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As digital data rapidly grows, content-based image retrieval (CBIR) has
become important for optimizing collections of visual data. This work
proposes a retrieval framework which operates in two stages and improves
accuracy by using systematic fusion of features. In the first stage, first-stage
wide-scope descriptors called bag-of-visual-words (BoVW), scattering
wavelet transform (SWT), discrete cosine transform (DCT), and principal
component analysis (PCA) retrieve initial candidate images. The second
stage undertakes detailed re-ordering of candidate images by implementing
the local binary pattern (LBP), histogram of oriented gradients (HOG), and
singular value decomposition (SVD) descriptors to re-evaluate similarity
scores. Each individual descriptor returned results for mean average
precision for the top 10 retrieved images (mAP, top-10) of between 0.63 and
0.79 and the fused framework achieved 0.88, which is evidence of the
viability of complementary feature integration. These findings support the

hypothesis that while multiple descriptors performed well and delivered high
retrieval accuracy, hierarchical fusion of multiple handcrafted descriptors
does not involve the computational costs associated with deep learning
methods.
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1. INTRODUCTION

As we enter a visual data-centered world, efficiently accessing images from an enormous,
unstructured database in response to a user query has become a pressing problem. Content-based image
retrieval (CBIR) systems confront this problem by allowing the user to search images based on visual
content-based features such as color, texture, and shape instead of relying on human annotated meta-data.
CBIR is important in applications like digital libraries, medical imaging, e-commerce, and law enforcement,
where the need for large-scale and accurate retrieval of images continues to grow [1]. CBIR, and especially
CBIR that uses deep learning methods based on convolutional neural networks (CNNs), have become a
versatile and dominant approach that can learn hierarchical feature representations from very large datasets
and can be considered state-of-the-art [2]. However, traditional CNN models function as black boxes and
lack explanation of their output: this is especially concerning in high-stakes applications, e.g. medical
diagnostics, where an explanation is warranted. Furthermore, CNNs require massive amounts of labeled
image data and computational power to train, which makes them impractical in environments with limited
access to resources [3].
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This research returns to classical handcrafted feature-based image retrieval systems citing desirable
properties of efficiency and explainability over black-box deep learning approaches for retrieval. The authors
suggest that aggregating several complementary feature extractors, even in a single retrieval application, will
provide a richer, more comprehensive, and more interpretable understanding of imagery than any single
extracted-descriptor could [4]. Each expert feature extractors describes unique feature characteristics,
including texture, structure, and frequency representation, within a simple multi-stage, training-free user
improvement framework [5].

The proposed multi-expert system employs several key descriptors: the bag-of-visual-words
(BoVW) model captures local keypoints through clustered visual vocabularies; the scattering wavelet
transform (SWT) extracts multi-scale structure; the discrete cosine transform (DCT) encodes frequency
components; and principal component analysis (PCA) compresses color histograms. Local binary pattern
(LBP) and singular value decomposition (SVD) procedures conduct dimensionality reduction and fine
ranking. The late-fusion phase employs a weighted vote to aggregate the experts' outputs, including a fine-
grained re-ranking to achieve a final accurate retrieval. The key contributions are: i) a hybrid CBIR
framework fusing diverse handcrafted descriptors; ii) a weighted voting and re-ranking mechanism for robust
fusion; iii) an evaluation demonstrating competitive performance on a large public dataset.

2. RELATED WORK

Many studies have shown progress towards improving CBIR using various methods, particularly
through the use of deep learning and hybrid methods. In reference to study [5], a dual-CNN framework used
red, green, blue (RGB) and texture-based representations from the various LBP variants, namely orthogonal
combination local binary pattern (OC-LBP), center-symmetric local binary pattern (CSLBP), and local
directional pattern (LDP), achieved average precision scores of 94.5%, 89.7% and 88.7% respectively on the
Corel-1K, Caltech-256 and Oxford 102 Flowers image datasets. Using a greater number of encoder types
significantly increases computational complexity.

