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Abstract

Early detection and timely management of crop diseases are essential for
reducing yield loss. Traditional manual inspection is often time-consuming,
laborious, and biased. Recently, automated imaging techniques have been
successfully applied to the detection of crop diseases. Almost this type of
research requires a huge amount of images with key typical symptoms from
rare classes. The rare class images are the key to differentiated closely related
diseased symptoms, but it is mostly internal and difficult to get them. Thus
we exploited generative adversarial networks for generating rare classes such
as banana pseudostem and rachis images creating new datasets with synthetic
images and doing domain disease translation, converting an image with a
certain disease into another image with another different disease. These
synthetic images were tested in pre-trained disease detection models to see
if they are good enough to balance the banana disease datasets and improve
the object detection models’ overall accuracy and can be applied to other
deep learning techniques such as classification and semantic segmentation.
mAP score from the trained models with synthetic images was between 64%
and 89% accuracy, which conclude that synthetic images are a useful tool as
a data augmentation technique.

Keywords— Artificial intelligence, generative adversarial networks, deep learn-
ing, disease detection, data augmentation, pseudostem, rachis, synthetic data



Chapter 1

Introduction

In agriculture, there are several environmental threats as drought, pest, and dis-
eases, nutrient deficiency, etc. that affects the crops, reduce their yield and de-
crease food production. Farmers around the world have the challenge to face those
problems, but they do not have enough tools to do it because for years there has
been a gap between technology and agriculture. Some few organizations have
the power and the technology to make its crops resistant to many threats, but
85% of the world’s farms are in smallholder farmers hands[?]. Smallholder farm-
ers rely on empirical knowledge, which is less effective in this overcoming farming
challenges[3], technology must be closer to them and enrich their knowledge to
improve their food production.

One good example is Banana, it is one of the most important fruit crops in
the world in terms of production volume and trade[!]. Only a low percentage of
bananas produced are globally traded[5], most of the production is for domestic
markets. This crop is a substantial dietary component [(] due to the nutritional
facts. Especially in tropics countries, this crop is vital to daily survival, one good
example is central Africa, where they eat more bananas than anyone in the world.
In some Africa countries, banana represents almost 35% percent of daily calories.
The banana crop is also important when it is seeded under mixed complex systems
(with cassava or coffee) like in the democratic republic of congo, Benin republic,
Colombia, and Panama. In some Latin American countries as Colombia, Panama,
and Costa Rica, many typical dishes are made from this fruit, and it is commonly
included daily in any meal of the day. But as mentioned several pests and diseases
affect banana crops causing significant yield losses|[7]. Most of these diseases are
presented as physical symptoms specially in leaves, if this is not controlled, pests
and diseases will affect the whole crop and even the surrounding farms. An early
detection system is needed to help farmers to manage those threats. Also, there
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are many concerns about the change and the increase of those problems due to
climate change[%][9]. To help not only banana farmers but all crops and to close
the gap between the agriculture and technology, different areas in science are called
to create and develop useful and low-cost technological tools applied to agricul-
ture and easy to use for smallholder farmers to help them with all those threats.
Some examples are mobile applications [10] , crop monitoring[l1][12], Internet of
things(IOT) [13] , remote sensing[!4] and artificial intelligence [15]. Artificial in-
telligence(AI) and specifically machine learning and deep learning applications are
helping in disease detection in humans [16], [17] , [18] but also in plants [19] and
combined with mobile applications are becoming into great tools in crop diagnosis
and management[20]. Deep learning models can be trained with different sources
of data, but in diseases diagnosis image based[19] models are used since diseases
symptoms are clearly observable. The major problems in machine learning and
specially in deep learning applications are the source of information, due to these
networks require a massive amount of data to be trained and perform a good gen-
eralization, is not easy to obtain a good database with reliable and enough data.
As disease diagnosis with deep learning use images, there are some traditional
methods to do data augmentation such as flipping or mirroring the images [21],
but new technologies are coming to generate artificial images with an approach
called generative adversarial networks(GAN)[22] [23] , with these models can be
generated artificial data almost real and makes impossible to differentiate between
a real and an artificial image for human been[24].

Generative Adversarial Networks (GAN) was mentioned initially by Ian Good-
fellow in the international conference on neural information processing Systems in
Montreal [25]. GAN uses adversarial methods where a generator and a discrim-
inator compete with each other to learns the data distribution and finally data
generation. Due to the good results showed by GAN models and the usability in
several different applications, have become one of the most studied technologies in
recent years. GAN has proven to be able to generate good quality synthetic data
in several applications [20], and can be used to solve well known image process-
ing approaches like image to image translation or domain translation and finally
data augmentation. Data augmentation with traditional and new techniques are
giving solutions to poor data problems and helps to increase the accuracy of the
trained models[27] but is very limited and will lead machine learning models to
the overfitting problems. We explored GAN’s application to generate synthetic
data based on real field images collected from hot spots and solve problems such
as fewer labels and unbalanced classifications. To develop this study, context and
planning is organized as follows:

e Chapter 1: Introduction.
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e Chapter 2: Problem formulation.

e Chapter 3 and 4: Scope and objectives.
e Chapter 5: Justification.

e Chapter 6: Theoretical framework.

e Chapter 7: Resources.

e Chapter 8: Methodology.

e Chapter 9: Materials and methods.

e Chapter 10: Results and discussion.

e Chapter 11: Conclusions and future work.
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Problem formulation

Climate change, pest, and diseases and all the environmental phenomena that cur-
rently affect the world, have generated different challenges to deal in the incoming
years. One of those challenges is the direct impact on food security [28] at a global
level; this has called attention at a general scale to generate resistant crops to all
these factors and at same time increasing yield and its nutritional value (plant
breeders tasks) but also giving tools to farmers to increase and warrant their food
production.

