg) is the similarity recomputed after excluding the node i. A
higher C (viq) value indicates a greater influence of that region in determining the
final match. Similarly, edge-level contribution is computed as given in the equation
(16) C(ei) = S(Gq Gg) — S(Gq \ i, Ge)»

where this highlights the importance of specific structural or semantic relationships.
Nodes and edges with the highest contribution scores are visualized on an image to
provide an intuitive explanation of “which regions” and “which relations” influence
the retrieval. By using this leave-one-out marginal contribution principle, the
importance of a node or edge is measured by the change in global similarity score
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when that region component is removed from the graph. This subtraction-based
method specifies how much each region or relation contributes to the final
similarity. Quantitatively, contribution ratios are normalized to obtain a similarity
decomposition as given in the equation

17 pe = S(Gf:ag) for ¢ € { vis, sem, geo, app, sem },

where p. denotes the proportional contribution of each interpretive component of

the final similarity. These values act as an explainable signature of each retrieval
result. For instance, a pair of images may achieve 40% similarity from geometry,
35% from visual appearance, and 25% from semantic alignment, which clearly
depicts why the model considered them a match. The novelty of this interpretable
mechanism lies in its inherent, quantitative explanation framework. Unlike post-hoc
attention heatmaps or saliency visualizations that approximate dependence, the IR-
AGN produces a causal and measurable interpretability by explicitly linking each
similarity component to a defined visual, geometric, or semantic factor.
Furthermore, since all node and edge weights are analytically derived rather than
learned, each retrieval decision is fully traceable. This attention-free interpretability
allows the model to explain its reasoning in human-understandable terms, such as
similar spatial layouts or consistent semantic patterns, by removing the gap between
black-box deep retrieval and structured visual reasoning. The pseudocode for the
proposed IR-AGN model is given in Section 3.5.2.

3.5.2. Algorithm
Algorithm 1. The Pseudocode of the Proposed IR-AGN Model for CBIR
Systems

Input. Query graph Gq(Vq, Eq), Retrieval graph Gi(V;, Ey), Node descriptors

fij» edge attributes (d, 8,7, 0), and weights @, By, B2, B3, Ba, balance factor 4.

Output: Set of optimal matched region pairs M, final similarity score is S
For eachnode g € V; do
Compute visual similarity s;
Compute semantic similarity Sq
Compute node similarity syqgde
Insert pair (g, g) into C with score S, 4e
End for
End for
foreach edge (q;,9;) € Eq do
foreach edge (g;,9;) € Eydo
Compute geometric distance as a relational attribute a;;
Compute texture correlation T;;
Compute semantic co-occurrence g; j
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Compute edge similarity using the Equation (8)
End for
End for
while True do
Select the highest-scoring pair (q, g) from C
Insert (g, g) into M
Mark (g, g) as matched
Remove all pairs containing g from C
Remove all pairs containing g from C
For each matched edge (q;,q;) € Eq do

If the corresponding edge (g;, ;) satisfies matching criteria, then

Include the edge-match contribution to M
End for
End while
if C is empty then
break # when no match is found
Compute total node similarity Sy,oqe
Compute total edge similarity Seqge

return M, S(Gq, Gy)

4. Experimental setup

The proposed IR-AGN model was executed on a hardware and software
configuration comprising Python 3.10 with PyTorch 2.2 library, and for similarity
indexing. All the experiments were conducted on a workstation, which is equipped
with an NVIDIA RTX 4090 GPU, an Intel Core 19 processor with 64 GB RAM, and
running Ubuntu 22.04. The proposed IR-AGN model is finetuned with the Adam
optimizer for 10 epochs on a dataset using contrastive triplet loss in order to adapt
retrieval-specific features. The proposed IR-AGN model was trained with a learning
rate of 1 X 10~* and batch size = 16. Furthermore, all the retrieval evaluations,
including graph matching and interpretability analysis, were executed for additional
efficiency. The evaluation metrics include mean Average Precision (mAP), Node
Contribution Score (NCS), Edge Structural Consistency (ESC), and Average Casual
Drop (ACD). The NCS evaluation metric evaluates the proportion of total similarity
explained by the top-5 most influential nodes. In addition, the ESC metric
calculates the degree of geometric alignment between corresponding structural
edges. Moreover, the ACD metric specifies the average relative drop in total
similarity after removing key nodes or edges. The mathematical equation for the
evaluation metrics is given in the next equations:

(18) mAP =~ Y7, AP,

198



(19) AP = =3I, p(k) - rel(k),

Number of relevant items in top k

(20) precision@k = - ,
_ Number of relevant items in top k
(21) recall@k = Total number of relevant items in database ’

where AP; specifies the Average Precision for the class i, n denotes the number of
classes, and p(k) denotes the precision at rank k. In addition, rel(k) = 1 if the item
at rank k is relevant otherwise 0 and R denote the total relevant items.

