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Abstract 

This paper presents a literature study on the applications of Artificial Intelligence (AI) in banana grading. The traditional 
approach of banana grading, primarily dependent on manual labor, is not only time-consuming but also receptive to 
subjective variations. The need for more accurate and efficient solutions has become increasingly necessary. With the 
help of AI technology, we can better address the evolving challenges and demands in automating the grading processes 
of banana-related agriculture. The study focuses on three sub-domains of AI: Computer Vision, Machine Learning, and 
Robotics. This research reviews the application of AI techniques in Banana Grading to help individuals understand the 
significant development of banana-related agricultural systems in the past few years. 
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1. Introduction

In the growing trend of Artificial Intelligence, or AI, one cannot deny that it is the new innovation that is set to change 
lives, particularly in the agricultural industry. Performance in the agricultural industry has improved with the aid of this 
technology, through which different AI driven techniques can be applied. These technologies have helped address the 
excess use of water, pesticides, herbicides, maintain the fertility of the soil, also help in the efficient use of manpower, 
elevate the productivity, and improve the quality [1]. At the present time, the integration of artificial intelligence in 
agricultural crops, for instance, banana grading, not only changes the process of evaluating and categorizing crops, but 
also serves as a key in transforming agricultural activities, supporting livelihoods, and contributing to GDP development 
[2]. 

Agriculture has the potential to profit greatly from the application of technology such as the Internet of Things (IoT), 
sensors, smart devices, Big Data Analytics, Machine Learning (ML), and a wide range of Artificial Intelligence (AI) 
approaches [3]. It is clear that there is a rising interest in using AI and data science in the field of agriculture to assist 
the adoption of disruptive technologies, with the goal of increasing productivity, lowering costs, integrating systems, 
and promoting sustainable agricultural and food production practices [4]. 

The manual grading and sorting processes in banana grading are laborious, time-consuming, and dependent on 
manpower to inspect outer appearances for freshness, to check products for freshness, which leaves room for error. 
The reliance on human vision for classification leads to subjective decisions and increases the risk of biased predictions. 
Traditional methods are also required to be labor-intensive, handmade feature extraction techniques, which can differ 
depending on the kind of images employed for testing and training [5]. 
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This literature study covers significant contributions in which AI techniques were employed for banana crops to 
encounter the discourses for innovation in this field. Three important AI methods were evaluated as concentrated areas 
in this study, particularly Computer Vision, Machine Learning, and Robotics. This research focuses on the application of 
AI techniques in Banana Grading in order to make the individuals understand the significant development of banana-
related agricultural systems in the past few years. 

2. Artificial Intelligence Applications in Banana Grading 

2.1. Computer Vision 

Computer vision is a technology that involves the automated retrieval, interpretation, and comprehension of valuable 
information from images. Logically and algorithmically dependents are involved to accomplish an automated visual 
perception. Computer vision systems are practicable to classify and analyze a wide variety of items, such as fruits, and 
vegetables, into particular grades, detect deficiencies, and assess characteristics or qualities, including color, structure,  
scale, surface defects, and contamination [6]. Moreover computer vision technology, as an emerging technology, exhibits 
promising potential in the agriculture sector. This automation using this sub-domain of Artificial Intelligence decreases 
the reliance on manual labor and improves the speed and consistency of grading. In the future, computer vision 
intelligence technology, built on large-scale datasets, will be employed in every aspect of agricultural production 
management and will play a more significant role in deciphering current agricultural problems [7]. 

Mohamedon, M. F. et al. developed a mobile application using computer vision to identify banana ripeness. They adopted 
transfer learning to extract edges from images of a pre-trained model for classification, employing TensorFlow Lite and 
the Model Maker library to simplify adapting and converting a pre-trained model. The study revealed an accuracy of 
98.25% in identifying banana ripeness through banana live images, and displaying the ripeness level [8]. 

Mazen, F. M. A. et al. introduced an automatic computer vision system for identifying the ripening stages of bananas. 
The proposed system, when compared, outperformed other techniques, together with SVM, Naive Bayes, KNN, decision 
tree, and discriminant classifiers, which achieved a recognition rate of 97.75% [9]. 

