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Abstract. Trademark infringement detection is essential to prevent consumer confusion, particularly in the digital era 

where visually similar logos are widespread. This study proposes a similarity threshold determination framework using 

Siamese Neural Networks (SNN) combined with Bayesian Optimization to improve the accuracy of trademark 

similarity assessment. Logo images were collected from the Indonesian intellectual property database, preprocessed 

into a uniform format, and trained using a triplet loss approach. Bayesian Optimization was applied to determine the 

optimal similarity threshold, minimizing false positive and false negative classifications. The proposed model achieved 

an accuracy of 92.23%, with precision of 93.34%, recall of 91.44%, and an F1-score of 92.39%. The optimal threshold 

(0.200149) effectively balanced sensitivity and specificity, resulting in low misclassification rates. These findings 

demonstrate that integrating SNN with Bayesian Optimization provides a robust and legally relevant framework for 

trademark infringement detection, offering practical implications for strengthening intellectual property protection. 
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INTRODUCTION 
The importance of establishing a threshold for measuring similarity in trademark infringement detection is 

underscored by the complexities involved in trademark law and consumer perception. Trademark 

infringement claims hinge on the likelihood of confusion among consumers, which is a central tenet in legal 

disputes surrounding trademarks. The U.S. Supreme Court's decision in McLean v. Fleming (1878) 

highlights that these claims are fundamentally consumer-oriented, emphasizing the need for a clear 

understanding of what constitutes a confusingly similar trademark [1]. This legal framework necessitates 

the development of robust methodologies for assessing similarity, particularly in an era where digital 

commerce has proliferated, leading to an increase in potential infringements. 

 

Siamese Neural Networks (SNNs) have emerged as a promising tool for evaluating trademark similarity 

due to their ability to effectively learn from limited datasets and identify nuanced differences between logos. 

The architecture of SNNs allows for the comparison of image pairs, making them particularly adept at 

detecting subtle variations that may not be immediately apparent to human observers [2]. However, the 

effectiveness of SNNs in trademark infringement detection is heavily reliant on the calibration of the 

similarity threshold. This threshold serves as a critical boundary that determines whether two trademarks 

are considered similar enough to warrant further legal scrutiny. A well-defined threshold can significantly 

reduce both false positives, where legitimate trademarks are incorrectly flagged as infringing, and false 

negatives, where actual infringements are overlooked [3]. 

 

The challenge of establishing an appropriate threshold is compounded by the varying standards across 

different industries regarding what constitutes a confusingly similar logo. Research indicates that the 

perception of similarity can be influenced by numerous factors, including the distinctiveness of the 
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trademarks involved and the nature of the goods or services they represent [4]. For instance, Horen and 

Pieters [5] discuss how varying degrees of similarity can impact consumer perceptions and brand 

reputation, suggesting that moderate-similarity copycats may sometimes benefit at the expense of the 

original brand. This highlights the necessity of a nuanced approach to threshold determination, one that 

considers the specific context of the brands involved. 

 

Bayesian optimization has been proposed as a method for refining the threshold values used in SNN outputs. 

This probabilistic model-based optimization technique is particularly effective for optimizing complex 

functions, such as those encountered in machine learning applications. By iteratively adjusting the threshold 

based on observed performance metrics, Bayesian optimization can help identify the most effective 

threshold for distinguishing between similar and dissimilar logos [6]. This approach not only enhances the 

accuracy of trademark infringement detection systems but also contributes to a more systematic 

understanding of the factors influencing trademark similarity assessments. 

 

Moreover, the integration of semantic similarity assessments into trademark evaluation processes represents 

a significant advancement in the field. Research by Anuar et al. emphasizes the importance of considering 

semantic dimensions in trademark similarity assessments, suggesting that a multi-faceted approach can 

provide a more comprehensive understanding of potential infringement issues [7]. This perspective aligns 

with the legal requirement for a thorough analysis of the likelihood of consumer confusion, which 

necessitates a consideration of various interdependent factors, including the similarity of goods and the 

distinctive elements of the trademarks in question. 

