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Abstract   

In recent years, computer vision has emerged as a powerful tool for automating various 

processes in agriculture, particularly in greenhouse environments. The identification and 

classification of vegetables and fruits within greenhouses play a crucial role in monitoring crop 

growth, assessing health status, and optimizing resource utilization. This review study provides 

a comprehensive overview of recent advancements in computer vision techniques for the 

identification of vegetables and fruits in greenhouse settings. This study discusses about 

various methodologies and challenges in this domain, aiming to provide insights for researchers 

and practitioners interested in leveraging computer vision for greenhouse agriculture. 

Keywords: Computer Vision, Greenhouse Agriculture, Fruit and Vegetable Identification, 
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 Introduction 

Greenhouse agriculture plays a pivotal role in ensuring food security, overcoming 

climate challenges and supporting agricultural productivity in the face of evolving 

environmental challenges. With the growing global population and changing dietary 

preferences, there is an increasing demand for efficient and sustainable methods of crop 

cultivation. In this context, computer vision has emerged as a transformative technology, 

offering novel solutions for automating various aspects of greenhouse management. One of the 

critical tasks in greenhouse agriculture is the identification and classification of fruits and 

vegetables. Accurate and timely recognition of crop varieties, growth stages, and health 

conditions is essential for optimizing resource allocation, monitoring crop development, and 
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maximizing yield [1]. Traditionally, manual inspection and monitoring have been labour-

intensive and prone to errors, leading to inefficiencies in crop management practices. 

The introduction of computer vision techniques has revolutionized the way people 

perceive and interact with agricultural systems, enabling the development of automated and 

intelligent solutions for greenhouse monitoring and management [2]. By leveraging advances 

in image processing, machine learning, and deep learning, researchers and practitioners have 

made significant strides in the field of greenhouse fruit and vegetable identification. 

This review aims to provide a comprehensive review and comparison on recent 

advancements in computer vision-based techniques for fruit and vegetable identification in 

greenhouse environments. We will explore various methodologies, challenges, and future 

directions in this domain, with the goal of shedding light on the potential applications and 

implications of this technology for greenhouse agriculture. 

 Computer Vision Techniques 

Computer vision techniques encompass a broad array of methodologies aimed at 

extracting meaningful information from visual data. In the context of greenhouse agriculture, 

these techniques are instrumental in analyzing images captured within greenhouse 

environments, facilitating the identification and classification of fruits and vegetables [3]. 

Computer vision systems utilize a combination of hardware and software components to 

process visual information, enabling automated decision-making and enhancing agricultural 

productivity. 

Computer vision has significantly advanced greenhouse management, offering precise 

monitoring and automation in plant growth, fruit counting, disease detection, ripeness 

classification, and flower and fruit identification as shown in Figure 1. 
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Figure 1. Real-Time Fruits and Vegetables Detection using Computer Vision 

Techniques 

2.1 Plant Growth Monitoring 

Recent research has integrated wearable sensors with Fiber Bragg Gratings (FBGs) to 

monitor plant growth non-invasively. These sensors are designed to be flexible and 

biocompatible, enabling accurate detection of growth changes without disturbing plant 

functions. This technology allows for real-time monitoring of physiological and microclimate 

parameters, enhancing the efficiency of greenhouse management by providing detailed growth 

data under varying environmental conditions [4]. 

2.2 Fruit Counting and Identification 

Deep learning techniques have been widely adopted for fruit counting and 

identification. Convolutional Neural Networks (CNNs) are effective in recognizing and 

classifying fruits in complex scenes [5]. Advanced models like Mask R-CNN and Faster R-

CNN have been used to detect and count fruits such as tomatoes, apples, and sweet peppers 

with high accuracy. For instance, the DeepFruits system uses Faster R-CNN to combine RGB 

and near-infrared (NIR) images for improved fruit detection [6, 7]. 