Athiraja, A. et al. conducted a study on early detection of banana diseases. They standardized and filtered images to 
detach noise by means of pre-processing techniques. Then, feature extraction techniques for assessing color, shape, and 
texture. Subsequently, employing Adaptive Neuro-Fuzzy Inference System and case-based reasoning algorithms. 
Receiver Operating Characteristics (ROC) curve analysis showed the dominance of the Adaptive Neuro-Fuzzy Inference 
System when compared to the case-based reasoning algorithm in the presented system [10].  

Kimpli, K. et al. innovatively created an expert system technique for evaluating the freshness of banana fruit. This 
program utilized the Google Cloud Platform to transmit a sample banana image, leveraging the Google Cloud Vision 
programming interface to extract attribute values from the image. The obtained analytical results were then compared 
to the application's database of attribute datasets to assess the ripeness of the banana sample image. The integration of 
various components, including image processing and data mining, led to the development of a highly accurate 
classification model for banana maturity, achieving an impressive accuracy rate of 96.15%. This approach signifies a 
significant advancement in assessing the freshness of banana fruit, showcasing the potential of expert systems and 
cloud-based technologies to contribute to the improvement of fruit quality evaluation processes [11].  

Dewi, C. et al did an evaluation of the non-destructive assessment of banana maturity using banana fruit imaging and 
computer vision techniques. The study presented a comprehensive and extensive assessment of the literature on the 
type of picture utilized and the steps of the identification process, beginning with feature extraction, dimension 
reduction, feature selection, and classification. The analysis found significant possibilities for using digital imaging and 
computer vision methods to automatically determine banana ripeness [12]. 

Darapaneni, N. et al., utilized banana fruit to build a computer vision model targeting three use cases: identifying 
bananas in images, determining sub-family or variety, and assessing banana quality. The researchers developed a 
Convolutional Neural Network (CNN) and adjusted a MobileNet model for the highest level of performance using a 
dataset of 3064 images. The model achieved 93.4% accuracy in sub-family/variety classification and a perfect 100% 
accuracy in assessing banana quality [13]. 

Haque, et al suggested a Convolutional Neural Network (CNN)-based computer vision model that accurately classifies 
five strains of bananas: cavendish, lady finger, shabri, green, and red, as well as identifying rotting ones. The researchers 
successfully implemented the two deep learning models, achieving substantial accuracy while adjusting different 
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parameters. Proponents also used well established assessment criteria including accuracy, recall, F1-score, and ROC. 
The second model achieved higher accuracy (93.4±0.8%) and identified rotting bananas with 98.3±.8% [14]. 

The look of fruits and vegetables is an important sensory attribute that influences market value, customer preference, 
and choice. Although individuals can sort and grade, the process is uneven, time-consuming, variable, subjective, 
onerous, expensive, and easily influenced by the environment. As a consequence, an expert fruit grading process is 
necessary. Bhargava and Ansal (2021) provided a complete review of several approaches, such as preprocessing, 
segmentation, feature extraction, and classification, for assessing fruit and vegetable quality based on color, texture, 
size, shape, and flaws. The study includes a rigorous evaluation of several algorithms offered by researchers for quality 
assessment of fruits and vegetables [15]. 

2.2. Machine Learning 

Machine learning, a subset of artificial intelligence, involves the use of algorithms that improve through experience. It 
has been applied in various fields, from healthcare to finance, and now, it’s making waves in agriculture, specifically in 
banana cultivation and processing. One of the applications of machine learning in banana cultivation is ripening stage 
detection. Researchers have developed mobile-based deep learning models for detecting ripening levels in bananas. 
These models can analyze images of banana plants, identify patterns, and provide a diagnosis in real time. Using 
Convolutional Neural Networks (CNN), a type of deep learning algorithm, researchers have been able to classify the 
ripening stages of bananas with high accuracy. This can help determine the optimal time for banana harvest and even 
predict the shelf life of the fruit, leading to reduced waste and increased profits [16].  

Another intriguing use of machine learning is disease detection in bananas. Researchers used CNN to accurately 
diagnose banana illnesses. Researchers used mobile-based deep learning algorithms to identify illnesses in bananas. 
These algorithms can evaluate banana plant photos, identify disease-related patterns, and deliver real-time diagnoses. 
Farmers may now take prophylactic actions to ensure their crops' health and yield [17]. 

