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Coconuts are commonly harvested by judging their maturity based on colour, shape,
timeframe, shaking sound, and other growth characteristics of changes as they grow.
Currently, solutions involving image-processing techniques have substantial challenges
involving the identification of the maturity stages of coconuts. Accordingly, an improved
faster region-based convolutional neural network (Faster R—CNN) model is proposed for
the detection of two important maturity stages for coconuts in complex backgrounds. The
detection of the maturation stages of coconuts for harvesting without human intervention
involves challenges because of the complexity of the environment and the similarity be-
tween fruits and their backgrounds. Images of coconut and mature coconut bunches were
collected from coconut farms. These images were augmented using rotation and colour
transformation techniques. These augmented images were used along with original im-
ages during model training. The Faster R—CNN algorithm with the ResNet-50 network was
used to enhance the detection score of nuts with two major maturity stages. Following
training, the detection performance was tested with a dataset that included real-time
images as well as Google images. The test results showed that the detection perfor-
mance achieved using the improved Faster R—CNN model was greater than that for other
object detectors such as the single shot detector (SSD) you only look once (YOLO-V3) and
Region-based Fully Convolutional Networks (R—FCN). The promising results obtained from
this study provided the motivation to develop an application tool for detecting coconut
maturity from real-time images on farms.

© 2020 IAgrE. Published by Elsevier Ltd. All rights reserved.

1. Introduction

drinking purposes and for commercial nut production. Nuts
harvested with the maturity after 12 months are used for
commercial use, and after 7—9 months for drinking purposes.

For coconut production, India ranks third in the world in
terms of the geographical area used and the number of co-

The challenges involved in coconut harvesting include labour
supply and high labour cost due to crop height and its complex

conuts produced with Tamil Nadu accounting for 31% of the

R . S ” trunk structure. Although the demand for coconuts is
total production in India. Coconut harvesting is carried out for

increasing, farmers face the prospect of severe financial
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Nomenclature

ANN Artificial neural networks
AP Average precision
CHT Circular Hough transform

CNN Convolutional neural network

CPU Central processing unit

CUDA Compute unified device architecture
DL Deep learning

DSLR camera Digital single-lens reflex camera
F1 score Harmonic mean of the precision and recall

values
Faster R—-CNN Faster region-based convolutional neural
network
GA Genetic algorithms
GPU Graphics processing unit
IoU Intersection-over-union

mAP Mean average precision

OpenCV Open computer vision library

PASCAL VOC PASCAL visual object classes

RAM Random access memory

R—FCN Region-based fully convolutional networks
RPN Region proposal network

SSD Single shot detector

SVM Support vector machine

YOLO  You only look once

losses. Hence, smart solutions are required to judge the
maturity of the nuts to overcome this problem and increase
production.

The technology involved in object detection in real-time is
based on image processing applications. The development of
a fast and reliable coconut detection tool using image analysis
with machine vision involves challenges with regarding the
colour, size, texture, shape, illumination, and reflectance
properties of the nut. Another vital issue pertains to occlu-
sions and shadows in the tree crown, which can significantly
effect target detection.

Currently, automation in agriculture in general has made
the continuous monitoring of crop growth possible. This has
increased crop quality and offers the possibility of reduced
labour costs by using vision-based techniques to detect and
picking objects and using visual information for harvesting
(Bac et al., 2014; Tzounis et al., 2017; Vasconez et al., 2019;
Zhao et al., 2016). Robot end-effector manipulation for the
picking of fruits or vegetables is the most critical and chal-
lenging task for agricultural robots. Accurate detection of fruit
is the primary step for manipulating the end effector, because
the robot must identify the location of the fruit for further
action. The detection of fruit location is difficult in some cases
because the area of the fruit and the background have the
same visual appearance. Recently, technique of deep learning
(DL) has experienced considerable developments in both its
scope and application in agriculture. When compared with
existing image processing techniques used in agriculture, DL
will improve learning capability with an increase in detection
accuracy and precision.

The workflow of the paper is as follows. Section 2 describes
related works, and section 3 presents the materials and
methods for coconut detection using DL with database crea-
tion. Section 4 describes the methodology for coconut detec-
tion using Faster R—CNN. The experimental results are
discussed in section 5, and a performance evaluation of the
coconut detection is analysed in section 6. Finally, conclusions
are drawn in section 7.

