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ABSTRACT ARTICLE HISTORY
Tuta absoluta is a major threat to tomato production, causing Received 27 April 2021
losses ranging from 80% to 100% when not properly managed. Accepted 20 August 2021

Early detection of T. absoluta's effects on tomato plants is
important in controlling and preventing severe pest damage
on tomatoes. In this study, we propose semantic and instance
segmentation models based on U-Net and Mask RCNN, deep
Convolutional Neural Networks (CNN) to segment the effects of
T. absoluta on tomato leaf images at pixel level using field data.
The results show that Mask RCNN achieved a mean Average
Precision of 85.67%, while the U-Net model achieved an
Intersection over Union of 78.60% and Dice coefficient of
82.86%. Both models can precisely generate segmentations
indicating the exact spots/areas infested by T. absoluta in
tomato leaves. The model will help farmers and extension offi-
cers make informed decisions to improve tomato productivity
and rescue farmers from annual losses.

Introduction

Tomato (Solanum Lycopersicum L.) is one of the most grown and extensively
consumed crops worldwide. Globally, about 160 million tonnes of tomatoes
are produced each year (FAOSTAT 2019). Approximately a quarter of this is
grown for the processing industry, making tomato the world’s leading proces-
sing vegetable (Tomato News 2020). Owing to this, tomatoes can increase
countries’ foreign exports and boost their GDP. Small-scale farmers and rural
families often rely on tomatoes for their livelihoods; therefore, the crop
contributes significantly to poverty reduction (Mutayoba and Ngaruko 2018).

Currently, the invasion of an exotic and rapidly spreading pest known as
tomato leaf miner (Tuta absoluta) threatens tomato production in the world
(Zekeya et al. 2016). It causes heavy losses in tomato production ranging from
80% to 100% (Maneno et al. 2016). The pest originated from South America
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Figure 1. Tuta absoluta’s life cycle and its damage to tomatoes. (a) Four stages of T. absoluta’s life
cycle. (b) Tomato leaf with T. absoluta mines. (c) Severe damage on tomato field. (d) Damaged
tomato fruits in the field. (€) Damaged tomato fruit on the market.

and spread to other parts of the world (Never et al. 2017). The pest first
invaded Africa in 2008 and has since spread to 41 of the 54 countries in
Africa with huge economic losses (Guimapi et al. 2016).

Tuta absoluta can yield up to 12 generations per year and each mature
female adult can produce between 250 and 300 eggs in its lifetime (Doganlar
and YIgit 2011). It has four development stages (egg, larva, pupa, adult) in its
life cycle, exhibited for about 26-28 days (Desneux et al. 2010). All four
development stages are harmful and can attack different parts of the host
plant (Guimapi et al. 2016). The larva is the most dangerous stage that
usually affects plant leaves but can also be found in fruits and stems where
they feed and develop, creating conspicuous mines and galleries
(Cuthbertson et al. 2013). Figure 1 shows the damage caused by
T. absoluta on tomatoes.

Over the years, farmers have been using different methods in efforts to
control the pest unsuccessfully. These include the use of pheromone traps and
natural enemies to monitor the population, cultivation of resistant tomato
varieties, and incessant spraying of chemical pesticides, which is still the main
control method (Guedes and Picang¢o 2012). The excessive use of these che-
micals is not only uneconomical but also has harmful effects on non-targeted
organisms and can also lead to the development of pest resistance and
irreparable damage to the environment (Materu et al. 2016). Although farmers
and extension officers struggle with different methods to control the pest, there
has not yet been an effective mechanism to exploit the extent to which
T. absoluta infected tomato leaves at early stages before causing significant
yield loss to farmers.

Inspired by the advancement and promising results of Deep Learning
techniques in image-based plant pest and disease diagnosis, this research
proposes a model based on Convolutional Neural Networks (CNNs) for
segmenting T. absoluta’s damage to tomato leaf images at pixel level. The
exact location of tuta mines in plants can be obtained. This will enable
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farmers to make informed decisions in controlling the pest, improving
tomato productivity, and rescuing them from the losses they incur
annually.

