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Abstract. Coffee is a beverage present in the lives of many people worldwide
and is of great importance to the economies of various countries. Coffee leaf
rust is a serious disease that affects crops worldwide, and identifying it quickly
and accurately helps in its control. This paper uses a publicly available image
dataset to evaluate the performance of Convolutional Neural Networks (CNNs)
in the context of the automatic classification of rust on coffee leaves considering
binary and multi-class classification. Among the evaluated networks, ResNet
achieved the best results, with an accuracy of 95.19% for binary classification
and 78.03% for multi-class classification. This study contributes to the applica-
tion of deep learning as a tool for farmers, enabling the early detection of rust
on coffee leaves and aiding in decision-making related to crop management.

1. Introduction

Coffee is a beverage present in the lives of many people around the world. It is estimated
that more than three billion cups are consumed every day. But coffee is not only impor-
tant in the daily lives of the population; its cultivation is also of great importance to the
economy of more than 50 countries [Silva et al. 2022]. Coffee-producing countries ex-
port most of what is produced, generating around 20 billion dollars annually from exports
alone. However, when considering the entire coffee sector, revenues exceed 220 billion
dollars [Organization 2019].

Considering the high value of the coffee industry, diseases affecting the crop
also cause significant losses. Among the diseases that can affect coffee plants is leaf
rust, caused by the fungus Hemileia Vastatrix, which causes premature leaf drop, branch
dieback, and a considerable reduction in plant production [Santana et al. 2018].



Rust is a very severe disease that can affect the production of an entire crop. Its
diagnosis is made by a specialist who analyzes the leaves to identify the disease. However,
in many parts of the world, coffee cultivation is done by small producers who often cannot
afford the costs of a specialist [ Yebasse et al. 2021]. Thus, technology can be employed
to identify diseases in coffee crops, aiding both large producers and the subsistence of
small ones.

Among the existing technologies, Deep Learning, a subcategory of machine
learning, has been gaining a lot of attention. It is widely used for speech recogni-
tion, Computer Vision, and natural language processing through the use of neural net-
works [Guo et al. 2016].

Within Deep Learning, Convolutional Neural Networks (CNNs) are prob-
ably the most well-known and used model for solving image classification
tasks [Ponti et al. 2017][Rodrigues Moreira et al. 2025]. CNNs are a valuable alterna-
tive to assist in the process of identifying coffee rust, as they allow computers to be
trained to understand and analyze images, enabling automated and accurate diagno-
sis [Yebasse et al. 2021][Ongsulee 2017]. Thus, this paper aims to analyze images of
coffee leaves using deep learning techniques to identify rust on coffee leaves. The main
contributions are: (i) comparing different CNNs in terms of accuracy, precision, recall,
and F1-score; (ii) evaluating the performance of CNNs using k-fold cross-validation for
training and validation sets; (iii) conducting binary classification to determine whether
a leaf is rust-infected or not; (iv) conducting multi-class classification to distinguish be-
tween healthy leaves and four different rust severity levels.

2. Related Work

The use of image processing for detecting diseases in coffee and other plants has been
studied by various researchers. In this regard, [Marcos et al. 2019] proposed a Convolu-
tional Neural Network (CNN) for image segmentation, which contains two convolutional
layers, followed by the ReLu filter and a max-pooling layer. Normalization was also ap-
plied to each output of the max-pooling layers. A proprietary image dataset was used
to evaluate the CNN, composed of 159 images of coffee leaves, which were manually
classified by a specialist who marked all points containing rust. The Dice coefficient was
used to measure the CNN’s performance, with results of 0.79 as the mean and 0.82 as the
median.

[Yebasse et al. 2021] used the RoCoLe dataset [Parraga-Alava et al. 2019], com-
posed of 1560 images of coffee leaves, with 791 healthy and 769 diseased. The diseased
leaves were divided and classified as follows: 167 with red spider mite, 344 with rust
level 1, 166 with rust level 2, 62 with rust level 3, and 30 with rust level 4. The study
evaluated three image visualization techniques and two different approaches for detect-
ing rust on coffee leaves. The first was the naive approach, which used the ResNet with
some modifications, such as backbone and Grad-CAM as a visualization technique. In
this approach, the model achieved 99% accuracy in training but only 77% in testing. In
the guided approach, an image segmentation technique was used before training, and in
this case, they achieved 98% accuracy in testing.

[Dutta and Rana 2021] used the BRACOL dataset [Krohling 2019], composed of
1747 images containing healthy leaves and leaves affected by major coffee diseases. The



dataset is divided into two parts: one containing images of whole leaves and another with
cropped images showing only one of the diseases. The CNN MobileNet V2 was used for
training and transfer learning. The proposed model achieved an accuracy of 98.51%.

