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A B S T R A C T   

Anthracnose is one of the primary diseases that affect olive production before and after harvest, causing severe 
damage and economic losses. The objective of this work is to detect this disease in the early stages, using 
hyperspectral images and advanced modelling techniques of Deep Learning (DL) and convolutional neural 
networks (CNN). The olives were artificially inoculated with the fungus. Hyperspectral images (450–1050 nm) of 
each olive were acquired until visual symptoms of the disease were observed, in some cases up to 9 days. The 
olives were classified into two classes: control, inoculated with water, and fungi composed of olives inoculated 
with the fungus. The ResNet101 architecture was chosen and adapted to process 61-band hyperspectral images 
with only two classes. The result showed that the applied model is very effective in detecting infected olives since 
the sensitivity of the method was very high from the beginning (85% on day 3 and 100% onwards). From a 
commercial point of view, these results align with the need to detect the maximum number of infected fruits.   

1. Introduction 

Olive (Olea europaea L.) cultivation represents a key sector for the 
economy of the entire Mediterranean basin, where this crop extends 
over 10.6 million hectares in the world, of which 24% is grown in Spain 
and 11% in Italy (FAOSTAT, 2016). Olive oil is a highly valued product 
that plays a key role in the Mediterranean diet. In this context, the 
quality of drupes and hence the olive oil is deeply influenced by several 
factors, such as pedoclimatic and weather conditions, the cultivar, 
agronomic practices or postharvest handling. Recently, phenomena 
associated with climate change have favoured the spread of diseases like 
anthracnose. Several species of Colletotrichum cause this disease, 
mostly grouped in the C. acutatum species complex. Anthracnose is one 
of the most critical and dangerous fungal diseases of olive production 
worldwide. The anthracnose of the olive is known as an epidemic since 
1898 when it was described in Portugal by Almeida (1899) and named 
“gaffa”. Currently, it is known as “lebbra” in Italy and as “aceituna 

jabonosa” in Spain, where the term “repilos” is commonly used to 
indicate collectively anthracnose, peacock spot and cercosporiosis 
(Cacciola et al., 2012). 

The symptoms of anthracnose appear as circular necrotic lesions, 
initially depressed, of ochre or brown colour. They can occur in the 
apical zone but often also near the peduncle, which later converges with 
each other with the consequent rotting of the pericarp (Trapero Casas, 
2003). In immature green fruits, the infection remains inactive until 
ripening, and the latency period is inversely correlated with the time of 
infection, which favours epidemics in autumn (Moral and Trapero, 
2009). However, in ripe fruits, the presence of browning of the pulp can 
also be observed before the appearance of symptoms (Talhinhas et al., 
2005). If the harvested fruits show an incidence of olive anthracnose 
higher than 5%, the quality of the olive oil produced degrades (Moral 
et al., 2014), causing sensory defects, such as “soil” and “mould” fla-
vours, and chemical degradation (Carvalho et al., 2008). 

Visual inspection is the traditional method of detecting and 
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identifying diseases in the field, but it requires extensive experience. 
Currently, there are techniques to detect pathogen-specific antigens or 
oligonucleotides, such as immunoassays (e.g., enzyme-linked immuno-
sorbent assay, ELISA), polymerase chain reaction (PCR) or ribonucleic 
acid (RNA) sequencing. But these methods are expensive, time- 
consuming, and require highly trained human resources. In addition, 
they are not repeatable as they are performed on representative samples 
that cannot guarantee the quality of the entire batch, leading to inac-
curate quality assessment. Artificial vision systems have been developed 
in recent years as an alternative to traditional postharvest visual in-
spection (Cubero et al., 2011), including the inspection of table olives 
(Díaz et al., 2000, 2004). No imaging techniques have been addressed to 
date to detect symptoms of anthracnose in olives. The only automated 
sensor reported has been an artificial nose to detect odour compounds in 
olive oil-related to diseased olives during the producing process. Among 
the imaging techniques, hyperspectral imaging is one of the most widely 
used and promising as a non-destructive postharvest inspection method 
(Lorente et al., 2012), especially when combined with machine learning 
techniques (Munera et al., 2021). 

