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Summary

The rapid growth of crop production has made early pest
and disease detection particularly important in terms of ef-
ficiency and reduction of the use of pesticides. Conventional
methods involving human experts are nonefficient for large
crops. The recent advances in computer vision using deep
learning can play an important role in increasing the acces-
sibility and reliability. We apply a modified CNN based on
MobileNetv2 to the task of pest and disease identification.
We investigate various augmentation techniques to make
the model more suitable for field conditions. However, the
challenge here is that the performant deep learning mod-
els often require large computation and storage for mobile
solutions. To overcome, we experiment with various opti-
mization strategies to achieve a sufficiently lightweight im-
plementation for Android OS. We use the dataset PlantVil-
lage for disease classification which has 54K images and
we achieve the accuracy of 96.3% . For pest classification
we use the IP102 dataset having 75K images and achieve
the state of the art accuracy of 64.8%.

1. Introduction

Pests and diseases are among the two most important
factors affecting agricultural yields. Types of pests and dis-
eases are numerous in nature. Some of them are similar in
appearance, making it difficult for farmers and even experts
to precisely recognize them in time. Detecting the early
presence of pest and disease plays a critical role in mini-
mizing yield loss if contained swiftly.

The conventional practice relies on naked-eye observa-
tions of the experts and gathering statistics, which, however,
has many shortcomings, such as needing a large amount of
labor, low efficiency, feedback delay, and prohibitive costs.
Further, in developing regions, farmers may have to go long
distances to contact experts; this makes consulting experts
too expensive and time-consuming. Automatic detection
would avoid those problems and provide the benefits of con-
tinuous observation and improved accessibility.

In recent years, using machine learning for image recog-

nition has rapidly evolved into an area of significant ac-
tivity surpassing human capabilities. Deep learning has
emerged as the most successful approach based on neu-
ral networks that act as function approximators. However,
most of the high performing models require computational
power and storage beyond the capacity of mobile devices.
Therefore the final model is usually optimized using vari-
ous techniques to make it less resource hungry. In theory,
the complexity of the CNN model depends on the scale of
dataset. Large datasets generally require large number of
parameters to capture the maximum amount of features re-
quired for classification. The space required for model stor-
age is so large that they cannot be deployed on mobile de-
vices with little memory with low transfers speed. To solve
this problem few lightweight architectures like MobileNets,
SqueezeNet, EfficientNet, ShuffleNet, etc have been pro-
posed. They have comparatively few parameters and have
special structures like inverted residual connections to min-
imize computations.

We use a modified architecture based on MobileNet v2
which is a simple but effective network architecture which
is an improvement over original MobileNet. A custom head
composed of linear, batch norm, and drop out layer is used.
For the trunk we use pretrained weights for ImageNet to
speedup the training using transfer learning.

For disease classification we use PlantVillage which in-
cludes 15 common type of diseases. It has 20K samples
making it a relatively complete image dataset for the diag-
nosis of plant diseases. However, most of the samples are
shot in ideal conditions with plain background. To make
the model more applicable in field conditions and to rein-
force model generalization ability, we experiment with im-
age augmentations which significantly reduce the similarity
between generated images.

The pest classification uses the [P102 dataset which has
102 species of pest in their natural conditions. Within each
category their is a high intra-class variation due to distinct
forms of insects in their life cycle. This brings the dataset
size to 75K samples and benefits little from augmentation.
However, the number of samples for each category is highly
uneven requiring extended training with rare categories.



We also employ various techniques to make training
more interpretable. Since IP102 samples are heterogeneous,
one of the primary concern is model may learn the sur-
roundings instead of the pest characteristics for prediction.
To monitor the features learned by the model we use Grad-
CAM heatmaps proposed by Selvaraju K, et al.[9]. We also
employ confusion matrix to finetune the model for less per-
formant classes.

For model optimization, we consider quantization, prun-
ing, and distillation individually and the combinations
thereof. For quantization we test quantization aware train-
ing, dynamic, and static quantization with the goal to under-
stand accuracy and model size tradeoff. We also experiment
with pruning the individual layers of the model and iterative
pruning.

