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Abstract

The conventional process of visual detection and manual harvesting of the banana bunch has been a
known problem faced by the agricultural industry. It is a laborious activity associated with
inconsistency in the inspection and grading process, leading to post-harvest losses. Automated fruit
harvesting using computer vision empowered by deep learning could significantly impact the visual
inspection process domains, allowing consistent harvesting and grading. To achieve the goal of the
industry-level harvesting process, this work collects data from professional harvesters from the
industry. It investigates six state-of-the-art architectures to find the best solution. 2,685 samples were
collected from four different sites with expert opinions from industry harvesters to cut (or harvest)
and keep (or not harvest) the banana brunch. Comparative results showed that the DenseNet121
architecture outperformed the other examined architectures, reaching a precision, recall, F1 score,
accuracy, and specificity of 85%, 82%, 82%, 83%, and 83%, respectively. In addition, an
understanding of the underlying black box nature of the solution was visualized and found adequate.
This visual interpretation of the model supports human expert’s criteria for harvesting. This system
can assist or replace human experts in the field.

1. Introduction

In the food sector, fruit quality is of the utmost importance. Meeting customer demands and producing high-
quality fruits at a rapid rate necessitates the use of high-performance technology[1]. In addition, the food
business is one of the few industries with restrictive criteria and limits due to its reliance on weather conditions
and the labor market [2]. For instance, if the fruits were not harvested at the optimal time owing to weather
circumstances, the quality and quantity of the harvest may decline due to inclement weather and excessive
ripening of the fruits.

Fruit harvesting is a decision-making job that determines whether the fruit is ready to harvest based on the
various characteristics, such as visual features of the fruit [3]. Human harvesters have overcome the majority of
technical procedures in the food [4] harvesting business, frequently using a mixture of automated and manual
operations. However, these harvesters are occasionally vulnerable to fatigue due to lack of sleep and overwork,
which can adversely impact their performance when visually making decisions. Therefore, it could be treated as
a computer vision issue that can be potentially addressed by using machine learning [5].

In current years, different visions based on fruits such as apple [6] were done using convex methods [6] and
deep learning method [7]. These fruit detection methods are the first step of the fruit harvesting process. After
detecting the fruit, the decision is made to harvest or not. These problems are also majorly present in the banana-
related industry, which uses the most widely cultivated fruit crop for commercial purposes and is the
predominant staple food in numerous developing nations [8].

In the banana harvesting process, as it is known for each ripening stage, bananas have different nutritional
properties. Therefore, selecting ripe bananas is essential to acquire fruit that meets all requirements [9]. Before
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Figure 1. Proposed system for banana branch harvestability classification.

ripening begins, bananas are often collected in the matured green stage, where they stay firm and green without
major changes in peel color, texture, or composition [10].

Commercial harvesting is a balancing act where the bananas are harvested in green stages for transport and
storage. It also needs to keep the nutritional content. Furthermore, different factors, such as weather, price,
moisture, and age of the bananas transport, play a role. Normally, human experts classify the right banana stage
for harvesting using visual clues. Such a procedure is likely to be subjective and error-prone. These types of
problems can be solved by computer vision with machine learning. Previously, computer vision was used in
agriculture for sorting and grading banana crops [11].

Various computer vision-based techniques were also developed to evaluate the ripening stage of bananas
based on the bananas’ morphology [12]. These computer vision algorithms have the potential to provide an
automated and non-destructive tool for banana sorting based on the visual features of the banana. A detailed
literature review was done by Baglat et al [13]. The literature overview shows that various studies have been
conducted in the past for banana grading using deep-learning approaches. Still, none focused on when the
banana bunch should be harvested from the field on an industrial scale, which is one of the major concerns of
banana-based industries.

