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Abstract

Coffee bean production can encounter challenges due to fluctuations in global coffee prices, impacting the economic
stability of some countries that heavily depend on coffee production. The primary objective is to evaluate how effectively
various pre-trained models can predict coffee types using advanced deep learning techniques. The selection of an optimal
pre-trained model is crucial, given the growing popularity of specialty coffee and the necessity for precise classification.
We conducted a comprehensive comparison of several pre-trained models, including AlexNet, LeNet, HRNet, Google Net,
Mobile V2 Net, ResNet (50), VGG, Efficient, Darknet, and DenseNet, utilizing a coffee-type dataset. By leveraging
transfer learning and fine-tuning, we assess the generalization capabilities of the models for the coffee classification task.
Our findings emphasize the substantial impact of the pre-trained model choice on the model’s performance, with certain
models demonstrating higher accuracy and faster convergence than conventional alternatives. This study offers a thorough
evaluation of pre-trained architectural models regarding their effectiveness in coffee classification. Through the evaluation
of result metrics, including sensitivity (1.0000), specificity (0.9917), precision (0.9924), negative predictive value (1.0000),
accuracy (1.0000), and F1 score (0.9962), our analysis provides nuanced insights into the intricate landscape of pre-trained

models.
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1 Introduction

Coffee beans classification performs a required role in the
coffee industry, as it impacts the quality and flavor profile
of the final product [1-5]. Accurate classification of coffee
beans allows producers to make informed decisions,
ensuring an improved product for the end customer. There
are farmers’ efforts in manual methods for detecting coffee
diseases, along with significant financial investment in
training for this purpose [6-8]. Coffee production is sen-
sitive to global price fluctuations, impacting economics and
stability of countries dependent on this precious com-
modity. The rise of specialty coffee has transformed coffee
consumption into a sensory experience, necessitating
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precise classification and differentiation of coffee types to
meet the demand of coffee enthusiasts and connoisseurs.
Deep learning (DL) is a subfield of artificial intelligence
(AD) that has made significant advancements in the com-
puter vision (CV) field, enabling the development of sev-
eral. The Adam optimizer is applied to pre-trained models
[9-17]. Its adaptive learning rate and momentum parame-
ters enable efficient converging to optimal solutions, nav-
igating complex models and enhancing their performance.

The prominent optimizer in the training of pre-trained
models plays a crucial role in optimizing the process to
adjust learning rates per parameter, is a popular choice for
fine-tuning pre-trained models for various applications
[18-29].

The versatile and robustness of this tool in optimizing
pre-trained architectures make it a valuable tool for deep
learning practitioners to utilize pre-trained models for
various tasks [30-34]. It is critical to accurately predict
coffee types to ensure the quality and consistency of the
final product and investigate the impact of pre-trained
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models on the accuracy and efficiency of predicting coffee
types, highlighting the growing demand for specialty cof-
fee and the need for precise classification. We use transfer
learning and fine-tuning techniques to evaluate pre-trained
models and identify their strengths and weaknesses. The
trained methods may lead to incorrect findings, potentially
using the wrong pesticides to treat diseases, causing envi-
ronmental degradation rather than treating the issue
[35, 36]. We explore the impact of pre-trained models on
coffee type prediction accuracy and efficiency using deep
learning techniques, focusing on transfer learning, and fine-
tuning [37]. In this study, we investigate the effect of
selecting different pre-trained models on the performance
of a coffee-type prediction system. We compare various
state-of-the-art pre-trained models, such as VGG, ResNet,
and MobileNet, and analyze their impact on the overall
accuracy, training time, and computational resources
required for predicting coffee types [38—42]. We proposed
the use of deep learning techniques and transfer learning to
predict coffee types and compared the performance of
various pre-trained models that evaluate coffee classifica-
tion models’ generalizability and identifies pre-trained
models for higher accuracy and convergence, benefiting
coffee producers and processors to enhance classification
systems and economic stability as shown in Fig. 1 [43—46].
The main study contributions are:

1. Exploring the importance of selecting the right pre-
trained deep learning model for accurately classifying
specialty coffee types, emphasizing the need for
precise classification.

2. Comparing various pre-trained models like AlexNet,
LeNet, HRNet, GoogleNet, MobileNetV2, ResNet-50,
VGG, EfficientNet, Darknet, and DenseNet to under-
stand their strengths and weaknesses for specific coffee
classification tasks.

3. Employing transfer learning and fine-tuning techniques
to evaluate the generalizability of models for coffee
classification, utilizing pre-existing knowledge from
large datasets.

4. providing clear performance findings on pre-trained
models for coffee classification, offering recommen-
dations for future coffee-related applications and
guiding the selection process.

5. Enhancing the performance of pre-trained models,
resulting in more accurate and efficient classification of
coffee types depending on Adam optimizer.

The following is how the remaining study is structured.
Section 2 commonly presents related works. The method-
ology is presented in Sect. 3. In Sect. 4, experimental
evaluation is offered. In Sect. 5, Conclusion and Discus-
sion is provided.
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2 Related works