2.3 Disease Detection 

The detection of plant diseases using computer vision involves deep learning models 

that can identify multiple diseases in real-time. Techniques like CNNs and other neural network 
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architectures have shown high accuracy in detecting fine-grained, multi-scale diseases in 

various crops, including apples and tomatoes [8]. These models can differentiate between 

healthy and diseased plant parts, enabling early intervention and reducing crop losses [9]. 

2.4 Ripeness Classification 

Ripeness classification is critical for ensuring the best quality of harvested fruits and 

vegetables. Computer vision systems use color analysis and texture features to determine the 

ripeness stages. Methods like pixel-level segmentation and machine learning classifiers 

analyze color spaces to identify ripe fruits. Recent advancements have employed deep learning 

models to classify ripeness stages more accurately, leveraging large datasets and sophisticated 

algorithms to improve precision [10] [11]. 

2.5 Flower and Fruit Identification 

Accurate identification of flowers and fruits is essential for tasks like automated 

harvesting and yield estimation. Deep learning models, particularly those based on CNNs, are 

extensively used for this purpose. These models can segment and classify different parts of the 

plant, such as flowers, fruits, and leaves, even in complex greenhouse environments. 

Innovations like VGG and ResNet architectures have improved the detection rates and 

precision, facilitating better management of greenhouse crops [12] [13]. 

 Methodologies and Algorithms 

3.1 Image Acquisition Systems in Greenhouses 

Image acquisition systems in greenhouses are crucial for capturing high-quality images 

of crops at regular intervals. These systems may employ various imaging devices, including 

digital cameras, hyperspectral cameras, or multispectral sensors, based on the particular 

application requirements [14]. Stationary cameras mounted at strategic locations within the 

greenhouse provide a static view of the crops, while mobile robotic platforms equipped with 

cameras can traverse the greenhouse space to capture images from multiple perspectives. The 

choice of imaging system is influenced by factors such as the desired resolution, field of view, 

spectral range, and environmental conditions within the greenhouse [15]. 
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3.2 Pre-processing Techniques for Greenhouse Images 

Pre-processing techniques are essential for enhancing the quality of greenhouse images 

and preparing them for further analysis. These techniques address common challenges such as 

noise, illumination variations, color inconsistencies, and geometric distortions. Common pre-

processing steps include image denoising, color calibration, image registration, geometric 

correction, and illumination normalization [16]. Denoising algorithms such as Gaussian 

smoothing or median filtering are employed to remove sensor noise and improve image clarity. 

Color calibration techniques ensure consistency in color representation across different images, 

while image registration algorithms align multiple images to a common reference frame [17]. 

Geometric correction methods address lens distortion and perspective effects, ensuring 

accurate spatial measurements in the images. Illumination normalization techniques adjust for 

variations in lighting conditions, enabling more robust feature extraction and classification 

[18]. 

3.3 Feature Extraction and Selection Methods 

Feature extraction and selection methods play a crucial role in identifying and 

extracting relevant visual features from greenhouse images. These features capture distinctive 

characteristics of fruits and vegetables like texture, shape, color, and spatial arrangement. 

Various feature extraction techniques, including histogram-based descriptors, edge detectors, 

texture analysis algorithms, and region-based segmentation methods, are employed to capture 

different aspects of the visual information [19]. Histogram-based descriptors, such as color 

histograms or gradient histograms, provide global statistics of pixel intensities or gradients 

within the image, capturing broad-scale color or texture information [20]. Edge detectors, such 

as the Canny edge detector or the Sobel operator, identify abrupt changes in pixel intensity, 

highlighting object boundaries and structural features. Texture analysis algorithms, such as 

Gabor filters or local binary patterns (LBP), characterize the spatial arrangement of pixel 

intensities, capturing fine-scale texture patterns [21]. Region-based segmentation methods, 

such as watershed segmentation or mean-shift clustering, partition the image into homogeneous 

regions based on pixel similarity, enabling the extraction of object-specific features [22]. 

