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ABSTRACT
Durian has recently become a major agricultural export commodity for
Southeast, Asian countries. However, this plant is vulnerable to various
diseases and pests, which are usually considered the main cause of poor
yields and low-quality crops; leading to a huge economic loss. This work
focuses on leaf diseases and pests, as their symptoms can be easily detected
visually, but it is still challenging to correctly diagnose the problems. To
address this difficulty, this work makes use of deep learning techniques to
classify a given photo to a corresponding class of disease or pest. How-
ever, building a high-performance deep neural network model requires a
substantial amount of ground-truth photos of diseases and pests on durian
leaves, which are difficult and expensive to acquire. To overcome this chal-
lenge, we propose enriching the limited number of expert-labeled images
with abundantly available, noisily labeled images collected from the Inter-
net. A sample selection framework is introduced to choose noisy images
for augmenting a current training set, which will be used to build a new
classifier in the next learning round. We found that such a multi-round
learning scheme, in which noisy photos are intuitively selected, provides
complementary information to the limited ground truth, thereby enhanc-
ing the prediction accuracy on unseen examples of a classifier being built
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1. INTRODUCTION

Durian is a tropical fruit well known for its pecu-
liar look and smell, but it is gaining global popularity
due to its distinctive sweet and creamy taste. The
“King of Fruits, which is cultivated largely in South-
east Asia, has become one of the important exports
that generates huge revenues for countries in this re-
gion. However, there are many tropical diseases and
pests that are the main threats to this crop, severely
affecting the quality and quantity of the yields. A
fast and accurate classification of these diseases and
pests plays a key role in protecting crops against se-
vere and uncontrollable damage [1]. This work fo-
cuses on two diseases (algal spot and anthracnose)

and two pests (mealybugs® and pit scale* ) of Durian
leaves, which are commonly found in tropical farm-
ing areas. Although their symptoms may be visually
detectable on the leaves, it is challenging for farmers
to identify the problem themselves, as they may not
have enough knowledge or confuse one with others
(see Fig. 1). The conventional method used by agri-
cultural experts, in which symptoms must be care-
fully examined or tested in a laboratory, is extremely
laborious and costly [2]. To address such difficulties,
a new approach using deep learning techniques is in-
troduced [3, 4] to learn a neural network model, es-
pecially convolutional neural networks (CNN), which
can correctly classify a given Durian leaf photo into
a correct class of disease or pest.

IThe author is with the Department of Computer Engineering, Faculty of Engineering, Chiang Mai University, Thailand, E-mail:

sasin.ja@cmu.ac.th

2The author is with the Department of Computer Engineering, Faculty of Engineering, Prince of Songkla University, Thailand,

E-mail: kritwara.r@psu.ac.th
2Corresponding author: kritwara.r@psu.ac.th
3 Allocaridala maleyensis Crawford
4 Asterolecanium ungulatum Russell



Leveraging Multi-Round Learning and Noisy Labeled Images from Online Sources for Durian Leaf Disease and Pest Classification 109

Fig.1:

(c) Pit scale (d) Anthracnose

The examples of human-labeled images of four Durian leaf diseases and pests that we aim to classify

in this work. These photos were taken as farmers were supposed to. So, Durian leaves in each photo are under
heterogeneous conditions in terms of the background, illumination direction, leaves and symptoms position,

and so on.
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(a) Algal spot (b) Mealybugs

(d) Anthracnose

(c) Pit scale

Fig.2: An example of a noisy, labeled image for each class is obtained by submitting a query associated
with that class to a web search engine. The retrieved images are often vastly different from the corresponding
ground truths. These discrepancies arise not only from variations in image quality, lighting, and focal points,
but also from the inherent differences in the appearance of the diseases and pests on the leaves themselves. It is
important to note that some of the retrieved images do not even depict Durian leaves. These factors collectively
make the labeling task particularly challenging, and even domain experts may struggle to differentiate between
similar diseases or pests. Despite the incorrect labels, the large volume of such images available from various
online sources presents an opportunity to intuitively enhance the performance of deep neural networks.