Pre-trained models, trained on large datasets, may have
limitations like inability to handle new data types or certain
tasks, and may not be optimal for specific tasks due to their
training conditions [47-50]. In this section, we present
common related works of pre-trained models for computer
vision tasks. Researchers are focusing on pre-trained model
types, which are trained on large datasets, saving time and
resources are illustrated in Table 1. Esgario et al. [6] sug-
gested a powerful and useful method that could recognize
and gauge the level of stress that biotic agents on coffee
leaves were causing. A multitask system built on convo-
lutional neural networks makes up the suggested method.
They have also investigated using data augmentation
techniques to strengthen and improve the system. The
accuracy of the suggested system’s ResNet50 architecture-
based computational trials was 95.24%. When classifying
flaws in coffee beans, Chang et al. [7] suggest a technique
that has been proven to lessen prejudice. The proposed
model had a 95.2% detection accuracy rate. The accuracy
rate reached 100% when the model was restricted to defect
detection. To develop an automated system, Sorte et al. [8]
suggest a technique for employing computational approa-
ches to identify serious diseases in coffee leaves. Expert
method to help coffee growers identify diseases in their
early phases. Due to the shapelessness of these two dis-
eases, a texture attribute extraction approach for pattern
recognition is inspired. Using the suggested layer, Novta-
haning et al. [9] describe an ensemble strategy for DL
models. Selecting three models that excel at classification
and joining them to create an ensemble architecture that is
then fed to classifiers to decide the output. To improve the
quality and expand the data sample’s size, a data pre-pro-
cessing and augmentation procedure is also used [51, 52].
By achieving 97.31% validation, the suggested ensemble
architecture exceeded other cutting-edge neural networks
in performance. Velasquez et al. [10] propose an experi-
ment employing a Coffee Leaf Rust development stage
diagnostic model in the Coffea arabica, Caturra variety,
and scale crop using wireless sensor networks, remote
sensing, and DL techniques. An Fl-score of 0.775 was
attained by diagnostic model. Gope et al. [11] propose a
deep neural network model to classify green coffee beans
with multi-label properties. The model, modified from the
EfficientNet-B1 model, uses branches to correspond to
each defect after feature extraction layers. This improved
overall performance by an fl-score of 0.8229, compared to
the single EfficientNet-B1 model. liang et al. [13] aim to
develop an automated coffee bean inspection system using
YOLOvV7 and a convolutional neural network (CNN). The
system classifies coffee beans into broken, insect-infested,
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Fig. 1 The general architecture for the study

and mold categories using transfer learning. The YOLOV7
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L o \"\,
/ \
|
Methodology i
_____________ o
; c ataset / \
R
a0 Sk
T
&
[
|
|
|
!
L Coffee Dataset /J I
S O —1 |
\'\. A I
P — N |
7 N 4
1‘/ E’x |
i Inpu /Q . gi I
0O g
! [
NS - &
! [
! -
} 1. Residual Architecture : i
i 2. VGG Architecure ]
i 3. DenseNet Architecure I
I 4. AlexNet Architecture ! |
{ 5. MobileNetV2 Architecture: |
i 6. Darknet-53 Architecture | |
| 7. EfficientNet Architecture | |
| 8. GoogLeNet Architecture | |
{ 9. CSPDarknet53 L
i Architecture : '
| 10. LeNet Architecture | I
@ 11. HRNet Architecture !
[ ~
! e
| !
igre-Trained Models Architecture | : :
I i |
\ : ]
e 4
N i i
/’/ \.\ |
Y — \ /.f N
L Evaluations | Y
W[ S ——— J i
Y J

determining if they are good or defective. The Dense-
Net201 model achieves an accuracy of 98.97% in
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Table 1 The related work in the ResNet (50) architecture

Year References Task Dataset Metrics

2023 Hsia et al. [20] Quality Detection of Green Coffee Green Coffee Beans Accuracy: 98.38%, F1 Score: 98.24%
2023 Chen et al. [19] Coffee Bean Classification Two Types of Coffee Beans F1-Score: 97.21%

2023 Ke et al. [18] Coffee Bean Defect Detection Coffee Bean Images Accuracy (F1 Score): 98%

2023 liang et al. [13] Coffee Bean Inspection Images of coffee beans Accuracy: 98.97%

2023 Gope et al. [11] Distinguishing Coffee Bean Categories Lab* color model Recognition Rate: 0.81 (for the test set)
2022 Novtahaning et al. [9] Ensamble model Coffee dataset Imagenet Accuracy = 97.31%

2021 Chang et al. [7] CNN Coffee dataset Accuracy = 90.2%

2020 Esgario et al. [6] Transfer Learning Leaf dataset Accuracy = 95.63%

2020 Velasquez et al. [10] DL model Coffee Leaf Database Fl-score = 0.775%

2019 Sorte et al. [8] DL model Coffee Leaf Database Sensitivity = 0.980

classifying defective coffee beans. Ke et al. [18] explore
deep convolutional neural networks (DCNNs) are proposed
for capturing coffee bean images, with results showing
98% accuracy. The lightweight model, with around
250,000 parameters, is practical due to its low cost. Chen
et al. [19] suggest a model architecture that combines semi-
supervised learning and attention mechanisms, combining
explainable consistency training and a directional attention
algorithm to improve prediction ability and achieve an F1-
score of 97.21%.Hsia et al. [20] propose a lightweight deep
convolutional neural network (LDCNN) for detecting
quality in green coffee beans. The model combines DSC,
SE block, and skip block frameworks, and includes recti-
fied Adam, lookahead, and gradient centralization to
improve efficiency. The model’s local interpretable model-
agnostic explanations (LIME) model is used to explain
predictions. Experimental results show an accuracy rate of
98.38% and F1 score of 98.24%, resulting in lower com-
puting time and parameters.