This suggests a question: how much the size of model
can be reduced while maintaining sufficient accuracy? Gen-
erally the rate of accuracy drop increases with increased op-
timization. However, there are few cases which demonstrate
counterintuitive increase in model performance like shown
by Polino. et al.[7]]

2. Related Work

Recently, detecting diseases and pests in crop-fields has
become a hot topic. More and more farmers, corporations,
and researchers are working on pest and disease detection,
which is regarded as an important tool in precision agri-
culture. Currently, there are two types of approaches for
image-based detection. One approach uses traditional im-
age processing techniques and requires considerable do-
main expertise; while the other is based on deep learning.

Although there is no lack of number of datasets, the size
of most of them fall short for application using deep learn-
ing. For pests recently a large dataset, [IP102 was collected
and analysed by Wu et al., 2019[[L1] and it contains around
75K pest images corresponding to 102 types of pests. Since
then it has been used as a benchmark dataset for researchers.
Another such dataset, PlantVillage (Hughes et al., 2015)[4]
contains 54K healthy and unhealthy leaf images divided
into 38 categories by species and disease. However, un-
like IP102 which contains pests in natural environment, the
images in PlantVillage are well-shot in plain background.

Training support vector machines on hand-crafted fea-
tures was the common approach, especially before the rise
of deep learning. It was still competitive on small datasets
also after the advent of neural networks until improvements
inn hardware allowed to train deeper neural networks. Xie
et al. (2016)[12]] used a spatial pyramid with sparse coding
to identify farmland pest images and had recognition accu-
racy of pest images with background better than previous
methods. However almost all such method require complex
pretreatment which has considerable effect on final perfor-
mance.

Deep neural networks have proved to be best perform-
ing solutions, and many developments have lead to achieve
SOTA invariably. For the task of image classification, the
most advanced models heavily rely on convolution neu-
ral networks. (Dawei et al., 2019) attempt to classify
pests using CNNs using a pretrained version of AlexNet
(Krizhevsky, Sutskever and Hinton, 2012) using transfer
learning. They also evaluated the accuracy rate of six hu-
man experts on the same dataset for baseline comparison,
and reach a higher accuracy than four of the six human ex-
perts.

Due to high resource requirements of most DNN archi-
tectures, several high performing architectures have been
proposed. Among the recent, ShuffleNet (Zhang et al.,
2018) uses channel shuffle and 1 x 1 convolutions convo-
lutions to have a very low complexity and is a very light
network. The result is that the network is 13 times faster
than AlexNet, maintaining similar accuracy.

MobileNetv2 (Sandler et al., 2018) is another light con-
volutional network specificaly designed for mobile applica-
tions. It contains several depthwise separable convolutions,
which can be thought as convolutional layers where the 3D
weights tensor is factorized in one 2D tensor and a 1D ten-
sor, requiring much less memory. It also contains unusual
inverted residual connections which reducing the number of
required operations.

It has been observed that irrespective of architecture
complexity, substantial optimization can be done with neg-
ligible loss in accuracy. Quantization aware training along
with pruning (Han et al, 2015)[2] has demonstrated 49x size
reduction of VGG-16 with upto 4x layerwise speedup.

Generalized by Hinton et al., 2015, distillation provides
a straightforward way to generate compact models. A large
and complex network or an ensemble model is used to train
a small network by minimizing a loss function in which
the target is the distribution of class probabilities of larger
model. with the help of the cumbersome model. This small
network will be able to produce comparable results, and in
some cases, it can improve the model geralization as shown
by Polino et al, 2018 [7].

3. Data

For pest classification we use IP102 released by Wu et
al., 2019[11] which contains images of pests in their nat-
ural conditions. Whereas for disease classification we use
PlantVillage released by Hughes et al., 2015[4]] containing
leaf images against plain background.

3.1. Pest classification

Most of the datasets released in past typically contain
fewer than 1,000 samples. Moreover they have plain back-
grounds and similar orientations which is hard for CNN to
generalize, making it difficult to cope with the complexities



of reallife scenes. However the recently proposed dataset
by Wu et al., 2019[11] IP102 overcomes all previous lim-
itations. IP102 covers 102 common insect pest species for
practical applications and is built in the wild.

(b2) (b3)
Figure 1. Different forms of insect pest images. The red dashed
boxes denote different forms of pests, containing (al) egg, (a2)
larva, (a3) pupa, and (a4) adult, which belong to the same subclass.
The images surrounded by blue dashed box are dropped because
there are no or more than one insect pest category.