[Suparyanto et al. 2022] evaluated the CNN ResNet-18 for classifying rust on cof-
fee leaves, trained using Stochastic Gradient Descent (SGD). The study evaluated 100
images of coffee leaves, obtained exclusively for the project, which were assessed by dis-
ease and pest specialists who divided the leaves into diseased and healthy. Due to the
limited dataset used, the CNN had significant overfitting, and the accuracy achieved after
training was only 59%.

[Pandian et al. 2022] proposed the creation of a 14-layer CNN for detect-
ing plant diseases. For training, validation, and testing, images from five differ-
ent public repositories were used, including Bracol [Krohling 2019] and RoCoLe
[Parraga-Alava et al. 2019], resulting in 61,459 images of plant leaves. After training,
real images of leaves from various plants were submitted, and the CNN was able to iden-
tify the plant species and the disease present. The model achieved an accuracy of 99.96%,
precision of 99.79%, recall of 99.79%, and F1-score of 99.79%.

[Montalbo 2022] presented a model composed of three aggregated CNNSs as a sin-
gle unit: DenseNet-121, VGG-16, and EfficientNetBO. The dataset used contains 4,675
images of coffee leaves, divided into seven different categories depending on the level
and type of disease. This dataset was constructed by combining three other public im-
age datasets: Bracol [Krohling 2019], RoCoLe [Parraga-Alava et al. 2019]), and LiCoLe
[Montalbo and Hernandez 2020]. The proposed model achieved an overall precision of
95.98%.

The present work differs from the previously mentioned studies by comparing
different CNNs, exploring data augmentation techniques and k-fold cross-validation. Ad-
ditionally, the RoCoLe dataset has been little explored for image classification tasks, and
this work may provide research opportunities in this field, which can directly assist coffee
growers suffering from rust in their crops.

3. Material and methods

The publicly available RoCoLe [Parraga-Alava et al. 2019] dataset ! was used, containing
1,560 images of coffee leaves, with 791 healthy leaves and 769 diseased leaves. Figure 1
shows an example of a healthy leaf and another with rust, which are available in the
RoCoLe image dataset.

(a) Healthy (b) Rust

Figure 1. Example images from the RoCoLe dataset.

! Available at: https://doi.org/10.17632/c5yvn32dzg.2



Data augmentation techniques were used on the dataset images to increase the
dataset size and prevent overfitting. The images were resized to fit the input size required
by the CNNs used in this study. In addition, the dataset was split using the k-fold cross-
validation technique with £ = 5. Figure 2 summarizes the steps of our proposed method.
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Figure 2. Steps of proposed method.

In this study we compared six CNN architectures:
AlexNet [Krizhevsky et al. 2012], DenseNet [Huang et al. 2016], Incep-
tion [Szegedy et al. 2015], ResNet [He et al. 2016], SqueezeNet [landola et al. 2016],
and VGG [Simonyan and Zisserman 2014].

AlexNet was proposed by [Krizhevsky et al. 2012] and was the first CNN to win
the ILSVRC competition in 2012. AlexNet is composed of five convolutional layers, with
three intercalated polling layers and three fully connected layers before the output layer.
Even with existing modern CNN architectures, we chose to train AlexNet because of its
historical importance and as a baseline for comparison with other architectures.

DenseNet was proposed by [Huang et al. 2016] and introduces dense connectiv-
ity, where each layer receives input from all previous layers and passes its feature maps to
all subsequent layers. This architecture promotes feature reuse and mitigates the vanish-
ing gradient problem, leading to improved parameter efficiency and model performance.
DenseNet’s innovative approach has made it a valuable addition to the deep learning com-
munity. We chose to train DenseNet to leverage its dense connections and assess its ef-
fectiveness compared to other state-of-the-art architectures.

Inception was proposed by [Szegedy et al. 2015] and introduced the concept of
the Inception module, which allows for more efficient computation by capturing multi-
scale features. Inception is known for its deep architecture and has achieved state-of-the-
art performance on several benchmarks. Despite newer architectures, we chose to train
Inception due to its innovative design and effectiveness in handling complex datasets.



ResNet, or Residual Network, introduced by [He et al. 2016] addresses the gra-
dient vanishing problem in deep networks through residual connections. Each residual
block contains a sequence of convolutional layers, and skip connections enable skipping
some residual blocks and feeding the next block’s input with the previous one’s output.
ResNet-50 is a specific variant that consists of fifty convolutional layers.

