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Over the years, agricultural production in India has consistently increased. There remains a 

substantial gap between per capita demand and supply due to losses, including those incurred 

during post-harvest processing. Research in cutting-edge technologies, such as computer vi-

sion and artificial intelligence, has significantly improved fruit quality evaluation in recent 

years. Fruits quality evaluation by humans is an expensive and time-consuming task. Sapota 

fruit is a source of income for people living in tropical regions. However, having a short post-

harvest life and a lack of human resources result in high post-harvest losses in the case of 

Sapota fruit production. Fruit grading using technology can resolve related issues. This work 

presents an innovative Convolutional Neural Network (CNN) model tailored for the precise 

grading of Sapota fruit. The proposed CNN model SapotaNet accurately grades Sapota fruit, 

significantly reducing the need for manual inspection and lowering post-harvest losses. This 

technology-driven approach offers improved efficiency, consistent grading, and higher-qual-

ity output in commercial Sapota production. Since no prevailing database exists for Sapota 

fruit, a new dedicated database has been created, and a comparative assessment has been un-

dertaken, evaluating knowledge transfer models, as well as our proposed lightweight Sapota-

Net model. A total of 3,400 Sapota fruit images are assessed for Sapota fruit grading. In our 

experimental evaluations, our proposed model, SapotaNet, exhibited higher testing accuracy 

and the least inference time per Sapota fruit among all models assessed. 
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1. Introduction 

India is an agricultural country, and agriculture-related activities are a vital source of livelihood for 

millions of people in rural India. The country has huge export potential for fruits and vegetables. However, 

due to a lack of adequate processing facilities, labor shortages, a cold chain, and inadequate storage facili-

ties, problems persist regarding fruit wastage in exports, transportation, and marketing. In India, Sapota 

fruit is mainly grown in Gujarat, Maharashtra, Karnataka, West Bengal, Tamil Nadu, Andhra Pradesh, and 

other parts of the country [1]. In certain regions of India, the Sapota fruit is also known as Chikoo. Sapota 
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fruit is a nutritious tropical fruit that serves as a food source and income for many people in tropical coun-

tries. Sapota fruit is available around the year, but the main season of Sapota fruit is between November 

and February. Sapota fruit is cultivated in various varieties like Cricket Ball, Kalipatti, Pala, Guthi, Kirti 

Bairathi, etc. [2]. Kalipatti is a variety that is most widely grown in Gujarat, India. 

The purpose of grading fruit according to color, textures, etc. parameters is to improve product qual-

ity, export, and yield [3]. According to the first advance estimation report by Agri Exchange Apeda, Gujarat 

state in India produced the most Sapota fruit in 2021–2022, with 273.83 tonnes of production [1]. The first 

advance estimation report of Sapota fruit production is shown in Figure 1. Color similarity, texture similar-

ity, and seasonal effect are challenges in grading Sapota fruits. Instead of using only traditional machine 

learning algorithms for grading, other cutting-edge algorithms were tested to improve the outcome [4]. 

 

Figure 1. Sapota fruit production in the year 2021-22 in various states of India [1]  

The study conducted for this research is on the raw form of Sapota fruit. The main objectives of this 

research work are (a) The creation of a comprehensive, robust dataset of harvested Sapota fruit and (b) 

Grade the Sapota fruit into fresh and spoiled categories using various Deep-learning models. 

The significant contributions of this paper are as follows:  

• This work proposes state-of-the-art Deep learning models for grading Sapota fruit into Fresh and spoiled 

quality.  

• This work is a part of the initiative to develop the first-ever dataset solely dedicated to Sapota fruit 

images. To the best of our knowledge, no such specific dedicated dataset of Sapota fruit images has been 

created to date.  

• A knowledge transfer approach is applied for Sapota fruit grading, transitioning from shallow to deep 

model architectures. The process is complemented by fully connected layers, utilizing pre-trained mod-

els such as VGG16, VGG19, InceptionV3, DenseNet121, and Xception as feature extractors. 
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• Following the success of knowledge transfer models, a novel SapotaNet model, specifically tailored for 

Sapota fruits, offers fewer parameters and a simpler design than existing models while still delivering 

high accuracy. 