Standard vision systems for fruit sorting are typically based on colour 
images. Therefore, they cannot get information on the external or in-
ternal composition of the products or detect some defects or alterations 
whose colour is close to the colour of the sound skin, but that involve 
chemical changes in the skin. In this regard, hyperspectral imaging 
systems allow detecting diseases in early stages or even when they are 
still invisible to the human eye (Gómez-Sanchis et al., 2014). The 
causative agents of anthracnose in tea leaves were studied by Yuan et al. 
(2019) using this technology. They distinguished healthy tea leaves 
from infected ones using three bands (542, 686, and 754 nm) that 
characterised the infected leaves. Yeh et al. (2016) demonstrated that 
the different stages of infection of strawberry foliar anthracnose caused 
by Colletotrichum gloeosporioides could be identified by analysing 
hyperspectral images using four wavelengths (551, 706, 750 and 914 
nm). Sun et al. (2015), in a study related to the growth and discrimi-
nation of Botrytis cinerea, Rhizopus stolonifer and Colletotrichum acutatum 
through hyperspectral images, identified three absorption peaks corre-
sponding to 560 nm, 770 nm and 970 nm. They found changes related to 
the spectral values of C. acutatum from 24 h to 36 h of growth. The 
changes followed the development of the fungi, so the data obtained 
could be helpful to predict the presence of C. acutatum using hyper-
spectral imaging. Lu et al. (2017) investigated the feasibility of detecting 
anthracnose crown rot in strawberry in its initial stage under field 
conditions using spectroscopy. The results showed that the reflectance 
was higher in infected leaves than in healthy and asymptomatic leaves, 
particularly in the ranges of 400 to 520 nm and 580 to 697 nm. How-
ever, they noted that this trend reversed from 520 to 580 nm. 

One of the hyperspectral image problems is the enormous amount of 
data it generates (Gómez-Sanchis et al., 2013). Therefore, powerful 
feature extraction methods are required to obtain accurate information. 
Recently, techniques based on Deep Learning (DL) and convolutional 
neural networks (CNN) have emerged as a powerful tool to process large 
amounts of data. The study of neural networks originally began in the 
1940s (McCulloch and Pitts, 1943), and Fukushima (1980) and LeCun 
et al. (1989) introduced the first CNNs. Deep CNNs (DCNNs) are flexible 
algorithms that have already been used successfully in fresh fruit in-
spection problems (Ashraf et al., 2019; Steinbrener et al., 2019). Sla-
dojevic et al. (2016) proposed a model to detect different types of 
diseased peach, cherry, pear, apple, and vine leaves using CNN, 
achieving an accuracy between 91% and 98%. A similar model was used 
by Fan et al. (2020) to detect defective apples in-line with a success of 
92%, and Chen et al. (2021) to detect defective oranges with a 93.6% 
success. Nasiri et al. (2019) used a DCNN constructed from a VGG-16 
architecture to classify date fruit into four classes, including defective 
dates, with success based on accuracy, precision, specificity and sensi-
tivity between 96 and 99%. Using DCNN, Mohanty et al. (2016), used a 
public data set of 54,306 images of 14 crops and 26 diseases to develop a 

method for detecting plant diseases, reaching an accuracy between 98% 
and 99%. Wallelign et al. (2018) designed a model to identify soybean 
plant diseases, achieving 99% accuracy. Ferentinos (2018), used a data 
set of 25 different plants and 58 diseases, reaching a precision of 99.5%. 
This work focuses on the early detection of anthracnose in olives using 
visible (VIS) and near-infrared (NIR) hyperspectral images, combined 
with DL and CNN techniques. Xiao et al. (2021) used a CNN ResNet50 
model with 20 epochs for 1306 feature images to discriminate among 
various diseases in strawberry plants, including anthracnose. Based on 
the ability of hyperspectral imaging systems to obtain information about 
the non-visible properties of the fruit skin, the objective was to detect 
the infection of C. gloeosporioides (anthracnose) in olives in the earliest 
possible stages, using both visible (VIS) and near-infrared (NIR) hyper-
spectral imaging combined with DL and CNN techniques. 

