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Nowadays, smartphones seamlessly blend into every aspect of our lives,
including as handheld assistants for individuals with disabilities. Therefore,
this research addresses the need for a robust system that can classify Kazakh
banknotes. By capitalizing on the availability of smartphones and the ability
to integrate detectors with classifiers this study introduces classifiers of
Kazakh banknote images specifically designed for banknotes ranging from
500 KZT to 20,000 KZT. It compares traditional and hybrid machine
learning (ML) approaches, utilizing a dataset of diverse banknote images,
aiming for both lightweight and high accuracy. Competitive performance is
demonstrated by the traditional approach, enhanced by thoughtful feature
engineering. The hybrid approach, utilizing features from a pre-trained
ResNet-18 model, showcases remarkable accuracy and robustness.
Evaluation metrics reveal significant achievements, with the traditional
approach attaining 94.00% accuracy and the hybrid approach excelling at
99.11%. Model stacking, combining classifiers from both approaches,
outperforms individual classifiers, achieving 95.00% and 99.55% accuracy
for the traditional and hybrid ML approaches, respectively. Our
methodology’s comparable outcome in classifying Thai banknotes and
coffee beans roasting levels demonstrates their versatility in image
classification tasks that rely on color differentiation, showcasing the
potential beyond banknote recognition.
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1. INTRODUCTION

In an era characterized by technological advancements and a heightened emphasis on inclusivity, the
creation of efficient and accurate systems to assist individuals with visual impairments is deemed crucial.
With the prevalence of smartphones equipped with high-quality cameras in today’s society being recognized,
a mission is undertaken to address the specific need of classifying Kazakh banknotes [1]. Leveraging the
ubiquity of smartphones, which serve as indispensable tools in daily lives, the aim of this study is to pioneer
a classifier of Kazakh banknote images.

The primary objective is twofold: the creation of a lightweight and highly accurate Kazakh banknote
classifier, and the comparison of the efficacy of traditional and hybrid machine learning (ML) approaches in
achieving this goal. Traditional ML approaches, rooted in manual feature extraction and well-established ML
techniques, offer interpretability and control [2]. In contrast, hybrid ML approaches, integrating automated
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feature extraction from pre-trained deep learning models, bring forth the potential to capture intricate patterns
and nuances within banknote images [3], [4].

The employed dataset, comprising 4,200 high-quality images of Kazakhstani banknotes under
diverse conditions—varying lighting environments, cluttered backgrounds, and folded banknotes—mimics the
challenges encountered in everyday life [5]. By narrowing the scope to the denominations commonly
utilized, ranging from 500 KZT to 20000 KZT, the aim is to create a classifier that aligns with practical, real-
world scenarios.

The potential impact of this research extends beyond technical innovation. By empowering
individuals with visual impairments to independently recognize and distinguish Kazakh banknotes through a
simple smartphone application, a contribution is made to their financial autonomy. To accomplish this goal,
the classifiers developed by this study can be integrated in combination with existing object detection
methods in future research [6]-[10]. This aligns with the global efforts towards inclusive technology,
recognizing the role of advancements in improving the quality of life for diverse communities.

The subsequent sections of this paper will delve into the methodology employed, datasets utilized,
and the detailed processes of traditional and hybrid ML approaches. The evaluation metrics, classifiers,
optimization strategies, and model stacking techniques applied will be presented. The potential transferability
of the proposed approaches to other currencies and image classification tasks beyond banknote recognition
will be discussed. Results and discussions will offer insights into the performance of classifiers, and
limitations will be transparently acknowledged. The paper will conclude with a summary of findings,
emphasizing the potential societal impact of a lightweight, highly accurate Kazakh banknote classifier.

In today’s world, where technology is advancing rapidly and there is a growing emphasis, on
inclusivity it becomes crucial to develop accurate systems that can assist people with impairments. We
understand that smartphones with high-quality cameras have become ubiquitous in our society. With this in
mind, our goal is to address the need for classifying Kazakh banknotes. By taking advantage of the use of
smartphones as tools in our daily lives we aim to lead the way in developing a Kazakh banknote classifier
that utilizes camera technology. In this review of existing literature, we explore studies that have examined
the application of ML algorithms for banknote classification.

The related works in the field of banknote recognition have witnessed a continual evolution, with
researchers exploring various techniques to enhance accuracy in automated systems. A significant
contribution in this domain is the work by Hussein et al. [11] introducing a method for banknote recognition
utilizing a combination of histogram of oriented gradients (HOG) and scale-invariant feature transform
(SIFT). The authors addressed the challenges faced by the visually impaired in different countries and
proposed a novel banknote recognition system. In their research paper authors used a database containing 12
denominations from three different countries Egypt, Saudi Arabia, and the United States of America. The
study employs the speeded-up robust features (SURF) algorithm for keypoint detection, leveraging its speed
and robustness to geometry and lighting variations. The subsequent extraction of features through the SIFT
and HOG algorithms, both scale-invariant, aims to overcome limitations and reduce computational costs. The
research achieves an impressive accuracy of 99.2% in banknote recognition, surpassing the performance of
previous methods. The comparison with the Kaggle Egyptian dataset further validates the efficacy of the
proposed approach, yielding an accuracy of 98.9%.