Esgario et al.’s approach using a multitask system based
on convolutional neural networks (CNNs) for stress
detection in coffee leaves presents an advantage in its
focused application. Nevertheless, a potential drawback
lies in its limited scope, as the model may not excel in tasks
beyond the detection of stress in biotic agents. Chang
et al.’s model for defect detection in coffee beans
demonstrates reduced bias and achieves high detection
accuracy. However, its drawback lies in its restricted scope,
optimized primarily for defect detection and possibly
lacking generalization to other tasks [6]. Sorte et al.’s
computational approach for disease identification in coffee
leaves using expert methods is advantageous. However, it
is limited to early-phase diseases, potentially struggling
with the identification of late-stage diseases [8]. Novta-
haning et al.’s ensemble strategy, combining three models
for improved classification, demonstrates enhanced
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performance. However, its drawback lies in its increased
complexity, which may be computationally demanding [9].
Velasquez et al.’s diagnostic model integrating wireless
sensor networks, remote sensing, and deep learning for
Coffee Leaf Rust presents advantages in technology inte-
gration. However, the limited F1-score achieved indicates a
potential need for improved diagnostic accuracy [10]. Gope
et al.’s model for multi-label classification of green coffee
beans using branches presents improved performance.
However, its specificity to green beans may limit its opti-
mality for other types or stages of coffee beans [11]. Liang
et al.’s system integrating YOLOv7 and a convolutional
neural network for coffee bean classification is advanta-
geous in its integration of image recognition models.
However, its limitation lies in focusing on specific defect
categories (broken, insect-infested, and mold), potentially
overlooking other defects. Sim et al.’s approach using
hyperspectral imaging for rapid and non-destructive origin
classification offers advantages. However, its dependency
on this technology may limit its universal applicability
[13]. While pre-trained models offer efficiency gains in
various coffee-related applications, their limitations high-
light the importance of choosing or adapting models based
on the specific requirements of the task at hand.

3 Methodology

In this study, we apply a several pre-trained architectures to
classify images of coffee beans by using the Coffee Bean
Dataset, which contains images of various types of coffee
beans [53-55]. The purpose of this comparison is focusing
on the strength and weakness of this architecture. This
section describes the details of the CNNs implemented for
coffee-type classification.
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This study concentrates on finding the most appropriate
pre-trained CNN model. The entire procedure is divided
into four basic steps: data acquisition, data training, data
classification, and data evaluation, which are detailed
below.

3.1 Data acquisition

The Coffee Bean Dataset is a collection of information
about coffee beans from around the world that is shown in
Fig. 2. It includes data on the origin, type, and flavor
profile of each bean, as well as information on the growing
conditions and processing techniques used to produce
them. The images are automatically collected and saved in
PNG format, with 4800 images in total, classified into 4
degrees of roasting, with 1200 images under each degree
that are illustrated in Table 2. We went with the Coffee
Bean Dataset for our study because it’s got a solid stash of
details about coffee beans from all sorts of places world-
wide. We wanted to dig into the specifics of various coffee
beans—where they come from, what kind they are, their
flavor, how they grow, and how they’re processed. The
idea is to get down to the nitty—gritty and find patterns and
insights that help us grasp what factors play into the unique
characteristics of coffee beans [1]. The way the dataset is
so neatly organized, with a whopping 4800 images in PNG
format, gives us a real treasure trove of visual data. We
took it a step further and sorted the beans into four roasting
levels, making it a cool 1200 images for each level. This
not only lets us dig into how roasting changes the look of
the beans but also opens the door for a more detailed
analysis of the flavors linked to each roasting level. The
Coffee Bean Dataset fits like a glove with what we’re

Fig. 2 Coffee dataset samples
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Table 2 Coffee dataset structure

Classes Folder Number of Images
Dark Training 300
Green 300
Light 300
Medium 300
Dark Testing 100
Green 100
Light 100
Medium 100
Total 1600

trying to do in our study. We’re all about exploring how the
characteristics of coffee beans connect to how they look,
and at the same time, we’re checking out how different
roasting levels shake up their flavors. This alignment is
key—it makes the dataset super relevant, ensuring our
study can draw some real-deal conclusions that add to the
bigger picture of understanding coffee bean traits [9].

3.2 Data training

In this phase, the training of the CNNs was carried out
through the dataset, ImageNet, with the objective of ini-
tializing the weights before the training on this coffee
dataset [56-58]. On the next stage, we showed the
advantage of transfer learning, which aims to transfer
knowledge from one or more domains and apply the
knowledge to another domain with a different target task
[59]. Fine-tuning is a transfer learning concept that consists
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of replacing the pre-trained output layer with a layer con-
taining the number of classes in the coffee dataset. The
main purpose of using pre-trained CNN models is related
to the fast and easy training of a CNN using randomly
initialized weights, as well as the achievement of lower
training errors than ANNs that are not pre-trained. The
performance of the following CNN architectures has been
evaluated for the coffee plant classification problem with
common pre-trained architectures.

3.2.1 AlexNet architecture

AlexNet consists of five convolutional layers and three
fully connected layers, with output fed into two fully
connected layers and a softmax classifier. The AlexNet
model uses the Rectified Linear Unit (ReLU), which is
applied to each of the first seven layers with architecture
equations [60]. It excels at learning complex features from
raw data, resists overfitting, and has a low computational
cost, but its main drawback is the high demand for labeled

data. We apply it to coffee classification with the following
steps, as shown in Algorithm 1.

3.2.2 CSPDarknet53 architecture

The CSPDarknet53 architecture, developed by Chinese
Academy of Sciences researchers, is a CNN based on
Darknet53, offering high object detection accuracy and
efficient computational resource utilization.

This architecture excels in object detection and image
classification, but has limitations like high training data
requirements, slow inference speed, and reliance on pre-
trained weights from ImageNet, making it unsuitable for
real-time applications and new datasets with architecture
equations [61]. Algorithm 2 illustrates the detailed steps for
coffee dataset with CSPDarknet53.

Algorithm 1 The Alexnet architecture for coffee image dataset

Input Data: The coffee input image as X, and Alexnet uses subscripts to indicate layer indices.

