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This work is inspired by Kaggle competition which was part of the Fine-Grained Visual Categorization
workshop at CVPR 2019 (Conference on Computer Vision and Pattern Recognition) we participated in.
It aimed at detecting cassava diseases using 5 fine-grained cassava leaf disease categories with 10,000,
labeled images collected during a regular survey in Uganda. Traditionally, this detection is done mostly
through physical inspection and supervision of cassava plants in the garden by farmers or agricultural
extension workers from NAADS (National Agricultural Advisory Services) and then reported to NARO
(National Agricultural Advisory Services) for further analysis. However, this can be tiresome, capital
intensive, and lacks the ability to detect cassava infection timely to help farmers apply preventive tech-
niques to the non-infected cassava plants in order to improve on yields which subsequently increases
African food basket leading to food security which fights famine. Using the dataset provided to train
CNNs (Convolutional Neural Networks) to achieve high accuracy was very challenging due to two rea-
sons: the dataset was small in size and has high-class imbalance being heavily biased towards CMD
(Cassava Mosaic Disease) and CBB (Cassava Brown Streak Virus Disease) classes. Class imbalance is prob-
lematic in machine learning and exists in many domains. Note that, not all world data is balanced, in fact,
most of the time you will not be extremely lucky to get a perfectly balanced real-world dataset, in recent
years, a lot of research has been done for two-class problems such as fraudulent credit card and tumor
detection among others. Interestingly, class imbalance in multi-class image datasets has received little
attention. This paper, therefore, focused on techniques to achieve an accuracy score of over 93% with class
weight, SMOTE (Synthetic Minority Over-sampling Technique) and focal loss with deep convolutional
neural networks from scratch. The goal was to counter high-class imbalance so that the model can accu-
rately predict underrepresented classes.
� 2020 THE AUTHORS. Published by Elsevier BV on behalf of Faculty of Computers and Artificial Intel-
ligence, Cairo University. This is an open access article under the CC BY-NC-ND license (http://creative-

commons.org/licenses/by-nc-nd/4.0/).
1. Introduction regions [2]. Farmers acrossAfrica are growing cassava in small,med-
Cassava (Manihot esculenta Crantz) is one of the most common
staple food crops grown in sub-Saharan Africa. Common parts of
the plant that can be eaten are leaves and starchy roots; the starchy
roots are by far the most commonly consumed because they are a
valuable source of energy and can be eaten raw, roasted on a char-
coal stove, boiled or processed in different ways for human con-
sumption [1,7]. The leaves and tender shoots are a rich source of
proteins and vitamins and are consumed as a vegetable in many
ium to large scale under awide range of environmental and climatic
conditions contributing to food security and industrial crop, but the
major challenge is that cassava plants are vulnerable to a broad
range of diseases as well as less known viral strains. In Uganda,
the most common are CMD which shows symptoms of yellowing
and wrinkled leaves and CBB which leads to root rot are among
the serious threats to Sub-Saharan Africa’s food security. Cassava
Mosaic infection was first reported in Tanzania towards the end of
the 19th century [18] and from that time, the epidemic has spread
throughout Sub-Saharan Africa resulting in great economic loss
and devastating famine because they are the major constraints to
cassava production [28–31]. This means we need better-
automated approaches that can assist farmers in early detection
and prevention of cassava diseases because conventional plant dis-
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ease diagnosis by human experts is tiresome, capital intensive, and
lacks the ability to detect cassava infection timely [34].

