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ABSTRACT
Fungal diseases such as anthracnose, can be catastrophic to crops worldwide because it can
destructively damage the canopies of trees and can also spread easily to nearby trees. Copper spaying,
adequate pruning and proper sanitation, renders the treatment of such diseases as easy, however, the
main concern in such cases is the spreading prevention by early detection systems. This can be dealt
with automated procedures offered in precision agriculture such as automatic image collection and
real-time classification by smart systems. Purpose of this study is to compare the most famous ML
algorithms for classification, in order to investigate the applicability and effectiveness of an imagebased classifier on anthracnose infected canopies. Various machine learning algorithms were
employed, tested, evaluated and compared based on their abilities and limitations. The comparison is
conducted based on several performance metrics and finally, the applicability of the best performing
architecture is discussed for real-life applications.
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1. INTRODUCTION
In agriculture, fungal infections can be catastrophic for entire crops, leading to diminished, and even
destroyed yields. This problem affects directly the income of the farmers, and even though the disease
can be treated easily, the aim is to prevent its spreading before it infects large areas. Autonomous
systems that can identify the infection without any human input, can solve this problem by monitoring
the status of each tree in the field, by collecting images of it. This approach can be built on machine
learning algorithms (ML) which is used for this kind of applications (Bharate and Shirdhonkar, 2018;
Liakos et al., 2018).
Machine learning is a wide area of self-training algorithms that can learn to do tasks such as image
classification. Several types of infections have been investigated for many types of plant leaves, leading
to diverse approaches on image-based plant disease classification. Artificial neural networks (ANN),
radial basis function networks (RBF) and learning vector quantization (LQV) were used by
(Muthukannan et al., 2015) achieving 56.7%-90.7% accuracy, support vector machines (SVM) and
ANNs were used by (Ramya and Lydia, 2016) achieving 88%-92% accuracy, advanced deep neural
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networks (DNN) were used by (Picon et al., 2018) achieving 96% accuracy, and convolutional neural
networks (CNN) by (Mg et al., 2017) that managed 96.3% accuracy.
More advanced variants of CNN have been able to achieve higher accuracies in more complicated,
multi-class classification problems. Notably, (Sladojevic et al., 2016) reached up to 98% for 13 types of
plant diseases, (Ferentinos, 2018) achieved 99.53% for 25 plant types with 58 diseases, (Mohanty,
Hughes and Salathé, 2016) achieved 99.35% for 14 plants and 26 diseases.
The classification of multiple types of infections was studied on tomato leaves by (Fuentes et al., 2017),
wheat by (Wang et al., 2012), banana trees by (Amara, Bouaziz and Algergawy, 2017), on brinjal
(aubergine) by (Anand, Veni and Aravinth, 2016) and on apple trees by (Wang, Sun and Wang, 2017)
and (Liu et al., 2018).
We focus on the proper classification of images containing leaves from walnut trees, that are both
infected by anthracnose and healthy. We investigate the performance of the most famous
classification ML algorithms on this problem, in order to understand the pros and cons of each
approach.
The structure of this paper is as follows: in paragraph 2 we present the methodology that was followed
for the acquisition and the preparation of the data, the ML algorithms that were tested and the
performance metric that were used for the evaluation, in paragraph 3 we present the results of the
investigatory study, and in paragraph 4 a short discussion as well as the conclusions of our study.

2. METHODOLOGY
Anthracnose appears as brown or brown-yellowish marks on the leaves of the walnut tree. The marks
usually appear as spots on the surface, or they cover the perimeter of the leaf. For the human eye, the
symptoms of anthracnose (or of similar illnesses) are easy to detect. The aim is to identify the machine
learning methodology that can perform as well as this human perception. The methodology that has
been followed in this study, is presented in the next paragraphs.

2.1 Data acquisition
Image-based classification requires a large number
of data, with distinct features in order to be able to
train successfully a model to predict a class. A total
number of 2.000 leaf images was collected from a
walnut crop field located in Rizomylos Volos, Greece.
The dataset was balanced with half of the images to
contain leaves which are infected by anthracnose,
and half that are healthy. In Figure 1 (a) we can see
an indicative image from a healthy leaf, and in Figure
1 (b) a leaf infected by anthracnose.

Figure 1. Walnut tree leaves without (a)
and with anthracnose (b).