Patel, H. B, et al. applied machine learning and deep learning for automated illness diagnosis and grading in bananas. 
The methods involve early disease identification using digital images, image preprocessing, fuzzy clustering for 
segmentation, statistical feature extraction, and an FFNN for classification. The AI system achieves an exceptional 99.8% 
identification rate, providing a reliable tool for farmers in disease diagnosis and banana sorting, surpassing previous 
systems and enhancing productivity in the food processing industry [18]. 

Wang, M., et al. applied different machine learning algorithms. The results showed a high degree of accuracy, with RPD 
values consistently over 2.0 and a ripeness estimation precision of 97.5%. Real-time dynamic monitoring can be made 
achievable by the system's integration into an MCU, demonstrating that it has practical applications in agriculture [19].  

Ratha, A. K., et al. integrated VGG16 deep features and GLCM texture features using an SVM classifier for banana maturity 
estimation. In a two-phase machine learning approach, individual evaluations achieved 92.34% accuracy (VGG16 plus 
SVM) and 89.99% accuracy (GLCM texture feature plus SVM). Parallel feature fusion significantly enhanced 
performance to 99.87% accuracy, showcasing successful automatic ripeness grading for bananas [20]. 

Sabilla, I. A., et al. integrate k-NN, SVM, and DT machine learning algorithms to determine banana type and ripeness 
from peel images, optimizing processing time through PCA for accurate and efficient banana grading. Linear SVM 
achieved the highest accuracy at 99.1%, surpassing k-NN and DT, with grayscale preprocessing and RGB dominance 
values emphasized [21]. 

Kosasih, R., et al. used statistical features and machine learning algorithms, including Naive Bayes and Support Vector 
Machine (SVM), to classify banana ripeness levels based on texture and color information extracted from images. Naive 
Bayes achieved 86.67% accuracy, indicating effectiveness in texture-based classification. The study suggests potential 
for further research, emphasizing increased image data and exploration of deep learning algorithms like convolutional 
neural networks [22].  

Athiraja, A., et al. used multiple machine learning techniques for agricultural applications. For early banana disease 
identification, image processing, soft computing, and ANFIS were used. In AI disease diagnosis, preprocessing and 
ANFIS, along with noise removal, enhanced accuracy. In identifying the maturity of bananas, CNN architectures achieved 
an accuracy rate of over 90%; the first model performed best for both optimizers. Accuracy of transfer learning using 
VGG19 and VGG16 was comparable to earlier studies. The original architecture that was put forth showed better 
average recall and precision (0.87) [23].  
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Paulraj et al. suggested an approach to utilize a neural network and image processing solution to recall and recognize 
ripe bananas in accordance with their respective colors. The RGB color components of the captured banana pictures 
serve as the foundation for the suggested system. There were four sets of bananas of varying sizes and maturity. The 
photographs of bananas were taken everyday in parts, one after the other, till they rotted, and employed a supervised 
neural network model. The model successfully accomplished an identification accuracy of 96% [24].  

Olaniyi, E. O., et al. devised an innovative intelligent identification system aimed at addressing challenges in the field of 
food production, specifically tackling the potential errors associated with human operators grading bananas. The 
introduced approach not only eliminates the likelihood of human error but also seeks to enhance the speed and 
efficiency of labor compared to traditional manual grading methods. Moreover, it is designed to operate effectively in 
environments where human operators may face limitations. The study presented an intelligent identification technique 
tailored for sorting bananas, showcasing superior performance when compared to previous designs. Experimental 
results demonstrated the system's effectiveness in the food processing industry, achieving an impressive 97% 
recognition rate. This underscores the potential of the technology to significantly improve the accuracy and efficiency 
of banana grading processes in the food production sector [25]. 

Bertemes-Filho, P. et al. introduced a banana ripening classification test that utilizes a support vector machine algorithm 
in conjunction with electrical impedance spectroscopy. Through measuring impedance modulus and impedance phase 
within the frequency range of 50 Hz to 1 MHz, the researchers conducted tests on 100 banana samples representing 
three stages of ripening. The results indicated that this method requires minimal processing time and boasts a 
remarkable ability to accurately identify ripeness stages, achieving a 100% accuracy rate. The implications of this 
approach extend to potential widespread application, presenting an opportunity to enhance the reliability and 
profitability of harvest automation [26]. 