The least represented class in the dataset only has 71
samples, while the most represented class contains more
than 5740 samples, hence the dataset is highly unbalanced
as shown in Figure 2. For more on how we attempted to
address this class imbalance, see the Methods section. It
also worth mentioning that, in this dataset, insects of very
different life stage are included in every class, which is a
challenging problem since the shape of an insect, like a but-
terfly, might change completely during its life. Some exam-
ples are shown in Figure 1.
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Figure 2. Sample number distribution of the IP102 dataset in dif-
ferent levels.
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We use around 45K images for training, 8K images for
validation, and 22K images for testing.

3.2. Disease classification

For disease classification we use PlantVillage released
by Hughes et al., 2015[4] which contains healthy and dis-
eased images of individual leaves. The dataset contains
54,306 images of plant leaves, which have a spread of 38

class labels assigned to them. Each class label is a crop-
disease pair, and we make an attempt to predict both the
crop and the disease given just the image of the plant leaf.
Figure 1 shows few examples each from different crop-
disease pair from the PlantVillage dataset.

There exist three different versions of the whole
PlantVillage dataset; color, gray-scaled, and background-
less. However we only use the PlantVillage dataset as it is,
in color since we expect it to provide better results in field
conditions. While training, however, there is the potential to
introduce some inherent bias in the dataset due to the reg-
ularized process of data collection in case of PlantVillage
dataset. For more on how we attempted to address this, see
the Methods section.

PV

Figure 3. Example of leaf images from the PlantVillage dataset,
representing the differnet crop-disease pair used.

We use around 40K images for training, 5K images for
validation, and remaining 9K images as the test split.

4. Methods

Our strategy for solving this classification problem was
to use transfer learning from ImageNet, rather than training
a CNN from scratch. We chose this strategy because this
allows faster protyping and experimentation. We were bol-
stered in this decision by the multitude of successful case
studies of transfer learning from ImageNet (see the Related
Works section).
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Figure 4. A schema for the MobileNet v2 architecture.

The particular ImageNet classifier which we decided to
use was MobileNet V2, a network released by Google in
2018[8]. The architecture of MobileNet consists of two im-
portant pieces: Inverted residual structure, where the in-
put and output of the residual block are thin bottleneck lay-
ers opposite to traditional residual models which use ex-



panded representations in the input. The lightweight depth-
wise convolutions serve to filter features in the intermedi-
ate expansion layer. Another feature is the absense of non-
linearities in the narrow layers in order to maintain rep-
resentational power. This improves performance and the
original publication provides an intuition that led to this
design.which create “shortcuts” in the model that seem to
facilitate backpropagation. We chose MobileNet v2 also
because of its world-class performance on the ImageNet
among compact architectures challenge, scoring a top-five
accuracy of 90.5%.
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A schema for the head added to the MobileNet v2
architecture.

The MobileNet v2 architecture without its head provides
2560 features. In the final stage of the classifier, a custom
head is attached to map the features to the number of pre-
diction classes. We experiment with batch norm, linear, and
dropout layers for the head. The sequence and the number
of parameters is validated using the validation split. Finally,
we would use a softmax loss function to convert the output
scores into normalized “probabilities.”

Since the pretrained model accepted input of size
224x224 we do resizing of the training samples during the
training. An alternative approach we considered was multi-
cropped inputs. However after initial testing the payoff of
high training times was not enough to pursue it further. In
the case of the disease and to some extent pest classifica-
tion problem, our dataset suffered from a class imbalance.
As mentioned in the previous section, our largest category,

had roughly 80x as many images as our smallest category.
Class imbalances sometimes impede the training of ma-
chine learning algorithms, since the algorithm might decide
to disregard the smaller classes if they don’t contribute sig-
nificantly to the cumulative loss. Our class imbalance is
not nearly as extreme as that encountered in some datasets.
In medical imaging, for example, a dataset might contain
hundreds or thousands of examples of “healthy” images for
each example of a “diseased” image. Still, we wanted to
explore techniques for mitigating the impact of this class
imbalance in case it impeded training.

As afirst step, we decided to create a “confusion matrix”
for the classification problems, to determine if our smaller
classes were failing to train properly. If fear was frequently
being confused for some larger class, it would point to prob-
lems in our training pipeline. As we will see in the Experi-
ments section, the confusion matrix also serves another pur-
pose, which is to suggest which categories are “similar” to
each other according to the algorithm. We were curious to
discover if the categories which we expected to be similar
based on human intuition were actually similar according
to the algorithm, or whether the pipeline was being con-
founded by errors which we couldn’t interpret.