Study by Magliani et al. [6] focused on creating an encryption based solution for providing privacy
as well as receiving image returns through a privacy preserving CBIR system which allows users to retrieve
image results against encrypted images using aggregation of local image feature data and use of an
asymmetric scalar product preserving encryption. While these addresses provide privacy considerations,
it generates additional computational overhead. Study by Gayathri [7] proposed a sketch based process CBIR
using edge histogram descriptors and scale-invariant feature transform (SIFT) refinements to obtain related
image results; however, no quantitative evaluation on a large dataset was provided to show accuracy or
viability of this method, thus limiting its overall capabilities to 110 images.

Deep learning-based methods have also shown strong performance. Visual geometry group 16-layer
network (VGG16) and residual network-50 (ResNet-50) were both paired with a similarity matching
methodology for an overall result of 81.68% precision and 90.18% precision, respectively [8].
Though scalability remains limited. A new loss function called class anchor margin (CAM) introduced by
Ghita and lonescu in [9] is able to enhance feature embedding among non-homogeneous datasets (e.g.,
CIFAR-100 and ImageNet-200) and offers improved results when compared to contrastive and cross-entropy
losses, but has an increased sensitivity to anchor initialization.

Hybrid approaches attempt to balance accuracy and efficiency. The EfficientNet-histogram of
oriented gradients (HOG) model in [10] combines deep learning features with hand-crafted features;
achieving mAP values of 0.89, 0.85, and 0.83 on the Corel-1K, Oxford5K, and Paris6K datasets,
respectively. There are still limitations in scaling the hybrid solution to high-resolution images. Implementing
a vision transformer (ViT)-based CBIR system in [11], along with natural language processing (NLP)-driven
search and user feedback, achieved an F1-score of 0.7851 on Corel-1K, but this resulted in greater
computational complexity and dependence on user interaction.

Overall, deep learning-based CBIR methods, including CNNs and ViTs, achieve high retrieval
accuracy but require large labeled datasets and significant computational resources [12]. These methods are
associated with high retrieval accuracy, but at a cost of requiring large, labelled datasets and significant
computing power [12]. Hand-crafted feature CBIR methods on the other hand typically demonstrate exploit
efficiency and interpretability however they often lack semantic richness when considered as standalone
CBIR methods. These limitations motivate the proposed multi expert CBIR framework which integrates
complementary handcrafted descriptors within a hierarchical fusion and re-ranking structure to balance
accuracy efficiency and interpretability. Table 1 summarizes the key differences among existing approaches
in terms of datasets, methodologies, performance metrics, advantages, and limitations.
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Table 1. Summary of the related works
# Dataset(s) Methodology Best results and Advantages Limitations
used summary metrics
[5] Corel-1K, Feature fusion Avg. Precision: 94.5% Robustness to class Multiple encoders
Caltech-256, enhanced (LDP) (on Corel-1K) imbalance; superior increase computational
Oxford 102 images using dual precision via feature cost and training
CNN encoders. fusion. complexity.
[6] Oxford5K, Deep CNN features mAP: 0.7188 (on Enhanced feature Higher computational
Paris6K with DDR and Paris6K) aggregation and cost
locVLAD accuracy
aggregation.
[7] local data Sketch-based using No metrics provided. Interface: robust to Lack of rigorous
(110) images Edge Histogram with noise. evaluation; very small
SIFT. dataset.

[8] Custom data VGG16/ResNet-50 Precision: 90.18% Superior performance; Image downsizing;
(2,100) with similarity (ResNet-50) efficient retrieval. limited dataset scope.
images matching.

[9] CIFAR-100, Introduces CAM loss Superior mAP Eliminates costly pair Sensitive to anchor

Food-101, to optimize compared to mining; enforces initialization; marginal
SVHN, embedding. contrastive and cross-  compact and separable gains in low-data
ImageNet-200 entropy losses. features; efficient. regimes.
[10] Corel-1K, A hybrid model mAP: 0.89 (on Corel- Adaptive feature Reliance on HOG for
Oxford5K, combining HOG and 1K) fusion; computational local features.
Paris6K EfficientNet co- efficiency.
attention mechanism.
[11] Corel-1K ViT with NLP and F1-score: 0.7851 Semantic query High computational

user feedback
mechanisms.

understanding;
adaptive learning from
user feedback.

overhead; dependency on
feedback quality.

