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Abstract: Agricultural robots play a crucial role in ensuring the sustainability of agriculture. Fruit
detection is an essential part of orange-harvesting robot design. Ripe oranges need to be detected
accurately in an orchard so they can be successfully picked. Accurate fruit detection in the orchard is
significantly hindered by the challenges posed by the illumination and occlusion of fruit. Hence, it is
important to detect fruit in a dynamic environment based on real-time data. This paper proposes
a deep-learning convolutional neural network model for orange-fruit detection using a universal
real-time dataset, specifically designed to detect oranges in a complex dynamic environment. Data
were annotated and a dataset was prepared. A Keras sequential convolutional neural network model
was prepared with a convolutional layer-activation function, maximum pooling, and fully connected
layers. The model was trained using the dataset then validated by the test data. The model was then
assessed using the image acquired from the orchard using Kinect RGB-D camera. The model was
then run and its performance evaluated. The proposed CNN model shows an accuracy of 93.8%,
precision of 98%, recall of 94.8%, and F1 score of 96.5%. The accuracy was mainly affected by the
occlusion of oranges and leaves in the orchard’s trees. Varying illumination was another factor
affecting the results. Overall, the orange-detection model presents good results and can effectively
identify oranges in a complex real-time environment, like an orchard.

Keywords: convolutional neural network (CNN); fruit detection; orange fruit

1. Introduction

Detection systems play a crucial role in the design of fruit-harvesting robots. The robot
should be able to detect the fruit on the tree and locate it properly. Inaccurate fruit detection
can greatly reduce the robot’s success rate. Fruit localization and detection has been proven
to be one of the most challenging tasks for the fruit-harvesting robots. The most common
problem faced in robot fruit detection is variations in illumination and occlusion of fruit
on the trees. Illumination variation makes the fruit appear differently in the day and at
night. It can be difficult to view fruit when dense leaves overlap. Further, fruit clusters
make recognition difficult. Hence, robotic perception can pose many difficulties, especially
in complex environments like fruit orchards. It is noted that in most previous studies,
the datasets used do not depict the real-time data. In most datasets, single fruit images,
augmented using various techniques, are used to train the data. However, in reality, the
fruit on the tree often displays variations in illumination, occlusion of fruits, as well as fruit
overlapping with various branches and leaves. The lack of real-time data for training often
leads to more false detection.

Computer vision is commonly used in the design of fruit-harvesting robots. RGB-D
cameras have proved to be of great significance in improving vision sensors, by providing
the substantial and improved information needed for image recognition and localization.
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Recently, machine-learning algorithms have improved the performance of fruit detection,
recognition, and pose estimation using an end-effector. Machine-learning algorithms use
deep-learning to train and test the data based on a dataset of fruit. A sequential model is
created with layers and an assigned weightage to train and test the data for recognition of
the assigned fruit.

2. Literature Review

The use of computer vision has yielded remarkable results, especially in the field
of agriculture. Fruit detection is one area that has seen immense improvement. Earlier
research used methods of computer vision that involved manual extraction of the features
of the fruit and used machine learning to classify image features. Further, earlier fruits
were identified based on a single feature, like colour, shape, or texture, using classification
algorithms. Image preprocessing was carried out along with the use of a classifier. Recently,
advancements in deep-learning methods saw beneficial use of, and implementation in, the
field of object detection. The ability of convolutional neural networks to abstract useful
features from an input image makes it a better choice for fruit detection. However, the
preparation and availability of a diversified dataset can be challenging. Many researchers
have used deep-learning methods for the detection of different fruits. CNN models are
commonly used for fruit and plant detection in the agricultural sector [1]. Common CNN
models used for fruit detection include Resnet, AlexNet, GoogLeNet and VGG. Other
deep-learning models like YOLO and SSD have also been used to detect objects.