Figure 5. The confusion matrix for subset of categories used in dis-
ease classification. Each row of the matrix represents the instances
in a predicted class while each column represents the instances in
an actual class. The shade intensity represents the prediction con-
fidence.

Two primary approaches have been
to deal with class imbalances: oversampling and
undersampling[[l]. In the case of oversampling, the
smaller classes are “oversampled” in the training phase,
to increase their effect on the gradient updates. This
might mean that a particular image is included twice in
the same batch update. Oversampling carries the risk

proposed



that the algorithm will overfit the smaller classes, since
the same image from a rare class might contribute to the
gradient update a large number of times. In undersampling,
by contrast, the excess images from a common class are
randomly discarded. The problem with undersampling is
that lots of information about common classes is lost.

Undersampling did not seem like a viable approach for
us, since our smallest class had just a few hundred images,
so we decided to try oversampling. To mitigate the dangers
of overfitting, instead of reusing the same images from our
smallest categories, we decided to try image augmentation.
Image augmentation consists of a set of standard computer
vision techniques for creating a similar image from a base
image. This might mean taking random crops of the image,
or rotating it, or flipping it on its axis.

Figure 6. Augmented sample of images taken from PlantVillage.
The augmentations depicted are rotation, jitter, and the gaussian
noise.

We felt that we should be cautious in which augmenta-
tion techniques we applied, since certain techniques seemed
likely to change the category depicted by an image. We did
multiple test runs for viable augmentations. We found im-
proved results with image blurs,image rotation, image flips
and random generated patches of gaussian noise. While
deep learning has facilitated unprecedented accuracy in im-
age classification, one of their biggest problems is model
interpretability, a core component in model understanding
and model debugging. In practice, deep learning models
are treated as “black box” methods, we ask how can trust
can be established better? Some aspect of it is answered
by Gradient-weighted Class Activation Mapping, or more
simply, Grad-CAM proposed by Selvaraju et al.[9]

Grad-CAM uses the gradients of any target concept
, flowing into the final convolutional layer to produce a
coarse localization map highlighting the important regions
in the image for predicting the concept. Using Grad-CAM,
we visually validate where our network is looking, verify-
ing that it is indeed looking at the correct patterns in the
image and activating around those patterns.

For optimization we first consider quantization of the
model to 8-bit precision. We first apply dynamic quantiza-

Figure 7. Coarse heatmap generated for missclassified samples
from IP102 using Grad-CAM. The brighter regions represent
where the network is ”looking” for the object.

tion to the previously trained model. After getting baseline
accuracy loss, we apply static quantization and as expected
observe improved accuracy and greater size reduction. Fi-
nally we do quantization aware training of the model and
achieve accuracy almost equal to the non-quantized model.

In case of pruning we first do sensitivity analysis for each
layer of the model. Then we iteratively identify least sensi-
tive layers and prune the 10% of weights. After each prun-
ing we finetune the model to recover the critical features
lost to pruning. We repeat this procedure till we achieve
50% reduction of the model size. We further use quanti-
zation aware training along with pruning and achieve 75%
size reduction with minimum loss in accuracy.

Finally we investigate distillation of the previously
pruned and quantized model. The student model having
one-forth the number of parameters in the parent model is
trained against distillation as well as prediction loss. The
student model consists of linear and convolution layers for
simplicity. We see modest compression results with 30%
loss in accuracy. However, considerable improvement is ex-
pected if ensembles are used as the parent model.

5. Experiment

Our first step was to evaluate the performance of a sim-
ple linear subnetwork tacked on the end of MobileNet v2.
We trained this model with an Adam optimizer and use
0.9 as the momentum determined using validation. The
weights are initialized using Kaiming initialization as pro-
posed by Kaiming He et al[3]] for faster convergence. The
weight decay is handled using the method proposed in Fix-
ing Weight Decay Regularization in Adam by [J3]] proposed
by Loshchilov et al, 2018. (We also tried training with a
simple SGD optimizer, and this produced equivalent results,
although it required more epochs to train.)

For training, we use One cycle policy proposed by Leslie
Smith, 2018[10]. First the learning rate is progressively
increased and at the same time the momentum parameter



is progressively decreased. After reaching the limits, the
learning rate is progressively decreased and at the same time
the momentum is increased back to it’s original value. Then
the learning rate is further decreased while keeping momen-
tum constant.
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Figure 8. In the 1 cycle policy, learning rate is increased to its

peak and is subsequently decreased. The reverse happens with the
momentum parameter.