2. Materials and methods 

2.1. Olive inoculation 

A total of 250 olives free of external defects were used for this 
experiment, of which 80% were inoculated with C. acutatum. The 
remaining 20% were inoculated with water as a control to know if the 
injury caused by the inoculation process had any effect in the results of 
detection of the anthracnose (Lorente et al., 2015). The fungus was 
isolated from rotten olives harvested in Calabria, southern Italy. The 
fungus C. acutatum was identified according to the methodology 
described by Schena et al. (2014). To produce the inoculum, a purified 
conidia suspension of the pathogen was plated on potato dextrose agar 
(PDA) (Sigma-Aldrich, MI, USA) and incubated at 25 ◦C for 7–10 days. 
Later, to prepare the inoculum, the grown conidia of C. acutatum were 
harvested with a spatula, suspended in sterile distilled water, filtered 
through a double layer of sterile muslin cloth, and mixed evenly. The 
conidia concentration was determined using a hemocytometer chamber 
and diluted to obtain stock solutions containing 105 conidia/ml (Pan-
gallo et al., 2017). 

Olives cv. ’Carolea’, were collected in a commercial farm located in 
Reggio Calabria, in southern Italy. The samples were cleaned by 
immersing them in a 2% sodium hypochlorite solution for approxi-
mately 2 min. They were then rinsed with water and allowed to dry. The 
drupes were wounded (2 mm wide and 2 mm deep) with a needle in 
their equatorial region and subsequently inoculated with 10 µl of the 
suspension described above. The inoculated drupes were kept at room 
temperature (20–22 ◦C) and 100% relative humidity in closed plastic 
containers. 

2.2. Image acquisition and dataset 

The hyperspectral imaging system consisted of an industrial camera 
(CoolSNAP ES, Photometrics, AZ, USA) coupled to two liquid crystal 
tunable filters (LCTF) (Varispec VIS-07 and NIR-07, Cambridge Research 
& Instrumentation, Inc., MA, USA). The camera was configured to ac-
quire images with 1392 × 1040 pixels with a spatial resolution of 0.14 
mm/pixel. The working spectral range was defined between 450 nm and 
1050 nm, capturing images every 10 nm. Thus, hypercubes with 61 
images were captured. 

An advantage of using LCTF is that the exposure time can be set 
independently for each band. Therefore, to optimise the dynamic range 
of the camera and correct the spectral sensitivity of the different ele-
ments of the system (lamps, filters and camera), the integration time was 
established for each band in a manner. This time was determined so that 
90% of the average reflectance of a standard white reference (Spectralon 
99%, Labsphere, Inc, NH, USA) was obtained for each band. Diffuse 
lighting was provided by 12 halogen bulbs (37 W) (Eurostar IR Halogen 
MR16. Ushio America, Inc., CA, USA) supplied with direct current (12 V) 
and arranged equidistant from each other within a hemispherical 
diffuser of aluminium. 
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Images of each olive were captured daily from the third day after 
inoculation until the visual symptoms of rot evolved (in some cases, up 
to 9 days). Therefore, a variable number of images of each olive was 
captured depending on the evolution of the infection, obtaining a total of 
610 hyperspectral images: 145 at day 3, 155 at day 4, and 310 at days 
5–9. Rather than studying the evolution of the defect, the purpose was to 
obtain images with different development stages of the defect. 

The olives were arranged in a pentagonal pattern to be all illumi-
nated in the same way (Fig. 1a). To build the data set for the CNN, each 
olive was automatically identified in the image, extracted and saved 
independently (Fig. 1b). First, the 480 nm band was used to obtain a 
binary mask and remove the background since the contrast between the 
olives and the background was maximum in this band. The olives were 
then individualised and resized to a size of 224x224 pixels, which is 
typical for many CNN architectures (He et al., 2016). Finally, the 
hyperspectral image of each olive was stored in Python’s pickle format, 
which is a simple and efficient way of serialisation in a Python-oriented 
pipeline. Hyperspectral images were corrected and transformed to 
relative reflectance using white (Spectralon 99%) and dark references 
following the calibration process described in Geladi (2007). 