 

The establishment of a threshold for measuring similarity in trademark infringement detection is a complex 

but essential task. The interplay between legal standards, consumer perceptions, and technological 

advancements necessitates a comprehensive approach that incorporates both traditional legal frameworks 

and modern machine learning techniques. By leveraging SNNs and Bayesian optimization, researchers can 

develop more effective systems for detecting trademark infringements, ultimately contributing to the 

protection of brand identities in an increasingly competitive marketplace. 

 

METHODS 

This research aims to detect trademark infringement using a threshold determination approach based on 

Bayesian Optimization and Siamese Neural Network. This research method consists of several main stages, 

as shown in Figure 1. 

 
Figure 1. Research Method 

 

These stages include data collection, preprocessing, triplet sampling, training using Siamese Neural 

Network with triplet loss, optimal threshold determination using Bayesian Optimization, and model 
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evaluation using confusion matrix. Bayesian Optimization is a principled and efficient technique for the 

global optimization of functions that are expensive to evaluate. 

 

Dataset 

The dataset used in this study comes from the intellectual property database of the Directorate General of 

Intellectual Property of Indonesia. Five registered brands are used as the main dataset, namely Gojek, Grab, 

Uniqlo, Miniso, and CircleCI. Each brand was reproduced by taking images from Google Images of 50 

variations per brand, resulting in a dataset with a wide variety of logos. Images of the trademarks used in 

the study can be seen in Table 1. 

 

No. Trademark Logo Number of Data Training Number of Data 

Testing 

1. Uniqlo 

 

40 Logo 10 Logo 

2. Miniso 

 

40 Logo 10 Logo 

3. Grab 

 

40 Logo 10 Logo 

4. Gojek 

 

40 Logo 10 Logo 

5. CircleCi 

 

40 Logo 10 Logo 

 

The preprocessing process involved converting the images to RGB format and size adjustment to 224x224 

pixels. The dataset was then divided into training and test data with a ratio of 80:20 [8]-[9]. Triplet sampling 

was performed to generate 8000 data pairs of five classes, which were used as inputs in model training [10]. 

Siamese Neural Network 

 

The training process is conducted using the Siamese Neural Network, which is designed to compare the 

similarity between two inputs [11]-[13]. Triplet loss is used as the loss function to minimize the distance 

between anchor and positive, and maximize the distance between anchor and negative, based on the 

semantic relationship between the data [14]-[15]. With this approach, the model can effectively distinguish 

genuine logos from visually resembling logos [16]. 

 

Bayesian Optimization 

Once the model is trained, the Bayesian Optimization process is used to determine the optimal threshold 

[17]-[18]. This threshold is important to set a tolerance limit in determining whether two logos are 

considered similar or different. 

 

Bayesian Optimization is a principled and efficient technique for the global optimization of functions that 

are expensive to evaluate [19]. The core idea behind Bayesian Optimization is to place a prior distribution 
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over the target function and update that prior with a set of “true” observations of the function by expensively 

evaluating it. This process produces a posterior predictive distribution, which is then used to inform where 

to make the next observation of the target function. The optimization process is guided by an acquisition 

function, which balances the exploitation of regions known to have good performance with the exploration 

of regions where there is limited information about the function's behavior. This approach allows for 

efficient optimization with minimal evaluations of the costly objective function [20]. 

One commonly used acquisition function in Bayesian Optimization is the Expected Improvement (EI), 

which is defined as: 

 

𝛼(𝜃) = 𝐸[𝑚𝑎𝑥(0, 𝑓(𝜃) − 𝑓(𝜃+))]    (1) 

 

where θ represents the proposed next point to evaluate, f(θ) is the predicted value of the objective function 

at θ, and f(θ^+) is the best observed value of the objective function. The acquisition function α(θ) is used 

to propose the next point, guiding the optimization toward areas that are expected to yield the greatest 

improvement [21]. 