4.1. Performance analysis

The performance of the proposed IR-AGN model is evaluated to quantitatively
validate the interpretability and explainability when compared with two widely used
baseline models for image retrieval. The baseline models include the Regional
Maximum Activation of Convolutions (R-MAC) and Transformer-based Deep
Local Features (Trans-DELF), which are considered and re-implemented on an
identical experimental setup, such as preprocessing and hyperparameters, to ensure
fair comparison. The evaluation metrics, including mAP, NCS, ESC, and ACD, are
considered and illustrated in Fig. 2.
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Fig. 2. Evaluating the effectiveness of interpretability and explainability of the proposed IR-AGN
model over baseline models

From Fig. 2, the proposed IR-AGN model consistently demonstrates superior
results across the baseline models. When compared to the R-MAC and Trans-DELF
models, the proposed IR-AGN model achieved higher mAP, NCS, and ESC values
on both RParis and ROxford datasets, which indicates that the retrieved results are
explainable structurally and visually. Although the baseline models were
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implemented on identical conditions, they struggled with limitations such as weak
structural reasoning and no semantic awareness. The proposed model resolved these
issues by including an explicit region relation graph to enhance robustness and
interpretability. This validation significantly highlights the strong retrieval
performance and provides transparent and effective explanations.

4.1.1. Generalization through Cross-Dataset validation

The generalization ability of the proposed IR-AGN model was evaluated using a
cross-dataset on the Instance-Level Retrieval (INSTRE) [28] dataset. This
validation is done by training the model on the ROxford and RParis dataset, then
testing on unseen landmark images. The evaluation metrics, including mAP,
precision, and recall, were utilized. Each model is trained and evaluated over five
independent runs with different random seeds. The results were reported as a mean
+ standard deviation to evaluate the variability and robustness, which is presented
in Table 1.

Table 1. Cross-dataset evaluation of the proposed IR-AGN model over baseline models

Dataset Model mAP (%) Precision (%) Recall (%)

R-MAC 60.32 + 0.015 66.25 + 0.013 62.82 +£0.017
ROxford =

INSTRE Trans-DELF 63.96 £ 0.011 68.26 £ 0.012 66.18 + 0.014
Proposed IR-AGN 74.21 +0.008 80.46 + 0.010 7731 £0.012
R-MAC 61.75+0.014 67.14 £ 0.015 64.23 £ 0.016
RParis - INSTRE Trans-DELF 64.61 +£0.010 69.39 £ 0.011 66.83 +£0.013
Proposed IR-AGN 75.68 + 0.009 81.11 + 0.008 78.58 £0.010

According to Table 1, the proposed IR-AGN model achieved higher
performance and consistently outperformed baseline retrieval models on the
INSTRE dataset. Across all the random seeds, the proposed IR-AGN model
achieved the highest mAP from 0.742 up to 0.756 with low standard deviation. The
baseline models struggled to process unseen data due to a lack of explicit region
relations and weak generalization. The proposed model resolved these challenges
using semantic-geometric graphs to enable strong structural reasoning and
improved generalizability. This validation indicates stable and transferable
performance of the proposed IR-AGN model and confirms effective explicit region-
relation encoding across unseen data.

4.1.2. Ablation study and statistical analysis

The ablation study mainly focuses on the individual contribution of components in
the proposed IR-AGN model. The training and testing data are split into 80% and
20% where the model is evaluated on the testing set. Each variant of the model was
evaluated over five independent runs with different random seeds using paired
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t-test. The evaluation is reported as a mean + standard deviation of mAP.
Moreover, 95% Confidence Interval (CI) is computed with t-distribution and the
significance is provided based on non-overlapping variants of CI with the entire
proposed IR-AGN model CI. This CI is computed over N query images where the
value of N depends on the size of the dataset, with a standard normal approximation
of the sampling distribution of retrieval metrics. Results of the ablation study with
statistical significance are given in Table 2.