Many CNN models have been tested for detecting various fruits. Apples have been
tested using VGG [2] with an F1 score of 0.791; AlexNet with 11 layers [3] was tested
with an accuracy of 92.5% and detection was also carried out using two CNN models [4].
Strawberries have been detected using ResNet, with a detection accuracy of 95.78% [5]
and 94% [6]. Kiwis were detected using VGG, with a harvesting success of 51% [7] and
a detection rate of 90.7% [8]. Similarly, sweet peppers were detected using Resnet [9]
and multiple fruits were detected using VGG with an F1 score ranging from 0.791 to
0.94 [10]. Tomatoes were detected using ResNet with a detection accuracy up to 93% [11],
whereas oranges were detected using ResNet with an accuracy of 97.5% [12]. Other fruits
detected using CNN models include grapes [13], papayas [14], lemons [15], bananas [16],
melons [17], cucumbers [18], and others.

Fruit was also detected by researchers using YOLO and SSD models. These detect
images in a single algorithm run and performed faster than the models mentioned above.
Detection of oranges [19], cherries [20], apples [21], and others showed promising results
using YOLO. Furthermore, fruits like mangoes [22], pineapples [23], and others were also
detected using the SSD method. While the latter models are considered faster, the CNN
models mentioned above, like ResNet, are far more accurate.

Fruit detection using CNN models has been implemented in various environments.
Much fruit detection is carried out in a controlled environment like laboratories or green-
houses. The detection of tomatoes [24,25], cucumbers, and other fruits is carried out in a
greenhouse; however, some fruit detection is carried out in fields [10,26,27]. Fruit detection
is easier in a controlled environment such as a greenhouse. Detecting fruit in an orchard
presents more of a challenge as the environment, illumination, and other factors play a
major role in the true performance of the model. Hence, fruit detection in a complex
real-time environment is encouraged to depict the true accuracy of the model. Thus, offline
training and online testing should be adopted to obtain more reliable results.

In previous works on fruit detection using CNN models, many researchers obtained
datasets from image repositories like Fruit-360, COCO, Openlmages, AGROSEG dataset,
etc. These datasets contain images of single or multiple fruits placed on a table or a
structured environment. Sakib et al. [25] used Fruit-360 as a dataset for fruit detection,
whereas Duong et al. [28] used ImageNet as the dataset for their research. Further, Padhila
et al. [26] used the Openlmages dataset for tomato detection. Very limited studies have
been conducted on real-time datasets, such as Sa et al. [10], who used a customized dataset
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with the network initialized by a pretrained ImageNet dataset. Similarly, Ganesh et al. [12]
also used a customized dataset from orchard in Citra, FL, USA. In addition, Vasconez
et al. [27] used real-time pictures of apples from orchards in California as fruit-detection
datasets. Hence, there is a need for a more diversified dataset that includes images of
fruit in real-time scenarios, not limited to a particular orchard, but using images of several
orchards from around the world. This will make the dataset more universal as different
orchard images may vary by topography, weather, and environment.

Similarly, many other researchers have used various datasets for fruit detection, taken
from the internet. Most of the above datasets have images of a single fruit or fruits taken in
a controlled environment. In reality, the fruit being detected is in an orchard, with varying
illumination, fruit occlusion, and overlaps of leaves and fruit. Hence, it is important to have
a dataset based on real-time orchard images. There are very few studies using real-time
images. Real-time datasets can help improve the model’s performance and can improve
its robustness.

Furthermore, most CNN models for fruit detection are trained, verified, and tested
offline. This means the process of training and testing the CNN model using a dataset is
stored on a local machine or a remote server, rather than using live data from a camera or
other sensor in real-time. Another approach uses offline training and online testing. This
process refers to training a model using a dataset stored on a local machine or a remote
server, then using it to make predictions on new, unseen data in real-time using a camera
on an agricultural machine. There are very limited data available for online testing in a
real-time system.

