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Abstract 

Image retrieval predominantly relies on embedding techniques, which represent visual data as numerical 

vectors to enable efficient and scalable similarity comparisons. Such embeddings are crucial for a variety 

of computer vision tasks, including image similarity search, image classification, object detection, and 

facial recognition. However, conventional techniques that rely on single-network architectures or domain-

specific optimizations haveing limited capability to capture the essential and complex visual information 

required for precise and effective similar image retrieval. To address this limitation, SET-CNN (Stacked 

Ensemble of CNNs), a novel framework that integrates three diverse pretrained CNN models, 

DenseNet121, ResNet50, and VGG16 for generating robust image embeddings and enhancing similarity 

retrieval is proposed. This approach extracts and stacks high-level feature vectors from each base model, 

concatenates them via feature-level fusion, and processes the unified representation through a meta-model 

optimized using triplet semi-hard loss to enhance discriminability in the embedding space. Extensive 

experiments on the CIFAR-10 dataset demonstrate that SET-CNN consistently outperforms individual 

CNNs and state-of-the-art retrieval methods, achieving a peak training MAP@5 of 0.9286 and a testing 

MAP@5 of 0.8745, with minimal overfitting. This represents a 7.6% improvement over the best-

performing base model. Compared to Deep Semantic Ranking Hashing and Deep Supervised Hashing, 

SET-CNN delivers absolute gains of +8.6% and +19.9% in MAP@5, respectively, while matching the 

performance of more complex ResNet attention pooling models without specialized architectural 

modifications. Embedding quality is assessed through K-Means clustering combined with t-SNE 

visualization, while final similarity matching is performed using K-Nearest Neighbors (KNN) with cosine 

similarity. These clustering and retrieval analyses confirm that the ensemble produces semantically rich 

and well-separated embeddings, translating into more accurate and relevant retrieval results. Given its 

performance and flexibility, SET-CNN offers a promising direction for developing generalizable, 

ensemble-based retrieval systems, with potential extensions to large-scale, multimodal datasets and real-

time deployment.1 

Keywords: Image Retrieval, Convolutional Neural Networks, Ensemble Learning, Feature Fusion, Triplet 

Loss, Visual Representation. 

1. Introduction 

The computer vision’s basic tasks include 
retrieval of instance level imaging to identify the 

images in a dataset having similar object 

instances in response to a query initiated 

regarding image retrieval. It underpins numerous 

 

1 To facilitate reproducibility and further research, the complete implementation and evaluation code are publicly available at 

https://github.com/RabiaMaqsood-01/Image-Embedding-through-CNN-Models-and-Stacking-Ensemble-Technique 

real-world applications, including reverse image 

search, photo organization, and annotation 

transfer, where retrieved images are used to 

propagate metadata such as tags [1], or semantic 

object locations [2]. 

https://github.com/RabiaMaqsood-01/Image-Embedding-through-CNN-Models-and-Stacking-Ensemble-Technique


Recently, the image representation learning (i.e. 

Convolutional Neural Networks (CNNs)) has 

been significantly improved image classification  

[3], object detection [4], semantic segmentation 

[5], and image captioning [6]. However, despite 

their good performance in classification and 

recognition, CNN-based models often face 

limitations in instance-level retrieval. In 

particular, they may underperform compared to 

traditional local descriptor techniques with 

spatial re-ranking [7, 8], as they can struggle to 

preserve fine-grained, instance-specific details 

essential for retrieval accuracy. 

Recent research has sought to narrow this gap 

through diverse embedding and optimization 

strategies. Examples include graph convolutional 

embeddings with self-supervision [9], hashing-

based embeddings with optimized loss functions 

[10], and collaborative filtering approaches that 

combine CNN features for social tagging and 

retrieval [11]. Other efforts have explored 

semantic and universal embeddings, such as 

hierarchical embeddings for semantic similarity 

[12], implicit neural priors for reconstruction 

[13], and multimodal models combining visual 

and textual information[14]. While these 

approaches have achieved notable improvements, 

many still rely on single-model optimizations or 

domain-specific designs, limiting their ability to 

generalize across datasets and retrieval scenarios. 

