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Abstract: This research explores the use of advanced ensemble techniques including boosting, stacking, hierarchical 

ensembles, and Bayesian model averaging to improve design recognition performance. Using structural features and 

combining multiple classifiers, the proposed approach captures complex patterns and hierarchical relationships in 

design data. Experimental evaluations showed significant improvements against baseline methods, achieving 

classification accuracy of 92.5%, precision of 91.8%, recall of 90.6%, and F1 score of 91.2%. Boosting and stacking 

proved to be very effective in capturing complex data features, while hierarchical ensembles effectively handled layer 

dependencies. The averaging Bayesian model improved reliability by providing a robust uncertainty estimate. 

Challenges such as computational complexity and dataset balance issues were identified, along with recommendations 

to improve dataset ordering. These results highlight the potential of combined techniques in advancing contour 

recognition and provide valuable insights for future research and practical applications in computer vision and pattern 

recognition. 
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1. Introduction 

The implementation of patterns has become increasingly relevant for multiple fields including computers and digital 

imaging and forensic applications during recent years. The process of detecting and categorizing handwritten images has 

distinct difficulties when compared to standard visual content detection operations. Accurate classification becomes a 

difficult task because images are inaccurate and vary in quality and style along with their ambiguous information [1]. 

The identification methods for traditional color recognition depend either on fingerprint recognition or deep learning 

approaches. The implementation challenges of this information become more difficult because these methods demonstrate 

frequent inconsistencies along with uncertainties within their mapping systems. Parallel simulation methods show 

potential to solve accuracy and robustness issues by combining advantages from multiple formal algorithms according to 

[2]. 
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The need for good visibility exists across various sectors such as software development together with digital marketing 

in addition to the packaging industry. Artist and designers benefit from visual design systems by obtaining clear user 

guidelines and improved capabilities to design graphics through the systems. Augmented reality applications benefit from 

accurate hand drawing recognition since it enables users to deliver objects or symbols through drawing inputs from user 

instructions leading to better human interactions and enhanced immersion. Image recognition poses challenges as the task 

needs to address the uncertainties that exist within freehand image creation processes [3]. Traditional modeling systems 

face substantial difficulties when operating in authentic contexts which display substantial inconsistencies and widespread 

diversity thus producing subpar operational results and usability restrictions. Efficient and robust techniques need 

development to address business environment challenges that produce reliable outcome results [4]. 

The identification component operates through automation to determine and place handwritten writing according to 

recorded information. Computer drawings differ from digital art through their object representation by detailed drawings 

and descriptions. Despite these relatively simple features, images preserve valuable information about object shapes, 

dimensions, and spatial relationships, making them useful for a variety of visual recognition tasks [5]. 

The importance of the knowledge model is widespread in many fields. In digital product development, drawing 

knowledge helps artists and designers translate hand-drawn ideas into digital forms quickly and accurately. For example, 

drawing software allows users to create drawings of more complex objects, which can then be used in full-scale digital 

drawings or 3D models. In virtual reality environments, schematic computation benefits natural users by allowing users 

to create symbols, rules, or objects specific to the virtual environment, enabling users to learn and apply powerful forms 

of computation. In law enforcement and forensic analysis, image processing plays an important role in determining the 

accuracy of a crime. Drawings made by witnesses or forensic artists are used as physical evidence to help law enforcement 

build evidence and find potential suspects in criminal investigations. Innovative and automated pattern recognition 

techniques can be used to detect and analyze patterns in the environment. [6]. 

Ensemble balancing techniques combine predictions from multiple cognitive processes to produce a final decision 

that is more accurate and robust than the results of each individual process. Multiple classifier systems merge their 

combined capabilities to reduce algorithmic complexity while minimizing inherent biases which helps achieve better 

performance and generalization [7 ]. 

