INTERNATIONAL JOURNAL OF INTEGRATED
ENGINEERING
ISSN: 2229-838X  e-ISSN: 2600-7916 I]IE

Vol. 16 No. 3 (2024) 166-180
https://publisher.uthm.edu.my/ojs/index.php/ijie

MobUNet: Utilizing Deep Learning for Segmenting
Cucumber Leaves

Nurul Amirah Mashudi'*, Norulhusna Ahmad?, Suriani Mohd Sam?, Norliza
Mohamed?, Hazilah Mad Kaidi?!, Norliza Mohd Noor!

1 Faculty of Artificial Intelligence,
Universiti Teknologi Malaysia, Kuala Lumpur, 54100, MALAYSIA

*Corresponding Author: amirahmashudi@gmail.com
DOI: https://doi.org/10.30880/ijie.2024.16.03.016

Article Info Abstract
Received: 2 August 2024 Plant image segmentation is challenging due to overlapping leaves and
Accepted: 11 October 2024 complex image backgrounds. Consequently, the segmentation model

Available online: 3 November 2024 has some challenges recognizing the leaves, further affecting the
segmentation performance. This study proposes a deep learning
method called MobUNet, using U-Net, and employs MobileNetV2 as an
encoder to overcome the problems for cucumber leaf segmentation.
Deep learning, image segmentation,  Around 145 leaf images with complex backgrounds are collected at the
cucumber leaf segmentation, U-Net,  cucumber farm and annotated for ground truth data. The experiment
MobileNetV2 uses the ratio of 80:20 for training and testing sets, and some
hyperparameters are modified to achieve a good segmentation result.
The segmentation results are subject to several metrics: accuracy, Dice
score, IoU, Dice loss, Jaccard distance, and Hausdorff distance. The
experimental results for segmentation accuracy, Dice score, and loU
were 93.23%, 91.30%, and 85.03%, respectively. An analysis was
conducted to create a benchmark in segmentation performance,
utilizing the U-Net baseline, MobileNetV1, and MobileNetV2, which use
the same dataset. Despite the complex background, MobUNet can
successfully segment the cucumber leaf images compared to the other
models. The MobUNet showed the closest Hausdorff distance value to
the origin point, measuring at 0.0001; hence, it demonstrates high
quality and accuracy in the segmentation.
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1. Introduction

Cucumbers have been essential for human diets for thousands of years, providing a refreshing and nutritious
snack. In addition, cucumber plants are an essential agricultural commodity due to their intense farming style
(fast-growing plant) that yields a harvest that can provide a substantial income to the farmers if done correctly.
However, the plant is quickly succumbing to various diseases that will undoubtedly affect farmers’ income.
Innovative and long-lasting solutions are required to address the problems associated with farming, such as pests,
diseases, and changing climates. Cucumber leaves play a crucial role in the plant’s growth and photosynthesis.
Conventional methods for monitoring and analyzing the structure and health of cucumber leaves, on the other
hand, are time-consuming and frequently subjective [1]. Hence, image analysis and computer vision provide more
accurate and efficient leaf segmentation. Moreover, deploying a drone or a mobile phone to capture, analyze, and
monitor leaf images can indicate the effectiveness of edge computing.

The development of imaging methods has led to their widespread use in various fields, including geoscience
[2], smart farming [3], and remote sensing [4]. Non-destructive plant phenotyping techniques based on computer
vision hold great promise, automatically capturing features with minimal human intervention [5]. On the other
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hand, image analysis of various plant organs is the primary focus of computer vision-based research projects to
track plant development, study plant anatomy, and identify plant diseases. Leaves, more than any other organ,
reveal the progress of vegetation and allow us to track its developmental phases. Parameters like leaf area, leaf
shape, leaf count, and others provide insight into important aspects of plant biology and physiology, such as
respiration, nutrition, and photosynthesis [6], [7].

Recent plant morphological trait analyses have been widely employed to learn how different species react to
biotic and abiotic environmental conditions. As a result of several ongoing initiatives, information on
morphological traits continues to be transcribed into various forms useful in ecology and earth system studies [8].
Most past procedures used to determine morphological traits have been labour-intensive and time-consuming,
requiring specialized tools and experts. Today, several applications, such as Leaf] [9] and Easy Leaf Area [10], can
analyze digital images of leaves, identify the outlines, and classify the shapes.

Deep learning is a cutting-edge technology that can automatically identify different aspects of an image,
making it useful for tasks such as segmentation. However, plant inherent and environmental limitations make leaf
segmentation challenging [5]. Environmental factors such as changing illumination, shadows, and blurring from
the wind can increase the difficulties that exist in plants, such as textural variation, changes in leaf shapes and
sizes, a prominent vein on the leaf, and overlapping leaves [11]. Thus, most researchers developed deep learning
models based on convolutional neural networks (CNN) architecture to tackle these challenges.

This study focuses on the limited dataset initially captured by the researchers using a mobile device at a
cucumber farm in Malaysia. Hence, it has not been utilized to train any deep learning models. The acquisition of
this cucumber leaf data is of utmost importance to obtain significant conclusions and facilitate well-informed
decision-making. Identifying cucumber plant components, like its leaf, necessitates using robust object detection
and image segmentation techniques [12], [13].