[29]

The increasing arrival and spread of serious diseases, fungal infections and
viruses, due to climate change and land-use change among other factors, pose a
serious food security threat. Disease surveillance for theses major diseases carried
out through field visits, or human scouting are often complemented by diagnostic
tools such as using growth media and polymerase chain reaction (PCR) ([30], [31]).
The inspection of early disease detection is assessed as prevalence (present or not)
at plot/field, farm, village, or landscape level, and the procedure by itself at a large
scale is challenging and time-consuming. These limitations have led scientists to
investigate on advanced and novel techniques that could obtain the crop health
information rapidly and economically ([32], [29]).

One selected important crop to face the food security problem is Banana (Musa
spp)[1]; Though a major staple in Africa, Asia, and Latin America, only 13% of
bananas produced are globally traded [5], clearly indicating the fruit’s importance
in domestic markets and for food security. In East and Central Africa, it is a
substantial dietary component, accounting for over 50% of daily total food intake
in parts of Uganda and Rwanda[(]. In Colombia, Banana is one of the main fruit
crops that sustain the country’s food security and it as a part of different typical
dishes.
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A big concern in Banana are pest and diseases, and this has a direct impact
on yield and food production. Several diseases affect banana crops around the
world threaten food security, such as Banana bunchy top virus(BBTV), banana
Xanthomonas wilt(BXW) (see figure 2.1a), Black and Yellow Sigatoka and Fusar-
ium wilt of banana (FWB) and some pest as Banana Weevil(see figure 2.1b). In
order to manage the spread of crop diseases and pest, early identification in the
field is a crucial step. Fortunately, most of the crop diseases can be managed by
detecting the diseases as soon as it appears on the crop. Traditional pest and
disease identification approaches rely on the support of agricultural extension spe-
cialists, but these approaches are limited in developing countries with low human
infrastructure capacity. The major part of banana crops around the world are
from smallholders farmers; they do not know, or they use empirical methods to
make the diagnosis, but the early identification of the problem is not possible in
most of the cases.

(a) BXW in banana fruit bunch (b) Banana weevil effects in the corm

Figure 2.1: Disease and pest impact in banana

Artificial intelligence (AI) with deep learning models [33] are useful to help
identify plant diseases by the plant’s appearance and visual symptoms[34]. Deep
learning models can be embedded in smartphones to create applications that could
alert farmers of the presence of a disease, lead to concerted control actions and thus
potentially preventing a disease from spreading over large areas[19]. Even though
many of the developing country farmers around the world do not have access to
these advanced tools, internet infiltration and smartphone penetration offer new
outfits for in-field crop disease detection. The GSMA (Global System for Mobile
Association) predicted that global smartphone subscriptions would reach 5 billion
by 2020, of which nearly one billion in Africa (GSMA Intelligence, 2016).
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Mobile applications are promising to be excellent tools to support farmers in
disease detection and crop management. The main problem with Al applications
is that it is needed vast amounts of data to train the models and have reliable
predictions, since in deep learning techniques specially in object detection models
the main data source are images, it also need many images to learn the patterns.
In real cases is very difficult to obtain a data set with enough and reliable images,
because the images should be taken in different environmental conditions, different
hours (morning, noon and afternoon) and by disease experts.

As banana is one of the most important fruit crops around the world, it is
needed to create easy tools to detect diseases using deep learning models, but there
is a big problem and is the data acquisition as mentioned before, fortunately, tra-
ditional data augmentation methods have demonstrated to be an excellent option
to increase the number of images[27] but these approaches are just making the
models more robust to orientation using the same original information, so creating
new artificial information is the real call of duty, generated artificial data could
improve not only the performance of the deep learning models but the general-
ization capabilities, and this is the scope for this work. To evaluate if artificial
data is strong enough and a good option in order to increase the accuracy and the
performance of deep learning models but also to ease the creation of new tech-
nology implemented in banana disease detection for the future, following research
questions have been generated:

e Traditional data augmentation techniques are enough to increase the perfor-
mance of object detection deep learning models in banana disease detection?

e Artificial data helps in disease diagnostic tasks?

e How many images are needed to have a good performance in object detection
deep learning models for banana diseases?

e Combining real data with augmentation techniques and artificial data will
improve the performance of object detection deep learning models?
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Scope

The scope of this work is to apply data augmentation and artificial data generation
techniques to asses the performance of object detection deep learning models in
banana disease detection tasks. It aims to:

e To create a banana diseases data set to train object detection deep learning
models

e To evaluate novel techniques for data augmentation

e To compare the performance of object detection deep learning models using
real, artificial and combined data.

e To summarize the workflow and the results of this work
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Objectives

4.1

General Objective

To evaluate the performance of object detection deep learning models using data
augmentation and artificial data generation techniques in banana disease detection.

4.2 Specific Objectives

To create and label banana diseases data set

To train and use Generative adversarial networks (GAN) to generate artifi-
cial banana diseases images

To generate two data sets of artificial images using data augmentation tech-
niques and GAN models

To train object detection deep learning models with the real, synthetic and
cross synthetic datasets

To evaluate and compare the performance of the trained models.

4.3 Expected results

It is expected to have GAN models trained with banana disease images dataset
to generate new synthetic images with quality enough to train an object detection
deep learning model and finally evaluate if synthetic images are useful to increase
the number of images in a banana disease detection dataset
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Justification

Applying machine learning techniques such as deep learning helps farmers with
disease classification and detection. In some cases, diseases are presented only in
leaves so this approaches can tell to the farmer in a visual way which disease is
present in the plant. Fortunately, mayor banana diseases can be treated if are de-
tected in early stages, for instance, mobile applications using deep learning models
give a practical tool to the farmers for real in-field detection and additionally crop
management advises controlling the current disease. Also, the geolocation infor-
mation of the images can describe the behavior and the spreading of the diseases
through a city or even a country. But the major problem that is not letting this
technology going on to the future is the data acquisition.