Hence, this study fills the following gaps:

e  Unlike single fruit images used in many previous datasets, this study provides a
diversified dataset with real-time images that have occlusion, illumination variation,
and noise that replicates the real-time scenario of the fruit position in the orchard.
This also ensures the results obtained by the fruit-detection model are authentic
representations of a real-time situation. Furthermore, this helps to make the model
more robust.

e Limited studies are available for offline training and online testing based on real-
time datasets; this study fills this gap of evaluating data for a real-time system. A
model that is trained only in a controlled environment may not perform well in a
real-time scenario of an agricultural field with varying lighting, fruit occlusion, and
other conditions. Many existing fruit-detection CNN models are not designed to work
in real-time, which makes them unsuitable for use in many real-time applications such
as fruit-harvesting robots.

This study will help improve overall detection, identify potential issues with the model,
and make adjustments accordingly. It provides a more robust model using a diversified
dataset and an offline training and online testing strategy that makes the fruit-detection
model more useful and reliable for real-time applications in the orchard.

This paper contributes to scientific knowledge and novelty in the following aspects:

a. The study uses a diversified and universal real-time dataset of oranges. This dataset
is not limited to fruit from one orchard in a region, such as Florida or Spain only,
as in previous papers. The diversified dataset has most images from orchards in
Sargodha, Punjab in Asia, as well as other orchards from Australia, Spain, Florida,
and other orchards of different regions around the world. Some images are taken
from Google internet searches, based on real-time orchard scenarios as already
mentioned. The orchards vary in different parts of the continent based on their
topography, environment, and weather. This study contributes to a global and
diversified real-time dataset that can be used in any part of the world.

b.  Previous studies that use customized datasets, like deep fruits by Sa et al. [10], have a
pretrained CNN model that was already trained on an ImageNet dataset. This study
involves no pretrained model. Instead, it uses a fresh model with complete training,
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verification, and testing of a given dataset, based on fine-tuning the hyperparameters
until the best performance is reached, hence preventing overfitting.

c. Lastly, where many fruit-detection models are only tested offline, this study also
conducts online testing in the orchards of Sargodha, Punjab. Real-time testing
contributes to the model’s actual, authentic results. These results could contribute
significantly to future studies in the orchards of Asia, when used with agricultural
machines, like a fruit-harvesting robot, to detect fruit before picking.

This paper is divided into different sections. The Introduction emphasizes the need
of building and testing a fruit-detection model in complex real-time environments for a
true model performance evaluation. The Methodology section explains the steps carried
out in the research. Next, image collection for datasets, model building, and performance
indicators are discussed. This is followed by an evaluation of the model in the Results and
Discussion. Lastly, the study is summarized in the Conclusion.

3. Methodology

A dataset of 2000 images under different light conditions, angles, and noise was
created using images from the internet and the orchard. Collected data were preprocessed
by cleaning, resizing, and converting it to a suitable format. Images were annotated using
a Labellmg tool and the labelled image was stored in two separate files. Data were then
split into 80% training data and 20% validation and test data. The model training used the
CNN model followed by verification of data. The model was fine-tuned and improved
by adjusting the parameters of the model structure. A CNN model was built using a
Keras sequential model. The layers mainly comprised the convolutional layers, a Relu
activation layer, maximum pooling layer, flattening layer, and fully connected layer. A
softmax classifier was used to find the output in probability vector form. Backpropagation
was used to further improve the neural network weights to make better predictions. Next,
a Kinect RGB-d camera was used to create actual image from the orange orchard and test
the model. Real-time testing was done on an unseen dataset to evaluate performance in
real-time conditions. The model loss and accuracy of the model were obtained. From the
values of true positives, true negatives, false positives, and false negatives the precision,
recall, and F1 score were calculated. Finally, the effectiveness of the detection system
was determined. Figure 1 illustrates the methodology for detecting oranges using the
CNN model.