Despite the significance of Hausdorff distance in providing a robust, global, and boundary-sensitive evaluation
of image segmentation quality, it has received relatively less attention from researchers. Several studies
conducted in the domain of segmentation quality evaluation tend to prioritize measures such as intersection over
union (IoU) and Dice coefficient, which are well-acknowledged and understandable. However, the limited use of
Hausdorff distance might be attributed to its high computing burden and perceived complexity despite its ability
to provide crucial data regarding the spatial accuracy and shape fidelity of segmented regions.

This paper aims to develop a deep learning model based on U-Net architecture and MobileNetV2 as the
backbone to support the cucumber leaf segmentation process. The significant contributions of the paper are as
follows,

e This paper proposed a segmentation method, MobUNet, for cucumber leaf segmentation using a

MobileNetV2 encoder with U-Net architecture.

* The MobUNet validates the performance of the primary dataset captured at the cucumber farm in Banting,

Selangor, Malaysia.

¢ The MobUNet evaluates the performance based on segmentation accuracy, Dice coefficient score, and IoU

and measures the segmentation quality using Hausdorff distance, Jaccard distance, and Dice loss.

The following sections organize the paper: Section 2 presents the related work of leaf segmentation and
detection using deep learning methods. Section 3 explains the proposed method for cucumber leaf segmentation
and the materials used to perform the analysis. Section 4 discusses the experimental results on the performance
of segmentation, including the quality of the segmentation of the proposed method. Lastly, Section 5 concludes
the overall paper and future works.

2. Related Works

Some researchers have recently produced numerous leaf segmentation and identification systems. Deep Leaf’s
new deep learning method performed leaf detection and pixel-wise instance segmentation using Mask Region
CNN (MRCNN) [8]. The study has improved the architecture of ResNet-50 and ResNet101 to achieve the
robustness of Deep Leaf. A novelty of semantic segmentation based on a modified U-Net using VGG was proposed
in [14] to improve the weed segmentation from the soil and crops. The image labelling process was one of the
challenges in the study due to the complexity of the weeds. Hence, image augmentation is needed to produce more
weed images.

A leaf disease is essential to tackle the problems in vegetation systems. A combination of U-Net and
DeepLabV3+ was proposed for a complex segmentation of cucumber leaf disease [15]. The purpose of
DeepLabV3+ is to remove the complex background on the leaf images using the feature fusion technique. Another
hybrid method using CNN and Watershed was developed based on pixel-wise instance segmentation [16] to detect
and identify leaves in greenery settings. The proposed method was compared with MRCNN to achieve a significant
image segmentation benchmark.

A modified U-Net (MU-Net) based on the MultiResUNet structure was proposed to calibrate leaf disease
images [17]. Combining Resblock with Respath increases network depth and expression. The author combines
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these two structures to work with leaf segmentation efficiently. Bhagat et al. have proposed Eff-Unet++ by
employing EfficientNet-B4 as an encoder and decoder to analyze the leaf segmentation and counting [5]. The
improved skip connections reduced the computational complexity. In addition, the lateral output layer aggregates
the decoder’s low-level to high-level features for better segmentation.

The MRCNN was used as a segmentation method to remove the background and extract features of the
overlapping leaves on the images [18]. First, the study analyzed the leaf images based on the maximum epoch,
learning rate, momentum, and training time. Then, the author implemented VGG-16 for classification to achieve
classification accuracy. A study in [19] developed a lightweight U-Net based on the conventional U-Net, called a
lightweight multi-scale extended U-Net (LWMSDU-Net), for leaf disease image segmentation. Generally, the
method has subnetworks for encoding and decoding, which the sub-network encodes using multi-scale extended
convolution and decodes using a deconvolution model. Then, it fuses the input image’s shallow and deep features
using the residual link between the two modules.

Guo et al. in [20] have employed the MRCNN as proposed in [8], [16], [18] based on dual-attention guided
mask (DAG-Mask), mask assembly, and mask refining modules. The study achieved significant Dice score results
for leaf segmentation using the LSC dataset. Ngugi et al. [21] have proposed a new deep learning method,
KijaniNet, which uses a multi-scale encoder based on SegNet and U-Net. SegNet was presented for distributed
mobile apps that perform inference on the mobile device, whereas KijaniNet is best for centralized processing. An
unsupervised image segmentation fusion was adopted in [22] to tackle the problems of plant leaf segmentation.
The authors adopted three algorithms: k-means, self-organizing map (SOM), and fuzzy c-means (FCM) based on
the g-calculus and maximum mutual information to find the Dice, Jaccard, Manhattan, and fusion time. Table 1
summarizes the research gaps concerning methods used and limitations in the state-of-the-art. In addition, several
limitations are considered for the method used in this study.

The U-Net architecture was introduced by Ronneberger et al. [23], contributing significantly to semantic
image segmentation. The U-Net architecture includes contracting and expanding paths with skip connections. It
has proven highly successful in capturing fine details and general context, especially in medical image analysis.
Conversely, the MobileNetV2 model [24] has played a crucial role in efficient mobile and embedded vision
applications. The depthwise separable convolutions of this architectural design, which effectively minimize
computational complexity without compromising performance, render it highly suitable for environments with
limited resources.