Although deep learning has achieved outstanding
success in various fields and tasks [5-11], this learn-
ing technique requires a large amount of cleanly la-
beled data (i.e., ground truth) to produce a high-
performance neural network. Ground truth examples
may be expensive or impossible to collect in real-
world circumstances for certain domains and tasks
[12, 13], which include Durian leaf disease and pest
classification, since it is a local crop and only a hand-
ful of domain experts are available. Various ap-
proaches have been introduced in recent years to cir-
cumvent such a difficulty, so high-quality models can
be built from the insufficient number of labeled im-
ages. The simplest is augmentation, in which ad-
ditional training images are constructed by applying
simple transformations to the given ground truth [14].
Another common approach is transfer learning [15],
which makes use of pre-trained weights learned from
a large set of images for a certain task and then fine-
tunes those weights further regarding the target task.
Since the model does not train from scratch, a small

number of ground-truth images may be sufficient to
produce a good model; however, the effectiveness of
this approach depends on the similarity of the source
and target tasks.

Semi-supervised deep learning [16] trains deep neu-
ral networks from a combination of a small amount of
human-labeled data and a large amount of unlabeled
data [17, 18]. In addition, learning techniques that
build deep neural networks with good performance
from noisy labeled images have been increasingly de-
veloped to cope with the scarcity of ground truth.
[16, 19-21] Although their labels may be falsely as-
signed by different forms of mistake, as shown in Fig.
2, such images are abundantly available on the In-
ternet and have proved to be valuable in improving
the generalization of a model being built [16, 19—
21]. This work proposes a learning framework, which
adopts the concept of noisy sample selection [21, 22],
to incrementally augment a given set of small ground
truths with a selected set of noisy labeled Durian leaf
photos retrieved from the Internet via a web search



110 ECTI TRANSACTIONS ON COMPUTER AND INFORMATION TECHNOLOGY VOL.19, NO.1 January 2025

engine. There are two main advantages of choosing
noisy sample selection as an underlying technique: It
does not rely on any particular assumption on the
noise of the label and is sufficiently general to train
various CNN architectures.

Note that our ultimate goal is to develop a mobile
application that accurately classifies a given photo
taken by a farmer to a corresponding class of Durian
disease or pest, thereby enabling farmers to identify
the problem themselves without any help from the
domain experts. Toward this end, the present work
mainly focuses on the question of how to build a
high-performance classifier from the limited number
of ground truths. The main contributions of this work
are as follows: We introduce a multi-round learning
framework that leverages online, noisy, labeled im-
ages retrieved using a web search engine to enhance
the task of identifying plant diseases and pests on
Durian leaves. To the best of our knowledge, this
work is the first one that aims to make use of noisy
labeled images from heterogeneous sources on the In-
ternet to learn a classifier for this particular domain.
Also, our work does not impose any assumptions or
constraints over the images, such as resolution, qual-
ity, lighting condition, coloring, or the ratio of an
interesting object used to train a classifier, which is
different from existing works. Posing such restrictions
on photos to be taken is not practical and does not
match our main objective, which is that the mobile
application should be easy to use for farmers who may
not have been exposed to new technology or have a
background in plant diagnostics.

2. BACKGROUND

In this section, we review some groundwork on
deep learning with noisy labels. Research focusing
on applying deep learning to the task of identifying
leaf diseases is discussed. Several existing efforts are
also emphasized on the classification of Durian leaf
disease.

2.1 Deep learning with noisy labels

Using noisy labeled data as an additional source
of information to supplement the limited number of
ground truth labels has been widely studied in recent
years. However, the performance of deep learning
models is significantly degraded when training with
noisy labels [16, 23]. As a result, substantial efforts
have been made to improve the robustness of deep
neural networks against noisy labels [19].

One popular approach to mitigate the impact of
noisy labels is loss adjustment, which reduces the neg-
ative effects by modifying the loss associated with
all training examples before updating the network
weights [19]. Techniques related to this approach can
be grouped into four general categories based on their
adjustment philosophy. The first category, loss cor-
rection, works similarly to the noise adaptation layer

described earlier [24, 25]. Loss re-weighting assigns
lower weights to examples with incorrect labels and
higher weights to those with true labels [26, 27]. The
main challenge in implementing this approach is con-
structing an appropriate weighting function tailored
to the specific type of noise. The third category, label
refurbishment, adjusts the loss by replacing noisy la-
bels with refurbished labels obtained through a con-
vex combination of noisy and predicted labels [19].
Methods in this category include bootstrapping [28],
D2L [29], SELFIE [21], and SEAL [30]. Our approach
partially aligns with the concept of label refurbish-
ment, where noisy labels are explicitly replaced with
more reliable labels derived from the agreement be-
tween the original labels and those predicted by the
deep neural network features.