The optimum learning rate to use with the 1cycle policy
is found using a learning rate finder. It does a mock training
by going over a large range of learning rates, then plot them
against the losses using the validation data. We then pick a
value slightly lower than the rate with minimum loss, where
the loss still improves. Our graph would look something
like in the figure.
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Figure 9. Finding optimal learning rate for training. Start with a
very low rate and change it at each mini-batch until it gives a very
high loss. The losses are plotted against the learning rate to find
the optimal value before it diverges.

After fitting the head of MobileNet v2, we unfreeze the
inner layers to finetune the weights. Since the initial layers
are highly sensitive compared to end layers we use differen-
tial learning rates. The layers of architecture is subdivided
into 4 groups, each of which learns at the rate relative to
the location in the model. During the training the learning
rate is reduced by a factor of 0.2 if validation loss doesn’t
improves for the two successive epochs. We achieve the ac-
curacy of 96.3% for disease classification on PlantVillage
datset. We achieve 64.8% accuracy for pest classification
using IP102 and improve the previous state of the art by
4.6% which used ensembles of DenseNet.[6]

H Classifier Accuracy on test set H
Linear head only 86.62%
Full architecture 96.3%
8-bit Quantization 96.1 %
50% Pruning 95.9 %
50% Pruning + 8-bit Quantization 95.7%
Distillation 70.2 %

Figure 10. Classification accuracies on the test set of PlantVillage
for different strategies.

To optimize the model, we experiment initially with dy-
namic and static quantization. Further we do quantization
aware training in 8-bit precision along with the iterative
pruning. The ideal pruning ratio is determined to be 50%
with negligible loss in accuracy. In process we reduce the
model size by 75% to approximately 4 MB. However for the
task of pest classification we observe sizable loss in accu-
racy for certain categories after the optimization. The loss
can be explained by huge imbalance of the IP102 dataset
and larger number of categories (102) compared to the only
38 categories for the disease classification.

H Classifier Accuracy on test set ‘
Linear head only 50.1%
Full architecture 64.8%
8-bit Quantization 64.3%
50% Pruning 62.3%
50% Pruning + 8-bit Quantization 61.78%

Figure 11. Classification accuracies on the test set of IP102 for
different strategies.

As an attempt to compress the model even further we use
distillation for the disease classification model. The student
model uses 94% lesser space than the non-optimized orig-
inal model. As expected we observe significant loss in ac-
curacy upto 26.7%. However using ensembles as for the
parent model is expected to give better results.

6. Conclusion

We tried to determine the applicability of various opti-
mization methods on the problem of pest and disease clas-
sification. We also demonstrate that transfer learning from
ImageNet could produce a classifier with high accuracy
with minimal training. We use the same architecture for two
tasks: first, determine plant category and the disease from
the leaf image; and second, determine the pest species us-
ing the images from various stages of insect life cycle. The
classifier proved to be quite effective at the disease classi-
fication problem, but was less effective at the pest classifi-
cation problem. Previous works suggest that classification




of pests in natural environment is hitting the limits even for
complex networks like DenseNet. We achieve higher ac-
curacy using much more resource efficient method which
makes the solution deployable on mobile devices. We also
explore various augmentation techniques for application in
practical use cases. To improve the model interpretability
as opposed to the black box nature of neural networks, we
use Grad-CAM as a method to visualize the decision pro-
cess. Finally we experiment with a few combinations of op-
timization strategies using quantization, pruning, and distil-
lation. We reduce the model size by 75% without noticeable
loss in accuracy.

For future work, we suggest that more data needs to be
gathered, particularly for the classes with negative valence.
The means by which data is gathered also need to be ad-
justed. Instead of taking images of leaves with plain back-
ground and similar orientation, it is more useful to have
samples in natural conditions. Currently quantization is
being heavily researched and it could be possible to use
lower precision upto 2-bits in near future without signifi-
cant loss in accuracy. In case of pruning we can experiment
further using heuristic algorithms such as Automated Grad-
ual Pruner for more specialized pruning.[13] Distillation is
a promising optimization technique and use of ensembles
during training can provide substantial compression with
low accuracy loss. Our preliminary results are sufficiently
promising that we believe that, if model is trained properly
on suitable data , mobile deployment through various opti-
mization methods is an achievable goal.
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