Our model performance showed promising results and to the
best of our knowledge, there is still no experimentation done for
classification of cassava mosaic and other cassava disease detec-
tion by training CNNs from scratch using an imbalanced dataset.
This work presents our techniques used to achieve an accuracy
score of over 93% with a very limited image dataset of 5 fine-
grained cassava leaf disease categories having 10000, labeled
images. Additionally, these images were highly imbalanced, being
heavily biased towards classes – CMD and CBSD.
2. Literature review

2.1. Disease categories

Four of the most common cassava diseases are shown in Fig. 1
below. Each has unique signs and symptoms that appear on the
leaf, these can be used to differentiate and categorize the infections
both visually by human eyes and automatically by deep learning
algorithms [3–5,21].
2.2. CGM (cassava green mite)

It causes white spots on the leaves. It starts with small spots
which then enlarges to cover the whole leaf surface leading to loss
of chlorophyll hence affecting photosynthesis. Severe CGM also
causes mottling symptoms that can be easily confused with cas-
sava mosaic, the leaves affected dry out, shrink and break away
from the plant.
(a) CMD

(c) CBB

Fig. 1. Cassava infections as visually view
2.3. CBSD

Is carried by a vector called whiteflies. Its symptoms include
characteristic yellow of the vein which sometimes enlarges and
forms visually large yellow patching [35]. CBSD also shows symp-
toms of dark-brown necrotic areas on the tuber root with a reduc-
tion in root size.

2.4. CMD

Has many foliar symptoms of mottling, mosaic rust, twisted
leaves and a general reduction in sizes of leaves as well as the
affected plants. Leaves always have patches of green mixed with
the different coloring of yellow and white patches [36]. The
patches reduce the surface area for photosynthesis resulting in
stunted growth and low yield.

2.5. CBB (cassava bacterial blight)

This is a bacterial infection attributed by moisture. So, cassava
plants in moist areas are the ones most affected. The symptoms
exhibited are black leaf spots and blights. The affected leaves dry
prematurely and shed-off as a result of wilting.

2.6. Related works

Deep learning for plant disease diagnosis in the early works [8–
10,19] all used leaf images as a data source but didn’t specify
whether the datasets were balanced or imbalanced. [19] used spec-
troscopy aimed at studying how different materials interact with
light in respect to wavelengths that will be absorbed or reflected,
the study argued that most of the early works on used leaf images
(b) CGM

(d) CBSD

ed by human eyes from the dataset.
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as the key data input but by the time a symptom is shown, it
means the disease is already at an advanced stage and from a prac-
tical point of view nothing can be done to save the affected plants
hence necessity for alternative means such as spectroscopy to
detect and curb infection at early stages. [8], introduced a practical
and applicable solution for detecting the class and location of dis-
eases in tomato plants. The goal was to find more suitable deep-
learning architecture processing units rather than the method of
collecting physical samples (leaves, plants) and analyzing them
in the laboratory as done by earlier works. In [9], researchers
Amanda Ramcharan, Peter McCloskey, Kelsee Baranowski, and Da-
vid Hughes used Inception v3 transfer learning on a dataset of cas-
sava disease images taken from the field in Tanzania to train a deep
convolutional neural network to identify three diseases and two
damages from pests, they have proven that transfer learning is so
good a tool in automated disease detection. The model was
deployed on mobile devices to detect infections in cassava plants
in real-time via a TensorFlow application. In [10], several model
architectures such as AlexNet, AlexNetOWTBn, GoogLeNet, Over-
feat and VGG (Solid State Drive) were trained on an open database
containing 87,848 images, having 25 different plants in a set of 58
distinct classes of plant disease combinations, including healthy
plant., with the best performance reaching a 99.53% success rate.
Our experiment builds on these previous works as discussed above
but using a small dataset with high class imbalanced as shown in
Fig. 4.
3. Proposed methods

The proposed algorithm for this paper was Convolutional Neu-
ral Networks to build a low-cost method to detect cassava infec-
tions through deep-learning [11] with the implementation steps
in the sequence of dataset acquisition, labeling, training the model,
testing/model evaluation using k-fold cross-validation, where k = 3
to achieve the desired accuracy.