The rest of the paper contains related work, materials and methods, results and discussion, conclusion, 

and future scope. 

2. Literature Review 

Incorporating artificial intelligence (AI) into the health sector and agriculture domains has fundamen-

tally transformed data processing and operational efficiency [4, 5]. A clean and well-structured dataset is a 

fundamental prerequisite for developing reliable and accurate AI models in real-time environments [6]. 

Visual features and shape features are frequently used to categorize fruits and vegetables. In agriculture, 

the prices of vegetables and fruits vary according to their quality. Classification algorithms are applied to 

extract knowledge bases that subsequently decide to grade the fruits and vegetables for unknown cases.  

In computer vision systems, a wide variety of techniques, including Artificial Neural Networks 

(ANN), K-Nearest Neighbor (KNN), Support Vector Machine (SVM), and Convolutional Neural Networks 

(CNN), have been developed for fruit quality assessment classification [6, 7]. Transfer learning for fruit 

classification using deep convolutional neural networks achieves good accuracy [8, 9]. Machine learning 

models were assessed for mango grading and sorting. To improve performance, ensemble techniques such 

as bagging, boosting, and stacking were implemented, yielding a stacking ensemble model with 98.63% 

accuracy [10].  

For Rice diseases, classification includes individual CNNs, Transfer learning, and ensemble models. 

Compared to the standard Seresnext101 model, a transfer learning approach using Seresnext101 boosted 

accuracy by 17%. The ensemble model with DenseNet121, EfficientNetB7, and Xception architectures 

(DEX) achieved the best performance, reaching an accuracy of 98% [11]. Transfer learning for different 

varieties of apples, evaluated across all DenseNet201 models, yielded the best classification accuracy at 

97.48%. Deep features from DenseNet201 are utilized and trained in several traditional machine learning 

models, where SVM performed best, achieving an accuracy of 98.28%.  

The effect of dimensionality reduction on classification performance, utilizing deep features, princi-

pal component analysis (PCA), and machine learning (ML) models, was investigated. MLP achieved an 
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accuracy of 99.77%, outperforming SVM (99.08%), RFC (99.54%), and KNN (91.63%) [12]. The maturity 

of papaya fruit is classified using a machine learning and transfer learning approach, where weighted k-NN 

with the histogram of gradients and VGG19 achieves 100% accuracy [13]. The author developed a light-

weight cotton ball segmentation approach for harvesting purposes using CNN Models with an accuracy of 

more than 90% [14].  

A knowledge transfer-based model and vision transformers were used to evaluate the health status of 

cacti. The proposed model-based Visual image Transformer (ViT) achieved a high accuracy of 88.73% 

[15]. The YOLOv8–Transformer model can, on average, accurately classify the quality grades of cashew 

nuts based on their images with a precision of 98.4% [16].  

In VGG models, convolution layers mostly use 3×3 filters with a stride of 1 and padding of 1, which 

aid in preserving spatial information. Max-pooling layers reduce the size of the feature maps, and fully 

connected layers are responsible for classification based on the extracted features. VGG16 and VGG19 are 

easier to understand and implement due to their simple and uniform architecture [17]. Inception V3 com-

bines various-sized convolutional filters and inception modules to achieve high accuracy in image classifi-

cation with fewer parameters, making it both efficient and effective [18].  

Xception architecture is crucial in computer vision tasks by offering state-of-the-art performance with 

a highly efficient deep learning model. Each layer in a dense net has a direct feed-forward connection to 

every other layer [19]. Compared to conventional CNNs, this connectivity pattern reduces the number of 

required parameters. DenseNet121 is a network with 121 layers organized into four dense blocks. Each 

dense block is made up of densely connected convolution layers. The transition layer in DenseNet-121 

effectively utilizes techniques such as batch normalization, 1x1 convolution, and average pooling to man-

age computational load efficiently while preserving key features in the model's design. These modules 

enable the model to learn intricate patterns and record data at various scales. The dense connectivity prin-

ciple is used by DenseNet121 [20]. The DenseNet121 model is consequently more parameter efficient. 