Meta-learning has recently become an important
topic in machine learning and has been applied to
address noisy labels [31, 32]. The key idea behind
meta-learning is to perform learning at a higher level
than conventional learning, enabling the development
of data-agnostic and noise-type-agnostic strategies for
real-world applications. However, a major limitation
of this approach is that unbiased and clean validation
data, which may not be available in practice, are typ-
ically required to achieve the desired outcomes [19].

Our framework primarily draws from the sam-
ple selection approach, which focuses on identifying
true-labeled examples from noisy ones through multi-
network or multi-round learning [19]. Collaborative
learning and co-training are common techniques for
multi-network training [33-35]. Without the need for
additional deep neural networks, multi-round learn-
ing refines the selection of clean examples through
multiple rounds of training [36, 37]. Although this
approach can train a model without supervision and
is effective against heavy noise [19, 38], it has the
drawback of a linear increase in computational cost
as the number of training rounds grows [19].

An alternative promising direction is the hybrid
approach, which combines a specific sample selection
strategy with a semi-supervised learning technique.
In this approach, selected examples are treated as
clean labeled data, while the remaining examples are
treated as unlabeled [39, 40]. An example of a hy-
brid approach similar to our framework is SELF [22],
which employs semi-supervised learning to progres-
sively filter out examples whose ensemble predictions,
generated by the mean-teacher model, do not align
with their annotated labels. Rather than employing
the self-ensemble technique to construct the average
model (i.e., mean-teacher), we propose using the self-
learning technique [38] to iteratively improve a single
model, incorporating additional examples whose la-
bels are corrected in subsequent training rounds.



Leveraging Multi-Round Learning and Noisy Labeled Images from Online Sources for Durian Leaf Disease and Pest Classification 111

2.2 Identifying leaf diseases using deep learn-
ing

The recent breakthrough in applying deep learn-
ing techniques, especially CNNs, to the field of com-
puter vision has played an important role in solving
complex problems in various domains. Applications
in agriculture also benefit from this prominent devel-
opment, especially the detection and classification of
crop diseases, as this new technology presents a plau-
sible alternative to traditional practices [41]. The fol-
lowing are emerging efforts to detect and identify leaf
diseases for different crops using CNNs [42]. Bedi and
Gole [43] introduced a hybrid model based on a con-
volutional autoencoder network and CNN to detect
bacterial spot disease on peach leaf images publicly
available in PlantVillage® . A model based on the
pretrained VGG-16 was developed to detect healthy
and unhealthy tomato and grape leaves [44]. A con-
ditional generative adversarial network (GAN) was
then used to generate synthetic images of tomato
leaves, and a separate model was trained on both
real and generated images to classify them into ten
categories of diseases [45]. While using a generative
network to automatically create a set of synthetic im-
ages is a promising approach to address the limited
availability of ground-truth images, training such a
network is computationally expensive and requires a
diverse set of training examples to generate realistic
images.

Despite the extensive use of various deep learning
techniques for leaf disease detection and classification
[46, 47], these existing works generally assume that
there is a sufficient number of correctly labeled images
available to train a prospective model, which may not
be valid in a real world situation. It should be noted
that these studies focused merely on common crops,
which are grown all over the world, so the informa-
tion related to them and their leaf diseases is well
known and widely shared. Furthermore, there are
large expertly curated image datasets that are pub-
licly contributed to such regular plants and their dis-
eases, thereby building a high-performance leaf dis-
ease classifier for these crops can be achieved. As a
local crop, some diseases and pests may be particular
to Durian and its farming areas. Lack of domain ex-
perts, it is increasingly difficult to acquire a sufficient
number of correctly labeled images to build a promis-
ing classifier for this crop. Consequently, making use
of noisy labeled images that are abundantly available
on the Internet could be a viable option to address
the difficulty that occurred in local plants.

2.3 Durian leaf disease classification

Several efforts have been made to identify Durian
leaf diseases, with many sharing the same goal as our

Shttps://www.kaggle.com/datasets/abdallahalidev/
plantvillage-dataset

work: to help farmers easily and accurately diagnose
diseases on Durian leaves using mobile phones [3, 4].
In this context, MobileNet [48] has emerged as a pop-
ular deep neural network architecture, as it requires
fewer parameters to be estimated while maintaining
prediction performance comparable to larger archi-
tectures.

