
I. GROUP 4: REPLIES TO CRITICAL REVIEWS

A. Critique

1) Critiques by group 22: This talk explains a supervised
deep learning solution to predict disease types for cassava
leaves. Predicting disease types in cassava leaves can help
farmers improve efficiency which is important since this is
Africa’s second largest food source. The speakers use the
“Cassava leaf disease dataset” from Kaggle to train their
network to classify into 5 classes: 4 diseases and one healthy.
The dataset and preprocessing steps were well explained and
used to offset class imbalance. The project uses different
ResNet architectures to solve the classification problem and
compares their performance.

2) Critiques by group 30: The project is based on imple-
menting a deep learning classifier for the cassava leaf disease
dataset available on kaggle. The solution is to classify the
image into one of 5 classes using a resnet based architecture.
There seems to be a class imbalance in the dataset given. In
addition to that there also seems to be an overfitting problem
that can be seen in the validation/training loss plots.

3) Critiques by group 37: The project aimed to build a
classifier for identifying healthy and diseased Cassava Leaf,
a major food source in Africa, using Deep Convolutionnal
Neural Network via transfer learning. The group experienced a
major class imbalance issue with their dataset, with one out of
5 classes accounting for more than 60% of the samples. Data
preprocessing includes resizing, image transformations, and
normalization. The models chosen are variations of the ResNet
model by varying numbers of layers. For each model, the
group replaced the last layer of the model with a Linear layer
whose output size is the number of classes, 5, and retrained the
model for approximately 100 epochs. Experienced overfitting
was overcome by using dropout with different dropout rates.
The group was able to achieve about 83% validation accuracy.
Overall we found the image preprocessing methods to be in-
teresting, as well as finding the results achieved commendable
as they appeared to overcome the major class imbalance issue.

Thank you for your applause and suggestion for improve-
ments. Since there are a lot of questions and most of them
are related to each other. We will separate them in to differed
categories and answer them one by one.

B. Question about the Image Preprocessing

• What’s the motivation for the image preprocessing ap-
plied? Were they standard approaches in computer vision,
or what ResNet paper did, or something the group found
helpful from their own experience?

• We were particularly intrigued when the RGB images
were transformed into HSV space.

The motivation for doing image preprocessing is aid to
our model and help the training process. Similar to the ideal

of dimensionality reduction, We perform resize and crop to
decrease the size of data but keep most of information.

When our image is in RGB color space, the value of each
pixel represents Red, Green and Blue all co-related to the
color luminance. It is sensitive to brightness and darkness
which means the value are either close to 255 or 0. We
cannot separate color information from luminance. On the
other hand, Hue Saturation Value(HSV) is used to separate
image luminance from color information. This makes it easier
when we are working on or discard luminance of the image.

C. Question about Previous Work

• The group mentioned a previous work which was able to
achieve 93% accuracy while also using CNN. What was
the model used?

• Could we improve upon that model?
They compared the performance of the original inception

softmax layer, support vector machines, and k-nearest neigh-
bors architectures for training CNN model for the Cassava
datasets. Inception V3 is the most recent version of their
inception model (based on GoogLeNet).

We can improve their model by replace the original convolu-
tion and pooling sequential connections with the stem module
to obtain a deeper network structure.

D. Question about Metric

• Why is accuracy a good metric for this problem? Con-
sidering accuracy might usually be a weak metric if there
is class imbalance

Yes, I agree that accuracy isn’t the best choice for imbal-
anced classification problem. A common situation referred to
as the ”accuracy paradox”. Better metric, such as Precision
and Recall or kappa, seem to be a good choice for evaluating
the performance. However, using other metric like Kappa will
not necessarily increase how the model fits to the data. How
the model fits data is determined by hyperparameters and the
model itself.

E. Question about Loss Function

• Since the problem of class imbalance was addressed, can
a different loss function, such as focal loss be used instead
of cross entropy?

There are several approaches for incorporating Focal Loss
in a multi-class classifier. Formally the modulating and the
weighting factor should be applied to categorical cross-
entropy. This approach requires providing the first-order and
second-order derivatives of the multi-class loss with respect to
the raw margins. This is the direction we will further look in
toit.