2.2 Data preparation
Each image was originally resized into a 128x128 pixel resolution. This resolution is large enough to
keep the characteristics of the leaf, and also small enough to be able train the model within a desired
time. Since colour information is important for the identification of anthracnose, all images are
collected as RGB and as such as are used in the algorithms. Each image is then reshaped, by
transforming from a 128x128x3 shape, into a 1x49,152 vector. This was conducted for each image,
leading to a 2,000x49,152 matrix of pixel-wise features. One last column is being added to the matrix,
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containing the label of the image (i.e. ‘Anthracnose’ or ‘Healthy’) therefore the matrix becomes
2,000x49,153. The label column which now is categorical, is being encoded into binary representation,
‘0’ for anthracnose and ‘1’ for healthy. Finally, the rows of the dataset are being shuffled twice, with
two different random-generated methods in order to avoid a biased sampling, that would lead to
improperly trained models.

128x128x3 RGB representation (c)

Scaled image (b)

Original image (a)
Complete dataset (d)
Figure 2. Data preparation from original image (a) to scaled image (b), to RGB tables (c), and finally
to pixel-wise dataset (d).

2.3 Data split
Before any implementation to the models, the dataset is being split into three sections. Initially, the
dataset is divided into training and testing with an 80/20 rate respectively. The testing portion is
completely hidden from the model training process (hold-out), in order to obtain predictions that are
unknown to the trained classifier. The second split regards the training dataset, of which the 20% is
used for validation. The purpose of that is to make sure that the algorithms do not overfit during
training, in order to keep good generalization for the model. Once the model is trained, the testing
dataset will be used to make predictions, and based on that, the accuracy of the model will be
obtained.

2.4 ML Methods
For our study, we have chosen 11 of the most famous ML algorithms in order to see how well each of
these different methodologies can achieve reliant performances. These ML algorithms and the
particular implementations are described shortly.

The Bayesian algorithms, Gaussian Naive Bayes (GNB) (Russell and Norvig, 2002) and Linear
Discriminant Analysis (LDA) (Büyüköztürk and Çokluk-Bökeoǧlu, 2008), suited for high-dimensionality
problems, were implemented with no prior probabilities for the classes, and with the singular value
decomposition (SVD) solver for the LDA. The k-Nearest Neighbours (kNN) (Altman, 1992), an instantbased learning algorithm where the function is only approximated locally, and all computation is
deferred until classification, was implemented with 5 neighbours (k). The Decision Tree (DT) (Breiman,
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1984), which builds a classification model in a tree structure, learns simple if-then decision rules, which
offer interpretability and require minimal data preparation. Three ensemble classifiers, Random Forest
(RF) (Breiman, 2001), Adaptive- (Adaboost, Ada-b) (Freund and Schapire, 1996) and Gradient-Boosting
(Grad-B) (Mason et al., 1999), methods that create strong classifiers by combining weak learners such
as DT and bootstrap aggregating to obtain better predictive performance than could be achieved from
the constituent algorithms on their own, were implemented with DT as weak learners, and 100
estimators each. Support Vector Machine (SVM) (Vapnik, 1999), a supervised learning algorithm with
main aim to plot data is higher dimensionality spaces and find a hyperplane that differentiates classes
by maximizing the distance between the hyperplane and the closest data point from each group, was
implemented both with a radial basis function kernel, and with a nu parameter, set to 0.5, which is
used to control the number of vectors. Finally, two Artificial Neural Networks (ANN) (McCulloch and
Pitts, 1943), computing systems inspired by the biological neural networks were implemented. A multilayer perceptron (MLP) with one hidden layer of 100 nodes, and a deep neural network (DNN) with a
5-layer architecture, an 8, 16, 16, 16, 16 node configuration and a 50% dropout rate per hidden layer.
Both were implemented with ‘ReLU’ activation in all hidden layers, and sigmoid function for the output
layer, since we have binary classification. ‘Adam’ optimizer and early stopping with 10 epochs patience
were used for the training.