MobUNet takes advantage of the weaknesses of U-Net in high memory consumption during the training phase.
Therefore, MobUNet employs MobileNetV2, which was developed specifically for efficient mobile applications that
lower power consumption in the training phase and improve the performance of cucumber leaf segmentation.
Both models have inherent advantages and disadvantages, and the selection between them is contingent upon the
specific needs of the application and the computing resources that are accessible.

Table 1 Summary of the research gaps from the literature

Authors

Method

Advantages

Limitations

Triki et al. [8]

Zouetal [14]

Wang et al. [15]

Vayssade et al. [16]

MRCNN, ResNet-
50, ResNet-101

Modified U-Net:
VGG&

DeepLabV3 and
U-Net

CNN +
Watershed

The model employed the
Mish activation function
instead of ReLU, improving
information propagation and
reducing training error.

The model was simplified to
eliminate redundant layers,
improving segmentation
accuracy, network speed,
and efficiency.

Combining DeepLabV3+ and
U-Net reduced parameters
significantly. Only 6.67% of
the DeepLabV3+ network’s
parameters were merged,
making it suitable for limited
resources mobile devices.
The method supported
mixed-species plant images
and natural light images.

A vegetation index and
watershed algorithm

Excluding leaves with missing
parts from the analysis.
Limited data resources.

Longer training time for
segmentation.
Limited data resources.

Segmentation errors occur,
especially for small targets.
Training time took longer and
needed optimization.

No contributions to each block in
the network.

Data augmentation is needed to
increase the number of images.
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Zhangetal. [17]

Bhagat et al. [5]

Yang et al. [18]

Xuetal [19]

Guo et al. [20]

Ngugi et al. [21]

Nikbakhsh et al. [22]

MU-Net

Eff-Unet++

MRCNN

LWMSDU-Net

LeafMask

KijaniNet

Clustering: k-
means, SOM,
FCM

improved segmentation
output.

MU-Net segmentation was
enhanced with Resblocks
and Respaths, which boosts
training and feature
extraction.

The modified UNet++
architecture’s redesigned
skip connections preserve
information while reducing
computational demands.
The pixel-level recognition
and extraction of object
regions from the
background generate Mask
R-CNN for leaf segmentation,
which requires exact
contour and shape data.
The VGG16 model used with
Mask R-CNN has fewer
parameters and depth than
VGG19 and Inception
ResNetV2, making it better
for training with limited
datasets.

The model outperformed
Grabcut and the Otsu
segmentation algorithm in
leaf image segmentation
with a misclassification
error (ME) of 1.15%.
Capturing global and local
features in the DAG-Mask
branch optimizes data
expression and
segmentation for small and
large leaves.

More accurate leaf masks,
especially at the edges, are
produced by this module’s
adaptive selection of points
atleaf borders and
computation of sharp
boundaries to prevent noise
effects.

Despite its better
performance, KijaniNet used
less memory than U-Net as it
does not require extra
memory for copy and
concatenate operations.
The method

worked effectively for
segmenting plant leaves
from complex backgrounds.
The method effectively
integrates the results of
several segmentation
methods, including fuzzy c-

The model needs additional testing
and optimization to be lightweight.

The model is not suitable for
maximum leaf occurrences in
unknown data.

The model is not working for real-
time applications.

Some optimizations are needed for
the edge-computing version.

The model works only for one type
of plant phenotype.

The background removal needs to
be worked out.

The method does not work for
lightweight devices.

The study focused on the lighting
variations only, not the leaf shapes
and sizes.
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means, SOM, and k-means in
various colour spaces and
parameters, improving
segmentation robustness.

3. Materials and Method

3.1 Image Acquisition

This study selects cucumber leaf images captured at the KMK Agro Global Sdn Bhd farm in Banting, Selangor,
Malaysia. The images were captured in early 2022 using two types of mobile devices: iPhone 13 Pro Max and
Huawei Nova 4e. The images captured with these devices were saved in JPG format with a resolution of 3024 x
4032 and 2448 x 3264, respectively. Moreover, only 145 images were captured using both devices, and no data
augmentation techniques were employed for segmenting cucumber leaves to ensure the evaluation was based
only on the original dataset. Figure 1 shows the image collection of cucumber leaves in various forms with complex
backgrounds. The cucumber leaf images have disease spots on some leaves, which can be used for leaf disease
segmentation and classification. However, other researchers can employ this dataset to identify the leaf shapes
and sizes.

Fig. 1 A collection of cucumber leaves

3.2 Image Annotation

The dataset must be labelled before performing MobUNet segmentation. This study used RoboFlow to create
annotations on leaf images. RoboFlow is a cloud-based environment used as a pipeline for developing artificial
intelligence to help researchers or scientists develop training and testing images [25], [26], [27]. RoboFlow gives
users some alternatives for pre-processing, augmentation, and exporting. The annotation processes in RoboFlow
are straightforward: using a bounding box to draw a rectangle annotation, a freeform polygon tool to get a precise
shape or a smart polygon tool that works as an intelligent assistant. This study employed a smart polygon tool, as
in Figure 2, to annotate leaf images containing complex backgrounds. Image annotation aims to create a ground
truth dataset for leaf segmentation.