3. RESEARCH METHOD
The proposed CBIR framework is established as a complete multi-expert system that does not
require data-heavy archival deep learning training. In this process, the proposed framework employs two
levels: feature extraction, where the five complementary visual descriptors examine each image under
different aspects, and fusion and re-ranking, where the outputs for the five image descriptors are combined to
arrive at a final retrieval list that is highly precise, accurate, and robust. This hierarchical architecture
leverages the strengths of classical methods while hedging against the weaknesses by use of a simple
decision-making process. The complete model architecture is depicted in Figure 1.
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3.1. Feature descriptors overview

The proposed approach combines multiple classical feature descriptors to encode the various visual
behaviors in images. For example, SIFT uses gradient-based signatures to identify salient keypoints across
multiple scales and unfavorable lighting conditions while ensuring that the process remains invariant to
geometric changes and illumination [13]. BoVW approaches images as compact representations of
visual-word distributions and generates histogram representations from local feature vectors that can be
clustered and are then better suited to representing the content of images [14], [15]. DCT uses cosine
functions to decompose images into frequency components, highlighting the low-frequency coefficients that
capture the global structure of an image while filtering out noise [16]. LBP encodes relationships between
pixels (neighborhoods) into binary patterns based on intensity comparisons alongside their neighbors,
producing histograms that are robust to illumination changes [17]. SVD decomposes the image matrix into
singular values that correspond to the dominant structural components of the images, producing compact,
discriminative descriptors [18], [19]. HOG uses gradient-orientations from cells, while capturing shapes of
objects through spatially-aggregated histogram-based gradient orientations to encode the features, and
normalizing the spatial gradient orientations histogram to assure robustness to illumination changes [20].

After computing these complementary descriptors, to further improve retrieval robustness, the
process of feature fusion integrates multiple descriptors by either concatenating the resultant feature vector or
combining the decision of directing models, creating the ability for one descriptor to balance or compensate
for the limitations/effects of another descriptor [21], [22]. For the system evaluation, we adopt the mean
average precision (mAP) evaluated on the topped ten, averaged across queries and images for reliability,
computation of mAP metric (mAP, top-10). The model is evaluated on the Intel Image Classification dataset,
which consists of 14 034 training images and 3000 testing images across segregated into seven
categories-buildings, forest, glacier, mountain, sea, and street-capturing varied textures, lighting, and
viewpoints [23]. Figure 2 shows representative sample images from each of these categories.

Figure 2. Images from the intel image classification dataset

3.2. Feature extraction
To ensure a comprehensive representation, seven feature extraction modules are applied to each
image, each capturing distinct visual properties:

- The BoVW model uses local features that were obtained by extracting SIFT features to detect extrema
within the DoG space, generating 128-dimensional descriptors. The BoVW model uses Mini-Batch
K-means clustering (k=200) to create a visual vocabulary, with each image subsequently represented by a
normalised histogram of visual word occurrences.

- The SWT extracts translation-invariant features via the use of multi-scale filtering (approximately J=4)
across multiple orientations to produce features. Coefficients are produced and averaged to produce a
feature vector that represents the structural patterns contained within the original images.

- The DCT transforms images to a frequency-based representation. When working with RGB channels, the
16x16 low-frequency coefficients in the top left corner were selected from each of the RGB channels,
averaged and concatenated to produce a compact descriptor. The compact descriptor was created by
ensuring that it is robust to noise.

- PCA was performed on a colour histogram (RGB histogram, 512-dimensional space created via 8x8x8
bins); using PCA the histogram was reduced from a 512-dimensional space to a 64-dimensional space by
selecting the principal components that preserve the majority of the variance found within that space to
create a compact colour descriptor.

- LBP provides a way to encode the local texture via thresholding of the neighbourhood pixels in order to
produce binary patterns, and subsequently aggregate those into histograms that are robust to illumination
changes, thus producing an LBP feature.

- SVD decomposes the input image matrix into singular values; SVD allows for the identification of the
dominant structural characteristics of the original matrix by retaining the largest singular values. As such,
SVD produces a compact feature descriptor.
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- HOG is used to determine the shape of an object using the direction (orientation) of the gradient by
calculating an orientation-histogram for areas near a localized region and normalizing the values so that
changes in ambient light do not interfere with the captured values.