Related works

Computer Vision using Deep Learning methods such as CNNs have presented
promising and impressive results in diagnosing a diverse range of plant
diseases and pests (Singh et al. 2018). Brahimi, Boukhalfa, and Moussaoui
(2017) presented deep CNN models based on AlexNet and GoogleNet trained
using a dataset of 14,828 images to automatically determine 9 diseases in
tomatoes. The model attained an accuracy of 99.185%. Also, Mkonyi et al.
(2020) developed a model based on VGG16, VGG19, and ResNet50 architec-
tures to identify T. absoluta in tomato plants using a dataset of 2145 tomato
leaf images. VGG16 achieved a high accuracy of 91.9%. Nevertheless, there is
still a need to detect the exact location and shape of T. absoluta’s damage.

Similarly, researchers such as Ferentinos (2018), Zhang et al. (2018),
Fuentes et al. (2017), and Sladojevic et al. (2016) proposed deep CNN models
for detecting different diseases and pests in various plants like banana, tomato,
pear, cherry, peach, apple, and grapevine using leaf image datasets.

Although the problem of plant leaf disease detection has been addressed in
several studies, only a few of these have focused on developing systems capable
of segmenting infected areas. K. Lin et al. (2019) proposed a segmentation
model based on U-Net architecture to segment powdery mildew on cucumber,
a common fungal disease that mainly infects plant leaves. A dataset of 50
cucumber leaf images captured in a cucumber fruit leaf phenotype automated
analysis platform was used in their experiment. The model performed well
with an averaged accuracy of 96.08% on test data, outperforming conventional
Machine Learning methods, such as K-means and Random Forest.

Q. Wang et al. (2019) presented a tomato disease detection model based on
Faster R-CNN and Mask RCNN. The model detects and segments the loca-
tions and shapes of the infected area on tomato fruits. In their experiment,
a dataset of 286 tomato fruit images obtained from the internet was used. The
models achieved mean Average Precision (mAP) of 88.53% and 99.64% for
Faster R-CNN and Mask RCNN, respectively.

Also, Pérez-borrero et al. (2020) proposed a deep learning method based on
Mask RCNN architecture for instance segmentation of strawberries. In their
experiment, a dataset of 3100 strawberry images along with their annotations
was used. They modified the Mask RCNN structure and proposed a new
performance metric, the Instance Intersection Over Union (IPoU) to assess
the instance segmentation. Their model achieved a mAP of 43.85% compared
to 45.36% of the original Mask RCNN and the mean I°oU of 87.27% compared
to 87.70% of the original Mask RCNN.
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Tang, Wang, and Chen (2020) developed a dilated encoder network (DE-
Net) model based on U-Net architecture for automatic butterfly ecological
image segmentation. In their proposed method, the U-Net architecture was
modified by replacing the last two pooling layers, the last three convolution
layers and all fully connected layers with the hybrid cascade dilated convolu-
tion (HCDC) to capture deeper semantic features. A public dataset of 832
butterfly ecological images was used and the DE-Net model achieved an
accuracy of 98.67%.

The study by Liu, Hu, and Li (2020) proposed a method to segment overlapped
poplar seedling leaves under heavy metal stress by combining Mask RCNN with
Density-Based Spatial Clustering of Applications with Noise (DBSCAN) cluster-
ing algorithm. The Mask RCNN was used to segment leaves and then DBSCAN
was used to cluster single leaves from detected overlapping leaves. A dataset of
2000 RGB-D images with their corresponding annotations was used to complete
the task. In their experiment, the model obtained a pixel-wise Intersection over
Union (p-IoU) and mean accuracy of 0.874 and 0.888, respectively.

Generally, these studies have achieved excellent results in image-based plant
diagnosis using CNNs. However, none addresses the segmentation of
T. absoluta’s eftfects on tomato plants. Some studies also used a limited dataset
size and images from online repositories that may not reflect the actual field
situation. Therefore, this study proposes a deep learning-based approach for
segmenting T. absoluta at the early stages of the tomato plant’s growth using
images collected from the field to determine its damage.

(a) (b)

Figure 2. Experimental setup in a field. (a) A nethouse. (b) Researcher and an agricultural expert
performing infestation in Arusha and Morogoro fields.

Material and methods
The dataset

This study was conducted in Tanzania with two in-house experiments that were
set up in Arusha and Morogoro regions. The two regions are the major areas on
tomato production and highly prone to T. absoluta infestation. In each region,
we constructed a net house and then planted healthy tomato seedlings (free
from other diseases and pests) as shown in Figure 2. We inoculated T. absoluta
on randomly selected tomato plants on the second day after transplanting by
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Table 1. Dataset distribution.