Data acquisition for training deep learning models is time-consuming, long
duration, experts are required and a massive amount of images with several vari-
ations. So data augmentation techniques and artificial data generation like GAN
models have the duty to help in this task making these models more robust and
increasing the performance. This study aims to evaluate if GAN models as new
artificial data generation techniques have the power to generate good quality data
to help in deep learning training processes. If GAN models can generate good
quality data, more real-world applications in the future will be developed based
on this new data generation technique. One of GAN models application will be
helping farmers in their daily tasks, such as crop evaluation, early diagnosis, and
disease detection

Farmers have been distant to novel technologies for years, getting those tech-
nologies close to them as in this study, reducing the number of images to be
acquired to train deep learning model, making the job easier to create useful tech-
nology that in the incoming years will contribute to food security. With the im-
provement of all these things and technological support can be faced food security

10
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problems in the future because with the development of early diagnosis tools and
more mobile applications for farmers, they can be lead to have better yield, im-
prove their food production and raise their gains warranting the local food needs.
Giving them technological support to face those problems and to improve their
crops, making them closer to new technologies and creating tools is an excellent
way to make the world more sustainable.
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State of the art

6.1 Previous work

This study is part of a biggest project aiming to use machine learning and deep
learning algorithms, remote sensing techniques and different data sources such as
smartphone, drones and satellite images in banana crop. Two main studies have
been published by the author of this current work and the research phenotyping
platform from the international center of tropical agriculture. The first work, ai-
powered banana diseases and pest detection [35] collected part of the dataset used
in this study, the final dataset have more than 15.000 images and 30.000 image
annotations. we developed six disease detection deep learning models with several
diseases, ending up with high accuracy models. Those models were used to develop
the Tumaini APP mentioned in following chapters. The second study was about
banana disease detection using RGB drone images and to classify banana crops
under mixed complex systems in Africa called: Detection of banana plants and
their major diseases through aerial images and machine learning methods: A case
study in DR Congo and Republic of Benin [36]. The final objective of this massive
project is to create a banana monitoring system using different information sources
at a world wide scale. This study will contribute to increase the number of diseased
banana images and aiming to improve the accuracy of the developed models.

6.2 Related topics

6.2.1 Automatic Plant diseases detection

Plant disease classification is a very complex task as it relies on experts hands, but
there are some systems for automatic diseases detection such as image processing,

12
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machine learning, and deep learning to help in these tasks (see figure 6.1). Up to
now most of the approaches for plant disease detection were depending on machine
learning algorithms, these approaches are easily adapted to certain conditions as
light for instance, if the system has a new input with a tiny variation the accuracy of
the model will decrease[37]. The development of deep learning, deeper networks,
convolutional neuronal networks (CNN) and transfer learning approach creates
new models that are not as susceptible as common machine learning techniques.

Figure 6.1: Automatic pest detection in Banana using deep learning

6.2.2 Pattern recognition

Pattern recognition is a big knowledge area and is used in several applications
in real life such as modelling, data management, commerce and even in politics.
Disease diagnosis and detection are important topics to explore with pattern recog-
nition and they have shown good results[38, 39] also with techniques as machine
learning[10, 11]. Recently all these techniques are being applied in agriculture
applications, starting with crop modeling [12], using i.e. support vector machines,
random forest or K-nearest-neighbor among many others for crop classification
[43] and for plant disease detection [14].

6.2.3 Deep learning

Starting from machine learning networks, the necessity to create robust models,
capable to manage several training classes, great inference power and good perfor-
mance, made machine learning networks to grow in the sense of these new networks
are deeper. For example in the ImageNet challenge(2012), AlexNet had a good
performance[15]. Deep learning (DL) networks are working in important areas
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as face detection and agriculture, being this last a promising field to apply those
techniques. Deep learning is used in Plant stress phenotyping[16], Plant diseases
and pests detection in tomato[17] ,Cassava disease detection[20][15], finally deep
learning can be embedded into smartphones to create useful applications helping
with disease diagnosis[19].

6.2.4 Object detection

Classification in deep learning tasks aims to predict a class inside an image, for
instance, if it is wanted to differentiate between if what there are in the images is
a cat or a dog, the model can predict which animal it is. Object detection not just
classify between a cat or a dog but detects where inside the image is the detected
object (see figure 6.2), in this way, the system may tell the farmer where the
disease is in a real scenario[17].Two examples of this technology in a real scenario
are in Cassava and tomato, where object detection and transfer learning were
used to detect diseases in the cassava and tomato leaves[19][17] and implemented
as a mobile application[50]. Currently, convolutional Neural Networks (CNN) are
considered as the foremost method for object detection and there are some well
performed methodologies such as Faster R-CNN and Single Shot Detectors (SSD).
The evaluation of the performance is different from classification techniques as
confusion matrix, there are some techniques to do the evaluation as mean average
precision mAP score.

Classification Object detection

Rachis

Rachis Rachis

Figure 6.2: Difference between classification and object detection.
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6.2.5 Transfer learning

Transfer learning is becoming into an exciting way to face situations where the
number of training data is not enough to train a deep learning model [51], is well
known that for deep learning is needed huge amount of data to train the network, ,
i.e. in a classification task, to train a classifier from zero will be needed thousands
of images. What transfer learning is giving is a new technique to take pre-trained
networks and adapt them to do a new task [52]. For instance, an existing network
trained to classify cars can be re-trained to classify trucks without a training
process from scratch, reducing the training time and getting faster results.

6.2.6 Generative adversarial networks

GAN models are part of artificial intelligence, they are part of non supervising
learning approaches which creates a system with two neuronal networks that com-
pete with each other, were created by Ian Goodfellow et al. in 2014 [22]. GAN
models are currently being used in different applications: Style based generator
architecture [53] that is a work from NVIDIA’s team capable to generate arti-
ficial information based on two images and creating a new one with the mixing
of features from both images. Another application is creating super resolution
images[51]. GAN is a promising technique to help in different areas such as artifi-
cial data generation to dataset augmentation or image domain translation.