2.3. Train, test and validation subsets 

The olives were divided into two classes. The class water corre-
sponded to control olives that were inoculated with water (20%), and 
the fungi class composed of the olives inoculated with the fungus (80%). 
The greater number of inoculated olives was due to the main objective of 
the work, which was to investigate the capacity of the system to detect 
this disease early. To evaluate the models, the images were divided into 
three subsets for training (60%), validation (20%), and independent 
testing (20%). The training set was used to optimise the CNN weights 
through the Stochastic Gradient Descent (SGD) (Ruder, 2016), which is 
an iterative algorithm that calculates the classification error (or loss) in 
each iteration on a subset of images, and the weights are then updated to 
reduce this error. This method improves the performance of the classi-
fication throughout the process until some stopping criterion is met (for 
example, the error is minimal, or a maximum number of iterations is 
reached). The validation set was employed to manually optimise design 

decisions related to the CNN architecture and the training procedure. 
Only those changes that improved validation performance were pre-
served. Finally, the test set was used to assess the generalizability of the 
model, providing an unbiased estimate of its performance on data not 
seen during training or validation. 

These three sets were obtained by taking three olives for training, 
one for validation, and one for the independent test from each of the five 
olives acquired per shot (see Fig. 1), such that the olive in the same 
position always belonged to the same set. Otherwise, the validation and 
test sets could contain images of olives also present in the training set. 
Hence, the model could have learned to recognise them during this 
process, thus compromising the validity of the results. Furthermore, the 
relative proportion between the two classes (20% control, 80% fungus) 
was conserved in each of the sets, as well as the ratio of olives captured 
at each date. 

In addition to the described main validation scheme, 5-fold cross- 
validation (CV) was employed to prove the generality of the final sys-
tem further after the architecture and hyperparameters were considered 
final. In this scenario, five different models are trained using four out of 
the five olives from each shot, while the fifth one is left out for testing (a 
different one for each of the models). 

2.4. CNN architecture 

Standard classification CNN’s can be understood as the concatena-
tion of a feature extractor block with a classification head. The feature 
extractor block processes an input image through a series of convolu-
tions, pooling operations, and non-linear activation functions, produc-
ing a feature map at each step. The final feature map is projected onto a 
feature vector, which can be understood as a highly compressed repre-
sentation of the input image, containing only important semantic fea-
tures. This vector is supplied to the classification head, which is a fully 
connected classical neural network that produces a vector of probabil-
ities of the input image belonging to each class. As an example, Fig. 2 
shows the architecture of the well-known CNN VGG-16 architecture 
(Simonyan and Zisserman, 2015). 

After testing several competing CNN architectures, such as VGG-16, 
ResNet50 (He et al., 2016) and Densenet121 (Huang et al., 2017), the 

Fig. 1. Images of the olives (shown using the RGB bands) as they were acquired (a) and after the pre-processing (b).  
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ResNet101 (He et al., 2016) architecture was finally chosen because it 
produced the best results over the validation set and represents a good 
balance between discriminatory power, parameter efficiency, simplicity 
and learning transferability. ResNet101 has a feature extractor that 
consists of a stack of 101 convolutions structured in 33 blocks of three 
convolutions each, with a residual connection that joins the beginning of 
each block to its end. It uses the rectified linear activation function 
(ReLU) (Eckle and Schmidt-Hieber, 2019). 

At the end of the CNN, the classification head processes the resulting 
feature map through a fully connected layer with as many outputs as 
there are classes, using the normalised exponential function (softmax) as 
an activation function (Bishop, 2006), thus producing the final 
predictions. 

The original implementation of ResNet101 was designed for the 
ImageNet dataset (Russakovsky et al., 2015), which contains more than 
one million colour images (3 bands) that belong to 1000 different cat-
egories. Therefore, some modifications were necessary to adapt this 
network to process 61-band hyperspectral images with only two classes. 
To address the large number of input bands (known as channels in the 
context of CNNs), a trainable linear transformation was added at the 
beginning of the CNN. This was implemented as a convolution with a 
kernel of size (1, 1), which performs pixel compression of the 61 chan-
nels of the hyperspectral images captured in only the three with which 
this network works. It is important to note that this reduction was not 
based on selecting important bands since the three resulting channels 
were not particular bands but a projection of the information contained 
in the original 61 bands. This concept is similar to using Principal 
Component Analysis to analyse the 61 bands and obtain the three most 
important components, except that the transformation is learned during 
the CNN training process. 

