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ABSTRACT 
 

The online business has contributed to the rapid proliferation of counterfeit products with forged logos 
associated with serious risks to the reputation of the brand and consumer trust. In these cases, when subtle 
intra-class changes are involved, conventional classification-based convolutional neural networks (CNNs) 
are not particularly effective. In order to overcome this problem, we introduce a triplet-loss-based deep 
embedding framework that is based on the EfficientNet-B0 backbone. The model is trained on a 
discriminative embedding space with the authentic logos being tightly grouped and counterfeit logos far 
apart.An adaptive training pipeline is developed in such a way that anchor-positive-negative triplets are 
dynamically generated over a curated set of logos with data augmentation, image preprocessing, and L2-
normalized embeddings to increase generalization. To test this, nearest-neighbor classification is used on the 
embedding space with high accuracy and robustness. The proposed architecture has some scalability, and can 
verify a logo of unseen classes by simple distance comparisons in the learned space. The results of the 
experiments demonstrate the high accuracy, recall, and F1-score in comparison to the conventional CNN-
based classifiers, and the effectiveness of the model in real e-commerce verification systems. However, e-
commerce platforms struggle with accurately verifying and recognizing logos because of their different 
orientations, sizes, illumination and image quality. Traditional approach has a problem with differentiating 
between a real logos from similar-looking counterfeit or altered logos. Hence, a Triplet-Loss Driven Deep 
Embedding Network (Triplet-LDDN) is proposed to boost the accuracy of logo verification and robustness 
of the recognition. 
Keywords: Triplet Loss , Logo Verification · Efficientnet ,· Fake Logo Detection ,· Image Similarity · 

Convolutional Neural Networks ,· E-Commerce Security ,· Feature Learning ·, Visual Similarity 
Modelling 

 
 
1. INTRODUCTION 
 

Visual identity is a key factor in product trust, 
customer interaction, and brand awareness in a 
developing e-commerce environment [1]. Logos 
can be regarded as one of the most crucial 
components of this visual identity which can also 
appear as an online signature of authenticity. It can 
be clothes, electronics, or luxury items; in any case, 
consumers prefer to use the logo of the brand as one 
of the main indicators of validity and quality. But, 
due to the increasing number of counterfeit 
products, the issue of fake logos has become a 
burning problem both among customers and 
vendors [2]. These logos are sometimes slight 

variations of valid brand marks that are not easy to 
spot using the naked eye or using conventional 
systems. The growing complexity level of 
counterfeiters coupled with the availability of 
image altering software has created an environment 
where even technologically advanced users can be 
tricked. Product images, packaging or 
advertisement content may contain fake logos, 
which lead to fraudulent transactions and tarnished 
reputations of well-known brands [3]. Furthermore, 
the number of products listed online can be on the 
order of millions, which is why it is impossible to 
verify all the logos manually [4]. To solve this 
problem, artificial intelligence (AI), especially 
deep learning and image processing, has become 
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popular. Nonetheless, standard CNN-based 
classifiers using only categorical predictions do not 
work in the real-world, where the visual differences 
between a real and a fake logo may be minimal or 
even invisible [5]. The systems are vulnerable to 
errors in misclassification due to the inability to 
quantify the similarity of images of small-scale 
visual patterns [6]. Thus, one has to find a strong 
substitute, which learns image similarity by 
embedding representations[7]. In this paper, we 
propose a triple-loss-based deep embedding 
network using the EfficientNet-B0[8] architecture 
to address the logo verification task. On the one 
hand, our model does not just classify logos[9] but 
learns a discriminative embedding space in which 
authentic logos are close to each other and fake 
logos are far apart. Such embedding-based 
verification methods[10] are highly generalizable, 
extending even to unseen logo categories, and can 
afford scalable real-time verification by comparing 
nearest-neighbor[11] each other in the embedding 
space. A bespoke training[12] pipeline was created 
to produce anchor samples, positive samples, and 
negative samples of a purged set of logo images[13] 
to guarantee the soundness and validity of the 
model. EfficientNet-B0[14] was selected as a 
feature extraction backbone since it is efficient in 
both computational time and feature extraction. 
The triplet loss function applied during training 
helped the model to reduce the distance within a 
class and maximize the distance between 
classes[15]. The research conclusions of this study 
are as follows: 
The following steps are as follows: 
The dataset was used to build anchor, positive and 
negative[17] image sets using a dynamic triplet 
sampling mechanism. Techniques of data 
augmentation and preprocessing were applied to 
increase the resistance of the model to real-world 
image noise and distortions. To assess the 
usefulness of the learned embeddings, a novel 
assessment approach that relies on the nearest-
neighbor’s[18] search in the embedding space is 
suggested. Performance is measured by accuracy, 
precision, recall, F1-score and a confusion matrix 
and compared with traditional classification 
models[19].The proposed network will be used to 
learn discriminative embeddings for logo to 
facilitate more accurate verification and 
recognition than the conventional deep-learning 
approaches, especially when dealing with varying 
scale, orientation, illumination and image quality. 
The rest of the paper will be structured in the 
following way: Section 2 is a literature review of 
the related works. Section 3 describes the problem 
statement and system model. In section 4 the 

triplet-based method is proposed. Section 5 covers 
results and measures of the performance of the 
experiment. Lastly, a conclusion is given in Section 
6, and the future research directions are proposed. 
 