Region Healthy Infested with T. absoluta Total Number of Images
Arusha 1107 1212 2319
Morogoro 1870 1046 2916
Total 2977 2258 5235

24/09/2019

BLK_2_0924_PL084_NH

BLK_1_0924_PLO03_NH.

26/09/2019

BLK_2_0926_PLO84_NH

29/09/2019

01/10/2019

e . e s e

Figure 3. Some images from our dataset showing the development of tuta mines on different
days.

placing 2 to 8 larvae on top of each plant’s leaves. The pest immediately started
to mine the leaves. The inhouse experiments prevented any other pests into the
net house and T. absoluta from getting out of the experimental area, hence
maintaining a controlled environment for the study.

We collected tomato plant images using a camera. The data collection work
took two weeks after infestation. The two-week period reflects the plant’s early
growth stages. A dataset of 5235 tomato images was collected and manually
labeled with the help of an agricultural expert. This includes 2319 and 2916
images collected in Arusha and Morogoro, respectively, as shown in Table 1.
Figure 3 shows sample images from our dataset demonstrating the develop-
ment of “futa” mines on different days.
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Research framework

Figure 4 shows the research framework of our study and gives a clear under-
standing of how the research was undertaken from data collection to model
development and validation until the delivery of an optimized model. Two deep
meta-architectures, namely U-Net and Mask RCNN, were used to develop
a semantic and an instance segmentation model, respectively. The segmentation
model can determine the exact spot in the plant infected with T. absoluta. The
model’s performance was then evaluated using different evaluation metrics and
the model’s parameters are tuned to get an optimized model.

Image pre-processing

In this work, the image pre-processing involved image labeling, annotation,
resizing and augmentation.

Image annotation

We selected 1212 and 1240 images of infested plants dataset to develop
U-Net and Mask RCNN models respectively. For each image, a ground
truth labeled image was manually generated containing the individual
segmentation of all the T. absoluta’s mines present in the image.
Labelme (Russell et al. 2008) and VGG Image Annotator (Dutta and
Zisserman 2019), open-source tools were used to annotate images for
semantic and instance segmentation tasks, respectively. The specific opera-
tion was to define the continuous contour of all T. absoluta’s mines by
marking the area and shape of the infested spot with irregular polygons
and then labeling the spot with “tuta.” Each image contained at least one
tuta mask indicating the presence of the T. absoluta’s mine. The obtained
annotations were saved in VOC (Everingham et al. 2010) and COCO (T.
Lin, Zitnick, and Doll 2014) formats with their corresponding images for
semantic and instance segmentation tasks, respectively. We split the
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Table 2. Train/test set splits.

Model Data Ratio Training set Test set Total
U-Net (VOC format) 80:20 969 243 1212
Mask RCNN (COCO format) 80:20 992 248 1240

annotated dataset into training and test sets in a ratio of 80:20, respec-
tively, as shown in Table 2. The training set was used to train the model,
while the test set was used to evaluate the model’s performance.

Resizing the images

A large input image requires the neural network to learn from many pixels
adding up the training time and other computational costs. Therefore, many
CNN architectures require that the input images are of the same size. The
images in our dataset varied in size, so we used a standard resize function in
Keras to resize all images to 512 x 512 pixels.

Augmentation
Deep neural networks are data-hungry. They need a large amount of training
data to achieve good performance and avoid overfitting (Lawrence and Giles
2000). Unfortunately, we were not able to collect enough data to sufficiently
train a CNN model. This is because the experiment was designed to collect
data for 14 days after T. absoluta infestation to analyze the effects of the pest in
the early growth stages of the tomato plants. Data augmentation is a solution
to the problem of limited data. Image data augmentation encompasses a suite
of techniques that can be used to artificially expand the size and enhance the
quality of the training dataset by creating modified versions of the original
images in the dataset (Shorten and Khoshgoftaar 2019). Specifically, the
following set of augmentation was applied to the training set only with data
values in a range of (0, 1).

- Horizontal flip. All images were horizontally flipped with a probability
of 0.5.

- Vertical flip. All images were vertically flipped with a probability of 0.2.