Building on this progress, Youn et al. [12] have conducted noteworthy research in the domain of
efficient multi-currency classification of contact image sensor (CIS) banknotes, establishing a relevant
benchmark. Their approach introduces a rapid and effective algorithm that leverages size information and
multi-template correlation matching recognizing the distinctive characteristics of different banknote sizes, the
researchers generated a size map for grouping banknotes. The algorithm then identified discriminant areas for
each banknote, demonstrating high correlations within the same denomination and low correlations with
others. To address potential degradations such as writing or aging, post-processing techniques were applied.
The evaluation, encompassing 55 banknotes from five countries (Korean Won (KRW), US Dollar (USD),
Euro (EUR), Tiongkok Yuan (CNY), and Jordanian Dinar (JOD)), showcased an impressive 100%
classification accuracy for unsoiled banknotes and a notable 99.8% accuracy for soiled ones. The algorithm’s
efficiency is further highlighted by an average processing time of approximately 4.83 ms per banknote. This
research provides valuable insights into methodologies that balance speed, accuracy, and adaptability to real-
world conditions.

Another notable work is done by Park and Park [13]. The authors address the growing need for a
comprehensive solution to assist visually impaired individuals in recognizing banknotes of various
nationalities. The multinational banknote detecting model (MBDM) introduces a novel approach by
proposing a multinational banknote detection model capable of identifying currencies such as the KRW,
USD, EUR, and RUB. The model’s effectiveness is demonstrated through evaluations of databases captured
using smartphone cameras achieving levels of accuracy, recall, and F1 score values. To enhance the models
robustness the authors employ mosaic data augmentation techniques to address challenges such as angles,
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folds, and contrasts commonly found in real-world banknote images. The presented research not only
expands the scope of banknote detection but also contributes valuable insights into the development of ML
models for aiding visually impaired individuals in diverse currency recognition scenarios.

The research conducted by Sufri et al. [14] addresses the challenges faced by visually impaired
individuals in identifying and recognizing various banknotes. The study focuses on the impact of region and
orientation on the performance of ML and deep learning, employing Malaysian ringgit banknotes as the
subject of analysis. The vision-based system involves two experiments, one exploring different regions and
the other examining various orientations captured by a smartphone camera in a controlled environment. The
first experiment utilizes ML classification algorithms, such as k-nearest neighbors (KNN), decision tree
classifier (DTC), support vector machine (SVM), and bayesian classifier (BC), based on red, green, and blue
(RGB) values for feature extraction. The second experiment employs AlexNet, a pre-trained convolutional
neural network (CNN) model. Notably, SVM and BC outperform kNN and DTC, achieving 100% accuracy.
The second stage of the experiment reveals that AlexNet’s performance is influenced by the orientation of the
training data. Despite this limitation, the overall conclusion suggests that both ML and deep learning models
excel in recognizing and classifying Malaysian ringgit banknotes, with a recommendation favoring deep
learning for its elimination of manual feature extraction. The developed algorithm holds the potential to
enhance the quality of life for visually impaired individuals.

In recent research Sadyk et al. [15] compare types of learning models including CNNs, recurrent
neural networks (RNNs), and deep belief networks (DBNSs) in the context of banknote recognition.
According to their findings the CNN model, specifically when using the ResNet 50 architecture demonstrates
performance in terms of accuracy, precision, recall, and F1 score when compared to models. The paper
presents insights and practical considerations for implementing methods that can advance banknote
recognition systems to assist researchers and practitioners in selecting approaches for improving banknote
recognition technology.

Existing works showcase promising outcomes, such as the impressive accuracy achieved by
Hussein et al. [11] using HOG and SIFT, Youn et al. [12] efficient multi-currency classification, and the
multinational banknote detection model proposed by Park and Park [13]. However, there exist notable gaps
in the application of traditional and hybrid ML approaches, especially within the context of Kazakh
banknotes. Therefore, the objective of this research is to train a Kazakh banknote classifier that is both
lightweight and highly accurate and to assess the effectiveness of traditional and hybrid ML approaches
through comparison.

2. METHOD
2.1. Dataset

In this research paper, we utilized a comprehensive dataset titled “dataset of Kazakhstan banknotes
with annotations’’ from mendeley data for banknote classification [16]. The dataset comprises 4200 high-
quality images of Kazakhstani banknotes with a size of 1024x1024 pixels, covering 14 classes that
correspond to different denominations ranging from 1 KZT to 20000 KZT. Each class signifies a distinct
denomination of Kazakhstani currency. The research primarily centers around banknotes so it only considers
the 500 KZT, 1000 KZT, 2000 KZT, 5000 KZT, 10000 KZT, and 20000 KZT categories since the other
denominations are in coin form. Consequently, the number of classes was narrowed down to 6.