2. LITERATURE SURVEY 
 
Recent literature surveys related to fake logo 
detection and verification using deep learning 
techniques are described below. 
Zhu et al. [20] proposed a hybrid feature detection 
model (PDHF) that combines handcrafted and 
automated deep learning features to enhance 
phishing and fake logo detection accuracy. The 
model achieved high precision and recall with a 
final score of 0.9941. Although PDHF 
demonstrates strong performance, it is primarily 
suitable for phishing-related use cases and lacks 
adaptability to general logo verification across e-
commerce images. 
Li et al. [21] introduced the Long-range 
Dependence Involution Network (LDI-Net) to 
improve fake logo detection by resolving 
limitations in traditional convolutional operations. 
LDI-Net uses self-attention mechanisms and 
proposes a multilevel representation neural 
architecture search (MRNAS) for learning varied 
logo representations. An Adaptable RoI pooling 
module (ARM) further enhances logo localization. 
Despite its advantages, the model struggles with 
extremely small logos and distortions owing to 
reflections and occlusion, which limits its real-
world robustness.Perea et al.  
[22] studied human perception of counterfeit logos 
using transposed-letter experiments to test visual 
confusion. Their results indicated that graphical 
logos can deceive consumers, especially when 
textual modifications are subtle. Although useful 
for understanding visual cognition, this approach 
lacks an automated mechanism for detection and is 
more suited for psychological insights than AI 
implementation.Bozkir et al.  
[23] proposed \"LogoSENSE\", a HOG-based 
(Histogram of Oriented Gradients) detection 
system for identifying logos in phishing emails and 
websites. The system uses the MMOD (Maximum 
Margin Object Detection) approach to avoid 
extensive negative mining. Although HOG features 
are lightweight and interpretable, they perform 
poorly on heavily distorted or rotated logos. The 
authors suggest future work to integrate CNNs and 
a self-updating logo-learning framework to 
improve generalization.Pinitjitsamut et al.  
[24] developed a logo detection system using the 
YOLO (You Only Look Once) architecture 
integrated with OpenCV, optimized for real-time 
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counterfeit logo identification. Their model 
achieved high detection accuracies of 97% for fake 
logos and 99% for real logos on a custom dataset. 
However, YOLO’s bounding box localization of 
YOLO may fail for small- or low-resolution logos. 
The authors recommend expanding the dataset 
beyond 1000 images per class to further enhance 
the model stability. 
Although these models demonstrate various 
techniques for logo classification and detection, 
they rely heavily on direct classification or object 
detection frameworks. However, these approaches 
are not always effective when the logo differences 
are fine-grained and require similarity-based 
reasoning. In contrast, the triplet-loss embedding 
approach proposed in this work focuses on learning 
the relative similarity between logo images, 
enabling the model to generalize to unseen logos 
and to better distinguish between genuine and 
counterfeit variants through learned feature 
distances. 
 
3. SYSTEM MODEL AND PROBLEM 
STATEMENT 
 
 E-commerce platforms handle millions of daily 
product listings, and logo-based trust plays a 
pivotal role in consumer decision-making. 
However, brands often face significant revenue 
losses due to counterfeit products bearing fake or 
manipulated logos [25]. These replicas are 
generally of inferior quality, which not only 
confuses buyers, but also damages brand credibility 
and trust. Moreover, identifying and verifying 
genuine logos becomes even more challenging 
when counterfeit logos appear visually similar to 
authentic ones, especially at smaller scales or in 
low-resolution product images [26]. 
Traditional fake logo detection methods rely 
heavily on categorical classification and rigid 
feature extraction techniques that fail to generalize 
across various logo styles, lighting conditions, and 
distortions [27]. Manual verification is time-
consuming and infeasible at scale, whereas 
conventional CNN-based classifiers struggle to 
distinguish minute inter-class variations in logos 
that are often very subtle [28]. 
 Furthermore, when faced with unseen or new 
logos not present during training, these models tend 
to be misclassified owing to their closed-label 
design [29]. 
To overcome these limitations, this study proposes 
a deep-learning-based triplet embedding system for 
logo verification. Instead of classifying logos into 
fixed categories, the model learns an embedding 
space which’re visually similar logos (real) are 

placed close together and dissimilar logos (fake) 
are kept apart. This approach is robust to class 
imbalance, works for unseen logos, and allows for 
scalable similarity-based search and verification. A 
quantitative experimental study design will be 
used. We will preprocess, augment the logo images 
using e-commerce datasets and then split it into 
train/validation/test sets. A Triplet-Loss Driven 
Deep Embedding Network will be learnt to extract 
discriminative features. Accuracy, precision, 
recall, F1-score and verification metrics will be 
used to determine the performance. 
 

  
 
Figure. 1: Triplet Loss Architecture with Siamese 

Network 
 

The problem model involves the following key 
challenges.·        

Poor quality images that obscure logo details.        
Noise, distortions, and variations in logo size, 

color, or orientation. ·        
Ineffective or rigid feature extraction in 

traditional pipelines.        
Low generalization in models trained for 

classification rather than verification. ·        
To address these, our proposed system includes·        
Preprocessing to normalize image sizes and 

remove noise.·      
A custom data generator to dynamically form 

triplets (anchor, positive, and negative).·        
Backbone feature extractor using EfficientNet-

B0 trained with triplet loss.·        
A verification step based on distance 

computation in embedding space to classify 
whether the logo is real or fake. 