-Random Crop. A random crop was applied on images with the interval of
(0, 0.1).

- Gaussian Blur. A gaussian blur with a probability of 0.5 was applied to
images with a random sigma of between 0 and 0.5.

- Contrast Normaization. Applied to strengthen or weaken the contrast in
each image in the interval (0.75, 1.5).

- Gaussian Noise. Gaussian noise with a probability of 0.5 was added to
images.

- Brightness modification. A change of brightness was applied with a
probability of 0.2 and a random value in the interval (0.8, 1.2) was chosen.
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- Affine Transformation. Zooming/scaling images to 90 - 110% of their
height/width (each axis independently). Translate/move images by -20 to +20
relative to their height/width per axis. Rotate images by -5 to +5 degrees and
slightly shear them by -2to +2 degrees.

Proposed models

This work aims to develop two models based on deep CNNs to detect the
regions in tomato plants infected by T. absoluta. We employed transfer
learning based on the CNN models, Mask RCNN and U-Net that were trained
and shown best performance on COCO (T. Lin, Zitnick, and Doll 2014) and
International Symposium on Biomedical Imaging (ISBI) (Ronneberger,
Fischer, and Brox 2015) datasets for instance and semantic segmentation
tasks respectively.

U-net for semantic segmentation

In semantic segmentation, different instances of the same object are not
distinguished and are given the same label. Ronneberger, Fischer, and Brox
(2015) introduced a U-shaped CNN architecture designed to be trained end-to
-end with very few images and yet produce more precise segmentations. This
makes it very suitable for the agricultural field since there is not enough labeled
data to train complex CNN architectures in the real world (K. Lin et al. 2019).
The model has performed well first in the biomedical image segmentation and
later in many other fields outperforming the earlier segmentation methods
(Ciresan et al. 2012). The U-Net architecture consists of three sections: an
encoder, a bottleneck, and a decoder, hence the name encoder-decoder struc-
ture. The encoder down-samples the input image, captures its context, and
outputs a tensor containing information about the object, its shape, and size.
The decoder which has up-sampling layers takes this information and pro-
duces segmentation maps using transposed convolutions. This up-sampling
process makes the network’s output the same size as the input image achieving
pixel-level segmentation. The bottleneck section mediates between the enco-
der and decoder sections. It uses skip connections to concatenate the inter-
mediate outputs of the encoder with the inputs to the intermediate layers of
the decoder at appropriate positions. This concatenation process enables the
precise localization of the target objects. The U-Net architecture is described in
Figure 5.

Mask RCNN for instance segmentation

Mask Region-based CNN takes an input image and outputs a bounding box,
label, and the corresponding mask (He et al. 2018). It is an extension of the
Faster RCNN model, which has two outputs for each candidate object, a class
label and a bounding-box offset (Ren et al. 2017). Mask RCNN adds a third
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Figure 6. Proposed Mask RCNN model architecture.

branch that outputs the object mask, decoupling class prediction and mask
generation. This makes it an effective algorithm for more challenging instance
segmentation tasks. The architecture of the proposed Mask RCNN model is
illustrated in Figure 6.

Backbone: CNN backbone architecture is used to extract features from an
input image. The proposed Mask RCNN uses ResNet50 and ResNet101 for
feature extraction. The extracted features act as an input for the next layer.

Region Proposal Network (RPN): The RPN is applied to the feature maps
from the previous step and outputs a set of object/region proposals i.e.,
Regions of Interest (ROIs), each with its objectness score. RPN uses a sliding
window over the convolutional feature maps producing anchor boxes of
different shapes and sizes to generate region proposals. Then, for each anchor
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box, the RPN predicts the probability that an anchor is an object. Using the
non-maximum suppression technique, the RPN refine anchors with a high
objectness score and suppress or reject all other boxes.

Regions of Interest Align: Both Rols and their corresponding feature maps
from the previous step are passed through the Rol Align layer which converts
them to a fixed shape and size. Rol Align uses binary interpolation to generate
a small feature map of fixed size (e.g., 7 x 7) from each Rol. The Rol Align layer
properly aligns the extracted features with the input and accurately maps Rols
from the original image onto the feature map without rounding up to integers.