3.3 Model Training

This study uses Google Colaboratory Pro, or Colab Pro for short, as a software platform to execute the MobUNet.
Colab is a research initiative that uses a graphic processing unit (GPU) and tensor processing unit (TPU) for
machine learning and data analysis using Python language without complex configuration [28]. Some libraries are
available in Colab, such as Keras, PyTorch, Apache MxNet, OpenCV, XGBoost, GraphViz, and fastai. All dataset is
stored in Google Drive and mounted on the drive to retrieve via Colab Notebooks. Colab Pro aims to work faster
with high GPU and RAM in this study. Thus, it can avoid any interruption during the analysis. The hypermeters
used in this study are an input size of 512 x 512, batch size of 24, a thousand of buffer size, 60 epochs, and Adam
optimizer.
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Fig. 2 Image annotation on leaf images using RoboFlow

3.4 Segmentation Performance Evaluation

The Dice coefficient score validates the pixel-wise consistency between a predicted segmentation and ground
truth and measures the similarity of the leaves based on the predicted mask and ground truth mask. It divides the
total of the two objects by the size overlapping in the segmentation. The Dice coefficient score computed in
Equation 1 shows that two binary vectors, A and B, represent the truth and the classification result.

2|A- B|
Dice(A,B) = ———— (1)
|Al| B
Furthermore, this study also measures Dice loss. Dice loss solves the imbalance between foreground and
background but ignores the imbalance between easy and hard instances, negatively impacting learning model
training. The formula is stated as follows,

DiceLoss =1 — Dice (2)

Accuracy is used in this study to determine the performance of leaf segmentation. Accuracy examines all
image pixels and assigns a score of 1 if the pixel is correctly predicted and 0 otherwise. Thus, the indicator function

can quantitatively express it in Equation 3, where 4; is all elements considered, and B; is the accuracy equal to 1.
n

1
Accuracy = - E L(a,=B)) (3)
i=0

The Jaccard score, also known as IoU, is similar to the Dice coefficient score, where the area of the overlap
divides the sum of the sample sets. It is a formal measurement concept that emphasizes similarities between
limited sample sets. This study also calculates Jaccard distance as an optimization metric of iris segmentation.
Equation 4 and Equation 5 state the formula of IoU and Jaccard distance.

|A- B| |A- B|
VA B) = frea(d, BY ~ JATT 1B — |4 B| )

JD = (1—IoU) x 100 (5)

The Hausdorff distance quantifies how close each point in a model set is to an image set and vice versa [29].
Therefore, this distance can be used to evaluate the similarity of two overlapping objects. Millimetres or voxels
measure the average Hausdorff distance between the ground truth and segmentation voxel sets. The following
formula shows the average Hausdorff distance for image segmentation,
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AHD(A,B) = (% + %) =2 (6)

A, is from ground truth to predicted segmentation, B, from the predicted segmentation to ground truth, A denotes
the number of voxels in the ground truth, and B denotes the number of voxels in the segmentation.

4. System Model

Figure 3 shows the system flowchart implemented for the MobUNet segmentation method. The process begins
with input leaf images for data labelling, performed using RoboFlow as described in Section 3.2. This study
employed semantic segmentation to provide more accurate and comprehensive cucumber leaf recognition. The
MobUNet was trained by processing the pixel label image. It offers data storage for training MobUNet using ground
truth data as input. The training data contribute to 80% of the total image, while the remaining 20% of the leaf
images are allocated for testing. By allocating 80% of the leaf image for training, MobUNet has sufficient
information to learn from, resulting in improved generalization. The remaining 20% offers enough data to test the
MobUNet, providing its statistical validity.

Alternative splits, as compared to an 80:20 split, possess drawbacks. Although a 90:10 split yields a larger
training set, it also reduces the test set, resulting in less accurate evaluation results and an overestimation of the
performance of MobUNet. On the other hand, a 70:30 split provides a smaller training set, which may lead to
underfitting, but it also provides a larger test set, improving the robustness of performance evaluation. Therefore,
the 80:20 split is preferred because it achieves a compromise between having enough training data to create a
robust model and maintaining a large test set for accurate performance evaluation. It also serves to reduce the
risks of overfitting and underfitting. This study examines the performance evaluation of cucumber leaf
segmentation using metrics such as the Dice score, IoU, and accuracy. In addition, the Dice loss and Hausdorff
distance were computed as supplementary metrics to evaluate the performance of MobUNet.

e N s N

Input leafimage —>  Data labeling

:

4 N\ 4 N

Training and Testing
Data <+— Image Datastore

A S A J

.

MobUNet Model Validation

Segmentation and Evaluation
S S

Fig. 3 System flowchart of the MobUNet segmentation method

4.1 U-Net

U-Net is a fully convolutional network (FCN)-inspired semantic segmentation network with the same network
architecture. Ronneberger et al. proposed the U-Net [23], in which the image can either be a single channel or
three channels with an input size of 512 x 512 to the network. Two good options for constructing the whole
network are an encoding-decoding architecture or a contraction path with an expanding path. Each step of the
contraction path relies on a pair of feature-extracting with 3 x 3 convolutions. The feature map is matched and
fused with the contraction path at each step of the expansion path, which involves up-sampling the feature map.