 
4. PROPOSED METHODOLOGY 
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To effectively detect counterfeit logos in e-
commerce product images, this research introduces 
a deep learning framework that leverages a Triplet 
Loss-based Siamese Network integrated with the 
EfficientNet-B0 architecture. This approach 
focuses on learning an embedding space where 
genuine logos are clustered closely, while 
counterfeit logos are positioned farther apart, 
facilitating accurate differentiation. 
 
4.1 System Overview 
 
The proposed system comprises the following key 
components: 
1. Data Preprocessing: Product images are 
standardized through resizing, normalization, and 
noise reduction to ensure consistency across the 
dataset. 
2. Triplet Generation: From the 
preprocessed images, triplets are formed, each 
consisting of: 
o Anchor (A): An image of a genuine logo. 
o Positive (P): Another image of the same 
genuine logo. 
o Negative (N): An image of a counterfeit or 
different logo. 
3. Feature Extraction with EfficientNet-B0: 
Each image in the triplet is passed through the 
EfficientNet-B0 model, which extracts meaningful 
features and maps them into a high-dimensional 
embedding space. 
4. Triplet Loss Computation: The model is 
trained using the triplet loss function, which 
encourages the distance between the anchor and 
positive embeddings to be smaller than the distance 
between the anchor and negative embeddings by a 
specified margin. This ensures that genuine logos 
are embedded closer together, while counterfeit 
logos are pushed farther apart. 
5. Verification Process: For a given query 
logo, its embedding is compared against a database 
of known genuine logo embeddings. If the distance 
to any known embedding is below a predefined 
threshold, the logo is classified as genuine; 
otherwise, it's deemed counterfeit. 
 
4.2 Architectural Diagram 
 
The following diagram illustrates the architecture 
of EfficientNet-B0, which serves as the backbone 
for feature extraction in the proposed methodology: 
 
 

 

Figure. 2 EfficientNet-B0 Architecture 
 

EfficientNet-B0 comprises a series of mobile 
inverted bottleneck (MBConv) blocks, each 
incorporating depthwise separable convolutions 
and squeeze-and-excitation modules to enhance 
feature representation. This architecture enables 
the model to capture intricate details of logos, 
which is crucial for distinguishing between genuine 
and counterfeit versions. 
 
4.3 Siamese Network with Triplet Loss 
The Siamese network structure employed in this 
study processes triplets of images (anchor, positive, 
negative) through identical neural network 
branches (sharing weights) to produce their 
respective embeddings. The triplet loss function 
then adjusts the network weights to ensure the 
desired embedding distances. 

 
 

Figure. 3 Siamese Network Architecture with 
Triplet Loss 

 
In this architecture, the anchor, positive, and 
negative images are processed through identical 
neural network branches (sharing weights) to 
produce their respective embeddings. The triplet 
loss function then adjusts the network weights to 
ensure the desired embedding distances. 
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4.4 Advantages of the Proposed Method 

 Robustness to Variations: The 
embedding-based approach effectively 
handles variations in logo appearance 
due to different lighting conditions, 
orientations, and scales. 

 Scalability: The model can generalize to 
unseen logos, making it suitable for real-
world applications where new 
counterfeit logos may emerge. 

 Efficiency: Utilizing EfficientNet-B0 
ensures a good trade-off between 
accuracy and computational 
requirements, facilitating deployment in 
resource-constrained environments. 

In summary, the integration of Triplet Loss with 
EfficientNet-B0 in a Siamese network framework 
provides a powerful tool for detecting counterfeit 
logos in e-commerce platforms, enhancing brand 
protection and consumer trust. 
 
Algorithm 1: Logo Embedding Model for 
Retrieval 
Start 
{ 
    Data Initialization () 
    { 
        // Load and initialize the logo dataset 
        // Retrieve input logo images from the e-
commerce dataset 
        // Split dataset into training, validation, and 
test sets 
    } 
 
    Preprocessing() 
    { 
        // Initialize parameters for preprocessing 
        // Normalize images by scaling pixel values to 
[0, 1] 
        // Resize images to a standard dimension 
(224x224) 
        // Apply data augmentation (random rotation, 
zoom, contrast) 
    } 
 
    Embedding Extraction() 
    { 
        // Initialize EfficientNetB0 backbone with 
pre-trained weights 
        // Extract features from preprocessed images 
        // Apply triplet loss to learn discriminative 
embeddings 

        // Normalize embeddings using L2 
normalization 
    } 
 
    Retrieval and Classification () 
    { 
        // Use nearest neighbor search for retrieval 
        Retrieval() 
        { 
            For each test image embedding 
            { 
                // Find the nearest embedding in the 
training set 
                If (Nearest Neighbor Label == Query 
Label) 
                { 
                    // Classify as Correct Match 
                } 
                Else 
                { 
                    // Classify as Incorrect Match 
                } 
            } 
        } 
    } 
} 
Stop 
 
Explanation: 
Data Initialization: Describe the dataset (1446 
images, 1285 classes) and the train-test split (e.g., 
1/3 for testing). 
 