Performance evaluations on benchmark datasets 

such as CIFAR-10 reveal a persistent gap in 

retrieval accuracy. Methods such as Deep 

Semantic Ranking Hashing [15] and Deep 

Supervised Hashing [16] improve retrieval speed 

through compact binary representations but often 

at the cost of discriminative power. More 

complex CNN architectures, including ResNet 

variants with attention pooling [17], achieve high 

classification accuracy yet may not translate 

directly into superior retrieval performance. 

These findings highlighted the need for 

ensemble-based strategies that integrate 

complementary feature representations from 

multiple architectures to produce richer, more 

robust embeddings. 

To address these limitations, this study proposes 

SET-CNN (Stacked Ensemble of CNNs), a 

framework that combines DenseNet121, 

ResNet50, and VGG16 through feature-level 

fusion. Each model is fine-tuned to the target 

domain, and their embeddings are concatenated 

into a unified representation processed by a meta-

model trained with triplet semi-hard loss. This 

approach leverages the complementary strengths 

of heterogeneous architectures to maximize intra-

class compactness and inter-class separation in 

the embedding space. 

The contributions of this work can be 

summarized as follows: 

1. Stacked ensemble retrieval framework 

(SET-CNN) integrating DenseNet121, 

ResNet50, and VGG16 through feature-level 

fusion to generate rich and complementary 

visual embeddings. 

2. Retrieval-specific embedding 

optimization, the developed approached 

using triplet semi-hard loss to efficiently 

improved the intra-class assembling and 

making distance a part for inter-class 

partition in the learned feature space. 

3. Comprehensive evaluation methodology 

combining quantitative performance 

(MAP@5), qualitative visualization (t-SNE, 

K-Means clustering), and retrieval case 

studies. 

4. Demonstrated performance gains over 

individual CNNs and state-of-the-art 

hashing-based methods on CIFAR-10, 

achieving up to +19.9% improvement in 

MAP@5. 

5. Architecture-agnostic design enabling 

seamless extension to other datasets and 



retrieval domains without structural 

modifications. 

2. Background  

Several conventional and advanced approaches 

are developed in past research that address image 

similarity and retrieval. However, these such 

approaches have certain limitations, which are 

discussed below. 

2.1. CNN-based Image Retrieval 

Deep learning has advanced image retrieval by 

enabling the extraction of high-level semantic 

features that surpass traditional handcrafted 

descriptors. Early CNN-based retrieval 

approaches demonstrated that features from 

classification networks can be repurposed for 

similarity search [18, 19]. Architectures such as 

VGG, ResNet, and DenseNet have been widely 

applied in retrieval settings [20]. However, when 

trained as standalone models, they often produce 

embeddings that are too domain-specific or 

insufficiently discriminative for fine-grained 

instance-level retrieval, particularly when visual 

differences between classes are subtle. 

2.2. Embedding Optimization for Retrieval 

Improving the discriminative quality of 

embeddings has been explored through both loss 

function design and feature transformation. 

Triplet loss and its semi-hard variant have been 

used to reduce intra-class variance and maximize 

inter-class separation, making them effective for 

retrieval tasks. Other optimization strategies 

include hierarchical embeddings for semantic 

similarity [12], graph convolutional embedding 

models [9], and hashing-based representations 

such as Deep Semantic Ranking Hashing 

(DSRH) [15, 16]. While these methods improve 

retrieval performance or efficiency, most rely on 

single-network architectures and may not fully 

exploit complementary features from multiple 

CNN backbones. CNN baselines such as the 

method proposed by [21], which combines a 

convolutional network with K-Nearest Neighbors 

for classification, achieve competitive accuracy 

but remain limited in retrieval-specific 

optimization. 

2.3. Ensemble Approaches 

Ensemble learning is a well-established strategy 

for improving model robustness and 

generalization by combining the outputs of 

multiple models trained on the same or related 

tasks. In the context of image retrieval, ensembles 

can capture complementary visual features, 

enhancing the discriminative power of the 

resulting embeddings. Stacking-based methods 

[22] in particular integrate diverse model 

predictions at a meta-level, reducing variance and 

mitigating overfitting. 