Visual content representations under the form of structural objects represent specific data features and patterns in the 

data. The semantic content contained within structured images provides a more meaningful form of input information 

compared to raw pixel values because this type of structured data enhances both discrimination and classification abilities 

for known tasks. The recognition of contours relies on three structural features such as shape descriptors and texture 

histograms and contour point focus relationships [8]. 

The cluster matching approach offers a successful image recognition method which strengthens both accuracy and 

robustness through sharing results from orthogonal classifiers trained on various structurally arranged objects. The 

ensemble method provides improved tree and sketch style recognition from multiple perspectives since it merges various 

information sources to interpret sketch ambiguity and variation effectively. Research and applications benefit 

significantly from the characteristics that advance the development of image recognition technology according to [9]. 

• A new approach exists which combines the ensemble of structured features to achieve better contour detection 

methods. 

• The project will show how ensemble techniques function when operating with various structural elements to boost 

both recognition rate and performance speeds. 

• The benefits of using different recognition algorithms together for addressing individual classifier limitations shall 

be explained. 

The introduction utilizes structural characteristics to define contours during which an ensemble algorithm starts by 

establishing background information and research motivations and their significance to introduce the research question 

followed by its objectives and contributions.  

The research presents studies about contour recognition followed by ensemble comparison approaches and structured 

feature analysis to summarize existing knowledge. The methodology section outlines the experimental procedure to assess 

the dataset through data preprocessing and it presents details about ensemble fitting algorithms. A comprehensive 

description follows both the feature extraction techniques and ensemble comparison methods after which experimental 

data and their analytical results appear. The paper identifies and handles encountered challenges while it concludes with 

main findings and proposed future research directions. The paper concludes with a comprehensive list of sources for 

additional reference materials in the References section. 
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2. Related work 

Liu et al established a sketch recognition system based on ensemble learning and obtained 82.5% accuracy for TU-

Berlin sketch recognition challenges. The authors demonstrate how ensemble learning strategies can boost sketch 

recognition effectiveness in their research [10]. The research by Sun et al investigated deep learning ensemble models for 

sketch recognition and achieved a 89.6% accuracy rate from Quick Draw! data. Deep learning ensemble applications 

have proven effective for enhancing sketch recognition accuracy based on the research findings [11]. 

Zhang et al. established ensemble deep learning as a sketch recognition framework which delivered exceptional results 

of 91.2% on the Sketchy dataset. Research carried out by this study works to enhance sketch recognition by deploying 

ensemble deep learning techniques. The research of Wang et al. developed ensemble deep learning framework to evaluate 

sketches while reaching 88.4% accuracy on Quick Draw! database entries. The authors show in their research that 

ensemble deep learning models possess significant potential to boost sketch recognition outcomes [12]. 

The research by Chen et al. demonstrated ensemble learning effectiveness for sketch recognition by obtaining an 

85.7% accuracy on Quick Draw! data. The authors demonstrate that ensemble learning approaches serve to improve 

sketch recognition accuracy levels [13]. A sketch recognition system built by Li et al. based on ensemble learning reached 

a 83.9% accuracy level on the TU-Berlin sketch dataset. The analysis by researchers verifies how ensemble learning leads 

to better accuracy in sketch recognition tasks [14]. Using ensemble learning on sketches Jiang and Xie achieved a 

recognition accuracy of 90.1% with the Quick Draw! dataset. Deep learning ensemble techniques provide valuable 

benefits which enhance sketch recognition accuracy according to their study findings. 

The study of Xu and Zhang implemented ensemble learning as a method for sketch recognition and achieved success 

with 86.2% accuracy on sketches from the Sketchy dataset. The authors make a meaningful contribution to the field by 

proving that ensemble learning techniques boost accuracy rates for sketch recognition [15]. The authors Zhou et al. 

developed a sketch recognition method with structured features that reached 84.5% accuracy when working on the TU-

Berlin sketch dataset. The authors demonstrate how organized sketch elements increase recognition performance 

according to their study [16]. 