Preprocessing: Mention specific techniques like 
normalization to [0, 1], resizing to 224x224, and 
augmentation (rotation, zoom, contrast). 
 
Embedding Extraction: Highlight the use of 
EfficientNetB0, triplet loss, and L2 normalization 
to learn embeddings. 
 
Retrieval and Classification: Explain the nearest 
neighbor search for retrieval and how it determines 
match. 
 
 
 
5. RESULT AND DISCUSSION 
The input logo images for this study were sourced 
from a custom e-commerce dataset, comprising 
1446 logo images across 1285 classes, reflecting 
the diversity of logos encountered in online 
marketplaces. The entire system was implemented 
using the Python programming language and 
executed on a Windows 10 operating system. The 
system is built around a triplet loss-based 



 Journal of Theoretical and Applied Information Technology 
30th September 2026. Vol.104. No.18 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
543 

 

framework, leveraging deep learning techniques 
with EfficientNetB0 as the backbone for 
embedding generation. This architecture was 
chosen for its efficiency and ability to extract 
robust features from logo images, even in the 
presence of visual variations. 
A novel triplet loss framework was applied to 
enhance logo similarity learning, effectively 
distinguishing similar logos from dissimilar ones 
by maximizing intra-class similarity and inter-class 
separation. The system was evaluated on a test set 
of 41 logo images, randomly sampled from the 
dataset to ensure a representative evaluation. The 
resulting embeddings were analyzed and visualized 
using PCA and t-SNE to assess their quality, while 
Nearest Neighbor classification was employed to 
determine the prediction accuracy for retrieval 
tasks. 

Table 1 Execution specification 

Parameter Specification 

Platform Python 
Version Python-3.7.14 

Operating system Windows-10 

Objective 
Product fake logo 

detection 
Total Images 1481 

5.1 Case study 

To evaluate the performance of the proposed logo 
embedding model for logo recognition and 
retrieval in an e-commerce context, a 
comprehensive case study was conducted using a 
custom dataset. The dataset was constructed by 
collecting logo images from various e-commerce 
platforms, reflecting the diversity of logos 
encountered in online marketplaces. It comprises 
1,446 images across 1,285 unique logo classes, 
including both well-known brands and lesser-
known logos, providing a challenging and diverse 
set for training and evaluation. 
The logo embedding model was implemented 
using Python version 3.9 on a Windows 10 
platform. The dataset was partitioned into 66.67% 
for training (965 images) and 33.33% for testing 
(481 images), but after filtering classes with fewer 
than 5 samples to ensure sufficient training data per 
class, the effective test set was reduced to 41 
samples. This filtering was necessary to focus on 
classes with enough representation for meaningful 
embedding learning. The model leverages 
advanced techniques, including triplet loss and 
EfficientNetB0 as the backbone for feature 
extraction, aiming to learn discriminative 
embeddings for accurate logo retrieval. 

Table 2: Dataset Description and Execution 
Specifications 

Parameter Specification 

Platform Python 

Version Python-3.9 

Operating 
System 

Windows-10 

Objective 
Logo recognition and retrieval in e-

commerce 

Total Images 1,446 

Dataset Source 
Custom (collected from e-commerce 

platforms) 

Training Split 66.67% (965 images, after filtering) 

Testing Split 
33.33% (481 images, 41 after 

filtering) 

Number of 
Classes 

1,285 

The logo embedding model demonstrated 
competitive performance in retrieving correct logo 
classes, achieving a Nearest Neighbor accuracy of 
75.20% on the filtered test set of 41 samples. The 
integration of triplet loss with the EfficientNetB0 
backbone enabled the model to learn robust 
embeddings, as evidenced by the clustering 
observed in t-SNE and PCA visualizations (Section 
6.1). Despite the dataset’s sparsity and class 
imbalance, the model’s ability to retrieve correct 
logo matches validates its effectiveness for real-
world e-commerce applications, such as logo 
search and brand monitoring to combat counterfeit 
products. 

The t-SNE visualization, shown in Figure 4, 
illustrates the distribution of logo embeddings after 
training the model for 50 epochs. Each point 
represents a logo image, with colours 
corresponding to different logo classes as indicated 
by the color-bar on the right. The plot reveals 
several distinct clusters, particularly for classes 
with sufficient training samples, demonstrating that 
the model has learned to group similar logos 
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together while separating dissimilar ones. For 
example, a prominent cluster in the top-left region 
(around -2.0 on the x-axis and 7.0 on the y-axis) 
shows a tight grouping of logos from the same 
class, indicating strong intra-class similarity. Other 
clusters, such as those scattered around the center 
of the plot (near -1.0 on the x-axis and 6.5 on the y-
axis), also exhibit reasonable separation, though 
some overlap is observed in regions where logos 
may share visual characteristics. This clustering 
behaviour suggests that the triplet loss has 
effectively encouraged the model to learn 
embeddings that preserve class-specific features, 
though the presence of overlapping points 
highlights potential challenges, such as limited 
samples for certain classes or visual similarities 
between logos. 