In prior retrieval-related work, multi-architecture 

comparisons, such as those reported by[12], show 

that different CNN backbones exhibit varying 

strengths in representing visual categories, 

implying potential benefits from combining 

them. Similarly, enhancements such as attention 

pooling applied to different ResNet variants [17] 

illustrate how integrating representation 

refinements across architectures can improve 

downstream performance. However, most 

existing ensemble strategies in retrieval operate at 

the decision level — for example, averaging 

similarity scores or merging ranked lists — rather 

than integrating features directly. Decision-level 

fusion can overlook the richer joint 

representations that emerge when diverse 

features are combined before similarity 

computation. 

 

2.4. Comparative Summary of Prior Work 

A summary of representative retrieval methods 

on benchmark datasets, particularly CIFAR-10, is 

presented in Table 1. This table lists 

architectures, evaluation metrics, and reported 

scores from prior work. The results show that 

hashing-based methods such as DSRH (MAP = 

79.17%) and DSH (MAP = 67.55%) offer 



efficient retrieval through compact binary codes 

but achieve lower discriminative accuracy. CNN-

based approaches, including the CNN+KNN 

method of[21], deliver higher accuracy but lack 

retrieval-specific embedding optimization. 

Multi-architecture studies [12] and architecture 

enhancements such as attention pooling in 

ResNet variants[17] demonstrate improvements 

in representation learning but are not specifically 

tailored for retrieval performance. 

Table 1. Comparative analysis of 

representative deep retrieval methods on 

CIFAR-10. 

Method Metric Score (%) Reference 

Deep Semantic-

Preserving & 

Ranking-Based 

Hashing (DSRH), 

Deep CNN 

MAP 79.17 [15] 

Deep Supervised 

Hashing (DSH), 

CNN 

MAP 67.55  [16] 

Plain-II, ResNet-

110, PyramidNet-

272-200, ResNet-50 

MAP 74.10  [12] 

ResNet-50, ResNet-

36 + Attention 

Pooling 

Mean 

Accuracy 

(95.7 ± 

0.1, 95.4 ± 

0.2), (77.0 

± 0.1, 77.5 

± 0.1) 

[17] 

CNN KNN 

Accuracy 

83.6 [21] 

These observations highlight three key 

limitations in existing approaches: 

• Hashing-based methods → efficient but less 
discriminative. 

• Single CNN models → discriminative but 
limited in generalization. 

• Complex or enhanced architectures → high 
classification accuracy but not necessarily 

superior retrieval embeddings. 

The proposed SET-CNN framework addresses 

this limitation by performing feature-level fusion 

of embeddings extracted from heterogeneous 

CNN architectures, followed by a meta-model 

that learns an optimized joint embedding space. 

The proposed SET-CNN framework aims to 

bridge these gaps by integrating complementary 

CNN features at the embedding level and 

optimizing them with a retrieval-specific 

objective to achieve higher accuracy and 

robustness. 

3. Materials and Methods 

3.1. Overview of the Proposed Method 

The SET-CNN framework is proposed to 

enhance the quality of image embeddings for 

instance-level image retrieval. The detailed 

framework is depicted in Fig. 1. It integrates the 

feature representations from three pretrained 

CNN models (i.e. DenseNet121, ResNet50, and 

VGG16) to form unified, robust embedding. Each 

model is fine-tuned on the CIFAR-10 dataset and 

extracts embeddings from its penultimate layer. 

These embeddings are concatenated to form a 

unified vector using a feature-level fusion 

approach. The output of previous stage is then 

passed through a meta-model within a stacking 

ensemble framework as an input. The ensemble 

leverages the complementary strengths of diverse 

architectures to improve generalization and 

image retrieval accuracy. 

3.2. Dataset and Preprocessing 

We use the CIFAR-10 dataset, consisting of 

60,000 RGB images (32×32 resolution) evenly 

distributed across 10 object classes such as 

automobiles, birds, cats, and ships 

(https://www.kaggle.com/datasets/ayush1220/cif

ar10).  Each class contains 6,000 samples. This 

dataset is applicable in computer vision for image 

classification and retrieval.  All input images are 

converted to float32 format, and the image pixel 

values (IPV) are normalized (IPV-Normalized 

values) using following transformation: 𝐼𝑃 ேܸ௢௥௠௔௟௜௭௘ௗ = ூ௉௏_௩௔௟௨௘255.0   (1) 

This operation scales the pixel intensity from the 

original range [0,255] to the normalized range 

[0.0,1.0], ensuring consistency and stability 

during model training. 