Feature selection techniques aim to reduce the dimensionality of the feature space and 

focus on the most discriminative features for fruit and vegetable identification. Common 
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feature selection methods include wrapper, filter and embedded methods. Filter methods 

analyse the relevance of each feature in a classification algorithm by considering statistical 

features such as correlation coefficients or mutual information scores to select the most 

informative features. Wrapper methods analyse feature subsets by training and also testing the 

classification performance of a specific classifier, iterating over different feature combinations 

to identify the optimal subset. Embedded methods integrate feature selection directly for 

optimizing feature weights or selection criteria during model training [23]. The comprehensive 

illustration of all the methods are given in Figure 2. 

 

Figure 2. Comprehensive Overview of the Technologies used in Real-Time Fruits 

and Vegetables Monitoring 
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Overall, the integration of computer vision and deep learning in greenhouse 

management has revolutionized how we monitor and manage plant growth, classify ripeness,  

detect diseases, and identify flowers and fruits. These technologies not only enhance the 

efficiency of agricultural practices but also contribute to higher yield and better quality of 

produce. 

3.4 Classification Algorithms for Fruit and Vegetable Identification 

Classification algorithms are essential for assigning a label or category to greenhouse 

images based on the extracted features. These algorithms aim to learn discriminative patterns 

from the training data and generalize to classify unseen images accurately. In the context of 

fruit and vegetable identification, a variety of machine learning and deep learning algorithms 

are employed, ranging from traditional classifiers to sophisticated neural network architectures. 

Traditional machine learning classifiers, such as Naive Bayes classifiers, Support 

Vector Machines (SVMs), and k-Nearest Neighbors (k-NN), have been widely used for fruit 

and vegetable identification tasks. These classifiers learn decision boundaries based on 

handcrafted features extracted from the image data, effectively separating different classes in 

the feature space. Support Vector Machines (SVMs) seek to find the hyperplane that maximally 

separates the classes in the feature space, while Random Forests construct an ensemble of 

decision trees to perform classification based on feature subsets. k-Nearest Neighbors (k-NN) 

classify a test sample by a majority vote of its k nearest neighbors in the feature space, while 

Naive Bayes classifiers model the conditional probability distribution of each class given the 

feature values. 

Deep learning architectures have shown significant performance in fruits and 

vegetables identification tasks, leveraging hierarchical feature representations learned directly 

from raw image data. Convolutional Neural Networks (CNNs) consist of multiple layers of 

convolutional, pooling, and fully connected layers, enabling the automatic extraction of 

hierarchical features from input images. These architectures learn to capture complex spatial 

patterns and relationships within the image data, allowing for highly discriminative feature 

representations. Transfer learning techniques, such as fine-tuning pre-trained CNN models on 

domain-specific datasets, further enhance the performance of CNN-based classifiers, 

leveraging knowledge learned from large-scale image datasets. Other deep learning 
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architectures, such as LSTM, RNN can also be employed for sequential data processing tasks, 

such as fruit ripeness prediction or disease progression tracking. These classification 

algorithms are trained on annotated datasets containing examples of different fruit and 

vegetable classes, enabling them to generalize and accurately classify unseen images. 

Evaluation metrics such as accuracy, recall and precision are used to assess the performance of 

the classification algorithms and compare different approaches. Additionally, techniques such 

as cross-validation and hyperparameter tuning are used to optimize the performance of the 

classifiers and ensure robustness to variations in the input data. 

A range of machine learning and deep learning algorithms have been successfully 

applied to fruit and vegetable identification and classification. In [24], researchers have 

achieved high accuracy in classifying apple varieties using a combination of deep features and 

traditional machine learning models. Similarly, some researchers [25] have developed a deep 

learning-based system that accurately classified fruits and vegetables and assessed their 

ripeness. In [26], researchers have conducted a systematic literature review on the application 

of deep learning for fig fruit detection and counting, finding that deep learning algorithms 

consistently achieved high performance. The methodology proposed in [27] is a cost-effective 

method using a Vector Network Analyzer and machine learning for fruit identification and 

ripeness grading, achieving high classification accuracy. These studies collectively 

demonstrate the effectiveness of machine learning and deep learning in fruit and vegetable 

identification and classification as illustrated  in Table 1. Figure 3 depicts the comparison of 

efficiency of different techniques for fruits and vegetables identification. 

