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Abstract: The classification of coffee beans is crucial for maintaining quality and consistency within the 
coffee industry. Manual inspection, however, is labor-intensive, error-prone, and susceptible to human 
biases. To address these challenges, this study aims to automate coffee bean classification using deep 
learning models to improve accuracy and efficiency. Four pre-trained models—Xception, ResNet50V2, 
EfficientNetB0, and VGG16—were evaluated for predicting post-roasting coffee bean quality based on 
two datasets: a Kaggle dataset and a self-collected dataset with an image scanner. The datasets included 
images of coffee beans at four roast levels: dark, green, light, and medium. The models were trained and 
tested using standard deep learning techniques, with performance assessed through metrics such as 
accuracy, precision, recall, and F1-score. The results demonstrated that Xception and EfficientNetB0 
achieved the highest classification performance. On the Kaggle dataset, both models achieved 100% 
accuracy, while on the self-collected dataset, Xception achieved 99.3%, and EfficientNetB0 achieved 
99.07%. These findings underscore the robustness of applying deep learning models in automating 
coffee quality control, reducing human intervention, and enhancing classification reliability. 

Keywords: Coffee bean classification, Deep learning, EfficientNet, ResNet, VGG16, Xception. 

 
1. Introduction  

Coffee is one of the most consumed beverages globally, with over 2.25 billion cups consumed daily 
[1]. Its production has seen significant growth, highlighting its economic importance in the 
agricultural sector. Beyond its economic value, coffee offers notable health benefits, such as reducing the 
risk of cirrhosis and improving heart health [2]. These findings emphasize the importance of 
maintaining consistent coffee bean quality, as it directly impacts consumer satisfaction and producer 
profitability. 

Deep learning has gained significant attention in the agricultural sector, particularly for tasks like 
coffee bean quality prediction. Recent studies have explored the use of deep learning models to automate 
this process, achieving promising results. This section reviews the most relevant studies that have 
employed CNN, ResNet, EfficientNet, and VGG for coffee bean quality prediction. 

CNNs have been the most widely used deep learning models for coffee bean quality prediction due 
to their ability to automatically extract features from images [3]. Several studies have demonstrated the 
effectiveness of CNNs in tasks such as defect detection, roast level classification, and quality 
categorization. For example, a study by Lee and Jeong [4] in 2022 used a CNN model to predict defects 
in coffee beans, achieving an accuracy of 93% for normal beans and 81% for defective beans, although 
the dataset was imbalanced. Another study by Naik and Sethy [5] applied a CNN with a Euclidean 
Distance Algorithm to classify roasted coffee beans into four roasting levels, achieving an impressive 
accuracy of 97.5%. CNNs have also been used for categorizing coffee beans into different quality 
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categories, such as sour, black, broken, moldy, and insect-damaged beans, with accuracies ranging from 
88% to 98% [6]. 

 
Despite their high accuracy, most CNN-based studies focus on the pre-roasting phase, particularly 

on identifying defects in green coffee beans [7-23]. This indicates a research gap in applying CNNs to 
post-roasting quality analysis, where the quality of roasted beans could be further evaluated. Recently, 
Xception has gain researchers’ attention in coffee bean species classification [24]. 

EfficientNet, a family of scalable and efficient convolutional neural networks, has demonstrated 
remarkable performance in coffee bean quality prediction tasks. The EfficientNetV2S variant, in 
particular, achieved extremely high accuracy in defect detection, with accuracies ranging from 96% to 
99.77% for detecting insect-infested, broken, and moldy beans [12]. EfficientNet also performed well in 
roast level classification, achieving 95.79% accuracy in a 2024 study [11]. However, the model's 
performance in measuring acidity from roasted coffee beans has an F1 score of 0.71 only [16]. 

ResNets, known for their skip connections that enable the training of very deep networks, have also 
been applied to coffee bean quality prediction. ResNets have shown high accuracy in defect detection 
tasks. For instance, ResNet50V2 achieved 99.54% accuracy in detecting insect-infested beans, 98.86% 
for broken beans, and 98.07% for moldy beans [12]. 

However, ResNets have struggled with roast level classification tasks. A 2024 study by Hassan 
[11] using ResNet50 to classify coffee beans based on four degrees of roasting achieved only 58.05% 
accuracy, highlighting a significant research gap in this area. This suggests that while ResNets are 
highly effective for defect detection, further improvements are needed for roast level classification. 