6.2.7 'Traditional data augmentation techniques

Some machine and deep learning problems requires a data set with hundred or
thousand of images, which is hard to collect in most of the cases, but with
few images can be generate new samples to train the models applying different
techniques[27] such as:

e Vertical and horizontal flipping

e Image rotations

Brightness decrease and brightness increase

Contrast enhancement and contrast reduction

Sharpness enhancement

Addition of random Gaussian noise
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Those traditional techniques make models more robust and invariant to some
variables as light condition and angle rotation, increasing the accuracy of the
model.
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Dr. Animesh Acharjee, UK Centre for Computational Biology, University of Birm-
ingham, UK.

7.1.2 Co-Director

Dr. Michael Gomez Selvaraj, International Center for Tropical Agriculture (CIAT),
Palmira-Colombia.

7.1.3 Consultants
e PhD student Henry Ruiz, Texas A&M University, Texas-United states.

e MSc. Milton Valencia, International Center for Tropical Agriculture (CIAT),
Palmira-Colombia.

e MSc. Manuel Alejandro Valderrama, International Center for Tropical Agri-
culture (CIAT), Palmira-Colombia.

7.1.4 Research Group
International Center for Tropical Agriculture (CIAT)
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7.2 Hardware

GPU NVIDIA Tesla V100 32GB

Laptop ASUS ROG Intel Core i7, 32GB RAM DDRA4

Smartphone

Hard drive 8 TB

7.3 Software

Operating system Linux

Data annotation software CVStudio

e Image processing library OpenCV
e Programming language Python 3.7

Model training FalconCV using as backend Tensorflow with the tensorFlow
API and Keras
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Methodology

8.1 Research Methodology

This work is an analytic research to evaluate the performance of deep learning
models trained with different sources of information (real and artificial data).

8.1.1 Activities
To achieve the objective of this work and following each sub-objective, have been
proposed the following probes and activities:

Activity 1. To create and label real banana diseased dataset

1. To collect banana images from different places.

2. To filter the images.

3. To split and arrange the images in a structured format (Class based).

4. To label the images with the correct bounding box and class label.

Materials:

e Smartphone or RGB camera

e Laptop:
Processor: Intel Core i7-6700HQ Quad Core Processor (6M Cache, 2.6GHz
- 3.5GHz)
Ram: 32GB RAM DDR4 2133MHz
Hard Drive: 500GB Solid State Drive + 2TB 5400rpm Hard Disk Drive
Graphics Card: NVIDIA GeForce GTX 960M 4GB
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e Storage space
e Label image Software

Activity 2. To train Generative adversarial networks generating ar-
tificial banana diseased images

1. To enrich the knowledge about GAN models
2. To explore different GAN models.

3. To select one GAN methodology and apply the methodology generating new
data.

4. To test the quality of the generated data.

Materials:

e Laptop:
Processor: Intel Core i7-6700HQ Quad Core Processor (6M Cache, 2.6GHz
- 3.5GHz)
Ram: 32GB RAM DDR4 2133MHz
Hard Drive: 500GB Solid State Drive + 2TB 5400rpm Hard Disk Drive
Graphics Card: NVIDIA GeForce GTX 960M 4GB

e Server: Processor: Intel Xeon E5-2667 v4 @ 3.20 GHz x16, GPU: NVIDIA
Tesla M60, OS: Windows Server 2016 x64

e Python Software

Numpy

Scipy

Pandas

Matplotlib

Augmentor

PyTorch

Keras

TensorFlow

Activity 3. To generate two data sets of artificial images using GAN
models

1. To apply the selected techniques to create the new data set.
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2. To create a data set with GAN artificial images.

3. To label the images with the correct bounding box and class label .

Materials:

e Laptop:
Processor: Intel Core i7-6700HQ Quad Core Processor (6M Cache, 2.6GHz
- 3.5GHz)
Ram: 32GB RAM DDR4 2133MHz
Hard Drive: 500GB Solid State Drive + 2TB 5400rpm Hard Disk Drive
Graphics Card: NVIDIA GeForce GTX 960M 4GB.

e Label image Software

Activity 4. To train deep learning models with the real, augmented,
artificial and combined data sets

1. To train deep learning models with real data.
2. To train deep learning models with synthetic data.

3. To train deep learning models with cross synthetic data.

Materials:

e Laptop:
Processor: Intel Core i7-6700HQ Quad Core Processor (6M Cache, 2.6GHz
- 3.5GHz)
Ram: 32GB RAM DDR4 2133MHz
Hard Drive: 500GB Solid State Drive + 2TB 5400rpm Hard Disk Drive
Graphics Card: NVIDIA GeForce GTX 960M 4GB

e Server: Processor: Intel Xeon E5-2667 v4 @ 3.20 GHz x16, GPU: NVIDIA
Tesla M60, OS: Windows Server 2016 x64
e Python Software
Numpy
Scipy
Pandas
Matplotlib

Augmentor
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PyTorch
Keras
TensorFlow

Activity 5. To evaluate and compare the performance of the trained
models

1. To generate evaluation metrics (such as mAP score) for each trained model.
2. To compare the results

3. To write the conclusions

Materials:

e Laptop:
Processor: Intel Core i7-6700HQ Quad Core Processor (6M Cache, 2.6GHz
- 3.5GHz)
Ram: 32GB RAM DDR4 2133MHz
Hard Drive: 500GB Solid State Drive + 2TB 5400rpm Hard Disk Drive
Graphics Card: NVIDIA GeForce GTX 960M 4GB

e Server: Processor: Intel Xeon E5-2667 v4 @ 3.20 GHz x16, GPU: NVIDIA
Tesla M60, OS: Windows Server 2016 x64
e Python Software
Numpy
Scipy
Pandas
Matplotlib
Augmentor
PyTorch
Keras

TensorFlow
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Materials and methods

9.1 Overall system description

The synthetic data generation approach to train disease detection models consists
of two main models, based on an important banana plant part (Pseudostem and
rachis). Each model (plant part) has its own classes extracted from different ba-
nana diseases and healthy plants. The pseudostem model, affected by Banana
xanthomonas wilt (BXW) and Fusarium wilt of banana (FWB) and the rachis
model, affected by banana blood disease (BBD). Both models with check images
of their healthy appearance as mentioned before. Once synthetic images are gen-
erated, a deep learning object detection model is trained to test the synthetic
data in a real disease detection scenario. An overview of the complete pipeline is
illustrated in Figure 9.1.