These descriptors collectively encode complementary aspects of visual content, including local structure,

global frequency, color distribution, and texture patterns.

3.3. Fusion and re-ranking framework
The central mechanism to this system is a late fusion technique whereby data from multiple
descriptors contribute toward improving accuracy associated with retrieved images.

- Weighted voting is the basis for the implementation of feature-based descriptors (BovVW, SWT, DCT,
PCA), where four features are originally ranked to produce initial lists of ten ranking images (N=10).
These lists are merged into a candidate pool. Each image is assigned a score based on weighted voting,
where weights are derived from the empirical performance (mAP, top-10) of each descriptor (e.g., SWT =
0.43, PCA = 0.17), and the final score is computed as the sum of contributing weights.

- To further improve precision, a second-stage re-ranking is performed using a combined descriptor
consisting of LBP, HOG, and SVD. Each descriptor facilitates the identification of local texture (LBP),
shape (HOG), and structure (SVD) characteristics. Cosine similarity is computed between the
concatenated LBP-HOG-SVD descriptors of the query image and candidate images. Final ranking is
determined using a two-level criterion: (i) descending weighted-vote score and (ii) ascending similarity
distance. This ensures that images consistently selected by multiple descriptors and exhibiting high visual
similarity are prioritized.

4., RESULTS AND DISCUSSION

This section explains the visual outcomes of the proposed system with the performance results of
the system as illustrated in Table 2, comparison with the related systems, an ablation study, analysis of the
results, advantages of the proposed system, limitations of the system, and finally, the suggested related work.

Table 2. Results of the proposed system

Class Input image Retrieval images Efficiency
metrics
Street Precision of 6:
1.00

Sea Final precision
of 5:

0.80

Mountain Final precision
of 8:

0.75

Glacier Final precision
of 7:

1.00

Forest Final precision
of 9:

1.00

Precision of 6:
1.00

Street

Buildings Final precision
of 5:

1.00

The proposed hierarchical fusion system demonstrated highly competitive performance, achieving a
mean average precision for the top 10 retrieved images of 0.88 on the intel image classification dataset.
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The performance of each of the five core feature descriptors will be evaluated. This isolates the inherent
discriminative power of each feature. The results, presented in Table 3, establish a performance baseline for each
method and indicate a robust ability to retrieve semantically relevant images consistently within the top results.

Table 3. Performance of individual feature descriptors

Feature descriptor Role in system mAP, top-10 (Individual performance)
BoVvW Broad filtering 0.72
SWT Broad filtering 0.68
DCT Broad filtering 0.65
PCA on color histograms Broad filtering 0.79
SVvD Fine-grained ranking 0.76
LBP Fine-grained ranking 0.63

4.1. Comparison

In order to appropriately locate the proposed model within the current state of activity taking place
utilizing CBIR systems, a comparison was performed against other currently available techniques active
within this area employing various model architecture types as seen in Table 4.

Table 4. Comparative analysis of retrieval performance with state-of-the-art methods

# Methodology summary Dataset Best results
[5] Dual-CNN encoders on enhanced LDP images. Corel-1K Average precision: 94.5%
[6] Deep CNN features with DDR and locVLAD aggregation. Paris6K mAP: 0.7188
[8] Fine-tuned ResNet-50 with similarity matching. Custom (2,100) Precision: 90.18%
[10] Hybrid model: EfficientNet with HOG and co-attention. Corel-1K mAP: 0.89
Proposed system  Hierarchical fusion: (BoVW+SWT+DCT+LBP) and (PCA+SVD) Intel image mAP, top-10: 0.88

4.2. Analysis of comparison

The results demonstrate that the proposed multi-expert framework achieves a strong balance
between accuracy, efficiency, and interpretability. The proposed multi-expert framework allows for the
generation of candidate images from broad descriptors (e.g., BoVW, SWT, DCT), and the refinement of
image ranking from fine-grained descriptors (e.g., LBP, HOG, SVD). A multi-expert CBIR system based on
hierarchical fusion and sub-ranking allows for an effective means by which to capture complementary visual
features. Although hybrid and deep models may achieve slightly higher accuracy in some cases [5], [10],
their performance depends on high computational resources and training data.