VGG models, known for their simplicity and effectiveness in image classification tasks, have also 
been applied to coffee bean quality prediction. VGG models have shown exceptional performance in 
roast level classification, with one study achieving 100% accuracy in classifying coffee beans based on 
four degrees of roasting [11]. VGG16 has also been used for defect detection in green coffee beans, 
achieving accuracies ranging from 81% to 97% [10-20]. However, most studies using VGG models 
have focused on pre-roasting applications, leaving a gap in research for post-roasting quality analysis. 

The review of the different deep learning models demonstrates their effectiveness in various tasks 
related to coffee bean quality prediction. CNNs and ResNets have shown high accuracy in defect 
detection and quality categorization, while EfficientNet and VGG have excelled in roast level 
classification and defect detection. 

However, there are still research gaps, particularly in the post-roasting phase, where further 
improvements and applications of these models could be explored. Future research could focus on 
enhancing the performance of these models in roast level classification and extending their application 
to post-roasting quality analysis. 
 

2. Methodology 
This study aims to evaluate and compare the performance of four deep learning models:  Xception, 

EfficientNetB0, ResNet50V2, and VGG16, for predicting coffee bean quality based on roast levels. The 
methodology involves three key phases: dataset preparation, model implementation, and performance 
evaluation. Two datasets were utilized to train and test the models, focusing on four roast levels: green, 
light, medium, and dark. 
 
2.1. Datasets 

Besides the public available Kaggle dataset, a separate dataset has been developed and used in this 
study. Kaggle Dataset: This dataset consists of 1,600 images of coffee beans at four roast levels. The 
images were captured using an iPhone 12 with a resolution of 3024×3032 pixels and resized to 224×224 
pixels for consistency. The dataset was divided into 80% for training and validation and 20% for testing 
[25]. 
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Self-Collected Dataset: This dataset contains 2,140 images of coffee beans at four roast levels. The 
processes of collecting this dataset involve several steps as shown in Figure 1.  
 

 
Figure 1. 
Data Collection Process. 
 

Firstly, the coffee beans were roasted using an oven to achieve three desired roast levels: light, 
medium, and dark. The roasting duration was carefully controlled to ensure consistency across batches. 

After roasting, the coffee beans were arranged systematically on a flatbed scanner to capture high-
resolution images [24, 25]. The scanned images were processed using an online image editing tool, 
such as ImagesTool, to separate individual coffee beans efficiently. This tool significantly accelerated the 
image cropping process. The individual images were resized to 224×224 pixels using a Python script to 
ensure uniform input dimensions for deep learning models. Finally, the dataset was split into 80% for 
training and validation and 20% for testing. The sample images for each roast level in both datasets are 
shown in Table . 
 
Table 1. 
Samples of Datasets. 

Roast Level Kaggle Dataset Self-Collected Dataset 

Green 

  
Light 

  
Medium 

  
Dark 

  

 
2.2. Deep Learning Models 

The implementation of deep learning models was conducted using TensorFlow and Keras. Each 
model was trained and evaluated on both datasets, with hyperparameters selected based on experimental 
results to achieve the highest accuracy. Data augmentations such as horizontal flipping and rotation are 
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applied to the datasets. The following sections summarize the architecture and training parameters for 
the deep learning models. 
 
2.2.1. Xception 

The Xception model, which stands for Extreme Inception, represents an advanced deep 
convolutional neural network architecture that enhances the original Inception framework by 
substituting conventional Inception modules with depthwise separable convolutions. Introduced by 
François Chollet, the architect of Keras, the Xception model aims to optimize computational efficiency 
and enhance model performance by disentangling spatial and cross-channel dependencies. In contrast to 
traditional convolutional layers, depthwise separable convolutions execute filtering and feature 
integration in distinct phases, thereby substantially decreasing the parameter count while preserving a 
high level of accuracy. This architectural design enables the network to capture more intricate patterns 
with reduced computational expenditure. In the present study, the Xception model was utilized as the 
feature extractor within the customized CNN framework. A pre-trained Xception base, previously 
trained on the ImageNet dataset, was incorporated along with supplementary fully connected layers and 
dropout mechanisms for the classification of coffee bean roast levels. This integrative strategy harnesses 
the formidable feature extraction capabilities of Xception while tailoring the model to the specific 
objective of post-roasting coffee bean classification. The model's layer configuration is illustrated in 
Figure . The model was trained for 10 epochs using a batch size of 16 and a learning rate of 0.001. Early 
stopping with a patience of 3 was implemented to mitigate overfitting. 
 