 

Algorithm 1: Pseudocode Bayesian Optimization 

Input: 

- f(threshold): Objective function to optimize (accuracy based on threshold) 

- Bounds: [0.0, 1.0] (threshold range) 

- X_init: Initial set of threshold values 

- Acquisition function: Criteria to propose new thresholds based on minimizing the surrogate model 

(Gaussian Process) of the objective function. 

 

Method: 

1. Initialize surrogate model with X_init and f(X_init). 

2. For t = 1 to max_iterations do: 

   3. Propose next threshold (threshold_next) using acquisition function: 

      threshold_next ← argmax(acquisition_function(threshold | surrogate_model)) 

   4. Evaluate objective function at threshold_next: 

      accuracy_next ← f(threshold_next) 

   5. Update dataset with (threshold_next, accuracy_next). 

   6. Update surrogate model with the updated dataset. 

   7. If stopping criteria met (e.g., maximum iterations or convergence), break. 

3. End for 

4. Return threshold_best where f(threshold_best) = max(f(X)) from the observed data. 

 

The process of Bayesian Optimization proceeds iteratively. Initially, a set of observations is used to train a 

surrogate model, typically a Gaussian Process, which approximates the target function. In each iteration, 

the acquisition function is employed to propose the next point to evaluate based on the surrogate model's 

predictions [22]. The objective function is evaluated at this proposed point, and the new data is added to 

the dataset. The surrogate model is updated accordingly, and the process continues until a stopping criterion 

is met, such as reaching a maximum number of iterations or converging to an optimal solution. Ultimately, 

the optimal threshold or parameter is identified as the one that maximizes the objective function based on 

the observed data [23]. 

 

Confusion Matrix 

The last stage involves evaluating the model using the confusion matrix, which includes metrics such as 

accuracy, precision, recall, and F1-score [24]-[25]. This evaluation provides an overall picture of the 

model's performance in detecting trademark infringement based on the dataset used. The confusion matrix 

consists of four main elements, namely True Similar (TS), True Different (TD), False Similar (FS), and 

False Different (FD). True Similar (TS) refers to the amount of data that is truly similar and correctly 

predicted as similar by the model. True Different (TD) includes the number of correct predictions for 

different data, where the predicted results correspond to different actual conditions. In contrast, False 

Similar (FS) occurs when the model incorrectly predicts data that is actually different as similar. 
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Meanwhile, False Different (FD) occurs when data that is actually similar is predicted as different. Based 

on the data from the confusion matrix, various evaluation metrics can be calculated, such as accuracy, 

precision, recall, and F1-score. Calculation of accuracy, precision, recall, and F1-score using the following 

equations. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑆

𝑇𝑜𝑡𝑎𝑙 𝐷𝑎𝑡𝑎
    (2) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑆

 𝑇𝑆+𝐹𝑆
    (3) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑆

𝑇𝑆+𝐹𝐷
     (4) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
2 𝑥 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
   (5) 

 

Accuracy measures the proportion of correct predictions made by the model out of the total data, reflecting 

its overall performance in predicting both similar and different classes, although it may be less reliable in 

cases of class imbalance [26]. Precision, on the other hand, focuses on the accuracy of the model in 

predicting the similar class, emphasizing the proportion of correct similar predictions, which is critical in 

minimizing false similar outcomes, particularly for nearly identical trademarks [27]. Recall complements 

this by evaluating the model’s ability to identify all data in the similar class, highlighting its sensitivity in 

detecting true similarities, which is crucial in contexts like trademark plagiarism detection where missing 

similar data (false different) can have serious consequences [28]. To balance these metrics, the F1-score 

harmonizes precision and recall into a single comprehensive measure, offering a holistic view of the 

model’s effectiveness, especially when both false similar and false different predictions carry significant 

implications [29]. 