9.2 Raw dataset description

The raw dataset consists of 3500 pre-screened images by banana experts; it is
composed of two main banana plant parts, the pseudostem divided into three
classes based on the disease, BXW, and healthy class (as described in [35]) and
FWB. The second banana plant part is the rachis, divided into BBD and a healthy
class, as shown in table 9.1, and examples of each class in the dataset are presented
in Figure 9.2. This dataset has been collected under real field conditions and taking
key symptoms of each disease under different environmental conditions, disease
stage, and multiple locations. In addition to the described dataset, 150 images per
class were added to test each detection model generated under real images.
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a Synthetic data training pipeline

Training data Output data

Generative
adversarial :::

Real data

Network
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Figure 9.1: Overall pipeline description. a) Synthetic data generation
pipeline: In the first stage, a binary filter is applied to the real data to create
a paired dataset; with the paired dataset, a generative adversarial network is
trained, and using this trained network, a new synthetic dataset is generated
as the output. b) Object detection pipeline: The synthetic dataset generated
in the synthetic data training pipeline is annotated to create the disease label
and split into a training and validation dataset. The training dataset is used
to train an object detection model. The output is a trained model to detect
banana diseases.

9.3 Synthetic data generation

9.3.1 Data preprocessing and preparation

To train a supervised generative adversarial network (GAN) is needed a paired
dataset to apply image-to-image translation. To create this dataset, some image
processing techniques are applied [55] to the raw images like applying a greyscale
filter, edge detection, background removal, or binarization. The selection of the
technique to apply is based on the problem to solve; in this case, we applied a
binarization filter with adaptative gaussian thresholding using python and the
image processing library OpenCV [56], due to a binarization filter will help to
extract key disease features and patterns which may ease the training process and
the image generation. Also, the binarization process depends on a threshold that
is not 100% accurate to represent the original image; this will lead the GAN to
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Banana
Banana xan- Fusarium
Classes/ | Healthy| blood .
. thomonas wilt Total
Model (HP) | disease .
(BBD) wilt (FWB)
(BXW)

Pseudostem 700 700 700 2100
Rachis 700 700 1400
 Lost 300 150 150 150 750
images

Table 9.1: Description of banana diseases dataset used in this study.

generate a new image with variations from the original one, which is important
to create variety in the new synthetic dataset and help in the data augmentation.
Once the filter is applied, data is split into a paired dataset, a training dataset A
(binarized images), and a training dataset B (raw images) as shown in Figure 9.3.

9.3.2 Generative adversarial network

We selected the pix2pixHD [1] GAN architecture that is an improvement of the
pix2pix [55] conditional GAN framework to do an image-to-image translation, In
the case of GANSs, it is integrated a generator G and a discriminator D, where for
our task the G is transforming the image from the dataset A (binarized image)
to the dataset B (raw original image), and the D detects whether is a real or a
generated image. This network is a supervised network that works with paired
data as described before, so the input is a pair of binarized image-raw images
(Figure 9.3) and, the output a new synthetic image generated from the binarized
image.

9.3.3 Pix2PixHD GAN model architecture

Pix2pixHD was created in order to improve the resolution (up to 2048 x 1024) of the
output images, the proposed method to improve the results and the architecture
of this GAN model are: (1) Multi-scale generator to stabilize training and change
the resolution from 1024x512 to 2048x1024, (2) Multi-scale discriminator to ensure
scene consistency at all level and improves visual results, (3)Improved adversarial
loss for a stable training and better visual results, (4) feature encoder network to
learn representation of an object instance as a feature vector, to allow interactive
editing
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®

Pseudostem model

o

BBD

Rachis model

Figure 9.2: Dataset per-class example. a) Pseudostem model example of
a Healthy plant(HP), Fusarium Wilt of banana(FWB) and banana xan-
thomonas wilt(BXW) classes. b) Rachis model example of a Healthy
plant(HP) and banana blood disease(BBD) classes.

Multi-scale generator

In this multi-scale generator as can be observed in Figure 9.4, First is trained
an autoencoder style network G1, at smaller resolution (1024x512), then appends
generator G2, to generate a higher resolution (2048x1024) and this approach leads

to a stable training, finally G2 takes coarse output from G1 and refines it to
produce final result

Multi-scale discriminator

In the discriminator network, 3 discriminators have been used to operate on differ-
ent resolutions, to ensure resemblance at all levels, 70x70 Patch GAN architecture
evaluates image in 70x70 patches, resulting in smaller kernels, efficient memory
usage and yielded better(as observed in Figure 9.5). If Ck -; 44Convolution-
InstanceNorm-LeakyReLU layer with k filters and stride 2. Finally the distribution
of the architecture is C64-C128-C256-C512
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Binarized image Raw image

i

Figure 9.3: Example of the training paired dataset, on the left the binarized
image (dataset A), and on the right, the raw image (dataset B).
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Figure 9.4: Multi-scale generator network, image taken from [1].

Improved adversarial loss

Instead having a traditional GAN objective function as the loss function, was
added a feature matching terms to improve visual similarity between predictions
and ground truth. In the discriminator was added a discriminator feature matching
loss with difference in activations at every level. Finally an additional feature
matching loss on activations from pretrained VGG network

Feature encoder network

The aim of this feature encoder network. is to learn a feature vector at the object
instance level, With added input of 3d feature vector, averaged per instance, tries
to learn input instance vector vs visual observation. After joint training, they
perform k-means clustering with 10 final clusters over the entire training set per
semantic category. Cluster centers are provided as visual options in the final
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Figure 9.5: Patch size variation, image taken from [1].

editable framework

9.3.4 Parameters of GAN models

Each GAN model was trained with 200 iterations at the starting learning rate of
0.0002 and an additional number of 200 iterations to linearly decay learning rate to
zero based on the recommendations from pix2pixHD authors[!], the weights of the
network were initialized using a Gaussian distribution with mean 0 and standard
deviation 0.02. As the input in this case is not a label map as in the original one,
the label nc parameter was in 0 which will use RGB colors as the input and a
resize and crop parameter set to fineSize = 1024.