 
Figure 2. 
Xception Layer Configuration. 
 
2.2.2. EfficientNetB0 

EfficientNetB0 serves as the foundational model within the EfficientNet architecture, a category of 
convolutional neural networks recognized for achieving elevated accuracy with a reduced number of 
parameters and computational demands. Originating from Google AI, EfficientNetB0 presents an 
innovative compound scaling methodology that systematically scales the network’s depth, width, and 
input resolution through the application of a compound coefficient. This harmonized scaling approach 
enables the model to enhance performance optimization more proficiently compared to conventional 
scaling techniques. EfficientNetB0 is constructed utilizing mobile inverted bottleneck convolution 
(MBConv) blocks and incorporates squeeze-and-excitation optimization to recalibrate channel-wise 
feature responses, thereby augmenting its representational capability. In the context of this 
investigation, EfficientNetB0 was employed as a pre-trained foundational model, augmented with 
supplementary dense and dropout layers specifically designed for the four-class classification of coffee 
bean roast levels. The model's structure is depicted in Figure . The model was trained for 50 epochs 
with a batch size of 16 and an initial learning rate of 0.0001. A learning rate scheduler 
(ReduceLROnPlateau) was used to dynamically adjust the learning rate during training. 
 

 
Figure 3. 
EfficientNetB0 Layer Configuration. 
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2.2.3. ResNet50V2 
ResNet50V2 represents a modification of the Residual Network (ResNet) framework, specifically 

developed to mitigate the difficulties associated with the training of extensive neural networks, most 
notably the vanishing gradient phenomenon. In contrast to conventional convolutional architectures, 
ResNet integrates residual connections, which permit the input data to circumvent one or more layers, 
thereby empowering the network to acquire identity mappings and sustain the gradient flow 
throughout the backpropagation process. This architectural configuration enables the training of 
significantly deeper models without incurring performance deterioration. ResNet50V2 enhances the 
foundational ResNet50 by reorganizing the elements within each residual block. It implements batch 
normalization and ReLU activation prior to each convolutional layer, a configuration referred to as pre-
activation, which significantly bolsters training stability and generalization capabilities. In the present 
investigation, the ResNet50V2 architecture was employed as a pre-trained feature extractor, 
supplemented by custom classification layers to execute a four-class classification task pertaining to 
coffee bean roast levels. Its substantial depth and residual framework render it particularly adept at 
discerning intricate patterns and features within high-resolution imagery. The layer configuration is 
presented in Figure . The model was trained for 50 epochs with different batch sizes: 32 for the Kaggle 
dataset and 16 for the self-collected dataset. Early stopping was applied with a patience of 3 for the 
Kaggle dataset and 6 for the self-collected dataset. Early stopping was applied with a patience of 3 for 
the Kaggle dataset and 6 for the self-collected dataset. 
 

 
Figure 4. 
ResNet50V2 Layer Configuration. 

 
2.2.4. VGG16 

VGG16 represents a sophisticated deep convolutional neural network architecture that was 
conceived by the Visual Geometry Group at the University of Oxford. Its acclaim stems from its 
methodological simplicity, uniform structural design, and proven efficacy in tasks pertaining to image 
classification. The architecture of VGG16 is comprised of 16 layers, which include 13 convolutional 
layers and 3 fully connected layers, employing diminutive 3×3 convolution filters uniformly across the 
network. This persistent application of small filters facilitates the model's capacity to capture intricate 
features while simultaneously preserving a manageable parameter count. Each convolutional block is 
succeeded by a max-pooling layer, which serves to diminish spatial dimensions and enhance 
computational efficiency. In the context of this study, VGG16 was utilized as a pre-trained model, with 
supplementary dense and dropout layers incorporated for the classification of coffee beans into four 
distinct roast levels. Although VGG16 is comparatively larger and less computationally efficient than 
more contemporary models such as EfficientNet, it continues to be extensively employed due to its 
consistent performance and straightforward architecture, thereby establishing it as a valuable 
benchmark for assessing model efficacy in the prediction of coffee bean quality. The VGG16 model was 
pre-trained and modified with global average pooling, dense, and dropout layers for classification. The 
model's architecture is outlined in Figure 2. The VGG16 model was trained for 100 epochs with a batch 
size of 16. Early stopping was applied with a patience of 5. 
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Figure 2.  
VGG16 Layer Configuration. 