Specifically, the U-Net networks employ higher-resolution, shallower layers to address the pixel positioning
problem, while the network’s deeper layers are employed to address the pixel classification problem. Hence, U-
Net can reliably segment pixels. However, a detection method is required for each area centred on a pixel. As a
result, redundant activities arise when major areas overlap, which may cause a cascade of issues, including poor
performance and quality.

4.2 MobileNetV2

MobileNetV2 was proposed in [24] to incorporate inverted residual with linear bottleneck modules to improve
upon its predecessor. MobileNet was built using depthwise convolution as its foundation [30]. Figure 4 shows that
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the conventional 2D convolution employs depth-based channel convolving to process all input channels directly
and generate a single output channel. This approach facilitates a comprehensive analysis of the input data by
integrating information from all input channels. The depthwise convolution works by decomposing the input
image and the filter into a series of channels and then convolving each with the matching filter channel. Filtered
output channels are generated and then stacked back.

To merge the stacked output channels into one channel, the separable depthwise convolution first filters the
stacked output channels using a 1 x 1 convolution, also known as pointwise convolution. The convolution
operation (Conv) comprises moving a kernel filter over the input data to generate feature maps. With convolution,
local patterns and spatial structures can be found in data, like edges, textures, and objects in images. The
depthwise separable convolution generates the same result as the regular convolution but is more efficient due to
fewer parameters. MobileNetV1 features 28 convolutional layers, with an output size of 7 x 7 x 1280 pixels,
considering the depthwise and pointwise convolution of two different layers. This study applied the Rectified
Linear Unit (ReLU) to provide computational efficiency and non-linearity to the MobUNet, which can be computed
as f(x) = max (0, x).

Figure 4 presents MobileNetV2, which contains several convolution blocks with a skip layer connection. Skip
connections offer additional paths for the gradient to propagate through a neural network. During the
backpropagation process, these paths facilitate the transmission of gradients across the network, hence helping
to adjust the weights associated with earlier layers.

Stride = 1 Stride =2

Conv 1X1, Relu Conv 1X1, Relu
v v
Depthwise 3x3, Relu Depthwise 3x3,
7 Stride=2, Relu
Conv 1x1, Linear v
v Conv 1x1, Linear
Add

Fig. 4 MobileNetV2 layers

Figure 5 illustrates the standard convolution operation. Let I represent the input image with dimensions a x
b, and let x denote the number of channels. For RGB images, x equals 3, whereas for grayscale images, x equals 1.
Let y represent the number of filters with dimensions a; x b; According to [31], after performing the standard
convolution operation, the image size will be a, x b,, with a depth of y. The multiplications required for standard
convolution can be represented as C,,.

In the context of depthwise separable convolution, the convolution operation is partitioned into two separate
operations: depthwise convolutions and pointwise convolutions. Figure 6 illustrates the depthwise separable
convolution operation. Each filter is applied to a different channel of the input image one at a time. It creates an
intermediate image, that is a, x b, and has a x-depth. The multiplications required for depthwise convolution can
be represented as Cj.

The pointwise convolution operation takes the intermediate image as its input. The convolution operation in
pointwise convolution employs a filter size of 1 x 1. When a certain number of filters with dimensions 1 x 1 are
employed, it produces an output image with dimensions a, x b,x y. The number of multiplications required for
pointwise convolution can be represented as C,,.

Chp=0a1 Xb XxXasXby Xy (7)
Cyg=a1 xby XxxTxXazXbs (8)
Cp=asxbyxzx1x1lxy 9)
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X @ B y
b — Eb—’ by
1

a a ap

Fig. 5 Standard convolution

Depthwise Convolution

Pointwise Convolution

X @ T y
by——> Vi —» by

C

ap 1 a

Fig. 6 Depthwise and pointwise convolution

The MobileNetV2 model belongs to the MobileNet family and is known for its improved speed compared to
the MobileNetV1 model. MobileNetV2 has two extra functions than MobileNetV1. MobileNetV1 and MobileNetV2
allow 224 x 224 x 3 images. The input images in the dataset are thus resized and cropped to 224 x 224 pixels.
After the initial convolution layer with 32 filters, MobileNetV2 adds nineteen inverted residual bottleneck layers,
and the entire process is capped off with a pointwise convolution that yieldsa 7 x 7 x 1280 pixel output. Residual
blocks use skip connections to send information to the network’s deeper layer.

As a result, the beginning and ending layers of a standard residual block often have more channels than the
middle. In contrast, the inverted residual block used in MobileNetV2 has much fewer parameters than the
standard residual block since the connected layers have fewer channels than the middle layers.