4.3. Ablation study

To assess the contribution of various individual components, as well as to assess efficacy as full,
we conducted a full ablation study utilizing the the image classification dataset from the intel dataset.
All evaluations were performed using the mean average precision for top 10 retrieved images metrics.
The results are briefly summarized in Table 4, with fine-grained ranking features (PCA and SVD) having the
best accuracy performance on their own, which confirms their use in a final refinement step. Table 5 shows
individual contributions and incremental improvements at each hierarchy level, which shows the cumulative
changes from architectural decisions of size and scale (objectively broad-filtering models to a final consensus
step) that achieve optimal retrieval performance. The results yield two important observations: First, as shown
in Table 3, no single descriptor performs well enough as a stand-alone topic descriptor — even the best
individual feature, PCA, still performs significantly worse than the entire system; Second, the results highlight
a clear hierarchy of strength with combining three methods for broad-filtering to build an initial pool of
candidates, which had the largest performance increase (+0.09 mAP) justifying that these features are
capturing visual cues that are complementary to each other. After the constructed pool of candidates was
filtered and the candidates were fine-grained re-ranked based on pairing PCA, this performed better by another
+0.04 mAP, to the peak performance of 0.88 from a rank consensus between PCA and SVD rankings.

4.4. Limitations

Despite attaining notably high retrieval precision in our proposed system, existing limitations exist.
First, fusion weights among descriptors are based on empirical rather than adaptive optimization,
likely constraining generalization to unseen datasets. Second, combinations of hand-crafted features may not
capture semantic variance or high-level contextual cues as well as django-style or other deep-learning based
tasks. Third, the proposed framework relies upon fixed feature dimensionality for every descriptor,
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which may limit scalability to much larger image datasets. Finally, while the architecture is training free, it is
incapable of online adaptability - and slight shifts in dataset domain, or visual conditions, may require manual
features normalization and descriptor weight updates.

Table 5. Incremental performance of the hierarchical system

System configuration Description mAP, top-10  Performance gain
Stage 1 only Results from the best single broad-filter (BoVW). 0.72 (Baseline)
Stage 1 + pool Merged candidate pool from all three broad-filters 0.81 +0.09
(BoVW + SWT + DCT).
Stage 1 + Re-rank (PCA only) Candidate pool re-ranked using only the PCA feature. 0.85 +0.04
Proposed system Final hierarchical model with consensus (PCA N SVD). 0.88 +0.03

4.5. Future works

Future work will place an emphasis on extending the proposed framework to facilitate greater
flexibility and scalability. A potential way forward is to create an adaptive weighting approach to adjust the
contributions of every descriptor based on the individual query images. As well, another direction of future
work will be to evaluate whether or not lightweight deep features and/or self-supervised representations
could be brought into the hybrid fusion process in an interpretable way. In addition, a third future direction is
to pursue real-time integration on edge devices and demonstrations over a variety of CBIR benchmarks to
show utility ability in real-world scenarios. Future frameworks also may include mechanisms that allow for
users to control anything from guided to interactive retrieval of images and refinement. From an
implementation perspective, utilizing FPGA architectures to classify hardware acceleration holds promise for
enabling real-time features and processing as highlighted in some domains of recent neural systems
identification work [24]. Also, cost-effective paradigms that utilize learning at the edge would assist in
extending CBIR applications in education, or embedded settings [25].

5. CONCLUSION

This paper proposed a multi-expert framework for CBIR based on hierarchical fusion and
re-ranking of seven hand-crafted descriptors (BoVW, SWT, DCT, PCA, LBP, HOG, and SVD). Evaluations
indicated that some individual descriptors yielded mAP (top-10) scores ranging from 0.63 to 0.79, with PCA
as the best single descriptor. The proposed fused system returned an mAP score of 0.88. The proposed study
offers a competitive level of precision compared with state-of-the-art deep and hybrid CBIR models while
remaining transparent, cost-efficient, and independent of large-scale training data. The preceding results
substantiate the ability of training-free, interpretable retrieval systems to be utilized in constrained
environments, such as embedded or mobile platforms.
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