2.3. Robotics 

Robotics is a field that includes the design, creation, and operation of robots which have a variety of sensors and 
processes. The integration of robotics in agriculture, particularly in fruit grading, has gained popularity. These robots 
automate labor-intensive tasks to ensure consistent and efficient production since they are equipped with advanced 
sensing and learning abilities which use advanced algorithms, multi-sensor cooperation, and accurate mobile platforms. 
These robots are categorized according to the stages of fruit grading, from seeding to processing, and they support long-
term industrialization. They are made up of a vision system, control system, mechanical actuators, and a mobile 
platform, and their adaptive and efficient design emphasizes their significant role in improving agriculture industry 
[27]. 

Huang P. et al. developed a banana-picking robot that uses machine vision based row-following system. Although, earlier 
results showed that visual perception was unreliable in headland-turning. The authors suggested a new study in which 
an self-navigating picking robot equipped with a smart navigation system for orchard operations is integrated to a 
developed headland-turning approach. The outcomes showed that the turning technique design that was implemented 
which enhanced the robot's capacity to rapidly converge on the path, retain less radial errors, and decrease time, space, 
and deviation in headland-turning [28]. 

Ishikawa, R., et al. develop a fracture-anticipation system for robotic system manipulation using recurrent neural 
networks (RNNs) and tactile sensing. The system uses peeled bananas as one of the subjects in the experiment. The 
implemented network achieves an 80% recall in predicting fractures while maintaining a high success rate in picking 
fragile objects. The system outperforms a rule-based baseline, reducing breakage and enabling fracture-free picking 
[29]. 

Lin, G., et al devised a novel robot for harvesting bananas by implementing a sophisticated learning technique known as 
inverse kinematics. This strategy involves guiding the robot to specific locations. To overcome the limitations of deep 
reinforcement learning algorithms in exploring extensive robot workspaces reliably, the researchers introduced a 
viable alternative termed automated target generation. Addressing the inverse kinematics challenge, they employed the 
twin-delayed deep deterministic approach, demonstrating an average execution time of 23.8 milliseconds and a success 
rate of 96.1% when using automated target generation. In contrast, without this alternative, the success rate dropped 
to a mere 81.2%. Validation of these results was conducted through simulation trials. Field experiments further 
confirmed the efficacy of the proposed approach, showcasing its ability to successfully navigate the robot to each 
designated goal [30].  
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Wu, F. et al introduced an innovative robot model derived from a customized YOLOv3 framework that integrates 
clustering optimization. Through the application of image segmentation and denoising techniques, the researchers 
extracted edge images of flower buds and inflorescence axes. Subsequently, they established a spatial geometry model, 
performing calculations for the middle of symmetry and centroid of the flower bud edges. Experimental outcomes 
highlighted the outstanding performance of the modified YOLOv3 model with clustering optimization, demonstrating a 
commendable equilibrium between speed and precision in both front-lighting and backlighting scenarios. The 
proportion of images meeting the positioning requirements reached 93% and 90%, respectively. These findings 
revealed that the proposed method effectively meets the real-time operational necessities of the banana bud-cutting 
robot, showcasing its ability to deliver reliable results in various lighting conditions [31]. 

Chen, M. et al. present a multi-vision technology-based assessment framework that utilize a approaches to develop the 
execution of multi-view-geometry-based vision modules for taking fruits in orchards. The experiment's findings proved 
the accuracy and consistency of the suggested adaptive stereo-matching technique at various sampling depths. 
Furthermore, multi-view point clouds were accurately merged using the suggested point cloud stitching technique. 
Theoretical and practical benchmarks for 3D sensing of banana central stocks in complex situations were developed by 
this study [32]. 

Baskaran, S. & Kumar, T. R. (2021) address issues in banana cultivation by initiating the design, structural, and 
computational fluid dynamics simulation of an agricultural field robot sought to assist banana cultivation through the 
creation of plantation holes for banana seedlings, which is then modeled in 3D using SolidWorks software with 
appropriate dimensions. Following this, by means of applying desired material properties to separate components, a 
static structural analysis is performed on the assembly. After the completion of the structural analysis, a CFD analysis is 
carried out using Ansys-Fluent Workbench for analyzing the wind effects on the robot [33]. 