Table 1.  Comparative Study 

Refer

ences 

Dataset Used Algorithms Used Main Findings Limitations 

[24] Manual dataset 

collected from the 

Ministry of 

Agriculture and Fruit 

Research Institute of 

the Republic of 

Turkey. 

Transfer learning 

with seven popular 

CNN architectures, 

DenseNet201, 

deep features 

extraction, 

traditional ML 

models (SVM, 

RFC, MLP, KNN), 

SVM has 

outperformed 

all other models 

with an 

accuracy of 

98.28%  

Variability within 

classes leads to 

misclassifications. 

The study has bot 

addressed 

ripening stage 

during data 

collection 
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integration of deep 

features, MLP, 

PCA and SVM 

[25] Includes 32 classes 

of fruits and 

vegetables. Datasets 

from Kaggle were 

utilized. 

MobileNetV2 Attained 

classification 

accuracy of 

96% 

Limited data and 

inability to detect 

damaged, 

obstructed, or 

poorly 

illuminated fruits 

and vegetables.  

[26] The dataset includes 

public datasets like 

MS COCO, 

ImageNet, Kaggle 

dataset, and 

Roboflow, as well as 

personal datasets 

manually collected at 

the orchard. 

Faster RCNN, 

Mask RCNN, 

YOLO, SSD 

RCNN has 

attained a 

highest 

accuracy of 

86% 

Limited dataset 

availability. No 

proper datasets 

available for 

classifying fig 

fruits. 

[27] Used two different 

datasets of five types 

of fruits. 

K-Nearest 

Neighbour (KNN) 

and Neural 

Network model 

The model has 

achieved a 

classification 

accuracy of 

94% 

The model is not 

effective on a 

larger scale when 

considering more 

diverse types of 

fruits. 

[28] Dataset 1: 12,000 

images of various 

fruits and vegetables; 

Dataset 2: 13,346 

images of apple, 

orange, and banana; 

Dataset 3: 3,200 

images of multiple 

fruit classes 

Deep Convolution 

Neural Networks 

(DCNN), softmax 

classifier, AlexNet 

The proposed 

model has 

achieved highly 

favorable 

results of about 

92%, 93.5%, 

97% on all 

three datasets. 

Difficulty in fruit 

classification due 

to shape, color, 

and texture 

similarities 

among different 

fruit species, 

variations in fruit 

conditions, and 

maturity phases 
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[29] The dataset used in 

the study includes 

1200 images of six 

different types of 

fruits and vegetables: 

apple, banana, 

orange, tomato, 

capsicum, and bitter 

gourd 

Yolov4 and 

Yolov5 

A classification 

accuracy of 

95.9% for 

Yolov4 and 

99.9% for 

Yolov5 has 

been achieved. 

The study only 

focused on six 

types of fruits and 

vegetables, 

limiting 

generalizability 

[3] The dataset is 

retrieved manually 

and collected from 

Kaggle Database 

Deep learning 

model: Inception-

ResNet-V2, 

Machine learning 

classifiers 

ResNetV2 has 

achieved an 

accuracy of 

94%. 

The hybrid 

procedure 

increases the 

computing time 

 

 

Figure 3. Efficiency of Different Techniques for Fruits and Vegetables Identification 

 Challenges 

Greenhouse image acquisition systems face several challenges, primarily related to 

maintaining high-quality and consistent image capture amidst varying environmental 

conditions. Choosing the appropriate imaging device, whether digital, hyperspectral, or 

multispectral, is critical and depends on specific application requirements like resolution and 

spectral range. Moreover, ensuring comprehensive coverage necessitates a mix of stationary 

cameras and mobile robotic platforms, each with unique logistical challenges. Pre-processing 
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techniques further add to the complexity by addressing noise, illumination variations, and 

geometric distortions. Effective image denoising, color calibration, image registration, and 

geometric correction are essential for enhancing image clarity and accuracy. Additionally, 

illumination normalization is crucial for consistent feature extraction and classification, 

demanding robust and adaptive pre-processing methods. 