Similarly, the classification header had to be redesigned for a binary 
classification problem (sound or infected). Therefore, the last activation 
map was linearly compressed from 2048 to 64 channels and then 
collapsed into one dimension (flattened) to obtain the feature vector. 
The actual classification head was replaced by a fully connected network 
with a single hidden layer of 16 neurons. 

The final architecture can be seen in Fig. 3, where the original 
ResNet101 feature extractor remains unchanged, and the rest of the 
implementation has been adapted to our problem. As a summary, each 
hyperspectral image of 61 bands from each olive was rescaled to a size of 
224 × 224 and transformed into a three-channel (not bands) image 
through a linear transformation pixel-wise (equivalent to a convolution 
with a kernel size 1 × 1). The three channels were used as input in the 
trained CNN ResNet101, obtaining as output a 7 × 7 × 2048 activation 
map. This map was compressed from 2048 channels to only 64 channels 
(using another convolution with a kernel size 1 × 1) and flattened to 
obtain the vector of features associated with the image. Finally, two 

other layers (the first with 16 units and the ReLU activation function, 
and the second with two units and the softmax activation function) 
formed the classification head that obtained the probability of the olive 
being healthy or infected. 

2.5. Addressing overfitting 

Effective CNN training is challenging when the data set is relatively 
small, as in this case. Such a complex model trained with little data 
generally performs well with the training set but lacks generalizability, 
thus exhibiting poor results in the test and validation sets, a problem 
known as overfitting. In this work, two standard techniques were 
employed to address this problem: transfer learning and on-line data 
augmentation. 

2.5.1. Transfer learning 
Transfer learning (Yosinski et al., 2014) consists of using a CNN that 

has been previously trained on a large dataset (such as ImageNet) and 
applying it to a new (often smaller) dataset. Filters learned by any CNN 
(especially those in the first layers) are extremely general and therefore 
useful for various image classification tasks. Taking advantage of this 
technique, the proposed CNN did not need to train from scratch, helping 
it converge to a local minimum despite the relatively small data set. 

There are two main approaches to transferring learning. The first 

Fig. 2. Scheme of the VGG-16 architecture (Simonyan and Zisserman, 2015).  

Fig. 3. Architecture proposed for the model created.  
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consists of using the function extractor of an already trained CNN as a 
function extractor for a new problem, without any parameter retraining. 
Then any standard classifier can be trained directly on the resulting 
feature vectors, replacing the original classification head. This can be 
effective when the domain that the original CNN was trained in is very 
similar to that of the new problem. In our case, however, there was a 
major domain shift, as the hyperspectral olive images were very 
different from the images included in ImageNet (everyday scenes). 
Therefore, this approach would have been unsuccessful for our 
application. 

The second approach, known as fine-tuning, uses the weights of the 
previously trained CNN as an initialisation for the new one and then 
slowly retrains it so that the feature extractor can adapt to the new 
domain. This strategy was adopted for our model, which employs a 
ResNet101 feature extractor pre-trained on ImageNet, that was slowly 
retrained using the new olive images. Section 2.6 illustrates the training 
process. 

2.5.2. On-line data augmentation 
Augmentation of on-line data (Pérez and Wang, 2017) is a technique 

that is commonly used to artificially increase the amount and variability 
of training images when the data set is small, as is our case. Using this 
method, a series of random transformations were applied sequentially to 
each image before they were fed into the CNN for training: flip along the 
x-axis with probability 1/2, alter the brightness in a range of ±8%, alter 
the contrast in a range of ±40%, add Gaussian noise with a standard 
deviation of 0.02, rotate by an angle in the range [0, 2π], shift both axes 
by a maximum of ±8%, and scale the image in the range [0.7, 1.02] 
times. Fig. 4 shows the results of this process in some example olives. 

2.6. Training schedule 

For successful transfer learning, a CNN had to be carefully trained so 
that the pre-trained weights were not wholly overwritten during the 
retraining process. For our case, a two-step training process was carried 
out: first, the weights of the previously trained ResNet101 were locked 
and only the weights of the newly added layers were updated for 20 
epochs, where an epoch is defined as 12 SGD iterations (the amount 
required to approximately iterate through the whole dataset once). For 
this, the SGD Adam optimiser (Kingma and Ba, 2015) was used, with a 
learning rate of 1.67 × 10− 4 and a batch size of 32 images. 