 

RESULT AND DISCUSSION 

The training process was conducted over a span of 10 epochs, with the results depicted in the accompanying 

graphs. The training loss, shown in Figure 2, exhibited a significant decline from the initial epoch, starting 

at approximately 0.20 and steadily decreasing to stabilize around 0.01 by the end of the training period.  

  

 
Figure 2. Training Loss 

This trend indicates that the model effectively minimized prediction errors throughout the training process, 

as shown in Figure 3. On the right, the graph for testing accuracy shows fluctuations during the epochs. 

While the accuracy peaked at 1.00 in some epochs, the overall average was around 92.22%, suggesting that 

the model correctly classified test data at times, though performance varied across the epochs. 
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Figure 3. Training Accuracy 

The Bayesian optimization process was crucial in identifying the optimal threshold for similarity 

assessment. The analysis revealed that the best threshold was approximately 0.200149, which effectively 

optimized the balance between sensitivity and specificity in the model's predictions. The corresponding 

accuracy at this threshold was around 92.22%. Figure 4 illustrates the relationship between various 

thresholds and their associated accuracy values over multiple iterations, demonstrating how accuracy 

fluctuated with changes in the threshold. As the threshold increased, a notable decline in accuracy was 

observed, emphasizing the importance of selecting an appropriate threshold to maintain high classification 

performance. 

  

 
Figure 4. Threshold vs Accuracy over Iterations 

The confusion matrix offers a more detailed breakdown of the model's performance. It reveals that 46.67% 

of predictions were true similarities, meaning the model correctly identified logos that were similar. The 

false similar rate was only 3.33%, indicating that the model rarely misclassified different logos as similar. 

The false different rate stood at 4.44%, suggesting there is still room for improvement in detecting all 

similar logos. The true different rate was 45.56%, demonstrating that the model was also effective at 

correctly identifying logos that were different, as shown in Figure 5. 
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Figure 5. Confusion Matrix 

From the confusion matrix, several performance metrics were calculated. The accuracy of the model was 

92.23%, reflecting the proportion of correct predictions out of the total data. Precision, which measures the 

accuracy of the model in predicting the similar class, was found to be 93.34%. Recall, evaluating the model's 

ability to identify all instances in the similar class, was recorded at 91.44%. The F1-score, harmonizing 

precision and recall into a single comprehensive measure, was calculated at 92.39%. 

The results indicate that the proposed approach is effective in detecting trademark logo infringements. The 

model's performance metrics suggest that it can serve as a valuable tool in trademark management, aiding 

in the protection of brand identity and reducing the risk of consumer confusion. 

 

CONCLUSION 

This research successfully developed a robust framework for detecting trademark logo infringements by 

employing a combination of Siamese Neural Networks and Bayesian optimization. The findings indicate 

that the Siamese Neural Network effectively learned to distinguish between similar and different logos, 

achieving an average testing accuracy of 92.22% over 10 epochs, with a significant reduction in training 

loss. The Bayesian optimization process established an optimal threshold of approximately 0.200149, 

which balances sensitivity and specificity, thereby minimizing false positives and false negatives in 

trademark assessments. The confusion matrix revealed that the model correctly identified 46.67% of true 

similarities and 45.56% of true differences, with low rates of false similarities (3.33%) and false differences 

(4.44%), demonstrating its reliability. The calculated performance metrics—accuracy (92.23%), precision 

(93.34%), recall (91.44%), and F1-score (92.39%)—further underscore the model's effectiveness in 

identifying trademark infringements. These findings highlight the potential of advanced machine learning 

techniques to enhance trademark management practices, serving as a valuable tool for brand owners in 

monitoring and protecting their intellectual property rights. Future research should consider applying this 

framework to larger and more diverse datasets to validate its effectiveness further, as well as integrating 

other machine learning techniques to enhance robustness and adaptability in various trademark scenarios. 

Overall, this study addresses the critical issue of trademark infringement detection, contributing valuable 

insights to the field of intellectual property protection. 
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