Although our work and existing approaches face
the same limitation—only a small set of human-
labeled examples—there is a key distinction in the
images used to train the classifiers. In previous works,
the images were captured under controlled conditions,
where each photo contained a single leaf positioned
centrally against a homogeneous background, with
consistent angle, lighting, and focal points. These
strict conditions allowed all features of the leaf to be
clearly observed. However, requiring such controlled
conditions for photos taken by farmers, who may have
limited knowledge of new technology or plant diag-
nostics, is not practical and makes the application
harder to use. In contrast, our work relaxes these
constraints, allowing farmers to take photos of Durian
leaves under varied conditions for disease identifica-
tion.

Another major difference is in how we handle the
limited number of labeled examples. While exist-
ing approaches rely on data augmentation techniques
to artificially increase the number of training exam-
ples, our approach focuses on leveraging noisy la-
beled images retrieved from diverse online sources to
augment the ground-truth dataset, rather than sim-
ply applying conventional data transformations. Al-
though both techniques aim to increase the training
dataset size, the former does not introduce new in-
formation, whereas our method has the potential to
provide valuable new data that can help improve the
model’s ability to represent and classify leaf diseases
and pests more effectively.

3. PROPOSED LEARNING FRAMEWORK

In this section, we describe the key ideas and pro-
cesses that underlie the proposed framework.

3.1 Overview of the proposed framework

The terminology used in this work is based on the
framework of deep self-learning from noisy labels [38].
Let S be a small ground-truth training dataset, where
S ={Xs,Ys} ={(x1,91), -, (®n,yn)}, containing n
samples. Likewise, the noisy data set is denoted by
D = {Xp,Yp} = {(z1,11), -, (Tn,¥Yn)}, in which
N > n. For each image z;, its corresponding label is
yi € {1,2,---, K}, where K is the number of classes.
However, the main difference between Yg and Yp is
that the labels in Yp are noisy. In addition, let T;. be
a set of selected training examples for the r*" round
of learning, that is, T1 = S for the first round of train-
ing. The new labels of the images in D are estimated
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Fig.3: The pipeline of the proposed iterative learning framework for noisy labeled datasets consists of two
phases. The first phase, at the top, is the training phase, while the second phase, at the bottom, is the image
selection phase. Notably, the convolutional part of the deep neural network can be shared across both phases,
meaning that only a single neural network is built and evaluated. The green arrows indicate the flow of
information corresponding to the training dataset, whereas the red arrows represent the flow of noisy labeled

images.

in a self-training manner, and p noisy labeled images
whose new labels were estimated are then selected
with respect to a particular metric introduced later
in this section. The selected set of p images from
D in r*" round, denoted by D,, augments the cur-
rent training set for the next learning round, so that
T.+1 = T, UD, and D,= D\D,. Given a training
dataset T, = X, Y,, the following objective function
is optimized at the r*" learning round.
0 = argmin L(Y,., F(0, X,.)) (1)
0
where L represents the empirical risk of cross-entropy
loss and F(6,X,) produces an estimated label for
each image through a deep neural network F(6,_1)
learned from the former round. To construct Dr, the
new label g; of an image (z;, y;) € D is estimated with
respect to the class representations learned from the
previous round. The estimated label of a given image
x; is determined by

(2)

9; = argmax 6(z;, 2)
ceC
where z; is a set of extracted features from the con-
volutional part of a neural network, z. is a set of
features representing a centroid of class ¢, and § is a
similarity measurement. The representation of class
c is estimated by

| Xl .
i=1 ~i

Ze = X, (3)

where X, is a set of training images that belongs to
class ¢ and X, C X,.

Although we believe that the estimated label g; is
more precise than y; originally assigned to the im-
age, the estimated class of many examples may still
be highly likely false. To address this challenge, we
developed a scoring scheme that takes into account
both the original and estimated labels to which the
top-scoring images are selected to be added to the
current training set. Here, cosine similarity is used
for 9, so that the corresponding score, denoted by ¢;
of a given image X. € D is in [0, 1.