The banknote images in the dataset of various denominations were captured using the rear cameras
of mobile phones under diverse conditions and presented in Figure 1. These images visually demonstrate the
challenges faced during the classification process. They showcase scenarios like a rotated 500 KZT banknote
against a random background (Figure 1(a)), a flipped 1,000 KZT banknote with some shadows in the
background (Figure 1(b)), a crumpled 2,000 KZT banknote being held in hand (Figure 1(c)), a folded 5,000
KZT banknote also being held in hand (Figure 1(d)), a clear view of a 10,000 KZT banknote against a noisy
background (Figure 1(e)) and finally a darkened 20,000 KZT banknote against a patterned background
(Figure 1(f)). While these images cover real-world scenarios well enough it’s important to note that they may
not include all possibilities, like moving or partially folded banknotes.

Notably, all images in the dataset are meticulously annotated in the you only look once (YOLO)
format [17], [18]. For the research experiments, an equal number of images, specifically 150 for the hybrid
approach due to (12 GB) RAM limitations and 200 for the traditional approach, were randomly selected from
each class subfolder of the original dataset as shown in Figure 2. Given the context provided above, it is also
worth mentioning that given the ample size of the dataset and the random selection of samples, the invocation
of dataset augmentation techniques, including rotation, scaling, or modifications in lighting, was deemed
unnecessary within the context of model testing and evaluation for this study.

Bulletin of Electr Eng & Inf, Vol. 13, No. 5, October 2024: 3552-3567



Bulletin of Electr Eng & Inf ISSN: 2302-9285 O 3555

'(f)'

Figure 1. Examples of Kazakh banknote images of each denomination under diverse conditions: (a) rotated
500 KZT with a cluttered background, (b) flipped 1,000 KZT with a partly shadowed background,
(c) crumpled 2000 KZT in the hand, (d) folded 5,000 KZT in the hand, (e) clearly visible 10,000 KZT in a
noisy background, and (f) darkened 20,000 KZT in a patterned background
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Figure 2. Number of random images of Kazakh banknotes per class

2.2. Data preprocessing and feature extraction

As mentioned earlier, the study covers two approaches which are: a traditional ML approach with
manual feature extraction and a hybrid ML approach utilizing automated feature extraction with a pre-trained
deep learning model.

2.2.1. Traditional machine learning approach

For the traditional approach, the initial step involved cutting the region of interest (ROI), based on
the bounding box parameters specified in the dataset annotations [19], [20]. Notably, to ensure a more precise
extraction, the ROIs were cropped with 10% narrowed bounding boxes, as the original bounding boxes
covered slightly extra area around the banknotes (see Figure 3). Subsequently, these clippings were resized to
a standard shape of 128x128 pixels and normalized dividing the value of each pixel by 255.

Figure 3. The original bounding box (green) and the narrowed bounding box (red)

Comparative analysis of machine learning approaches in Kazakh banknote classification (Ualikhan Sadyk)



3556 O3 ISSN: 2302-9285

The manual feature extraction focused on RGB color features, following the method proposed by
the related studies [14], [21]. The decision to use RGB color features was motivated by their simplicity and
effectiveness in capturing basic color characteristics. The average intensity values for RGB channels were
computed, leading to features denoted as RB, RG, and GB, respectively, were calculated using (1) to (3):

RB=r-b @
RB=r—g (2
RB=g-b ®)

Here, r, g and b represent the average intensity values for the RGB channels, respectively, within the pixels

of the cropped region (see Figure 4). This manual extraction method served as a baseline for comparison
against more advanced techniques.
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Figure 4. The average value of RB, RG, and GB for each class of Kazakh banknotes

To enhance the traditional approach, the optimization of the color feature extraction process was
introduced. The image’s colors were transformed into the hue, saturation, and volume (HSV) format, and
histograms for hue, saturation, and value were calculated [22], [23]. These histograms were then normalized
to ensure comparability across different images. The resulting normalized histograms were combined into a
single set of features, providing a more nuanced representation of the color characteristics of the banknotes.
Figure 5 shows the average HSV features for each class of Kazakh banknotes in the form of a heatmap.
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Figure 5. The average HSV features for each class of Kazakh banknotes
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2.2.2. Hybrid machine learning approach

For the hybrid approach, we leveraged the power of pre-trained deep learning models. Similar to the
traditional approach, the ROI was extracted based on the specified bounding box parameters. However, for
the hybrid approach, there was no resizing as the subsequent feature extraction was based on a pre-trained
deep learning model. The ROIs were also cropped with 10% narrowed bounding boxes to enhance precision.
Feature vectors were obtained using the “avgpool” layer at the end of the ResNet-18 model as shown in
Figure 6, which had been pre-trained on the ImageNet dataset [24]. The “avgpool” layer served as a dense
representation of the input image, capturing high-level features that could be relevant for banknote
classification [25]. This approach allowed us to benefit from the knowledge encoded in the ResNet-18 model,
which had learned intricate features from a diverse set of images during its pre-training on ImageNet.
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Figure 6. Example of extracting feature vector (orange) from a network [26]

The selection of ResNet-18 was predicated on its optimal balance between the length of the average
pooling output vector (512 features) and model accuracy [27]. Furthermore, this model manifests a reduced
computational load compared to its counterparts, rendering it an advantageous choice for the objective of
constructing a model that is both lightweight and precise [28]. The resulting feature vectors were then
utilized for subsequent classification tasks. This hybrid approach offered a more automated and data-driven
feature extraction process, potentially capturing complex patterns and nuances in the banknote images.