 

Authors Year Title Datasets Model Accuracy Contribution 

Li, X., et 

al. 

2021 Sketch Recognition 

Based on Ensemble 

Learning Algo 

Quick, 

Draw! 

Ensemble 

Learning 

87.3% Demonstrating efficacy of 

ensemble learning in 

improving sketch 

recognition. 

Liu, H., 

et al. 

2020 A Sketch 

Recognition 

Algorithm Based on 

Ensemble L 

TU-Berlin 

sketch 

Ensemble 

Learning 

82.5% Enhancing sketch 

recognition accuracy 

through ensemble learning 

techniques. 

Sun, Y., 

et al. 

2020 Sketch recognition 

based on deep 

learning ensemble 

Quick, 

Draw! 

Deep 

Learning 

Ensemble 

89.6% Effectiveness of deep 

learning ensemble models 

in improving sketch 

recognition. 

Zhang, 

Y., et al. 

2020 Ensemble deep 

learning for sketch 

recognition 

Sketchy Deep 

Learning 

Ensemble 

91.2% Advancing sketch 

recognition accuracy 

through ensemble deep 

learning techniques. 

Wang, S., 

et al. 

2020 Sketch recognition 

with ensemble deep 

learning 

Quick, 

Draw! 

Ensemble 

Deep 

Learning 

88.4% Effectiveness of ensemble 

deep learning models in 

improving sketch 

recognition. 

Chen, H., 

et al. 

2020 Sketch recognition 

using ensemble 

learning 

Quick, 

Draw! 

Ensemble 

Learning 

85.7% Improving sketch 

recognition accuracy 

through ensemble learning 

methods. 

Li, Y., et 

al. 

2019 A Sketch 

Recognition 

TU-Berlin 

sketch 

Ensemble 

Learning 

83.9% Efficacy of ensemble 

learning in enhancing 



Enhanced Sketch Recognition via Ensemble Matching with Structured Feature Representation 

47 
Copyright © 2024 IJAIMS International Journal of Artificial Intelligence and Mathematical Sciences, Volume3, Issue 01 

 
 

Algorithm Based on 

Ensemble L 

sketch recognition 

accuracy. 

Jiang, J., 

et al. 

2019 A sketch 

recognition 

algorithm based on 

deep lear 

Quick, 

Draw! 

Deep 

Learning 

Ensemble 

90.1% Effectiveness of deep 

learning ensemble 

techniques in improving 

sketch recognition. 

Xu, W., 

et al. 

2019 Ensemble learning 

method for sketch 

recognition 

Sketchy Ensemble 

Learning 

86.2% Advancing sketch 

recognition accuracy 

through ensemble learning 

methods. 

Zhou, H., 

et al. 

2019 Sketch recognition 

using structured 

features 

TU-Berlin 

sketch 

Structured 

Features 

84.5% Importance of structured 

features in improving 

sketch recognition 

accuracy. 

Table-1- Review of advancing the field of sketch recognition. 

 

 

3. Research Methodology 

Initial experiments with structural features follow a systematic approach that includes dataset selection, preprocessing, 

feature extraction, model training, and evaluation. Dataset selection is a critical step, and there are widely used options 

such as the TU-Berlin Sketch and Sketchy datasets, each with unique features and challenges [19]. Preprocessing 

techniques, including normalization and data augmentation, are often used to increase the quality and diversity of the 

dataset. Feature extraction methods aim to extract high-level semantic information from designs, such as shape 

descriptions, texture features, spatial relationships, and component-based representations. These extracted features are 

then used as inputs to various machine learning models, including ensemble techniques such as selection-based clustering, 

clustering, boosting, stacking, and Bayesian model averaging. Results of model performance evaluation use precision 

measurement alongside recall and F1 score metrics on independently tested and validated data sets. The process of cross-

validation helps maintain reliability together with broad applicability. The research methodology consists of a systematic 

process to test and confirm structured feature performance and ensemble fitting techniques across various datasets under 

different application conditions [20]. 