SqueezeNet, proposed by [Iandola et al. 2016], aims to achieve AlexNet-level ac-
curacy with significantly fewer parameters. It introduces the Fire module, which uses
squeeze and expand layers to reduce the model size without compromising performance.
SqueezeNet’s lightweight nature makes it suitable for deployment on devices with lim-
ited computational resources. We included SqueezeNet in our comparisons to evaluate its
performance relative to larger models.

VGG was introduced by [Simonyan and Zisserman 2014] and is known for its
simplicity and depth, consisting of 16 or 19 layers with small 33 convolutional filters.
VGG has demonstrated excellent performance on various image recognition tasks and
remains a popular choice for transfer learning. We chose to train VGG to benchmark its
performance against other more recent and complex architectures.

We trained and evaluated the CNNs considering accuracy, precision, recall, and
Fl-score (as defined in Table 1). Two analyses were considered: (i) binary, where the
images were classified into two classes (healthy and rust); and (if) multiclass, where the
images were classified into five classes (healthy and four different levels of rust severity).

Table 1. Evaluation Metrics

Metric Definition Formula
. . Tp+Tn
Accuracy Hits of the classifier as a whole P ey ey e
.. . . Tp
Precision  Hit rate per class for positive cases Trifn
. . Tp
Recall Rate of a relevant sample being correctly classified Tot

% Recallx Precision

F1-Score = Harmonic mean of Recall and Precision L5
Recall+Precision

Where TP, TN, FP, and FN are true positive, true negative, false positive, and false nega-
tive samples, respectively.

4. Results and discussion

All experiments were conducted on a computer with an AMD Ryzen 5 5600X pro-
cessor, operating at a maximum frequency of 4.5 GHz, 32 GB of RAM, an NVIDIA
RTX 3060 Ti GPU with 8 GB of memory, and Windows 10 operating system. All
models were implemented using Python version 3.8, using PyTorch framework (version
2.0) [Paszke et al. 2019] with CUDA version 11.7 and cuDNN 8.0.

We evaluated the performance of six pre-trained CNNs selected for the image
classification task to detect the presence of rust on coffee leaves. The CNNs were initially
tested in binary classification to distinguish healthy from diseased leaves. Subsequently,
the CNN with the best accuracy in binary classification was selected for a multiclass
classification test, in which the leaves were divided into the following classes: healthy
and rust levels ranging from one (mild symptoms) to four (severe symptoms). The results



shows that CNNs are able to detect and differentiate rust on coffee leaves, contributing to
the development of efficient disease detection techniques in coffee cultivation.

4.1. Binary Classification

For binary classification, images of coffee leaves were classified as either healthy or rusty.
A total of 1,560 images present in the RoCoLe dataset [Parraga-Alava et al. 2019] were
used, containing 791 images of healthy leaves and 769 images of rust. It should be noted
that among the diseased leaves, there was a division by rust level, ranging from level one
to level four, and a small number of images (only 167) of leaves attacked by red spider
mites. Data augmentation was applied to the training images by random rotation (ranging
from -30° to 30°) as well as vertical and horizontal flips.

Figure 3(a) presents, for example, the loss and accuracy graphs of ResNet gener-
ated during the training and validation of Fold 0. As can be seen, as the epochs progressed,
the loss decreased, indicating that the model was improving. There is a rapid decrease at
the beginning and stabilization at the end of the curve at a low level, suggesting that
the model converges and achieves good performance. The accuracy increased over the
epochs, indicating that the hit rate of the model increased and improved. At the end of the
accuracy curve, it stabilizes at a high level, indicating that the model effectively learns the
patterns in the data.

The average performance of the CNNs in terms of accuracy, which was calculated
by dividing the number of correct predictions by the total number of coffee leaf images in
the test set, is presented in Figure 3(b). It is interesting to note that all the CNNs achieved
an average accuracy above 90%. Notably, ResNet achieved the best performance with an
accuracy of 95.19%, followed by VGG with 94.87% and Inception with 94.55%.
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Figure 3. Experimental Results for Binary Classification.

The classification performance of the CNNs in terms of precision, recall, and F1-
Score metrics is summarized in Figure 4, which illustrate the variations of each CNN.
Among these metrics, recall is particularly noteworthy, because a high recall indicates
that the model has a high capacity to correctly identify diseased leaves. In other words, a
high recall indicates that the CNN has a lower false-negative rate, with a lower probability
of failing to correctly identify a diseased leaf. For coffee growers, early identification of
the affected leaves is crucial for control and prevention, allowing them to take appropriate
measures more assertively. In this regard, all CNNs used in this study achieved a recall of
above 90%. The three best performances were obtained from VGG, which achieved the



highest recall, correctly identifying 95.74% of the diseased samples, followed by Incep-
tion with 95.04%, and ResNet with 94.33%.