2.3. Dataset splitting strategy

In this study, the dataset was randomly divided, maintaining a constant random state, to allocate
75% of the data for training purposes and the remaining 25% for testing. This division was designed to
provide a comprehensive training dataset that would enable the models to learn the nuances of banknote
classifications effectively, while also reserving a substantial portion of the data for an unbiased assessment of
the models’ generalization capabilities [29]. The use of a constant random state ensured that the split between
training and testing sets was reproducible, facilitating a fair and consistent evaluation of the models
performance across different experimental runs.

2.4. Evaluation metrics

To assess the performance of our models, we employed a set of comprehensive evaluation metrics.
Accuracy, as a fundamental measure, gauged the overall correctness of our classification. The F1-score, a
weighted average of precision and recall, provided insights into the balance between precision and
recall [30]. Matthews correlation coefficient (MCC) considered both false positives and false negatives,
offering a more robust measure for imbalanced datasets [31]. Receiver operating characteristic area under the
curve (ROC-AUC) provided a comprehensive view of the model’s ability to distinguish between classes
using the one-versus-rest approach [32], [33].

2.5. Classification algorithms

In this section, the utilization of diverse classifiers for the purpose of banknote classification is
explored. A distinct role is fulfilled by each classifier, contributing to the enrichment of the diversity and
comprehensiveness of our analysis. KNN: the kNN algorithm was employed as a versatile and intuitive
baseline classifier [34]. It relies on the similarity of instances in the feature space, making it particularly
suitable for image classification tasks [35]. Utilizing the euclidean distance metric, KNN determined the class
of a banknote image based on the classes of its KNN. The choice of k, the number of neighbors, was
optimized during the grid search process.

Comparative analysis of machine learning approaches in Kazakh banknote classification (Ualikhan Sadyk)
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Support vector classifier with radial basis function kernel (SVC-rbf): the SVM with RBF kernel is a
powerful algorithm known for its flexibility in capturing complex relationships in data [36]. In our study, we
employed the SVC-rbf to account for nonlinear patterns in the banknote images. Random forest classifier: the
random forest classifier was chosen for its ability to handle high-dimensional data and capture complex
interactions among features. Comprising an ensemble of decision trees, this classifier introduced an element
of randomness during training, promoting diversity among the constituent trees [37]. The resulting model
offered robustness against overfitting.

Gaussian naive bayes (gaussian NB): gaussian NB is a probabilistic classifier based on bayes
theorem, assuming independence among features [38]. Despite its simplicity, gaussian NB has proven
effective in various classification tasks [39]. In our study, it served as a probabilistic baseline for comparison
with more complex algorithms. Ridge classifier (ridge CV): the ridge CV is a linear model that incorporates
L2 regularization [40]. It is particularly suitable for scenarios with multicollinearity among features. In our
context, the ridge CV with cross-validation was employed to assess the impact of linear models on banknote
classification.

2.6. Optimization

In the pursuit of enhancing model performance, a two-fold optimization strategy was employed.
Initially, for the traditional approach, the manual RGB color vector was transitioned to a more robust Color
HSV histogram representation. This transformation was aimed at capturing richer color information and
improving the ability of the model to distinguish between banknote classes. Simultaneously, a grid search
was conducted across the grid of various hyperparameter combinations for each classifier. The grid search
focused on optimizing the performance metrics, with a particular emphasis, if possible, on ROC-AUC, given
its relevance to our classification task [41], [42]. The grid search process played a crucial role in fine-tuning
the models for optimal performance.

In this study, the Scikit-Learn Python library was utilized extensively for the training of selected
models and the optimization of their hyperparameters [43]. Highlighting these key hyperparameters and their
optimized values in the context of this study is crucial for ensuring reproducibility and facilitating a deeper
understanding of the models’ sensitivity. For the kNN algorithm, the critical hyperparameter was the number
of neighbors (neighbors=integer). In the case of SVC-rbf, the essential hyperparameters included the Kernel
coefficient for ‘rbf’ (gamma=non-negative float) and the regularization parameter (C=positive float). For the
random forest classifier, the significant hyperparameter was the number of trees in the forest
(n_estimators=integer). Regarding the gaussian NB model, the key parameter was the portion of the largest
variance of all features that is added to variances for calculation stability (var_smoothing=float). Lastly, for
ridge CV, the important hyperparameters were the weights associated with classes (class_weight=dict or
“balance™”), and the flag indicating whether the cross-validation values corresponding to each alpha should
be stored (store_cv_values=true or false).