3. Materials and Methods 

3.1. Experimental Setup 

This experiment utilizes a Lenovo Legion 5 Pro laptop (32 GB RAM, 1 TB SSD, Windows 11 Home, 

and Nvidia RTX 3070 8 GB GPU) with a Jupyter Notebook environment. 
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3.2. Image Acquisition 

This proposed work considers the Kalipatti variety of Sapota fruit for grading. Kalipatti variety of 

Sapota is mainly grown in Gujarat. Between November 2022 and February 2023, already-graded Sapota 

fruits were collected from expert farmers in the Navsari district of Gujarat, India. In the context provided, 

'graded' signifies categorization according to their freshness status, distinguishing between fresh and spoiled 

specimens. This work creates a new dataset encompassing diverse attributes of Sapota fruit. Sapota fruit 

images are captured on a test bench comprising a white background during daylight hours. A Realme X 

mobile phone camera with a 48-megapixel lens was used to capture the images. The camera position was 

fixed, and shots were captured from various angles by shifting the fruit's position. A summary of the Sapota 

fruit sample collection is given in Table 1. 

Table 1. Sapota fruit sample collection details 

Sr. No. Particular Description 

1 Fruit Name Sapota 

2 Variety Kalipatti 

3 Region and year Navsari, Gujarat, India 2022-2023 

4 Grading Fresh Fruit and Spoiled Fruit 

5 Camera specification 
Device Name - Realme X Mobile phone 

Camera - 48 MP, Dimension - 4000x3000 pixels 

A total of 3400 images are used for model examinations. 1700 images of Fresh Sapota fruit and 1700 

Spoiled Sapota fruits are considered for grading. Further, 1360 training and 340 testing images are consid-

ered in each category. Figure 2 illustrates the conventional method where workers manually grade the Sa-

pota fruits. Table 2 shows the grade distribution of Sapota fruit. 

 
Figure 2. Typical scenario presenting the manual process of grading Sapota fruits by workers 
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Table 2. Grade distribution of the Sapota fruit based on visual description  

Sr. No. Particular 
Visual Description 

Outer Surface and Color 

1 Grade-I (Fresh Sapota) Brown in color or shades of brown and defect-free surface 

2 Grade-II (Spoiled Sapota) 
Dark brown in color or Shades of brown, and scratches can be seen on the surface. 

White and Black spots on the surface. 

3.3. Workflow for Sapota Fruit Grading Process 

The workflow is initiated by collecting harvested Sapota fruits from the field. Subsequently, each 

graded Sapota by the expert farmer is passed through an image acquisition stage, followed by preprocessing 

stages, to enhance the image quality. Following preprocessing, the dataset is divided into an 80-20 split, 

with 80% reserved for training and 20% for testing, ensuring a balanced and representative distribution for 

robust model evaluation. The developed model is adeptly structured to categorize Sapota fruits. A compre-

hensive illustration of this workflow is presented in Figure 3, and sample images of the dataset for fresh 

and spoiled Sapota fruits are shown in Figure 4. 

 

Figure 3. A step-by-step illustration process of Sapota fruit categorization 

Two distinct methodologies were employed for Sapota fruit grading: Knowledge transfer, utilizing a 

pre-trained model, and a novel lightweight network, SapotaNet. Both approaches were evaluated to assess 

their effectiveness in classifying fruit quality. This comparison explored the potential of leveraging existing 

knowledge versus developing specialized architecture. Performance metrics were used to determine the 

efficacy of each method. 
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Figure 4. Sample images of the Sapota fruit dataset: The first row shows Grade-I Fresh Sapota and the 

second row shows Grade-II Spoiled Sapota 

3.4. Knowledge Transfer Approach for Sapota Fruit Grading 

In the Knowledge transfer approach, a model already successfully trained for one application is used 

to train a new model for a similar-looking application [21]. The knowledge transfer approach is the layered 

freezing strategy for using pre-trained models efficiently. The models used for our experimentation with 

the knowledge transfer approach are primarily pre-trained on the ImageNet dataset, which comprises over 

14 million annotated images [22]. A knowledge transfer model was trained and evaluated using a dataset 

of 1360 training images and 340 testing images for each category. Data augmentation techniques are used 

to artificially increase the size and diversity of training datasets. These methods encompass rotations up to 

20 degrees, horizontal mirroring, and fill adjustments. The top layers of knowledge transfer models are also 

referred to as fully connected layers, which categorize input data into distinct categories [23]. 