Harvesting banana bunch at the right maturity age is crucial because if it is cut before the proper aging time,
it might not be appropriately matured in the greenhouse or may not have adequate nutrition. If cut after, it might
be prone to disease, and shipping might not be feasible as it can rote during transportation [10]. Therefore, the
main objective of this paper is to classify banana bunches for harvesting based on their right maturity stage using
deep learning approaches, leading to a less error-prone, non-destructive approach.

The following is an outline of this research work structure: section 2 describes the dataset collection, how we
classified banana bunch harvests, and the criteria used to evaluate our findings. The experimental results and
conclusions we have drawn from this study are presented in section 3. The interpretability features of the
machine learning model we have used are covered in detail in section 4. Section 5 concludes the debate by
providing a finding of the study, exploring possible avenues for future research, and outlining the inherent
limitations of the current study.

2. Methodology

The proposal started with data collection from different sites multiple times. Annotation of the data created after
consulting with the expert team. Then, different data preprocessing processes, such as data cropping, resizing,
and argumentation, were done to prepare the data for machine learning models. In addition to that, different
evaluation metrics were used for training and testing the system properly. Figure 1 shows the flow of the
proposed system, composed of three main components: (1) Dataset Creation; (2) Data Pre-processing; (3)
Machine Learning Models; (4) Performance evaluation.

2.1. Dataset creation

A total of four fields were chosen for this study, and pictures were captured with mobile phones (Samsung
Galaxy A12, Samsung Galaxy Note 9, and OnePlus 9) in multiple environmental conditions throughout the year
to represent the practical situation better and make the system more robust and able to generalize.
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Figure 2. Combination of Google Earth and drone images of the field. The marked area represents the exact location of the field.

Table 1. Description of the produced dataset.

Num of images
Fields name Area thousands m** Altitude m® Num of visits Cut Keep
Santo Ant6nio 1 297-308 4 20 177
Ponta do Sol 4 65-110 9 148 330
Lugar de Baixo 5 21-42 13 581 655
Cémara de Lobos 9 69-103 3 394 380
Total 19 21-308 29 1,143 1,542

* Approximate.
® Approximate from sea level.

The fields were chosen to represent conditions at four different altitudes from 21 to 308 m from sea level and
are designated according to the location: Santo Anténio; Camara de Lobos; Ponta do Sol; and Lugar de Baixo,

which cover 19 thousand m? area. Figure 2 shows the fields by a drone and Google Earth.

A summarization of the data collection is shown in table 1. A dataset of 2,685 images of banana bunches was
collected along with the banana harvesting experts’ team classification in Madeira Island, Portugal. The research
team visited the fields with the harvesting expert team 29 times, taking pictures of all bunches before they were
harvested and later (on the same day) taking photographs of non-harvested bunches.

All images were collected in the RGB color space and in the Joint Photographic Experts Group (JPEG)
format. Among the collected images, 1,143 were harvested or ‘Cut’ images, whereas 1,542 images of unharvested
bananas were indicated as ‘Keep’. To differentiate between pictures, a number plate system was used with X’ and
‘A’ for ‘Cut’ and ‘Keep’, respectively. A sample of harvested and non-harvested pictures indicated by ‘Cut’ and
‘Keep’ are shown in figure 3. The data was made available online as a Mendeley dataset [14].

2.2. Data pre-processing
Data preprocessing is one of the main steps in the machine learning process. In this work, an Automatic Data

Cropping technique is developed for processing a large number of images. The dataset is divided into three
subsets, with 70% of data (1,879 images) used for training, 15% (403 images) for testing, and 15% for validation
employed for the early stopping criteria. Later, data resizing and normalization with argumentation were done

for the machine learning process.
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Figure 3. Sample images with numbering plate and after cropping the region of interest (ROI) (a) Cut, (b) Cut, (c) Keep, and (d) Keep.

2.2.1. Automatic data cropping

From the sample images from figure 3, it is visible that the number plate is evident in the collected pictures. If the
model is trained on these images directly, instead of learning the features of the banana, in the worst-case
scenario, it learns the numbering system X’ and ‘A’. In addition, in the case of data collection in the fields, it was
not always possible to keep the banana brunch in focus. To solve these problems, an automatic region of interest
with the transformation of the annotation from images to the data set is developed. This was done in a three-step
process.