The extraction and selection of relevant features from greenhouse images involves 

balancing the comprehensive visual information and reducing redundancy. Techniques such as 

histogram-based descriptors, edge detectors, and texture analysis algorithms must be employed 

strategically to extract diverse features like shape, texture, and color. Dimensionality reduction 

through filter, wrapper, and embedded methods is necessary to focus on the most discriminative 

features for effective classification. The selection of traditional classifiers (e.g., SVM, Random 

Forest) and deep learning architectures (e.g., CNNs) depends on the dataset and specific use 

case. The algorithms developed should be generalized well to unseen images and optimizing 

them through cross-validation and hyperparameter tuning remains as significant challenges. 

Additionally, the limited dataset availability and class variability can delay model performance, 

emphasizing the need for scalable, efficient, and adaptable solutions in diverse greenhouse 

environments. 

 Conclusion 

This study has the integration of advanced imaging systems and machine learning 

algorithms for the monitoring and management of crops in greenhouse environments. This 

comprehensive analysis covers the critical aspects of image acquisition, pre-processing, feature 

extraction, selection methods, and classification algorithms. The challenges identified highlight 

the complexity of maintaining high-quality image capture and the need for robust pre-

processing techniques to handle environmental variations and distortions. Furthermore, the 

research investigation into feature extraction and classification reveals the importance of 

selecting appropriate methods to ensure accurate identification and classification of fruits and 

vegetables. While traditional machine learning models offer valuable insights, the performance 

of deep learning architectures, particularly Convolutional Neural Networks (CNNs) and object 

detection algorithms like YOLOv5 highlights their potential in revolutionizing greenhouse 

management. 
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The research findings reveal that, despite the significant advancements in technology, 

there remain considerable challenges related to data variability, algorithm optimization, and 

scalability. Addressing these challenges is crucial for the practical implementation of these 

technologies in real-time. Future research should focus on developing more adaptable and cost-

effective solutions to enhance the efficiency and accuracy of greenhouse monitoring systems, 

ultimately contributing to higher yields and better-quality produce. 

References 

[1] Wu, Bingfang, Miao Zhang, Hongwei Zeng, Fuyou Tian, Andries B. Potgieter, Xingli 

Qin, Nana Yan et al. "Challenges and opportunities in remote sensing-based crop 

monitoring: A review." National Science Review 10, no. 4 (2023): nwac290. 

[2] Akbar, Jalal Uddin Md, Syafiq Fauzi Kamarulzaman, Abu Jafar Md Muzahid, Md 

Arafatur Rahman, and Mueen Uddin. "A Comprehensive Review on Deep Learning 

Assisted Computer Vision Techniques for Smart Greenhouse Agriculture." IEEE 

Access (2024). 

[3] Palumbo, Michela, Maria Cefola, Bernardo Pace, Giovanni Attolico, and Giancarlo 

Colelli. "Computer vision system based on conventional imaging for non-destructively 

evaluating quality attributes in fresh and packaged fruit and vegetables." Postharvest 

Biology and Technology 200 (2023): 112332. 

[4] Qu, Xiaoyun, Yaping Hu, Chenggang Xu, Yue Li, Lin Zhang, Qiao Huang, Sareh Sadat 

Moshirian-Farahi et al. "Optical sensors of volatile organic compounds for non-

invasive diagnosis of diseases." Chemical Engineering Journal (2024): 149804. 

[5] Min, Weiqing, Zhiling Wang, Jiahao Yang, Chunlin Liu, and Shuqiang Jiang. "Vision-

based fruit recognition via multi-scale attention CNN." Computers and Electronics in 

Agriculture 210 (2023): 107911. 

[6] Wijaya, Nurhadi, Sri Hasta Mulyani, and Yussy Wahyu Anggraini. "DeepFruits: 

efficient citrus type classification using the CNN." Iran Journal of Computer Science 6, 

no. 1 (2023): 21-27. 