 

3.1. Dataset Description 

The research methodology for identifying sketches through structured features begins with comprehensive 

presentation of the datasets intended for training and validation and testing purposes. A dataset selection forms a crucial 

step because it determines how well the model operates together with its ability to generalize across different situations. 

Sketch recognition research tends to leverage several tested datasets which present distinctive sets of features and specific 

research difficulties [21][22]. 

The TU-Berlin Sketch Dataset includes more than 20,000 sketches that come from multiple online resources. The 

dataset contains many diverse objects which are accompanied by precise annotatons of both object labels and sketch lines 

so researchers find it beneficial for both training and testing purposes. The Sketchy Dataset consists of 75,000 sketch-

image pairs showing objects from multiple categories which makes it an outstanding dataset for training and analyzing 

cross-modal sketch recognition systems. 

The benchmark datasets support necessary testing and validation procedures for developing structured feature-based 

solutions within sketch recognition research. 
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FIGURE-1- TU-Berlin Sketch and Sketchy Datasets 

 
3.2.   Preprocessing steps 

The previous research on TU Berlin and sketch dataset processed the sketch extraction and architectural features 

through multiple important quality improvement stages before analysis preparation. Cleaning begins the process by 

removing all noise and artifacts and irrelevant information from the sketch data to prevent recognition obstacles. Methods 

of adjustment help achieve balanced image distribution by making images matching in size and shifting them or 

readjusting their height and weight to minimize visual congestion. The extraction of high-level linguistic information 

happens through image analysis that identifies both geometric features like curves and corner points alongside time 

measurements along with stroke-based or density-based or directional-based analytical techniques to detail specific 

features. Relationships are also examined. The process of segmentation enables division of images into understandable 

units to perform cluster analysis at an advanced level. The system designers create machine-learning-compatible features 

from extracted data to use in image processing and input methods applications. A set of data augmentation techniques 

enhance data robustness and contrast by adding noise and performing translations and rotations and by maintaining outline 

information. 

The ensemble approach for image recognition using TU-Berlin and Architecture databases is useful for improving the 

accuracy and quantity of the recognition process. Ensemble tuning involves combining multiple individual products to 

get the best performance from an individual classifier. Several traditional approaches have been used for this purpose: 

developing gradient evolution algorithms such as AdaBoost to train more weak learners, in which each discriminator 

focuses on the previous learned model, yielding weaker and stronger ensemble models. Clustering is a meta-learning 

technique that combines multiple meta-parameters learned from different underlying classes, using powerful additional 

classification algorithms or features to improve the accuracy of all predictors Also, hierarchical clustering method divides 

the classification problem into multiple steps leads to an in-depth analysis of the most important clusters and predictors 

These ensemble methods together produce robust and reliable graph results. 

 

3.3. Experimental setup and parameters 

In conducting experiments establishing a robust experimental setup and defining appropriate parameters are crucial 

for obtaining reliable results. The experimental setup typically encompasses several key components: 

The datasets were used for training, validation, and validation. Confirm. The test set is divided into training and 

demonstration. Partitioning strategies can include random sampling or stratified sampling to ensure equal representation 

of classes within groups. To assess the generalization ability of the model and reduce the risk of overfitting, k-fold cross-

validation can be used in the training phase. It involves splitting the training set into k pieces, training the model on k-1 

pieces, and using the classifier including evaluating its performance on the remaining components. This process is 

repeated k times. A gradient boosting engine is a type of growth algorithm that uses Creates a hierarchy of weak learning 

algorithms (usually decision trees). GBM models consist of a hierarchy of decision trees trained through sequences. Each 

tree is fitted to the residual error from the previous iteration. The final prediction is obtained by summing the predictions 

of all the trees. GBM models were chosen for their ability to capture complex nonlinear relationships in the data and to 

handle different types of features. They are suitable for graph recognition tasks involving object relationships and 

hierarchical structures. 
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Traning Model 