3.1. Image Collection for the Dataset

The first process in fruit detection by machine learning was image collection. Image
collection is the task of retrieving image of the fruit through a vision sensor. The most
common vision sensor used for fruit detection is a camera. The camera is responsible for
converting the captured light to digital information called pixels, using a complementary
metal-oxide-semiconductor (CMOS) or charge-coupled device (CCD sensor).

The camera used for fruit detection was an Azure Kinect RGB-D. It contains a CMOS
sensor with resolution of 12 megapixels (12 MP). Its dimensions were 103 x 39 x 126 mm and
it weighed 440 g. It is an RGB camera with a resolution of 1920 x 1080, with 30 frames per
second (FPS). It uses a time of flight (TOF) sensor with a depth resolution of 512 x 424 that
determines the depth of the target fruit up to 5 m. Additionally, it includes an accelerometer
and gyroscope (IMU) that aids orientation and spatial tracking. It is worth noting that partial
data of fruit orchards were also obtained from Google to provide a diversified dataset.

3.2. Model Building

To prepare a CNN model for the fruit-harvesting robot, the dataset of fruit was first
prepared. The dataset was created by obtaining real-time images of fruit from the Google
website and from the orange orchards, using a camera, in JPG format. Data augmentation
was used to flip and rotate the images. In addition, illumination changes were used to
increase the diversity of the images. A total of 2000 images were stored in the dataset. The



Sustainability 2023, 15, 4329

50f12

images were resized and the pixel value was normalized. Next, the labels were converted
to a one-hot encoding format. Libraries like TensorFlow and Keras were used for training
the model, while Pandas, Numpy, and Matplotlib were used for handling, evaluating, and
visualizing the data. Annotations of the dataset were carried out by the Labellmg tool.
Next, data were split to ensure model training and evaluation were carried out on different
data, preventing overfitting of the model. Training consisted of 80% of the data, while

validation and testing comprised 20%.
Y v
Prepare dataset

Y
Data
Annotation
data camera

and preprocess RGB_D

split data set: 80%
train data, 20%
vailidation data

Relu : ; )
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Figure 1. Flowchart of the methodology of an orange-detection CNN model.

The hyperparameters, shown in Table 1, were tested and tuned to determine the
batch size, number of hidden layers, number of neurons, and the optimizers. Selected
hyperparameters for training the model included batch size of 64, 4 hidden layers and
128 neurons per layer, with RMSprop as an optimizer with a learning rate of 0.01. Further,
the Relu activation function was employed to prevent overfitting and cross-entropy was
used as a loss function. For the pooling layer, maxpooling was used with a pool size of
2 x 2. The training epoch was 100. The number of filters in convolutional layers was 64
and kernel size of filters in convolutional layers was 3 x 3. The stride length of 2 was kept
and the output size was 128 x 128. A Dell workstation with 11th Generation Intel Core
15-1135G7 @ 2.40 GHz, 8 GB RAM was used to train the neural network.
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Table 1. Hyperparameters used in the study to train the model.

Batch size 64

Number of hidden layers 4

Number of neurons in each layer 128

Optimization technique RMSprop
Activation function ReLU

Loss function Cross-entropy loss
Kernel size of filters in convolutional layers 3x3

Number of filters in convolutional layers 64

A CNN model was prepared using the Keras sequential model. Multiple layers were
added to the created model. The model was built with four hidden layers. A convolution layer,
Relu activation function, and pooling layer were present in the model. The Relu activation
function filtered the image. Maxpooling was performed after every 2D convolutional layer.
Finally, flatten and dropout layers were added to the model. A probability of 0.5 was chosen.
Flattening was used for converting the data into a one-dimensional array to be used for input
for the next layer. Dropout prevents overfitting of the neural network. Then the softmax
function was applied, which converted the output into a probability vector. The dense
connected layers were joined with 128 neurons. The final prediction of fruit detection was
made in the output layer. Figure 2 shows the maxpooling operation where the maximum
value of each feature map is selected.