 

3. Results 
This section presents the results of the four deep learning models Xception, ResNet50V2, 

EfficientNetB0, and VGG16 for predicting coffee bean quality based on roast levels. The models were 
evaluated using two datasets: the Kaggle dataset and the self-collected dataset. Performance metrics 
such as accuracy, precision, recall, and F1-score were used to assess the models. Additionally, confusion 
matrices were generated to analyze classification behavior. 
 
3.1. Xception 

The Xception-based CNN model exhibited exceptional efficacy in the classification of post-roasting 
coffee beans, utilizing both the Kaggle dataset and a dataset collected independently. Within the Kaggle 
dataset, the model attained an impeccable classification accuracy of 100%, successfully predicting all 
images across the four defined roast levels: green, light, medium, and dark. The confusion matrix is 
shown in Figure 6. The assessment metrics, encompassing precision, recall, and F1-score, were 
uniformly recorded at 1.00 for each class, signifying an unblemished performance as shown in Table . 
The analysis of the confusion matrix further substantiated the absence of misclassifications within the 
test dataset. 

 

 
Figure 6. 
Confusion Matrix for Xception with Kaggle Dataset. 
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Table 2. 
Classification Report for Xception with Kaggle Dataset. 

Class Precision Recall F1-Score Support 

Dark 1.00 1.00 1.00 100 
Green 1.00 1.00 1.00 100 

Light 1.00 1.00 1.00 100 
Medium 1.00 1.00 1.00 100 

Accuracy - - 1.00 400 
Macro Avg 1.00 1.00 1.00 400 

Weighted Avg 1.00 1.00 1.00 400 

 
When evaluated on the self-collected dataset, which encompassed increased variability in terms of 

image acquisition and background conditions, the model continued to exhibit commendable 
performance. It secured an accuracy rate of 99.3%, with precision and recall values ranging between 0.97 
and 1.00 across the various roast classifications. The classification report in Table  shows the scores for 
precision, recall, and F1-score across all roast levels. The confusion matrix in Figure  shows that a 
limited number of images were misclassified, notably within the medium roast category, where three 
instances were inaccurately predicted as either light or dark. Notwithstanding this slight diminution in 
performance, the model illustrated robust generalization capabilities across datasets with distinct 
characteristics. These findings underscore the Xception-based CNN's efficacy and resilience in the 
automation of post-roasting coffee bean classification. 

 

 
Figure 7. 
Confusion Matrix for Xception with Self-Collected Dataset. 

 
Table 3. 
Classification Report for Xception with Self-Collected Dataset. 

Class Precision Recall F1-Score Support 
Dark 0.99 1.00 1.00 107 
Green 1.00 1.00 1.00 107 

Light 0.98 1.00 0.99 107 
Medium 1.00 0.97 0.99 107 

Accuracy - - 0.99 428 
Macro Avg 0.99 0.99 0.99 428 

Weighted Avg 0.99 0.99 0.99 428 
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3.2. EfficientNetB0 
The EfficientNetB0 model exhibited exceptional efficacy in the classification of post-roasting coffee 

bean imagery. Within the Kaggle dataset, the model secured a flawless accuracy rate of 100%, with 
every test instance accurately categorized into the four distinct roast classifications: green, light, 
medium, and dark. The confusion matrix is shown in Figure . From the classification report shown in 
Table , the precision, recall, and F1-score for each category were uniformly recorded at 1.00, thereby 
signifying that the model has impeccably assimilated the distributional and visual attributes of the 
dataset. The confusion matrix indicated an absence of misclassifications, while the accuracy and loss 
trajectories illustrated a consistent and stable learning trajectory throughout the training phase. 
 

 
Figure 8. 
Confusion Matrix for EfficientNetB0 with Kaggle Dataset. 

 
Table 4. 
Classification Report for EfficientNetB0 with Kaggle Dataset. 