Table 2. Ablation study and statistical analysis of the proposed IR-AGN model with different model
variants

Model variant mAP (mean + standard deviation) 95% CI p-value

Proposed IR-AGN model 95.19 + 0.009 [94.88-95.91] | 0.003

W“hogt semantic node 93.87 + 0.011 [92.85-94.89] | 0.087
eSCrlptOrS

Without edge attributes 90.18 + 0.014 [89.81-90.85] | 0.004

Without geometric edges 88.79 £ 0.017 [87.77-89.81] 0.012

Graph mamhg:r%n without edge 85.75 + 0.019 [84.73-86.77] | 0.007

Without preprocessing 82.71 + 0.023 [81.69-83.73] | 0.005
techniques

From Table 2, the ablation results confirm that edge information and node-
edge matching are the core variants for the model’s performance. The model’s
variant removal includes removing edges, geometric relations, and disabling edge
matching, which significantly demonstrates the mAP degradation with p-values <
0.005. This result indicates that relational reasoning is a central mechanism for the
image retrieval quantity. On the other hand, removing semantic node descriptors
leads to a smaller and statistically non-significant reduction, where p = 0.087
depicts that the semantic nodes enhance robustness but are not the dominant factor
for the retrieval accuracy. The role of preprocessing also influences the accuracy of
image retrieval in the proposed IR-AGN model. Moreover, the training
hyperparameter for all the ablation variants is fixed across runs, and only the
specific component is being removed. This ensures that the performance variation is
due to the removed module, not to hyperparameter changes. Altogether, the ablation
and statistical analysis validate the proposed IR-AGN model’s relational graph and
joint node-edge optimization strategy.

4.1.3. Computational analysis

The computational analysis of the proposed IR-AGN model is evaluated with
baseline image retrieval models. This analysis evaluates runtime efficiency and
resource consumption across multiple dimensions, including inference time, graph
construction, and graph matching cost. The measurement is averaged over 1000
queries, which are executed on an NVIDIA RTX 4090 GPU, Intel 19 CPU, 64 GB
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RAM, with identical preprocessing and batch settings. The computational results
are given in Table 3.

From Table 3, the proposed IR-AGN model introduces a moderate
computational overhead due to region extraction and relational graph construction.
In this context, the term N/A specifies the Non-Availability of particular metrics in
the published sources. The indexing time (31.7 s) is slightly higher than baseline
models, but still suitable for near-real-time retrieval applications. Despite increased
computation, the proposed model maintains a competitive GPU memory usage
(890MB), which demonstrates that relational modeling does not impose the
computational overhead. Nevertheless, the proposed model is more complex than
the baseline model, including R-MAC and Trans-DELF model, but signifies higher
mARP results 95.19% with interpretable image retrieval.

Table 3. Evaluating the computational efficiency of the proposed IR-AGN model over baseline models

Inference Reglo_n Grap h. Retrieval | Memory | Indexing
mAP |,. extraction | construction |. .
Model o time (ms per |. . time (ms per | usage | time (5K
(%) 1 image) ime (ms per 1 [time (ms per 1 | query) (MB) images)
& image) image) dquery g
R-MAC [89.18 5.4 N/A N/A N/A 620 194s
Trans-
DELF 92.37 7.1 4.8 N/A N/A 720 249s
Proposed
IR-AGN [95.19 6.8 32 4.1 9.1 890 31.7s
model

4.2. Comparative analysis

Table 4 presents the comparative evaluation of the proposed IR-AGN model across
different state-of-the-art CBIR methods on the ROxford dataset under medium and
hard protocols. The comparison models primarily rely on global aggregation,
handcrafted orientation features, and attention-based semantic refinements. Unlike
these comparison models, the proposed IR-AGN model explicitly models region
attributes, semantic relations, and geometric consistency to improve robustness for
variations present in the ROxford dataset.

Table 4. Comparative evaluation of the proposed IR-AGN model
over existing models on the ROxford dataset

. mAP (%)
Comparative model Medium Hard
CCA-IRF [19] 74.19 48.06
MLOH [20] 87.43 43.70
PRB [21] 85.70 70.30
HKMC [22] 83.40 65.30
DSCD [23] 86.60 83.90
SDFH [24] 74.23 N/A
CFCD [25] 82.42 65.06
Proposed IR-AGN 90.57 86.92
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In Table 4, the proposed IR-AGN model achieves a superior performance with
an mAP score of 90.57% (medium) and 86.92% (Hard) when compared to the
methods across the ROxford dataset. The models, such as PRB and DSCD, perform
effectively but lack relational interpretability. Furthermore, the existing CBIR
models are utilized to compare with the proposed IR-AGN model on the RParis
dataset, and the results are given in Table 5.