To improve the generalization process and 

increase the quantity of images, we applied seven 

distinct data augmentation techniques. These 

include rotating images within a range of -20 to 

+20 degrees, shifting them horizontally and 

vertically by up to 20% and 30% respectively, 

and enabling random horizontal flipping to add 

variability. Additionally, we employed shear 

transformations within a range of -20 to +20 

degrees, random zooming within a range of [1-

0.2, 1+0.2], and random channel shifts by up to 

20% of the total intensity range. For newly 

created pixels during such transformations, we 

used the 'nearest' fill mode to maintain a natural 

appearance.  

The balanced CIFAR-10 dataset is then 

partitioned into three distinct subsets: training 

(70%), validation (10%), and testing (20%). After 

developing model using 70% of the dataset, two 

distinct assessment phases are performed which 

are evaluation and testing. The evaluation phase 

occurs during training using a dedicated 

validation (10%) dataset to monitor learning 

progress, tune hyperparameters, and applying 

early stopping strategies. This ensures that the 

model is neither overfitted nor underfitted. Once 

the model is finalized, the testing phase is carried 

out using a separate test dataset i.e. 20% and it 

was not included during the training or evaluation 

stages. In this way, model is get generalized 

leading to unbiased assessment. Furthermore, it is 

used for reporting final performance metrics. 

 

Fig. 1 Detailed SET-CNN framework for image similarity retrieval, along with layer-wise architectures of 

DenseNet121, ResNet50, and VGG16, including their convolutional and pooling stages.  

3.3. Deep CNN Architectures 

This section briefly outlines three widely used 

deep CNNarchitectures, DenseNet121, 

ResNet50, and VGG16, recognized for their 

effectiveness in visual representation and image 

embedding tasks. Architectures of these CNN are 

shown in Fig. 1. 

DenseNet121 is a Densely Connected 

Convolutional Network proposed  direct 

feedforward connections between all layers, 

promoting feature reuse and reducing the number 

of parameters. The architecture is structured as 

[5 + (6 + 12 + 24 + 16) × 2) = 121] layers, 
comprising five initial convolution and pooling 

layers, three transition layers, one classification 

layer, and two dense blocks consisting of  1×1 

and 3×3 convolutions. 

ResNet50, is a deep residual network that 

employs skip connections to mitigate the 

vanishing gradient problem and enables the 



training of deeper architectures. The model 

begins with a 7×7 convolutional layer (64 filters, 

stride 2), followed by max pooling (stride 2), and 

proceeds through a series of residual blocks: 

3×(1×1, 3×3, 1×1), 4×(…), 6×(…), and 3×(…), 
totaling 50 convolutional layers. It concludes 

with global average pooling and a fully connected 

layer with 1,000 output nodes activated via 

softmax. 

VGG16, is characterized by a uniform 

architecture of 3×3 convolutional filters and 2×2 

max-pooling layers. As shown in Fig. 5, the 

network stacks increasing numbers of filters (64, 

128, 256, and 512) across five convolutional 

blocks. The model comprises 13 convolutional 

layers and 3 fully connected layers, summing to 

16 weight-bearing layers, despite having 21 

layers in total when including non-trainable 

layers [20]. 

3.4. Proposed Deep SET-CNN approach 

The proposed SET-CNN (Stacked Ensemble of 

CNNs) approach builds upon the principle of 

ensemble learning by integrating multiple deep 

learning models to generate robust and 

generalizable image embeddings. Unlike 

traditional models that rely on a single CNN 

architecture, this method leverages the 

complementary strengths of three diverse 

pretrained models: DenseNet121, ResNet50, and 

VGG16. Fig. 2 presents an overview of the 

proposed SET-CNN architecture, illustrating the 

combination of the three CNNs and a meta-model 

designed for image similarity retrieval. This Deep 

Ensemble Model is an advanced extension of 

classical ensemble methods, tailored for deep 

learning architectures. It fuses high-level 

representations from multiple CNNs to achieve 

improved accuracy, robustness, and 

generalization in downstream tasks such as image 

similarity retrieval.  