 
Experimental Setup and Hypber parameters 

 
Architecture Steps 

Figure-2- Model architecture 
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The architecture is defined with the layout, specifying the number of underlying classifiers, their types, and the 

clustering used to combine their predictions. Parameters such as the number of trees in a random forest or the training set 

of the algorithms are adjusted to optimize the performance of the ensemble. The estimated performance of individual 

classifiers and specific classifiers is optimized using methods such as sequence analysis, random analysis, or Bayesian 

inference. Hyper parameters control the behavior and complexity of the models and significantly affect their performance. 

 
Hyper-parameter Description Possible Values/Range 

Number of 

Classifiers 

Number of base classifiers in the ensemble Integer: 5, 10, 20, ... 

Number of Trees Number of trees in a Random Forest ensemble Integer: 50, 100, 200, ... 

Learning Rate Learning rate for boosting algorithms (e.g., AdaBoost, 

GBMs) 

Float: 0.01, 0.05, 0.1, ... 

Maximum Depth Maximum depth of decision trees in the ensemble Integer: 3, 5, 10, ... 

Min Samples Split Minimum number of samples required to split a node Integer: 2, 5, 10, ... 

Min Samples Leaf Minimum number of samples required to be a leaf node Integer: 1, 2, 5, ... 

Subsample Subsample ratio of the training instances Float: 0.5, 0.7, 0.9, ... 

C (SVM) Regularization parameter for SVM models Float: 0.01, 0.1, 1.0, ... 

Kernel Kernel type for SVM models Linear, Polynomial, RBF, 

... 

Batch Size Number of samples per gradient update in neural 

networks 

Integer: 32, 64, 128, ... 

Activation Function Activation function for neural networks ReLU, Sigmoid, Tanh, ... 

Dropout Rate Dropout rate for regularization in neural networks Float: 0.1, 0.2, 0.5, ... 

Table-2- Hyper-parameters based on the experimental setup 

 

Precision, accuracy, recall, F1 score, and receiver operating characteristic curve (AUC-ROC) were analyzed to 

evaluate the model performance. These metrics provide information about the model’s ability to accurately classify 

images into different categories and distinguish between good and bad experiences. Computing resources, including 

hardware (e.g., CPU, GPU) and software dependencies (libraries, frameworks), have been used to ensure the predictability 

and scalability of the test. 

 

3.4. Detailed Explanation of Structured Features Used: 

Structured features in sketch recognition refer to higher-level representations that capture specific patterns or 

characteristics within hand-drawn sketches. These structured features include: 

Shape descriptors describe geometric features such as surface curvature, border station The overall structure of the 

object in the painting is captured by the moments of shape. The texture characteristics determine the direction and density ་. 

Analyzing the pattern of the tattoo, including orientation, provides more discriminatory information about the shape of 

the graph. The spatial relationships reflect the relative positions of the principal components, and the relative positions of 

the elements. size་་. direction, and gives contextual insight into the structure and structure of objects. Meanwhile, 

component-based representations decompose graphs into simpler substructures to capture linear relationships among 

complex objects to increase recognition accuracy. 

 

3.5. Implementation Details for Extracting Features from Sketches: 

Raw sketch data is preprocessed to remove noise, standardize representations, and enhance data quality. Preprocessing 

steps may include denoising, normalization, and resampling to ensure consistent and reliable feature extraction. Various 
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algorithms and techniques are applied to compute structured features from the preprocessed sketches. For example, shape 

descriptors may be computed using techniques such as contour analysis and corner detection, while texture features may 

be extracted using methods such as texture analysis and gradient computation. Extracted features are encoded into a 

suitable format for input into machine learning models. This may involve vectorization, where features are represented 

as numerical vectors, or encoding categorical features using techniques such as one-hot encoding or bag-of-words 

representation. 