9.3.5 Synthetic images testing

Initially, output synthetic images were tested using the android app called Tumaini
(TumainiAPP can be found in the google play store) specially developed for banana
disease detection using object detection deep learning models.

9.4 Object detection pipeline

9.4.1 CVstudio for data annotation

Image annotation process was done using our recently open-source software called
CVstudio in the raw and synthetic datasets, this software allows to the user create
bounding boxes and class labels and save it as an XML file using the PASCAL
VOC format [57], also is possible to use pre-trained object detection models to
detect and create automatic bounding boxes. An overview of CVstudio software
is shown in Figure 9.6.
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Figure 9.6: CVstudio software overview and labeling process, purple rectan-
gle is an example of a bounding box which is the region of interest for the
model.

9.4.2 Model training with FalconCV

FalconCV [58] is a recently deep learning (DL) library to ease the training process
of DL models, in the backend FalconCV is using TensorFLow [59] and its object
detection API[G0], we used a pre-trained version of Faster R-CNN with Incep-
tionV2 trained with COCO (Common objects in context [01] ) data set as the
base model to do the transfer learning and train our disease detection model with
raw and synthetic data, InceptionV2 has shown good accuracy for banana disease
detection ([35]). The transfer learning was done with 20.000 epoch for the training
and a data splitting of 70% for training and 30% for testing in all trained models.

9.4.3 Performance testing

In order to evaluate the performance of the models to see if using raw and synthetic
data is possible to train disease detection models with accurate predictions, we
used the mean average precision score (mAP). mAP is a used metric to evaluate
the performance of an object detection model, is calculated as the average for the
precision of all classes, the precision is calculated as the number of true positives
(TP) over the TPs plus false positives (FP) (TPs + FPs is also known as total
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positive results). Finally, a TP or FP is extracted using the intersection over union
(IoU) which is calculated as the overlap (or the intersection over the union) between
the predicted bounding box and the labeled bounding box (ground truth), in this
case, was considered an IoU greater than 0,5 to be taken as a TP. Additional to
mAP we also calculated the precision and recall per class. Also, the loss function
is a function that penalizes an incorrect prediction in the training process, this
loss function was extracted using Tensorboard [(2] that is a visualization toolkit
of TensorFLow. This loss function allows us to monitor the training process of
each model, as much as it decreases the model is being well trained, but also to
control the overfitting.

9.5 Software and hardware specification

The hardware (HW) used to develop and re-train GAN and disease detection
models was an NVIDIA Tesla V100 GPU with 32GB, Linux as the operative
system and python 3.7 as the programming language to train the models and to
create the image processing scripts, the overall software (SW) and hardware used
in this study are presented in table 9.2.

Hardware and software | Specifications

GPU NVIDIA  Tesla
V100 32GB

Operative system Linux

Data annotation software | CVstudio

Model training Pix2PixHD
(GAN), Fal-
conCV with
TensorFlow

and TensorFlow
object detection

API
Image processing library OpenCV
Programming language Python 3.7
Visualization toolkit TensorBoard
from Tensor-
Flow

Table 9.2: Hardware and software specifications.
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Results and discussion

10.1 Synthetic data generation

10.1.1 Generative adversarial network

Using the Pix2PixHD architecture we generated five GAN models, three models
in pseudostem case (BXW, FWB, and HP) and two for Rachis (BBD and HP),
each model took around 2 days to finish the training process using all parameters,
HW and SW described before, all trained GAN models were named as synthetic
images generator (SIG).

10.1.2 New synthetic images generation

As can be observed in Figure 10.1, each class was used to generate two new syn-
thetic datasets, the first one using the same SIG as the class and the second one
using the opposite class (cross synthetic images, CSI); this method is also known
as domain translation(in this case translating from a disease image to a healthy
image and vice-versa. In the example shown in Figure 10.1 was used the BBD raw
dataset (700 BBD images) then using the BBD SIG, 700 synthetic BBD images
were generated, and using the Healthy SIG, 700 HP cross synthetic images were
generated. In the pseudostem model, as there are three classes, we used each class
paired with its same SIG to generate the first new dataset; examples of the gen-
erated images can be found in Figure 10.2, but in the case of the second dataset
(CSI), was used the HP class with each disease SIG to generate the new BXW and
FWB CSI datasets and the FWB class with the HP SIG to generate the HP CSI.
FWB was selected because the BXW images have bacterial ooze in most of them,
making the translation harder.
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Synthetic data
700 BBD synthetic images

Raw data Binarized data

700 BBD images

700 BBD binarized images

Synthetic rachis
BBD images
generator

Synthetic rachis
Healthy images
generator

Model input Models

Model output

Figure 10.1: Example of the synthetic image generation workflow for banana
blood disease raw images. The binarized image from a BBD image is passed
to two models, the first one, trained with the same class as the input image
(BBD image in this case) being the output a new bbd image reconstructed
from the binary image and the second one, trained with a different class
from the input image (model trained using healthy plants in this example)
and being the output a new healthy image generated from a BBD binary
image this is also known as domain translation and is called in this study as
cross synthetic image.