2. Related works

Intelligent harvesting has the advantage of monitoring crop
growth based on information from images. Illumination var-
iations, similar and complex backgrounds, the distribution of
fruits/vegetables, overlapping and occlusions, distances, and
viewing angles of the camera are the most critical factors that
affect the process of object detection. DL is an essential
technique for solving many problems using machine vision
and image analysis in agriculture. According to a survey by
(Kamilaris & Prenafeta-Boldd, 2018) on the use of DL in agri-
culture, it offers better performance than existing popular
image processing techniques. Further, a reliable and advanced
DL technique made considerable progress in object classifi-
cation and detection in agricultural applications (Krizhevsky
et al., 2017; Russakovsky et al., 2015).

DL technology has been widely used in the agriculture
areas such as in leaf disease classification (Amara et al., 2017;
Sladojevic et al., 2016), fruit detection (Bargoti & Underwood,
2017; da Costa et al., 2020; Muresan & Oltean, 2018), plant
classification and identification (Dyrmann et al., 2016; Grinblat
et al., 2016), fruit grading and counting (Song et al., 2014), and
precision agriculture (Patricio & Rieder, 2018; Zhu et al., 2018).
Segmentation and classification are the starting points for
target detection of an image. For example, (Behroozi-Khazaei
& Maleki, 2017) developed a robust algorithm for colour-
based grape cluster segmentation using artificial neural net-
works (ANNs) and genetic algorithms (GAs) from a collected
image dataset for segmenting grape clusters, leaves, and other
objects in an image under limited lighting conditions. Target
segmentation in a complex environment has been carried out
for apple blossoms in a complex background by (Dias et al.,
2018) using a convolutional neural network (CNN) and sup-
port vector machine (SVM).

DL-based object detection methods such as the “you only
look once” (YOLO) method proposed by (Redmon et al., 2016;
Redmon & Farhadi, 2017, 2018), bring target classification and
localisation together as a regression problem. YOLO directly
performs object detection using regression in the image and
the state-of-the-art version (YOLO V3) has high detection ac-
curacy for large-sized objects. Apple detection at different
growth stages in orchards using the YOLO V3 DenseNet
method was presented by (Tian et al., 2019), classifying young
apples, expanding apples, and ripe apples, with excellent re-
sults. In their research, 160 images from each class were
collected and augmented to create training sets with 4800
images. The authors achieved an F1 score (i.e. the harmonic
mean of the precision and recall values) of 0.817, an
intersection-over-union (IoU) of 0.896, and the average
detection time was 0.304s per frame at a resolution of
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3000 x 3000 pixels. Ghoury et al. (2019) investigated disease
detection in grapes and grape leaves using the Faster R—CNN
and SSD MobileNet architectures. The Faster-R-CNN Inception
v2 performed better with a classification accuracy of between
78% and 99% for all testing images. However, Faster R—CNN
had a longer processing time with better accuracy. SSD_Mo-
bileNet V1 produced results with an accuracy of between 90%
and 99% for images with less noise, more uniform back-
grounds and sizes. In addition, a high percentage of mis-
classifications occurred in this model for noisy and complex
environments with less accurate results. It was shown that
the SSD model struggled with the detection of smaller objects,
which led to misdetection of the target object. Thus, the SSD
model may not be useful for real-time classifications in tasks
with smaller and clustered objects, but the Faster-R-CNN
model performs more effectively.

The Faster R—CNN (Ren et al., 2017) uses region proposal
networks (RPNs) and classification networks to detect the
target accurately. (Bargoti & Underwood, 2017; Sa et al., 2016;
Wan & Goudos, 2020) presented a fruit detection method using
Faster R—CNN for a variety of fruits with excellent results.

When compared with the standard object-detection
methods used in agriculture, deep convolutional networks
have produced progressive results for complex environments.
The feature extraction could be enriched by increasing the
number of layers in the convolutional network. (Simonyan &
Zisserman, 2015) indicated that the recognition accuracy in-
creases with an increase in the depth of the network. How-
ever, owing to the gradient explosion during backward
propagation, network training is not smooth. A deep network
can be trained through batch normalisation and dropout;
however, a precision decline problem occurs and results
degrade rapidly. To solve the problem of precision degrada-
tion in the network and limitations concerning the depth of
the network, (He et al., 2016) proposed a deep residual ResNet
model using an identity-mapping concept. This method
solved the degradation problem by fitting a residual map with
a multilayer network. In a stacked layer structure, when the
residual is zero, the stacked layer only makes an identify map
and network performance does not decrease. If the residual
map is not zero, then the stacked layers learn new features
based on the input characteristics and produce a better per-
formance. Thus, the application of ResNet in the network
enhances feature extraction and effectively solves the preci-
sion degradation problem, thereby improves the recognition
performance of the neural networks.