F. Question about Overfitting

• An overfitting problem has been shown, however,
no attempts have been made to work on regularisa-
tion/generalising the entire solution apart from dropout.
Usage of L1 regularization can benefit in providing a



lighter network. Also early stopping can be implemented
to avoid overfitting on the dataset.

I agree that early stopping is one of methods used to prevent
overfitting. Initially, we deduced that overfitting was caused by
the imbalanced dataset. We were focusing on techniques such
as class weight, oversampling or undersampling.etc. We will
look into apply focal loss incorporating with categorical cross-
entropy. Also, we are trying other CNN architectures to see if
an overfitting still exists.
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Abstract—The goal of this project is to identify the type of
disease present on a Cassava Leaf image. Cassava is Africa’s
second-largest food source but viral diseases are major sources
of poor yields. Existing disease detection methods mainly depend
on human experts’ eye inspection. Therefore, new cassava disease
detection methods are required to help to solve this situation.
Our group propose a solution through image classification via
conventional network to detect and classify specific leaf disease
accurately, efficiently and easy to use.

II. INTRODUCTION

As the second-largest provider of carbohydrates in Africa,
cassava is a key food security crop grown by smallholder farm-
ers because it can withstand harsh conditions. At least 80% of
household farms in Sub-Saharan Africa grow this starchy root,
but viral diseases are major sources of poor yields. With the
help of data science and machine learning, farmers can quickly
identify diseased plants , potentially saving their crops before
they inflict irreparable damage. Existing disease detection
methods requires farmers to solicit the help of government-
funded agricultural experts to visually inspect and diagnose
the plants. This suffers from being labor-intensive, inefficient
and costly since it requires expertise.

We propose a solution that using CNN to classify each
cassava image into 5 disease categories. The input to our
algorithm is an RGB Image. We then use a CNN architecture
model to output a probability and using softmax to map it to
a categorical variable representing the leaf disease label.

III. RELATED WORK

Recent works have reveal that deep learning approaches,
that mainly use convolutional neural networks (CNN), were
extremely palmy at image processing problems, supported
their capability to extract efficient features from figures [1]
[2]. What is more, their result is better with evolutionary
computing [3]. Literature has proved that deep learning al-
gorithms have given wide application with researchers for the
detection of totally different plant diseases [4] like banana [5],
tomato [6], and rice [7]. This can be count to the effectuality of
these methods in dealing with classification issues and image
segmentation.

For example, Ramcharan [8] used cassava figures to modify
a CNN to distinguish diseases. An accumulative accuracy of
93% was reached by the most successful model. Their results
show that transfer learning methods give a fast, cheap, and
convenient approach for the detection of infection. Another
mobile phone CNN model [9] reached an precision of 94%.

Sambasivam [10] used predictive ML models applying im-
age augmentation obtained an accuracy of 93% in cassava
detection. An image analysis method for the detection of
unhealthy leaf in cassava was found by Abdullakasim [11].
They applied an artificial neural network (ANN) to find
healthy and unhealthy cassava. Their ANN model properly
classified 79.23% of the infected leaves and 89.92% of healthy
plants. Deep learning was accustomed to expedite a fast and
engaging exploration of information in farming. Their method
has the potential to help operators to improve productivity.
Ramcharan [8] used deep CNN to find forms of cassava
diseases. The general result of their technique is good in the
accuracy and confusion matrix, but the disadvantage is that the
result was solely based on Support Vector Machine (SVM)
and K Nearest Neighbor (KNN). Abayomi [12] employed
data augmentation with adjusted color value distribution to
increase the training dataset and to modify the CNN to find
essential features based on color. Their method is predi-
cated on the Chebyshev orthogonal functions and applies the
MobileNetV2 for classification. Radial basis function neural
network (RBPNN) for cassava classification was purposed by
Capizzi [13]. Different classification approach like Adaptive
Artificial Neural Network (AANN) were used by Wozniak
[14].