Initially, the system identifies number plates within the images based on color information. Subsequently, it
employs the Easy Optical Character Recognition (EasyOCR) [15] method, leveraging the Character-Region
Awareness For Text (CRAFT) [16] algorithm for character detection and a Convolutional Recurrent Neural
Network (CRNN) [17] for recognition. This step enables the precise localization and extraction of characters
from the number plates.

Finally, utilizing the known positioning of the number plates at the bottom part of the banana bunch during
data collection, the system employs the detected characters to automatically locate and crop the image,
preserving only the region of interest the banana bunch.

By implementing this methodology, the dataset is enriched with accurately annotated images, ensuring that
only relevant portions containing the banana bunch are retained for further analysis and training. This way, it
was possible to only keep the region of interest (ROI) banana brunch in the images (figure 3).

2.2.2. Data resizing and normalization

All the images were resized to 256 x 256 pixels to be suitable for the input of the pre-trained deep learning
model. Furthermore, the resulting pictures were normalized using the min-max method Field [18] to reduce the
environmental-related effects. Subsequently, the intensity value of all images was normalized in the 0 to 1 range.

2.2.3. Data augmentation

The collected image data were augmented to mimic real-world issues such as camera angle when the pictures
were taken, zoom range of 0.2 used to accommodate the change in the distance when the picture was taken,
horizontal flip compensates the mirror image of the banana bunch, and width shift range of 0.2 shifts the image
horizontally as in some picture’s banana bunch is not in the center of the image. These augmentations increase
the diversity and are used to build a more generalized and robust system [18].

2.3. Comparative study of CNN architectures

This research aims to identify the optimal harvesting point of banana bunches by examining images. Finding
image-based features manually is usually a cuambersome task that can lead to suboptimal results [19]. The deep
learning-based models are suitable for this task as they automatically detect relevant features. However, training
the deep learning-based models requires finding the optimum model structure, which requires a huge
computation power and a lot of data.

Itis well established in ML that Transfer Learning (TL) is suitable for transferring the knowledge of one
problem to another. It reduces the training time as well as the requirement of the amount of data. Therefore, six
ML architectures named DenseNet121, VGG19, MobileNetV2, Inception-V3, Xception, and NASNetLarge
were used for TL in this research.
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In this study, Transfer Learning (TL) was utilized to repurpose a pre-trained machine learning model for the
task of detecting the harvestability of banana bunches. TL involves two stages: freezing and fine-tuning the
network. During the freezing stage, the pre-existing weights and parameters of the model were kept unchanged,
as they had been trained on a large image dataset [20]. In the fine-tuning stage, the fully connected layer of the
model was substituted with two fully connected layers, each with two neurons at the output layer, to classify
whether the banana bunch should be harvested (‘Cut’) or not (‘Keep’).

Model training was performed on the training set created after the data augmentation technique. Itis
important to note that the test data was not augmented and that no image was ever selected to be in both train
and test data. Each batch contained 32 images in the training process. The Adaptive Moment (Adam) algorithm
[21] optimized the network with alearning rate of 0.001. The model was set for 100 epochs in training with an
early stopping criterion (with patience of 20), which was used to overcome the overfitting problem and help to
generalize the model better. Since the dataset collected in this study was imbalanced, the default binary threshold
of 0.5 can result in suboptimal performance. Therefore, the threshold tuning [22] was carried out to improve the
system’s performance. Threshold tuning was performed on the validation dataset, giving the best threshold
value for classification instead of the default 0.5 value.