Class Precision Recall F1-Score Support 
Dark 1.00 1.00 1.00 100 

Green 1.00 1.00 1.00 100 
Light 1.00 1.00 1.00 100 

Medium 1.00 1.00 1.00 100 

Accuracy - - 1.00 400 
Macro Avg 1.00 1.00 1.00 400 

Weighted Avg 1.00 1.00 1.00 400 

 
Upon assessment with the self-collected dataset, which comprised images procured via flatbed 

scanning under meticulously controlled lighting conditions, the EfficientNetB0 model sustained its 
robust performance. It achieved a classification accuracy rate of 99.07%, with the majority of classes 
displaying near-optimal precision and recall metrics. Confusion matrix in Figure  shows that a minimal 
number of misclassifications were noted, primarily involving medium roast beans being erroneously 
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categorized alongside adjacent roast classifications. Based on the classification report in Table , the 
model demonstrated impeccable precision, recall, and F1-score of 1.00 for the green roast category, 
whereas the light and dark roast classifications also exhibited commendable outcomes with F1-scores of 
0.99. The medium roast classification, however, exhibited a marginally diminished performance, 
characterized by a precision of 0.98, a recall of 0.98, and an F1-score of 0.98, attributable to minor 
misclassifications involving adjacent roast categories. Notwithstanding the slight decline in accuracy 
relative to the Kaggle dataset, the model preserved a commendable degree of generalization, thus 
exhibiting its resilience to variations in image quality and acquisition methodologies. These findings 
substantiate that EfficientNetB0 constitutes a highly dependable and efficient framework for the 
automation of roast-level classification of coffee beans across varying contexts. 

 

 
Figure 9. 
Confusion Matrix for EfficientNetB0 with Self-Collected Dataset. 

 
Table 5. 
Classification Report for EfficientNetB0 with Self-Collected Dataset. 

Class Precision Recall F1-Score Support 
Dark 1.00 0.98 0.99 107 

Green 1.00 1.00 1.00 107 
Light 0.98 1.00 0.99 107 

Medium 0.98 0.98 0.98 107 
Accuracy - - 0.99 428 

Macro Avg 0.99 0.99 0.99 428 
Weighted Avg 0.99 0.99 0.99 428 

 
3.3. Residual Networks (ResNet) 

In the Kaggle dataset, the ResNet50V2 architecture exhibited remarkable efficacy, attaining an 
overall classification accuracy of 99.25%, which is closely aligned with the performance exhibited by the 
Xception-based CNN and the EfficientNetB0 models, both of which reached a perfect accuracy of 100%. 
Figure  shows the confusion matrix, and  Table  presents the classification report. The ResNet50V2 
model achieved near-optimal precision, recall, and F1-scores across all four levels of roast, with only 3 
instances of misclassification recorded. The confusion matrix corroborated that this model was 



633 

 

 

Edelweiss Applied Science and Technology 
ISSN: 2576-8484   

Vol. 9, No. 8: 624-640, 2025 
DOI: 10.55214/2576-8484.v9i8.9393 
© 2025 by the authors; licensee Learning Gate 

 

exceptionally adept at discerning the nuanced color and texture distinctions between green, light, 
medium, and dark roasted coffee beans. Although ResNet50V2 fell slightly short of the impeccable 
predictions demonstrated by Xception and EfficientNetB0, the disparity observed was minimal and 
statistically negligible for practical applications. Nevertheless, the marginally lower accuracy implies 
that ResNet50V2 may exhibit heightened sensitivity to finely delineated class boundaries, particularly 
in contrast to EfficientNetB0, which incorporates compound scaling to achieve a harmonious balance of 
depth and resolution, or Xception, which employs depthwise separable convolutions to facilitate efficient 
feature extraction. In general, ResNet50V2 remains a robust candidate for tasks related to roast-level 
classification, particularly when utilized with structured datasets characterized by minimal variability. 

 

 
Figure 10. 
Confusion Matrix for ResNet50V2 with Kaggle Dataset. 

 
Table 6. 
Classification Report for ResNet50V2 with Kaggle Dataset. 