TABLE I
SUMMARY OF RELATED WORK

Methods Results
Fully connected neural network 79.23%
InceptionV3 CNN 93%
Single Shot Multibox model 94%
Custom 15-layer CNN 95%
MobileNetV2 CNN 99.7%
VGG16 CNN 95%

IV. PROBLEM STATEMENT

We formulate the problem as a image classification problem.
Dataset D := {(xi, yi)} where xi is the i-th image in the
dataset and yi is the i-th label which is a categorical variable.

A. Cassava Leaf Disease Dataset

Cassava Leaf Disease Dataset can be found on Kaggle [15].
This dataset consists of 21,367 labeled RGB images collected
during a regular survey in Uganda. Most images were photoed
by farmers from their own gardens, and annotated by expert
at the National Crops Resources Research Institute (NaCRRI).



This is in a format that most realistically represents what
farmers would need to diagnose in real life.

There are 5 class categories with different number of
samples:

• 0: Cassava Bacterial Blight (1087 samples)
• 1: Cassava Brown Streak Disease (2189 samples)
• 2: Cassava Green Mottle (2386 samples)
• 3: Cassava Mosaic Disease (13158 samples)
• 4: Healthy (2577 samples)
From Figure 1, we saw that class 3 has more samples

in the dataset than any of other classes. It approximately
more than half of the size of the dataset. Therefore, we have
a imbalanced dataset. Technique that used to deal with the
imbalanced dataset will be discussed in Technical Approach.
We split the data into training and validation dataset with ratio
8 : 2 and in stratify fashion.

Fig. 1. Class Distribution

Fig. 2. Image Dataset

Each image in the original dataset show in fig 2 has shape
(H,W,C) where H = 800 is the height, W = 600 is the
width and C = 3 denotes 3-color channel(R, G, B).

V. TECHNICAL APPROACH

A. Dealing with imbalanced datasets

Our dataset is extremely imbalanced, and it is often the case
in real world. This leads model trained to have high tendency
to be biased toward the class 3 as shown in Figure 1.

To solve this problem, a widely adopted technique is called
resampling. It consists of removing samples from the majority
class (under-sampling) or adding more examples from the
minority class (over-sampling) illustrated in Figure 3 [16].

Fig. 3. Under-sampling and Over-sampling

Despite the advantage of obtaining balancing classes, these
techniques have their disadvantages well. Over-sampling,
naive approach, is to duplicate random records from the
minority class, which can cause overfitting. On the other hand,
under-sampling naively involves removing random records
from the majority class, which can cause loss of information.

Therefore, a mixture of resampling techniques and data
augmentation are combined to form a balanced dataset without
overfitting and loss of information illustrated in Figure 4 [16]

• Re-balance the class distributions when sampling from
the imbalanced dataset

• Estimate the sampling weights
• Avoid creating a new balanced dataset
• Mitigate overfitting when it is used in conjunction with

data augmentation techniques

Fig. 4. Combination of Resampling and Data Augmentation

B. Image Prepossessing and Data Augmentation

Image augmentation is a process of creating new training
examples from the existing ones with lightly change in the
original image. We applied similar Image augmentation using
Albumentations [17] to both training and validation dataset.
Results of images after augmentation are demonstrated in
Figure 5

• Resize the image to (300, 300, 3) and center crop it to
(256, 256).
We reduce the size of our data without losing too much
information



• Affine Transform (Horizontal/Vertical Flip, ShiftScaleRo-
tate).
Training a model with available and transformed images
improves the performance and generalization.

• HSV Saturation and Enhancement
Allow to extract some useful information in image pho-
tograph under extreme light condition.

• Standardization with Zero Mean and Standard Deviation
one

Fig. 5. Image Augmentation and Normalization

C. Feature Extraction

One common feature extraction technique is to feed the
image to a pre-trained conventional neural network, and use
the representation for that particular image in the intermediate
layers of the neural network. We use ResNet for visual feature
extraction.