1 if i =i

(4)
where the hyperparameter a € (0, 1) imposes the con-
fidence on the original label, and zj is the current cen-
troid corresponding to the original label of a given
image. Since we want to make sure that an image
whose original label is similar to the estimated one is
selected, as it shows the harmony between two dis-
tinct information sources, the score of such an image
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becomes 1.

3.2 Framework architecture

The overall framework is illustrated in Figure Fig.
3, which contains two phases: training and noisy la-
beled image selection, working together in an iterative
manner.

3.2.1 Training phase

In this phase, a deep neural network F with pa-
rameters 0 is normally trained on the given training
set. This phase is run repeatedly for a given number
of rounds using a given set of ground truths as the
initial training dataset. For each subsequent round, a
given p number of noisy labeled images for each class
is selected by the image selection phase to supplement
the current training dataset. The best model for each
learning round is selected using Equation (1).

3.2.2 Noisy image selection phase

In this second phase, the features that represent
the images in the current training set are extracted
from the convolutional part of the neural network
that is currently being learned. The representation
of each class (i.e., class centroid) is then calculated
using Equation (3). The features of each noisy image
are extracted using the convolutional part of the cur-
rent neural network to estimate the label of the image
using Equation (2). The corresponding score of each
remaining noisy labeled image in a particular round
is then calculated by Equation (4). The p images for
each class are ranked and selected according to their
score (i.e., high to low) to add to the current training
set for the next learning round.

The key component of this learning framework is
incremental enrichment of the training set with the
selected noisy images, which may convey additional
information useful in improving the generalization of
a model being built. As a consequence, the param-
eters of the neural network, as well as the class cen-
troids, are continuously updated, thereby affecting
the estimated labels of noisy images. The intuition is
that the information obtained from noisy labeled im-
ages should improve the prediction performance of
the learned classifier up to a certain point. That
is, the hyperparameter p and the number of train-
ing rounds both play an important role in controlling
the amount of signal and noise in the training set. If
they are too low, the classification performance may
not be improved, as the amount of new information
may not be sufficient. In contrast, the high num-
ber of training rounds or the noisy images selected
in each round would derail classification performance
due to the cumulative amount of noise injected into
the training set.

3.3 Multi-round learning algorithm

As shown in Algorithm 1, the training and noisy
image selection phases are carried out iteratively. An
initial classifier is trained from small ground truth
images in the training phase. The image selection
phase then proceeds to augment the current train-
ing set with selected noisy images whose labels are
estimated. Since the feature extractor in the second
phase shares the parameters of the resulting network
F learned in the first phase. Thus, the images se-
lected in the first round would have features similar
to the ground truths. As the learning process con-
tinues, the features extracted in the current round
may deviate from the former round as a result of an
increasing number of noisy examples in the training
set, thereby directly impacting the classification per-
formance.

Algorithm 1 Multi-round learning with noisy labeled
data
Input: 8, D, R, a, p, F(6), epochs

lir—1 D> round counter
2:T. <8 D> Initial training set
3:do

4 F(6,) < train and validate(F (6,.—,), T, epochs)
55 Z — compute centroid(¥ (6,), T;)

6: for each x;,y; € D do

7 9« label correction(F(0,_1), Ty, Z)

8: ¢; < compute score(F(6,.), i, x;, v;, Vi, Z, @)
9: end for

10:  Order images in each class

11: D, « Select top p images from each cluster

122 Ty < T, U D,

13: D« D\D,

14: rer+1

15: while r <R

A given deep neural network architecture, F(6y),
is learned and then validated through train and wval-
idate, using the corresponding training set for each
round and a validation set, which remains constant
throughout the learning process. During this step,
the validation error of the learned classifier is moni-
tored, so the best model is selected for later use. A
set of features of a given image is extracted by flatten-
ing the final layer of the learned convolutional part of
the network architecture. The centroids of the classes
are repeatedly updated in compute centroid. For each
training round, the entire set of remaining noisy im-
ages is explored to find potential candidates to be
added to the current training set. That is, each noisy
image is unnecessarily evaluated many times as long
as it does not get selected. This exploration method
is trivial and becomes time consuming. To reduce
such an overhead, we may consider making use of ei-
ther deliberate or random scheme to select a set of
images being evaluated for each round or exercising
an early stopping mechanism with respect to a cer-
tain condition, such as performance on validation set
or centroid variation.
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4. EXPERIMENTAL SETUP

This section presents the setup of our experiments
aiming to study the behavior of our proposed iterative
learning framework when assigning various values to
its hyperparameters.