The careful adjustment of these hyperparameters has not only fine-tuned our models but also
significantly boosted their efficiency and accuracy, ensuring they are perfectly suited for the task at hand.
This meticulous process has led to a more robust and reliable classifier, capable of delivering superior results
under a variety of conditions [44]. Therefore, these optimized hyperparameter values were instrumental in
tailoring the models to achieve optimal performance on the dataset in question.

2.7. Model stacking ensemble

After optimizing individual classifiers for both the traditional and hybrid approaches, we pursued a
model stacking ensemble. The intuition behind model stacking lies in combining the strengths of diverse
classifiers to achieve a more robust and accurate final prediction [45]. In our study, the optimized classifiers
were used as base estimators, and SVC-rbf served as the final estimator as shown in Figure 7.

- KNN
- svc
Image —{> Rendom Forest > SVC

> Gaussian NB

> Ridge

Figure 7. The simplified demonstration of model stacking ensemble
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The stacking ensemble aimed to leverage the complementary strengths of the individual classifiers
to enhance overall performance. By integrating diverse predictive models, it sought to mitigate the
weaknesses inherent in any single model, aiming for a more robust and accurate prediction system [46]. This
approach capitalizes on the varied perspectives offered by each classifier, fostering a synergistic effect that
potentially elevates the ensemble’s ability to tackle complex pattern recognition tasks with improved
reliability [47].

2.8. Potential transferability of proposed approaches

To evaluate the potential transferability of the approaches, proposed in this study, to other image
classification tasks, we conducted experiments on additional datasets beyond Kazakh banknotes. These tests
aimed to assess the adaptability and effectiveness of our methodologies across different domains and
challenges. Our first extension involved testing the proposed approaches on the “dataset of Indian and Thai
banknotes with annotations” [48]. This exploration aimed to ascertain whether our methods could effectively
classify Thai banknotes, which exhibit notable differences in color schemes, textures, and security features
compared to Kazakh banknotes. Some examples of Thai banknote images can be seen in Figure 8, which
showcases a diverse set across various denominations, ranging from a 20 Baht note with a partly shaded
background (Figure 8(a)), a rotated 50 Baht note with a wooden background (Figure 8(b)), a folded 100 Baht
note in the hand (Figure 8(c)), a folded 500 Baht note (Figure 8(d)), a clearly visible 1,000 Baht note in a
cluttered background (Figure 8(e)), and a crumpled 1,000 Baht note in the hand (Figure 8(f)), thereby
presenting a comprehensive test scenario for evaluating the robustness and adaptability of image
classification techniques. The goal was to assess the capability of our classification techniques to adapt to and
accurately recognize banknotes from different countries, each with its unique design specifications and
printing technologies.

Figure 8. Examples of Thai banknote images of each denomination under diverse conditions: (a) 20 Baht
with a partly shaded background, (b) rotated 50 Baht with a wooden background, (c) folded 100 Baht in the
hand, (d) folded 500 Baht, (e) clearly visible 1,000 Baht in a cluttered background, (f) crumpled 1,000 Baht

in the hand

Further exploring the versatility of our approaches, we applied our methodologies to the “coffee
roast intelligence” dataset, a departure from banknote recognition to a domain that also heavily relies on
color for classification [49]. The challenge here focused on categorizing coffee beans into dark, green, light,
and medium classes based on their color characteristics, a task fundamentally different from banknote
classification but similarly dependent on subtle color variations as illustrated in Figure 9, which consists clear
images of the four roasting levels of coffee beans: (Figure 9 (a)) dark coffee bean, (Figure 9 (b)) green coffee
bean, (Figure 9 (c)) light coffee bean, and (Figure 9 (d)) medium coffee bean. This extension aimed to test
the applicability of our approaches to broader image classification tasks where color plays a crucial role in
distinguishing between classes, such as in quality control in the food industry or agricultural product analysis.
These experimental applications were designed to closely follow the methodological framework established
for Kazakh banknote classification, including similar preprocessing steps, feature extraction methods
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3560 O3 ISSN: 2302-9285

encompassing both traditional and deep learning techniques, and the utilization of model stacking strategies.
The results from these experiments are intended to illuminate the generalizability and flexibility of our
classification approaches, demonstrating their potential utility across a diverse array of image classification
scenarios.

(a) (b) (© (d)

Figure 9. Well-lit images of the four roasting levels of coffee beans: (a) dark coffee bean, (b) green coffee
bean, (c) light coffee bean, and (d) medium coffee bean

3. RESULTS AND DISCUSSION

The evaluation of the traditional and hybrid ML approaches reveals distinct performances of Kazakh
banknote classifiers, both before and after optimization. The analysis includes traditional RGB color vectors,
proposed HSV color features in the traditional approach, and features extracted from the pre-trained ResNet-
18 model in the hybrid ML approach. Model stacking, combining classifiers from each approach, is also
explored to harness the synergies of both methodologies.