Alexnet architecture
1. Convolutional Layer 1:

Convolution: H; = ReLU (W; * X + b))

- Where:

- W, represents the convolutional kernel weights for the first layer.

- by is the bias term.

- ReLU is the rectified linear unit activation function.

2. Max-Pooling Layer 1:
- Max-Pooling: H2 = MaxPool(H;)
3. Convolutional Layer 2:

- Convolution: (H3 = ReLU (W2 * H2 + b2))

4. Max-Pooling Layer 2:
- Max-Pooling: H4 = MaxPool(H3)
5. Convolutional Layer 3:

- Convolution: H5 = ReLU (W3 * H4 + b3)

6. Convolutional Layer 4:

- Convolution: H6 = ReLU (W4 * H5 + b4)

7. Convolutional Layer 5:

- Convolution: H7 = ReLU (W5 * H6 + b5)

8. Max-Pooling Layer 3:
- Max-Pooling: H8 = MaxPool(H7)
9. Fully Connected Layer 1 (Flattening):

- Linear Transformation: H9 = ReLU (W6 * H8 + b6)

10. Fully Connected Layer 2:

- Linear Transformation: H/0 = ReLU (W7 * H9 + b7)

Output Fully Connected Layer 3:

- Linear Transformation: Y = W8 * H10+ b8
- Where Y represents the output logits, which can be used for coffee classification.
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Algorithm 2 The CSPDarknet53 architecture for coffee image dataset
Input Data: The coffee input image as X

CSPDarknet53 architecture

1. Convolutional Layers: CSPDarknet53 consists of multiple convolutional layers, typically
represented as:

Hl = Conv (Hl—l’Wl) + bl

where H; represents the feature maps at layer 1,
Conv denotes the convolution operation with weights W, and biases b,

2. Residual Connections: CSPDarknet53 include residual connections
that enable the network to learn residual functions:

Hy=FH_,W) + H
where F represents the residual mapping function.
3. Pooling Layers: Max-pooling layers are used for downsampling the feature maps.

Output: Fully Connected Layers: The final layers of the network are typically fully connected layers,
which can be represented as:

= WfC.Flatten (Hlast) Tr be

where Y represents the output logits for the four coffee classes, Wg and bg. are the weights,

and biases of the fully connected layer by using the softmax activation function is often applied to the logits
to obtain class probabilities:
Y'
. — e L
P(Class =i) = }%:1 o7

Its training process is time-consuming and computationally
expensive. Algorithm 3 illustrates the detailed steps for
coffee dataset with Darknet-53 with architecture equations
[62].

3.2.3 Darknet-53 architecture

Darknet-53, a 53-layer deep neural network developed by
Joseph Redmon and Ali Farhadi, is a highly accurate real-
time object detection method used in various applications.
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Algorithm 3 The Darknet-53 t architecture for coffee image dataset

Input Data: The coffee input image as X

Darknet-53 architecture

1. Convolutional Layers: Darknet-53 consists of multiple convolutional layers, typically represented

as:

Hl = Conv (Hl—lJ Wl) + bl

where Hrepresents the feature maps at layer [, Conv denotes the convolution operation ith weights

W, and biases b;.

2. Residual Connections: Darknet-53 includes residual connections that enable the network to learn

residual functions:

Hy = F (H-1,W) + Hi,

where F represents the residual mapping function.

3. Pooling Layers: Max-pooling layers are used for down-sampling the feature maps.

Fully Connected Layers (Output): The final layers of the network are typically fully connected layers, which

can be represented as:

Y = ch.Flatten (Hlast) + bfc

where Y represents the output logits for the four coffee classes, W, and by, are the weights and biases of the

fully connected layer.

3.2.4 DenseNet architecture

DenseNet is a feed-forward convolutional neural network
architecture, offering improved parameter efficiency,
reduced parameter number, and accuracy, making it ideal
for image classification tasks with fewer parameters. It
despite its limitations like increased memory usage and
slower training times, remains a powerful image classifi-
cation tool with numerous advantages over traditional
CNNs. Algorithm 4 illustrates the detailed steps for coffee
dataset with DenseNet with architecture equations [63].
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3.2.5 EfficientNet architecture

Google Al’s EfficientNet is an advanced CNN architecture
with improved accuracy, faster training times, and smaller
model sizes. It features AutoML for task-specific hyper-
parameter search, but its complexity is a disadvantage.
EfficientNet, despite its complexity and high computational
requirements, is an effective architecture for tasks like
image classification, object detection, and natural language
processing, offering high accuracy and efficiency, making
it an attractive choice for various applications. Algorithm 5
illustrates the detailed steps for coffee dataset with Effi-
cientNet with architecture equations [64].
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Algorithm 4 The DenseNet architecture for coffee image dataset
Input Data: The coffee input image as X'

DenseNet Architecture

1.Convolutional Layers (Dense Blocks): DenseNet consists of multiple dense blocks,
typically represented as:
H, = Concat(H,_,, Conv(H;_,W;) + b,

where H; represents the feature maps at layer [, Conv denotes the convolution operation with
weights W;and biases b;, and Concat represents concatenation along the channel axis.

2.Transition Layers: Transition layers are used to reduce the spatial dimensions of feature
maps and control the number of channels before entering the next dense block. They can
be represented as: H, = Conv (H,_,,W;) + b;
H, = AvgPool(H))
where AvgPool represents average pooling to down-sample the feature maps.

3.Fully Connected Layers (Output): The final layers of the network are typically fully
connected layers, which can be represented as:

Y = Wy Flatten (Hyqst) + byc
where Y represents the output logits for the four coffee classes, Wy and by are the weights
and biases of the fully connected layer and Flatten denotes the operation that flattens the
feature maps from the last dense block.