Class Precision Recall F1-Score Support 
Dark 1.00 0.98 0.99 100 

Green 1.00 1.00 1.00 100 
Light 1.00 0.99 0.99 100 

Medium 0.97 1.00 0.99 100 
Accuracy - - 0.99 400 

Macro Avg. 0.99 0.99 0.99 400 

Weighted Avg. 0.99 0.99 0.99 400 

 
When evaluated utilizing the self-collected dataset, the ResNet50V2 model attained a diminished 

classification accuracy of 95.09%, signifying a substantial decrease relative to its 99.25% accuracy on the 
Kaggle dataset. Table 7 shows the classification reports. Although the model preserved a commendable 
overall performance, the precision, recall, and F1-scores for specific classes, particularly the medium and 
light roast category, experienced a decline. The confusion matrix in Figure 11 disclosed that the 
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majority of misclassifications involved medium roast beans being erroneously categorized as either light 
or dark roasts, likely attributable to the visual resemblances between neighboring roast categories. 
Meanwhile, a number of misclassifications also involve light roast beans being erroneously classified as 
medium and green classes. This reduction accentuates ResNet50V2’s susceptibility to data variability, as 
the self-collected dataset encompassed diverse imaging conditions, including scanning as opposed to 
conventional photography and a broader range of bean appearances. In contrast to its performance on 
the well-structured and uniformly illuminated Kaggle dataset, ResNet50V2 exhibited challenges in 
sustaining an equivalent level of generalization with less standardized inputs. This disparity indicates 
that, as opposed to EfficientNetB0 and Xception, which maintained high accuracy across both datasets, 
ResNet50V2 may necessitate supplementary preprocessing or fine-tuning to adapt proficiently to real-
world variations in image data. 
 

 
Figure 11. 
Confusion Matrix of ResNet50V2 with Self-Collected Dataset. 

 
Table 7. 
Classification Report for ResNet50V2 with Self-Collected Dataset. 

Class Precision Recall F1-Score Support 
Dark 0.99 0.97 0.98 107 

Green 0.96 0.99 0.98 107 

Light 0.93 0.91 0.92 107 
Medium 0.92 0.93 0.93 107 

Accuracy - - 0.95 428 
Macro Avg 0.95 0.95 0.95 428 

Weighted Avg 0.95 0.95 0.95 428 

 
3.4. Visual Geometry Group (VGG16) 

The VGG16 architecture attained an admirable accuracy rate of 95.5% on the Kaggle dataset, 
effectively categorizing the predominant portion of coffee bean images across the four distinct roasting 
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levels. The confusion matrix and classification report for VGG16 are shown in Figure 12 and Table 8, 
respectively. Although this level of performance suggests that VGG16 possesses the capability to 
undertake the classification task, it fell short compared to the other models analyzed in this research. In 
contrast, both Xception and EfficientNetB0 achieved an impeccable accuracy of 100%, whereas 
ResNet50V2 recorded an accuracy of 99.25%, thereby significantly surpassing VGG16 in terms of 
overall metrics such as precision, recall, and the F1-score. The analysis of the confusion matrix for 
VGG16 uncovered numerous misclassifications, especially within the medium and dark roast categories, 
where the visual distinctions tend to be nuanced and necessitate a more sophisticated feature extraction 
process. This disparity in performance can be ascribed to VGG16's comparatively antiquated 
architecture, which does not incorporate the depth and efficiency provided by the residual connections 
found in ResNet, nor the compound scaling and separable convolutions utilized by EfficientNetB0 and 
Xception, respectively. Nonetheless, while VGG16 has demonstrated itself to be a dependable and 
straightforward model for image classification tasks, its shortcomings become evident in nuanced 
applications such as roast-level classification, wherein more contemporary architectures exhibit 
enhanced accuracy and generalization capabilities. 
 

 
Figure 12. 
Confusion Matrix for VGG16 with Kaggle Dataset. 

 
Table 8. 
Classification Report for VGG16 with Kaggle Dataset. 