3.1. Traditional machine learning approach

Table 1 showcases the performance of classifiers based on traditional RGB color vectors. The
results indicate varying degrees of accuracy, F1-score, MCC, and receiver ROC-AUC. The SVC-rbf stands
out with the highest accuracy of 71% and MCC of 65.52%. However, other classifiers like KNN and Random
Forest also demonstrate competitive performance.

Table 1. Traditional approach (color RGB vectors-3 features)
Classifier Accuracy (%)  Fl-score (%) MCC (%) ROC-AUC (%)

kNN 70.48 70.74 64.61 88.99
SVC-RBF 71.00 70.69 65.52 93.07
Random forest 69.33 69.05 63.19 91.90
Gaussian NB 56.19 57.73 47.89 88.87
Ridge CV 67.94 63.66 62.48 None

Table 2 presents the outcomes after optimizing the traditional approach by transitioning to color
HSV histograms. Notably, the optimization substantially improves the performance across all classifiers.
random forest achieves an impressive accuracy of 94.67%, demonstrating the effectiveness of the optimized
features in enhancing classification accuracy. The detailed parameter configurations for each classifier are
included for transparency. The confusion matrix presented in Figure 10 provides a visual representation of
the classification performance, comparing the pre-optimization results of SVC-pol (Figure 10(a)) and the
post-optimization outcomes of random forest (Figure 10(b)) for the traditional approach. Each cell in the
matrix represents the true labels and predicted labels for each image giving us a clearer understanding of how
well the classifiers can identify different banknote classes [50].

Table 2. Traditional approach after the optimization (color HSV histogram-768 features)

Classifier Accuracy (%)  Fl-score (%) MCC (%) ROC-AUC (%) Best parameters
kNN 88.00 88.12 85.65 96.24 3 neighbors
SVC-RBF 94.00 93.99 92.81 98.99 gamma=4, C=1000
Random forest 94.67 94.67 93.61 98.99 n_estimators=100
Gaussian NB 79.67 79.94 75.61 96.55 var smoothing=0.01
Ridge CV 86.67 86.49 84.16 None class_weight="balanced’, store_cv_values=True
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Figure 10. Confusion matrix of: (a) SVC-rbf pre-optimization and (b) random forest post-optimization

3.2. Hybrid machine learning approach

In Table 3, the hybrid approach, utilizing features extracted from the pre-trained ResNet-18 model,
showcases remarkable performance. All classifiers exhibit high accuracy, F1-score, MCC, and ROC-AUC
values, reflecting the power of leveraging deep learning features. SVC-rbf achieves outstanding accuracy and
MCC scores of 97.78% and 97.34%, respectively. After optimization, presented in Table 4, the hybrid
approach continues to deliver exceptional results. SVC-rbf now attains a near-perfect accuracy of 99.11%
and MCC of 99.93%, further emphasizing the efficacy of combining deep learning features with optimized
classifiers. The confusion matrix presented in Figure 11 provides a visual representation of the classification
performance, comparing the pre-optimization results (Figure 11(a)) and the post-optimization outcomes
(Figure 11(b)) of SVC-pol for the hybrid approach. In those matrices, every cell represents the true labels and
predicted labels for each image, giving us a better grasp of how accurately the classifiers can recognize
various banknote categories.

Table 3. Hybrid approach (ResNet-18-512 features)
Classifier Accuracy (%) Fl-score (%) MCC (%) ROC-AUC (%)

kNN 91.55 91.61 89.97 99.25
SVC-rbf 97.78 97.77 97.34 99.93
Random forest 94.22 94.25 93.11 99.98
Gaussian NB 92.89 92.98 91.51 99.16
Ridge CV 96.44 96.44 95.73 None

Table 4. Hybrid approach after the optimization (ResNet-18-512 features)

Classifier Accuracy (%)  Fl-score (%) MCC (%) ROC-AUC (%) Best parameters
kNN 93.33 93.39 92.11 99.22 3 neighbors
SVC-rbf 99.11 99.11 98.93 99.98 gamma=0.0001, C=1000
Random forest 95.11 95.12 94.17 99.98 n_estimators=100
Gaussian NB 93.78 93.80 92.55 99.45 var smoothing=0.1
Ridge CV 98.22 98.22 97.86 None class weight="balanced’, store cv_values=True
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Figure 11. Confusion matrix of: (a) SVC-rbf pre-optimization and (b) SVC-rbf post-optimization
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3.3. Model stacking ensemble

The trained models of both ML approaches were saved in a “.p” format. Since the hybrid approach
utilizes the pre-trained deep neural network, the weights for the hybrid model were calculated by combining
the weights of ResNet-18 (44.7 MB, the model is available at [28]) with the model stacking ensemble.
Furthermore, beyond the classification of Kazakhstani banknotes, the efficacy of the proposed approaches in
categorizing Thai banknotes and roasted coffee beans was rigorously examined. This investigation aimed to
ascertain the adaptability and versatility of the proposed methodologies across varied image classification
tasks, including other currencies and domains extending beyond banknote recognition.