Table 5. Comparative evaluation of the proposed IR-AGN model
over existing models on the RParis dataset

. mAP (%)
Comparative model Medium Hard
CCA-IRF [19] 81.64 64.03
MLOH [20] 92.43 53.92
PRB [21] 92.60 72.70
HKMC [22] 90.80 76.70
DSCD [23] 91.10 86.40
SDFH [24] 84.91 N/A
CFCD [25] 91.57 81.69
Proposed IR-AGN 95.19 89.95

From Table 5, the proposed IR-AGN model achieves the highest mAP in both
medium (95.19%) and hard (89.95%) protocols while outperforming all existing
models. The improvement in results is achieved through the proposed IR-AGN
model’s explicit regional-level reasoning and interpretable relational attributes that
preserve the fine-grained details of images. While the existing models, such as
DSCD and PRB, provide strong localization and semantic refinement, they struggle
with region-to-region relational modeling. The output sample images of the
proposed model are given in Fig. 3.

Query Retrieved Image Retrieved Image Fletrlwed Image Retrieved Image Retrieved Image

Query Retrieved Image Retrieved Image Ftetrlevm Image Retrieved Ima.ge Retrieved Image

Fig. 3. The sample output images of the proposed IR-AGN for image retrieval from the ROxford
dataset
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5. Research implications

In this research, the proposed IR-AGN model presents several meaningful research
implications for advancing interpretable CBIR and computational visual
understanding. Firstly, the usage of RAG graphs explicitly encodes visual,
semantic, and geometric cues, where the model demonstrates the importance of
shifting from global features to regional-level representations. This graph usage
establishes a new direction for achieving interpretability, not only with post-hoc
addition but also with an intrinsic design component. This enables the retrieval
decisions to be transparently traced back to specific image region and their
relationships. Consequently, the joint node-edge matching mechanism highlights
the relational reasoning in achieving robust retrieval under viewpoint, scale, and
illumination variations. This mechanism provides a generalizable strategy for
incorporating structural constraints into visual similarity tasks, which can be
extended to other domains such as scene graph retrieval and local-based visual
recognition in tourism departments. Furthermore, the incorporation of explicit
geometric and semantic edge attributes introduces an explainable inter-region
interaction that is valuable for tourism in cultural heritage applications. Finally, the
strong improvements in accuracy, generalizability, and structural consistency
demonstrated across datasets validate the importance of graph-based transparent
reasoning to replace dense attention mechanisms in modern retrieval systems.
Collectively, these research implications positioned the proposed IR-AGN model as
a foundational approach for achieving interpretability in structurally aware vision
retrieval systems.

6. Conclusion

This study exploited an interpretable region-attribute-based CBIR model, which
models landmark images with the proposed IR-AGN architecture. The proposed
model effectively addressed major challenges in instance-level retrieval models,
including weak structural reasoning and poor robustness to viewpoint and
geometric variations. The interpretability and consistency gaps were resolved
through explicit RAG construction, which effectively separated visual, semantic,
and geometric cues while preserving complementary regional-level information
without inference. Consequently, the joint node-edge graph matching further
stabilizes similarity computation by capturing fine-grained spatial relationships and
semantic dependencies across images. The retrieval ambiguity is resolved with a
built-in interpretability module by quantifying the region and edge contributions for
transparent decision-making. Finally, the integrated similarity decomposition
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ensures stable reasoning and improved retrieval reliability while demonstrating
explicit region-relation modeling in landmark image retrievals. From the results, the
proposed IR-AGN model attained better results, including 95.19% on the RParis
and 90.57% on the ROxford dataset. The future work will mainly focus on
extending the proposed IR-AGN model to larger and multimodal datasets for
automating semantic concept extraction using large vision-language models and
optimizing graph matching for real-time scalability. Moreover, the model can be
extended for real-time medical image retrieval, where interpretable regional-level
reasoning helps clinicians to compare similar cases for improving reliable diagnosis
while ensuring transparent decision support.
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