The proposed model is selected for image 

similarity retrieval due to following main 

reasons. First, it reduces the variance component 

of prediction errors, thereby enhancing accuracy. 

Second, it improves model robustness by 

stabilizing outputs across independently trained 

networks. Given recent advancements in 

computational power and reductions in hardware 

costs, the additional complexity introduced by 

ensemble architectures is often justified by the 

resultant performance gains. 

In this deep ensemble learning framework, 

predictions from DenseNet121, ResNet50, and 

VGG16 are independently generated using 

models fine-tuned on the CIFAR-10 dataset. 

Each model is initialized with different random 

seeds to promote diversity in learned 

representations. Once trained, embeddings are 

extracted from the penultimate layers of each 

base CNN, capturing high-level semantic features 

of the input images. 

To fuse these embeddings, a feature-level fusion 

strategy i.e. the extracted embeddings are 

concatenated horizontally using hstack, and 

forming a single composite feature vector is 

employed. This unified vector is subsequently 

passed to a meta-model, which learns to 

optimally integrate the representations for 

improved prediction. The meta-model is trained 

using triplet semi-hard loss, which encourages 

embeddings of similar images to be closer in the 

latent space while pushing apart those of 

dissimilar images. This structure enhances the 

discriminative quality of the learned embedding 

space, which is essential for high-performance 

image similarity retrieval. 

By unifying multiple perspectives through SET-

CNN, the framework achieves improved 

generalization, resilience to noisy data, and 

superior retrieval accuracy—validated through 

MAP@5 scores and clustering visualizations. 

For an input image x ∈ ℝ224×224×3 (224×224 RGB 
image), each of the m base models generates an 
embedding ŷᵢ(x) of dimension dᵢ. The term 



BMᵢ(x) represents the feature extraction function 
of the ith model. 

ŷᵢ(x) = BMᵢ(x) ∈ ℝdᵢ,   i = 1, 2, ..., m.        (2) 

For a 224×224 RGB image, three base models—
DenseNet121, ResNet50, and VGG16—produce 

embeddings of 64, 64, and 94 dimensions, 

respectively. Here, dDenseNet121(x), rResNet50(x), and 

vVGG16(x) denote the feature extraction functions 
of each model, with ŷᵢ(x) as their respective 
embeddings. 

ŷ₁(x) = dDenseNet121(x),   ŷ₂(x) = rResNet50(x),      

ŷ₃(x) = vVGG16(x)             (3) 

The embeddings ŷᵢ(x) from all base models are 
concatenated horizontally using the hstack 

operation to form a single composite feature 

vector Yconcat. The dimension of Yconcat is the sum 
of individual embedding dimensions dᵢ. ܻ̂concat = hstack(ŷ₁(x), ŷ₂(x), ..., ŷₘ(x)) ∈ ℝ 

d₁+d₂+...+dₘ           (4)  

The concatenated vector ܻ̂concat is passed to a 

meta-model M, which produces a refined 

embedding z(x) in a latent space of dimension 

dmeta. The meta-model learns to optimally 

integrate the base model embeddings.  

z(x) = M(ܻ̂concat (x)) ∈ ℝd
meta.                  (5) 

The meta-model is trained using triplet semi-hard 

loss, where a, p, and n are anchor, positive 

(similar), and negative (dissimilar) images, 

respectively. 

Ltriplet = Σ(a,p,n)∈T max(0, ||z(a) − z(p)||²₂ − ||z(a) − 
z(n)||²₂ + α)                             (6) 

where z(x) = M(ܻ̂concat(x)), and semi-hard 

negatives satisfy: 

 ||z(a) − z(p)||²₂ < ||z(a) − z(n)||²₂ < ||z(a) − z(p)||²₂ 
+ α                                    (7) 

 

The term z(x) is the meta-model’s embedding, 
||z(a) − z(p)||²₂ is the squared Euclidean distance, 

α is a margin parameter, and T is the set of 
triplets. Semi-hard negatives are selected to be 

within the margin but not too close to the anchor. 