3.3.1. Kazakh banknotes

Table 5 explores the performance of the model stacking ensemble, combining Kazakh banknote
classifiers from both approaches for Kazakh banknote classification. This ensemble, utilizing KNN, SVC-rbf,
random forest, gaussian NB, and ridge CV, achieved notable accuracy and F1-score values. The traditional
approach shows an accuracy of 95.00%, and MCC of 95.01%, with as model weight of 10.9 MB. The hybrid
approach, however, significantly outperforms the traditional method, achieving 99.55% accuracy, and
99.56% MCC, but at an increased model size of 52.97 MB, illustrating the superior performance of the
hybrid method at the cost of larger model complexity. Figure 12 displays confusion matrices for the model
stacking ensemble using optimized models from the traditional (Figure 12(a)) and hybrid (Figure 12(b)) ML
approaches for Kazakh banknote classification. These matrices highlight the classification accuracy and
instances of misclassification for different banknote denominations, illustrating the comparative effectiveness
and areas for enhancement in each approach.

Table 5. Model stacking after the optimization SVC-rbf (gamma=0.0001, C=1000) for Kazakh banknotes
Approach  Accuracy (%) Fl-score (%) MCC (%) Weights (MB)
Traditional 95.00 94.01 95.01 10.9
Hybrid 99.55 99.47 99.56 52.97
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Figure 12. Confusion matrix of the model stacking ensemble in which optimized models of: (a) traditional
ML approach and (b) hybrid ML approach for Kazakh banknote classification were used

3.3.2. Thai banknotes

Table 6 presents the outcomes of the model stacking ensemble, which integrates classifiers
including kNN, SVC-rbf, random forest, gaussian NB, and ridge CV from both traditional and hybrid
approaches. The table details the post-optimization performance of SVC-rbf across various metrics such as
accuracy, Fl-score, MCC, and model size in megabytes (MB). The traditional approach demonstrates an
accuracy of 96.70%, with a model size of 7.24 MB. The hybrid approach shows slightly higher performance
with an accuracy of 97.25% and a considerably larger model size of 52.28 MB. This comparison underscores
the efficacy and efficiency of model stacking in enhancing classification performance, while also
highlighting the trade-offs in model size between traditional and hybrid methods. Figure 13 presents
confusion matrices for the model stacking ensemble with optimized models from the traditional
(Figure 13(a)) and hybrid (Figure 13(b)) ML approaches, specifically applied to Thai banknote classification.
These matrices reveal the accuracy and misclassification rates for various Thai banknote denominations,
demonstrating the effectiveness and potential areas of improvement for each method.
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Table 6. Model stacking after the optimization SVC-rbf (gamma=0.0001, C=1000) for Thai banknotes
Approach  Accuracy (%) Fl-score (%) MCC (%) Weights (MB)
Traditional 96.70 96.71 95.92 7.24
Hybrid 97.25 97.25 96.56 52.28
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Figure 13. Confusion matrix of the model stacking ensemble in which optimized models of: (a) traditional
ML approach and (b) hybrid ML approach for Thai banknote classification were used

3.3.3. Roasted coffee beans

Table 7 summarizes the model stacking ensemble’s performance for coffee bean roasting level
classification post-optimization with SVC-rbf. The traditional approach achieves perfect scores across
accuracy, Fl-score, and MCC, with a model size of 3.58 MB. In contrast, the hybrid approach scores 99.00%
accuracy, 98.99% F1-score, and 98.67% MCC, requiring a larger model size of 48.4 MB, highlighting the
exceptional accuracy of traditional methods in specific contexts while noting the hybrid method’s slight
decrease in performance but significant increase in model size.

Table 7. Model stacking after the optimization SVC-rbf (gamma=0.0001, C=1000) for coffee beans
Approach  Accuracy (%) Fl-score (%) MCC (%) Weights (MB)
Traditional 100 100 100 3.58
Hybrid 99.00 98.99 98.67 48.4

Figure 14 showcases confusion matrices for the model stacking ensemble utilizing optimized
models from both the traditional (Figure 14(a)) and hybrid (Figure 14(b)) ML approaches, aimed at
classifying coffee bean roasting levels. The first matrix highlights a perfect classification outcome using the
traditional ML approach, whereas the hybrid approach also shows a high level of accuracy with only one
false prediction. This comparison underlines the efficacy of both approaches in distinguishing between
different roasting levels of coffee beans, with the traditional approach achieving remarkable precision.
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Figure 14. Confusion matrix of the model stacking ensemble in which optimized models of: (a) traditional
ML approach and (b) hybrid ML approach for coffee bean classification were used
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3.4. Discussion

Discussing the performance of classifiers based on RGB color vectors, a diverse range of results
emerges. SVC-rbf ranks first in terms of accuracy and MCC, demonstrating its ability to capture non-linear
relationships in the dataset. However, recognizing the potential for improvement, a shift to Color HSV
histograms significantly enhances classification accuracy, with random forest achieving a reasonable 94.67%.
Moreover, the classifier’s primary reliance on color features minimizes the impact of environmental factors,
such as reflections and shadows, on its performance.