The convolutional layers extracted features from the input image through convolution
operations. The maxpooling layer down-sampled the feature maps generated by the convo-
lutional layers, reducing the spatial size of the data while increasing the robustness of the
features. The activation function introduced non-linearity into the model, allowing it to learn
the complex representations of the data. A custom layer was used to combine the feature maps
into one, using an adaptive approach by the weighted average. Batch normalization activated
the layers, sped up the training, and reduced overfitting. The activations from the previous
layer were flattened into a vector and then passed through the fully connected layers. The
fully connected layers made the image class predictions of fruits from the features extracted
by the convolutional and pooling layers.

To process more data per iteration, a batch size of 64 was chosen as that resulted in
faster training time compared with the batch size of 32. Further, a batch size of 64 resulted
in faster convergence compared with batch size of 32. This happened because more data
were processed per iteration, allowing the model to make more accurate updates. A smaller
batch size converged more slowly and the training process became unstable due to the
increased variance in the gradient updates. Hence, a batch size of 64 was a better choice as
it offered more stability in training. The epoch number was used as the stopping criteria.
The epoch number of 100 was chosen because the accuracy of model was achieved, the
validation loss did not improve after a given epoch number, and the epoch number was
high enough to prevent overfitting.

The model was then compiled and run to generate the output. The epoch number was
also specified based on the batch size. The data were tested for various captured orange
images on the tree using an RGB-D Kinect camera. Once an orange was correctly detected, the
fruit was localized. Next, a bounding box was drawn on the orange and its center locations
were specified. This should help the end effector to pick the fruit by giving it a trajectory
to the fruit location. Next, the model loss and accuracy graphs were plotted and the CNN
detection model’s accuracy, precision, recall, and F1 score were determined. Figure 3 shows
the CNN architecture for the fruit-detection model steps to achieve the output.
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Figure 3. A convolutional neural network architecture for fruit detection.

3.3. Performance Indicators

To check the effectiveness of the object detection, certain parameters were evaluated.
The most popular evaluation method for a detection model was calculation of its accu-
racy, precision, recall, and F1 score. These are the benchmark indicators that ensure the
performance of a given model.

A confusion matrix is drawn to help visualize the positive and negative predicted data
as shown in Figure 4. It gives the number of true positives, true negatives, false positives,
and false negatives of our predicted data.

Based on the dataset run on the sequential model, we computed the metrices to
determine the performance of the model. The parameters that determine performance of
the model are accuracy, precision, recall, and F1 score.
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Figure 4. Confusion matrix for the CNN model.

The accuracy defines the performance of data. It helps us determine the reliability of
the model to get correct results. It is calculated as:

Accuracy = (Truepos + Trueneg) / (Truepos + Trueneg 4 Falsepos + Falsepeg) 1)

Precision measures the accuracy for a positive result only. However, it considers both
true-positive and false-positive results in its calculation. High precision indicates that the
model is more reliable and trustworthy. It is calculated as:

Precision = Truepos/ Truepos + Falsepos ()

Recall is the ratio between the number of true-positive samples and total number of
positive samples. Recall tells us the reliability of getting correct results. Recall only takes
into account the positive sample. If recall is high but precision is low, it indicates the model
predicts correct positive results only.

Recall = Truepos / Truepos + Falsepeq 3)

The F1 score is a combination of both precision and recall. It helps balance both
the precision and recall score. It is also defined as the harmonic mean of precision and
recall values.

F1 — Score = (2 X precision x recall)/ (precision + recall) 4)

4. Results and Discussion

The test image was obtained from the orange orchard and run in the CNN model. The
image was filtered and the orange fruits were detected. Localization was carried out by
detecting the center of the image and drawing a bounding box around the detected image.

Different test images from the orchard were run and the results were computed for
the accuracy and model loss. Figure 5 shows the results of orange-detection image test
data. Moreover, Figure 6 shows the model loss for 100 epochs. Similarly, the accuracy of
the model was computed. Figure 7 shows the accuracy percentage against 100 epochs.