Computer Vision based Greenhouse Fruits and Vegetables Identification – A Review 

ISSN: 2582-4252  302 

 

 

[7] Latif, Ghazanfar, Nazeeruddin Mohammad, and Jaafar Alghazo. "DeepFruit: A dataset 

of fruit images for fruit classification and calories calculation." Data in Brief 50 (2023): 

109524. 

[8] Chithambarathanu, M., and M. K. Jeyakumar. "Survey on crop pest detection using 

deep learning and machine learning approaches." Multimedia Tools and 

Applications 82, no. 27 (2023): 42277-42310. 

[9] Shoaib, Muhammad, Babar Shah, Shaker Ei-Sappagh, Akhtar Ali, Asad Ullah, Fayadh 

Alenezi, Tsanko Gechev, Tariq Hussain, and Farman Ali. "An advanced deep learning 

models-based plant disease detection: A review of recent research." Frontiers in Plant 

Science 14 (2023): 1158933. 

[10] Saedi, Seyed Iman, and Mehdi Rezaei. "A Modified Xception Deep Learning Model 

for Automatic Sorting of Olives Based on Ripening Stages." Inventions 9, no. 1 (2023): 

6. 

[11] Xiao, Feng, Haibin Wang, Yaoxiang Li, Ying Cao, Xiaomeng Lv, and Guangfei Xu. 

"Object detection and recognition techniques based on digital image processing and 

traditional machine learning for fruit and vegetable harvesting robots: an overview and 

review." Agronomy 13, no. 3 (2023): 639. 

[12] Akbar, Jalal Uddin Md, Syafiq Fauzi Kamarulzaman, Abu Jafar Md Muzahid, Md 

Arafatur Rahman, and Mueen Uddin. "A Comprehensive Review on Deep Learning 

Assisted Computer Vision Techniques for Smart Greenhouse Agriculture." IEEE 

Access (2024). 

[13] Yu, Feng, Qian Zhang, Jun Xiao, Yuntao Ma, Ming Wang, Rupeng Luan, Xin Liu et 

al. "Progress in the Application of CNN-Based Image Classification and Recognition 

in Whole Crop Growth Cycles." Remote Sensing 15, no. 12 (2023): 2988. 

[14] Petropoulou, Anna Selini, Bart van Marrewijk, Feije de Zwart, Anne Elings, Monique 

Bijlaard, Tim van Daalen, Guido Jansen, and Silke Hemming. "Lettuce production in 

intelligent greenhouses—3D imaging and computer vision for plant spacing 

decisions." Sensors 23, no. 6 (2023): 2929. 



                                                                                                                                                                                                                              Sathish Shankar T.A 

Journal of Innovative Image Processing, September 2024, Volume 6, Issue 3  303 

 

[15] Rapado-Rincón, David, Eldert J. van Henten, and Gert Kootstra. "Development and 

evaluation of automated localisation and reconstruction of all fruits on tomato plants in 

a greenhouse based on multi-view perception and 3D multi-object 

tracking." Biosystems Engineering 231 (2023): 78-91. 

[16] Yang, Danni, Huijun Yang, Dongfeng Liu, and Xianlin Wang. "Research on automatic 

3D reconstruction of plant phenotype based on Multi-View images." Computers and 

Electronics in Agriculture 220 (2024): 108866. 

[17] Stamford, John D., Silvere Vialet-Chabrand, Iain Cameron, and Tracy Lawson. 

"Development of an accurate low cost NDVI imaging system for assessing plant 

health." Plant Methods 19, no. 1 (2023): 9. 

[18] Veettil, Bijeesh Kozhikkodan, Dong Doan Van, Ngo Xuan Quang, and Pham Ngoc 

Hoai. "Remote sensing of plastic‐covered greenhouses and plastic‐mulched farmlands: 

Current trends and future perspectives." Land Degradation & Development 34, no. 3 

(2023): 591-609. 