We can use a particular model as a feature extractor by removing the top layers and freezing weighted 

layers. In the first stage of the proposed work, five pre-trained models, namely, VGG16, VGG19, Incep-

tionV3, DenseNet121, and Xception, are used as feature extractors for the Sapota fruit grading task. Ac-

cording to the type of base model, the images are resized and augmented. Accordingly, layers are frozen 

during the training phase. A pre-trained base model is integrated as the initial layer, followed by a global 

average pooling layer. This is succeeded by a fully connected dense layer with 128 neurons, a dropout layer 

with a rate of 0.5, and another dense layer with 64 neurons, all activated by the ReLU function. Fully 

connected layers are a type of neural network layer characterized by dense connections, where each neuron 

in the layer connects to every neuron in the preceding and following layers. They play an important role in 

traditional CNNs for aggregating features and performing classification. The output layer is designed with 

a dense layer featuring two neurons corresponding to the two categories in the dataset. This output layer 
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uses a Sigmoid activation function, enabling the categorization task. For optimization, the model employs 

the Adam optimizer with a learning rate of 0.001 and utilizes binary cross-entropy as the loss function to 

effectively optimize the training process for the Binary-class classification problem. The grading approach 

for Sapota fruit, contrasting the knowledge transfer method with the proposed SapotaNet methodology, is 

illustrated in Figure 5 

 

Figure 5. Sequential procedure for the grading of Sapota fruits using knowledge transfer techniques and 

the innovative SapotaNet model 

3.5. Proposed Model SapotaNet for Sapota Fruit Grading 

3.5.1. Image Preprocessing and Augmentation  

In the presented methodology, the input images were resized to a dimension of 224×224×3 and sub-

sequently normalized. Resizing standardized image dimensions is a requirement for many machine-learn-

ing models. This also offers computational benefits by reducing the amount of data that needs to be pro-

cessed. Normalization scales pixel intensities to a consistent range, frequently from 0 to 1. This scaling 

improves model training by promoting faster convergence, enhancing numerical stability, and performing 

better generalization to unseen data. Normalization prevents features with inherently larger values from 

disproportionately influencing the learning process. Image augmentation methods enhanced the model's 

resilience and data diversity. These methods include rotations up to 20 degrees, horizontal mirroring, and 

fill adjustments. 
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3.5.2. Identification Model 

The model begins with a convolutional layer employing a ReLU activation function, utilizing eight 

filters of size 3×3 with a stride of 2× 2 and the same padding. This is followed by a depth-wise convolutional 

layer that uses a 3×3 filter and has a stride of 1x1, maintaining the same spatial dimensions due to the 'same' 

padding. It is followed by a pointwise convolutional layer with 32 filters of size 1x1, also with 'same' pad-

ding. After that, both convolutional layers are activated using the ReLU function. The block concludes with 

a max-pooling layer with a pool size of 2×2 and a stride of 2×2. Subsequently, a third convolutional layer 

with 64 filters of size 3×3 and stride 1x1, activated by the ReLU function, is added to the architecture, 

followed by another max-pooling layer with a pool size of 2×2 with stride 2×2. Further layers include a 

flattening layer to transform the 2D feature maps into a 1D vector, followed by a fully connected dense 

layer comprising 128 neurons activated by the ReLU function. A dropout layer with a rate of 0.2 is intro-

duced to enhance model generalization by randomly setting 20 percent of the input units forced to zero 

during training. This is succeeded by another dense layer with 64 neurons and a ReLU activation function. 

The output layer is designed with a dense layer featuring two neurons corresponding to the two categories 

in the dataset and utilizes a Sigmoid activation. Figure 6 illustrates the architecture of the proposed model- 

SapotaNet.  

 

Figure 6. Proposed model-SapotaNet: A lightweight architecture for Sapota fruit grading 

The model is trained using the Adam optimizer with a learning rate of 0.001 and adopts binary cross-

entropy as the loss function to optimize the training process effectively. Table 3 outlines the training pa-

rameters for the proposed SapotaNet model compared to the Knowledge Transfer models. The convolu-

tional layer in neural networks captures features from input data. Activation functions introduce non-linear 
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elements, enhancing the network's ability to recognize intricate patterns. Max-pooling diminishes compu-

tational load and emphasizes essential features, enhancing the network's adaptability to input fluctuations. 