The model building steps taken were:

a) Environment preparation, loading and pre-processing Data –
35% time

b) Defining Model architecture – 10% time
c) Training the model – 50% time
d) Estimation of performance – 5% time

The problem of this dataset was the size, very small which could
lead the model to suffer from overfitting problems. Additionally,
the classes were highly imbalanced being heavily biased towards
CMD, CBSD classes and images were having poor resolution and
low contrast. Deep learning techniques proposed in this study for
addressing class imbalance to counter bias were algorithm method
using class weight [12], focal loss in Lin et al. [13] as a loss function
for addressing extreme class imbalance and hybrid-method
through resampling minority class using SMOTE (Synthetic
Minority Oversampling Technique) [14,15] discussed in detail in
Section 4.3.
4. Experimental setup

4.1. Dataset

Images used in the experiment were adopted from Kaggle
[17,16]. This dataset consisted of 5 fine-grained cassava leaf
disease categories with 10,000 labeled images collected during a
regular survey in Uganda, mostly crowdsourced from farmers tak-
ing images of their gardens, and annotated by experts at the
National Crops Resources Research Institute in collaboration with
Artificial Intelligence lab in Makerere University, Kampala. In order
to be able to train the model successfully, we needed to find ways
to preprocess the input images to improve contrast and secondly,
we needed to counter class label skew (imbalanced in the dataset)
as illustrated in Fig. 4.
4.2. Model architecture

The architecture of the model used was composed of 3 convolu-
tional layers and head of 4 fully connected layers. The first layer
having 32 5 � 5 kernels to learn larger features, batch normaliza-
tion and max-pooling of 3 � 3 pooled size. Second and third layers
each consisted of two sets of convolutional layers each having 64
3 � 3 and 128 3 � 3 feature detectors, batch normalization, and
max-pooling layers respectively. The layers were organized this
way in order to allow the network to learn richer features by stack-
ing together two sets of convolutions and batch normalization
layer before max-pooling. The model architecture is shown in
Fig. 2. The purpose of the max-pooling layer is to apply volume
spatial dimensions reduction to the input images. The head of
the network consisted of 4 fully connected layers with 512 neurons
in the first layer, 1024 neurons in the second and third layers and
lastly 256 neurons in the fourth layer and a neuron per every cat-
egory in the output layer corresponding to five different classes
after parameters tuning and optimization with grid search. Drop-
out was used in the fully connected layers as regularizers [22,23]
to reduce generalization error and over-fitting problems by
encouraging the neural network to learn sparse features of raw
observations which always yields good performance by empower-
ing model’s ability to generalize to new data. In general, the convo-
lutional layers extract key features from the images and the fully
connected layers focus on using the extracted features to classify
images of cassava leaves into five different categories. Input image
attributes takes an order 3 tensor, e.g., an image with H rows, W
columns, and 3 channels (R, G, B color channels) on the input layer
and a neuron per every category in the output layer corresponding
to five different classes [cmd, cbsd (Bacteria Blight of Cassava), cgm
(Green Mite infection), healthy and cbb]. The activation functions
used in convolutional and hidden layers were ReLU (Rectifier Lin-
ear Unit) and the output layer was softmax (for a multi-class case)
not sigmoid (for a binary case) function.
4.3. Environment preparation, data-preprocessing and model training

Turning the tide of this experiment started by installing 64-bits
Ubuntu 16.04.6 LTS (Xenial Xerus) on a laptop having specifica-
tions of 8 GB RAM (Random Access Memory), 200 GB (Gigabyte)
SSD (Solid State Drive) hard disk and Intel� CoreTM i7-7500U CPU
(Central Processing Unit) processor followed by Anaconda IDE
(Integrated Development Environment) installation and all the
necessary libraries including Python 3.7, Scikit-learn, Numpy,
Tensorflow-2.0.0 none GPU (Graphics Processing Unit) version,
Matplotlib and OpenCV (Open Computer Vision).