When acquiring images at coconut farms, illumination
conditions are not constant, the backgrounds are complex
and similar, and the camera viewing angle and distance are
inconsistent. Coconut bunches are densely distributed,
overlap in the tree crown, and are occluded by leaves and
other objects that are present in the tree crown. All of these
problems are significant challenges in the detection of co-
conut bunches in the field. The shape, colour, and texture of
coconut bunches in several maturity stages are different.
Coconut takes 12 months to mature (Niral et al., 2017). The
two major maturity stages of coconuts i.e. tender (7—9
months) and mature (12 months) are used in this work. The
size and shape of the coconuts varies from the starting time
until maturation, while coconuts in a bunch have the same

maturity level. Usually, 15—-50 coconuts occur in a bunch
when the yield is good. Nuts aged 12 months are harvested at
intervals of 30—45 days. On average, eight harvests can occur
per year, as coconut palms produce inflorescence every
month.

In this research, green-coloured and round-shaped tender
nuts are represented as coconuts. Yellow/brown-coloured and
ovoid-shaped nuts are described as mature coconuts. In each
stage, the colour and volume of the nuts will change. The
maturity of a coconut was detected using DL methods. The
state-of-the-art Faster R—CNN algorithm was used to detect
coconut bunches in real-time. The Faster R—CNN network
with ResNet-50 was used to improve the detection perfor-
mance of a coconut bunch. Images of coconuts in the different
maturity stages, including tender coconut/coconuts and
mature coconuts, were collected and used as an input data for
training the neural network. The trained neural network was
used for detecting coconuts in a complex background.

3. Materials and methods

Coconut detection and location identification are crucial,
because coconuts are located at various positions in the tree
crown and within a complex background. However, the dif-
ferentiation of coconuts from the environment based on
colour alone is difficult, because the presence of other objects
such as leaflets and leaf stalks interfere with the coconut
bunches in the tree crown. Hence, colour-based segmentation
is insufficient to detect coconuts. Figure 1 (a) shows an input
RGB image, and Fig. 1 (b) shows the results from a colour-
based segmentation method. It is clear from the output that
the coconuts are not segmented accurately since other objects
have colours similar to those of the coconut bunches. Edge
detection and the application of the circular Hough transform
(CHT) are insufficient to detect all of the coconuts in a bunch
owing to overlapping conditions. The output of the CHT
method is illustrated in Fig. 2, which shows the false and
failed detection of coconuts.

Thus, existing image processing techniques are unable to
detect all varieties of coconuts owing to the complexity
involved in the environment. The detection of coconut
maturity stages using deep convolutional neural networks is
presented in the following sections, starting with the devel-
opment of a coconut image database for detection.

3.1. Image preprocessing

3.1.1. Image acquisition
Database creation is an essential step for object detection
using machine vision and image analysis. In this study, image
acquisition was conducted using a digital single-lens reflex
(DSLR) camera (Nikon D810), a Samsung camera, and a mobile
phone camera at coconut farms in Tamil Nadu, India. Images
were acquired from various places during sunny and cloudy
conditions (from morning to evening) and images varying in
their size, shape, brightness, and illumination were used to
create dataset.

The following points are considered during image acqui-
sition to improve the performance of detection of maturity
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Iy

Segmented output image with similar
coloured objects

Fig. 1 — (a) Input RGB image (b) Segmentation output using morphological operations. Coconuts are presented in the tree
crown with similar coloured objects. Colour-based segmentation is not sufficient since other objects in the tree crown

interfere with coconut bunches.

Y

L4
(a) Input RGB image
VRN \

(b) Input RGB image

(xm490, ¥=133) ~ A9

(c) Coconut deféngtion using CHT method

(d) Coconut detection using CHT method

Fig. 2 — (a and b) Input RGB image (c and d) Output of CHT method for different images. CHT method failed to detect coconuts

since they are overlapping with each other.

stages of coconuts with a sufficient mixture of training
samples.

e Acquire images at different position angles to get pose
variations of coconuts in the tree crown.

e Collection of images under different lighting conditions
such as frontal lighting, backlighting, side lighting, and
scattered lighting.