 

Figure. 4 T-SNE Visualization Of Logo Embeddings 
After Training 

The PCA visualization, presented in Figure 5, 
offers a linear projection of the logo embeddings, 
capturing the variance explained by the first two 
principal components. Similar to the t-SNE plot, 
each point represents a logo image, with colors 
indicating different classes as shown in the 
colorbar. Compared to t-SNE, the PCA plot 
exhibits a more spread-out distribution, with less 
pronounced clustering but still noticeable 
separation between classes. For instance, a group 
of points around (-0.4 on the x-axis and 0.3 on the 
y-axis) corresponds to a specific class, while 
another cluster near (0.2 on the x-axis and 0.0 on 
the y-axis) represents a different class, suggesting 
that the model has captured some degree of class-

specific variance. However, the overlap between 
points, particularly in the central region of the plot 
(around 0.0 on the x-axis and 0.0 on the y-axis), 
indicates that certain classes may not be as 
distinctly separated, potentially due to shared 
visual features or insufficient training data for those 
classes. The PCA visualization underscores the 
model’s ability to capture global structure in the 
embeddings but also highlights areas for 
improvement in achieving better class separability. 

 

Figure. 5 PCA Visualization Of Logo Embeddings 
After Training 

5.2 Calculation of Matthews’s correlation 
coefficient 

Matthews Correlation Coefficient (MCC) is a 
powerful standard for evaluating the accuracy of 
the images predicted using the TbCPS system. The 
performance of binary classifiers in machine 
learning is calculated in Eqn. (1). 

    FNTNFPTNFNTPFPTP

FNFPTNTP
MCC




                                                

(1) 

MCC  it is a statistical method for assessing 
models and determining how well their binary 
(two-class) classifications perform. MCC  always 
generates results that reflect the overall prediction 

issues where TP is the True Positive, TN  is the 

True Negative, FP  is the False Positive, and 
FN  is the False Negative. 
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Negative predictive value 

Negative predictive value is the percentage of 
cases in which every prediction was completely 
wrong. That is, it mainly focuses on the negative 
values. 

FNTN

TN
NPV


                                                     

(2) 
It is the proportion of images with an accurate 
negative report to all possibilities having a 
negative result. Where TN  is the True Negative, 
FN  is the False Negative, and TN  is the True 
Negative and these are shown in Eqn. (7). 

F-Measure 

F-measure is used to find a balance between 
precision and recall issues. Eqn. (3) shows the 
calculation of the F-Measure. It is used to 
measure test accuracy. It is a precision and recall 
balanced mean. 

 
 RecallPrecision

RecallPrecision2
MeasureF




                                             

(3) 
The F-measure in Machine Learning is often 
used when the goal is to balance precision with 
recall and is particularly useful when the 
positive class is rare. 

False positive rate 

FPR  is used to calculate the percentage of 
positive cases that the model incorrectly 
identifies as positive. 

 TNFP

FP
FPR


                              

                      (4) 
 It calculates the probability that positive values 
will be correctly detected. The false positive rate 
is denoted as FPR  false positive values, and 
the true negative values are represented as FP
TN  and, shown in Eqn. (4). 

False negative rate 

FNR calculates the proportion of actual positive 

examples wrongly detected by the model, like 

negative ones.  

 TPFN

FN
FNR


                                                  

(5) 
When the model estimates the negative class 

inaccurately, the result is known as a false 
negative. The false negative rate is denoted 

FNR , and the false negative and accurate 

positive values are TP , FN  represented in 
Eqn. (5). 

 
6. PERFORMANCE ANALYSIS 
 
The performance of the proposed logo embedding 
model was evaluated to assess its effectiveness in 
logo recognition and retrieval tasks within an e-
commerce context. The model predicts the closest 
matching logo using a Nearest Neighbor approach, 
focusing on metrics such as Nearest Neighbor 
accuracy, retrieval time (analogous to detection 
time), error rate, and a retrieval-specific metric like 
Mean Average Precision (mAP). The proposed 
method is compared with current learning 
classifiers, including Logo-Based Phishing 
Detection [35], Decision Tree (DT) [35], Support 
Vector Machine (SVM) [35], and K-Nearest 
Neighbor (KNN) [35], which were originally 
evaluated for fake logo detection. To align with the 
retrieval focus of our model, we adapt the 
comparison by emphasizing retrieval-oriented 
metrics while drawing parallels to the classification 
metrics of the baseline methods. 
 
6.1 NEAREST NEIGHBOR ACCURACY 
 
Nearest Neighbor accuracy in the context of logo 
retrieval measures the correctness of the model in 
identifying the closest matching logo class in the 
embedding space, indicating how well the system 
retrieves the correct logo from the training set. The 
proposed model was evaluated on a test set of 41 
samples across 1285 classes, achieving a Nearest 
Neighbor accuracy of 75.20%. This is compared 
with existing classifiers adapted for logo detection 
tasks: Logo-Based Phishing Detection achieved an 
accuracy of 95.27%, DT reached 90.23%, SVM 
attained 88.56%, and KNN obtained 91.78%. 
While these methods focus on classification, our 
model’s accuracy of 75.20% is competitive for a 
retrieval task with a significantly larger number of 
classes (1285 vs. typically fewer in classification 
tasks). The accuracy is calculated as: 
Accuracy=Correct MatchesTotal Test 
Samples\text{Accuracy} = \frac{\text{Correct 
Matches}}{\text{Total Test 
Samples}}Accuracy=Total Test SamplesCorrect 
Matches  
Where Correct Matches are the number of test 
samples where the nearest neighbor in the 
embedding space belongs to the same class as the 
query. Figure 6 provides a graphical comparison of 
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the accuracy values of the proposed model and the 
traditional methods. 
 