W Precision M Recall F1-Score W Precision M Recall F1-Score
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Figure 4. Performance variation of CNNs when evaluating healthy and rust
leaves.

By analyzing Table 2, it can be noted from the confusion matrices from Fold 0
that the CNNs analyzed were able to accurately differentiate images of healthy leaves
from diseased leaves. In particular, the DenseNet and VGG architectures were able to
correctly classify a large number of healthy leaves, whereas for diseased leaves, DenseNet
and ResNet stood out.

Table 2. Confusion matrices for each CNN model.

Alexnet DenseNet Inception
Healthy Rust Healthy Rust Healthy  Rust
Healthy 151 20 Healthy 165 6 Healthy 161 10
Rust 11 130 Rust 4 137 Rust 9 132
ResNet Squeezenet VGG
Healthy  Rust Healthy  Rust Healthy  Rust
Healthy 159 12 Healthy 160 11 Healthy 162 9
Rust 7 134 Rust 11 130 Rust 11 130

4.2. Multiclass Classification

For multiclass classification, ResNet achieved 78.03% accuracy, showing that the ap-
proach is promising for rust classification. However, it is evident that using the five classes
is much more challenging for the CNN and needs to be further explored in future research.

The performance for the other metrics can be seen in Table 3, where it can be seen
that for healthy leaves, the model achieved good results, but for rust level 2 and above,
the performance dropped drastically.

This could be because of an imbalance in the dataset. Whereas healthy leaves
represent 56.78% of the images, leaves with rust levels of three and four represent only
4.45% and 2.15%, respectively. Even when data augmentation was applied, it was still
insufficient for the model to learn adequately.

We observed through the confusion matrix presented in Table 4 that ResNet cor-
rectly classified almost all healthy leaves and most leaves with rust level 1 — however, as
the number of images per class decreases, the network’s ability to correctly classify also
decreases, causing it to misclassify the class to which each image belongs.



Table 3. Performance evaluation of the ResNet architecture in multiclass classifi-
cation.

Class Precision Recall F1-Score
Healthy 91.93% 94.74%  93.31%
Rustlevel 1 67.99% 69.81% 68.77%
Rustlevel2  53.95% 45.62% 48.28%
Rustlevel 3 23.37% 20.69% 21.30%
Rustlevel 4 5221% 3552% 34.42%
Average 57.89% 53.28% 53.21%

Table 4. Confusion matrix for multiclass classification considering Fold 0 and
ResNet architecture.

Healthy Rustlevel 1 Rustlevel2 Rustlevel 3 Rust level 4

Healthy 150 8 0 0 0
Rust level 1 19 44 12 1 0
Rust level 2 0 8 11 2 1
Rust level 3 0 0 11 2 0
Rust level 4 0 1 2 1 6

5. Conclusion

Coffee is present in the lives of many families worldwide. Their importance in people’s
lives and daily routines is undeniable. Similarly, rust presents significant challenges and
losses to coffee growers worldwide, whether they are large-scale producers or small fam-
ily run farms. In this context, finding methods that can assist in rapid, accurate, and
low-cost identification of the disease is crucial. In this regard, computer vision techniques
are promising alternatives.

In this study, six CNNs were evaluated for classifying coffee leaf images with the
goal of detecting the presence of diseased leaves in a dataset. Two different classification
strategies were explored: binary (healthy or diseased leaves) and multi-class (healthy
leaves or one of the four rust levels). Data augmentation techniques were applied to
address imbalances in the dataset.

The architectures used in this study are AlexNet, DenseNet, Inception, ResNet,
SqueezeNet, and VGG. Their performance was assessed based on accuracy, precision,
recall, and F1-Score metrics. For the binary classification strategy, the best result was
95.19% accuracy achieved with ResNet CNN. Owing to its superior performance in bi-
nary classification, ResNet was selected for multiclass classification — however, this task
proved quite challenging. Given the imbalanced dataset and the small number of images
with severe rust levels, the CNN faced some difficulties, achieving an accuracy of 78.03%.
The results suggest that the tested CNNSs can assist farmers in identifying the disease, al-
lowing them to control and prevent its spread to the rest of the coffee plantation.

Future work will aim to expand the dataset, explore new data augmentation tech-
niques, test different CNN architectures, optimize hyperparameters, and develop a mobile
application.
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