As sunlight passes through the tree canopy, more illumi-
nation variation occurs, and the object colour in the images is
also affected. In Fig. 3, the coconuts in similar and complex
background are illustrated.

From field visit, the coconut dataset has developed by
acquiring images from various coconut farms in and around
Tamil Nadu, India. From the dataset, two thousand images of
coconuts with two major maturity stages are used for the
coconut detection process with or without overlap with other
objects. During image acquisition, some images were obtained

from multiple viewing angles to improve detection perfor-
mance. Among these 2000 sample images, 140 images were
collected with numerous view angles.

These original images were then expanded using data
augmentation methods to provide a training dataset that was
used for training with DL models. The remaining images in the
dataset and Google Images were used as the test dataset to
verify the performance of the Faster R—CNN model.

3.1.2. Image augmentation

During image acquisition, the intensity and the angle with
which the sunlight illuminates the target varies considerably.
In this work, to improve the quality of the experimental
dataset, the collected images were pre-processed using image
augmentation techniques such as horizontal flip, image
rotation by 90°, and colour transformation (saturation, hue,
and exposure); all designed to ensure effective generalisation
in the model for the detection of coconuts. Three randomly
selected values were used to adjust the brightness of the
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COCONUT BUNCH
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Fig. 3 — Coconuts in complex background with similar coloured objects in tree crown. The presence of coconuts with other
objects which are similar in colour in the tree crown is illustrated in Figure 3.

original images. The newly adjusted images were then added
to the training dataset to avoid the difficulty of drawing
bounding boxes with low or high brightness values, and to
obtain a clear view of the target edge during manual annota-
tion. These images strongly influence the performance of co-
conut detection under different illumination conditions
which can affect detection results in real-time. Hence,
augmented images in the training dataset were blurred to
handle all types of images to improve the robustness of the
detection model.

In real-time environment, challenges such as incorrect
focusing and camera-shake are captured but this could be
avoided by acquiring images in multiple view angles to cover
the entire coconut bunch.

3.1.3. Image annotation and development of dataset

The acquired images were numbered and manually annotated
using Labellmg graphical image annotation tool which was
written in Python. Bounding boxes were drawn for the co-
conuts of two categories. The images in the training set were
then converted to PASCAL VOC format and YOLO format to
compare the performance of the different algorithms. In the
training set, the lengths of the images were rescaled to 516
pixels to maintain the original aspect ratio, and the widths
were adjusted accordingly. During the creation of the training
set, pictures with lower resolution and fewer dimensions were
removed to maintain a dataset with good quality. In addition,
images with moderate occlusions over the target area were
selected to increase the detection performance. The complete
image dataset is shown in Table 1 (after applying the
augmentation methods).

4. Methodology
4.1.  Coconut detection using Faster R—CNN

As stated earlier, the accurate detection of objects in complex
backgrounds remains a challenging problem in computer
vision and machine learning. Faster R—CNN was proposed to
overcome this challenge by using an RPN. Faster R—CNN in-
cludes a convolutional layer, pooling layer, fully connected
layer, and regression layer to classify the objects. The con-
volutional layer uses a semi-supervised learning and hierar-
chical feature extraction algorithm to obtain a feature map for
the extraction of features. The convolutional layer acts as the
feature extractor for RPN. The RPN applies sliding windows on
these feature maps to obtain the object proposals along with
their objectness scores.

In Faster R—CNN, the variable-length problem in the
bounding boxes is avoided using fixed-size bounding boxes
called anchors, which are placed uniformly throughout the
image. RPN predicts the probability that an anchor is an ob-
ject, and a bounding-box regressor adjusts the anchors to fit
the object more effectively. After obtaining the relevant ob-
jects and their locations, the pooling layer was used to create
fixed-size feature maps that correspond to each anchor.
Finally, the fully connected layer uses this information to
classify the objects and predict the bounding boxes of the
identified objects.

In this model, object detection is accomplished in two
stages: RPN and a classification network. The VGG-16 feature
extractor was used in traditional Faster R—CNN and produces
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Table 1 — Images generated by data augmentation methods.