A brief description of ML models used in this work is followed:

2.3.1. DenseNet121

In DenseNet121, an input image is processed through several convolutional layers in the conventional version
of CNN to obtain high-level features [21]. Unlike other popular pre-trained CNN networks like VGG [23] and
ResNet [24], DenseNet uses dense connections where each layer receives an extra input feature map from all the
previous levels. Since each layer gets a feature map from the preceding layers, the network reuses those feature
maps, resulting in less computation time. Furthermore, the DenseNet architecture was designed to address the
rampant vanishing gradient problem in the deep learning [21].

The DenseNet architecture comprises DenseBlocks and transition layers. It uses four DenseBlock, each
consisting of 1 x 1 convolution followed by 3 x 3 convolution layers. The feature maps from the previous layers
are densely coupled to achieve a more complex feature map, increasing the system’s efficiency. The Transition
layer consists of batch normalization followed by the Rectified Linear Unit (ReLU) activation function, followed
by 1 x 1 convolution and by the average pooling layer that will downsample the network to stop it from
becoming too large due to dense connection.

2.3.2.VGGI19
The Simonyan and Zisserman-developed VGG-19 is a crucial convolutional neural network and a key member
of the larger VGG family [23, 25]. With a layered design alternating between multiple convolutional layers and
non-linear activation layers, VGG-19 outperforms single-convolution methods regarding network depth
compared to standard convolutional neural networks [26]. VGG-19, a deep learning neural network, has 19
interconnection layers, including 16 convolutional layers for extracting important features from input images
and 3 fully connected layers for classifying images using these features. Max pooling layers are carefully
integrated [25] to decrease feature dimensionality and lessen the danger of overfitting.

The ImageNet dataset, a sizable collection of one million images arranged into 1000 classifications, trains the
VGG-19. Tt uses several 3 x 3 filters efficiently in each convolutional layer with an input size of 224 x 224 x 3, so
itis effective at classifying images [27].

2.3.3. MobileNetV2

The foundation of MobileNetV2 is built upon that of MobileNetV1 [28]. The depth-wise separable convolution
concept was first developed for MobileNetV 1. It divides convolution into two independent tasks: a depth-wise
convolution for input filtering and a point-wise convolution (1 x 1) to combine these filtered values into new
features, and 13 depth-wise separable convolution blocks were placed below a standard (3 x 3) convolution layer
in the original MobileNetV1 architecture [29].

For mobility, Depth-wise Separable Convolution (DSC) is still used in MobileNetV2. Linear bottlenecks are
used to overcome the problem of information deterioration in non-linear layers within convolution blocks, and
aunique structure known as ‘inverted residuals’ is also introduced to retain information [28]. The network’s
gradients can move more easily thanks to the integration of residual connections. Batch normalization and
ReLu6 activation layers come after each convolution layer; ReLu6 is a variation of the ReLu activation function
with a maximum value of 6 and 17, and these bottleneck blocks make up the entire MobileNetV2 design, which
is followed by standard (1 x 1) convolutions of an average pooling layer and the final classification layer [29, 30].

The parameter counts and computational cost of MobileNetV2 are dramatically reduced to about 18% of
the standard convolutions [28] by retaining the use of DSC from MobileNetV1 together with depth-wise and
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pointwise convolutions. This design is preferred because it is straightforward, has good memory efficiency, and
is primarily suited for mobile applications [30].

2.3.4. Inception-V3

A popular convolutional neural network architecture in the field of image identification is represented by the
Inception-V3 model [31]. Itis a pre-trained model created by Google that was trained using a sizable dataset of
more than 1.4 million photos divided into more than 1,000 different classes. The input image size for Inception-
V3issetat299 x 299 pixels, with the main goal of developing the model to address computing efficiency and
parameter limits while implementing it in practical applications.

However, Inception-V3 outperforms VGGNet in terms of processing time despite this input size being 78%
larger than the 244 x 244 pixels employed in the VGGNet design. Convolutional layers, average pooling, max
pooling, concatenation operations, dropout layers, and fully linked layers are some of the building components
that make up the Inception-V3 model. The activation inputs are heavily subjected to batch normalization
throughout the model, which promotes more effective training. The Softmax function is used in Inception-V3
loss computation.