Based on the test data, the precision, accuracy, recall, and F1 score were calculated for
the model. Figure 8 shows the model’s evaluation results for performance on real-time test
data. These data were used to determine the CNN’s effectiveness for orange-fruit detection.
The test data were used to determine false positives, false negatives, true positives and true
negatives. From these values, the precision, recall, accuracy, and F1 score were determined.
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Figure 6. Model loss values for the epoch number of the orange fruit CNN model.
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Figure 7. Accuracy percentage for the epoch number of the orange fruit CNN model.
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Figure 8. Performance indicators of the orange-detection CNN model.

The results indicate that the orange-detection model has an accuracy of 93.8% and
precision of 98.1%. The recall value was found to be 94.8%, whereas the F1 score was 96.45%.
The results depict a good orange-fruit detection model. The results show that with a dataset
based on real-time images with varying illumination, occlusion, and noise, the recall
F1 score improves due to less false detection. From previous studies with conventional
datasets, it was observed that although the accuracy was usually high, the F1 score value
was generally less. Sa et al. [10] detected various fruit using the CNN model, obtaining
a customized dataset on a pretrained model using ImageNet, with an F1 score of 0.9 for
oranges. Similarly, Kattenborn et al. [29] also detected vegetables with an average F1 score
of 0.91. Also, cotton detection was carried out by Lin et al. [30] with a maximum F1 score
of 0.87. Very few studies have been conducted on a real-time dataset in agricultural sector.
The study found that by incorporating varying illumination, images of overlapping fruit
as well as images of fruit overlapping with leaves and branches, the false-detection rate
decreased. Although there was not much difference in the accuracy level from previous
studies, the precision, recall, and F1 score showed significant improvement. Further,
online testing in the orchard verified the reliability of using real-time data for training the
dataset. Moreover, the robustness of the model increased, with a good variation within
the dataset. Comparison of this model with previous studies verifies that false data can be
minimized by using more data depicting real-time scenarios. This study proves that for
better performance, as well as the reliability of the model to be used in real-time system, a
universal real-time dataset should be deployed for training, instead of single fruit images.

The study has a few limitations. In the existing study, 2000 images were used due
to limitations in computer resources. Future studies should be conducted using a larger
dataset to provide more diversity. The existing dataset can be requested by mutual consent
of the authors and the funding agencies.

5. Conclusions

This paper proposed an orange-detection method in a complex environment, like
an orchard, based on convolutional neural networks. The orange-detection method was
designed to detect oranges with an orange-harvesting robot. The study suggested using a
real-time dataset from diversified orchards around the world for training, using images
of fruit with varying illumination, occlusion, as well as images of fruit overlapping with
leaves and branches. Furthermore, in addition to offline dataset training, online testing
was conducted. The real-time testing of data based on images captured from the orchard
provided a better evaluation of the model to be used in agricultural field applications.

Images were annotated using the Labellmg tool. This helped prepare the dataset for
images obtained from the orchard. The CNN model consisted of convolutional layers,
activation functions, maximum pooling layers, a dropout layer, flattening layer, and fully
connected layers. The backpropagation feature improved the weight and helped to improve
the detection results. The detected orange was localized by forming a bounding box
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and center point that made it easy for the fruit-harvesting robot to pick the fruit. The
designed model had an accuracy of 93.8%, precision of 98%, recall of 94.8%, and F1 score of
96.5%. As compared with previous studies that mostly used datasets from the internet and
library repositories, the real-time dataset provided a more robust and reliable evaluation
of performance. The study showed a clear reduction in the false-detection rate of data as
compared with other studies. This research proves the study was effective in establishing
that using a real-time dataset improves the F1 score and is more reliable in field applications.
In future, a larger dataset should be used with a high-memory computer resource to further
evaluate the performance of the model in the real-time agricultural field.
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