Classes Original Brightness Colour transformations (Hue, saturation, Blur Rotation Horizontal Total
image adjustment and exposure) flip
Number of tender 1000 3000 3000 1000 1000 1000 10,000
coconuts
Number of mature 1000 3000 3000 1000 1000 1000 10,000
coconuts
better performance with good speed and accuracy when N
compared with other object detection methods (Huang et al,, 5. Experimental results

2017).
4.2. Proposed algorithm: Faster R—CNN with ResNet-50

When compared with traditional object detection methods,
the deep convolutional neural network offers significant
advancement. (Simonyan & Zisserman, 2015) explained that
by increasing the depth of the convolutional network, the
accuracy of recognition showed considerable improvement.
However, a simple stacked convolutional layer could not train
the network smoothly owing to the gradient explosion during
backward propagation. The accuracy became saturated and
then degraded rapidly. This resulted in precision degradation
owing to a greater number of training errors. To solve prob-
lems in deep neural networks such as precision degradation
and network depth limits, (He et al., 2016) proposed a deep
residual ResNet model by using identity mapping concept.
This method solved the above issues by selecting a suitable
residual map with a multilayer network. A building block of
the residual learning module is shown in Fig. 4 with two
weight layers.

Finally, a Faster R—CNN with ResNet-50 model is proposed
in this paper to enhance the performance of coconut detection
in two major maturation stages such as coconut and mature
coconut. The improved Faster R—CNN model with a ResNet-50
feature extraction network is shown in Fig. 5.

A flowchart for the proposed coconut detection method is
shown in Fig. 6.

X
A 4
Weight layer
ReLU
A
Weight layer =
F(X)
4+ e
HX)=FX)+X
X)=FX) ReLU

Fig. 4 — Building blocks of residual learning module. The
residual map concept of Faster R-CNN is shown in Figure 4
with two weight layers.

In this section, the performance of the proposed method is
evaluated and analysed. The recognition rate in this proposed
method was good, with fewer images used for training and
testing with variations in colour, size, shape, texture, illumi-
nation, and brightness. The proposed algorithm detected the
two maturity stages as tender coconuts and mature coconut
bunches in images using the Tensorflow Object detection al-
gorithm and achieved a detection score of 99%. The detection
models were trained and tested on Google Colab with Tesla
K80 graphics processing unit (GPU). Parameters such as the
momentum, initial learning rate, and weight were referred to
in the original parameters of the Faster R—CNN model.

A series of experiments were performed with the Faster
R—CNN model with the test images to verify the performance
of the model with the collected image dataset and Google
Images at different resolutions. Figure 7 presents the detec-
tion of different types of coconuts from the RGB image using
the proposed algorithm and a sample output image is illus-
trated in Fig. 8.

The proposed coconut detection algorithm is also suitable
for detecting coconuts from publicly available images such as
those collected by the Google search engine. Figure 9 presents
the output of coconut detection from Google Images.

From these experimental results, it can be observed that
the coconut detection algorithm can detect coconuts from
real-world environments (such as coconut farms), as well as
from Google images. Nevertheless, there are some mis-
identifications in the images regarding coconuts with
different maturity levels and different-coloured coconuts in
real-time. These issues will be resolved in the future with the
addition of more images in the database to improve learning
with this vision-based technique to meet real-world chal-
lenges and to also make this model more suitable for all va-
rieties of coconuts.

6. Performance evaluation analysis

The training and testing for the detection of coconut maturity
stages such as coconuts and mature coconuts of this work is
performed on the laptop with the configurations of Intel Core
i7-CPU@ 4.5 GHz, 4GB GPU NVIDIA GeForce GTX 1650 with
16GB RAM (Random Access Memory), and Google Colab. Pro-
grams were written in Python with OPENCV and CUDA base
on Microsoft Windows 10 operating system.

The performance of the object detection algorithm was
evaluated by the well-used IoU metric and by average
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Fig. 5 — Improved Faster R-CNN model with ResNet-50 feature extraction network. Faster R-CNN with ResNet-50 feature
extraction network is proposed to detect coconuts with two maturation stages

Image dataset creation with several maturity stages of coconuts

Data Augmentation

\ 4
Split the images into train and test image sets

\ 4

Image annotation

A\ 4

Deep learning model training using Faster R-CNN with Resnet-50

A 4

Evaluate the proposed method for the detection of coconuts with two major
maturity stages

Else True

If
Intersection
over Union
(IoU) > 0.5

A 4

Prediction is not correct and

. Prediction is correct and set
checks for new object

bounding box with detection score

Fig. 6 — Flowchart for proposed coconut detection. The workflow of the coconut maturity stages detection is illustrated in

Figure 6.
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Fig. 7 — Detection of coconuts in different conditions: (a)
with single and (b) cluster of coconuts (b) and (c) overlap
and occlusion conditions (d) illumination variation (e) and
(f) Detection and classification of coconut maturity stages.
Coconuts are detected in different conditions in real-time
environment.

precision (AP), and mean average precision (mAP). The per-
formance results obtained using IoU and mAP for coconut
detection are as follows:

'Q
\
\)
\
| W
|

et

Fig. 8 — Detection of two maturity stages of coconuts using
proposed coconut detection method. The proposed method
successfully detect two maturity stages of coconuts in an
image.