Using convolutional kernels of various sizes by Inception-V3 gives it a unique feature that allows the model
to create receptive fields with various spatial extents. Intending to streamline the network architecture,
Inception-V3 uses a modular strategy that is later consolidated, making it possible to combine features at various
scales.

Between the auxiliary classifier and the fully connected layer in Inception-V3, a Batch Normalization (BN)
layer has been deliberately introduced as a regular component [32]. Due to BN’s compatibility with batch
gradient descent optimization techniques, this addition of BN improves deep neural network training time and
encourages model convergence. In addition, Inception-V3 uses a method that sequentially divides big
convolutional kernels into smaller ones.

Label smoothing regularization is also added to guarantee smoother model training, along with convolution
and pooling procedures being combined in parallel. Inception-V3 adds BN to address the problem of
distribution inconsistency between inputs and outputs in standard deep neural networks. This normalization
method optimizes the learning process by ensuring that the inputs to each layer are scaled correctly [32, 33].

2.3.5. Xception

The Inception-V3 model served as the basis for the Xception architecture, a notable innovation in convolutional
neural networks that added depth-wise separable convolution layers with residual connections to improve
computational efficiency and feature representation. By separating the learning channel-wise and spatial
characteristics, the depth-wise separable convolution is essential to Xception. Additionally, by establishing
shortcuts inside the sequential network, adding residual connections addresses the issues related to vanishing
gradients and representational bottlenecks [34].

Consider the Inception-V3 technique to clarify the architectural progress. It first processes cross-channel
correlations using 1 x 1 convolution kernels, then separates 3 x 3 convolution kernels to record spatial
correlations on each 1 x 1 convolution output channel.

Traditional convolutions, in contrast, regard each input channel as a separate segment, whereas depth-
separable convolutions do the opposite. Hundreds of channels are often split into three or four segments by
inception modules. To construct a separable convolution, the ‘extreme’ inception module in Xception, on the
other hand, adopts a novel strategy by treating all input channels as a single segment. An additional mechanism
for linear residual connections is introduced by Xception [35].

Given these developments, the Inception module can be replaced by the depth-wise separable convolution,
providing a chance to improve the Inception series architecture by building models using stacked depth-wise
separable layers [34]. This change enhances feature learning capability and computational efficiency in the
Xception model.

2.3.6. NASNetLarge

NASANet, also known as the Google-launched Neural Architecture Search Network-Large (NASNetLarge),
pioneered the use of Reinforcement Learning (RL) to address the CNN architecture design difficulty. The main
goal was to determine the best combination of filter sizes, output channels, strides, layer counts, and other
architectural parameters within a predetermined search area. A convolutional neural network named
NASNetLarge was trained on a sizable dataset comprising more than a million photos from the ImageNet
collection. With its accurate classification of photos into 1,000 different object categories, including
commonplace items like pencils and keyboards, as well as a wide variety of animals, this network has astounding
capabilities. It should be noted that the network uses photos that have been reduced in size to 331 x 331 pixels,
creating rich feature representations [36].
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The fully linked layer from the initial pre-trained network must be removed as part of the main feature
extraction procedure in NASNet. NASNet differs from traditional CNNs by using blocks or cells, despite sharing
many components with them. Notably, these cells are found using a reinforcement learning-based search
method rather than being predefined by the authors.

Normal and reduction cells comprise the two types of cells that make up NASNet. Reduction cells are
convolutional cells that produce feature maps with a two-fold reduction in both height and width as opposed to
normal cells, which produce feature maps with the same dimensions [37]. With the help of this innovative
architecture optimization method, a convolutional neural network can perform various image recognition
tasks.