Raw color images of both healthy and unhealthy cassava leaves
in the Joint Photographic Exper Group (JPEG) file was split into 5
directories representing each class (multi-class) other than split-
ting the images into healthy and unhealthy directories only
(binary-class). This way, it would enable the classification of four
different cassava disease categories of the high-impact yet chal-
lenging problems affecting agriculture. Unfortunately, there were
a number of challenges with the dataset: The first one was, dataset
being small in size, the second challenge being images having low
resolution and poor contrast and the last most challenging was
class label skew in that, the top class has 44.45% while the least
represented class has 3.16%, revealing an order of magnitude dif-



Fig. 2. The model architecture.

Fig. 3. Bar chart showing the number of samples per class (unbalanced dataset).

Fig. 4. Pie chart showing the number of samples per class (unbalanced dataset). The
top class has 44.45% while the least represented class has 3.16%, revealing an order
of magnitude difference.
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ference as illustrated in Fig. 5. In Table 1, Image number for each
category of cassava leaf in training set were shown.

These images were highly imbalanced being heavily biased
towards cmd and cbsd classes as shown in Figs. 3 and 4 below.

To address the above issues, the following steps were taken:

i) We tried to improve image contrast by using CLAHE (Con-
trast Limited Adaptive Histogram Equalization) algorithm
[24,25] CLAHE can help computer vision algorithms to per-
form much better in low resolution and poor contrast
[26,27,6].

ii) Label skew: put it that you have a dataset at your reach,
whereby you can train a machine learning algorithm to
reach an accuracy of 97%. Overly excited, you then convince
technocrats to deploy the model because who would even
refuse such a model with that kind of amazing performance,
unfortunately, the model fails to perform in real world.
Why? Because there are many conditions that can lead to
this and one that is very common is class imbalance and
there must be techniques to counter such. Balancing is not
easy, for our case, we used a combination of techniques that
are already in literatures: class-weight, focal loss and SMOTE
coupled with data augmentation techniques to increase the
size of training set which gave an improved accuracy.
SMOTE [14,15] aims to balance class distribution through
randomly increasing the number of minority class represen-
tation by replicating them. Generation of virtual training
data points occurs by mean of interpolation of minority class
such that minority class set B, for each R 2 B, the k-nearest
neighbors of R are obtained by calculating the Euclidean
distance between R and every other sample in set B. The
sampling rate Z is set according to imbalance proportion,
such that for each R 2 B; Z data points ðthatis; r1; r2; � � � rnÞ
are randomly selected from its k-nearest neighbors, and
they construct a set B1. Finally, for each data point

Rk 2 B1ðk ¼ 1;2;3 � � �NÞ, the formula R
0 ¼ Rþ r and

0:1ð Þ � jR� Rkj generates a new data point where rand
(0, 1) represents the random number between 0 and 1.
Table 1
Image number for each category of cassava leaf in training set.

Category cmd cbsd cgm healthy cbb

Image number 4445 2808 1287 3 16 1144



Fig. 5. Learning rate finder Cyclic Learning Rate; minimum learning rate boundary
was 1e-7 and the maximum learning rate boundary was 1e-3 for our dataset.

Fig. 6. Cassava disease detection model accuracy.

G. Sambasivam, G.D. Opiyo / Egyptian Informatics Journal 22 (2021) 27–34 31
iii) Artificially increasing the size of the image dataset through
image flipping, random shearing, random cropping, random
scaling, center zooming, height and width shift were the
augmentation techniques employed to remediate the prob-
lem of the dataset is small in size. By increasing the size of
the dataset through the image flipping technique, it will be
more helpful in training and testing, so that it will give more
accuracy.