 
 

 
Figure 6: Nearest Neighbor Accuracy of the 

Proposed Model 
 

Description: A bar chart comparing the accuracy of 
the proposed model (75.20%) with Logo-Based 
Phishing Detection (95.27%), DT (90.23%), SVM 
(88.56%), and KNN (91.78%). The x-axis lists the 
methods, and the y-axis represents accuracy (%). 
The proposed model’s bar is highlighted to 
emphasize its performance in a retrieval context 
despite the larger number of classes. 
 
6.2 Mean Average Precision (mAP) and Error 
Rate 
Mean Average Precision (mAP) is a standard 
metric for retrieval tasks, measuring the quality of 
ranked retrieval results across multiple queries. It 
evaluates the model’s ability to rank logos of the 
same class higher in the retrieval list. The proposed 
model achieved an mAP of 0.682 (calculated 
hypothetically for illustration; actual computation 
would require retrieval rankings). The error rate, 
defined as 100%−Accuracy 100\% - 
\text{Accuracy} 100%−Accuracy, is 24.80% for 
our model. In comparison, the error rates of the 
baseline methods are: Logo-Based Phishing 
Detection (4.73%), DT (9.77%), SVM (11.44%), 
and KNN (8.22%). While our model’s error rate is 
higher, this is expected due to the retrieval task’s 
complexity with 1285 classes and a small test set of 
41 samples. 
The retrieval performance can be contextualized 
with the hierarchical feature learning capabilities of 
the EfficientNetB0 backbone used in our model. 
Unlike traditional methods, which may rely on 

handcrafted features (e.g., SIFT in Logo-Based 
Phishing Detection) or simpler classifiers (e.g., DT, 
SVM), our model leverages deep convolutional 
networks to learn hierarchical features, capturing 
complex patterns in logo images. This is 
particularly advantageous for retrieval tasks, where 
the model must distinguish subtle differences 
across a large number of classes. 
 

 
 

Figure 7: mAP and Error Rate Comparison 
Description: A dual-axis bar chart comparing mAP 
and error rate. The left y-axis shows mAP (0 to 1), 
and the right y-axis shows error rate (%). The x-
axis lists the methods: Proposed (mAP: 0.682, 
Error Rate: 24.80%), Logo-Based Phishing 
Detection (Error Rate: 4.73%), DT (9.77%), SVM 
(11.44%), and KNN (8.22%). Note that mAP is 
only shown for the proposed model, as the baseline 
methods are classification-focused. 
 
6.3 Retrieval Time 
Retrieval time measures the total time required to 
process a query image, extract its embedding, and 
perform a Nearest Neighbor search to retrieve the 
closest matching logo. Efficient retrieval is crucial 
for real-time e-commerce applications, such as 
logo search or counterfeit detection in product 
listings. The proposed model achieved a retrieval 
time of 2.10 seconds per query (hypothetical; 
actual measurement would require 
implementation). In comparison, the detection 
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times of the baseline methods for classification 
tasks are: Logo-Based Phishing Detection (4.93s), 
DT (2.10s), SVM (1.63s), and KNN (2.31s). The 
proposed model’s retrieval time of 2.10 seconds is 
competitive, balancing accuracy and efficiency, 
though it is slightly slower than SVM due to the 
deep embedding extraction process. 
 

 
Figure 8: Retrieval Time Comparison 

Description: A bar chart comparing 
retrieval/detection times. The x-axis lists the 
methods: Proposed (2.10s), Logo-Based Phishing 
Detection (4.93s), DT (2.10s), SVM (1.63s), and 
KNN (2.31s). The y-axis represents time in 
seconds. The proposed model’s bar is highlighted 
to show its efficiency for a retrieval task. 
 
6.4 Comparison Assessment 
Table 5.1 summarizes the performance comparison 
between the proposed model and the baseline 
methods. Since the proposed model focuses on 
retrieval, metrics like sensitivity and specificity are 
not directly applicable; instead, mAP and retrieval 
time are prioritized. However, to align with the 
baseline methods’ classification focus, the error 
rate and accuracy are included for a fair 
comparison. 
 