 

ALGORITHM:  DESCRIPTION OF INDIVIDUAL MATCHING ALGORITHMS IN THE ENSEMBLE  
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3.6. Integration strategies for combining their outputs 

Vote-based fusion aggregates the predictions of multiple classifiers. In binary classification, most classifiers select the 

positive class if predicted. In multi-class classification, the classifier with the highest number of votes wins. Averaging, 

on the other hand, involves calculating the average of the individual predictions. Combining the predictions of the base 

classifier based on the input features of the classifier can make complex decisions and improve performance. Bayesian 

model averaging (BMA) uses Bayesian approximation to combine multiple models to determine whether or not a model 

is associated with a specific model. 

 

3.7. Justification for the selection of ensemble methods 

Diversity and Complementarity:Ensemble methods leverage the diversity among individual classifiers to improve 

generalization and robustness. Boosting and stacking are chosen when individual classifiers have complementary 

strengths and weaknesses, as they can capture a wider range of patterns and relationships in the data. 

Robustness: 

Ensemble methods are more robust to noise and outliers in the data as errors made by individual classifiers can be 

mitigated through aggregation. Voting-based integration and Bayesian Model Averaging are preferred when robustness 

to noise is crucial, as they can provide a more stable and reliable prediction. 

Complexity of the Task: Hierarchical ensembles are selected when the recognition task involves hierarchical 

relationships or multiple levels of abstraction. For such tasks, hierarchical ensembles can capture finer-grained patterns 

and relationships in the data, leading to improved recognition accuracy. 
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Uncertainty Estimation: Bayesian Model Averaging is chosen when there is uncertainty about which model or 

ensemble method is best suited for the task. BMA provides a principled framework for combining predictions from 

different models while estimating uncertainty, making it suitable for tasks where model selection is uncertain or 

ambiguous. 

 

 

4. Experimental Results 

Achieving classification accuracy using ensemble techniques involves leveraging the strengths of multiple classifiers 

to improve overall predictive performance. Each ensemble technique employs a different strategy for combining 

individual classifier outputs, aiming to mitigate the weaknesses of individual classifiers and enhance overall accuracy. 

 

  

  
TABLE-4- Results for each ensemble technique, showcasing their respective classification accuracies 

 

Reinforcement, by repeatedly training weak learners and focusing on misclassified examples, shows strong 

performance in our experiments, leading to significant improvements in accuracy. The adaptive weighting mechanism 

effectively improves precision and recall, especially in complex graphics. By using different base classifiers, clustering 

has the potential to capture complex patterns, resulting in higher precision, F1 score, and recall metrics compared to 

classifiers alone. The superclassifier effectively integrates predictions and further improves classification results. 

Hierarchical clustering, with its multi-level structure, shows the best performance in dealing with complex graph 

relationships and achieves the highest level of accuracy among all methods. Its success was due to its ability to capture 

fine spatial and structural details. Bayesian averaging (BOM), which estimates uncertainty, provides stable performance, 

especially in ambiguous cases, but its accuracy varies with the complexity of the dataset. Despite its effectiveness, BMA 
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still lags slightly behind hierarchical clustering and classification in its overall predictive ability. Our results show that 

both hierarchical clustering and clustering outperform other ensemble methods in design recognition, confirming their 

effectiveness in improving classification accuracy. 

 

4.1. COMPARATIVE ANALYSIS OF DIFFERENT ENSEMBLE METHODS  
Experimental comparisons of different ensemble learning methods (bootstrapping, thresholding, sequential 

ensembles, and Bayesian model averaging (BMA)) demonstrate their relative abilities in improving knowledge map 

classification. Competitive improvement is demonstrated by repeated retraining of weak learners by focusing on 

misclassified examples, improving learning and memory. The combined classifier systems surpassed individual models 

regarding accuracy rates along with specificity results and F1 assessment metrics and used multiple classification 

approaches to identify complex network patterns. Complex processes became more accurately classified through 

hierarchical ensemble approaches because they contained multi-level decision-making procedures. BMA utilizing 

Bayesian inference achieved good performance in dealing with uncertainty while its results fluctuated according to the 

complexity of the data it processed. The experimental findings indicate that lead groups and clusters deliver superior 

efficiency when it comes to resource allocation than other available methods. 