Second, all weights were unlocked and updated using standard SGD 
with a momentum of 0.9 at a slower learning rate of 4.18 × 10− 5. For 
this second phase, the learning rate was automatically reduced by a 
factor of 0.3 if the loss did not improve in the last 20 epochs in the 
validation set. Finally, the training stopped when the validation loss had 
not improved in 45 epochs, which is a technique known as early stop-
ping. This also helped reduce the overfitting problem, as the training 
process was stopped before the model had a chance to overfit the 
training dataset. The Python’s library Tensorflow 2.0 was used for 
training the CNN. 

In all cases, categorical cross-entropy (Eq. (1)) was chosen as the loss 
function since it has some mathematical properties that make it a good 
choice as a minimisation objective in multi-class classification problems, 
while accuracy (Eq. (2)) was used as the primary evaluation metric, due 
to its superior interpretability. 

Cross − entropy = −
∑N

i=1

∑M

c=1
yi,clog

(

ŷi,c

)

(1) 

Fig. 4. Some samples after applying data augmentation.  
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Accuracy =
1
N

∑N

i=1

∑M

c=1
I
(

yi,c = ŷi,c

)

(2)  

where N is the number of samples, M is the number of classes, y is the 
ground truth, ̂y is the value predicted by the CNN, and I : X→{0, 1} is the 
indicator function that takes a value of 1 when the internal condition is 
fulfilled and 0 otherwise. 

2.7. Test time augmentation (TTA) 

After training the model, TTA (Wang et al., 2018) was used to 
improve the predictions and performance of the model. TTA consists in 
combining the predictions on a given image that has been augmented 
with a random transformation, similar to the augmentations made 
during training using on-line data augmentation. This allows for a better 
exploration of the space of possible appearances that a particular olive 
can take when being photographed, thus improving the robustness and 
performance of the prediction. Majority voting was used as a combining 
function, which is a common choice for classification tasks. Each image 
was augmented 25 times. Thus, when TTA was used to classify a single 
olive image, it was first transformed in 25 different ways by random 
rotations, translations, etc. These images were then supplied to the CNN, 
thus obtaining a total of 25 predictions for the same original image, 
which were then combined into a single prediction by choosing the most 
voted class. 

3. Results and discussion 

3.1. Performance evaluation 

The performance of the model was evaluated in terms of accuracy, 
sensitivity and specificity. The accuracy represents the total fraction of 
images that were correctly classified. The sensitivity is the fraction of 
infected olives that were detected, while the specificity is the fraction of 
healthy olives that were correctly identified as such. For comparison 
purposes, a Naïve model (not to be confused with a naïve Bayes classi-
fier) that always classifies samples as infected, would achieve only 80% 
accuracy (due to there being 80% infected samples), 0% specificity 
(healthy olives would never be identified), and 100% sensitivity (all 
infected olives would have been detected). Finally, the F1 score is the 
harmonic mean of precision and recall and provides an alternative 
measure of classification performance. 

The accuracy, sensitivity and specificity for the training, validation 
and test sets (including all stages of infection) are shown in Table 1. As 
expected, the model performs better in the training set. However, the 
difference with the other subsets is relatively small due to the techniques 
applied to avoid overfitting. 

Table 1 shows that the true positive rate (sensitivity) was high in 
training, validation and test subsets, staying above 90% in all cases. 
However, the most notable result was the sensitivity of 96.88% in the 
test set, which demonstrates the high generalizability of the model for 
detecting anthracnose in olives. 

More modest results were observed in terms of specificity in training 
(73.77%), validation (84.62%) and test (73.08%) sets. However, in most 
food quality control and inspection problems, high sensitivity rates are 

more important than specificity since it is more tolerable to over-detect 
those in poor condition (which implies an economic loss) than to classify 
infected as healthy (which also means a loss of prestige and the rejection 
of the product). In this case, an average specificity of around 80% was 
reached. 

Table 2 presents the results from the 5-fold validation scheme. For 
the first and third folds, the results were similar to those in Table 1. For 
the rest of the folds, the results were slightly worse. Due to the employed 
small imbalanced dataset, a specific subset of the data might be signif-
icantly better or worse suited for learning, causing these issues. 