4.1 Ground truth image acquisition

As mentioned above, this work focuses on four
classes of diseases and pests: Algal spot, anthrac-
nose, mealybugs, and scale pit, which are common
threats to Durian in tropical farming areas where this
study was conducted. To construct this ground truth
dataset, domain experts were asked to take photos of
Durian leaves that were infected by diseases or pests
and then assign a class label to each photo taken ac-
cordingly. The photos were taken without any re-
strictions so that they have non-homogeneous back-
grounds and leaves’ positions, different illumination
conditions, various stages of disease development, etc.
[49] (see Fig. 1), which should be similar to what the
farmers would have. With limited time and resources,
there are 400 expert-labeled images (100 images per
class), which is not sufficient to yield us a good per-
formance CNN-based classifier. This small ground
truth dataset is further divided into training, valida-
tion, and test sets used to learn, select, and test the
resulting classifier. Let us denote these three cleanly
labeled subsets by S, S,, and S, respectively. Note
that of 100 expert-labeled images for each class, we
have |8| = 50, |S,| = 20, and |S;| = 30.

4.2 Collecting noisy images using search en-
gine

In order to enrich a small ground truth training
set, we make use of noisy labeled images from on-
line sources to help increase model generalization and
overcome the problem of overfitting [42]. The label
assigned to an image posted on the Internet is noisy as
the result of various factors, especially a person label-
ing an image may not be an expert, thereby one may
confuse the symptom appeared on the leaves from a
certain disease or pest with another. In addition to
label noise, another major complication posed by us-
ing images retrieved via a Web search engine is their
quality, as the search results of a given query string
may contain many irrelevant images. Even though
label noise of online images presents a huge challenge
to train deep learning models, the large amount of
such images may provide supplement information to
the small ground truth, leading to a better represen-
tation and then classification.

A set of noisy images for class ¢ denoted by D, is
collected by constructing a set of corresponding query
strings denoted by Q., in which each query string
g € Q. is inputted to the Bing search engine via
Python library of the Bing image downloader® to look
for the top 100 images relevant to q. To obtain a suf-

ficient amount of noisy labeled images, for each class,
we construct at least five corresponding query strings
with various degrees of specificity. For example, the
query strings of class “Anthracnose’ are “Anthrac-
nose”, “Durian anthracnose”, “Leaf anthracnose”,
“Durian leaf anthracnose”, and “Anthracnose fungal
disease in plants”. Thus, D, =4cq, I4 contains at
least 500 images, where I, is a set of the top 100 im-
ages that are relevant to the input query ¢ obtained
from the Bing search engine. Note that all sets of
search result images are used as is, without remov-
ing redundant or irrelevant images; hence the set of
noisy labeled images for all four classes is defined by
D = U.ccD. , where C is a set of four diseases and
pests of Durian leaves particular to this study.

4.3 Deep neural network architecture

As mentioned above, our ultimate goal is to de-
velop a mobile application that accurately classifies a
photo taken by a farmer to a corresponding class of
Durian disease or pest, which should allow farmers to
conveniently identify a problem before it is too late
without seeking or waiting any help from domain ex-
perts. Therefore, in our experiment, we chose to build
a classifier from MobileNet, which is a popular CNN
neural network architecture for image processing ap-
plications used on devices with limited resources. The
convolutional part of this architecture is pre-trained
on the ImageNet dataset except for several last lay-
ers in order to fine-tune their parameters. The clas-
sification part consists of two fully connected layers
with 0.5 dropout rate; the RMSprop is used for op-
timization with a fixed learning rate at 0.00001. The
training process contains 20 epochs with a batch size
of 32. We also keep track of the loss and precision
of the learned model performed in the training and
validation sets, the best model is selected with re-
spect to the validation loss, and then its performance
is evaluated on the test set.