Table 3. Training parameters of proposed model-SapotaNet and knowledge transfer models 

Parameters Proposed model-SapotaNet Knowledge transfer-based models 

Optimizer  Adam Adam 

Learning Rate 0.001 0.001 

Loss Binary cross entropy loss Binary cross entropy loss 

Batch size and Epoch 32 and 10 32 and 10 

Dropout rate 0.2 0.5 

Classifiers Sigmoid Sigmoid 

Train-Test Split 80-20 80-20 

A fully connected layer, commonly referred to as a dense layer, connects every neuron in the preced-

ing layer, processing input data through weighted sums and activation functions to capture intricate patterns 

that inform final predictions in neural networks. Figure 7 presents a comprehensive summary detailing the 

proposed SapotaNet approach. 

  

Figure 7. Summary of model parameters for proposed SapotaNet 
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4. Results and Discussion 

The proposed work aims to grade Sapota fruit into two categories: Grade-I Fresh Sapota fruit and 

Grade-II spoiled Sapota fruit. In the presented approach to Sapota fruit grading, a transition from simpler 

to more complex model architectures is implemented, leveraging a knowledge transfer strategy. A range of 

pre-trained models serves as feature extraction mechanisms, including VGG-16, VGG-19, InceptionV3, 

DenseNet-121, and Xception. In all these models, fully connected layers were finally appended to each 

architecture to facilitate Sapota fruit grading. After deriving performance evaluations of knowledge trans-

fer-based models, lightweight model architecture fully dedicated to Sapota fruit is conceptualized. A de-

tailed analysis is conducted to evaluate the performance of knowledge transfer-based models and the pro-

posed SapotaNet model. The performance of each model is assessed by considering the maximum accuracy 

achieved during training, training time, testing time, Loss, and parameters. Other evaluation parameters 

considered are the F1 score, Precision, and Recall for model evolution as defined in the equations: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
∗ 100%      (1) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                       (2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
          (3) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =
(2∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙)
       (4) 

Here TP-True Positive, TN-True Negative, FP-False Positive and FN-False Negative.      

Evaluation results, as shown in Table 4 and Table 5, depict that the proposed SapotaNet model out-

performs the knowledge transfer models in terms of all evaluation parameters. 

Table 4. Performance evaluation of knowledge transfer and proposed model SapotaNet for Sapota fruit 

grading 

Model Name 

Maximum 

accuracy during 

training 

Training time  

(seconds) 

Testing 

 accuracy 

Testing 

loss 

Testing time 

(seconds) 

Parameters 

(million) 

VGG16 96.58 186.24 93.97 0.24 2 14.71 

VGG19 96.80 193.45 94.41 0.21 2 23.24 

InceptionV3 99.41 200.71 96.18 0.43 2 28.36 

DenseNet121 99.37 198.04 96.62 0.27 3 13.46 

Xception 99.30 190.60 96.03 0.44 2 33.71 

Proposed Model SapotaNet 99.49 178.47 98.82 0.13 1 6.45 

https://doi.org/10.53898/josse2025520
https://engiscience.com/index.php/josse


SapotaNet: Paving the Way for Efficient Deep Learning with Lightweight Network Architecture   199 
 

 

 
Journal of Studies in Science and Engineering. 2025, 5(1), 188-204. https://doi.org/10.53898/josse2025520 https://engiscience.com/index.php/josse 

Table 5. F1 Score, Precision, Recall of knowledge transfer, and proposed model SapotaNet for Sapota fruit 

grading 

Model Name F1 score Precision Recall 

VGG16 93.97 93.98 93.97 

VGG19 94.41 94.41 94.41 

InceptionV3 96.17 96.19 96.17 

DenseNet121 96.61 96.62 96.61 

Xception 96.02 96.04 96.02 

Proposed Model SapotaNet 98.82 98.85 98.82 

In the designed SapotaNet model, rigorous testing resulted in an impressive accuracy of 98.82%. This 

high performance was achieved while maintaining a relatively lightweight architecture of approximately 