Onishi, Y. et al. offer a system for recognizing fruits and automating harvesting employing a robotic arm. To detect the 
position of fruit, a Single Shot MultiBox Detector is utilized in conjunction with a stereo camera. After inverse kinematics 
determine the angles of the joints in the observed proximity, the robot arm advances to the target location of the fruit. 
The robot harvests the fruit by means of twisting its hand axis. The trial findings revealed that there are higher than 
90% of the fruits were identified. Furthermore, the robot can pick an apple in 16 seconds [34]. 

Zhou, H. et al. conducted a evaluation of the current state of the art in fruit harvesting robots, undertaking a survey and 
comparative analysis of 47 applications spanning the past two decades. This assessment not only showcased the general 
performance of each system but also identified prevailing research trends. Key performance metrics such as collect 
success rate, harvesting speed, and damage rate were selected for comparison, given their significance to the economic 
viability of a robotic system. The extensive research and comparison of harvesting robot performance unveiled a 
substantial gap between existing automated harvesting technology and commercialization. Contrary to expectations, 
the overall performance of these robots has not surpassed that of their human counterparts. Furthermore, the essential 
data required for successful commercialization remains incomplete, highlighting the considerable distance yet to be 
covered in bridging the existing disparities [35]. 

3. Challenges and Opportunities 

There are challenges in implementing banana grading across the sub-domains of artificial intelligence. About computer 
vision, the complexity of significant quality attributes of bananas, including size, texture, color, shape, and deformity, 
poses challenges for accurate and reliable classification. When capturing images of bananas, only one direction is tested, 
but more angles are required to cover up during the image acquisition, which also entails a challenge in this direction 
[36]. In machine learning, issues related to computational resources for training and testing algorithms, and user-
friendly predictive models for farmers and other end-users, present logistical challenges [37]. Additionally, robotics for 
the gentle handling of bananas presents challenges, where a requirement for advanced mechanization systems to 
ensure the quality of banana hands (clusters or bunches of bananas) and prolong the transportation time is needed as 
banana hands are susceptible to mechanical damage [38]. 

In spite of these challenges, numerous opportunities for artificial intelligence for banana grading have provided a way 
of making progress toward industry advancement. One advantage is crop cost reduction which helps by means of 
reducing manual labor worked by farmers and related stakeholders [39]. Another opportunity includes improved 
quality control which aided precision grading from various quality factors of the banana crops. Moreover, opportunities 
for research and innovation in the banana agricultural industry can pave the way for further development and 
advancement in this significant field. 
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Image processing and computer vision systems are scientific mechanisms in agriculture and industry due to their 
exceptional performance, increasing cost effectiveness, ease of use, and resilience. TCVS or Traditional computer vision 
systems, as of now, are widely used for fruits and vegetables grading. TCVS analyze properties such as color, texture, or 
even defects, to improve detecting these properties, dynamic tools are provided to TCVS so as to lessen faults in 
recognition. Still, many challenges are present when detecting defects such as uneven light distribution, wavelength 
selection, time consuming acquisition of images, and so on. While it is common to detect characteristics such as color, 
texture or form, other properties should also be explored. Additionally, adjusting the weight value may also be 
considered to increase performance. Major breakthroughs in Terahertz imaging, Raman imaging, and 3D techniques 
may be utilized for fruit and vegetable quality assessments [40]. 

4. Conclusion 

The literature analysis on artificial intelligence implementations in banana grading revealed important advancements 
in three central areas: computer vision, machine learning, and robotics. Related studies about Computer Vision imply 
that approaches, involving 3D Computer Vision, image understanding, and image processing have the potential to be 
effective for automating labors such as ripeness recognition, illness detection, and quality assessment. This not only 
makes speed and precision better, but also makes less demand for manual labor. Machine learning, especially deep 
learning algorithms such as CNNs, supports banana farmers to make better decisions by precisely recognizing ripeness 
stages and identifying illnesses. For this reason, combining these algorithms into grading systems increases efficiency 
and lowers waste. On the one hand, Robotics brings inventive solutions in the form of autonomous picking robots, 
fracture-anticipation systems, and banana-harvesting robots.  
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