 

Fig. 2 Overview of the proposed SET-CNN ensemble architecture combining base models, and a meta-

model for image similarity retrieval. 

The complete implementation of the proposed 

SET-CNN framework, including dataset 

 

2 To facilitate reproducibility and further research, the complete 

implementation and evaluation code are publicly available at 

preprocessing scripts, training configurations, 

and evaluation tools, is publicly available at .2  

https://github.com/RabiaMaqsood-01/Image-Embedding-through-

CNN-Models-and-Stacking-Ensemble-Technique 

https://github.com/RabiaMaqsood-01/Image-Embedding-through-CNN-Models-and-Stacking-Ensemble-Technique
https://github.com/RabiaMaqsood-01/Image-Embedding-through-CNN-Models-and-Stacking-Ensemble-Technique


3.5. Evaluation Metric 

To evaluate retrieval quality, we used Mean 

Average Precision at 5 (MAP@5), a widely used 

metric in information retrieval and 

recommendation systems. MAP@5 allows for 

robust evaluation by prioritizing early precision, 

crucial for practical retrieval tasks. It emphasizes 

ranking accuracy, which is critical in image 

similarity tasks. MAP@5 computes the average 

precision over the top 5 retrieved results for each 

query and then takes the mean across all queries. 

It is defined as:   ܣܯ𝑃@5 =    1ொ    ∑   ொ௣=1  1min(௡೛,5) ∑ ௣ (j)  min(௡೛,5)௝=1݈݁ݎ   
 (8) 

where: 

• Q represents the quantity of query 

images. 

• np indicates the count of index images that 

share an object in common with query image 

P. It is noteworthy that np   > 0. 

• relp (j) signifies the relevance of prediction j 

for p-th query: it is set to 1 if j-th prediction is 

accurate, and 0 otherwise. 

3.6. K-Means Clustering for Embedding 

Analysis 

To analyze the quality of the embeddings, we 

applied K-Means clustering, a simple yet 

effective unsupervised learning method. It 

partitions the data into K clusters by minimizing 

the Euclidean distance between data points and 

cluster centroids. The clustering process includes: 

1. Selecting K initial centroids. 

2. Assigning each data point to its nearest 

centroid. 

3. Updating centroids as the mean of their 

assigned points. 

4. Repeating until convergence. 

Euclidean distance: ݀ =√(ܽ2 − ܽ1)2 + (ܾ2 − ܾ1)2         (9) 

Here, (a1, b1) and (a2, b2) are the coordinates of 

the two points in the plane, d represents Euclidean 

distance between them. If every cluster centroid 

be represented as ci, then the assignment of each 

data point x to a cluster is determined by 

arg minci ∈ c dist(ci , x)2       (10) 

New centroid for cluster:  

ci = 
1|ௌ೔| ∑  ௜௫೔∈ௌ೔                 (11)ݔ

Si represents the collection of all points allocated 

to the ith cluster. 

Clusters generated by DenseNet121, ResNet50, 

VGG16 and SET-CNN are visualized using t-

SNE (t-Distributed Stochastic Neighbor 

Embedding) technique, revealing how well the 

embeddings preserve semantic similarity [23]. 

Distinct and separated clusters affirm the 

embeddings’ semantic discriminability [24]. 

Well-separated clusters indicate strong 

embedding quality. 

3.7. K-Nearest Neighbors (KNN) for Retrieval 

KNN is employed as the final retrieval 

mechanism. This supervised algorithm identifies 

the K most similar embeddings to a query image 

and classifies or ranks based on proximity. 

Procedure: 

1. Set a value for K. 

2. Compute distances (using cosine 

similarity) between the query and all 

training embeddings. 

3. Retrieve K closest embeddings. 

4. Return the most frequent label (or ranked 

similarity list). 

KNN provides intuitive and effective retrieval 

performance and serves as a practical use case for 

evaluating the quality of the unified embeddings 

generated [10]. 