Algorithm 5 The EfficientNet architecture for coffee image dataset

Input Data: The coffee input image as X'

EfficientNet Architecture

1. Convolutional Blocks: EfficientNet consists of multiple convolutional blocks. Each
block typically involves depthwise separable convolutions and non-linear activations like
Swish:

H;, = DepthwiseSeparableConv(H;_,, W;) - Swish(H,)

where H represents the feature maps at layer [, DepthwiseSeparableConv denotes
depthwise separable convolutional operations with weights W, and Swish represents the
Swish activation function.
2. Global Average Pooling: After the convolutional blocks, global average pooling is
applied to reduce the spatial dimensions of the feature maps:

H; = GlobalAvg(H;)

Fully Connected Layer (Output): The final layers of the network are typically fully connected
layers, which can be represented as:

Y = ch Hlast + be
where Y represents the output logits for the four coffee classes, Wy, and by, are the weights and
biases of the fully connected layer.
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3.2.6 GoogLeNet architecture

GoogleNet uses an Inception module for multiple filters,
improving accuracy in input images. However, it has high
computational cost, training difficulties due to large layers,
and requires large data. Furthermore, it is not suitable for
real-time applications due to its complexity and slow
inference time. Algorithm 6 illustrates the detailed steps
for coffee dataset with GoogleNet with architecture
equations [65].

Algorithm 6 The GoogLeNet architecture for coffee image dataset

Input Data: The coffee input image as X'

Googl.eNet Architecture

1. Inception Module:

3.2.7 HRNet architecture

HRNet is a DL architecture enhancing image recognition
accuracy through hierarchical feature representation, cap-
turing high-level semantic information, robustness to noise,
and scalability but faces challenges like large training data
requirements and hyperparameter optimization difficulties.
It, despite its limitations in handling complex scenes and
data augmentation techniques, remains an attractive choice
for image recognition tasks due to its high accuracy and
scalability. Algorithm 7 illustrates the detailed steps for
coffee dataset with HRNet with architecture equations [66].

- An inception module typically consists of four parallel paths for feature extraction:

a. 1x1 Convolution Path:

Hixq = Convy (X, Wixr) + b1y
where Conv,,denotes 1x1 convolution with weightsW, ., and biases by .
b. 1x1 Convolution followed by 3x3 Convolution Path:

Hix1-3x3 = ConVysq (X, Wisq_3x3) + b1x1-3x3
Hyg = Convsys(Hix1—3x3, Waxs) + bsxs
where Conv,y,, and Convs,; are 1x1 and 3x3 convolutions, respectively.
c._Convolution followed by 5x5 Convolution Path:

Hix1-5x5 = CONVysq (X, Winq_sx5) + brxq-sxs
Hsys = Convgys(Hix1-s5xs, Waxs) + Dsys

where Convy,, and Convs,s are 1x1 and 5x5 convolutions, respectively.

d. Max-Pooling Path:

Hinaxpool = MaxPool(X)

- After feature extraction from each path, the results are concatenated along the
channel axis to form the output of the inception module.

2. Multiple Inception Modules:

- GoogleNet uses multiple inception modules in sequence to extract hierarchical
features at different scales and complexities.

Fully Connected Layer (Output):

- The final output of the inception modules is typically connected to a fully connected layer for

classification: Y = Wpe.Higse + byc

where Y represents the output logits for the four coffee classes, Wr.and by, are the weights

and biases of the fullv connected laver.
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Algorithm 7 The HRNet architecture for coffee image dataset

Input Data: The coffee input image as X

HRNet Architecture
1. High-Resolution Convolution Blocks:

coffee dataset with Residual Network with architecture
equations [67].

- The feature maps as H, for different scales [

- Each convolution block involves a series of operations, including convolution, batch
normalization, and activation functions like ReLU. These operations can be represented as:

H, = ReLU(BN(Conv(H;, w;) + H,

where H, represents the feature maps at scale [, Conv denotes the convolution operation with
weights w;and biases b;, BN represents batch normalization, and ReLU represents the rectified

linear unit activation function.

2. High-Resolution Feature Fusion:

The fusion process can be represented as:

Hgysion = concat(BN + Hy)
where Hpygionis the fused feature representation, and concat denotes concatenation along the

channel axis.

Fully Connected Layer (Output):

- The fused high-resolution feature representation is typically connected to a fully connected layer for

classification:

Y = ch-Hlast + be

where Y represents the output logits for the four coffee classes, Wy.and by are the weights and biases

of the fully connected layer.

3.2.8 Residual network

ResNet-50 is a complex architecture that can learn complex
features from large datasets with fewer parameters, but it
can be computationally expensive and difficult to interpret.
Additionally, ResNet-50 may not be suitable for certain
types of tasks such as image generation or natural language
processing due to its limited capacity for learning abstract
features. Algorithm 8 illustrates the detailed steps for

3.2.9 VGG architecture model

VGG is a widely used technique for object detection,
image segmentation, and facial recognition, renowned for
its high accuracy in recognizing complex patterns in ima-
ges. VGG has limitations, including the need for large
amounts of data for training and its computational cost due
to its numerous parameters. Algorithm 9 illustrates the
detailed steps for coffee dataset with VGG Network with
architecture equations [68].
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Algorithm 8 The Residual architecture for coffee image dataset
Input Data: The input image as X.