D. ResNet Model

Deep Residual Network(ResNet) [18] makes it possible to
train up to hundreds of layers and still achieves good perfor-
mance. According to the universal approximation theorem, a
neural network with a single layer is sufficient to approximate
any function. However, the layer might be huge and the
network is prone to overfitting the data. Therefore, there is
a common trend that our network architecture needs to go
deeper. However, increasing network depth simply via stacking
layers are hard to train because of the vanishing gradient
problem.

The core idea of ResNet is introducing a so-called “identity
shortcut connection”, or identity mapping that skips one or
more layers, as shown in the figure 9 [18] below:

However, sometimes x and F(x) do not have the same
dimension. A convolution operation will introduced to shrinks
the spatial resolution of the image.

y = F(x, {Wi}) +Ws + x (1)

Fig. 6. ResNet Block

where Ws can be implemented with 1x1 convolutions.

E. Transfer Learning and Fine Tuning

In practice, very few people train an entire CNN from
scratch (with random initialization), because it is relatively
rare to have a dataset of sufficient size. Instead, it is common
to pretrain a ConvNet on a very large dataset and then use
it either as an initialization, or a fixed feature extractor. We
will applied transfer learning via Pytorch [19] pretrain ResNet
model as initialization and training it with our Cassava datast.

VI. RESULTS

A. ResNet Model Results

According to above introduction about ResNet model, three
different types of ResNet model have been used in our project,
ResNet18, ResNet34, ResNet50. The results from ResNet18
and ResNet50 were shown in the figure 9 below:

Fig. 7. left:ResNet18 accuracy; right: ResNet50 accuracy

After 100 epoch, both of results showed overfitting effect,
such that the validation accuracy of ResNet18 after 100 epoch,
which reached to constant after 60 epochs, was slightly above
80%, but training accuracy kept increasing as epoch number
increasing, which could reach up to 90%. More evident overf-
fiting effect was shown from ResNet50. The training accuracy
could reach up to near 100%, but the validation accuracy was
only around 85%.

B. ResNet Model with Dropout

Based on above results, above 80% validation accuracy wad
obtained but with overfitting. Hence, add one dropout layer
before the ResNet Model was applied. We added 50% dropout



Fig. 8. left:ResNet34 accuracy; right: ResNet50 accuracy

layer for ResNet50 and 30% dropout layer for ResNet34. The
results were shown in the figure 9 below:

With 50% dropout for ResNet50, the overfitting has been
modified after 100 epochs, but the validation accuracy hasn’t
been increased, still around 80-85%. We tried ResNet34 with
30% droupout layer, but overfitting was still there after 60
epochs. The final validation accuracy is only slightly above
80%.

C. Results from Other Models

Besides ResNet model, we tried two more different mod-
els, MobileNetV2&MnasNet [20] [21]. The results from two
models were shown in the figure 9 below:

Fig. 9. left:MobileNetV2 accuracy; right: MnasNet accuracy

By analyzing above results, there were still overfitting
effect in both models. The final validation accuracy from
MobileNetV2 after 100 epochs is 84.4%, and 85.25% from
MnasNet after 100 epochs. It looks like very similar if we only
compared training and validation accuracy from both models.

VII. CONCLUSION

In this project, we trained several different models to
classify cassava image into 5 disease categories using data set
from Kaggle. ResNet18&50 were first trained with overfitting
effect. By adding dropout layer before ResNet model with
30&50% were used later. The overfitting effect has been
improved with slightly sacrificed accuracy. MobileNetV2 and
MnasNet models were trained without dropout layer, both
of them gave around 85% validation accuracy with slightly
overfitting effect after 100 epochs. According to all of our
results, around 85% validation accuracy was the best results.
Due to extreme imbalanced training data set, overfitting effect
was inevitable although resampling process had been applied.
In general, 85% accuracy should be adequate based on current
training cost and data set.
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VIII. INDIVIDUAL CONTRIBUTIONS

A. Yifan Wu

Finish the model main structure, different model test and
debug, finalizing documents.

B. Jingxiao Tian

Different model test and debug, finalizing documents.

C. Tianshi Feng

Different model test and debug, finalizing documents.