Class Precision Recall F1-Score Support 
Dark 0.95 0.94 0.94 100 

Green 0.98 1.00 0.99 100 
Light 1.00 0.93 0.96 100 

Medium 0.90 0.95 0.92 100 
Accuracy - - 0.95 400 

Macro Avg 0.96 0.96 0.96 400 

Weighted Avg 0.96 0.95 0.96 400 
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Upon assessment utilizing the self-compiled dataset, the VGG16 model attained a classification 

accuracy of 92.53%, which is marginally inferior to its efficacy on the Kaggle dataset, where it achieved 
an accuracy of 95.5%. This decline in accuracy underscores the model's constrained capacity to 
generalize across datasets that exhibit disparate characteristics. The self-compiled dataset introduced 
increased variability in the appearance of beans, background texture, and the method of image 
acquisition (scanner-based imaging), which likely posed challenges to VGG16’s relatively shallow and 
static architecture. The confusion matrix in Figure 13 indicated a heightened incidence of 
misclassifications, particularly among medium roast beans, which were frequently misidentified as light 
or dark roasts due to their visual similarities. In comparison to its performance on the more uniform 
Kaggle dataset, VGG16 demonstrated heightened sensitivity to variations in imagery and encountered 
difficulties in sustaining consistent precision and recall across all classifications. These results 
substantiate the premise that while VGG16 may exhibit commendable performance under controlled 
circumstances, it lacks the adaptability and resilience of more sophisticated models such as Xception and 
EfficientNetB0, both of which have exhibited superior generalization capabilities and elevated accuracy 
on the self-compiled dataset. The classification report in Table 9 shows lower precision, recall, and F1-
score values for VGG16, when comparing to the performance results of other models. 

 

 
Figure 13. 
Confusion Matrix for VGG16 with Self-Collected Dataset. 

 
Table 9. 
Classification Report for VGG16 with Self-Collected Dataset. 

Class Precision Recall F1-Score Support 
Dark 0.99 0.87 0.93 107 

Green 0.95 0.99 0.97 107 
Light 0.91 0.94 0.93 107 

Medium 0.86 0.90 0.88 107 
     

Accuracy - - 0.93 428 
Macro Avg 0.93 0.93 0.93 428 

Weighted Avg 0.93 0.93 0.93 428 
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4. Comparative Analysis 
The comparative analysis of the performance of four deep learning architectures, particularly 

Xception, EfficientNetB0, ResNet50V2, and VGG16, demonstrates significant variations in their 
classification efficacy when assessed using both the Kaggle dataset and the self-acquired dataset. A 
comparative analysis of the four models is presented in Table 10, summarizing their performance on 
both datasets. 
 
Table 10. 
Performance Summary for Different Models. 

Model Dataset Accuracy Precision Recall F1-Score Misclassification 
Xception Kaggle 100.00% 1.00 1.00 1.00 0 

 Self-Collected 99.30% 0.99 0.99 0.99 3 
EfficientNetB0 Kaggle 100.00% 1.00 1.00 1.00 0 

 Self-Collected 99.07% 0.99 0.99 0.99 4 

ResNet50V2 Kaggle 99.25% 0.99 0.99 0.99 3 
 Self-Collected 95.09% 0.95 0.95 0.95 21 

VGG16 Kaggle 95.50% 0.96 0.96 0.96 18 
 Self-Collected 92.53% 0.93 0.93 0.93 33 

 
In the context of the Kaggle dataset, characterized by high-resolution, uniformly illuminated images 

captured via smartphone under controlled conditions, both Xception and EfficientNetB0 attained a 
flawless accuracy of 100%, exhibiting perfect precision, recall, and F1-scores across all four roast 
classifications: green, light, medium, and dark. These findings signify impeccable classification 
performance, with no misclassifications discerned within the confusion matrices.  

ResNet50V2 demonstrated a commendable performance, achieving a marginally lower accuracy of 
99.25%. The model misclassified merely a single instance, reflecting commendable, albeit not flawless, 
performance. It sustained high precision and recall metrics across all categories; however, it exhibited a 
slight deficiency in capturing the nuanced distinctions between visually similar roast levels when 
juxtaposed with Xception and EfficientNetB0. This minor disparity suggests that while ResNet50V2 is 
proficient, its architectural design may not be as finely tuned for this specific application as the 
compound scaling of EfficientNetB0 or the depthwise separable convolutions utilized by Xception. 

Conversely, VGG16 exhibited a markedly reduced accuracy of 95.5%. A number of misclassifications 
were noted, particularly within the medium and dark roast classifications, where the differences in color 
and texture are subtle. This diminished performance underscores the inherent limitations associated 
with VGG16’s antiquated architecture, which is deficient in depth, residual connections, and parameter 
efficiency when compared to the other models. Although still functional, VGG16 did not perform at the 
same caliber as the more sophisticated networks on this rigorously structured dataset. 