4.4 Hyperparameters being studied

Although several hyperparameters are introduced
in our proposed learning framework, there are three of
them that directly affect the prediction performance
of a classifier that is being built. The first two are
the number of learning rounds and the number of
noisy labeled images selected from each class in each
round, denoted by p. Note that both hyperparam-
eters are used to control the amount of signal and
noise to be added to the current training set. In this
work, we study only the effect of p at 1, 5, and 10,
thus keeping the number of learning rounds constant
at 11 (i.e., noisy images are used for only 10 rounds)
to also ensure that the learning process will end after
reaching the specific round (see Algorithm 1). An-
other hyperparameter to study here is «, which is

Shttps://pypi.org/project/bing-image-downloader/
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Fig.4: The plots compare the prediction accuracy of models learned from various assignments of hyperpa-

rameters p and on the validation set (dashed lines) and the test set (dotted lines). By leveraging noisy images
obtained from search engines, the classifications’ performance is improved, which not only indicates that such
images contain useful information but also demonstrates the effectiveness of the proposed image selection
scheme. The best model is obtained in the seventh iteration of p = § and o = 0.5, as the prediction accuracy
of the test set is increased by 20% from the initial model that is learned purely on a small ground-truth training

set (i.e., the first iteration,).

used in Equation (4) to compute the score for each
remaining noisy label image in each learning round.
This hyperparameter is used to determine the trust
we have in the label originally assigned to the image.
In other words, given a noisy labeled image, if the la-
bel estimated by the framework is not identical to the
original label assigned by the online source, then the
score of the image depends on the trustworthiness of
the online source. We carried out our experiments by
assigning « to 0, 0.5, and 1. It should be noted that
while p is responsible for the quantity of noisy images
added to the training set; « reflects the quality of the
images through the scoring function.

5. EXPERIMENTAL RESULTS AND DIS-
CUSSION

Various models were built using different combina-
tions of values assigned to the hyperparameters p and
«. The prediction accuracy of the classifier obtained
from each learning round was assessed with validation
and test sets. The evaluation results are presented in
Fig. 4.

We can see the general behavior of the classifiers
built in various settings of p and «, in which the initial
model always has the worst prediction accuracy in the
validation set, as it was only trained from the small
ground truths. As the training goes on, the number of
noisy labeled images in the training set keep increas-
ing, the prediction accuracy of the classifiers on the
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Fig.5: The confusion matrices illustrate the prediction accuracy of the classifier learned from the best com-
bination of the hyperparameters on particular classes for eight learning rounds (out of 11). Note that the
second and fourth classes are easier to classify, as the accuracy on these classes is always higher than that of
the other two classes. Although the prediction accuracy for each class is just fair, adding noisy images to the
training set provides additional information that can help the learned classifier generally become less confused.

Algal spot

Mealybugs Pit scale Anthracnose

(b) Falsely classified test samples

Fig.6: The test samples used to evaluate the best-performing classifier are shown here. The itmages in the
top row were correctly classified into their respective classes, while those in the bottom row were misclassified.

Notably, some of the misclassified images are so ambiguous that even humans would find it difficult to assign
them to the correct class.
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test set increases typically after the fourth learning
round and then gradually decreases after the eighth
round. This behavior indicates that noisy images pro-
vide useful information to improve the generalization
of a model being built. However, when the number of
noisy labeled images in the training set increases to a
certain point, until there is no new information to be
conveyed, and the amount of noise incurred pollutes
and overwhelms the training set, thereby lowering the
overall performance of the classifiers.

When we consider each hyperparameter sepa-
rately, we can see that adding one noisy image in each
learning round (p = 1) results in a poor performance
classifier, as the amount of useful information from
the added imageis not sufficient to improve the gen-
eralization of the model. Consequently, more learn-
ing rounds may be required to produce a high per-
formance model, which is unnecessarily expensive to
train. In contrast, if a large number of noisy labeled
images is added to the training set in each learning
round (p = 10), there is a greater chance that a lot of
noise accumulates and corrupts the training set in the
first few rounds, making the search for a good classi-
fier impossible. By adding only 5 noisy labeled images
to the training set in each learning round (p = 5), we
generally obtain better classifiers than in the former
cases, as the number of noisy images being added is
large enough to provide a significant amount of use-
ful information, but not too large to accumulate an
unacceptable amount of noise.

When examining only «, which is the important
hyperparameter to calculate the score for each noisy
labeled image, good quality images are selected to
augment the training set in each round. Note that
the higher the value assigned to «, the greater con-
fidence is placed in the original label; otherwise, the
estimated label is more preferable. That is, in the
first case in which « = 0, only the estimated label is
taken into account to compute the score if it is not
in accordance with the original label. On the other
hand, @ = 1 means that only the original label is
considered when calculating the score of each noisy
image if it does not conform to the estimated label.