Fully Connected Layers: On top of the fully connected network, a softmax
layer is used to predict classes in the image. A linear regression layer is also
used alongside the softmax layer to output bounding box coordinates for
predicted classes.

Fully Convolutional Network: The output of the ROI Align layer also goes
separately to the convolutional layer to predict the masks. This network takes
an Rol as input and outputs the m*m mask representation. The mask shape is
normally 28 x 28.

Training phase

U-net: Hyperparameters tuning and network training
A Keras U-Net architecture was used in this implementation to develop
a T. absoluta semantic segmentation model. We set 32 convolutional filters
in the initial convolutional block which will be doubled after every block while
setting 4 total number of layers in the encoder path. To increase the conver-
gence rate of the architecture to our dataset, we use batch normalization for
each layer in our network. Since our problem is binary segmentation, we set
the sigmoid as the activation function in the output layer. All images in our
dataset were rescaled by 1/255 to range (0-1) then resized to 512 x 512 pixels.
Since our training set contains only 969 images which are insufficient to train
the network, we perform random data augmentation to expand these 969
images to train the neural network effectively. The augmentation techniques
include rotation in a range of 5.0 degrees, horizontal and vertical flipping,
width and height shift in a range of 0.05, shear in a range of 40, and the zoom
range of 0.2. When an image is transformed, its corresponding annotation is
transformed in the same way. The generated images with their corresponding
annotation images are shown in Figure 7.

We trained our networks using 200 epochs with a learning rate of 0.01 and
Adam (Kingma and Ba 2014) as the optimization function. The IoU threshold
for minimum detection probability is kept at 0.5.
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original ground truth overlay

Figure 7. Augmented images with their corresponding annotations.

Mask RCNN: Hyperparameters tuning and network training

Two CNN architectures, namely, ResNet50 and ResNet101, were used sepa-
rately as backbone architectures of our Mask RCNN model. Since we ran
inference on one image at a time, we set the batch size to 1 where each batch
has 1 image per GPU. A learning rate, weight decay, and learning momentum
of 0.001, 0.0001, and 0.9, respectively, have been used in this implementation.
The detection minimum probability is kept at 0.7 so that Rols with score larger
than this threshold are kept and below that are skipped. The training was
developed during 200 epochs and the model was evaluated on the validation
set at the end of each epoch.

Loss function

U-Net Loss Function: The U-Net uses a pixel-wise cross-entropy loss that

examines each pixel individually comparing it to the ground truth pixel then

averaged over all pixels. This loss weighting scheme helps the U-Net model

segment tuta mines in tomato leaf images in a discontinuous fashion such that

individual mines can be easily identified within the binary segmentation map.
The loss is defined as

ngml— (yilog(pi) + (1— yp)log(1— py)) 1)

Where
L is the total loss in U-Net.
m is the number of pixels in an image.
i is the index of a pixel.
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y; is the binary indicator i.e. the ground truth or real value of the i-th pixel
whose value is 0 or 1.

log is the natural log.

pi is the predicted probability/value of the i-th pixel. Its value ranges from 0
to 1.

Mask RCNN Loss Function: We define a multitask loss function calculated
as the weighted sum of various losses at each stage of Mask RCNN model
training. This comprises three (3) losses: loss due to classification, regression,
and mask prediction. The regression and mask loss are only applied to positive
examples.

The total loss is defined as

LT - ZLCZS( piagi) + ZgiLreg (tia tl*) + ZgiLmask(mia m;k) (2)

Where

Ly = L({pi}, {t:}, {mi}) is the total loss in Mask R-CNN.

i is the index of an anchor.

pi is the predicted probability of an anchor i being an object.

gi is the ground-truth probability of anchor i. Ground-truth label g; is 1 if
the anchor is positive and is 0 otherwise.

t; = (£, ¢, 1", ') is a vector with the horizontal and vertical coordinates of
the center point and the height and width coordinates of the predicted
bounding box.

t is a vector representing four (4) parameterized coordinates (x,y,h,w) of
the ground-truth bounding box associated with a positive anchor i.

L is the classification loss.

Ly is the regression loss. The term g;L,,, means that regression loss is only
activated for positive anchors (g; = 1) and is disabled otherwise (g; = 0).

Lynask is the mask loss. The term g;L,, means that mask loss is only
activated for positive anchors (g; = 1) and is disabled otherwise (g; = 0).