VGG Architecture
1. Convolutional Layers (Basic Building Block):
- ResNet-50 consists of multiple basic building, each block can be represented as:
H; = ReLU = (BN (Conv(H;_,,W;) + b,

where H, represents the feature maps at layer [, Conv denotes the convolution
operation with weights W, and biases b;, BN represents batch normalization.
2. Residual Blocks:
- ResNet-50 introduces residual blocks, which contain multiple basic building
blocks in a residual fashion. A residual block can be represented as:
H, = Block(H,_,{W;})
where Block represents a sequence of basic building blocks, and {W;}) denotes
the set of weights for the blocks.
3. Pooling Layers:
- Pooling layers are used for down-sampling the feature maps.
Fully Connected Layer (Output):
- The final layers of ResNet-50 are typically fully connected layers, which can be
represented as: Y = Wy Flatten (Hygs) + byc
where Y represents the output logits for the four coffee classes, Wy, and by are the
weights and biases of the fully connected layer.

Algorithm 9 The VGG architecture for coffee image dataset
Input Data: The input image as X.

VGG Architecture
1. Convolutional Layers (Basic Building Block):
- ResNet-50 consists of multiple basic building, each block can be represented as:
H; = ReLU = (BN (Conv(H;_,,W;) + b,

where H, represents the feature maps at layer [, Conv denotes the convolution
operation with weights W, and biases b;, BN represents batch normalization.
2. Residual Blocks:
- ResNet-50 introduces residual blocks, which contain multiple basic building
blocks in a residual fashion. A residual block can be represented as:
H, = Block(H,_,,{W;})
where Block represents a sequence of basic building blocks, and {W;}) denotes
the set of weights for the blocks.
3. Pooling Layers:
- Pooling layers are used for down-sampling the feature maps.
Fully Connected Layer (Output):
- The final layers of ResNet-50 are typically fully connected layers, which can be
represented as: Y = Wy Flatten (Hygs) + byc
where Y represents the output logits for the four coffee classes, Wy, and by are the
weights and biases of the fully connected layer.
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3.2.10 MobileNetV2 architecture

MobileNetV2 is computationally efficient and accurate
model suitable for mobile applications, with smaller data-
sets, making them ideal for real-world scenarios due to
their inverted residuals and linear bottlenecks. Mobile-
NetV1 and MobileNetV2 have limitations in scaling,
accuracy, computational efficiency, and tuning, and require
more tuning for optimal performance in complex tasks or
datasets. Algorithm 9 illustrates the detailed steps for
coffee dataset with MobileNetV2 Network with architec-

ture equations [68].
Algorithm 10 The MobileNetV2 architecture for coffee image dataset

Input Data: The input image as X.

MobileNetV2 Architecture
1. Depthwise Separable Convolution:

standardize the hyper-parameters across the experiments,
using the following hyper-parameters, which are described
in Table 3. DL has significantly advanced in many research
areas.

3.4 Data classification

The number of the classification output layer is equal to the
number of the classes. Then, each output has a different
probability for the input image because these kinds of
models can automatically learn features during the training
stage; then, the model picks the highest probability as its
prediction of the class. This phase determines which dis-

- MobileNetV2 primarily uses depthwise separable convolutions.

The operation can be represented as:

H, = DepthwiseConv(H;_1, Wyepthwise)

where H; represents the feature maps at layer [, DepthwiseConv denotes depthwise
convolution with weights Wyepihwise-
2. Batch Normalization and ReLLU Activation:

- After each depthwise separable convolution, batch normalization and ReLU

activation functions are applied:

H; = ReLU(BN(H)))
where BN represents batch normalization, and ReLU represents the rectified linear

unit activation function.

3. Pointwise Convolution:

- Pointwise convolutions (1x1 convolutions) are used to increase the number of

channels in the feature maps:

H; = PointwiseConv(H;, Wpgintwise )

where PointwiseConv denotes 1x1 convolution with weights Wpinawise -

4. Global Average Pooling:

- MobileNetV2 often ends with global average pooling to reduce spatial dimensions:

Hyqp = GlobalAvgPool(H;)

Fully Connected Layer (Output):

- The output of global average pooling is connected to a fully connected layer for classification:

Y = Wy Flatten (Hygs) + byc
whereY represents the output logits for the four coffee classes, Wy, and by.are the weights and biases
of the fully connected layer and flatten denotes the operation that flattens the feature maps.

3.3 CNN settings

The CNN settings usually consist of a series of specific
elements, which are the ones that present the variations in
the different architectures. To allow a fair comparison
between the experiments, an attempt was also made to

ease is present in the leaf using the pre-trained set. Figure 3
shows the general structure for our proposed work.
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4 Result and discussion

In this section, we evaluate the performance of various
neural network architectures for coffee classification. Alex
Net, SPDarknet53, Darknet, DenseNet121, EfficientNet,
GoogleNet, HRNet, LeNet, MobileNetV2, ResNet-50, and
VGG-19 showed impressive accuracy and efficiency.

The study emphasizes the importance of choosing the
right neural network for specific tasks, considering factors
like model complexity and computational efficiency. The
experiments highlight the diverse capabilities of these
architectures.

4.1 The pre-trained architecture

In this section, we compare the proposed work architecture
that used for coffee classification.

4.1.1 Alex Net

AlexNet’s coffee classification model faces overfitting risk,
particularly in smaller datasets, due to its complex archi-
tecture and large number of parameters, causing rapid
convergence and reduced accuracy in real-world scenarios.
Figure 4 shows the common learning curves that appear to
be the drawbacks of using it.

4.1.2 LeNet architecture

LeNet’s shallow architecture may hinder its ability to
capture complex features in coffee images, causing slower
convergence and limited pattern learning, potentially
impacting classification accuracy, especially with fine-
grained coffee varieties. Figure 5 shows the common
learning curves that appear to be the drawbacks of using it.