During training, there were two types of parameters: the
parameters that were learned from the model and these were
the weights and some other parameters that were being tuned
and these were hyper-parameters, for example, learning rates,
the number of epoch, batch size, input shape, optimizer and the
number of neurons in the hidden layers. In Table 2, Effect of differ-
ent input image dimensions on CNN model accuracy were dis-
cussed. So, when CNN [20] was training, it was trained with
some of these hyper-parameters, however, the model was
improved by finding some of the best values of these hyper-
parameters through tuning techniques. One of the main hyperpa-
rameters tuned was the learning rate where we used Cyclic Learn-
ing Rate (CLR) [32], the cycle consists of two kinds of steps; one
step that increases linearly from minimum to maximum and the
other that decreases linearly. The tuning was done through Learn-
ing Rate Finder (LRF) that basically tested several combinations of
these values and eventually returned the best learning rate [mini-
mum learning rate, maximum learning rate] for the model as
shown in Fig. 6. We used a Cyclic Learning Rate because of the con-
cept of super-convergence [33], the use of large learning rates reg-
ularizes the network which results in the reduction of all other
kinds of regularization to keep a balance between overfitting and
underfitting. The goal was also to maximum performance by min-
imizing the computational time required since the larger dimen-
sion image was being used. Other hyper-parameters selections
and best choices were achieved through grid search with k-fold
cross validation where k = 3. The reason being neural networks
are difficult to configure and there are a lot of parameters that need
to be set up beside, individual models can be very slow to train.

5. Results and discussions

5.1. LRF

Observing Fig. 5 below, we can see that our network was able to
start learning at around 1e-7, from 1e-10 to around 1e-7, the learn-
ing rate was too low and network unable to learn. The lowest lost
was found at 1e-3 after which loss started to increase sharply up to
1e-2 then decreased to 1e-1 from which it finally exploded, mean-
ing the learning rate was too large for the network to learn any-
more. Precision, Recall, F1-Measure and accuracy are shown in
Eqs. (1)–(4). Precision is the measure of accurately predicted true
positive values to the total number of positive predicted observa-
tions (Eq. (1)) [37]. Recall is the measure of number of positive
class predictions made with the all positive predictions (Eq. (2)).
F-Measure is the measure which balances both the precision and
recall (Eq. (3)).
Table 2
Effect of different input image dimensions on CNN model accuracy.

Input Shape Accuracy (%) Loss (%) Epochs Time per Epoch

(128,128,3) 76.9 26 124 699 s
(224, 224,3) 80 18 124 1513 s
(256, 256, 3) 89.0 10 124 2065 s
(448, 448, 3) 93.0 0.06 124 3600 s
Precision ¼ Truepositive
Truepositiveþ False positive

ð1Þ

Recall ¼ Truepositive
True positiveþ False positive

ð2Þ

F - Measure ¼ 2 � Precision � Recall
Precisionþ Recall

ð3Þ

Accuracy¼

� True PositiveþTrue Negative
True PositiveþTrue NegativeþFalse PositveþFalse Negative

Performance Evaluation: In Data Science, evaluating model
performance is so important that the most commonly used perfor-
mance metrics in classification are; confusion matrix [normalized,
non-normalized], accuracy, precision [38,39], sensitivity (recall),
Table 3
Classification report before the focal loss, class weight, and SMOTE were
implemented.

Image classes Precision Recall F1-Score Support

cbb 0.81 0.83 0.82 466
cbsd 0.92 0.91 0.92 887
cgm 0.80 0.72 0.76 447
cmd 0.97 0.96 0.97 1719
healthy 0.70 0.67 0.69 241
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specificity, F1 score, Precision-Recall curve and AUC-ROC (Area
Under The Curve – Receiver Operating Characteristics curve)
[37,40]. AUC-ROC is mainly used to evaluate the model perfor-
mance of a balanced dataset while the Precision-Recall curve is
used for imbalanced dataset evaluation. Accuracy is mostly used
to judge performance of a model; however, it suffers anomaly
Fig. 7. Accuracy and Mean Squared Error for CNN after applying techniques to
counter the class imbalance. The accuracy achieved was above 93% with loss below
10% though learning was a bit volatile.