When comparing the prediction performance of
the classifiers produced from these two extreme cases,
we can see that the former case typically yields the
better model than the latter, indicating that the la-
bel estimated by using features extracted from the
learned convolutional part of the deep neural network
is more accurate than the original labels retrieved
from the web that were used in training. However,
the best classifier was built by equally weighing the
label information from both sources (o = 0.5). This
result demonstrates that the original labels are not
purely noise but rather require validation from an-
other source of information. By incorporating votes
from both sources, the model assigns a better score
to noisy images. It should be noted that if we know

the retrieved noisy images come from trusted online
sources, a higher value of « could be used to reflect
the trustworthiness of these image sources. We fur-
ther analyze the prediction performance of our best
classifier for each class, as shown in Fig. 5. The
round-by-round confusion matrix, obtained from test-
ing the model trained with the optimal hyperparam-
eters (p = 5 and o = 0.5) on the test set, reveals that
the second and fourth classes are easier to classify
compared to the other two. This is because images
of these diseases and pests typically exhibit clear fea-
tures. By carefully selecting noisy images from the in-
ternet and adding them to the training set in an itera-
tive manner, the classifier’s confusion for each class is
reduced to some extent, indicating that these images
contain valuable information to improve model gen-
eralization. However, a significant gap in accuracy
remains, as many of the online images are of poor
quality (see Fig. 2).

From the confusion matrices in Fig. 5, we fur-
ther examine the test samples used to evaluate our
learned classifier. We selected two test examples for
each class: one correctly classified and one misclassi-
fied. The selected images for all classes are presented
in Fig. 6. The images in the top row show the test
samples that our model correctly classified, while the
misclassified images are displayed in the bottom row.
As we can see, the correctly classified images of each
class have clear features of the corresponding diseases
and pests on the Durian leaves. In contrast, the mis-
classified images often contain unclear or ambiguous
features, which caused the classifier to make incor-
rect predictions. For example, the second and third
images were mistakenly classified as Algal Spot, since
the features of Mealybugs and Pit Scale are not clearly
visible on the leaves. Additionally, confusion can arise
when the point of interest in the image is uncertain.
For instance, the first image was wrongly assigned
to Anthracnose, while the fourth image was labeled
as Pit Scale. This issue can be easily mitigated by
advising farmers using our mobile application to en-
sure that the photo focuses on the clear symptoms of
diseases or pests on the Durian leaves.

6. CONCLUSION

This work presents the multi-round learning
framework that makes use of noisy labeled images
obtained from the Internet as an additional source of
information to improve the generalization of a model
being built. The bottom line is that the proposed
framework is sufficiently general for building classi-
fiers from any CNN architecture to support various
classification tasks. Enriching the training set with
a suitable number of noisy images in each learning
round to introduce new and useful information with a
small amount of noise incurred, the general prediction
accuracy of the classifier can be improved compared
to the initial model, which is purely learned from
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small ground-truth examples. Although the photos
retrieved from the Internet may be redundant and of
poor quality, the evaluation results have shown that
our approach is promising, especially in the situation
where there is a limited number of expert-labeled im-
ages. As the scarcity of high-quality labeled images
occurs largely in many domains, weakly supervised
techniques as described in this work will become an
important approach to address this challenge and en-
able us to build high-performance models for various
tasks.

For future work, our aim is to extend the scope of
this work by including not only other leaf diseases and
pests but also those whose symptoms appeared in the
other parts of Durian. We will apply this framework
to other local crops that are as economically impor-
tant as Durian. A mobile application must be devel-
oped using a model built from the proposed learning
framework so that its effectiveness can be practically
assessed through prediction accuracy and user satis-
faction.

Improving the proposed framework is another fu-
ture goal, especially accelerating the image selection
phase in the training process. Also, it is worth not-
ing that the resulting model is not optimal; this is-
sue may be addressed by combining information from
both phases of the framework into one optimization
function, which must be efficiently solved for an op-
timal solution. Moreover, we may use the adversarial
generative approach by combining information from
collected ground truths and noisy images to generate
additional samples for classes in which the resulting
classifier performs poorly.
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