4. Experimental Results and Discussion 

This section presents the experimental evaluation 

of the proposed SET-CNN framework for image 

similarity retrieval, including base model 

training, fine-tuning, hyperparameter 

optimization, embedding analysis, retrieval 



experiments, and comparison with state-of-the-

art methods.  

4.1. Model Training and Optimization 

DenseNet121, ResNet50, and VGG16 were 

trained on 70% of the CIFAR-10 training set, 

initialized with ImageNet-pretrained weights. An 

additional 10% validation split was used for fine-

tuning. Initially, the convolutional base layers 

were frozen, and training was performed on 

added components—GlobalAveragePooling2D, 

fully connected layers, and dropout. Layers were 

then progressively unfrozen for deeper fine-

tuning. The extracted embeddings from each 

model were subsequently combined in a meta-

model as part of the stacking ensemble. 

4.2. Fine-Tuning and Hyperparameter Tuning 

of Models 

The optimization process employed triplet semi-

hard loss, selecting an anchor, a positive sample 

from the same class, and a semi-hard negative 

(different class but within a defined margin). This 

approach maximized inter-class separation and 

minimized intra-class variation, yielding a more 

discriminative embedding space. 

The tuning pipeline comprised four stages: 

1. Last-layer fine-tuning (frozen base layers) 

2. Optimizer adjustment (SGD) 

3. Learning rate tuning (LR = 0.01) 

4. Full hyperparameter optimization (batch 

size, dropout, and learning rate) 

Table 2 summarizes the MAP@5 results for each 

configuration. DenseNet121 achieved its best 

generalization after full tuning (0.8575 / 0.8130 

train/test), while VGG16 outperformed ResNet50 

under identical conditions. SET-CNN delivered 

the highest performance (0.9286 / 0.8745), with a 

minimal train–test gap, confirming robust 

generalization. 

 

Table 2. Impact of tuning strategies on 

training and testing performance of base 

models and the proposed SET-CNN model in 

Terms of MAP@5 

 

Figure 3 shows that SET-CNN consistently 

outperformed base models at every tuning stage, 

and Figure 4 highlights its superior training and 

testing accuracies, with fine-tuning boosting test 

accuracy by 17–22% across all models. 

Fig. 3. Comparison of base and proposed 

models for different tuning steps for (a) 

training and (b) testing phases, evaluated 

using MAP@5 scores 

Fig. 4 Overall performance of different models 

before and after applying fine-tuning and 

hyperparameter tuning strategies. 

4.3. Training and Validation Loss 

Monitoring loss curves provides insights into 

convergence behavior and generalization. Figure 

5 shows training and validation loss trajectories: 

Tuning 

Step 

DenseNet121 ResNet50 VGG16  SET-CNN 

(Proposed) 

Training Testing Training Testing Training Testing Training Testing 

Fine-tuning 0.7388 0.6813 0.6986 0.6373 0.7783 0.7094 0.9682 0.8521 

Optimizer 0.7572 0.6972 0.7441 0.6592 0.7901 0.7258 0.9867 0.8601 

Learning 

Rate 

0.8710 0.7209 0.7510 0.6809 0.8172 0.7620 0.9902 0.8657 

Dropout 

Rate 

0.8392 0.7451 0.7105 0.6929 0.8015 0.7799 0.8919 0.8662 

Loss 

Function 

0.8321 0.7750 0.7414 0.7200 0.8160 0.7910 0.9143 0.8699 

Batch Size 0.8400 0.8021 0.7629 0.7810 0.8437 0.8162 0.9227 0.8701 

Epochs 0.8575 0.8130 0.8210 0.7909 0.8516 0.8207 0.9249 0.8729 

Early 

Stopping 

0.8505 0.8132 0.8244 0.7915 0.8554 0.8270 0.9286 0.8745 

 



• DenseNet121 (Fig. 5a): Steady decline with 

minimal gap → good generalization. 
• ResNet50 (Fig. 5b): Sharp early drop, 

plateau around epoch 14 → stable 
convergence. 

• VGG16 (Fig. 5c): Downward trend but with 

fluctuations → potential sensitivity to 
hyperparameters. 

• SET-CNN (Fig. 5d): Smooth, consistent 

decline with close alignment of curves → 
best regularization and generalization. 