The acquisition of images in different stages of evolution of the de-
fects was carried out only to obtain a broader sample of defects. How-
ever, this allows for information on the performance of the model to be 
obtained according to the evolution of the infection. 

Table 3 shows the accuracy, sensitivity, specificity and F1 score 
obtained for the olive images from the test set that were acquired on 
days 3, 4 and 5 to 9 after inoculation. As can be seen, as the disease 
evolved, accuracy, sensitivity, and specificity increased. On days 3 and 
4, the infection had already started to develop. However, the visual 
appearance of the olive still appeared like the damage caused by the 
inoculation. The specificity was only 50% on days 3 and 4, but the model 
was effective in detecting the infected olives since the sensitivity was 
high from the beginning (85% on day 3 and 100% onwards). For com-
parison purposes, results achieved training the model using only RGB 
bands are included in the table. 

Fig. 5 shows example images captured on days 3 and 5 after inocu-
lation corresponding to infected (Fig. 5a and 5c) and control (Fig. 5b and 
5d) olives. The bottom row shows the probabilities given by the model 
belonging to these olives to each of the classes. These olives have been 
correctly classified by the model. 

3.2. Comparative study 

Table 4 shows a comparison of the performance of the proposed 
model with other alternative models and design options. The best model, 
taken as a reference for comparison, is the CNN ResNet101 architecture, 
trained following a two-step training schedule to take advantage of the 
transfer learning technique. As can be seen from Table 4, the perfor-
mance of other CNN architectures such as ResNet50 and Densenet121 is 
inferior, falling even below 80% of a Naïve model in the validation and 
test sets. This was also the case for all the other architectures tested, 
except VGG-16, which achieved somewhat better results but still well 
below the reference model. 

Regarding design choices, the exclusion of the TTA post-processing 
technique produced a worsening of accuracy, showing the effective-
ness of the method. An interesting finding is that by using only the RGB 
bands of the hyperspectral image, the performance decreases signifi-
cantly, suggesting that the information contained in the other bands is 
key to the model and demonstrating that the band compression tech-
nique was effective at preserving the necessary information. Finally, 
training all the CNN weights directly in a single step (instead of training 
in two stages, as explained in Section 2.6) also yielded poor results. In 
general, several different training techniques (custom training schedule, 
on-line augmentation, etc.) and specific hyperparameter settings had to 
be used to achieve good performance even in an imbalanced dataset that 

Table 1 
Accuracy, sensitivity, specificity and F1 score for train, validation and test 
subsets.  

Subset Accuracy (%) Sensitivity (%) Specificity (%) F1 (%) 

Train 92.67 97.49 73.77 95.49 
Validation 92.62 93.75 88.46 95.24 
Test 91.80 96.88 73.08 94.90 
Naïve 80.00 100 0 88.07  

Table 2 
Accuracy, sensitivity, specificity and F1 score for the five different CV test 
subsets.  

Subset Accuracy (%) Sensitivity (%) Specificity (%) F1 (%) 

CV Fold 1 Test 90.98 94.79 76.92 94.30 
CV Fold 2 Test 86.89 94.79 57.69 91.92 
CV Fold 3 Test 88.52 98.96 50.00 93.14 
CV Fold 4 Test 84.43 97.92 34.62 90.82 
CV Fold 5 Test 80.99 100 11.54 89.20  
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is relatively small to be used in a CNN conventionally. As confirmed by 
the results in Table 3, modifying any of these configurations yielded a 
significant decrease in performance, proving their importance. 

Several works have been previously published aimed at detecting 
different types of bruises or diseases in olives using image processing. 
Most of them use standard computer vision systems based on colour 
information to discriminate among olives with different quality. Sola- 
Guirado et al. (2020) determined a bruising index in olives among other 
colour and geometric parameters. Riquelme et al. (2008) classified ol-
ives with eight types of defects. Previously, Díaz et al. (2000, 2004) 
classified olives in four qualities depending on external defects in real- 
time. In all cases, good results were achieved, but all related to visible 
damages and using standard image processing techniques. No previous 

works have been found related to the detection of anthracnose or any 
other disease in olive fruit using hyperspectral imaging or deep learning, 
thus allowing to detect incipient infections or damages before they cause 
visual symptoms. Therefore, this work is a step forward in the control of 
fungi diseases in olives after harvest. The sensitivity, that is, the ability 
of the model to correctly identify infected olives, is high even from the 
third day after inoculation. From a commercial point of view, these re-
sults are relatively good since the objective is to detect the maximum 
number of infected fruits. It is more tolerable to identify a healthy olive 
as infected than to allow an olive with such a severe disease as 
anthracnose to enter the production chain, as it could spread the disease 
to other olives during storage or transport. 