Results and discussion
Experiment settings

The experiments were conducted on a computer pre-installed with Windows
10 equipped with one Intel® Core™ i7-8550 U 3.6 GHz CPU, Intel® Iris® Plus
Graphics, 512 GB SSD storage and 16 GB memory. Google Collaboratory with
Tesla P100-PCIE GPU and 27GB memory was utilized. Using Python 3, Keras
(Chollet 2017) library with Tensorflow (Abadi 2016) as backend, we imple-
mented our proposed network.
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Method

Training time (minutes)

Mask RCNN-ResNet50

Mask RCNN-ResNet50 with augmentations
Mask RCNN-ResNet101

Mask RCNN-ResNet101 with augmentations
U-Net

653.41
670.57
842,95
853.40
483.50

Apart from detection rates, the efficiency of the model is another important
performance criterion. Table 3 shows the training time in minutes of all
tomato leaves images for each method employed in this study. It can be seen
that the training time of U-Net is 483.50 minutes which is 169.91 and
359.45 minutes shorter than that of Mask RCNN with ResNet50 and with
ResNet101 as backbones respectively. This is because the ResNetl01 has
a more complex structure compared to ResNet50 and U-Net hence longer
training time.
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Figure 8. Training and validation loss curve for Mask RCNN. Loss graph for (a) Mask RCNN-
ResNet50, (b) Mask RCNN-ResNet101, (c) Mask RCNN-Resnet50 with augmentations, and (d)
Mask RCNN-Resnet101 with augmentations.



1120 L. K. LOYANI ET AL.

Loss results

Figure 8 demonstrates the loss diagrams of the proposed model during the
training process of the Mask RCNN model. The training and validation losses
were estimated after each training epoch. As the training process progresses,
the value of training loss rapidly decreases, followed by validation loss. As
revealed in Figure 8 (a) and (b), the validation loss starts to display an upward
trend after several epochs while the training loss continues to decrease,
suggesting overfitting of the model. We select the last epoch that did not
overfit. Then we retrain the network with augmentation techniques described
in Image pre-processing section keeping a record of the total loss. A shown in
Figure 8 (c) and (d), the loss function monotonically decreases during the
training phase. At the end of the training, the losses are stabilized, indicating
that our proposed model learns and segments the tuta mines well without
overfitting.

On the other hand, Figure 9 illustrates the training loss curve of U-Net with
200 epochs. We can see the losses dropped rapidly during early training
iterations then start to stabilize at about 50 epochs which implies that the
model fits well on the features of our dataset at early and later stages of the
training process. In theory, the U-Net model has the best performance since it
eventually obtains the lowest loss value compared to Mask RCNN.

Evaluation metrics

In this paper, we analyzed the quality of the semantic segmentation results of
our model using Intersection over Union and dice coeflicient. On the other
hand, precision, recall and mAP are the performance metrics selected for
validation of the proposed instance segmentation model.

loss over epochs

0.08 — loss
val_loss

.|
M,

002 Aad o VST

0 % 50 7 100 125 150 175 200
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Figure 9. Training and validation loss curve for U-Net.
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The equations for evaluating the proposed semantic segmentation model

are shown in Eqs 3 and 4.

OverlappingArea
foU = UnionArea (3)
DiceCoeffcient = g 2 npection @

Figure 10 shows the results of the metrics used to evaluate the performance of
the proposed model based on U-Net architecture. The model achieved satis-
factory accuracy in segmenting T. absoluta’s mines in tomato plants. As
shown, the U-Net model obtained a dice coeflicient and an IoU of 82.86%
and 78.60% respectively. The value of the dice coeflicient is usually greater
than that of IoU in the same segmentation performance. Some examples of the
segmentations carried out by the proposed U-Net model are shown in
Figure 11. As can be observed, the model generates precise segmentations of

tuta mines in tomato plants.
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Figure 10. The evaluation metrics results for the semantic segmentation model. (a) loU for U-Net.

(b) Dice Coefficient for U-Net.
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Figure 11. Examples of segmentations carried out by the proposed U-Net model.
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Precision: measures the percentage of correct positive predictions among
all predictions made. Recall: measures the percentage of correct positive
predictions among all actual positive cases. The two metrics are calculated
as follows:

o . _ TP
Precision = 75 55 (5)
Recall = TP?;N (6)

Where

TP is the number of positive samples correctly predicted to be positive, i.e.,
the number of correctly detected tuta mines.