Additional images were created, converting from BXW class to FWB class
and vice-versa trying not to only turn from a diseased image to a healthy one
but also to do disease image translation. These cross synthetic images were not
included in the cross synthetic dataset because most of the images do not clearly
represent the diseases symptoms once the translation is done, the results from
the CSI of the disease to disease process (BXW to FWB or FWB to BXW) are
shown in Figure 10.4, the figure clearly shows that symptoms in each case are
not clearly represented and are not useful to be included in the datasets used to
train the models. It is still an initial approach to do disease image translation.
The complete dataset after filtering the 700 images per class due to some artifacts
described in the next section is presented in table 3. Synthetic images are very
similar to the raw images because they were generated with the same raw training
images but with a few differences, as shown in Figure 10.3, which can increase the
number of images in an object detection or classification dataset. In some cases,
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Synthetic

o)

Figure 10.2: Examples of generated synthetic images. On the left column, all
the original images; on the center column, all binarized images from the left
column. Finally, in the right column, the result from passing the binarized
image through the GAN model. There are some variations in the synthetic
images from the original images that can be observed, which creates variation
in the dataset.

synthetic images do not have enough difference from the original raw images, so
they must not be included in a training dataset for classification or object detection
tasks due to the possibility of overfitting. In the case of CSI, they are a completely
new dataset due to the domain translation, as shown in Figure 10.3.

10.1.3 Synthetic images testing and artifacts

To test if the synthetic images were correctly generated, we used the android app
for banana diseases detection Tumaini, where they report more than 90% accuracy
in their object detection models. These results are shown in Table 10.1, where we
got an average detection percentage (ADP) of 97% in synthetic images and 80%
in CSI. Even though 700 images were generated for all classes, a filtering process
was done based on the Tumaini app detections and a scan of each image, where
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Raw image Synthetic image Cross synthetic image

BBD BBD HP

Figure 10.3: Comparison between raw, synthetic and cross synthetic images.

Processed Synthetic - BXW

o

Figure 10.4: Examples of diseases images translation (domain translation).

bad detections are also related to some distortions and artifacts presented on the
images; some of these artifacts and distortions are normal due to the GAN network
like discoloration, noise, background discoloration, and darkening, as shown in
Figure 10.5.

10.2 Object detection models

10.2.1 Data annotation using CVstudio

CVstudio for data annotation is easier and faster than other annotation tools
due to its interactive and intuitive graphical user interface and because the user
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Model HP| ADP| BBD| ADP| BXW| ADP | FWB| ADP | Total

Pseudostem

(Raw 700 | 100% 700 | 100% | 700 | 100% | 2100

images)

Rachis

(Raw 700 | 100% | 700 | 100% 1400

images)
Pseudostem

(Synthetic | 690 | 98% 687 | 98% 691 98% | 2068

images)
Rachis

(Synthetic | 685 | 97% | 679 | 97% 1364

images)
Pseudostem
(CSI)
Rachis
(CSI)

602 | 86% 584 | 83% 563 | 80% | 1749

560 | 80% | 553 | 79% 1113

Table 10.1: Description of complete dataset and average detection percent-
age(ADP).

can upload a trained object detection (or segmentation) model with your object
in interest, and the software will automatically detect it. This detection tool is
based on the accuracy of the uploaded model; in the pseudostem dataset using the
Raw pseudostem trained model, we found an average confiability of 80% in the
synthetic image dataset for all classes for this annotation process. For rachis using
raw dataset trained model; we found an average confiability of 85% for all classes,
all the annotations were checked, and remaining images were done manually. This
tool reduced annotation time from hours to a few minutes in large datasets if the
user has a pre-trained model.

10.2.2 Model training with FalconCV

FalconCV is using in the backend TensorFlow 2.0 and the object detection API.
A new model can be retrained using transfer learning and modifying all training
parameters from the training script, installing and configuring an environment
with TensorFlow and object detection is very difficult and time-consuming, Falcon
is reducing and facilitating this process.
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.

Figure 10.5: Artifacts examples presented in the synthetic images.

10.2.3 Performance testing

Different performance metrics were extracted in order to test and evaluate the
model behaviour

Loss function

After training all models with an average of four hours per model, we extracted
the loss function (shown in Figure 10.6), finding a particular difference between
models trained with raw data and models trained with synthetic data. Models
trained with synthetic data had a faster convergence and stabilization than those
trained with raw data, this behavior is because despite the object of interest is
well generated, the image background tends to be blurred (Figure 10.7) which
highlight the object, making the training process to converge faster. As all raw
datasets are under real field conditions and not under a controlled environment,
these models are harder to train; then, if the object is highlighted because of the
blur in the background and other artifacts in the image, this will ease the detection
process. Also, it is important to have in mind that both raw data models have
similar behaviour (using different data) which can be considerate as a validation
and not as an independent event, the same situation is happening with synthetic
data models. All models finished with good results, as shown in Figure 10.6 despite
the faster convergence of synthetic data models.
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Figure 10.6: Loss function comparison for raw and synthetic object detection
models.

Precision and recall

To evaluate the model’s accuracy, initially, we calculated the IoU over the data and
extracted the precision and recall per class (shown in table 10.2). In table 10.2
can be observed that those model trained with raw images have good precision
and recall values (near to 1) which indicates a good behavior, models trained
with synthetic images have good recall values which indicate that the model is
detecting all possible positive cases, but lower precision values than previous raw
images models which indicate that this model is less accurate, finally, in CSI model,
precision and recall is similar to synthetic images models which are expectable due
to both are generated information.

In this case, what the precision is telling (as it is per class) is that, if the value
is near to 1 the model is being able to detect a high percentage of your results
which are relevant. On the other hand, what recall is saying is the percentage of
total relevant results correctly classified by the model. As and example, in the
raw images model, using the BXW class, precision was 0.92 which means that
the model is detecting 92% of the possible important results, then the recall of
1 is saying that 100% of the possible positive cases are being detected correctly.
Compared to the worst class (FWB) from the CSI model, where the precision was
0.62 which means that this model is detecting 62% of possible important results
and the recall off 0.94 concluding that from all detections made, 94% were accurate
detected

In conclusion, all models have good values in precision, all above 62% con-
cluding that even worst classes of CSI models (worst performed compared to the
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Figure 10.7: Blurred background and artifacts in a generated image.

others) are being able to detect at least 62% of possible important cases in a bad
scenario. But from those important detections, more than 94% (recall for FWB
class in the pseudostem CSI model) of the relevant results are correctly classi-
fied. Also, pseudostem models have better behavior than rachis models in a small
percentage, despite the number of classes.