1 .. .
AP=17 > Precision(Recall.i)

Recall _i

where Recall i = [0, 0.1, 0.2, ..., 1.0]

__Area of Overlap

IoU= -
oU Area of Union

where Area of Overlap is the area of intersection of the pre-
dicted bounding box and the true bounding box. Area of Union
occurs between the two bounding boxes.

The coconut images with two major maturity stages is
tested with other feature extraction networks such as ResNet
101, ResNet 152, Inception V2, Inception ResNet V2 and NAS-
Net to compare the real-time performance of Faster R—CNN
with ResNet 50. The detection results proved that the perfor-
mance of our proposed method is better when compared with
other feature extraction networks. The detection results for
Faster R—CNN with other feature extractors are illustrated in
Fig. 10.

The mAP value is calculated by taking the mean AP over
the coconut and mature coconut classes and overall IoU
thresholds. The resultant values are listed in Table 2.

Based on the performance measure values, Faster R—CNN
with the ResNet-50 the feature extraction network per-
formed more effectively in the detection of different matura-
tion stages of coconuts during testing. The models such as
Faster R—CNN with Inception Resnet V2 and Nasnet per-
formed well with good mAP values. Meanwhile, the detection
speed was also better in Faster R—CNN with ResNet-50. The
training and testing of the images was done through the CPU
and GPU separately. During the evaluation process, there were
misclassifications in some images owing to variations from
scales, occlusion, and blurred objects. This issue will be
resolved by adding more images with different background


https://doi.org/10.1016/j.biosystemseng.2020.12.002
https://doi.org/10.1016/j.biosystemseng.2020.12.002

BIOSYSTEMS ENGINEERING 202 (2021) I119—I132 127

(d (e) ®

Fig. 9 — Visualisation results for detection of coconuts from Google images (a) with different maturity stages (b) bunch of
coconuts in similar and complex backgrounds (c) detection of red coconut variety and (d), () and (f) detection, classification
and labelling process using proposed method. Google Images are used to test the performance accuracy of the proposed
coconut detection method.

5\
\

e # \"“" B
“ Ny il

Fig. 10 — Detection results for major maturity stages of coconuts using different feature extraction networks with Faster R-
CNN: (a—c) ResNet 50, (d—f) ResNet 101, (g—i) ResNet 152, (j-1) Inception V2, (m-o0) Inception ResNet V2, and (p-r) NASNet .
Comparison of detection results of Faster R-CNN with ResNet-50 feature extraction network with other feature extractors.
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Fig. 10 — (continued).

Table 2 — Performance measure values for Faster R—CNN.

Model Backbone mAP@0.5IoU Detection speed
(s image™)
Faster R ResNet-50 0.894 3.124
—CNN ResNet-101 0.823 3.969
ResNet-152 0.810 4.132
Inception V2 0.836 4.248
Inception Resnet V2 0.855 10.357
Nasnet 0.862 9.199

conditions for training to achieve better detection results
during real-time operation.

The evaluation process of the ResNet-50 network for the
classification loss, localization loss, RPN loss/localization loss,
and objectness loss is presented in Fig. 11 and Table 3.

6.1. Comparison of different algorithms

Different maturation stages of coconuts were used in the
training set to verify the performance of the proposed model.
The Faster R—CNN model performance was compared with
SSD, YOLO V3 and R—FCN to check the advantages of the
proposed algorithm. The performance comparison of mAP
values for the Faster R—CNN, SSD, YOLO V3 and R—FCN
models are presented in Table 4.

The detection results for two major maturity stages of co-
conuts using Faster R—CNN, SSD, YOLO V3 and R—FCN models
are shown in Fig. 12.

The YOLO V3 model was able to detect a single coconutin a
complex background with less detection score, but it was
unable to identify clustered coconuts that are positioned in
various locations adequately in a complex image. Therefore,
the YOLO V3 model has less ability to produce good results for
the detection of maturity stages of coconuts in our work in
real-time environment.