2.4. Evaluation metrics

Five standard matrices were used to evaluate the proposed architecture’s performance: accuracy; precision;
recall; F1 score; specificity. All of these matrices were calculated using the four standard parameters: True
Positive (T},); False Positive (F,); True Negative (T,); False Negative (F,). These metrics can be represented by

Accuracy (Acc) = (T[T, + Fy, + T, + F) &)
Precision(Pre) = (T,) (T, + F,) Q)
Recall (Rec) = (Tp)/(T, + F,) 3)

F1 score = 2 x (Pre x Rec)/(Pre + Rec) 4)
Specificity(Spe) = T,/(T; + E) 3)

3. Result and discussion

This study uses six deep learning state-of-the-art deep learning models, namely DenseNet121 [21], VGG19 [23],
MobileNetV2 [38], InceptionV3 [33], Xception [39], and NASNetLarge [40]. The obtained results are presented
in figure 4 and table 2. The optimal result would have only T\, and T,,. It was observed that MobileNetV2 and
InceptionV3 reached the utmost T, but struggled with more with F, values, especially the InceptionV3 model.
The DenseNet121 maximized the T, and T), values while minimizing the F, and F,, values, leading to the best
performance. These observations are further stressed when examining the results shown in table 2.

Though there is no exact work in the literature to compare with the propsed research. State of artwork such
as Saranya et al [41] proposed a Convolutional Neural Network (CNN) that can grade the banana into four
ripeness stages. The proposed architecture was also compared with state-of-the-art deep CNN networks, Visual
Geometry Group16 (VGG16), and Residual Network50 (ResNet50), achieving an utmost accuracy of 96.1%,
where this work archives 83.3%. However, a limitation of this work is that a small dataset (273 images) was used,
which can lead to poor assessment regarding the generalization potential of the model.

Saragih and Emanuel, [8] used two pre-trained CNN networks based on MobileNetV2 and Neural Search
Architecture NetMobile (NASNetMobile) architectures. A bilateral filter for noise removal was employed, and it
was concluded that MobileNetV2 is the solution that gives higher accuracy (96.2%) with 436 images. However,
this work focused on single banana fingers and based on color, which is not suitable for industrial solutions.
Similar issue also occurs in CNN networks based on the VGG16 architecture. Ramadhan et al [42] classify the
banana into four stages with an accuracy of 72.0%.

Zhu et al [43] created a dataset containing 150 images with three classes (unripened, ripened, and over-
ripened) based on maturity. The Cycle Generative Adversarial Network (CycleGAN) was used to enlarge the
dataset. Rank filtering and log transformation were used to remove noise and improve contrast. Afterward, a
Support Vector Machine (SVM) was used for classification and achieved an accuracy of 98.5%. The ripened class
was further divided into two categories (mid-ripened and well-ripened) using You Only Look Once v3
(YOLOV3) with an accuracy of 85.7%.

Marimuthu et al [44] classified the banana hand (cluster banana) instead of the single banana in three stages:
unripe, ripe, and overripe, which is likely more practical with real-time applicability. A Particle Swarm
Optimized (PSO) fuzzy model was used for classification, and an accuracy of 93.1% was attained.

Mohamedon et al [45] created a mobile application using CNN based on the selected EfficientNet-Lite
model because it presents low computational time with high accuracy, making it feasible for mobile
applications. A dataset consisting of 571 samples were categorized into three classes, and the proposed model
attained an accuracy of 98.3%.
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Figure 4. Confusion matrix reached using (a) DenseNet121, (b) VGG19, (c) MobileNetV2, (d) InceptionV3, (e) Xception, and

Table 2. Performance metrics in percentage of the examined deep

learning models.