SET-CNN achieved the lowest and most stable 

final loss, followed by ResNet50 and 

DenseNet121. VGG16 showed higher variability, 

suggesting possible overfitting. 

 

Fig. 5 Training and validation loss curves of 

the baseline models (a) DenseNet121, (b) 

ResNet50, (c) VGG16, and the proposed 

model (d) SET-CNN. 

4.4. K-Means Clustering and t-SNE 

Visualization of Image Embeddings  

K-Means clustering was applied to embeddings 

from each model, and t-SNE was used for 2D 

visualization (Figure 6): 

• DenseNet121 (Fig. 6a): Well-formed 

clusters with some overlaps. 

• ResNet50 (Fig. 6b): More dispersed with 

less compact class separation. 

• VGG16 (Fig. 6c): Distinct clusters with 

occasional blending. 

• SET-CNN (Fig. 6d): Most compact and 

well-separated clusters, indicating high 

intra-class similarity and inter-class 

separation. 

These results align with MAP@5 performance, 

confirming SET-CNN’s advantage in generating 
discriminative embeddings. 

 

Fig. 6 Embedding cluster visualizations for (a) 

DenseNet121, (b) ResNet50, (c) VGG16, and 

(d) SET-CNN using K-Means clustering and t-

SNE techniques. 

4.5. Similar Image Retrieval Performance 

Retrieval was evaluated using KNN with cosine 

similarity (Figure 7). For each query, the top-10 

most similar images were displayed, with 

mismatches marked in red. 

• DenseNet121: Accurate overall, but 

occasional semantic mismatches (e.g., truck 

for car, dog for cat). 

• ResNet50: Similar performance, with 

occasional category confusion. 

• VGG16: Strong results, comparable to 

DenseNet121 and ResNet50. 

• SET-CNN: Most accurate and semantically 

relevant retrievals, with minimal confusion, 

benefiting from feature fusion and meta-

learning. 



 

 

Fig. 7 Similar images retrieved by (a) 

DenseNet121, (b) ResNet50, (c) VGG16, and (d) 

the proposed approach (SET-CNN) 

4.6. Comparison with State-of-the-Art 

Approaches 

On CIFAR-10 (Table 1), SET-CNN achieved 

0.8745 MAP@5, outperforming: 

• DSRH: +8.6% 

• DSH: +19.9% 

• CNN + KNN: +4.9% 

While attention-augmented ResNet variants 

report higher scores (up to 95.7%), SET-CNN 

matches competitive performance without 

architecture-specific modifications. Its minimal 

train–test gap reflects robust generalization. 

5. Conclusion 

This research work presented SET-CNN, a novel 

stacking ensemble framework that integrates 

DenseNet121, ResNet50, and VGG16 through 

feature-level fusion, followed by a meta-model 

trained with triplet semi-hard loss to produce 

discriminative and semantically rich embeddings 

for image retrieval. By leveraging the 

complementary strengths of diverse CNN 

architectures and optimizing for retrieval-specific 

objectives, SET-CNN addresses the limitations of 

single-network approaches and domain-specific 

tuning carried out in past research. 

 

On the CIFAR-10 dataset, SET-CNN achieved a 

testing MAP@5 of 87.45%, outperforming the 

best individual CNN model by 7.6% and 

surpassing state-of-the-art hashing-based 

methods such as Deep Semantic Ranking 

Hashing (+8.6%) and Deep Supervised Hashing 

(+19.9%). These quantitative improvements were 

substantiated by qualitative analyses: K-Means 

clustering combined with t-SNE visualization 

highlighted enhanced embedding separability, 

while KNN-based retrieval using cosine 

similarity confirmed increased semantic 

relevance. 

 

SET-CNN’s novelty lies in its meta-model-

driven ensemble integration, retrieval-oriented 

loss optimization, and architecture-agnostic 

design, making it robust, scalable, and adaptable 

to various domains. Looking ahead, future 

research will explore its application to higher-

resolution datasets, real-time retrieval pipelines, 

and cross-domain multimodal tasks, advancing 

the development of generalizable and high-

performing image retrieval systems. 
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