[19] Raj, E. Fantin Irudaya, and M. Balaji. "Shape Feature Extraction Techniques for 

Computer Vision Applications." In Smart Computer Vision, pp. 81-102. Cham: 

Springer International Publishing, 2023. 

[20] Okyere, Frank Gyan, Daniel Cudjoe, Pouria Sadeghi-Tehran, Nicolas Virlet, Andrew 

B. Riche, March Castle, Latifa Greche et al. "Machine learning methods for automatic 

segmentation of images of field-and glasshouse-based plants for high-throughput 

phenotyping." Plants 12, no. 10 (2023): 2035. 

[21] Acharki, Siham, Bijeesh Kozhikkodan Veettil, and Marco Vizzari. "Plastic-covered 

greenhouses mapping in Morocco with Google Earth engine: Comparing Sentinel-2 

and Landsat-8 data using pixel-and object-based methods." Remote Sensing 

Applications: Society and Environment 34 (2024): 101158. 

[22] Cong, Peichao, Shanda Li, Jiachao Zhou, Kunfeng Lv, and Hao Feng. "Research on 

instance segmentation algorithm of greenhouse sweet pepper detection based on 

improved mask RCNN." Agronomy 13, no. 1 (2023): 196. 



Computer Vision based Greenhouse Fruits and Vegetables Identification – A Review 

ISSN: 2582-4252  304 

 

 

[23] VE, Sathishkumar, and Yongyun Cho. "Mrmr-eho-based feature selection algorithm 

for regression modelling." Tehnički vjesnik 30, no. 2 (2023): 574-583. 

[24] Taner, Alper, Mahtem Teweldemedhin Mengstu, Kemal Çağatay Selvi, Hüseyin 

Duran, İbrahim Gür, and Nicoleta Ungureanu. "Apple Varieties Classification Using 

Deep Features and Machine Learning." Agriculture 14, no. 2 (2024): 252. 

[25] Tapia-Mendez, Enoc, Irving A. Cruz-Albarran, Saul Tovar-Arriaga, and Luis A. 

Morales-Hernandez. "Deep Learning-Based Method for Classification and Ripeness 

Assessment of Fruits and Vegetables." Applied Sciences 13, no. 22 (2023): 12504. 

[26] Kamaruzaman, Ahmad Shukri Firdhaus, Adi Izhar Che Ani, Mohammad Afiq Hamdani 

Mohammad Farid, Siti Juliana Abu Bakar, Mohd Ikmal Fitri Maruzuki, Samsul 

Setumin, and Mokh Sholihul Hadi. "Systematic literature review: application of deep 

learning processing technique for fig fruit detection and counting." Bulletin of 

Electrical Engineering and Informatics 12, no. 2 (2023): 1078-1091. 

[27] Tran, Van Lic, Thi Ngoc Canh Doan, Fabien Ferrero, Trinh Le Huy, and Nhan Le-

Thanh. "The novel combination of nano vector network analyzer and machine learning 

for fruit identification and ripeness grading." Sensors 23, no. 2 (2023): 952. 

[28] Amin, Umer, Muhammad Imran Shahzad, Aamir Shahzad, Mohsin Shahzad, Uzair 

Khan, and Zahid Mahmood. "Automatic fruits freshness classification using CNN and 

transfer learning." Applied Sciences 13, no. 14 (2023): 8087. 

[29] Reddy, M. Sai Sree Akshitha, and N. Aishwarya. "A Deep Learning Approach to 

Identify Fresh and Stale Fruits and Vegetables with YOLO." In 2023 International 

Conference on Advances in Electronics, Communication, Computing and Intelligent 

Information Systems (ICAECIS), Bangalore, India. IEEE, 2023. 606-610 

[30] Zahra, Unber, Muhammad Attique Khan, Majed Alhaisoni, Areej Alasiry, Mehrez 

Marzougui, and Anum Masood. "An integrated framework of two-stream deep learning 

models optimal information fusion for fruits disease recognition." IEEE Journal of 

Selected Topics in Applied Earth Observations and Remote Sensing (2023). 