4.1.3 HRNet architecture

HRNet’s high-resolution architecture increases computa-
tional intensity due to numerous parameters and slow
convergence in the learning curve, requiring substantial
resources for training and inference. Figure 6 shows the
common learning curves that appear to be the drawbacks of
using it.

4.1.4 Google net architecture
GoogleNet’s intricate architecture, utilizing multiple

inception modules with varying kernel sizes, can increase
training time and slow convergence in the learning curve

@ Springer

compared to simpler models. Figure 7 shows the common
learning curves that appear to be the drawbacks of using it.

4.1.5 Mobile V2 net architecture

MobileNet architectures are lightweight and efficient,
reducing parameters for resource-constrained devices.
However, this can limit their ability to accurately classify
complex tasks like coffee classification. Figure 8 shows the
common learning curves that appear to be the drawbacks of
using it.

4.1.6 ResNet (50) architecture

ResNet-50’s deep architecture demands significant com-
putational resources for training, potentially leading to
extended training times and high memory usage, making it
less practical for applications with limited computational
capabilities. Figure 9 shows the common learning curves
that appear to be the drawbacks of using it.

4.1.7 VGG architecture

ResNet-50’s deep architecture demands significant com-
putational resources for training, potentially leading to
extended training times and high memory usage, making it
less practical for applications with limited computational
capabilities. Figure 10 shows the common learning curves
that appear to be the drawbacks of using it.

4.1.8 Efficient architecture

EfficientNet models, with fewer parameters, can be effi-
cient in resource-constrained environments but may
struggle with complex coffee image datasets due to limited
learning capacity. Figure 11 shows the common learning
curves that appear to be the drawbacks of using it.

4.1.9 Darknet architecture

Darknet’s deep architecture and capacity can require sig-
nificant computational resources for training and inference,
making it less practical for resource-constrained environ-
ments or real-time applications. Figure 12 shows the
common learning curves that appear to be the drawbacks of
using it.
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Table 3 The general overview comparison between the used pre-trained architecture

Model Advantages Drawbacks
AlexNet High Sensitivity (0.9346) indicates strong ability to identify positive cases. Moderate F1 Score (0.9479) suggests a trade-off
High Precision (0.9615) and Accuracy (0.9575) contribute to reliable between precision and recall
performance
LeNet Simple architecture and relatively lightweight Suboptimal performance in Sensitivity (0.5556)
and Precision (0.6061). Lower F1 Score (0.5797)
HRNet High Sensitivity (0.9615) and Precision (0.9524) showcase robust Requires higher computational resources compared
performance to simpler architectures
Well-balanced F1 Score (0.9569) indicates strong classification
capabilities
GoogleNet Near-perfect scores in Sensitivity (0.9804) and Precision (0.9709) Potentially higher computational complexity
demonstrate excellence. High F1 Score (0.9756) suggests a well-
balanced trade-off between precision and recall
MobileNetV2 Exceptional performance across all measures, including Sensitivity Required fine-tuning for image classification task

ResNet (50)

VGG

EfficientNet

(0.9901) and Precision (0.9901). High Accuracy (0.9925) and F1 Score
(0.9901) highlight its efficiency

Wide applicability and success in various computer vision tasks

Perfect scores in Specificity (0.9917), Precision (0.9924), and Accuracy
(1.0000) showcase reliability. Exceptionally high F1 Score (0.9962)
indicates superior classification capabilities

Solid performance with high Sensitivity (0.9630) and Precision (0.9559).
Balanced F1 Score (0.9594) and high Accuracy (0.9579) contribute to
effectiveness

Darknet Consistent high scores across all measures, with strength in Specificity
(0.9836) and Precision (0.9848). High F1 Score (0.9811) indicates robust
performance

DenseNet Notable scores in Sensitivity (0.9701), Specificity (0.9836), and Precision

(0.9848)
Balanced F1 Score (0.9774) suggests strong classification capabilities

Lower performance in Sensitivity (0.5435) and
Precision (0.5714)

Moderate F1 Score (0.5571) indicates a trade-off
between precision and recall

Potentially higher computational complexity

Required additional resources for training

Potentially higher computational complexity

required fine-tuning for image classification task

4.1.10 DenseNet architecture

The evaluation results provide a nuanced understanding

DenseNet’s architecture, featuring dense skip connections,
can be challenging to understand and optimize due to
complex hyperparameter configuration and debugging, and
show a slower learning curve. Figure 13 shows the com-
mon learning curves that appear to be the drawbacks of
using it.

The evaluation of deep learning models for coffee
classification reveals AlexNet, LeNet, HRNet, GoogleNet,
MobileNetV2, ResNet, VGG, EfficientNet, Darknet, and
DenseNet as robust models with high sensitivity, precision,
and accuracy, but with moderate F1 Scores and potential
computational complexity. These insights help in selecting
suitable models for coffee classification, as illustrated in
Table 3 and Table 4.

of each architecture’s advantages and drawbacks. While
some models excel in specific aspects, considerations of
computational complexity and task-specific requirements
are crucial for informed model selection. These insights
contribute valuable guidance for practitioners seeking
optimal deep learning models for classification tasks.

5 Conclusion

The global coffee industry, a vital sector for numerous
nations, is currently grappling with economic instability
due to fluctuations in global coffee prices. The study uti-
lized deep learning techniques, specifically pre-trained
models, to accurately predict coffee types. The selection of
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1.Data preparation

A

00000 j
GVDZ.Data Pre-processing
Q

v

3.Model Selection

1.AlexNet 2. SPDarknet53

6. GoogLeNet 7. HRNet

3. Darknet-53 4. DenseNet 5. EfficientNet
8. Residual 9. VGG 10. MobileNetV2 |

Removing the pre-trained model's last fully connected layers and adding four custom layers to match the
coffee dataset.