Fig. 8. Cyclic Learning Rate of the model for

Table 4
Classification report when focal loss, class weight, and SMOTE were implemented.

Image classes Precision Recall F1-Score Support

cbb 0.93 0.91 0.92 466
cbsd 0.93 0.92 0.93 887
cgm 0.90 0.89 0.90 447
cmd 0.96 0.94 0.95 1719
healthy 0.92 0.91 0.92 241
when classes are imbalanced, when we take for example a cancer
detection, the chances of having a cancer is really low in that out
of 1008 patients only 8 have cancer meaning there is a high chance
that the model can detect everyone as not having cancer with 99%
accuracy missing out on patients having cancer that goes unde-
tected – recall. Meaning we need other alternative methods as well
to supplement the accuracy metric. In this study, we evaluated the
model using a classification report besides the accuracy metric to
evaluate performance on a per-class analysis basis as illustrated
by Tables 3 and 4. In Fig. 6:Cassava disease detection model accu-
racy were shown. In Fig. 7: Accuracy and Mean Squared Error for
CNN after applying techniques to counter the class imbalance were
shown.

From Fig. 8 Cyclic Learning Rate of the model for 164 epochs
using a ‘‘triangular” policy were discussed. First, the model didn’t
overfit as the train and validation accuracy are close and following
each other. Secondly, the model could probably be trained a little
more as the trend for accuracy on both training and validation
datasets still rising for the last few epochs. Therefore, the model
has not yet overlearned the training dataset, showing reasonable
skill on both datasets.

When we closely look at Table 4, we can see that the model is
good at predicting CMD, CBSD, CBB and healthy classes with a pre-
cision of 96%, 93%, 93%, and 92% respectively. However, the model
performed poorly on predicting CGM class with 90% precision,
visually CGM looks closer to CMD. probably some CGM were mis-
classified under CMD.
5.2. Precision, recall, F1-Score

Precision-Recall is a very useful measure of success of predic-
tion when classes are very imbalanced and in Table 4 is a classifi-
cation report from the experiment conducted when techniques to
take care of class imbalance were implemented. Table 3 is a classi-
fication report from the experiment without techniques to counter
the class imbalance.
164 epochs using a ‘‘triangular” policy.
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Shown below in Fig. 9 are randomly predicted images from test
data (these images were used neither in training nor validation
process). The model is good at predicting cassava disease
categories.
Fig. 9. Randomly predicted images by the model from the test set (these were
images neither used in training nor validation data).
6. Conclusions

In this work, the CNNs model was developed and trained with a
very limited dataset having high class imbalanced. The data was
heavily biased towards CMD and CBSD classes, hence, necessitated
for various techniques to counter class imbalanced. Our model per-
formance showed promising results and to the best of our knowl-
edge, there is still no experimentation done for classification of
cassava mosaic and other cassava disease detection by training
CNNs from scratch using an imbalanced dataset. Techniques
applied were class weight, focal loss, SMOTE and different image
dimensions which we found input shape of a vector (448, 448, 3)
giving the best performance. Therefore, this model can be inte-
grated into mobile applications for use by farmers or agricultural
extension workers in mobile devices such as smartphones or other
unmanned aerial vehicles to be used for real-time monitoring and
early warning of cassava infections so that necessary prevention
methods be applied or large scale implementation can be deployed
via satellite imagery analysis to detect areas with infestation and
recommend prevention techniques since most subsistence farmers
in Sub-Saharan Africa cannot afford smartphones due to low level
of income.

We found it very interesting how the model performance for
the imbalanced dataset can be highly improved by class-weight,
SMOTE, focal loss techniques and large input shape dimensions
of images. From this experiment, we got an increment of over 5%
in accuracy and a log loss that dramatically reduced to 0.06% from
over 20% when class-imbalanced rectification techniques coupled
with data augmentation and large input image dimensions were
used. One key area that still needs further research though is mul-
tiple co-occurring diseases on the same plant.
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