FP is the number of negative samples that are wrongly predicted as positive
i.e the number of falsely detected tuta mines.

FN (False Negative) is the number of negative samples that are correctly
predicted as negative. i.e the number of missed tuta mines.

Mean Average Precision: is used as the primary evaluation metric to
measure the quality of the segmentations obtained by the model. It provides
the average precision of object locations in all predictions matching ground-
truth objects giving each object equal importance.

mAP is defined as

mAP = L3~ AP (7)

Where

mAP is the mean Average Precision of all classes.

AP is the Average Precision.

> AP is the sum of the Average Precision values.

N is the number of all classes.

The area under the Precision-Recall (PR) curve which defines the Average
Precision (AP) can be used to summarize the performance of a segmentation
model; the x-axis being recall and the y-axis being precision. We set
a threshold of IoU = 0.5 at which any segmentation with a score lower than
this value is treated as a FP. As shown in Figure 12 the PR curve is mono-
tonically decreasing which is what we want for better performance. The
precision of a detector with good performance remains high as recall increases,
which means it will detect a high proportion of TP before it starts detecting FP.

Table 4 summarizes mAP values measuring the performance of the pro-
posed methods in detecting and segmenting tuta mines on tomato images. The
mAP value of Mask RCNN-ResNet50 with augmentations is as high as 85.67%,
achieving the highest detection rates on tuta mines in tomato plants compared
to other methods. As can be seen from the table, the performance of Mask
RCNN-ResNet50 and Mask RCNN-ResNetl01 are relatively poor with an
mAP of 81.01% and 81.09% respectively, possibly because of the complexity
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Precision-Recall Curve. AP@50 = 0.967
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Figure 12. The Precision-Recall Curve.

Table 4. The mAP (primary metric) values of the tomato
images obtained by different detection methods.

Method(s) mAP (%)
Mask RCNN-ResNet50 81.01
Mask RCNN-ResNet50 with augmentations 85.67
Mask RCNN-ResNet101 81.09
Mask RCNN-ResNet101 with augmentations 82.72

Figure 13. Examples of segmentations carried out by the proposed Mask RCNN model.

of backbone architectures to train on an insufficient amount of data. Examples
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of segmentations performed by the proposed Mask RCNN model are shown in
Figure 13. As can be observed, the model could detect even the smallest tuta
mines on tomato leaves.

Conclusion and future work

This paper aimed to tackle the problem of accurately segmenting T. absoluta’s
damage on tomato plants at their early growth stage. To address this problem,
this novel work proposed deep CNN models based on U-Net and Mask RCNN
architectures which are used for automatic semantic and instance segmenta-
tions, respectively. The experimental results indicate that the Mask RCNN-
ResNet50 model performs best in segmenting tuta mines in tomato leaf
images, achieving an mAP of 85.67%, while the U-Net model obtained an
IoU of 78.60% and a dice coefficient of 82.86%. Both proposed models were
very precise in segmenting the shapes of the areas infected by T. absoluta in
tomato leaves. This demonstrates that deep learning is the promising techno-
logical approach for fully automatic and early determination of T. absoluta’s
damage. This novel work contributes to the body of knowledge and can help
farmers and extension officers to make informed decisions that could improve
tomato productivity and rescue farmers from the losses they incur annually.

However, it is worth noting that there are some limitations to this study.
The experiments used insufficient annotated dataset size that considered
T. absoluta only, leaving out other pests and diseases and also had a limited
computing power, factors that may affect the performance of the model. Even
though this study has achieved excellent segmentation results, adding more
annotated data could further improve the performance of the proposed
models.

In the future, we expect to develop a CNN quantification model and
decision support system that will be deployed in a mobile or computer to
enable farmers and extension officers to make intelligently informed decisions
on how to control the pest. The system will be able to count the leaves,
determine the extent of damage and suggest actions to be taken such as
Integrated Pest Management (IPM) techniques to control the pest based on
the estimated severity. To facilitate further research in diagnosing T. absoluta’s
damage to tomato plants, the dataset associated with this work is freely
available to the research community and can be accessed at the open access
repository (Rubanga et al. 2020).
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