mAP score

As a final performance metric to determine if the comparison between training an
object detection model using raw and synthetic data is useful, we extracted the
mAP score in each model; the results can be observed in table 10.3. As reported
in Selvaraj et. al 2019, [35], raw models have a mAP score of 0.99 giving accurate
detections. Synthetic models reported to be 0.89 for pseudostem and 0.88 for
rachis, which is lower than raw models but still accurate enough to give good
detections. The difference in the accuracy is derived from the noise generated in
the synthetic images. Finally, CSI models with 0.67 and 0.64 of mAP score for
pseudostem and rachis respectively, these results are lower than previous models
with almost 20% in difference (comparing with synthetic models), despite lower
accuracy in comparison, 0.65 mAP score in average for both models is not a bad
result taking into account that these models were trained using CSI. The low
accuracy in CSI models is also derived from the noise in the image generation and
the domain translation from a diseased plant to another or from a healthy plant to
a diseased one, having in mind that all models were tested using real field images,
to check their behaviour under a real scenario. In conclusion, if the lower accuracy
was the one from the CSI rachis model, can be said that in the worst scenario your
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Model Class | Precision | Recall
Pseudostem BXW | 0.92 1
(Raw FWB | 0.91 0.99
images) HP 0.95 0.99
Pseudostem BXW | 0.83 0.99
(Synthetic FWB | 0.62 0.99
images) HP 0.80 1
Peoudostenm BXW | 0.63 0.96
(CST) FWB | 0.62 0.94
HP 0.73 0.98
Rachis (Raw BBD | 0.91 1
images) HP 0.96 0.99
Rachis (Synthetici BBD | 0.85 1
images) HP 0.66 1
Rachis BBD | 0.70 0.95
(CSI) HP 0.64 0.95

Table 10.2: Precision and recall per class @ 0.5 intersection over union (IoU).

original dataset will be increased in a 64%.

Data Model Accuracy
source

Raw images | Pseudostem | 0.99

Raw images | Rachis 0.99
Synthetic Pseudostem | 0.89
images

Synthetic Rachis 0.88
images

CSI Pseudostem | 0.67

CSI Rachis 0.64

Table 10.3: mAP score performance metric to compare models behavior.
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Conclusions and future
directions

Traditional data augmentation techniques like mirroring and splitting images are
useful to increase the accuracy in DL models. Still, those techniques have not
enough variation to increase the variability in the dataset, which leads DL algo-
rithms to have better performance; the more variability (with real coverage of
your features, in this case, diseases symptoms), the more generalization in your
predictions. In this study, we generated synthetic images to test novels data aug-
mentation techniques using GAN power to train object detection models in a
real disease detection case applied to three major banana diseases in different
plant parts. Two different kinds of synthetic images were generated using the
Pix2PixHD trained GAN model, the first one using increasing the original raw im-
ages dataset from 3500 images to 9794 (6294 between synthetic images and CSI),
an increase of almost 180% in images number. Few of the generated images pre-
sented different artifacts, which are bad to use to train object detection models,
especially most artifacts were presented in the CSI generated dataset. All gener-
ated images were tested in Tumaini mobile app, ending up with more than 80%
ADP, and bad detection images were removed from the dataset to train the object
detection different models. After testing the three datasets (raw, synthetic, and
CSI), the models’ accuracy was between 64 and 99%, being CSI models lower than
others and synthetic models results were comparable to raw models. The results
lead this study to conclude that using synthetic images to train object detection
models has similar performance to training with raw real images, even using the
domain translation technique, reducing the time, disease spreading risk and the
laborious work in image acquisition tasks. Future work will be focused on charac-
terizing and go deeper into the image artifacts to reduce the number of affected
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images and increasing the number of images for synthetic datasets. Generative
adversarial networks are daily evolving, testing new GAN architectures will be
useful to create new synthetic datasets and improve the variability of them and
also image resolution to increase object detection models accuracy, a good start
is to use CycleGAN [63] to see how the image translation is performing using a
different GAN model. One of the challenges in this study was to generate disease
to disease translation images; developing a successful approach to generate this
kind of images will increase the number of trainable images in the dataset. Used
images were taken in a real field scenario, which makes difficult the generation task
because of the background and variability in the images, but finally, it was tested
that synthetic images can be generated with quality enough, but there are some
diseases with complex visual symptoms and parts of the plant with very irregular
shapes that are difficult to generate with this GAN approach; in future work, other
approaches can be tested to see if it is possible to generate more complex images
under the same real field scenario. m In this study, a binary filter was used to
create the paired binary-raw images dataset, other image processing techniques are
also used as mentioned before; generating synthetic information using the devel-
oped approach with different filters and image processing techniques will increase
the variation in the training dataset and reducing the number of acquired images
needed, also some considerations are important to have in mind, one of them is
the difference between the generated image and the original one because in some
cases the difference is small enough to say that there are two equal images in the
dataset which will be very bad for an object detection model training, leading the
model to overfit if there are several repeated images. Using a dataset where most
images have a similar background, in terms of color and objects like green leaves
background will train your network to generate synthetic images with a similar
background, which is not what is wanted in a training dataset; one solution is
to use multi-season data where the background of the image and even the symp-
toms of the plant have several variations, this will end with a complete dataset to
train GAN models where images under different context and recreating different
seasons can be generated Developed techniques in this study can be applied to
other DL areas such as machine learning, semantic segmentation, and different
real-life problems to fill the gap in images and data collection. In the incoming
years, artificial data generation will be an important part of machine learning and
deep learning real applications and will increase the number of these applications
in real life. The recent increase in the development of disease detection apps for
smartphones in several crops like banana, cassava, tomato, potato, etc. creates
the need to collect thousands of images; as mentioned collecting diseased images
is difficult in different ways; fortunately, the used approach here can be applied to
all disease detection mobile apps and several different crops, while the symptoms
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of the disease are visual.
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