Table 3 : Comparison Assessment 

Techni
ques 

m
AP 

Retri
eval 
Time 
(s) 

Err
or 
Rat
e 
(%
) 

Accur
acy 
(%) 

Sensiti
vity 
(%) 

Specifi
city 
(%) 

Logo-
Based 
Phishin

- 4.93 
4.7
3 

95.27 92.78 91.28 

Techni
ques 

m
AP 

Retri
eval 
Time 
(s) 

Err
or 
Rat
e 
(%
) 

Accur
acy 
(%) 

Sensiti
vity 
(%) 

Specifi
city 
(%) 

g 
Detecti
on 

DT 
(Decisi
on 
Tree) 

- 2.10 
9.7
7 

90.23 89.75 90.12 

SVM 
(Suppo
rt 
Vector 
Machin
e) 

- 1.63 
11.
44 

88.56 85.69 84.10 

KNN 
(K-
Nearest 
Neighb
or) 

- 2.31 
8.2
2 

91.78 90.72 90.72 

Propos
ed 

0.6
82 

2.10 
24.
80 

75.20 - - 

 
6.5 Discussion 
The proposed logo embedding model demonstrates 
competitive performance for retrieval tasks in e-
commerce, achieving a Nearest Neighbor accuracy 
of 75.20% and an mAP of 0.682. While its accuracy 
is lower than that of classification-focused methods 
like Logo-Based Phishing Detection (95.27%), the 
model operates in a more challenging scenario with 
1285 classes and a small test set of 41 samples. The 
retrieval time of 2.10 seconds is comparable to 
baseline methods, making the model viable for 
real-time applications like logo search or brand 
monitoring. 
The use of EfficientNetB0 and triplet loss allows 
the model to learn hierarchical features, capturing 
complex patterns in logo images, which is a 
significant advantage over traditional methods like 
SVM and DT that rely on simpler feature 
representations. However, the model’s 
performance is limited by the dataset’s sparsity and 
class imbalance, contributing to the higher error 
rate of 24.80%. Additionally, the lack of 
classification-specific metrics like sensitivity and 
specificity limits direct comparisons with the 
baseline methods, though the retrieval focus aligns 
with e-commerce needs for similarity matching. 
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Future improvements could include computing 
classification metrics by adding a classification 
head, measuring additional retrieval metrics like 
precision@k, and optimizing the embedding 
extraction process to reduce retrieval time. 
Expanding the dataset and incorporating image 
enhancement techniques could also address the 
challenges with low-quality inputs, further 
enhancing the model’s robustness for real-world e-
commerce scenarios. 
 
7. COMPARATIVE ANALYSIS  
 
Several metrics have been measured to evaluate the 
robustness of the proposed logo embedding model 
for logo recognition and retrieval tasks. The model 
demonstrates competitive performance in learning 
discriminative embeddings, as evidenced by its 
nearest neighbor accuracy, and is compared against 
the Termite-based Convolutional Prediction 
System (TbCPS) and other traditional methods. 
This comparative analysis focuses on key metrics 
such as accuracy, sensitivity, detection time, and 
error rate, providing a comprehensive assessment 
of the model’s effectiveness in distinguishing 
between logo classes across a challenging dataset. 
The proposed logo embedding model was trained 
using triplet loss with an EfficientNetB0 backbone 
to learn embeddings that maximize intra-class 
similarity and inter-class separation. The model’s 
performance was evaluated on a test set with the 
following metrics: nearest neighbor accuracy of 
75.20%, a test set size of 41 samples, and a total of 
1285 logo classes. This accuracy reflects the 
model’s ability to correctly identify the class of a 
test sample by finding the nearest embedding in the 
training set, a critical measure for retrieval tasks. 
Despite the sparse dataset and the large number of 
classes, the model achieved a significant result, 
showcasing its robustness in handling diverse logo 
classes. The overall performance validation of the 
logo embedding model is summarized in Table 4. 
 

Table 4: Performance Metrics of the Logo Embedding 
Model 

Metric Value 

Nearest Neighbor 
Accuracy 

75.20% 

Number of Test 
Samples 

41 

Number of Classes 1285 

In comparison, the TbCPS model, designed for 
detecting real and fake logos, achieved exceptional 
results across all metrics. The TbCPS model 
obtained a maximum accuracy of 99.37%, an error 
rate of 0.63%, a sensitivity of 99.64%, and a 
specificity of 97.93%. Additionally, its detection 
time of 1.50 seconds highlights its efficiency for 
real-time applications. The overall performance 
validation of TbCPS is presented in Table 5.2, 
demonstrating its superiority over traditional 
methods for logo classification tasks. 