In the coconut crown, occlusions of other objects such as
leaflets and leafstalks, as well as other coconut bunches in the
tree crown, commonly occur. This can affect the performance
of coconut detection. Based on this condition, inaccurate
detection results were obtained during different maturation
stages. The performance measures for Faster R—CNN with
SSD, YOLO V3 and R—FCN are presented in Table 4. From Table
4,itis clear that the detection algorithms can detect the major
maturity stages of coconuts in real-time with promising mAP
values. The comparison results are given in Table 4 to explore
the performance of proposed Faster R—CNN among other
object detection algorithms.

The maturity stages of coconuts were tested with the
proposed object detection algorithm and it was observed that
the results were better when compared with other detection
methods. Comparing the test results, the performance of
YOLO V3 was low amongst all the other methods. The pro-
posed coconut detection method can accurately detect the
maturation stages from similar and complex background ob-
jects. The processing speed of YOLO is high when compared
with other detection methods but it is unable to detect small
and clustered coconuts with different maturity stages in this
work. The experimental results indicated that the Faster
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Loss/BoxClassifierLoss/classification_loss

Loss/RPMLoss/localization_loss

=

] 10k 20k 30K 40k 50k

Number of steps

Loss/BoxClassifierLoss/localization_loss

Loss/RPMLoss/objectness_loss

0.06
0.04

] 10k 20k 30K 40k 50K

Number of steps

Fig. 11 — Performance evaluation of losses for Faster R-CNN with ResNet-50. The loss values of Faster R-CNN are illustrated

in Figure 11 for performance evaluation.

Table 3 — Loss values for improved Faster R—CNN model.

Model Classification loss

Localisation loss

RPN loss/localisation loss Objectness loss

Faster R—CNN with ResNet-50 0.0510

0.0252

0.0110 0.0045

Table 4 — Performance results from different object
detection algorithms.

Detection mAP@0.5IoU Detection speed (s
algorithm image %)
Faster RCNN 0.894 3.124

SSD 0.795 2.229

YOLO V3 0.654 1.625

R—-FCN 0.768 7.585

R—CNN method is suitable to detect two major maturity
stages of coconuts with high detection accuracy and it can be
used as the basis for the harvesting of coconuts without
human intervention.

During real-time detection, the camera can also capture
images of coconut tree crowns that do not have coconuts.
To check the real-time challenges at coconut farms, 40
images that did not contain coconuts were collected to test

the performance of the proposed algorithm. Among them,
15 images contained leaves, 10 images contained back-
grounds, and 15 images had tree crowns without coconuts.
The detection method did not find any nuts in these
images.

From the experimental results, it is clear that Faster
R—CNN with the ResNet-50 model adequately detected the
maturity stages of coconuts when compared with the SSD,
YOLO V3 and R—FCN models. The results of this experiment
further revealed that the Faster R—~CNN model was the most
suitable for detecting all coconuts in the tree crown particu-
larly when there were small and clustered coconut bunches in
a complex background. The SSD model struggled to detect
small objects, but it performed better than YOLO with less
object detection score. YOLO and R—FCN models struggled to
identify two major maturity stages of coconuts that were
positioned at various locations in the tree crown and coconuts
that were grouped and close together.


https://doi.org/10.1016/j.biosystemseng.2020.12.002
https://doi.org/10.1016/j.biosystemseng.2020.12.002

130 BIOSYSTEMS ENGINEERING 202 (2021) 119—132

Fig.12 — Detection results for major maturity stages of coconuts using different algorithms: (a—c) Faster R-CNN, (d—f) SSD,
(g—i) YOLO V3 and (j-1) R-FCN . Compare the detection results of Faster R-CNN method for the detection of two maturity

stages of coconuts among other detection methods.

7. Conclusion

A state-of-the-art fruit detection model with Faster R—CNN
was improved by using the ResNet-50 network for detecting
coconuts in their two crucial maturation stages; tender for
recovering milk and mature to harvest nuts. This proposed
model was also able to identify tender coconuts and mature
coconuts separately as well as located in the same image. The
proposed method efficiently detected coconuts from images
with many environmental challenges. Real-world problems
were verified with our test dataset by checking the algorithm
with real-time images captured in coconut farms as well as
from Google Images. In the future work, cutting point of the
coconut bunches has to be identified in real-time
environment.
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