6.45 million parameters. Depth-wise separable convolution merges depth-wise and pointwise convolutions, 

processing spatial and channel details independently [24]. This method offers computational efficiency, 

resulting in faster training and inference without compromising model accuracy. The same padding pre-

serves the spatial dimensions, allowing the model to maintain spatial information as it progresses through 

the layers. To mitigate potential overfitting issues, dropout regularization was incorporated within the 

model architecture. This regularization technique enhances the model's generalization capability by pre-

venting the co-adaptation of feature detectors, thereby promoting robust performance on unseen data. This 

high level of accuracy of the SapotaNet model underscores the model's effectiveness in accurately catego-

rizing Sapota fruits based on the defined criteria. The proposed SapotaNet model outperforms other 

knowledge transfer approaches, achieving peak accuracy while reducing computational time and parame-

ters. This efficiency renders it lightweight, making it particularly suitable for deployment in mobile appli-

cations and resource-constrained hardware environments [24, 25]. Exposing models to images captured 

under diverse lighting conditions, including natural light, enhances their robustness and generalization per-

formance by fostering adaptability to real-world environments. 

Figures 8 and 9 illustrate the progression of our CNN model's learning using two key metrics: Accu-

racy, which represents the percentage of correctly predicted samples, and Loss, quantified by the binary 

cross-entropy loss function, plotted against the number of epochs. The visual representation highlights a 

consistent improvement in training and validation accuracy, accompanied by a decrease in loss as the 

epochs progress. SapotaNet is a lightweight Convolutional Neural Network (CNN) designed to efficiently 

and accurately classify Sapota fruits as fresh or spoiled. This specialized model uses simplified architecture 
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with fewer parameters than larger, general-purpose CNNs. This makes it computationally efficient, allow-

ing for rapid inference and eliminating the need for manual inspection in commercial Sapota grading. 

SapotaNet's design addresses the specific challenges of Sapota fruit classification, such as variations in 

shape, color, and spoilage patterns, while maintaining high accuracy. Several methods can be used to design 

more lightweight models, including pruning, knowledge distillation, neural architecture search, and com-

binations of these techniques. 

 

Figure 8. The progress of our model's learning process through training accuracy, representing the percent-

age of correctly predicted samples 

 

Figure 9. The progress of our model's learning process through training loss 
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Figure 10 depicts the confusion matrix and corresponding classification report for our proposed 

SapotaNet model. The confusion matrix visually represents the true and predicted labels. This allows for 

easy identification of categories where the model performs well and those where it struggles. 

Figure 10. Confusion matrix and classification report of proposed model SapotaNet 

 

Figure 11. Detailed visualization showcasing the Precision, F1 score, and Recall metrics of knowledge 

transfer techniques and the proposed SapotaNet Model 
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Figure 11 compares Precision, F1 score, and Recall across various knowledge-transfer techniques 

and the proposed SapotaNet model. This visualization underscores SapotaNet's competitive or superior 

performance in capturing class-specific features compared to baseline transfer-learning strategies. The con-

sistently high metrics for SapotaNet validate its architectural enhancements and fine-tuning strategies, em-

phasizing the benefits of our customized design. 

5. Conclusions 

This work makes a significant contribution to the expanding literature on automated fruit grading by 

creating robust datasets for Sapota fruit. A non-destructive grading of the harvested Sapota fruit dataset 

performed well in evaluation with various neural network architectures and depths. Through comparative 

evaluations, shallow and deep networks are assessed on the Sapota fruit dataset to determine optimal per-

formance for real-time grading. Our proposed lightweight SapotaNet model provides low-latency perfor-

mance with high accuracy, making it suitable for mobile and embedded deployments in Sapota fruit grad-

ing. SapotaNet Model's practical implications can be helpful for agricultural sector stakeholders and farm-

ers. On-site grading systems can enhance efficiency and reduce post-harvest losses. This research offers 

scalable, cost-effective solutions for diverse stakeholders in the fruit supply chain, utilizing machine vision. 

Future research can also explore the combination of harvested Sapota fruit with on-tree grading. The Sapota 

fruit can be classified by combining with other fruit varieties.  
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