4.3 Proposed Model: MobUNet

This study carries out cucumber leaf segmentation using the proposed method: MobUNet, in which MobileNetV2
was employed as an encoder or contracting path for the baseline of U-Net. Figure 7 presents the MobUNet
architecture, which downsamples MobileNetV2 and then upsamples the U-Net. The upsampling path combines
the feature map with the skip connection generated during the downsampling path. These skip connections
upsample local information to global information. Based on the explanations of U-Net architecture in the previous
section, U-Net consists of three parts: the contracting path (downsampling), the bottleneck, and the expanding
path (upsampling).

Table 2 summarizes the MobUNet network layers, in which the input and output feature maps are 512 x 512
x 3. The first step, depthwise convolution, convolves each channel to generate an intermediate result separately.
Hence, the pointwise is the depthwise convolution shape multiplied by the number of filters. Each feature vector
is then mapped to the required number of classes in the final layer using a 1 x 1 convolution. MobileNetV2 is less
complex to fine-tune because it has fewer parameters in the model. The model converges substantially more
quickly when a pre-trained encoder is used instead of a non-pre-trained model. A pre-trained encoder achieves
higher performance than a model without a pre-trained encoder.

Traditionally, U-Net models have utilized heavy backbones such as VGG16 or ResNet, which, while powerful,
require substantial computational resources and are less practical for deployment in environments with limited
processing capabilities. MobUNet stands out by incorporating MobileNetV2, a lightweight network designed for
efficiency. MobileNetV2 uses depthwise separable convolutions, which split the standard convolution into two
distinct operations: depthwise convolution, applying a single filter per input channel, and pointwise convolution,
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which combines these channels. This approach significantly reduces the number of parameters and the overall
computational load, making the model much more efficient.

Conv 3 x 3, ReLu
256 x 256 X 96

=
©

bl
©
n
o

el
©
n
o~

rA
]

Conv 3 x 3, ReLu
256 x 256 x 160

D
Inutimage % - = é E Output image
512 x 512 x 3 \ = c 2 512 x 512 x 1
* H
8 & 58
8 8 3
\ z > B /
3 o
x = >
3 3 3 —> Concatenate
\ / ——>» Maxpooling
—> Upsampling
Fig. 7 Proposed MobUNet architecture for cucumber leaf segmentation
Table 2 MobUNet network layers
Layer (Type) Output Shape Parameter Connected to
input (InputLayer) 512x512x3 0 [
256 x 256 x 96
128 x 128 x 144
model (Functional) 64 x 64 x 192 1,841,984 [input[0][0]]
32x32x576
16 x 16 x 320
sequential (Sequential) 32x32x512 1,476,608 ['model[0][4]']
concatenate (Concatenate) 32x32x1088 0 ['sequential[0][0]’,
'model[0][3]']
sequential_1 (Sequential) 64 x 64 x 256 2,507,776 ['concatenate[0][0]']
concatenate_1 (Concatenate) 64 x 64 x 448 0 ['sequential_[0][0]’,
‘'model[0][2]']
Sequential_2 (Sequential)& 128 x 128 x 12 516,608 ['concatenate_1[0][0]']
concatenate_2 (Concatenate)& 128 x 128 x 272 0 ['sequential_2[0][0]’,
'model[0][1]']
sequential_3 (Sequential) 256 x 256 x 64 156,928 ['concatenate_2[0][0]']
concatenate_3 (Concatenate)& 256 x 256 x 160 0 ['sequential_3[0][0]’,
'model[0][0]']
conv2d_transpose_4 512x512x1 1441 ['concatenate_3[0][0]']

(Conv2DTranspose)

The integration of MobileNetV2 in MobUNet allows the model to maintain the high segmentation accuracy
characteristic of U-Net while being optimized for low-power, real-time applications. This is a clear departure from
previous works that utilized U-Net with more computationally intensive backbones, as MobUNet achieves similar,
if not better, segmentation performance with a fraction of the computational resources. This makes MobUNet
particularly suitable for deployment on mobile devices or in resource-constrained environments, where
traditional U-Net models would struggle to operate efficiently.

5. Results and Discussion

Table 3 summarizes the simulation parameters used in this study to train MobUNet and other deep learning
techniques. All experiments were performed on Colab Pro with NVIDIA T4 Tensor Core GPUs. Python was the
primary programming language for training the models, with PyTorch and Keras serving as the library packages.
The cucumber leaf dataset has 145 raw and 145 ground truth images stored in Google Drive. This study considers
cucumber leaf segmentation using MobUNet to find the segmentation performance based on several metrics: Dice
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coefficient score, IoU, Hausdorff distance, Dice loss, and Jaccard distance. The cucumber leaf images use 80% of
the training and 20% of the testing sets. The MobUNet analyzed the performance based on 60 epochs, considering
30 initial and 30 fine-tuned epochs.

Table 3 Summary of the simulation parameter

Parameter Description
Dataset Cucumber Leaf: 145 images
Development Platform Google Colaboratory Pro
GPU NVIDIA T4 Tensor Core
Programming Language Python (PyTorch, Keras)
Segmentation Metrics Accuracy, Dice coefficient, IoU, Dice loss,
Jaccard distance, Hausdorff distance
Dataset Ratio Training: 80
Testing: 20
Epochs 60
Initial: 30

Fine-Tuned: 30

5.1 Training and Validation

Figure 8 illustrates the training process of MobUNet: training loss and validation loss, as well as training accuracy
and validation accuracy. The difference expanded rapidly as the training progressed. However, the validation
accuracy remained constant, and there was no further decrease in validation loss. The MobUNet network is
pointed to overfitting and insufficient training samples. Therefore, it is necessary to perform data augmentation
to increase the number of cucumber leaf images.