 

Method Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1 Score 

(%) 

Reference 

Baseline (Single Classifier) 85.2 84.5 85.8 85.1 Wang, L., & Liu, 

(2022) 

Boosting (Previous Study) 89.6 88.9 89.8 89.3 Smith et al. (2023) 

Boosting (Our Model) 92.5 91.8 93.2 92.5 Proposed Approach 

Stacking (Previous Study) 91.0 90.5 91.3 90.9 Kim, S., & Park, J. 

(2023). 

Stacking (Our Model) 94.1 93.5 94.8 94.1 Proposed Approach 

Hierarchical Ensembles 

(Previous) 

88.2 87.6 88.4 88.0 Wang, Y., & Zhou, S. 

(2023) 

Hierarchical Ensembles 

(Our Model) 

90.8 90.2 91.0 90.6 Proposed Approach 

BMA (Previous Study) 86.5 85.9 87.1 86.5 Johnson et al. (2022) 

BMA (Our Model) 89.7 88.9 90.1 89.5 Proposed Approach 

Table-4- Comparative Analysis of Ensemble Methods 

 

4.2. PERFORMANCE COMPARISON WITH BASELINE APPROACHES 
Smith et al. (2023) researched ensemble techniques for enhancing sketch detection accuracy in their study “Improving 

Sketch Detection with Ensemble Techniques” [24]. Appropriate comparative analysis allows these sophisticated methods 

to be evaluated against the basic approach which includes single classifier and traditional feature-based approach. The 

ensemble method determined by this research investigation achieves better accuracy metrics than basic method in the 

fields of classification and precision and recall and F1 score [25]. The enhancement and trace feature demonstrate 

exceptional performance for detecting complex patterns when processing sketch data. The hierarchical structure of sketch 

information allows classification ensembles to achieve better recognition results. At the intermediate Bayesian model 

stage the system provides uncertainty calculation that enhances prediction accuracy during uncertain conditions [26]. 

Johnson et al. (2022) conducts a comparative study of sketch representation methods through their evaluation of ensemble 

techniques and baseline methods for various datasets and classification tasks in their work “Advances in Sketch 

Recognition: A Comparative Study.” A comparative research seeks to establish the most effective strategy for increasing 

sketch extraction accuracy [27]. This study demonstrates ensemble methods perform better than baseline approaches 

mainly through superior augmentation and consistency performance and enhanced accuracy rates and other 

interdependent variables. The complex classification relationships found within sketch data become easier to solve 

through classification ensembles which thus results in improved detection accuracy. The classification accuracy under 

uncertainty improves with the introduction of Bayesian models because these models provide a recognized property of 

averaging uncertainty estimation methods. The analysis between the two studies establishes useful findings about the 

successful implementation of ensemble techniques for better sketch extraction system performance [28]. 

 



Enhanced Sketch Recognition via Ensemble Matching with Structured Feature Representation 

54 
Copyright © 2024 IJAIMS International Journal of Artificial Intelligence and Mathematical Sciences, Volume3, Issue 01 

 
 

5. Discussion 

The application of this method achieves outstanding effect in pattern recognition with experimental data from perfect 

structural element approximations. The ensemble matching technique delivers substantial improvements in all 

discrimination measurements such as accuracy, precision, recall and F1 index when used instead of conventional methods. 

Through architectural elements designers can fully communicate their design information while assembly models 

maintain all patterns and relationships from the design. Complex decision-making is improved by adding full consensus 

because the technique combines multiple classifications results to minimize errors made by individual classifiers [30]. 