Model Pren Rec Flscore Acc Spe
VGGI19 80.5 78.5 79.0 80.0 79.0
MobileNetV2 81.0 81.5 81.5 81.7 84.4
InceptionV3 81.5 81.5 81.5 81.5 85.6
Xception 76.0 77.0 76.0 76.8 81.2
NASNetLarge 75.5 75.5 75.0 75.3 81.5
DenseNet121 85.4 82.0 82.5 83.2 83.2

Though some of the previous works’ accuracy was considerably high, these works defined ripe and non-ripe
bananas, while none at the commercial level, where, as previously discussed, banana is harvested much earlier
than the ripeness level of bananas (due to the transport and storage of the banana distribution chain line). In the
commercial case, most of the time, the banana is green, with no color change compared to normal ripeness,
where color changes due to the ripeness, which makes the proposed work more difficult than the state of art.
Therefore, it is not feasible to directly compare this work with any other state-of-the-art works.

DenseNet outperforms other pretrained models for banana harvesting due to its unique architecture that
fosters dense connections between layers. This facilitates feature reuse and enhances gradient flow, enabling
more effective information propagation throughout the network. Additionally, DenseNet’s dense connectivity
reduces the risk of vanishing gradients, thereby mitigating the challenges associated with training deep neural
networks. These advantages culminate in improved model performance, robustness, and generalization
capabilities, making DenseNet an optimal choice for the demanding task of banana bunch classification.
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Figure 6. Predictions of the best performing in (a) T, (b) Ty, (c) Fy,, and (d) F, samples.

4. Explainability of ML

One of the main limitations of deep learning architectures was their black box characteristics [43]. However, to
further improve the models, it is important to understand why they behave in a particular way and which aspects
lead to the result. A common practice is performing a visual explainability, for example, where it is possible to
visualize which section of the image the deep learning architecture focuses more on. For this purpose, the
Gradient Weighted Class Activation Mapping++ (GradCAM++) [44] method was used to examine the best-
performing model. Figure 5 highlights the region of interest (where the model responds more). For better
visualization, it also shows the superimposed image.

Astonishingly, the model focuses on the banana bunch in figure 5, especially on the top part of the bunch.
Such suggests that these regions are the most significant in the analysis and agree with the feedback provided by
the specialists, as they focus more on the top region of the banana bunch for making harvesting decisions. Most
of the decisions related to fruit harvesting were taken by visual inspection and after seeing the excellent results
shown using GradCAM++, suggesting that the DenseNet121 model can be used for fruit harvesting.

Another relevant examination is to understand which characteristics lead the model towards
misclassifications. Figure 6 shows the forecasts of the best-performing model in four conditions: correctly
predicted ‘Cut’; correctly predicted ‘Keep’; misclassified ‘Cut’; misclassified ‘Keep’. After examining the
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misclassified samples and backtracking with the experts, it was concluded that these occurred when the
harvesting decision was strongly affected by external factors in bordering samples.

The most substantial factor involves the weather conditions, as in bothering samples, the decision was based
on when the cutting team was coming back to the field and the weather forecast for these days. In most cases, it
was decided to cut the bunch if it was expected for it to be too ripped in the subsequent cutting operation (which
could be in several weeks). These samples lead to an F,,. The converse happened when the weather dictated that
the bunch would be ready for harvesting in the subsequent visit, leading to F,, samples. Therefore, adding
weather-based information could further improve the performance of the model.

5. Conclusion

The agriculture industry needs an automatic banana bunch harvestability appraisal system. The significance of
such a system emerges from its critical requirement in the agriculture industry, which is experiencing
tremendous demand at a rapid pace. Such a system should be determined to be the most efficient, dependable,
accurate, and flexible system for the agriculture sector.

This article proposed a deep learning-based automatic system for banana bunch harvestability analysis based
only on the visual appearance of the banana bunch. Various state-of-the-art deep learning-based models were
studied and evaluated on a created banana bunch dataset. The results indicate that the DenseNet-based model
outperforms all the other deep models. Furthermore, the proposed study has shown good performance with an
accuracy higher than 80%, only struggling in the borderline samples.

In the future, the system can be built to include external factors such as weather conditions. Furthermore,
the model can be trained on a larger dataset for more generalized and robust results, which can be used for
various applications like robot-based automatic banana bunch harvesting.
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