4. Fine Tuning

-Training the modified model on the training data, using the pre-trained weights as initialization.
-Monitoring training using validation data and choosing appropriate hyperparameters (e.g., learning rate,
batch size).

5. Model Evaluation

-Evaluation the trained model on a separate test dataset to assess its performance.

Fig. 3 The main structure for our proposed work

the best pre-trained model is crucial due to the growing
demand for specialty coffee and the need for precise
classification. In this study, we focus on evaluating the
effectiveness of various pre-trained models through deep
learning techniques. The motivation behind opting for
transfer learning lies in the recognition that leveraging
knowledge gained from models trained on large datasets
can significantly boost the performance of models trained
on smaller datasets. The increasing popularity of specialty
coffee amplifies the need for accurate classification, mak-
ing the selection of an optimal pre-trained model crucial. In
our comprehensive comparison, we assess several well-

@ Springer

known pre-trained models, including AlexNet, LeNet,
HRNet, Google Net, Mobile V2 Net, ResNet (50), VGG,
Efficient, Darknet, and DenseNet. Through transfer learn-
ing and fine-tuning, we gauge the models’ ability to gen-
eralize to the coffee classification task illustrated in Table 5
and Fig. 14. We reveal the pivotal role of the pre-trained
model choice in influencing performance, with specific
models demonstrating higher accuracy and faster conver-
gence than conventional alternatives. By employing key
evaluation metrics such as sensitivity, specificity, preci-
sion, negative predictive value, accuracy, and F1 score, we
provide nuanced insights into the complex landscape of
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Fig. 5 a BoxPlot, b violin
curve, ¢ KDI curve, d learning
curve
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Table 4 Comparison of Hyperparameters for the used pre-trained architecture
Model Learning Rate Batch Size Optimizer Activation Function Dropout Rate Number of Layers Kernel Size  Pooling
AlexNet 0.001 64 SGD ReLU 0.5 8 11 x 11 Max
LeNet 0.01 32 Adam Sigmoid 0.25 5 5x5 Average
HRNet 0.001 128 RMSProp ReLU 0.3 Varies 3x3 Max
GoogleNet 0.001 32 Adadelta ReLU 0.4 22 1 x1,3 x3 Average
MobileNetV2 0.001 32 Adam ReLU 0.25 53 3x3 Average
ResNet (50)  0.001 64 SGD ReLU 0.3 50 7 x 7 Average
VGG 0.001 32 Adagrad  ReLU 0.5 16 3x3 Max
EfficientNet  0.001 64 Adam Swish 0.2 Varies 3x3 Average
Darknet 0.0001 16 SGD Leaky ReLU 0.4 19 3x3 Max
DenseNet 0.001 64 Adam ReLU 0.3 121 3x3 Average
Zgz;;iszgebzttaee;f_ttﬁl:art Architecture Evaluation Measures
proposed work models Sensitivity ~ Specificity Precision Negative Predictive Value Accuracy FI1 Score
AlexNet 0.9346 0.9677 0.9615 0.9449 0.9575 0.9479
LeNet 0.5556 0.6486 0.6061 0.6000 0.6075 0.5797
HRNet 0.9615 0.9600 0.9524 0.9677 0.9650 0.9569
Google Net 0.9804 0.9756 0.9709 0.9836 0.9775 0.9756
Mobile V2 Net  0.9901 0.9917 0.9901 0.9917 0.9925 0.9901
ResNet (50) 0.5435 0.6154 0.5714 0.5882 0.5805 0.5571
VGG 1.0000 0.9917 0.9924 1.0000 1.0000 0.9962
Efficient 0.9630 0.9524 0.9559 0.9600 0.9579 0.9594
Darknet 0.9774 0.9836 0.9848 0.9756 0.9825 0.9811
DenseNet 0.9701 0.9836 0.9848 0.9677 0.9775 0.9774
Hsia et al. [20]  0.9789 N/A 0.9860 N/A 0.9838%  0.9824
Chen et al. [19] 0.9716 N/A 0.9738 N/A N/A 0.97.21
Ke et al. [18] 0.9753 N/A 0.9648 N/A N/A 0.98

pre-trained models. This strategic use of transfer learning
and fine-tuning not only enhances the accuracy of coffee
classification but also contributes to addressing economic
challenges associated with global price fluctuations in
coffee bean production. In addition to advancing our
understanding of coffee bean production dynamics, our
study has tangible implications for real-world problem-
solving.

The challenges faced by coffee production in the face of
global price fluctuations directly impact the economic

stability of countries reliant on this industry. As the spe-
cialty coffee market continues to grow, precise classifica-
tion becomes paramount. Our comprehensive evaluation,
leveraging transfer learning and fine-tuning, ensures that
the selected pre-trained models can be practically applied
in the coffee industry for more accurate and efficient
classification. In essence, our study transcends the theo-
retical realm by offering a valuable resource for coffee
producers, processors, and distributors. The nuances
uncovered through our result evaluation metrics, including
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Fig. 14 The chart for with standard deviations for proposed model attributes

sensitivity, specificity, precision, negative predictive value,
accuracy, and F1 score, provide actionable insights into the
practical use of pre-trained models in addressing chal-
lenges faced by the coffee industry. This research not only
enhances our understanding of the intricate landscape of
pre-trained models but also contributes to the development
of tools that can make a real impact in the coffee pro-
duction sector. In the future, we will use it for the real-time
classification of coffee bean images. This could potentially
lead to improved efficiency in sorting and categorizing
coffee beans for commercial purposes.
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