When evaluated on the self-collected dataset, which introduced increased variability regarding 
image acquisition (utilizing a flatbed scanner), background uniformity, and real-world noise, the models 
exhibited significantly more marked discrepancies in their generalization capabilities. 

Xception and EfficientNetB0 consistently demonstrated robust performance, with Xception 
attaining an accuracy of 99.3% and EfficientNetB0 achieving 99.07%. Both models sustained elevated 
levels of precision, recall, and F1-scores across all roast classifications, although a limited number of 
misclassifications were noted, predominantly within the medium roast category, which was occasionally 
misidentified as light or dark roasts. Notwithstanding this minor deterioration from the flawless 
outcomes observed on the Kaggle dataset, the performance continued to be remarkably dependable, 
underscoring the models' resilience to novel data conditions. 

Conversely, ResNet50V2 encountered a more substantial decline in accuracy, reducing to 95.09%. 
While it still demonstrated satisfactory performance, the frequency of misclassifications rose, 
particularly within the medium roast category. This reduction indicates that ResNet50V2 exhibits 
heightened sensitivity to fluctuations in imaging conditions and may necessitate additional data 
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augmentation or fine-tuning to adapt proficiently. The disparity between its performance on the Kaggle 
dataset and that on the self-collected dataset highlights its dependence on consistent feature 
representations, which were more readily captured in the standardized Kaggle dataset. 

VGG16 exhibited the most pronounced decline, with its accuracy diminishing to 92.53% on the self-
collected dataset. The confusion matrix illustrated a more extensive distribution of errors, with 
misclassification of roast levels occurring with greater frequency than observed in the Kaggle 
evaluation. This finding further accentuates VGG16’s deficiencies in generalization, particularly in real-
world contexts where image quality and conditions exhibit greater variability. Its comparatively 
shallow architecture and dependence on fixed convolutional blocks render it less adaptable in 
comparison to other more contemporary and deeper neural networks. 

In general, both Xception and EfficientNetB0 emerged as the foremost performers across the two 
datasets, exhibiting not only remarkable accuracy but also significant generalization capabilities across 
varied image sources. ResNet50V2 demonstrated commendable performance on the Kaggle dataset; 
however, it exhibited greater difficulty when confronted with variability in the self-collected dataset, 
thereby suggesting certain limitations in its robustness. VGG16, although providing essential 
functionality, consistently attained the lowest rankings in both contexts, thereby underscoring the 
performance disparity between traditional architectures and contemporary deep learning models. These 
observations imply that for practical implementation in the classification of post-roasting coffee beans, 
models such as EfficientNetB0 and Xception are preferable due to their adaptability, precision, and 
efficiency. 
 

5. Conclusion 
This research investigated the efficacy of four advanced deep learning architectures, namely 

Xception, EfficientNetB0, ResNet50V2, and VGG16, in the classification of post-roasting coffee beans 
into four discrete roast categories: green, light, medium, and dark. The evaluation of the models was 
conducted using two datasets: a publicly accessible Kaggle dataset and a self-collected dataset reflecting 
real-world variabilities. The findings revealed that both Xception and EfficientNetB0 attained superior 
performance across both datasets, achieving perfect accuracy on the Kaggle dataset and exceeding 99 
percent accuracy on the self-compiled dataset. Furthermore, these models exhibited robust 
generalization capabilities, rendering them exceptionally suitable for practical implementation in 
automated systems for coffee quality assessment. 

ResNet50V2 also demonstrated commendable performance, particularly on the Kaggle dataset; 
however, it displayed a more pronounced decline in accuracy when assessed on the self-collected dataset, 
thereby indicating a necessity for enhanced optimization in variable environments. VGG16, although 
operationally adequate under controlled settings, consistently yielded lower accuracy and reflected 
limited robustness, thereby underscoring the architectural constraints of older convolutional networks 
in fine-grained classification endeavors. 

In summary, this research substantiates that contemporary deep learning architectures, particularly 
Xception and EfficientNetB0, possess the potential to significantly augment both the accuracy and 
efficiency of coffee bean roast-level classification. Their application could diminish dependence on 
manual inspection, enhance quality control methodologies, and foster greater consistency in coffee 
production. Future research may entail the expansion of the dataset, the inclusion of supplementary 
roast attributes such as texture and surface imperfections, and the deployment of these models within 
real-time quality monitoring frameworks. 
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