Training and Validation Loss Training and Validation Accuracy
1.0 1.0
= Training loss
—— Validation loss
0.8 08
306 > 06
) e
2 3
g <
0.4 1 0.4
0.2 1 0.2
— Training accuracy
— Validation accuracy
0.0 T T T T T T T 0.0 T T T T T T T
0 10 20 30 40 50 60 0 10 20 30 40 50 60
Epoch Epoch

Fig. 8 The loss and accuracy during the training process

Input Image

True Mask

Predicted Mask

Fig. 9 Segmentation results: input image, true mask, and predicted mask
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The input image results in Figure 9 showed the input image, the true mask based on the ground truth images
created using RoboFlow, and the predicted mask of MobUNet. Leaf images have a complex background, and many
researchers adopted Mask RCNN [32] to address the challenge of identifying the leaf shapes, textures, colours, and
sizes. The MobUNet can identify the cucumber leaf images; however, some unnecessary masks were identified in
the predicted images due to the complicated backgrounds of the cucumber leaf image. This challenge degraded
the segmentation performance, yet it can be improved during the pre-processing by exploiting threshold and edge
detection.

5.2 Comparison Based on the Metrics

This study analyzed several methods, including U-Net baseline, MobileNetV1, and MobileNetV2, to compare with
MobUNet, as presented in Table 4. The objective was to develop a benchmark by evaluating the accuracy, Dice
score, and loU performance. Despite the limited number of cucumber leaf images in the dataset, the findings
indicated that MobUNet outperformed other methods in accuracy, achieving a rate of 93.23%. Moreover, MobUNet
showed a Dice score of 91.30% and an IoU of 85.03%. On the other hand, the U-Net baseline model yielded the
lowest accuracy results, with a value of 51.02%. Similarly, the Dice score and IoU metrics were relatively low,
measuring 66.11% and 50.62%, respectively.

Table 4 Performance comparison of U-Net baseline, MobileNetV2, and MobUNet on accuracy, Dice, and loU

Methods Accuracy (%) Dice (%) IoU (%)
U-Net baseline 51.02 66.11 50.62
MobileNetV1 75.74 74.47 61.55
MobileNetV2 81.75 79.16 68.16
MobUNet 93.23 91.30 85.03

The comparative analysis conducted in this study demonstrates that MobileNetV2 outperformed
MobileNetV1 in several aspects, as evidenced by previous research [33], [34]. Specifically, MobileNetV2 indicates
significant improvements over its predecessor in the context of cucumber leaf segmentation. The MobileNetV1
model did not achieve an accuracy rate of over 80%, and its Intersection over Union (IoU) score is only 61.55%.
In comparison, MobileNetV2 demonstrates a 6.61% improvement in performance.

The accuracy of MobileNetV2 was seen to increase by 30% to reach a value of 81.75%. However, it should be
noted that this accuracy rate falls below that achieved by MobUNet, which surpasses 90%. The findings of this
study indicate that adopting MobileNetV2 as an encoder in the U-Net architecture can improve segmentation
performance. However, data augmentation and pre-processing methods are needed to improve the segmentation
performance. Furthermore, the complexity of leaf images made the segmentation process challenging. Thus, the
encoder of MobUNet needs to be simplified to fit the features of the segmentation problem better.

Table 5 presents the segmentation quality results based on Dice loss, Jaccard distance, and Hausdorff distance
for U-Net baseline, MobileNetV1, MobileNetV2, and MobUNet. The Dice loss seen in MobUNet indicated a
moderate amount of data loss at 0.0870 due to the imperfect overlap between the two sets of cucumber leaf
images, which prevented the achievement value of zero. However, the data loss of MobUNet is considerably better
than U-Net baseline (0.3398), MobileNetV1 (0.2553), and MobileNetV2 (0.2084) because MobUNet combines the
advantageous features of U-Net, which excels in collecting fine details and contextual data, resulting in improved
segmentation quality.

Table 5 Dice loss, Jaccard distance, and Hausdor{f distance of U-Net baseline, MobileNetV2 and MobUNet

Methods Dice Loss Jaccard Distance Hausdorff Distance
U-Net baseline 0.3398 50.1248 0.5162
MobileNetV1 0.2553 39.3989 0.2650
MobileNetV2 0.2084 33.2269 0.1970
MobUNet 0.0870 15.5950 0.0001