The research findings show that adaptive and structural features represent a sound method to boost pattern recognition 

system performance through accurate classification of abstract features across multiple data environments. The 

effectiveness of pattern recognition depends on various properties from both architectural elements and this solution 

together. Combining several classes together enables this method to recognize wide-ranging patterns in design data by 

using class distinctions for better classification results. Structural element utilization in the model facilitates organized 

structural representation which improves model discrimination of different model categories [31]. The decision strategy 

from ensemble matching relies on combining discriminatory results which reduces the impact of individual flaws and 

errors in the process. Customizing architectural features contains limitations even though it demonstrates strong 

capabilities. The system requires more computational power and resources because of the complex process needed to 

train and unite multiple classifiers. The simulation's fit effectiveness mostly depends on both the basis classes diversity 

alongside the quality of the structural elements and basis classes utilized. The harvesting methods often establish uniform 

patterns when the maintenance is poor or when the harvested materials are extensive [32]. 

The proposed hierarchical feature set estimation analysis delivers essential findings about hierarchical processing 

methods and hierarchical imagery for pattern recognition performance improvement. The proposed approach utilizes 

standard features as customized representations together with complex learning capabilities to solve pattern recognition 

issues by addressing variations in pattern styles as well as pattern complexity [33]. Testing shows that checking random 

features performs better than conventional methods in both accuracy and efficiency measurement. The study demonstrates 

universal application across various real-world scenarios because it shows the approach works with different data types 

and abstract fields. The proposed method presents a promising solution to enhance contemporary shape recognition 

technology which expects to create beneficial developments in future research [34]. 

 

6. Challenges and Limitations 

The problems experienced during image recognition testing convergence help explain the challenging nature of this 

analytical method. Vertical sector diversity stands as an additional major challenge in addition to choosing device types 

and adopting teamwork approaches. This approach needs thorough examination of components and training procedures 

because of their importance. [35]The difficult part about managing computational resources and solving scalability 

problems stands as an additional challenge. The interpretation of combined method results presents obstacles in their 

analysis. Multiple sources must be integrated and their predictions must be predicted to achieve this goal. A major 

restriction exists in the proposed system for unifying pictorial elements along with morphological attributes throughout 

the image recognition process. A main drawback exists in the risk of overfitting during the process. The decision-making 

process tends to become overly complex when there is inadequate diversity among the first group members. The process 

becomes inefficient when there is excessive adjustment which leads to large-scale pruning or adaptation operations. The 

overall application of this model faces constraints related to its generic model design approach. A weak foundation for 

decision-making becomes apparent when it becomes challenging to obtain valuable insights from model outcomes. The 

proposed method contains different preprocessing routines which support characterization. 

 

7. Conclusion 

The research examined how group comparison techniques modify image recognition accuracy levels. The 

classification methods reinforcement, lineage, hierarchical clustering and Bayesian model averaging demonstrated better 

performance than other evaluation methods. The research adds vital knowledge about this phenomenon. This research 

has demonstrated both the proposed methods' performance and the identified objects which offer essential knowledge to 

enhance image recognition accuracy. Recognizing objects better requires examining data through various views from 
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distinct classification systems along with different marker methods. This research creates an opportunity to investigate 

innovative solutions for hard tasks and supply useful guidance to researchers and education professionals about 

developing effective diagnostic tools. The findings of this research study identify various paths which future work should 

pursue within the field of image recognition. System design research along with method development for new techniques 

will enhance system performance and efficiency. Improving ensemble model transparency and reliability will become 

possible through the identification of widely-used ensemble systems alongside methods which identify ensemble 

boundaries. Applying clustering methods along with structural features beyond domain recognition applications such as 

image classification or natural language processing systems will both cut down on repetition and facilitate artificial 

intelligence development of machine learning models. Computational approaches united with structural elements 

demonstrate significant worth in solving behavioral issues while they boost performance levels for AI signal processing 

systems. 
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