2.5 Performance metrics
The performance metrics used in this study are described in this paragraph. After a classifier is trained,
it predicts the class of a new entry from the testing set. Depending on the prediction and the actual
class it belongs, this prediction can be true positive (TP) or true negative (TN) if it is classified correctly,
or false positive (FP) or false negative (FN) if it is misclassified.
Accuracy is the most intuitive metric, considering symmetric datasets, and is defined as the ratio of
correctly predicted observation to the total observations (TP+TN/TP+FP+FN+TN). Precision is the ratio
of correctly predicted positive observations to the total predicted positive observations and is defined
as (TP/TP+FP). Recall is the ratio of correctly predicted positive observations to the all observations in
actual class (TP/TP+FN). F1 Score, which is preferred when the class distribution is unbalanced, is the
weighted average of Precision and Recall (2*(Recall * Precision) / (Recall + Precision)).
Finally, logarithmic loss measures the performance of the classification model where the prediction
input is a probability value between 0 and 1. Log loss increases as the predicted probability diverges
from the actual label with ideal goal to minimize this value to 0. For the calculation, a probability is
assigned to each class rather instead of yielding the most likely class. Mathematically, log loss for binary
classification is defined as:

−(𝑦 log(𝑝) + (1 − 𝑦) log(1 − 𝑝))

(1)

where y is a binary indicator (0 or 1) of whether a class label is the correct classification for a given
observation, and p is the model's predicted probability that the given observation belongs to a certain
class.

3. RESULTS
The results of the ML algorithms are presented in this section. All algorithms were trained on a Nvidia
Titan 1080 Ti, and were programmed on Python’s Sci-Kit Learn, Keras (with Tensorflow), Pandas, and
Numpy libraries. In Table 1, the results of all the tested ML algorithms are presented
Table 1. Performance metrics for the ML algorithms’ comparison.
Algorithms

Accuracy

Precision

Recall

F1

Log Loss

Fitting time (sec)

GNB

81.25%

0.81

0.81

0.81

6.479

2.08

LDA

88.50%

0.89

0.89

0.88

0.532

10.2
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kNN

71.25%

0.8

0.71

0.69

4.503

3.02

DT

81.75%

0.82

0.82

0.82

6.303

36.7

RF

88.00%

0.88

0.88

0.88

0.369

1.44

Ada-B

87.25%

0.87

0.87

0.87

0.631

165

Grad-B

89.25%

0.89

0.89

0.89

0.247

328

Nu-SVM

89.25%

0.89

0.89

0.89

0.263

462

SVM

85.00%

0.85

0.85

0.85

0.338

472

MLP

87.75%

0.88

0.88

0.88

3.256

84.3

DNN

90.25%

0.9

0.9

0.9

0.295

74

Deep neural network, nu-SVM and gradient boosting achieved the best performance. These three
algorithms were able to achieve a low logarithmic loss, however the training time of the DNN was
significantly less compared to the others. Deep neural network seems to be the best performing
algorithm for this application.

4. DISCUSSION & CONCLUSIONS
A comparative analysis was conducted on the applicability and the performance of machine learning
algorithms for image-based classification of anthracnose in walnut tree leaves. An adequate number
of 2.000 images was obtained, with equal portions of healthy and anthracnose-infected leaves. A total
of 11 ML algorithms were tested and evaluated based on their performance and the accuracy they
achieved over the collected dataset. The algorithms’ accuracies ranged from a 71.25% to 90.25%, with
most of them reaching over 85%. The algorithm that achieved the best performance, was the deep
neural network implementation, which also achieved a low logarithmic loss (0.295) and a average
training time (74 sec) compared to the other algorithms. Considering the performance of the deep
neural network architecture, image-based anthracnose detection of walnut tree leaves, is a viable
option for application in a real-life field.
This exploratory analysis points the way towards a more in-depth study on the algorithms that are
based on deep neural structures, such as convolutional neural networks (CNN) and recurrent neural
networks (RNN). Future plans include investigation of more complex derivatives, as well as metaarchitectures of CNN that can conduct object detection, as well as instance aware image segmentation.
Additionally, pre-processing methods such as fast Fourier transformation and wavelet decomposition,
should be considered for investigation.
As far as the author’s knowledge, other studies have reached similar performances in the particular
problem of walnut trees/anthracnose (Gamal et al., 2017). Aim for this study and its continuation is to
build a ground-up, high-accuracy (>99%) classifier, based on real-conditions dataset of walnut trees’
canopies. This way, robust, autonomous systems will be able to detect the disease on leaves, with high
confidence, without human supervision.
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