Moving to a hybrid approach that utilizes features from the pre-trained ResNet-18 model results in a
paradigm shift. This approach consistently outperforms the traditional one across all classifiers. SVC-RBF
and random forest, in particular, exhibit exceptional accuracy and ROC-AUC, which emphasizes the
superiority of deep learning features. After the optimization, the hybrid approach maintains its superior
performance, emphasizing the sustained effectiveness of leveraging deep learning in feature extraction.

These findings highlight the importance of using a combination of automated methods in ML to
classify banknotes. Even though the traditional approach relies on designed features it still benefits greatly
from optimization and lightweight emphasizing the significance of carefully selecting relevant features. On
the other hand, by utilizing deep learning features the hybrid method excels at capturing intricate patterns
within banknote images.

Lastly, model stacking emerges as a technique that effectively combines different classifiers
strengths. The stacked model performs better than separate classifiers in both traditional and hybrid
approaches, suggesting that incorporating diverse sources of information enhances predictive capabilities.

The exploration of our proposed approaches applicability to Thai banknote classification and the
classification of roasted coffee beans underscores the methods remarkable versatility and potential for
transferability across diverse image classification tasks. Successfully adapting these methodologies to the
distinct challenges presented by Thai banknotes-with their unique color schemes, textures, and security
features-demonstrates the approaches robustness in handling different currency types. Similarly, the effective
application to the roasted coffee bean classification task, which hinges on subtle color variations to
distinguish between roasting levels, further validates the utility of our methods beyond the realm of banknote
recognition. These results underscore the flexibility of the proposed approaches, indicating their wide-
ranging applicability across diverse domains where color distinctions between classes play a critical role.

However, this study unveils several limitations impacting the generalizability of the classifiers.
Relying heavily on color features assumes that these features alone can accurately represent the
characteristics of banknotes without considering other factors like text or materials. The assumption of
feature homogeneity across denominations may overlook variations between them. This limited scope and
the hybrid approach’s dependence on image quality introduce potential inconsistencies in real-world
applications. Additionally, the hybrid approach, which utilizes pre-trained deep learning architectures, may
compromise on interpretability relative to conventional ML methodologies. Comprehending the decision-
making mechanism of the model, particularly in intricate situations, could prove to be formidable.
Acknowledging these limitations is crucial for interpreting the findings and guiding future research in
refining practical banknote classification systems.

4. CONCLUSION

In the pursuit of creating a lightweight, highly accurate Kazakh banknote classifier to address
challenges posed by visual impairments, a comprehensive study was conducted to compare traditional and
hybrid ML approaches. Utilizing a meticulously annotated dataset of 4200 high-quality images of
Kazakhstani banknotes, the focus was placed on 6 denominations crucial for practical applications. Initially,
the traditional approach, employing RGB color vectors and manual feature extraction, demonstrated
commendable performance. The adoption of color HSV histograms further boosted the accuracy of this
method, underscoring the pivotal role of meticulous feature engineering in enhancing classification
outcomes. On the other hand, remarkable accuracy and robustness were showcased by the hybrid approach,
utilizing features from the pre-trained ResNet-18 model.

Through a detailed evaluation process that included metrics such as accuracy, F1-score, MCC, and
ROC-AUC, the research unveiled the high efficiency of both approaches. Following optimization, the
traditional approach attained a significant accuracy of 94.00%, while the hybrid approach excelled with a
near-perfect accuracy of 99.11%. Transitioning to model stacking, an ensemble technique that synergizes
classifiers from both the traditional and hybrid models, surpassed individual classifier performance. Featuring
kNN, SVC-rbf, random forest, gaussian NB, and ridge CV as base estimators, the stacked model
demonstrated accuracies of 95.00% and 99.55% for the traditional and hybrid approaches, respectively.
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The effectiveness of our methods in classifying Thai banknotes and roasted coffee beans highlights
their broad utility and adaptability across various image classification tasks. This ability, especially in tasks
where color plays a crucial role, emphasizes the potential applications beyond banknote recognition.
However, acknowledgment of several limitations is crucial in interpreting the study’s findings. The hard
reliance on color features, exclusion of non-color features, and potential deviations from real-world scenarios
due to the focus on color-centric analysis are acknowledged. The assumed homogeneity of features and the
limited consideration of cultural elements further impact the generalizability of findings.

In conclusion, the research advances the field of Kazakh banknote classification, providing a
roadmap for the creation of practical, accurate, and lightweight classifiers. The hybrid approach, leveraging
the strengths of both manual and automated feature extraction, emerges as a promising solution. Model
stacking, combining the best of both worlds, showcases the potential for enhanced predictive capabilities. As
achievements and limitations are navigated, the study lays the foundation for future research, encouraging the
exploration of additional features, cultural considerations, advanced deep learning architectures, and
combinations of banknote detection techniques with the banknote classifiers. The ultimate goal is to
contribute to the development of inclusive and efficient banknote classification systems, addressing
challenges faced by individuals with visual impairments.
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