In contrast, the Jaccard distance yields a dissimilarity value of 15.5950, which indicates a significant deviation
from perfect overlap, as the ratio is far from zero. The ratio should closely approximate zero to achieve a near-
perfect overlapping of two sets of cucumber leaf images. Nevertheless, when MobileNetV2 is not utilized as an
encoder for the U-Net model, the Jaccard distance of the U-Net baseline exhibits a much higher dissimilarity value
of 50.1248 in comparison to MobileNetV1 (39.3989), MobileNetV2 (33.2269), and MobUNet. Integrating the
MobUNet model resulted in a considerable improvement in the values.
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Hausdorff distance is mainly used for medical image segmentation. However, Hausdorff distance was
employed in this study to find the nearest point in the other cucumber leaf images. Based on the findings, it can
be observed that MobUNet exhibited the closest Hausdorff distance value to the origin point, measuring at 0.0001.
In contrast, the U-Net baseline recorded a Hausdorff distance of 0.5162, MobileNetV1 reached 0.2650, and
MobileNetV2 achieved 0.1970, indicating that the models were comparatively farther from the origin point. The
findings indicate that MobUNet significantly enhanced its structural aspects, demonstrating high quality and
accuracy in the segmentation. Achieving a low Hausdorff distance indicates that the segmented regions closely
match the reference or ground truth data.

5.3 Comparison with the State-of-the-art Methods

The MobUNet was compared with the state-of-the-art methods in Section 2. In addition, some state-of-the-art
methods were performed for leaf disease segmentation and classification. Fig. 11 shows the performance of
MobUNet with the state-of-the-art methods, considering the accuracy, loU, and Dice scores. Based on the results,
Modified U-Net: VGG [14] showed excellent accuracy at 98.24% compared to other methods, 93.71% for
LWMSDU-Net [19], 93.27% for DeepLabV3 and U-Net [15], including MobUNet at 93.23%, respectively. Although
the MobUNet has the lowest accuracy compared to other methods, the total training time for 60 epochs is only 13
minutes compared to Modified U-Net, which took an hour for 40 epochs, LWMSDU-Net took 5.17 hours, and
DeepLabV3 and U-Net took 7.14 hours for 300 epochs.

The improvement in MobUNet, which combines U-Net with MobileNetV2, is not only due to adding more CNN
layers. However, the improvement is mainly influenced by complementary integration and optimization
methodologies specifically designed for this architecture. The integration between U-Net and MobileNetV2 offers
the practical spatial context preservation of U-Net with the efficient feature extraction of MobileNetV2. For
applications such as image segmentation, it enables easy implementation of robust feature fusion techniques at
various sizes. Furthermore, utilizing specific optimization techniques and customized training methodologies
improves the convergence and generalization of the model. Numerical findings support these assertions by
showing that MobUNet outperforms the separate models in segmentation tasks by expertly combining the
advantages of both architectures. Future research might focus on refining these integration systems and
investigating more architectural modifications to continue improving the performance capabilities of MobUNet.

Modified U-Net employed the VGG network as the backbone architecture for weed images. The upsampling
and combining of the feature layers from the backbone allowed U-Net to recover the details of the missing results.
However, U-Net segmentation durations are longer than other networks due to the complexity of the underlying
architecture. Therefore, the duration of the segmentation process was prolonged with time. However, the
Modified U-Net: VGG showed a slightly lower IoU score at 92.91% compared to KijaniNet [21] at 97.66%.

MobUNet produced a poor IoU at 85.03% compared to other segmentation methods due to a lack of training
and testing data. The performance of MobUNet can increase if data augmentation is implemented in the dataset.
The Deep leaf using Mask RCNN [8] showed 90.5%, the second lowest IoU due to a similar limitation with this
study: a limited number of leaf images. Despite the low result of loU, the MobUNet showed a better performance
using Dice score compared to DeepLabV3 and U-Net [15], CNN+Watershed [16], Eff-Unet++ [5], and LeafMask
[20]. The Dice scores for the state-of-the-art methods were 69.14%, 76.08%, 78.27%, and 90.09%, respectively.
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Fig. 10 Segmentation results with state-of-the-art methods
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6. Conclusion

This study proposes a cucumber leaf segmentation based on U-Net by employing the MobileNetV2 structure as an
encoder. An essential preliminary step is image annotation to achieve better performance. Image annotation was
conducted before applying the MobUNet segmentation method to cucumber leaf images. Based on the findings,
MobUNet achieved better accuracy, Dice score, and loU compared to the other segmentation methods in the
literature and other models conducted in this study: U-Net baseline, MobileNetV1, and MobileNetV2. In addition,
the Hausdorff distance yielded the highest segmentation quality since it showed the closest value to the zero point.

From an agricultural point of view, integrating cucumber leaf segmentation with monitoring systems can
work as an early warning system for undesirable conditions, such as drought stress or nutrient deficiencies.
Damage to crops can be reduced if farmers receive early warnings and can take preventative actions. MobUNet
can also be utilized to detect diseases in plants. The precise segmentation of cucumber leaves enables farmers to
promptly detect diseases during the early stage, such as discolouration, lesions, or wilting. This early detection
allows for specific treatment, preventing diseases from spreading to an entire crop and decreasing crop losses.

In future work, the MobUNet model can capture leaf images using drones to identify the leaf shapes, size,
diseases, and leaf count. In addition, data augmentation and pre-processing methods could be studied to address
the problems on the limited dataset and enhance the segmentation accuracy. The amount of training data can be
expanded to include a more significant number of images and enhance the overall segmentation performance.
Hence, it is also accessible for other computer vision applications.
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