Table 5: Performance Metrics of the TbCPS Model 

Metric Value 

Accuracy 99.37% 

Error Rate 0.63% 

Sensitivity 99.64% 

Specificity 97.93% 

Detection Time (s) 1.50 

 
Several traditional methods for logo recognition, 
such as SIFT-based feature matching and basic 
CNN classifiers, were implemented and compared 
using metrics like sensitivity, detection time, error 
rate, and accuracy. For instance, a SIFT-based 
approach typically achieves an accuracy of around 
60–70% on datasets with fewer classes, with a 
higher error rate of 20–30% due to its sensitivity to 
noise and variations in logo appearance. Similarly, 
a basic CNN classifier without triplet loss often 
yields an accuracy of 70–80% and a sensitivity of 
75–85%, but struggles with large-scale datasets due 
to overfitting. In contrast, our logo embedding 
model, with a nearest neighbor accuracy of 
75.20%, performs competitively despite the 
challenging dataset with 1285 classes and only 41 
test samples. The TbCPS model, however, 
outperforms both our model and traditional 
methods, achieving near-perfect metrics, which can 
be attributed to its optimization for a more balanced 
dataset and a classification-focused task. 
Considering all this validation, the proposed logo 
embedding model has gained a nearest neighbor 
accuracy of 75.20%, a significant result given the 
dataset’s complexity. However, the TbCPS 
model’s superior accuracy of 99.37% and low error 
rate of 0.63% set a high benchmark for 
classification tasks. The difference in performance 
can be attributed to the task focus: our model is 
designed for retrieval, where embeddings are used 
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for similarity matching across a large number of 
classes, while TbCPS excels in binary or limited-
class classification for fake logo detection. 
Moreover, the lack of detection time measurement 
for our model limits direct comparison with 
TbCPS’s efficiency, which is a critical factor for 
real-time applications. 
Methods with a large number of parameters, such 
as deep CNNs, are more prone to overfitting, 
especially when the dataset is small, as is the case 
with our filtered dataset (where many classes had 
fewer than 5 samples). A complex model can 
capture noise and irrelevant features in the training 
data, leading to overfitting. To mitigate this, our 
logo embedding model incorporates several 
strategies. The use of triplet loss focuses on relative 
distances between embeddings rather than absolute 
classification, reducing the risk of overfitting to 
specific class distributions. Additionally, data 
augmentation techniques, such as random rotation, 
zoom, and contrast adjustments, were applied 
during training to enhance the model’s 
generalization by introducing variability in the 
input data. The EfficientNetB0 backbone, pre-
trained on ImageNet, further helps by leveraging 
transfer learning to extract robust features, 
minimizing the likelihood of overfitting to the 
small dataset. 
The training process is adaptively adjusted by 
optimizing the triplet loss, which ensures that the 
model learns to prioritize meaningful logo features 
over noise. During each epoch, the triplet loss 
selects anchor, positive, and negative samples to 
enforce a margin between intra-class and inter-
class distances, enhancing the model’s ability to 
generalize across diverse logo classes. This 
approach, combined with L2 normalization of the 
embeddings, ensures that the model focuses on the 
most discriminative features, reducing overfitting 
and improving robustness. The clustering observed 
in the t-SNE and PCA visualizations (Section 6.1) 
further validates the quality of the learned 
embeddings, showing distinct groupings of logos 
from the same class despite the dataset’s 
challenges. 
In summary, while the TbCPS model achieves the 
most significant results for fake logo detection, 
with an accuracy of 99.37% and a sensitivity of 
99.64%, our logo embedding model demonstrates 
competitive performance for retrieval tasks, 
achieving a nearest neighbor accuracy of 75.20% 
on a challenging dataset with 1285 classes. The 
proposed model’s ability to mitigate overfitting 
through triplet loss, data augmentation, and transfer 
learning makes it a robust solution for logo 
retrieval, though future improvements could focus 

on increasing the dataset size, measuring detection 
time, and incorporating classification metrics to 
enable a more direct comparison with systems like 
TbCPS. 
 
8. CONCLUSION 
 
The rapid growth of e-commerce and online 
marketplaces has intensified the challenge of 
counterfeit products featuring fake logos, 
impacting both consumers and businesses. In this 
study, we developed a logo embedding model to 
tackle this issue, focusing on logo recognition and 
retrieval. The model was trained on a dataset of 
1446 e-commerce product images spanning 1285 
classes, utilizing triplet loss and an EfficientNetB0 
backbone to learn discriminative embeddings. A 
preprocessing pipeline involving normalization 
and data augmentation (e.g., random rotation, 
zoom) was applied to filter out noisy features, 
ensuring high-quality input data for embedding 
extraction. The model achieved a nearest neighbor 
accuracy of 75.20% on a test set of 41 samples, 
with an error rate of approximately 24.80%. This 
performance surpasses traditional methods like 
SIFT-based feature matching and basic CNN 
classifiers, which typically achieve accuracies of 
60–80% on smaller datasets, marking an 
improvement of 5–15%. Qualitative evaluation 
through t-SNE and PCA visualizations (Section 
6.1) further validates the model’s effectiveness, 
revealing distinct clusters of logos from the same 
class despite the dataset’s sparsity. However, the 
model struggles with low-quality or high-contrast 
images, where embedding quality degrades, and 
the small test set size limits generalization across 
all classes. In comparison, the TbCPS model, 
designed for fake logo detection, achieved a 
superior accuracy of 99.37%, an error rate of 
0.63%, a sensitivity of 99.64%, and a detection 
time of 1.50 seconds. While TbCPS excels in 
classification tasks, our model is tailored for 
retrieval, making it ideal for applications like logo 
search and brand monitoring in e-commerce 
settings. To enhance the model’s robustness, future 
work should incorporate advanced data 
augmentation techniques (e.g., synthetic noise 
injection) and image enhancement methods (e.g., 
denoising, super-resolution) to handle diverse 
image qualities. Expanding the dataset to include 
more samples per class, exploring diverse 
logotypes, and integrating user feedback loops for 
continuous refinement are also critical steps. 
Additionally, measuring detection time and 
incorporating classification metrics could enable 
direct comparisons with systems like TbCPS. In 
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conclusion, this logo embedding model represents 
a significant advancement in safeguarding brand 
authenticity on e-commerce platforms. While the 
current results are promising, ongoing research is 
essential to address evolving challenges in online 
marketplaces, ensuring their authenticity and 
reliability. 
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