4. Conclusions 

Nowadays, machine learning, applied in synergy with a convolu-
tional neural network, is rapidly growing out of necessity to manage an 
enormous amount of information generates from computer vision 
techniques. The objective of this work was the early detection of arti-
ficially inoculated anthracnose using hyperspectral images through the 
application of advanced modelling techniques based on Deep Learning 
(DL) and convolutional neural networks (CNN). ResNet101 architecture 
was chosen, but it had to be adapted to work with the large number of 
input bands captured by the hyperspectral system. Images of olives were 
acquired in the range 450 to 1050 nm. The relatively low number of 
samples was increased by using data augmentation techniques which 

Table 3 
Accuracy, sensitivity, and specificity achieved using the independent test set for samples collected on days 3, 4 and 5 to 9 after inoculation, using the full spectrum and 
only the RGB bands.  

Bands Days after inoculation Accuracy (%) Sensitivity (%) Specificity (%) F1 (%) 

Full spectrum Day 3 79.31 86.96 50.00 86.96 
Day 4 87.10 100 50.00 92.00 
Days 5 to 9 100 100 100 100 

RGB Day 3 79.31 78.26 83.33 85.71 
Day 4 83.87 91.30 62.50 89.36 
Days 5 to 9 96.77 98.00 91.67 98.00  

Fig. 5. Images captured on days 3 (a,b) and 5 (c,d) after inoculation corresponding to infected (a, c) and control (b, d) olives. The bottom row shows the probabilities 
given by the model of belonging these olives to each class. 

Table 4 
Accuracy and F1 comparison for different models and design choices.  

Description of changes Accuracy (%) F1 (%) 

Train Val. Test Test 

Best model ResNet101 92.67 92.62 91.80 94.90 
Other models ResNet50 85.42 77.05 78.69 88.07 

VGG16 92.71 86.89 87.70 92.15 
Densenet121 84.11 78.96 78.69 88.07 

Other design choices No TTA 93.17 90.98 90.98 94.42 
RGB bands only 90.85 91.67 89.34 93.12 
One-step training 78.69 78.96 78.69 88.07  
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resulted in good results of accuracy (91.8%), sensitivity (96.88%), and 
lower but still reasonable specificity (73.08%) due to false negatives in 
the first days after the inoculation. From day 5 after inoculation, all 
accuracy, sensitivity, and specificity achieved 100%, when the damages 
on the skin of the olives were still minor and had a visual aspect of a 
small stain. The proposed analysis was successfully tested. If applied in 
postharvest operations, it could guarantee a reasonable and accurate 
control of olive anthracnose to safeguard the quality and commercial 
value of olive and olive oil. 
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Munera, S., Gómez-Sanchís, J., Aleixos, N., Vila-Francés, J., Colelli, G., Cubero, S., 
Soler, E., Blasco, J., 2021. Discrimination of common defects in loquat fruit cv. 
‘Algerie’ using hyperspectral imaging and machine learning techniques. Postharvest 
Biol. Technol. 171, 111356 https://doi.org/10.1016/j.postharvbio.2020.111356. 

Nasiri, A., Taheri-Garavand, A., Zhang, Y.D., 2019. Image-based deep learning 
automated sorting of date fruit. Postharvest Biology and Technology. Postharvest 
Biol. Technol. 153, 133–141. https://doi.org/10.1016/j.postharvbio.2019.04.003. 

Pangallo, S., Nicosia Li Destri, M.G., Agosteo, G.E., Abdelfattah, A., Romeo, F.V., 
Cacciola, S.O., Rapisarda, P., Schena, L., 2017. Evaluation of a pomegranate peel 
extract as an alternative means to control olive anthracnose. Phytopathology 107 
(12), 1462–1467. https://doi.org/10.1094/PHYTO-04-17-0133-R. 
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